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Abstract

Background: It is unclear why some physical activity (PA) mobile health (mHealth) interventions successfully promote PA
whereas others do not. One possible explanation is the variety in PA mHealth interventions—not only do interventions differ in
the selection of persuasive strategies but also the design and implementation of persuasive strategies can vary. However, limited
studies have examined the different designs and technical implementations of strategies or explored if they indeed influenced the
effectiveness of the intervention.

Objective: This scoping review sets out to explore the different technical implementations and design characteristics of common
and likely most effective persuasive strategies, namely, goal setting, monitoring, reminders, rewards, sharing, and social comparison.
Furthermore, this review aims to explore whether previous mHealth studies examined the influence of the different design
characteristics and technical operationalizations of common persuasive strategies on the effectiveness of the intervention to
persuade the user to engage in PA.

Methods: An unsystematic snowball and gray literature search was performed to identify the literature that evaluated the
persuasive strategies in experimental trials (eg, randomized controlled trial, pre-post test). Studies were included if they targeted
adults, if they were (partly) delivered by a mobile system, if they reported PA outcomes, if they used an experimental trial, and
when they specifically compared the effect of different designs or implementations of persuasive strategies. The study methods,
implementations, and designs of persuasive strategies, and the study results were systematically extracted from the literature by
the reviewers.

Results: A total of 29 experimental trials were identified. We found a heterogeneity in how the strategies are being implemented
and designed. Moreover, the findings indicated that the implementation and design of the strategy has an influence on the
effectiveness of the PA intervention. For instance, the effectiveness of rewarding was shown to vary between types of rewards;
rewarding goal achievement seems to be more effective than rewarding each step taken. Furthermore, studies comparing different
ways of goal setting suggested that assigning a goal to users might appear to be more effective than letting the user set their own
goal, similar to using adaptively tailored goals as opposed to static generic goals. This study further demonstrates that only a few
studies have examined the influence of different technical implementations on PA behavior.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e16282 | p.5http://mhealth.jmir.org/2021/1/e16282/
(page number not for citation purposes)

Sporrel et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:k.sporrel@uu.nl
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: The different implementations and designs of persuasive strategies in mHealth interventions should be critically
considered when developing such interventions and before drawing conclusions on the effectiveness of the strategy as a whole.
Future efforts are needed to examine which implementations and designs are most effective to improve the translation of
theory-based persuasive strategies into practical delivery forms.

(JMIR Mhealth Uhealth 2021;9(1):e16282)   doi:10.2196/16282

KEYWORDS

mobile health; physical activity; goals; feedback; rewards; reminder systems; social support; adult

Introduction

Physical activity (PA) mobile health (mHealth) interventions,
such as interventions delivered by wearable technologies, SMS
messages, and mobile apps, have potential for supporting PA
behavior [1-5]. Yet, while some PA mHealth interventions
successfully increase PA, others do not [2,6,7], and it is unclear
why this is the case. A possible explanation for this discrepancy
in effectiveness is the various ways in which the persuasive
strategies are being incorporated in PA mHealth interventions
[8].

Persuasive strategies (or behavior change techniques [8]) are
theoretically underpinned elements of interventions, such as
goal setting or rewards, intended to foster a positive behavior
or attitude change toward PA. Over the last decade, several
taxonomies of persuasive strategies have been developed [8-12],
including a taxonomy specifically for PA and dietary
interventions (ie, the CALO-RE taxonomy [9]). These
taxonomies allow for a clear and consistent description of
interventions [13], and they have been frequently adopted for
designing and evaluating interventions for behavior change
[14-18].

Although the persuasive strategies from the taxonomies are
commonly used to inform the study design, they do not contain
a guideline to operationalize the strategies [19-21].
Consequently, the same persuasive strategy can be shaped
differently in different exercise interventions [20,22]. For
instance, the technical implementation of the strategy cue or
prompt [9] can be delivered via a mobile phone as a text or
sound message, by means of a flashing light or even as a
vibration. However, it can also be delivered via an email or an
actual phone call. Furthermore, the design characteristics of the
message can also differ; messages can be framed differently
(eg, positive or negatively framed) [23,24], and the messages
can be short or long and generic or tailored [23,24]. As a result
of these diverse implementations and designs, interventions
might evoke different user responses, even though they use the
same persuasive strategy. This renders it difficult to draw a
conclusion about the effectiveness of the persuasive strategy at
the theoretical level.

Several studies have argued that design characteristics influence
the effectiveness of the strategy, such as the use of different
social media features [25] or the content of messages [23,24].
However, the technical implementation of these strategies has
received little attention so far (eg, the device used or the
accessibility of the strategy). This is surprising, as technical
implementation can influence user experience, usability, and

intervention exposure, which, in turn, likely influences the effect
of the intervention [18,26,27]. Thus far, only one review has
examined whether both design characteristics and technical
implementations could impact the effectiveness of digital
exercise or dietary interventions on the persuasive strategy
feedback [22]. A great variety in implementation forms of
feedback was found, for instance, regarding the accessibility of
feedback (continuous access or daily messages) and the form
of feedback (visual or not). Moreover, the findings indicated
that not all types of feedback were equally effective in changing
PA behavior [22].

Schembre et al [22] limited their study to feedback; however,
other strategies likely face the same diversity in design
characteristics and technical implementations. Therefore, this
scoping review sets out to explore the designs and
implementations of other promising persuasive strategies in
mHealth PA interventions for adults and explores whether
previous mHealth studies examined the influence of the different
design characteristics and technical operationalizations of
common persuasive strategies on the effectiveness of the
intervention to persuade the user to engage in PA. As analyzing
all strategies is beyond the scope of this study, the analysis is
limited to the most common and evidence-based strategies for
PA [7,18], namely, monitoring, goal setting, reminders, rewards,
and 2 social strategies (sharing and social comparison).

Methods

Approach
A nonsystematic literature search was performed to identify
original research papers that examined the selected persuasive
strategies in the context of PA mHealth interventions. A
nonsystematic search was deemed appropriate because the
objective of this study is to gain insights into the various
operationalizations of strategies and their influence on the
effectiveness of the strategy and not to provide a complete
overview of current literature or a list of effective
implementations and characteristics of the strategies. The
PRISMA ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses Extension for Scoping Reviews)
criteria were used to guide the reporting of the methods and
findings (Multimedia Appendix 1) [28]. The protocol for this
review was not registered.

Search Strategy and Study Selection
Most papers were identified by checking the references of
(recent) reviews in the same field and in the author’s personal
libraries. As the research team is multidisciplinary, papers from
the fields of behavior change, computer science, and
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gamification were included. When interesting papers were
identified (either by previous reviews or in the library of
authors), extensive snowball searches were performed (ie, the
references of all interesting papers were checked for other
relevant papers). We extended the snowball search with
additional quick searches in Google Scholar when the initial
search resulted in a small number of studies for a specific
operationalization of a persuasive strategy (eg, sharing
information on social media). The search included terms that
refer to mHealth (eg, mobile devices, PA apps), PA behavior
(eg, exercise, walking, running), the persuasive strategy (eg,
sharing, social media, Facebook, Twitter), and adults. These
additional searches increased the number of identified papers
to a limited extent.

Studies were included if they (1) were (partly) delivered by a
mobile system (eg, pedometer, SMS, mobile app), (2) reported
PA outcomes (self-reported or objectively measured), (3) used
an experimental trial (eg, randomized controlled trial, factorial
design, pretest-posttest design), (4) examined at least one of the
selected persuasive strategies, and (5) described this strategy in
sufficient detail. Finally, (6) studies were only included when
they specifically compared the effect of different designs or
implementations of persuasive strategies. Therefore, papers
were excluded if they only examined the effectiveness of the
intervention as a whole (with multiple strategies). Studies were
also excluded if they targeted children or individuals with a
chronic disease (eg, patients with cardiovascular diseases, mental
disorders, etc), as these target groups may have different needs
[26]. There were no restrictions on publication year, sample
size, or study duration.

Data Charting
To systematically analyze the included studies, a data charting
list was developed in multiple review rounds with input from
all coauthors (consistent with the guidelines for writing a
scoping review [29]). The final data chart comprised 3 sections,
namely (1) study characteristics, (2) technical implementations
and design characteristics of persuasive strategies, and (3) study
results (Multimedia Appendix 2). The study characteristics
included information on the methodology of the study and other
factors that can influence study outcomes (ie, characteristics of
the participants and contextual factors [30]).

The technical implementations and design characteristics
section was inspired by the Behavioral Intervention Technology
(BIT) model [20]. The BIT model is grounded in 3
well-respected design models [11,31-33] and includes principles
from both behavioral theories and technological features. The
BIT delivery elements (subdivided into delivery systems and
elements) and BIT workflow informed the technical
implementation category (Multimedia Appendix 2). The BIT
characteristics of the elements informed the design characteristic
category. Most design characteristics were inferred from
previous reviews [22-25] and theories of behavior change
[33-35], as the BIT framework does not provide a detailed list
of design characteristics. Furthermore, during the data extraction
period, the chart was updated when new implementations or
design characteristics were identified.

The final data chart section covered the study results. We
examined whether there was a higher amount of PA compared
with a control group (without the strategy) and compared with
another intervention arm (with a different operationalization of
the strategy, see Multimedia Appendix 2). The PA outcome
measurement used was the step count of the participants, unless
the paper did not measure this. In that case, the main PA
outcome measurement was used instead, as described in this
study. The outcomes were classified as positive when the PA
outcome measurement of the study was significantly more
effective, neutral when no effect was found, and negative when
the implementation resulted in worse PA outcomes.

The general study characteristics were extracted for the study
as a whole. The type of persuasive strategy and its design and
technical implementation were extracted separately for each
intervention arm because this differed between arms in the same
study. One researcher (KS) performed the data extraction of all
the included papers. To ensure that the data extraction was
performed correctly for all persuasive strategies (in line with
Levac et al [29]), the second reviewer (SW) performed data
extraction of at least 20% of each of the persuasive strategies
(22.6% on average, SD 0.9%). The interrater reliability was
high (93.5% agreement).

Results

Overview
The search yielded 29 original research papers (85 intervention
arms) [36-64]. An overview of the study characteristics can be
found in Multimedia Appendix 3 [36-64]. The results of the
individual persuasive strategies are presented below. For each
strategy, first, a short description or definition is provided.
Second, a summary of the identified implementations and
designs in the intervention arms is provided (a complete
overview can be found in Multimedia Appendix 3). Third, an
overview is given of which implementations have proven to be
an effective addition in an intervention. Finally, the findings of
studies that compared designs and implementations of strategies
are provided.

Persuasive Strategy: Monitoring
Monitoring involves keeping track of your behavior or behavior
outcomes [9]. Traditionally, users had to actively track their
own PA behaviors (eg, by means of questionnaires and
self-logging); however, nowadays, PA tracking can also be
performed passively by using mobile devices, without posing
a burden to the user. Almost all of the included studies used
monitoring of behavior (28 studies and 82 intervention arms),
apart from [54].

Design and Technical Implementations
With regard to the technical implementation, 7 different delivery
systems were identified that enabled monitoring (for instance,
mobile apps [n=46] and SMS functions [n=4]). Most
interventions used a combination of 2 systems (mean 1.68). The
elements that were used were either related to active
self-monitoring (ie, data entry field [n=42]) or passive recordings
of behaviors (n=77; eg, accelerometer [n=77], GPS [n=2]).
Although most studies used passive tracking, users often had
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to track their behavior themselves as well. With respect to the
design characteristics, many different behavior types were
monitored (n=8) and 4 specific monitoring characteristics were
identified (such as the option to correct automatically logged
data). More details on the various implementations and design
characteristics can be found in Multimedia Appendix 3.

Effect of Including Monitoring to the Intervention
None of the included studies examined whether adding
monitoring to the intervention increased the effectiveness of
the intervention.

Comparison of Designs and Technical Implementation
of Monitoring
One study compared self-logging alone with self-logging in
combination with automatic tracking (ie, wearing a second
tracking device) regarding its effect on PA. No difference was
found in the effectiveness of the 2 technical implementations
[41].

Persuasive Strategy: Goal Setting
Goal setting is a strategy in which the individual either sets a
goal or gets a goal assigned. CALO-RE distinguishes between
unspecific behavioral goals, behavioral outcome goals, and
action plans [9] (also referred to as implementation intentions
[65]). It is a commonly used strategy [18], as reflected by the
presence of the strategy in most of the included papers (n=26).
Not all studies described goal setting in sufficient detail
[41,42,61], and these were, therefore, excluded from this part
of the analysis. The results of the remaining 23 studies (66
intervention arms) are listed below.

Design and Technical Implementations
Regarding the technical implementation, 8 different delivery
systems were used to deliver goal setting, of which the
researchers themselves were the most common deliverers

(n=27). Frequently used elements were reports (n=19) and
textual notifications (n=21). Mostly, the goal is only set at the
offset of the intervention (n=60), but some systems also changed
the goal on a daily (n=3) or weekly (n=6) basis. We found a
great variety in the design principles for goal setting; in total,
29 different goal types were identified in the 66 intervention
arms. The goal types differed for goal difficulty (eg, 7000 or
10,000 steps) and targeted behavior (eg, step count or floor
count; Multimedia Appendix 3). Most of the goals were assigned
to the user (n=44); however, in some interventions, the user was
instructed to set her own goal (n=16) or the user could choose
a goal from a list of suggestions (n=9). Furthermore, 12 specific
design characteristics of goal setting were identified, such as
tailoring by the system (n=20) and using metaphoric goals (eg,
Climb the Eiffel Tower [39]; n=6).

Effect of Including Goal Setting to the Intervention
In total, 3 studies (7 arms) examined whether including goal
setting improved the effectiveness of the intervention. In 2 of
the 7 arms, goal setting appeared to be an effective addition
[48,50], whereas in the remaining 5, no effect of including goal
setting was found [48,50,58]. As can be seen in Figure 1, there
is no clear trend in the data regarding effective technical
implementations. For the design characteristics of goal setting,
it appears that tailored goals [50] are generally effective,
whereas generic goals do not seem to increase PA behavior
[48,58]. However, tailored easy goals (eg, 10% increase
compared with baseline) did not result in more PA compared
with a group without goal setting [50] (notably, this study lasted
for only 1 week). Self-set moderate-to-vigorous PA (MVPA)
goals, even with a coaching system for developing action plans,
did not result in long-term (48 weeks) PA change compared
with a group without goal setting [58]. Thus, these results
suggest that some operationalizations of goals increase the
effectiveness of the intervention but not all.
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Figure 1. The effectiveness of the technical implementations and design characteristics of goal setting compared with receiving no goals in 7 intervention
arms (3 different studies).

Comparison of Designs and Technical Implementations
of Goal Setting
With 8 studies comparing design characteristics of goal setting
[36,37,43,46,48,50,55,57,62], goal setting is one of the most
extensively examined strategies. However, no studies have
compared various technical implementations of goal setting.
The results demonstrate that an effective design for long-term
behavior change (4 months) is the use of automatically adaptive
and tailored goals compared with a 10,000 steps per day goal
[36,62]. Interestingly, a static goal seems to be more effective
at the initiation phase of the intervention [36]. A second efficient
design is the use of more difficult (eg, 40% increase compared
with the baseline level) tailored step goals compared with easier
(eg, 10% increase) tailored step goals [37,50]. However, there
is some discrepancy in the right difficulty level; one study found

that a step count increase of 20% and 40% of steps was better
than a 10% increase [50], whereas another study found that only
a 100% increase was better than a 10% increase [37].

A third design that seems effective is using a list of
context-aware activity goals compared with a list of general not
location-specific goals [55]. The context-aware goals were based
on previously logged activities and frequent locations of the
user to generate location-based goals that were tailored to the
individual’s previous behaviors. Finally, the effectiveness of
different goal characteristics was examined in one study [46].
Although the differences between the goals did not reach
significance, there was a trend demonstrating that participants
performed most steps per week if they chose the recommended
step goal (mean 42.195), followed by the metaphoric goal (mean
35.462), whereas the self-set goal resulted in the least number
of steps (mean 31.774). In contrast, most individuals choose to
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set a manual goal, which suggests that they prefer this goal
setting type.

Persuasive Strategy: Reminders for PA
Reminders are cues, prompts, or triggers that push the user to
perform a certain behavior, such as a notification or an email.
Only reminders that were used to remind the user to engage in
PA were considered. Reminders intended to remind the user to
set a goal or to wear the device were not taken into account
[40,50,59]. Reminders are used relatively frequently, almost
half of the included studies incorporated this strategy (n=13,
implemented in 34 intervention arms).

Design and Technical Implementations
Regarding technical implementations, 6 different delivery
systems were identified (eg, mobile apps [n=13] and email
[n=4]) and 6 different delivery elements, such as text
notifications (n=24) and visualizations (n=5). The most notable
differences in the technical implementations concern the
frequency and the timing in which reminders were provided to
the users. For instance, in some studies, the user received more
than 15 messages per day [42], whereas in other interventions,
the user received only one message a week [43] (Multimedia

Appendix 3). In contrast to the other investigated strategies, the
design characteristics of reminders were often not described in
detail. For instance, the framing [24,66], tailoring [23], and size
of the messages were seldom reported. Moreover, in some
studies, the content of the reminder was not described (n=4).

Effect of Including Reminders to the Intervention
Only 2 studies (2 intervention arms) examined the effectiveness
of receiving a reminder compared with not receiving a reminder,
of which one found a positive effect [41] and one found no
effect [61]. The design and implementation of the reminders
used in these studies and its effectiveness on PA promotion are
shown in Figure 2. A study that found a positive effect used a
glanceable display, which is a constant reminder that resides
on the background of the phone while simultaneously providing
the user with information on his or her activity level [41]. The
second study demonstrated that 3 SMS notifications a day
reminding the user of his or her goal were not effective for
increasing PA, at least, not for longer than 1 week [61]. At the
end of the intervention, various participants reported that they
stopped reading the messages, as the messages were impersonal
and automated.

Figure 2. The effectiveness of the technical implementations and design characteristics of reminders compared with receiving no reminders in 3
intervention arms (2 different studies). PA: physical activity.

Comparison of Designs and Technical Implementations
of Reminders
One study examined the effect of the timing of reminders (ie,
technical implementation) on the effectiveness of the
intervention [42]. The study results were conflicting. On the
one hand, individuals increased their steps more if they received
reminders at random times (about 10 a day) compared with
receiving context-aware reminders (eg, just after eating or after
prolonged sedentary time; no significance values were reported)
[42]. On the other hand, the participants liked and accepted the
context-aware reminders better than random reminders. The

authors argue that these conflicting findings might be the result
of the short duration of the study and a few participants (n=19),
which increases the likelihood of factors (weather and busy
calendar) influencing the results. A second study examined
whether the content of reminders influences its effectiveness
(ie, the design characteristics) [54]. No differences in step count
were found between receiving reminders of the participants’
action plans or of their general goal.

Persuasive Strategy: Rewards
Rewards are reinforcers of behavior that can be given for
attempts to reach a goal and for reaching the goal [9]. In line
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with the CALO-RE taxonomy [9], only rewards that incentivize
performing PA behaviors were considered and not rewards that
incentivize study participation. A total of 12 studies (29 different
intervention arms) met these criteria.

Design and Technical Implementations
Regarding technical implementations, 6 different delivery
systems were used, such as websites (n=14). Furthermore, 7
different elements were identified, the most frequent element
being visualizations (n=13). Most participants received rewards
either immediately after they achieved their goal (n=14) or with
a short delay (n=10). In a few studies, participants were
rewarded for performing PA (eg, each step taken) and not
necessarily for reaching their goal (n=6). The design
characteristics varied greatly between interventions (Multimedia
Appendix 3). For instance, we identified 16 different reward
contents (eg, points, US $1 per achieved goal [n=2]), 9 different
behaviors that were rewarded (eg, achieving 7000 steps per day
[n=8]) and 7 reward characteristics (eg, receiving the reward
depended on somebody else [n=8]).

Effect of Including Rewards to the Intervention
Of the identified studies (18 intervention arms), 8 examined
whether including rewards increases the effectiveness of the
intervention [36,41,43,44,51-53,63]. Of the 18 arms, 8 arms
demonstrated that adding a reward resulted in more PA than
the same intervention without rewards [36,41,43,51], whereas
the remaining 10 did not have a significant effect on PA
[43,51-53,63]. Some technical implementations of rewards
appear to be effective additions to interventions (Figure 3), such
as the use of visualizations of the rewards [41,43] and receiving
the reward immediately after the goal is attained [36,41,43].
Implementations that do not seem to result in more PA are
rewarding each step (ie, efforts toward reaching a goal) [63].
Furthermore, interventions with the design characteristic of
cumulative rewards (eg, with enough points the user receives
a badge) appear to be effective in motivating individuals to
engage in PA [36,41,43,51]. Taken together, it seems that some
operationalizations of rewards are effective additions to an
intervention, whereas others are not.
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Figure 3. The effectiveness of the technical implementations and design characteristics of rewards compared with receiving no rewards in 18 intervention
arms (8 different studies). PA: physical activity.

Comparison of Designs and Technical Implementations
of Rewards
A total of 3 studies compared different design characteristics
of (financial) rewards [44,51,52]. Finkelstein et al [44]
demonstrated that adding a cash reward on top of virtual rewards
(from Fitbit) increases step count, and they also showed that
cash rewards are equally effective in changing the stepping

behavior as charity rewards. Notably, the MVPA minutes (main
outcome of the study) was higher in the group that received a
cash reward [44]. Furthermore, when the financial reward was
no longer offered (after 12 weeks), the step count declined.
Other studies found no significant differences between
rewarding the behavior of the individual, the behavior of a team,
or a combination of both [51] and between receiving a financial
reward, a loss aversion reward, or a lottery-based reward [52].
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Persuasive Strategy: Sharing
Sharing is a social strategy in which users can actively offer
and receive social support from others. It can be provided
digitally (eg, sharing on Facebook) or in a real-life setting (eg,
group meetings [48]). In total, 9 studies (15 intervention arms)
were identified that included this strategy in their intervention.

Design and Technical Implementations
Regarding the technical implementation of sharing, 4 different
delivery systems were used: mobile apps (n=8) and face-to-face
delivery (n=3). In total, 8 different delivery elements were
identified, such as reports and messaging functions (Multimedia
Appendix 3). Various design characteristics were also identified.
For instance, several content types could be shared, such as PA
data (n=5) and competition results (n=2). In addition, the
relationships between individuals who shared information with
each other differed between studies. Sometimes, the users shared
their information with strangers (n=5), whereas in other

interventions, individuals shared their information with
acquaintances (n=4) or acquaintances and strangers (n=2).

Effect of Including Sharing to the Intervention
In total, 4 studies (4 intervention arms) examined whether
adding sharing strategies to the intervention increased its
effectiveness [40,49,56,60]. One study found a positive effect
[56], and the other 3 found no effect of sharing on PA [40,49,60]
(Figure 4). The interventions differed in devices that were used
for sharing. In a study with positive results, individuals (frequent
Facebook users) used Facebook [56], whereas studies with no
effect used websites or a mobile app (specifically developed
for the particular study) [40,49,60]. A Facebook-delivered
intervention is likely to be effective because it is well integrated
into the individual’s life. In contrast, using an additional
intervention website might pose a barrier for the user, which
can explain why they were neither effective nor frequently used
[49,60].
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Figure 4. The effectiveness of the technical implementations and design characteristics of sharing compared with receiving no sharing function in 4
intervention arms (4 different studies). PA: physical activity.

Comparison of Designs and Technical Implementations
of Sharing
As none of the included studies compared different designs or
technical implementations of sharing to examine which
implementation or design is more effective in increasing PA,
no conclusions can be drawn on effective operationalization of
sharing to increase PA behavior.

Persuasive Strategy: Social Comparison
A second social strategy is facilitating social comparison [9],
which includes competition, collaboration, and social norm
information. In total, 9 of the included studies enabled social

comparisons (17 intervention arms and 11 did not include social
comparison).

Design and Technical Implementations
A total of 4 different delivery systems were used, of which
mobile apps were most frequently used (n=8). To enable social
comparison, almost all studies used reports (n=16) and some
included visualizations (n=3; Multimedia Appendix 3). In most
studies, the user could view the comparison at all times (n=10);
however, sometimes the participant received a comparison
message at fixed times (for instance, once a week [n=4]).
Regarding the design characteristics, different types of
comparisons were identified, including competition (ie,
individual vs individual [n=5] and team vs team [n=2]),
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collaboration between individuals (n=4), and various forms
(n=3) of social norm information (eg, the individual’s average
step count compared with the step count of all users)
[45,47,59,60]. Furthermore, 3 different PA behaviors were
compared across the interventions and 7 different social
compositions (eg, between 2 friends or with a group of strangers)
were identified.

Effect of Including Social Comparison to the
Intervention
In total, 6 studies (8 intervention arms) examined whether
adding a comparison with an intervention increased the

effectiveness of the intervention [39,45,47,59,63,64]. One study
(1 intervention arm) found that including social strategies
resulted in more PA [59], although it did not significantly
increase PA behavior in the remaining 7 arms (Figure 5)
[39,45,47,63,64]. The effective implementation involved weekly
reports (emails) to inform the user if he or she performed more
steps than the average study participants. If the user did, the
email contained a positive smiley face. Otherwise, a negative
smiley face was placed in the report [59].

Figure 5. The effectiveness of the technical implementations and design characteristics of social comparison compared with receiving no comparison
in 9 intervention arms (6 different studies). PA: physical activity.
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Comparison of Designs and Technical Implementations
of Social Comparison
A total of 2 studies were identified that compared the effect of
different design characteristics of social comparisons on PA
behavior [39,59]; however, no study examined the technical
implementations. One of these studies found that competition
was less effective than collaboration or a combination of
collaboration and competition (in the short term, ie, 2 weeks
[39]). In a second study, the step count of the individual’s team
(4 individuals) was compared with either the top 25% or the
top 50% of the other teams. No significant differences were
found between the groups [59], suggesting that this characteristic
does not influence the effectiveness of the intervention.

Discussion

Principal Findings
The main objectives of this study were to examine (1) the
variation in the technical implementations and design
characteristics of common persuasive strategies and (2) if
previous mHealth studies examined the influence of the different
operationalizations of these persuasive strategies on the
effectiveness of the intervention to persuade the user to engage
in PA. Similar to previous work on feedback [22], we found
that the technical implementations and design characteristics
of the examined persuasive strategies vary greatly between
studies. For instance, 29 different goal types were identified in
the 29 included studies. The goals differed in terms of behavior
type (eg, step count, time walked) and difficulty (eg, 10,000
steps per day, 7000 steps per day).

Only a few of the identified implementations and designs were
thoroughly examined for effectiveness, especially regarding the
technical implementation. Interestingly, the studies that
examined this showed that some implementations and designs
are more effective in increasing PA compared with others. By
performing an in-depth analysis of these studies, this review
provides important insights into which implementation types
and designs are promising for PA mHealth interventions, as
listed below. Furthermore, this study highlights that more
research on effective technical implementations and design
characteristics of persuasive strategies is essential.

Monitoring
Monitoring was not only the most frequently used strategy in
the selected studies but also the least investigated one regarding
implementation types and designs. Only one study compared
technical implementations, which found no significant difference
regarding intervention effectiveness between automatic tracking
alone, or both automatic tracking and (active) self-monitoring
[41]. Thus, although self-monitoring is arguably more
demanding for the user, these results suggest that this additional
effort does not influence the effectiveness of the intervention.
A possible explanation is that individuals perceive wearing a
second device as inconvenient or not pretty (eg, when wearing
a dress) [40], which counterbalances the positive effects of the
ease of use of automatic tracking. More research is needed to
better understand how monitoring can be implemented to
successfully support PA behavior.

Goal Setting
The results suggest that the operationalization of goal setting
influences the effectiveness of the intervention to increase PA
behavior. In line with the Goal Setting Theory [34], this review
demonstrates that goals that are tailored to the physical
capabilities of the user and/or the context of the user are likely
more effective in increasing PA than generic goals
[36,37,50,55,62]. Next, challenging (but doable) goals appear
to be more effective than easy goals. However, there is no
consensus on how challenging the goal should be. Is a small
increase of baseline steps a difficult enough goal (eg, 20%
increase [50]) or is a large increase required (eg, a 100% increase
[37])?

In contrast to the Goal Setting Theory [34] and other theories,
such as the Self-Determination Theory (SDT) [67], positing
that self-set goals are likely to be more effective, the results of
this review indicate that adding self-set goals to an intervention
does not increase effectiveness [58] and that goals set by the
system might be more promising than self-set goals in increasing
PA behavior [68]. However, people will likely choose to set
their own goal when offered the choice [68]. Therefore, there
might be a discrepancy between what the user wants and what
is most effective. Whether a combination of both self-set and
assigned goals is effective should be determined in future
studies. Future efforts are also needed to explore the technical
implementations of gamification, as none of the selected studies
examined this.

Reminders
One of the included studies in this study demonstrated that a
promising approach to implement reminders is the use of
glanceable displays, which is a constant but gentle reminder
that resides at the background of the device [41]. However, as
most implementation types of reminders were not compared
with each other, it is unknown if certain designs of glanceable
displays are more attractive and effective than others (eg, flowers
or a robot army [41]) or if other types of reminders (such as
text messages) are equally effective as glanceable displays.

With respect to the design characteristics of reminder text
messages, tailoring the timing of the messages might improve
the intervention [4,33,69]. One study examined this and found
that optimally timed messages were perceived as more useful
than randomly timed messages, although it did not result in
more PA [42]. Next, regarding the content of the reminders, the
results of this study suggest that generic reminders do not result
in more PA compared with receiving no messages [61]. People
perceive these messages as impersonal, boring [61] and stop
reading them [70,71]. Tailored message content is likely more
appropriate [23], as demonstrated in similar research domains
[72]. However, none of the papers selected for this study
examined this. Taken together, future studies should be
conducted to better understand the effectiveness of tailoring (of
both the content and the timing) of messages to increase PA
behavior.

Rewards
This study suggests that the design and implementation of
rewards are important factors that motivate individuals to engage
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in PA. For instance, the results suggest that rewards are effective
if they are cumulative (eg, with enough points, the participant
receives a badge). Furthermore, receiving an immediate reward
(eg, immediately after attaining the goal) is likely effective,
whereas receiving delayed rewards seems less effective. This
is in line with previous research and behavioral economics
theory [35], which explain that immediate rewards are perceived
as more valuable than rewards given in the future [73,74].

Although several studies have examined effective reward types
(eg, comparing monetary rewards with charity donations),
multiple important questions remain unanswered. For instance,
it is neither known whether the value of the financial reward
influences its effectiveness, nor is it known if certain types of
virtual rewards (eg, badges, points, levels) are more effective
than others. The use of rewards is sometimes criticized, as they
mainly promote the extrinsic motivation to perform PA [75,76]
and can inhibit the intrinsic motivation associated with lasting
behavior change. Consequently, users likely stop performing
PA after the reward is removed, as demonstrated in several of
the selected studies of this study [44,51,52]. Therefore, it is
important to gain a better understanding of how to design
rewards that foster feelings of intrinsic motivation [77].

Sharing
Sharing and giving social support are argued to foster feelings
of relatedness to others, which is an important determinant of
intrinsic motivation to perform PA according to the SDT [67,75].
However, of the 4 studies that examined the effect of adding
sharing to the intervention, only 1 study found that having access
to a sharing function (with Facebook) significantly increased
the step count [56]. A possible explanation for the
ineffectiveness of the other 3 implementations of sharing is that
they used a delivery system that is not well integrated in people’s
lives and are, therefore, not frequently used [40,49,60].
However, as no study has directly compared the effectiveness
of different delivery systems, future research should examine
whether the delivery system of social sharing indeed influences
the effectiveness of the intervention. Other technical
implementation or design characteristics also require future
investigation, such as with whom the data are shared or the type
of data that are shared (such as tips from peers or the performed
PA behavior).

Social Comparison
In contrast to previous work on PA (mHealth) interventions
[7,14], we found that most interventions that included social
comparisons did not result in significantly more PA compared
with the same intervention without social comparison. There
may be various reasons for this, such as the relatively small
sample sizes used in the studies [38,47] because the strategy
was not optimally operationalized or it could be that the strategy
itself is not effective. As only 2 studies compared different
design characteristics and no study examined the technical
implementation of social comparisons, knowledge on effective
operationalizations remains to be limited. However, it does
seem that collaboration enhances participation in PA above
competition (in line with previous research [38,78]). Notably,
it might not be competition itself but the overemphasis on
winning that can be counterproductive [78]. In general, it is

thought that competition can increase PA when everybody has
a reasonable chance to win [79], as also indicated in the exit
interviews of Chen and Pu [38].

Strengths, Limitations, and Recommendations
The important strengths of this study are the in-depth systematic
analysis of multiple persuasive strategies by using a framework
and the exploration of both the technical implementation and
design characteristics of the interventions. By doing so, we went
beyond examining which persuasive strategies are effective by
also examining how these strategies can be effectively
implemented and designed. Furthermore, by only including
studies that evaluated the isolated effect of the selected
persuasive strategies, an overview of implementations and
designs could be provided that have been shown to be effective.

However, this study has some limitations. First, inherent to
performing scoping reviews, we did not consider the quality of
the included studies, which could have biased the results. In
addition, as no systematic search was performed, important
literature could have been overlooked. To minimize this risk,
we performed cross-reference checks of previous (recent)
reviews and snowball searches. In light of these limitations, the
results of this study should be treated with caution. Second, no
corrections for other factors that can influence the effectiveness
of the intervention, such as the study duration [36], the
geographical location of the study [30], or user friendliness of
the intervention [27]. To illustrate, it is likely that the same
intervention is not equally effective in different contexts (such
as in different countries or seasons). Although we recognize the
importance of these factors, it was beyond the scope of this
paper to examine this. A third limitation is that the influence of
other persuasive strategies of the intervention was not examined.
For instance, it is possible that the investigated strategy did not
increase PA behavior, even though its operationalization was
good, as the other included persuasive strategies of the
intervention were not set up properly.

Furthermore, the data extraction was limited to the amount of
details in which the researchers described their intervention.
For instance, most papers did not describe how they developed
the reminder system (eg, whether they used a pool of messages
or framed the messages positively or negatively). Therefore,
we call on future studies to report the implementations and
designs in more detail. For instance, authors can include
screenshots of the apps or websites [43], videos of the app,
and/or a user manual. To document mHealth interventions,
researchers can use the framework provided in Multimedia
Appendix 3 and, for instance, the work of Schembre et al [22],
Elaheebocus et al [25], and/or Hoffman et al [80].

We realize that the number of implementation types is so diverse
that it would cost considerable time and resources to investigate
the individual design characteristics and technical
implementations of the strategies. A promising approach to
reduce this burden on researchers is to build a database in which
mHealth PA interventions are described at a granular level,
covering both the implementation characteristics of the included
persuasive strategies and the study characteristics (as possible
confounders). Advanced statistical testing (eg, Meta-Cart
analyses [81]) and machine learning techniques [82] allow

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e16282 | p.17http://mhealth.jmir.org/2021/1/e16282/
(page number not for citation purposes)

Sporrel et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


identifying which implementation characteristics seem effective
for which target group.

Conclusions
Mobile exercise interventions have the potential to increase PA
behaviors of individuals [1,6,7]. However, there is a limited
understanding of how to effectively develop exercise
interventions and its components (ie, their persuasive strategies).
To increase this understanding, it is important to examine the
operationalization of persuasive strategies and to evaluate its
impact on the effectiveness of the intervention. The results of
this study highlight the great variation in which monitoring,

goal setting, reminders, rewards, sharing, and social comparison
are being operationalized. Moreover, the findings of this study
suggest that how a conceptual persuasive strategy is being
translated into a practical delivery form can influence the
effectiveness of the PA intervention. Thus, the operationalization
of strategies in mHealth interventions should be critically
considered when developing such interventions and before
drawing conclusions on the effectiveness of the strategy as a
whole. To advance the research field, future research should go
beyond evaluating which persuasive strategies are effective by
also examining how these strategies can be effectively
implemented and designed.
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Abstract

Background: The rapid advancements in science and technology of wrist-wearable activity devices offer considerable potential
for clinical applications. Self-monitoring of physical activity (PA) with activity devices is helpful to improve the PA levels of
adolescents. However, knowing the accuracy of activity devices in adolescents is necessary to identify current levels of PA and
assess the effectiveness of intervention programs designed to increase PA.

Objective: The study aimed to determine the validity of the 11 commercially available wrist-wearable activity devices for
monitoring total steps and total 24-hour total energy expenditure (TEE) in healthy adolescents under simulated free-living
conditions.

Methods: Nineteen (10 male and 9 female) participants aged 14 to 18 years performed a 24-hour activity cycle in a metabolic
chamber. Each participant simultaneously wore 11 commercial wrist-wearable activity devices (Mi Band 2 [XiaoMi], B2 [Huawei],
Bong 2s [Meizu], Amazfit [Huamei], Flex [Fitbit], UP3 [Jawbone], Shine 2 [Misfit], GOLiFE Care-X [GoYourLife], Pulse O2
[Withings], Vivofit [Garmin], and Loop [Polar Electro]) and one research-based triaxial accelerometer (GT3X+ [ActiGraph]).
Criterion measures were total EE from the metabolic chamber (mcTEE) and total steps from the GT3X+ (AGsteps).

Results: Pearson correlation coefficients r for 24-hour TEE ranged from .78 (Shine 2, Amazfit) to .96 (Loop) and for steps
ranged from 0.20 (GOLiFE) to 0.57 (Vivofit). Mean absolute percent error (MAPE) for TEE ranged from 5.7% (Mi Band 2) to
26.4% (Amazfit) and for steps ranged from 14.2% (Bong 2s) to 27.6% (Loop). TEE estimates from the Mi Band 2, UP3, Vivofit,
and Bong 2s were equivalent to mcTEE. Total steps from the Bong 2s were equivalent to AGsteps.

Conclusions: Overall, the Bong 2s had the best accuracy for estimating TEE and total steps under simulated free-living conditions.
Further research is needed to examine the validity of these devices in different types of physical activities under real-world
conditions.

(JMIR Mhealth Uhealth 2021;9(1):e18320)   doi:10.2196/18320

KEYWORDS

wrist-wearable activity devices; accelerometer; energy expenditure; step counts; free-living

Introduction

Since the turn of the 21st century, physical inactivity has
increasingly become a global public health issue among youth
[1]. In 2010, 81% of adolescents aged 11 to 17 years worldwide
failed to achieve the World Health Organization–recommended
amounts of moderate to vigorous physical activity (60 minutes
or more per day). Of this proportion, girls were less active than

boys (87% vs 78%, respectively) [2,3]. Similarly, nearly 70%
of adolescents are categorized as insufficiently active, with girls
having a higher prevalence of insufficient activity than boys
(72% vs 68%, respectively) in China [4-6]. This is a serious
issue [7] as physical inactivity in adolescence is associated with
adult inactivity [8].

Physical inactivity is one of the leading risk factors for mortality,
adding to the burden of noncommunicable diseases (NCDs) and
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affecting general health worldwide [9]. Physical inactivity
among adolescents is significantly associated with many major
health conditions, such as obesity, diabetes, and cardiovascular
disease [10]. Young adults who are physically inactive during
adolescence are also more likely to be overweight or obese than
are their physically active counterparts [11].

Several behavior change methods exist to encourage youth to
become more physically active. Self-monitoring of physical
activity (PA) with activity devices is helpful to improve the PA
levels of adolescents [12]. However, knowing the accuracy of
activity devices in adolescents is necessary to identify current
levels of PA and assess the effectiveness of intervention
programs designed to increase PA.

Rapid advancement in the science and technology of
wrist-wearable activity devices offers considerable potential for
clinical applications, which may serve as cost-effective and
attractive intervention methods for PA improvement apps. It is
ideal to measure an adolescent’s PA during their usual living
conditions to assess when and how long they are active and
inactive in a typical day. In this context, measuring PA over the
24-hour day should not be limited to specific activities that can
be measured in a laboratory; instead, it should be measured
during free-living conditions [13]. Free-living conditions are
different from laboratory settings as they offer a wider array of
activities and situations for activity devices to measure PA.
Accordingly, free-living validity information is important for
researchers, fitness coaches, and consumers to choose the most
appropriate activity device for their needs [14].

A few studies have examined the accuracy of wrist-wearable
activity devices under free-living conditions [14-18]. Dominick
[15] and Reid et al [14] reported that compared with the GT3X+
(ActiGraph LLC), the Flex (Fitbit Inc) can estimate total step
counts accurately in the free-living conditions, but Chu [16]
and Sushames et al [17] showed that the Flex overestimated
total step counts with error rates of 15.5% to 47.2%. Other
researchers have determined the validity of wrist-, waist-, and
arm-wearable devices to monitor the total energy expenditure
(TEE) under free-living conditions [18-20]. Brooke et al [19]
found that TEE estimated by the Flex, FuelBand (Nike Inc),
and Charge HR (Fitbit Inc) were similar to TEE obtained from
the arm-worn SenseWear (BodyMedia) and Armband Mini
(BodyMedia), but the Shine 2 (Misfit), UP3 (Jawbone), and
Vivofit (Garmin Ltd) overestimated TEE with error rates of
15.2%, 22.8%, and 24.5%, respectively [19]. In addition,
Dannecker et al [18] found that Fitbit devices significantly
underestimated EE with an error rate of 28%. And Ferguson et
al [20] found significant differences in TEE obtained from the
Shine, UP, and Pulse O2 (Withings) compared with the
SenseWear. To date, it appears that no studies have evaluated
the accuracy of total step counts and TEE for a large number
of wrist-worn activity devices simultaneously. Further, few
studies have examined the accuracy of the devices for estimating
physical activities in a metabolic chamber that can simulate
free-living conditions and estimate energy expenditure of

physical activity and TEE, especially in adolescents
[14-17,19,20].

Considering this limited evidence, additional research is needed
to determine the validity of wrist-wearable activity devices over
long periods of time in controlled free-living conditions for
adolescents. Hence, the study aimed to determine the validity
of 11 wrist-wearable activity devices to monitor total step counts
and TEE in adolescents under the stimulated free-living
conditions.

Methods

Participants
Nineteen (10 male and 9 female) inactive and healthy
participants aged 14 to 18 years volunteered to participate in
the study. Participants were recruited from middle schools and
community settings located within a 50 kilometer area of
Shanghai University of Sport through online advertising, leaflets,
and word of mouth. Inclusion criteria included free of metabolic
disorders affecting energy expenditure and conditions that
influence the ability to perform daily PA, a BMI from 18.5

kg/m2 to 23.9 kg/m2, and no attempt to lose weight within the
past 2 years. Exclusion criteria included individuals with
cardiovascular disease or musculoskeletal injury within the past
6 months and with acute illness, unstable chronic conditions,
neurological disorders, and cognitive disorders. Each participant
provided written informed consent, and all procedures were
approved by the ethical committee of Shanghai University of
Sport. The data were collected from December 2017 to June
2018.

Procedures
Participants completed 2 study visits. We asked the participants
to refrain from vigorous physical activities on the day before
each experiment. At the first visit, participants gave informed
consent, had their weight, percent body fat, height, and
maximum oxygen uptake (VO2max) measured while in a fasting
state (12 hours postprandial). Participants also completed the
long form of the International Physical Activity Questionnaire
[21] to determine information about their lifestyle habits. Each
participant’s energy intake in the metabolic chamber was
calculated by multiplying the basal metabolic rate (BMR)
predicted by using revised Harris-Benedict equation by 1.55,
which was the PA level assumed for a standardized day.

At the second visit, each participant was given 12 wrist-wearable
activity devices to wear for 24 hours in the metabolic chamber.
We selected these devices based on domestic and foreign sales
rankings and the attention of the interrelated research field. Nine
were worn on their nondominant wrist in a random order
(GT3X+, Flex, Vivofit, B2 [Huawei Technologies Co Ltd], UP3
[Jawbone], Shine 2 [Misfit], Loop [Polar Electro], Pulse O2
[Withings], Mi Band 2 [XiaoMi], and three were worn on their
dominant wrist in random order (Amazfit [Huami Corp], Bong
2s [Meizu], GOLiFE Care-X [GoYourLife Inc]). Characteristics
of the activity devices are described in Table 1.
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Table 1. Activity devices details, set up parameters and analysis software.

SoftwareSetup pa-
rameters

Wear siteActive
time

Sleep timeEnergy expendi-
ture

Dis-
tance

StepsRetail
price ($)

Device

AnalysisSetupLightDeepActivityBasal 

Actilife V6.0Actilife V6.0Hc, Wd,

sex, DOBe,
30 Hz, 60 s
epoch

hip, wristx——x——bxa249.00GT3X+

(ActiGraph)

Midong iOS
app

Midong iPad
app

H, W, sex,
DOB

wrist—xxxx—x43.46Amazfit

(Huami)

Bong iOS
app

Bong iPad
app

H, W, sex,
DOB

wristxxxx——x18.75Bong 2s
(Meizu)

Fitbit iOS
app

Fitbit iPad
app

H, W, sex,
DOB

wristx——++fxx130.52Flex (Fitbit)

Connect iOS
app

Connect
iPad app

H, W, sex,
DOB

wrist—xxxxxx72.53Vivofit
(Garmin)

GOLiFE Fit
iOS app

GOLiFE Fit
iPad app

H, W, sex,
DOB

wrist—xx++xx28.78GOLiFE

Care-X

(GoYourLife)

Huawei
wearable
iOS app

Huawei
wearable
iPad app

H, W, sex,
DOB

wristxxxx—xx116.13B2 (Huawei)

UP iOS appUP iPad appH, W, sex,
DOB

wristxxxxxxx159.74UP3 (Jawbone)

Misfit iOS
app

Misfit iPad
app

H, W, sex,
DOB

wristxxx++xx116.13Shine 2 (Misfit)

Polar iOS
app

Polar iPad
app

H, W, sex,
DOB

wristxxx++xx142.44Loop (Polar
Electro)

Withings
iOS app

Withings
iPad app

H, W, sex,
DOB

wrist—xx++xx137.8Pulse O2

(Withings)

Xiaomi
Sport iOS
app

Xiaomi
Sport iPad
app

H, W, sex,
DOB

wristxxxx—xx21.66Mi Band 2g

(XiaoMi)

ax: feature present.
b—: feature absent.
cH: height.
dW: weight.
eDOB: date of birth.
f+: sum of basal and activity energy expenditures.
gDevice no longer on the market.

Each participant stayed in the metabolic chamber alone for 24
hours to measure TEE in a simulated free-living environment.
Moreover, the researchers would remind the participants to
perform daily physical activities (eg, watching TV, sleeping,
eating lunch) according to the schedule of activities. The

schedule of activities performed in the metabolic chamber is
shown in Table 2. Since daily PAs are performed frequently for
short durations in actual life, each activity was limited to a
period of 30 minutes, except for doing housework and radio
gymnastics, which were 10 minutes long.
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Table 2. Schedule of activities during the metabolic chamber stay.

ActivityTimetable

Enter chamber19:40

Watch TV20:00-22:00

Measure RMRa22:00-22:45

Prepare to sleep22:45-23:00

Sleep23:00-07:00

Prepare to measure BMRb07:00-07:15

Measure BMR07:15-08:00

Eat breakfast08:00-08:15

Listen to music08:15-08:45

Read08:45-09:15

Watch videos09:15-10:00

Do housework10:00-10:10

Do video calisthenics10:10-10:20

Slow walk at the speed of 3.2 km/h10:20-10:50

Play on the phone10:50-11:20

Type11:20-11:50

Eat lunch11:50-12:05

Midday sleep12:05-13:00

Read13:00-13:30

Type13:30-14:00

Fast walk at the speed of 5.6 km/h14:00-14:30

Listen to music14:30-15:00

Read15:00-25:30

Type15:30-16:00

Run at the speed of 8 km/h16:00-16:30

Watch videos16:30-17:15

Play on the phone17:15-17:45

Eat dinner17:45-18:00

Listen to music18:00-18:30

Write18:30-19:00

Slow walk at a self-selected speed19:00-19:30

Watch TV19:30-20:00

Leave chamber20:20

aRMR: resting metabolic rate.
bBMR: basal metabolic rate.

Materials and Measures

Demographics, Anthropometrics, and Cardiorespiratory
Fitness
A digital scale (Takei Kiki Kogyo Co Ltd) was used to measure
body weight to the nearest 0.1 kg while participants were dressed
in light clothing. Height was measured to the nearest 0.1 cm by
using an electronic stadiometer with participants standing

barefoot. BMI was computed as kg/ m2. Percent body fat was
measured by dual-energy x-ray absorptiometry (Lunar Prodigy,
GE Healthcare).

Total Energy Expenditure
The TEE was measured using a whole metabolic chamber (3.85
m width × 2.85 m depth × 2.5 m height; FHC-20S, Fuji Medical
Science Co Ltd), which contains a toilet, wash stand, bed, desk
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with chair, and treadmill. Participants can sleep, eat, and do
different physical activities in the chamber. The temperature
and relative humidity of incoming fresh air were maintained at
25.0°C (±0.5°C) and 50.0% (±3.0%), respectively. The sample
air is dehumidified using a gas-sampling unit (SCC-C, ABB
Corp) and analyzed using a mass spectrometer (Prima PRO,

Thermo Fisher Scientific) [22]. The accuracy of VO2 and VCO2

measured by metabolic chamber is 99.8% to 99.9%. Once a
month, the accuracy and precision of the respiratory chamber
are assessed by 24-hour propane combustion tests. The chamber
software allows the measurement of energy expenditure with
high-time resolution by detecting changes in activity level [23].

Step Counts
The GT3X+ is the most widely used accelerometer to monitor
physical activity. The data are displayed as counts, which
represents movement intensity and step counts taken. Lee et al
[24] reported that the GT3X+ counted 98.5% of the steps
compared with the Yamax Digiwalker SW-701 (Yamasa Tokei
Keiki Co Ltd) pedometer during free living. We used the
wrist-worn GT3X+ to monitor PA while participants were in
the metabolic chamber.

Data Processing
Before data collection, the devices were set up with unique user
accounts using the parameters of weight, height, gender, and
date of birth. Data from the devices were recorded at the
beginning and end of each session. Data were downloaded from
each device-specific app and uploaded to an iPad (Apple Corp).
Step counts from the GT3X+ were downloaded and analyzed
using ActiLife 6 software. The Mi Band 2, B2, and Bong 2s
yielded estimates of activity EE without accounting for the
resting metabolic rate according to the manufacturer’s
instructions. To facilitate direct comparisons, we calculated the
resting energy expenditure for each participant using the
following revised Harris-Benedict equation [25]:

• Male=88.362+[13.397*weight(kg)]+[4.799*height
(cm)]–(5.677*age)

• Female=447.593+[9.247*weight(kg)]+[3.098*height
(cm)]–(4.330*age)

Estimated resting EE values were added to the measured activity
EE values from the activity devices to calculate the total EE.

Statistical Analysis
Paired t tests were the statistical model adopted for the sample
size calculation. The medium ES=0.5 was determined based on
the variable of step in the study by Dominick et al [15] (Cohen
d=0.4). Therefore, we estimated that 17 paired observations
would be needed to achieve 80% power to detect the primary
outcome variables between the reference devices and activity
devices, with 2-sided alpha=.05. To allow for potential
withdrawals, 19 participants were randomized.

We analyzed all data using SPSS Statistics version 19.0 (IBM
Corp). Data were first checked for normality using standardized
skewness and kurtosis values. The results showed that the data

in this study were normally distributed. The mean and standard
deviation were presented for normally distributed data. Paired
t tests for normally distributed data were used to analyze
differences between the activity devices and the criterion
measures: total EE from the metabolic chamber (mcTEE) and
step counts from the GT3X+ (AGsteps). A significance level
of .05 was used to guide statistical decisions.

Pearson correlation analyses were used to determine the
association between the summary scores from each device and
the criterion measures. Mean bias (estimated values – measured
values) was computed to show the overall underestimation or
overestimation of TEE and total step counts by each device
compared with the criterion measures at the group level. Mean
absolute percentage error (MAPE, [estimated values – measured
values] / measured values × 100%) was calculated to quantify
the differences between the wrist-wearable activity devices and
the criterion measures at the individual level. MAPE accounts
for each individual participant’s error while avoiding
cancellation of errors from underestimation and overestimation
[26]. Bland-Altman statistics were performed to determine the
95% limits of agreement to further evaluate individual variations
in a more systematic way for each device compared with the
criterion measures.

Paired t tests are designed to test for differences rather
equivalence. The failure to reject the null hypothesis of no
difference simply cannot be used to infer agreement or
equivalence. Therefore, equivalence testing is used to
statistically examine measurement agreements between devices
and criterion measures at the group level [26]. Since there are
no definitive guidelines to follow to determine the accuracy of
the equivalence tests, we selected a 10% error zone. The devices
are considered to be equivalent to the criterion measure (with
95% precision) if the 90% confidence interval for a mean of
estimated values falls into the defined equivalence zone [27].

Results

Nineteen participants met the eligibility criteria, agreed to
participate, and completed the study. Participants’ ages ranged
from 14 to 18 (mean 17.3 [SD 1.3]) years. BMI ranged from

17.8 to 24.4 (mean 20.5 [SD 1.8]) kg/m2, and percent body fat
ranged from 6.1% to 36.8% (mean 24.0% [SD 9.7%]). The
information from the long form of the International Physical
Activity Questionnaire confirmed that participants were
physically inactive (mean moderate to vigorous PA 95-150
minutes per week). All participants were right hand dominant.

The Pearson correlation coefficient between the wrist-wearable
activity devices and the criterion measures for TEE and step
counts are displayed in Table 3. All wrist-wearable activity
devices were strongly correlated with mcTEE with correlations
ranging from r=.78 (Shine 2, Amazfit; P<.001) to r=.96 (Loop;
P<.001) for TEE. Only the Flex and Vivofit were significantly
correlated with AGsteps with r=.54 and r=.57, respectively
(P<.05).
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Table 3. The Pearson correlation coefficient between wrist-wearable activity devices and criterion measures for total energy expenditure (kcal) and
step counts.

P valueAGstepsbP valueMcTEEaDevice

.060.45<.0010.78Amazfit (Huami)

.070.44<.0010.85Bong 2s (Meizu)

.020.54<.0010.92Flex (Fitbit)

.010.57<.0010.85Vivofit (Garmin)

.420.20<.0010.88GOLiFE (GoYourLife)

.100.40<.0010.87B2 (Huawei)

.050.46<.0010.87UP3 (Jawbone)

.290.26<.0010.78Shine 2 (Misfit)

.070.44<.0010.96Loop (Polar Electro)

.380.22<.0010.86Pulse O2 (Withings)

.090.42<.0010.91Mi Band 2 (XiaoMi)

aMcTEE: total energy expenditure from the metabolic chamber.
bAGsteps: total steps from the GT3X+ (ActiGraph).

The mean, standard deviation, and bias between wrist-wearable
activity devices and the criterion measures are displayed in
Table 4. For TEE, there were no significant differences between
the Mi Band 2, UP3, Vivofit, and Bong 2s with mcTEE (P>.05).
The Flex, Shine 2, and Loop overestimated TEE significantly
as noted by the positive bias values ranging from 7.0% (Loop)
to 19.0% (Shine 2; P<.05). On the contrary, Amazfit, GOLiFE,

B2, and Pulse O2 underestimated TEE significantly as noted
by the negative bias values ranging from 5.6% (GOLiFE) to
26.6% (Amazfit; P<.05). For step counts, there were no
significant differences between the Bong 2s, GOLiFE, and Pulse
O2 with AGsteps (P>.05). The remaining devices overestimated
the AGsteps significantly as noted by the positive bias values
ranging from 9.7% (Shine 2) to 24.3% (Loop; P<.05).

Table 4. Mean, standard deviation, and bias between wrist-wearable activity devices and criterion measures for total energy expenditure (kcal) and
step counts (n=19)a.

P valueBiasStep countP valueBiasTEEP (kcal)b
Device

<.0011766.6 (1753.8)11,910.3 (1864.3)<.001–542.0 (188.2)1496.6 (249.1)Amazfit

.16–557.4 (1602.6)9586.4 (1600.6).98–0.9 (164.5)2037.7 (208.8)Bong 2sc

<.0012084.0 (1327.0)12,228.2 (1377.3)<.001287.0 (118.7)2325.6 (272.2)Flex

<.0012267.9 (1300.6)12,411.7 (1396.8).961.9 (162.2)2040.5 (290.4)Vivofit

.12968.1 (2497.2)11,111.8 (2374.5)<.001–113.6 (144.9)1925.0 (246.8)GOLiFE

<.0012050.1 (1456.7)12,193.9 (1246.1)<.001–115.9 (146.7)1922.8 (258.1)B2b

<.0011887.7 (1464.4)12,031.5 (1430.4).06–68.1 (148.5)1970.5 (282.4)UP3

.04983.4 (1820.4)11,127.2 (1590.4)<.001387.9 (209.7)2426.5 (324.4)Shine 2

<.0012469.2 (1714.2)12,613.0 (1785.6)<.001143.2 (92.4)2181.8 (312.1)Loop

.08963.3 (2160.9)11,107.1 (1984.9)<.001–152.6 (154.2)1886.0 (261.4)Pulse O2

<.0011842.6 (1560.2)11,986.3 (1487.9).06–59.5 (128.5)1979.1 (239.0)Mi Band 2c

a Criterion values: McTEE 2038.6 (299.8) kcal; AGsteps 10143.8 (1396.5).
bTEEP: predicted total energy expenditure.
cAdd rest energy expenditure.

MAPEs for the various devices are illustrated in Figure 1. For
TEE, the magnitude of MAPE was least for the Mi Band 2
(5.7%) and highest for the Amazfit (26.4%; Figure 1A). For

step counts, the magnitude of MAPE was least for the Bong 2s
(14.2%) and highest for the Loop (27.6%; Figure 1B).
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Figure 1. Mean absolute percentage error for total energy expenditure and steps estimated by wrist-wearable activity devices.

Equivalence test results are displayed in Figure 2. For TEE, the
calculated 90% confidence interval from the Mi Band 2, UP3,
Vivofit, and Bong 2s fell within the equivalence zone, indicating
equivalence with mcTEE at the group level. The B2 and
GOLiFE were close to the equivalence zone (Figure 2A). For

step counts, no device was equivalent with AGsteps, however
the Bong 2s was closest to the equivalence zone (Figure 2B).
All the Bland-Altman scatter plots displayed no systematic bias
for all wrist-wearable activity devices (Multimedia Appendix
1).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e18320 | p.30http://mhealth.jmir.org/2021/1/e18320/
(page number not for citation purposes)

Hao et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 2. Agreement on total energy expenditure (kcal) and step counts between criterion measured and devices on 95% equivalence testing. Dashed
lines indicate the equivalence zone from criterion measured. Dark lines indicate the 90% confidence interval of estimated values from the devices.
*Within the equivalence zone. Δ: mean value estimated by activity devices.

Discussion

Principal Findings
This study aimed to determine the validity of 11 wrist-wearable
activity devices for monitoring TEE and total step counts in
adolescents during simulated free-living conditions. For TEE,
we found that the predicted values by all wrist-wearable activity
devices were strongly correlated with TEE obtained from the
metabolic chamber and the Mi Band 2, UP3, Vivofit, and Bong
2s measured TEE accurately. For step counts, only the Flex and
Vivofit had moderate correlations with the steps obtained by
the GT3X+. The Bong 2s, GOLiFE, and Pulse O2 steps were
similar to AGsteps. Overall, the wrist-activity devices listed
above tended to show good validity when monitoring TEE but
not in monitoring step counts at the individual and group levels.

For TEE, the UP3 and Pulse O2 underestimated TEE, and the
Flex and Shine 2 overestimated TEE. This finding aligns with
previous studies [28,29] showing the UP3, Shine 2, FuelBand,

and Pulse O2 compared with criterion measures such as the
SenseWear and TEE from a metabolic chamber. The MAPE
for the Pulse O2 and Shine 2 (10% to 20%) were similar to
those obtained by Ferguson [20]. However, for the UP3, the
MAPE in this study was 6.3% which differs widely from values
observed by Ferguson [20] and Brooke [19] that reported error
rates of more than 29.8% and 22.8%, respectively. Murakami
showed the UP3 had a MAPE of 13% compared with TEE from
the metabolic chamber and an error rate of more than 20%
compared with doubly labeled water. However, Murakami [28]
reported using a different reference standard for TEE obtained
from the metabolic chamber than the one used in this study. It
should be noted, however, that the metabolic chamber had higher
accuracy and precision for total daily energy expenditure than
doubly labeled water according to the study by Melanson et al
[29]. The comparisons may have more accuracy when
considering the metabolic chamber as the gold standard for
measuring TEE.
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This is the first study to examine the validity of Mi Band 2, B2,
and Bong 2s on estimating TEE. All three devices were
significantly correlated with the TEE, and the Mi Band 2 and
Bong 2s estimated TEE accurately. Since the Mi Band 2, B2,
and Bong 2s only provided PA energy expenditure output, the
predicted resting metabolic rate using the revised
Harris-Benedict equation was added to PA energy expenditure
measured by these devices in order to provide a more
appropriate comparison with TEE in our study. Accordingly,
interpretation of the results for these devices requires caution.

This study found that all of the wrist-wearable activity devices
overestimated the AGsteps with the exception of the Bong 2s.
It is likely that recording total step counts in a free-living setting
over a longer duration (ie, 24 hours) resulted in different findings
from studies that measured walking for shorter periods of time
[30-32]. However, there are similarities in results with
Rosenberger et al [13], who showed the UP3 overestimated
total steps on the order of 20%, and by Chu et al [16] and
Sushames et al [17], who showed that the Flex overestimated
total steps from 15.5% to 47.2% (both P<.05). Unlike our study,
Dominick et al [15] and Reid et al [14] showed the Flex can
monitor total steps accurately. However, this discrepancy may
be due to different characteristics of the participants studied.
The proportion of female participants was nearly 80% in the
previous two studies [14,15]. Ferguson et al [20] and Farina et
al [33] found that the UP3 and Shine 2 underestimated total
steps by 3% and 11%, respectively. This differed from our study,
which showed the UP3 and Shine 2 overestimated total step
counts by 16.9% and 21.1%, respectively. A possible reason
for the underestimation observed by Ferguson [20] and Farina
[33] is that their participants were aged 20 to 84 years while the
participants in our study were aged 14 to 18 years. In past
studies, older adults were shown to be less active compared
with younger people [7]. With the lower activity levels and
shorter time for monitoring exercise duration, a relatively small
range of movement may be overlooked by sensor [34-37].
Therefore, studies are needed with wrist-wearable activity
devices in persons with wide age differences who are measured
in similar experimental settings so as to assess the accuracy of
wrist-wearable activity devices objectively and widely. Further,
few [20,28] or no studies have assessed some of these devices,
such as the Pulse O2, Mi Band 2, B2, Bong 2s, Amazfit, and
GOLiFE Care-X, as done in this study.

As the criterion measure of step counts, the GT3X+ was worn
on the nondominant wrist in this study in order to standardize
the study design and minimize the measurement variation
introduced by the placement of the devices. Compared with
hip-worn accelerometers, wrist-worn accelerometers may be
less intrusive, particularly during sleep, and may thus engender
higher compliance. Wrist-worn accelerometers have been used
to monitor children’s and adolescents’ physical activity for
nearly two decades [38]. In their PA surveillance activities, the
National Health and Nutrition Examination Survey previously
used a uniaxial accelerometer worn on hip to assess PA
(2003-2004 and 2005-2006) but has now changed its protocol,
asking participants to wear a triaxial accelerometer on the wrist
instead of hip in their 2011-2014 surveillance systems, which
include persons aged 6 years and older [39].

As a whole, in this study all wrist-wearable activity devices
overestimated step counts by 963 to 2469 steps as compared
with the GT3X+. It is noteworthy that users may reduce PA if
wrist-wearable activity devices overestimate steps, as this may
cause the illusion of achieving the goal of fitness and prevent
consumers achieving the goal indirectly. This specific type of
information about the accuracy of step monitoring devices may
be valuable to consumers considering purchasing such devices.
That said, contemporary wrist-wearable activity devices have
emphasized wrist locations by the manufacturers for their less
obstructive placement and user’s convenience in checking their
progress throughout the day. Wrist locations also facilitate
integration with telecommunications features (ie, smart watch),
enable sleep detection, and promote participant compliance
[40].

In this study, we found that the price and performance of
wrist-wearable activity devices seems to be unrelated. The most
inexpensive wrist-wearable activity device, Bong 2s, was one
of the best performing activity devices, while more expensive
activity devices (Loop, Flex, B2) showed a large difference in
accuracy, a finding similar to results in the study by Ferguson
et al [20]. It is likely that the addition of smartphone
connectivity, intelligence, wearability, and esthetics contribute
to higher priced wrist-wearable activity devices.

Strengths and Limitations
Our study has some strengths. First, participants were
adolescents aged 14 to 18 years. In all previous studies, samples
included adults and older people only. The addition of this study,
combined with investigations with a broader age range of
participants, can provide more confidence that the results can
be generalized to a broader population, especially teenagers
who typically have lower levels of physical activity in many
societies [4]. Second, we used the metabolic chamber as a gold
standard criterion measure for TEE. A high-precision metabolic
chamber allowed precise measurement of EE which facilitated
the output of credible results. Beyond that, the cubage of the

metabolic chamber is 11.4 m2, similar to a household room.
Accordingly, we could simulate a free-living environment to
monitor daily behavior in a real-time 24-hour daily life. Third,
compared with previous studies, we examined the accuracy of
a wide range of wrist-wearable activity devices: Mi Band 2,
Flex, UP3, Vivofit, Shine 2, B2, Bong 2s, GOLiFE Care-X,
Pulse O2, Amazfit, and Loop. The price of the wrist-wearable
activity devices ranged from US $18 to $250, which is suitable
for people in different consumer stratums. Collectively, the
results in our study can inform decision making about the use
of wrist-wearable activity devices.

This study is not without limitations. First, we did not assess
the reliability of the wrist-wearable activity devices. Poor
reliability can negatively impact validity. In further studies, we
need to test the reliability of wrist-wearable activity devices to
ensure consistency among the different brands. Second, we need
to further test wrist-wearable activity device monitors to assess
multiple parameters such as different types of PA EE, distance,
time of various intensity, sleep, and so on, which may impact
the validity of the devices. Additionally, the results of our
research should be carefully considered for application to
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overweight and obese people. Finally, according to the time
schedule in the metabolic chamber, there were many activities
of daily life (eg, listening to music, doing housework, writing),
but these data were not revealed in detail in this paper.

Conclusions
In conclusion, the Mi Band 2, UP3, Vivofit, and Bong 2s
wrist-worn activity devices estimated TEE accurately both at
individual and group level as compared to the TEE obtained in

a metabolic chamber. The Bong 2s, GOLiFE, and Pulse O2
were similar to total step counts recorded by the GT3X+ at the
individual level. No devices were equivalent with total step
counts from the GT3X+ at the group level. With the upgrade
and expansion of the measurement abilities of the wrist-wearable
activity devices, the research field should regularly assess the
accuracy of new devices to ensure that the wrist-wearable
activity devices can be used with confidence in scientific
research and by practitioners in daily life.
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Abstract

Background: The COVID-19 epidemic is still spreading globally. Contact tracing is a vital strategy in epidemic emergency
management; however, traditional contact tracing faces many limitations in practice. The application of digital technology provides
an opportunity for local governments to trace the contacts of individuals with COVID-19 more comprehensively, efficiently, and
precisely.

Objective: Our research aimed to provide new solutions to overcome the limitations of traditional contact tracing by introducing
the organizational process, technical process, and main achievements of digital contact tracing in Hainan Province.

Methods: A graph database algorithm, which can efficiently process complex relational networks, was applied in Hainan
Province; this algorithm relies on a governmental big data platform to analyze multisource COVID-19 epidemic data and build
networks of relationships among high-risk infected individuals, the general population, vehicles, and public places to identify
and trace contacts. We summarized the organizational and technical process of digital contact tracing in Hainan Province based
on interviews and data analyses.

Results: An integrated emergency management command system and a multi-agency coordination mechanism were formed
during the emergency management of the COVID-19 epidemic in Hainan Province. The collection, storage, analysis, and
application of multisource epidemic data were realized based on the government’s big data platform using a centralized model.
The graph database algorithm is compatible with this platform and can analyze multisource and heterogeneous big data related
to the epidemic. These practices were used to quickly and accurately identify and trace 10,871 contacts among hundreds of
thousands of epidemic data records; 378 closest contacts and a number of public places with high risk of infection were identified.
A confirmed patient was found after quarantine measures were implemented by all contacts.

Conclusions: During the emergency management of the COVID-19 epidemic, Hainan Province used a graph database algorithm
to trace contacts in a centralized model, which can identify infected individuals and high-risk public places more quickly and
accurately. This practice can provide support to government agencies to implement precise, agile, and evidence-based emergency
management measures and improve the responsiveness of the public health emergency response system. Strengthening data
security, improving tracing accuracy, enabling intelligent data collection, and improving data-sharing mechanisms and technologies
are directions for optimizing digital contact tracing.

(JMIR Mhealth Uhealth 2021;9(1):e26836)   doi:10.2196/26836
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Introduction

The COVID-19 epidemic is still spreading rapidly worldwide.
Tens of millions of people have been infected, and the number
of infections is still growing rapidly. Most countries or regions
are still in states of public health emergency. Although China,
the United States, and other countries have successfully
developed COVID-19 vaccines, the production and application
of the vaccines still have large gaps. Moreover, effective drugs
for treatment of COVID-19 have not been successfully
developed. Therefore, quickly identifying and tracing individuals
infected with COVID-19 and their contacts and adopting active
emergency management measures, such as travel restrictions,
health monitoring, and home-based quarantine, are necessary
for all countries and regions to overcome the COVID-19
epidemic [1].

Contact investigation has always been an important public health
strategy and a key process in epidemic emergency management.
The scale of COVID-19 infection poses a major challenge to
contact investigation [2]. Traditional manual contact
investigation is conducted through telephone or face-to-face
interviews, and these processes are usually slow, laborious, and
inefficient; therefore, it is difficult for health officials and
disease control staff to obtain all the information of all contacts
[2-5]. In addition, traditional manual contact tracing is not
effective in identifying and managing asymptomatic and mildly
symptomatic infected individuals, who account for 84% of the
total number of infections [6,7]. Traditional manual contact
tracing is also unlikely to be implemented for displaced migrants
[8]. Some medical experts believe that COVID-19 may develop
into a seasonal epidemic, similar to influenza, which creates
great challenges for traditional manual contact tracing [9].

Digital contact tracing uses electronic information to identify
exposures to infection; it has the potential to address the
limitations of traditional contact tracing, such as scalability,
notification delays, recall errors, and contact identification in
public spaces [10,11]. Current digital technology enables the
continuous tracing of individuals and locations using mobile
phones, GPS, wireless fidelity (Wi-Fi), and Bluetooth to record
and trace the spatiotemporal trajectory of individuals to identify
potential contacts [12,13]. These systems can help overcome
the limitations of manual contact tracing [12]. An empirical
study proved that the widespread use of digital contact tracing
can reduce the spread of epidemics, and far fewer individuals
are placed in isolation when such systems are applied [12].

The data storage and processing models of digital contact tracing
adopted by some countries and regions are generally divided
into centralized and decentralized models [14]. In the centralized
model, anonymized data are uploaded from people’s contact
information to centralized servers; then, health authorities can
check, notify, and manage previous contacts [14,15]. In
comparison, the decentralized model locally stores these key
codes and allows users to (1) notify the system if they have
tested positive (or not), so the mobile app will upload the last
14 days of locally stored keys to the server; and (2) voluntarily
check their risk exposure, that is, whether they have been in
contact with someone who may have been infected, by

downloading the uploaded keys from the server and matching
locally against the stored keys to evaluate their risk of exposure
[14].

South Korea and China have adopted the centralized model for
digital contact tracing [2]. Korea’s Center for Disease Control
and Prevention (CDC) built the COVID-19 Smart Management
System based on big data, such as security cameras, credit card
records, and even the GPS of cars and mobile phones, to trace
people who may be exposed to COVID-19 and to implement
quarantine measures [16]. The mainland Chinese government
has developed a smartphone applet to collect residents’
self-reported health characteristics and travel history and to
combine the location information generated by the users’
specific quick response (QR) codes to trace infected persons
and contacts for individual risk assessment. A health code is
generated for the identification of personal infection risk; this
code serves as a voucher for passage, work resumption, and
school resumption [10,16]. The COVID-19 epidemic emergency
management strategies in Hong Kong and Taiwan focus on the
isolation of imported cases. Hong Kong has designed a
compulsory electronic wristband with a mobile app, which all
travelers entering Hong Kong are required to wear [16]. The
device alerts the authorities when a traveler leaves their
designated quarantine place [16]. Taiwan authorities used the
National Health Insurance Database and the Immigration and
Customs Database to match symptoms and travel experiences
to identify people who may have been exposed to COVID-19
[16].

The decentralized model was adopted by countries and regions
such as Europe, North America, and Singapore [2]. Google,
Apple, the Massachusetts Institute of Technology, Singapore
authorities, and some European consortia have developed apps
based on smartphone Bluetooth technology that can notify users
if they have been in contact with confirmed patients [2,10,17].
These apps use the Bluetooth signal strength to infer the distance
between smartphones and define the user’s exposure status
based on the distance and time of proximity to individuals who
are subsequently identified as infected. The apps are adopted
with users’ permission and do not collect user data in any
centralized digital or information system [2,10,17].

App-based digital contact tracing in a decentralized mode can
only be effective when used by 40%-70% of smartphone users
[3]. The early results of the adoption of Singapore’s
Bluetooth-based digital contact tracing app showed that only
20% of the population had installed the app as of April 21, 2020,
because of its operational complexity, the limitations of the
underlying technology, and citizen trust [2]. The proportions
of countries in Europe and North America that adopted such
apps were even lower [15]. Europe, North America, and other
Western regions are relatively adverse to digital contact tracing
under the centralized model due to considerations of public
freedom and privacy; these countries also rejected strict
emergency management measures for similar reasons at the
beginning of the COVID-19 epidemic, which led to uncontrolled
spread of the epidemic [18,19]. Fortunately, after recognizing
the importance of strict emergency management measures,
Western countries subsequently adopted measures to address
the COVID-19 epidemic and achieved good results. Practices
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have proved that governments must take a more active role in
COVID-19 epidemic emergency management; digital contact
tracing in a centralized model may become the mainstream
measure for major epidemic emergency management worldwide.

An empirical study [14] showed that the use of a centralized
model for digital contact tracing is more effective, and the
minimum utilization or coverage rate of the centralized model
in epidemic control is remarkably lower than that of the
decentralized model; however, this study ignored the unique
problems faced by the centralized model in the implementation
process. Taking Mainland China as a typical example, the health
code applets developed in Mainland China based on WeChat
social software and Alipay payment software have high
utilization rates, which may meet the requirements for effective
contact tracing. However, the objectivity of health codes is
insufficient, and their effectiveness is weakened because of the
autonomy of users to report their health characteristics and
contact history and the arbitrariness with which users scan
designated QR codes in various places to determine location
information.

Therefore, this study aimed to overcome the insufficient use
and objectivity of existing digital contact tracing–related
practices and provide new solutions to further improve the
effectiveness and reliability of digital contact tracing. Hainan
Province, China, was selected as the case in this study. Hainan
Province adopted a centralized model to conduct contact tracing
during the COVID-19 epidemic. Moreover, the model gathered
multisource epidemic data that relied on the government’s big
data public service platform, which enabled government
agencies to apply graph database algorithms, data visualization,
and other digital technologies to determine and trace contacts
from hundreds of thousands of epidemic records. This study
describes the organizational process, technical process,
application prospects and possible obstacles of digital contact
tracing in Hainan Province, which may provide a more effective
solution and technical support for other countries and regions.

Methods

Case Selection
Hainan Province is one of the most popular tourist destinations
among Chinese and even global tourists because of its tropical
island scenery. Due to the massive influx of tourists, the flow
rate of the population of Hainan Province is very large.
Additionally, due to the geographical location of the island, the
influx of infected individuals is the main challenge in the
emergency management of the COVID-19 epidemic. As of
August 7, 2020, Hainan Province reported a total of 171
confirmed individuals infected with COVID-19 [20]. The vast
majority of these cases were identified between January 22 and
February 19, 2020 (168 cases); only 3 cases appeared in the
next 6 months [20]. This outcome proved the success of the
emergency management strategy of the COVID-19 epidemic
in Hainan Province.

Hainan Province issued the “Regulations on the Development
and Application of Big Data in Hainan Province” in October
2019 [21], which clarifies relevant regulations on the

development and sharing of big data, application and industry
promotion, data security, and legal responsibility at all levels
of government agencies. According to the regulations, Hainan
Province established the Big Data Administration and the big
data public service platform to collect the transaction
information system data of government agencies at all levels
[21]. These regulations helped Hainan Province become one of
the first provinces in China to use digital technology to respond
to the COVID-19 epidemic [22]. Hainan Province relied on the
government’s big data public service platform to gather
epidemic multisource big data and used graph database
algorithms to determine and trace contacts, which achieved
good results. Hainan Province was selected as the case in our
research to better demonstrate the innovative ideas and
technologies of digital contact tracing development in the
context of big data.

Materials

Qualitative Materials
We conducted semistructured interviews in collaboration with
the project manager and technical staff of the Big Data
Administration who were in charge of Hainan’s COVID-19
epidemic digital contact tracing project to understand the details
of the whole process. We explained the purpose and content of
the interview to the interviewees before the interview, recorded
the outlines during the interview, and transcribed the voice
recording to text format after the interview.

Quantitative Materials
Under the leadership and coordination of the Command of
Hainan Provincial Epidemic Prevention and Control, the Hainan
Provincial Big Data Administration collected epidemic data
from different agencies, including epidemic investigation
records, confirmed infected individuals’ information and their
spatiotemporal trajectory, high-risk population information,
information on close contacts and patients with fever, and the
mobile phone signaling data of imported residents or travelers
with a history of residence in Hubei Province (patients with
COVID-19 were first reported in Wuhan, Hubei Province, and
Hubei Province accounted for the majority of cases in China).
The information in the specific databases is shown in Table 1.
The technical personnel organized by the Hainan Provincial
Big Data Administration cleaned and integrated the multisource
epidemic data, then uploaded the data to the government’s big
data public management platform. The platform provided hive
data warehouse tools to help authorized personnel manage,
extract, query, and analyze data. The time range covered by all
the databases was January 21 to February 9, 2020. The
collection, storage, and analysis of all data in this study were
completed by the administrative officials and technical personnel
authorized by the Hainan Provincial Big Data Administration.
The authors of this paper had no authority to participate in any
specific process. The only information possessed by the authors
was the organizational process, technical process, and analysis
results provided by the Hainan Provincial Big Data
Administration. No data or information in this study involved
citizens’ sensitive or private information.
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Table 1. Data collection list of COVID-19 epidemic digital contact tracing in Hainan Province.

Collection methodSample size (n)DescriptionData providerDatabase

The health committee orga-
nizes the disease prevention
and control center, commu-
nity health service agencies,
and community (village)
resident committees to con-
duct household surveys and
telephone verifications.

205,833Used to understand where
citizens have gone and who
they have contacted

Health CommitteeResident trajectory informa-
tion database from Hubei
Province

Reported by medical and
health institutions

163Used to understand which
patients have died or have
recovered and been dis-
charged

Public Security Department;
Health Committee

Confirmed Person Informa-
tion Database

Summary of Center for Dis-
ease Control information

2,269Used to understand the close
contacts of high-risk individ-
uals in confined spaces

Epidemic Prevention and
Control Headquarters

Information database of
high-risk groups and close
contacts

Hospitals report through the
health committee informa-
tion system

113,606Used to understand who was
infected, where the person
was treated, whether the in-
fected person recovered, and
where the infected person
lives

Epidemic Prevention and
Control Headquarters

Hospital fever information
database

Directly provided by China
Mobile, China Unicom,
China Telecom, and China
Broadcasting Network Corp,
Ltd

231,296Used to understand where
people moved to and are
staying

Communications operator
branch

Mobile phone signaling
database

Main Methods

The Graph Database and Its Algorithm
A graph database is a new type of database system based on
graph theory and algorithms that efficiently processes complex
relational networks. A graph database can efficiently process
large-scale, complex, interconnected, and changeable data, and
its computational efficiency is far higher than that of a traditional
relational database [23]. A graph database is scalable and
flexible, is suitable for complex relationship management and
relationship query reasoning, and reveals implicit relationships
between entities [24].

Most graph databases provide a query language that is suitable
for representing graph structures and graph query. Neo4j (Neo4j,

Inc) is a Java-based open-source graph database with high
performance, high reliability, and strong scalability [23]. The
graph database model based on Neo4j is shown in Figure 1. The
information modeling of Neo4j includes three structural units:
nodes, relationships, and properties [25]. Each node in the
database graph can establish a relationship with any other node,
and each node can set multiple properties [25]. Each relationship
in the graph must have a start node and an end node, and each
relationship can also set multiple properties [25].

Our research used the Cypher algorithm of Neo4j version 3.4.15
to construct an association graph among the high-risk
population, the general population, vehicles, public places, and
other key information; reveal the hidden network of
relationships; and identify the risks in the relationships to
identify and trace the contacts of COVID-19 cases.
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Figure 1. Graph database model based on Neo4j.

Data Visualization and Interactive Operating System
Based on ECharts
ECharts (Apache Software Foundation) is an open-source
visualization tool based on JavaScript that can run smoothly on
personal computers and mobile devices and is compatible with
most current web browsers. The bottom layer relies on a vector
graphics tool, ZRender, to provide intuitive, interactive, and
highly personalized data visualization [26]. ECharts uses
incremental rendering technology (4.0+) with various detailed
optimizations to display tens of millions of data points, and it
can still perform smooth zoom and pan interactions at this data
level [26]. ECharts provides legends, visual mapping, data area
zoom, tooltips, and data-filtering interactive components, which
can perform multidimensional filtering and view zooming and
display details [26].

Our research used ECharts to visualize basic data and the results
of the graph database algorithms as well as to develop web
portals and interactive operating systems to intuitively and
dynamically query and analyze epidemic data.

Results

Organizational Process of Digital Contact Tracing
During the COVID-19 Epidemic in Hainan Province
Based on the data planning, data collection, data storage, data
analysis, and data application processes involved in the data
life cycle, we used interview data to summarize the activities
performed by various participants in the digital contact tracing
process of the COVID-19 epidemic in Hainan Province. The
specific organizational process is as follows.

Data Planning Process
Data planning includes organization, assessment of the situation
and demand, and the formulation of strategic goals. This project
was initiated by the Hainan Provincial Command of COVID-19
Epidemic Prevention and Control on January 29, 2020. The
governor of Hainan Province, as the person in charge, instructed
various government departments to cooperate with the Big Data
Administration to apply big data technology to COVID-19
epidemic emergency management–related work. That is, the
Hainan Provincial Command of COVID-19 Epidemic
Prevention and Control played a leading and coordinating role,
the Hainan Big Data Administration played a leading role in
implementation, and other government departments played
cooperative roles. Thus, an integrated and flat organizational
structure and coordination mechanism were formed.

The Hainan Big Data Administration immediately assessed the
COVID-19 epidemic situation and emergency management
measures, coordinated communication with the Command of
COVID-19 Epidemic Prevention and Control and other relevant
government departments, and organized epidemiologists and
big data technicians to formulate an implementation plan. The
plan determined the specific implementation details of using
multisource epidemic big data for digital technology tracing
and submitted achievable data requirements to the Command
of COVID-19 Epidemic Prevention and Control. Then, the
COVID-19 Epidemic Prevention and Control headquarters
coordinated the cooperation of work by relevant departments
and provided the specified data.

Data Collection Process
Hainan Provincial Big Data Management collected the first
batch of data in Excel format (Microsoft Corporation) from the
Command of COVID-19 Epidemic Prevention and Control,
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Public Security Department, Health Commission,
communication operators, and other departments on February
10, 2020.

Data Storage Process
The technicians of the Hainan Provincial Big Data
Administration cleaned and merged the data under the guidance
of officials and epidemiologists, uploaded all databases to
Hainan’s big data public service platform, and used the hive
data warehouse tool to manage, extract, query, and analyze the
data.

Data Analysis Process
The data technicians of the Hainan Provincial Big Data
Administration retrieved data from Hainan’s big data public
service platform; used the graph database Neo4j algorithm to
perform association analysis on key populations, vehicles, and
public places; and then used ECharts to visualize the data
analysis results and determine contacts and high-risk public
places.

Data Application Process
The Hainan Provincial Big Data Administration regularly writes
COVID-19 epidemic contact tracing reports based on the results
of data analysis and reports them to the Command of COVID-19
Epidemic Prevention and Control. The Command of COVID-19
Epidemic Prevention and Control promptly releases early

warning information to the public; strengthens
cross-departmental sharing of information; and guides the Health
Commission, CDC, medical and health institutions, and
grassroots residents’ committees in the implementation of
measures, such as isolation, health monitoring, and nucleic acid
testing of contacts. Measures are also implemented to limit the
flow of people and close high-risk infected public places.

Technical Process of Digital Contact Tracing During
the COVID-19 Epidemic in Hainan Province

Application of the Graph Database Algorithm to
Determine and Trace Contacts
The technicians of the Hainan Provincial Big Data
Administration took confirmed, suspected, and asymptomatic
infected individuals, as well as individuals with a history of
residence in Hubei Province, as the nodes of population; private
cars, trains, and flights as the nodes of transportation; and
communities and shopping malls as the nodes of public places.
The technicians defined a relationship as appearance in the same
public place or vehicle at the same time. Based on these nodes
and relationships, the Neo4j Cypher algorithm graph database
was applied to build an association graph to analyze and display
the associations among key populations, vehicles, public places,
and other key pieces of information. The core algorithm of the
graph database used in our research is shown in Table 2.

Table 2. Hainan provincial digital contact tracing core algorithm based on a graph database.

Algorithm descriptionSpecific algorithmAlgorithm function

“Individual” means the individuals included in
the analysis; “sameTransportation” means taking
one mode of transportation at the same time;
“Name” means the name of the analyzed objects;
“ID” is the ID number, where
“ID/ID1/ID2/ID3/ID4/ID...” are the ID numbers
of confirmed, suspected and asymptomatic infect-
ed individuals;”phoneNo” is the mobile phone
number.

MATCH p=(n:Individual)-[r:'sameTransporta-
tion']-(n1)-[rr:'sameTransportation']-(n2)

where n.name<>n2.name

and upper(n.ID) in ['ID1','ID2','ID3','ID4','ID...']

RETURN distinct n.name,upper(n.ID),n.pho-
neNo,n1.name,upper(n1.ID),n1.pho-
neNo,n2.name,upper(n2.ID),n2.phoneNo；

Tracing the travel companions of confirmed,
suspected, and asymptomatic infected individuals

“confirmedindividual” means a confirmed indi-
vidual; “sameID” means the same ID number.

MATCH p=(n:'Individual')-[r1]->()<-[r2]-(nm)-
[r21]->()<-[r22]-(m:'Individual')

where n.is_confirmedindividual in
['yes','sameID']

and m.is_confirmedindividual in ['yes','sameID']

and EXISTS(nm.is_confirmedindividual)=false

and n.ID<>m.ID

return p;

Tracing individuals who have had contact with
>2 confirmed infected individuals

“Transportation” means the transportation includ-
ed in the analysis (private car, train, airplane);
“CarNo1” is the license plate number of a certain
private car.

match p=(n:Transportation)-[*..4]-() where
n.name='CarNo1' return p;

Tracing contacts through transportation modes
with high risk of infection

The representative analysis results of the graph database
algorithm are shown in Figure 2. Figure 2A shows the close
contacts of confirmed cases who rode in the same vehicle and
the second-degree and higher-degree contacts associated with
the abovementioned close contacts in other vehicles. Figure 2B
shows the close, second-degree, and higher-degree contacts
associated with >2 confirmed cases through any means of

transportation or public place. Figure 2C shows the close
contacts associated with confirmed cases through private cars
and communities. The Neo4j software package supports the
export of the information on the close, second-degree, and
higher-degree contacts in Excel format so that the authorities
can implement quarantine measures on the contacts.
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Figure 2. Contact tracing based on the algorithm of the Neo4j software package for the graph database: (A) contacts associated with travel, (B) contacts
associated with >2 confirmed cases, and (C) contacts associated with private cars.

Application of the Graph Database Algorithm to
Determine Public Places With High Risk of Infection
The Hainan Provincial Big Data Administration applied ECharts
data visualization tools to compute and visualize the distribution
of the population with a residence history in Hubei Province in
all cities of Hainan Province. As shown in Figure 3, Haikou,
the administrative center of Hainan Province, and the
well-known tourist city, Sanya, have the largest numbers of
imported residents with a history of residence in Hubei Province;

both populations were greater than 10,000. Overall, the
population of individuals in Hainan Province with residence
history in Hubei Province was more concentrated in coastal
cities than in central cities.

The Hainan Provincial Big Data Administration applied the
graph database algorithm to rank the frequency of confirmed,
suspected, and asymptomatic infected individuals and their
contacts appearing in shopping malls and communities. The
results were used to infer and predict public places with high
risk of infection.
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Figure 3. Distribution of the population of residents of Hainan Province who have a history of residence in Hubei Province.

Application of ECharts to Design Data Visualization
and an Interactive Operating System
The Hainan Provincial Big Data Administration used ECharts
to visualize the basic data and analysis results and also designed
an interactive operating system that can be accessed through a
web page on a browser. The system interface is shown in Figure
4. The interactive operating system displays the total amount
of data processed, the overview of epidemic prevention and

control information, the statistics of the permanent residence
of the imported persons from Hubei Province, the overview of
the graph information, the information of the persons involved
in the graph, and the distribution of high-risk infected
individuals in transportation vehicles and public places. In
addition, the system provides a query function of the graph
analysis results so that administrative officials and disease
prevention and control staff can directly view the graph results
by keyword query.
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Figure 4. Data visualization and interactive system interface designed with ECharts.

Main Achievements of Digital Contact Tracing During
the COVID-19 Epidemic in Hainan Province
The Hainan Provincial Big Data Administration identified
61,439 analysis objects from hundreds of thousands of records
and identified 10,871 contacts. The authorities took measures
to isolate, transport, and monitor these contacts. Hainan
provincial digital contact tracing identified 378 individuals with
the highest infection risk (that is, the highest numbers of contacts
and exposures), including 106 close contacts and 154
second-degree contacts who traveled on the same vehicles, 110
contacts within the same communities, and 8 contacts within
the same malls. The Hainan Provincial Big Data Administration
identified 6 high-risk communities and a number of high-risk
shopping malls. According to the list of the highest-risk infected
individuals and high-risk shopping malls and communities, the
Command of Hainan Provincial COVID-19 Epidemic
Prevention and Control directed health committees, the CDC,
medical and health institutions, grassroot governments, and
community residents’ committees to take mandatory measures
(such as nucleic acid testing, isolation, and intensive treatment)
for the highest-risk infected individuals and to implement
emergency shutdown measures for high-risk public places. As
a result, a patient who was not detected by traditional contact
tracing was discovered through digital contact tracing, which
provided vital information support to comprehensively curb the
spread of the COVID-19 epidemic from the source.

Discussion

Main Findings
We summarized the organizational process, technical process,
and main achievements of the graph database algorithm in
tracing the contacts of COVID-19 cases in Hainan Province,
China. This approach has practical importance in overcoming
the limitations of traditional emergency management measures
and existing digital contact tracing methods. From the
perspective of the organizational process, our research found
that Hainan Province formed a scientific and effective
organizational structure and operating mechanism for digital

contact tracing during the COVID-19 epidemic. The success of
the organizational process is attributed to (1) the establishment
of a special high-level administrative leadership agency to
coordinate the entire process, namely, the Hainan Provincial
Command of COVID-19 Epidemic Prevention and Control; (2)
the clarification of the rights and obligations of relevant
emergency management agencies in the digital contact tracing
of the COVID-19 epidemic; (3) the formation of a flat and
integrated organizational structure and operating mechanism
for multiple agencies to communicate effectively in a timely
manner and achieve collaborative governance; (4) the
establishment of a dedicated big data management department
to provide technical support required for data lifecycle
management; and (5) the establishment of a government big
data public service platform that supports the storage, recall,
and analysis of multisource data according to the centralized
model, and the application of the platform in digital contact
tracing during the COVID-19 epidemic.

From the perspective of the technical process, our research is
based on the use of the Neo4j graph database algorithm and
ECharts data visualization tool to mine and analyze multisource
COVID-19 epidemic big data. Hidden contacts and public places
associated with confirmed patients, suspected patients, and
asymptomatic infections were discovered and traced so that
contacts and high-risk public places could be accurately
identified. The results show that the digital contact tracing in
Hainan Province is compatible with multisource heterogeneous
epidemic big data; it can quickly and accurately find close,
second-degree, or third-degree contacts, and it can identify
public places with high risk of infection. Visualization
technology is of great importance in optimizing public
decision-making [27]. In our research, the interactive operating
system for data visualization developed based on ECharts helps
COVID-19 epidemic emergency management officials to simply
and directly query populations and public places with high risk
of infection, and it can dynamically monitor the epidemic
situation to provide decision support for evidence-based
emergency management strategies for the COVID-19 epidemic.
The digital contact tracing system in Hainan Province can
efficiently detect a large number of people and accurately locate
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the contacts of individuals with COVID-19, which overcomes
the inefficiency and low completeness of traditional manual
contact tracing and helps comprehensively curb the spread of
the COVID-19 epidemic from the source.

Application and Practice Prospects
Our research is expected to overcome the main difficulties faced
in emergency management of the COVID-19 epidemic in
different countries and regions due to their unique political,
cultural, and civic concepts [18,19,28-31]. Our case study in
Hainan Province found that digital contact tracing based on a
graph database algorithm has high flexibility and agility in
responding to the COVID-19 epidemic and may have greater
application prospects in the aforementioned countries and
regions. The majority of countries and regions, especially
countries with more liberal policies, require more rapid and
accurate strategies to identify and trace populations and public
places with high risk of infection to adopt precise quarantine
and emergency measures for these people and places instead of
adopting mandatory measures for all citizens. Because of their
agility and responsiveness, collaboration, communication, and
evidence-based digital contact tracing have important
applications in the early, middle, and late stages of the
COVID-19 epidemic and in the small-scale rebound after
confirmed cases are cleared. In short, our research results have
broad application prospects for different countries and regions
and in different stages of the COVID-19 epidemic.

Limitations and Improvements
The main limitation of our research is the small coverage and
insufficient information of COVID-19 epidemic data. Thus,
tracing high-risk infected populations among the entire
population of Hainan Province and their contacts is impossible.
The participants in digital contact tracing in Hainan Province
are limited to people with a history of residence in Hubei
Province. This selection greatly reduces the scope of digital
contact tracing. In addition, WeChat positioning–based GPS
data, UnionPay consumption data, and railway and flight
passenger information, which can accurately reflect the
trajectory of residents, are owned by enterprises. These
enterprises did not agree to provide users’ spatiotemporal
trajectory data to the Hainan Provincial Big Data Administration
to protect the privacy of their users.

Hainan Province needs to further improve the accuracy of data
contact tracing using a graph database algorithm. Authorities
need to adopt more comprehensive, accurate, and dynamic
population spatiotemporal trajectory data to combat the
epidemic. These data are the key to improve the accuracy of
digital-based tracing. In addition, when confirmed, suspected,
and asymptomatic infected individuals come into contact with
the general population, the distance and duration of exposure
are the main indicators for assessing the risk of cross-infection
[10]. Hainan Province treats people who appeared in the same
mode of transportation, shopping malls, or communities with
confirmed, suspected, or asymptomatic infected individuals at
the same time as contacts. This consideration lacks a threshold
for exposure distance and duration and has a negative impact
on the accuracy of contact tracing. Therefore, the digital contact
tracing based on the graph database algorithm in Hainan

Province needs to determine the thresholds of exposure distance
and duration in different scenarios based on the professional
opinions of experts in disease prevention and control and of
medical staff. Digital technicians need to optimize the algorithm
to improve the precision of digital contact tracing based on the
thresholds of exposure distance and duration.

Furthermore, security issues in the process of digital contact
tracing of epidemics based on a digital government platform
under the centralized model need to be properly resolved in two
aspects: governance and technology. In terms of governance,
the law, system, and data management structure must be
improved for the government to obtain citizens’ personal
information in public health emergencies. Data sharing
standards, authority management, and data security management
in the process of epidemic data analysis and application, as the
bases for the government to adopt useful data to respond to
epidemics under the premise of ensuring the privacy of citizens,
should be clarified. In addition, the government’s use of data
from enterprises, social organizations, and other
nongovernmental organizations to respond to the epidemic needs
to be further clarified and improved. In terms of technology,
data security technologies, such as cryptography methods, data
encryption technologies, system vulnerability monitoring and
repair technologies, virus-killing technologies, and automatic
data deletion technologies, must be comprehensively used in
the digital platform for epidemic emergency management.

Finally, the methods of collecting epidemic data were not
sufficiently intelligent. For example, epidemiological
investigation data were mainly collected by health personnel
through face-to-face interviews with the cooperation of
community resident committees. These data were manually
entered into the information system by the staff of the CDC or
medical institutions. This data collection method was relatively
inefficient and requires substantial staffing. Furthermore, onsite
investigation by staff increases the risk of cross-infection.
Therefore, for digital contact tracing, it is necessary to develop
more intelligent means of completion. Therefore, authorities
should follow the development trend of governance in the digital
age; develop an epidemic emergency management big data
platform with the aid of governmental big data platforms; and
fully use cloud transmission, cloud storage, and cloud computing
technology to realize the real-time and dynamic collection of
epidemic data from the transaction information systems of public
and private agencies through a network interface to replace the
traditional methods of collecting multisource epidemic data.

Conclusion
Hainan Province, China, was selected as the case for this study.
The use of a graph database algorithm and ECharts visualization
tools in Hainan Province to trace contacts and identify high-risk
public places was summarized in a centralized model during
the process of emergency management of the COVID-19
epidemic. Moreover, the organizational and technical processes
of the case we studied can help government agencies to
implement precise emergency management measures and
provide agile, evidence-based decision support to improve the
responsiveness of the public health emergency response system.
The organizational arrangements and technology involved in
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our research can be applied in different countries and regions
to respond to the COVID-19 epidemic and can be applied at
different stages of the COVID-19 epidemic. Future research
should focus on solving the problems of insufficient data
coverage information, insufficient contact tracing accuracy,

insufficient intelligence of data collection methods, security
concerns, and insufficient real-time performance of data sharing
caused by the tradeoff between citizen privacy and public health
security to optimize digital contact tracing.
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Abstract

Background: The classic Marshmallow Test, where children were offered a choice between one small but immediate reward
(eg, one marshmallow) or a larger reward (eg, two marshmallows) if they waited for a period of time, instigated a wealth of
research on the relationships among impulsive responding, self-regulation, and clinical and life outcomes. Impulsivity is a hallmark
feature of self-regulation failures that lead to poor health decisions and outcomes, making understanding and treating impulsivity
one of the most important constructs to tackle in building a culture of health. Despite a large literature base, impulsivity measurement
remains difficult due to the multidimensional nature of the construct and limited methods of assessment in daily life. Mobile
devices and the rise of mobile health (mHealth) have changed our ability to assess and intervene with individuals remotely,
providing an avenue for ambulatory diagnostic testing and interventions. Longitudinal studies with mobile devices can further
help to understand impulsive behaviors and variation in state impulsivity in daily life.

Objective: The aim of this study was to develop and validate an impulsivity mHealth diagnostics and monitoring app called
Digital Marshmallow Test (DMT) using both the Apple and Android platforms for widespread dissemination to researchers,
clinicians, and the general public.

Methods: The DMT app was developed using Apple’s ResearchKit (iOS) and Android’s ResearchStack open source frameworks
for developing health research study apps. The DMT app consists of three main modules: self-report, ecological momentary
assessment, and active behavioral and cognitive tasks. We conducted a study with a 21-day assessment period (N=116 participants)
to validate the novel measures of the DMT app.

Results: We used a semantic differential scale to develop self-report trait and momentary state measures of impulsivity as part
of the DMT app. We identified three state factors (inefficient, thrill seeking, and intentional) that correlated highly with established
measures of impulsivity. We further leveraged momentary semantic differential questions to examine intraindividual variability,
the effect of daily life, and the contextual effect of mood on state impulsivity and daily impulsive behaviors. Our results indicated
validation of the self-report sematic differential and related results, and of the mobile behavioral tasks, including the Balloon
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Analogue Risk Task and Go-No-Go task, with relatively low validity of the mobile Delay Discounting task. We discuss the design
implications of these results to mHealth research.

Conclusions: This study demonstrates the potential for assessing different facets of trait and state impulsivity during everyday
life and in clinical settings using the DMT mobile app. The DMT app can be further used to enhance our understanding of the
individual facets that underlie impulsive behaviors, as well as providing a promising avenue for digital interventions.

Trial Registration: ClinicalTrials.gov NCT03006653; https://www.clinicaltrials.gov/ct2/show/NCT03006653

(JMIR Mhealth Uhealth 2021;9(1):e25018)   doi:10.2196/25018

KEYWORDS

impulse control; impulsivity; self-regulation; self-control; mobile health; mHealth; ecological momentary assessment; active
task; ResearchKit

Introduction

Background
The classic Marshmallow Test performed by Mischel and
colleagues [1] determined that the inability to inhibit short-term
responding in childhood was predictive of lower educational
attainment, lower stress resilience, and higher drug use and BMI
in adulthood. In this test, children were offered a choice between
one small but immediate reward (eg, one marshmallow) or a
larger reward (eg, two marshmallows) if they waited for a period
of time. Despite future research suggesting that multiple factors
such as socioeconomic status mediated the relationship between
delayed gratification and life outcomes [2], the study instigated
a wealth of research on the relationships among impulsive
responding, self-regulation, and clinical and life outcomes
[3-11].

Impulsivity is a multidimensional construct characterized
primarily by the inability to inhibit responding for short-term
rewards despite long-term negative consequences or loss of
potential gains [12-14]. Impulsivity is a common transdiagnostic
feature of many disorders in the Diagnostic and Statistical
Manual [15]. A plethora of psychological and medical studies
have demonstrated the relationship of impulsivity traits to a
variety of physical and mental health outcomes [14,16]. Across
studies and subtypes, highly impulsive individuals were found
to be significantly more likely to suffer from obesity, type II
diabetes, substance use disorder, attention deficit/hyperactivity
disorder (ADHD), gambling problems, bipolar disorder,
borderline personality disorder, and suicidal behaviors, among
others [14,16,17]. Levels of impulsivity not only predict the
onset of numerous conditions but also the likelihood of
successful intervention outcomes [18-20].

Measurement of Impulsive Behavior
Measurement of impulsivity has long been considered
challenging in psychological and medical research due to the
multidimensional nature and heterogeneous manifestations of
the construct [13,14]. Impulsive behavior includes a number of
related but distinct types of traits such as positive and negative
urgency, lack of planning or premeditation, lack of perseverance,
inattention, present and future discounting, response inhibition,
and sensation seeking [13]. Evidence suggests that each of the
subtypes of impulsivity manifests itself in different ways on
self-report and neurobiological and cognitive measurements,
and that different types of measurements have strengths and

weaknesses in identifying underlying components of impulsive
behaviors [21-23].

Consequently, relations between self-report and
performance-based assessment are consistently of low
magnitude, but are independently associated with cognitions
and behaviors [21,24]. For example, a meta-analysis of the
relationship between impulsivity and BMI found that
performance-based behavioral measures of impulsivity yielded
significantly larger effect sizes than questionnaires, and that
different domains of impulsivity were independently associated
with BMI [25]. Because these measures are not highly correlated
but do predict different facets of impulsivity and clinical
outcomes, assessment paradigms should include a wide range
of assessments with the ability to personalize to the specific
clinical context. This assessment methodology will increase
diagnostic accuracy by predicting specific underlying facets to
advance the science rather than focusing on a single construct
of impulsivity [26].

A distinction between impulsivity as a personality type or trait
exhibited over time and across contexts versus a temporary state
influenced by substances and other stimuli also warrants
examination [10]. In general, trait-based personality models of
impulsive behavior reveal robust relationships with life
outcomes [27] and symptomatology [16]. At the same time,
trait-based studies can be confounded by other factors, including
environment, mood, cognition, and social setting [2,28,29], and
are heavily influenced by current state and context.
Consequently, it is important to measure both trait and state
impulsivity via self-report and behavioral measures over time
to better understand the relationship to clinical outcomes in
real-world settings [29]. The majority of trait and behavioral
measures of impulsivity were not designed or validated as state
measures or for use as part of a frequent monitoring assessment
paradigm; however, several initial studies have revealed that
impulsive behaviors can be reliably measured in real-world
settings using ecological momentary assessment (EMA) and
experience sampling [21,29-33].

Mobile Health
Mobile health (mHealth) technology has demonstrated the ability
of smartphone apps and sensors to collect data pertaining to
individual activity, behavior, symptoms, cognition, and context
[34-37]. mHealth research platforms and frameworks, including
Apple’s ResearchKit (iOS) [38] and Android’s ResearchStack
[39], provide the opportunity to develop novel and scalable

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e25018 | p.50http://mhealth.jmir.org/2021/1/e25018/
(page number not for citation purposes)

Sobolev et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/25018
http://www.w3.org/Style/XSL
http://www.renderx.com/


mHealth studies utilizing a variety of patient-reported and
generated data [40,41]. mHealth studies demonstrated the
potential of collecting personalized and frequent multimodal
data in the lived experience of individuals to enhance the
assessment, monitoring, and diagnostics of medical conditions,
and to reveal symptom clusters [42,43].

mHealth technology can further advance the science of
impulsivity by increasing the accuracy with which impulsivity
as a whole can predict negative outcomes such as onset or
exacerbation of psychiatric or medical conditions and treatment
failure. mHealth apps can greatly facilitate intensive longitudinal
studies [44,45] to understand within-subject differences in
impulsive behaviors in everyday contexts. Multimodal methods
for studying the underlying constructs of impulsivity separately
combine behavioral and self-report measures, and include both
trait- and state-based methods to enable a more comprehensive
and frequent assessment of the facets of impulsivity. Each of
these trait and state measures of impulsive behavior can be
further personalized and adapted to individuals and to the
context of the study. This personalized and modular approach
is particularly useful for the study of impulsive behaviors as
they are common in clinical trials of physical, medical, and
psychological conditions.

To expand the measure of impulsivity, we developed mobile
versions of validated laboratory assessments of impulsivity to
be performed on a mobile phone along with daily and
momentary self-report measures using Apple’s ResearchKit

(iOS) [38] and Android’s ResearchStack [39] mHealth
platforms. We combined these measures with traditional
self-report and laboratory measures of impulsivity in a
comprehensive study called the Digital Marshmallow Test
(DMT).

Objective
The primary aim of this study was to advance the science of
impulsivity and the study of impulsive behavior by developing
and refining a mobile diagnostic and monitoring app using trait-
and state-based self-report and performance measurements of
the underlying facets of impulsivity. To achieve this goal, we
conducted a 21-day intensive longitudinal study measuring
facets of impulsivity using the mobile DMT app.

Methods

DMT App

Overall App Design
We developed a mobile monitoring app for remote assessment
and monitoring of impulsive behavior called the DMT. The
DMT app was developed based on Apple’s ResearchKit (iOS)
and Android’s ResearchStack open source frameworks for
developing health research study apps (Figure 1), which allow
for researchers to easily develop intuitive and standardized
data-collecting mobile apps. The DMT app consists of three
main modules: baseline self-report, EMA of the current state,
and active behavioral performance tasks (Figure 2).

Figure 1. Digital Marshmallow Test (DMT) mobile apps for Apple (iOS) and Android.
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Figure 2. Active performance tasks and self-report in the Digital Marshmallow Test (DMT) app.

Self-Report
Self-report data and patient-reported outcomes are ubiquitous
in behavioral and medical research. Self-report measures of
personality and traits are common in assessments of impulsivity
in clinical trials and practice [29]. We collected a variety of
clinically relevant self-report measures and outcomes using
semantic differentials [46], general trait measures of impulsivity
[13,47], and daily measures of impulsivity [29] as described
below.

EMA
EMA methods involve repeated sampling of subjects’ current
behaviors and experiences [48]. EMA measures are commonly

used in clinical trials and mHealth research. For impulsivity,
EMA methodology can be used to understand intraindividual
variability and the situational factors of impulsive behavior
[29,49]. Our DMT app includes a variety of EMA questions
based on the semantic differential scale [46,50] that are
prompted in the morning and the evening every day.

We also implemented the Photographic Affect Meter (PAM;
Figure 3) to measure emotional state and affect. The PAM is
designed for assessing momentary response in which users
choose an image that best represents their emotion at a given
time [51]. We used the positive and negative affect scores from
the PAM that had been validated to correspond to the Positive
and Negative Affect Schedule (PANAS) [52].
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Figure 3. Photographic Affect Meter (PAM) for ecological momentary assessment.

Active Performance Tasks
Active performance tasks are some of the more innovative parts
of Apple’s ResearchKit (iOS) [38] and Android’s ResearchStack
[39] open source frameworks. These tasks invite users to
perform activities under partially controlled conditions while
phone sensors are used to collect data. ResearchKit [38] includes
several predefined documented tasks developed by Apple and
the research community [53], which fall into categories such as
motor activities, fitness, cognition, and speech. ResearchStack
supports a wide variety of community-contributed apps,
although at the time of writing there is no centralized listing or
repository of these tasks. In the cognition category, one relevant
example is the adaptation of the classic Stroop Color and Word
Test that is widely used in clinical practice and psychological
research [54].

As part of the DMT app and study, we adapted three relevant
behavioral and cognitive performance tasks to mobile devices.
Specifically, we adapted three laboratory behavioral measures
related to impulse control: mobile Balloon Analogue Risk Task
(mBART), mobile Go-No-Go (mGNG), and mobile Delay
Discounting (mDD). These tasks were modified visually to
conform to mobile phone specifications, and were adapted to
be used daily to measure behavioral manifestations of impulse
control and behavior. For example, the mBART presented users
with 15 balloons in each trial and took about 2 minutes to
complete (Figure 3). Additional details on the development of
active tasks can be found in the DMT project folder at the OSF
[55].

ResearchKit and ResearchStack
We developed DMT using an extension of Apple's ResearchKit
(iOS) and Android’s ResearchStack open source frameworks
for developing research study apps, which allow researchers to
easily develop intuitive and standardized data-collecting mobile
apps. These platforms are designed to meet the requirements of
most scientific research, including capturing participant consent,
extensible input tasks, and the security and privacy needs
necessary for Institutional Review Board approval. The
extension was built on top of ResearchKit and ResearchStack,
and extends the available surveys to include adaptable visual
assessments and custom performance tasks such as the BART,
and supports integration of the Ohmage-Omh [56,57] backend
out of the box. Other server integrations can easily be created,
such as the Sage Bionetworks Bridge Platform [40].

The structure of an app is defined by a JavaScript Object
Notation (JSON) file, which specifies the survey or active task
steps to be instantiated by the app. The JSON file is converted
into an array of Step objects, which the app uses to create a task
using the Task Builder that is then presented to the research
participant. The results of the task are handled by the Results
Processor, which includes modules for storing the results locally
and emailing them to the researcher, sending them to the
Ohmage-Omh study manager, or sending them to a custom
server. For example, to create the mBART for DMT (Figure
4), a researcher would need to create a JSON file [55]. The
mBART consists of three steps: (1) an instruction step
introducing the study, (2) the mBART active step, and (3) a
final instruction step thanking the participant.
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Figure 4. Example of an active task: mobile Balloon Analogue Risk Task (mBART).

Testing
Ten beta users tested app functionality between August and
November 2016. Both iOS and Android platforms were tested,
feedback was provided to the developers, and a second version
of the app was released in December 2016. The final version
used for the study was released in January 2017.

DMT Study

Participants
Participants were recruited from the Genotype and Phenotype
Registry [58], a genetics bank initiated and managed by the
Feinstein Institute for Medical Research at Northwell Health
[59]. Participants completed a brief anonymous online screening
assessment, which indicated whether or not they were eligible
to participate in the study. Eligible participants then completed
a phone call with a researcher, which involved a general
overview of informed consent and scheduling a one-time
in-person appointment at the Northwell Health lab. All study
data were sent to a HIPAA (Health Insurance Portability and
Accountability Act)-compliant database server provided by
Sage Bionetworks. This study was approved by the Feinstein
Institute of Medical Research within the Northwell Health
Institutional Review Board [55].

Eligibility criteria for this study consisted of being fluent in,
and able to read, English at the eighth grade level, being between
the ages of 18 and 75 years, and owning a smartphone.
Individuals who reported serious mental or physical health
concerns as evidenced by current treatment or threshold
symptoms over the past year were not included in outreach
emails. Mental health concerns included any form of psychosis
or psychotic disorder, bipolar disorder, and major depression.
Participants received US $50 for their baseline interview, US

$25 for completing at least 80% of their morning and evening
assessments, and US $25 for the day-21 survey.

The total sample size was 116, with 63.8% (n=74) women and
a mean age of 44.7 (SD 13.92) years. Overall, 70.7% (82/116)
of the participants identified as White, 10.3% (12/116) as
Black/African American, 7.8% (9/116) as Hispanic/Latinx, and
11.2% (13/116) as other. The sample was mixed in terms of
education, with 36.2% (42/116) having less than a college
degree, 27.6% (32/116) having a college degree, and 36.2%
(42/116) having a graduate degree. Among the 116 participants,
85 (73.3%) were employed and 58 (50.0%) were married. The

average BMI was 28.1 (SD 6.86) kg/m2. Attrition was relatively
low compared to other mHealth studies [60]. Of the 116
participants recruited, 104 (89.7%) completed the mobile
baseline assessment, 100 (86.2%) completed at least one
morning and one evening assessment, and 93 (80.2%) completed
the day-21 assessment.

Procedure
During the in-person appointment at the Northwell Health lab,
participants were able to address any concerns pertaining to the
study, including smartphone usage and privacy. The appointment
was then divided into three parts. First, subjects completed the
standard self-report and behavioral measures on a computer
(see below). In the second part of the appointment, participants
were instructed on how to download the DMT app onto their
smartphones and were shown a 5-minute training video on how
to use the app, as well as what was expected of their
participation throughout the 21-day study. After participants
watched the training video and had the opportunity to ask any
questions, they completed the baseline assessment on the DMT
app. Additional details on the procedure and materials of the
study can be found in the DMT project folder at the OSF [55].
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Laboratory Assessments

Trait Self-Report

We used two of the most common generalized impulsivity
questionnaires: the Barratt Impulsiveness Scale (BIS) and the
Urgency, Premeditation (lack of), Perseverance (lack of),
Sensation Seeking, Positive Urgency Impulsive Behavior Scale
(UPPS).

The BIS is the most widely cited instrument for the assessment
of impulsiveness, and has been used to advance understanding
of this construct and its relationship to other clinical phenomena
[47,61]. We used a shorter version called BIS-15 [62]. The
BIS-15 scale measures three aspects of impulsivity: attention
(inability to focus attention or concentrate), motor (to act without
thinking), and nonplanning (lack of future orientation or
forethought).

The UPPS Impulsive Behavior Scale [13] assesses impulsivity
on the subscales of urgency (acting rashly under conditions of
negative affect), lack of premeditation (difficulty in thinking
and reflecting on consequences of an act), lack of perseverance
(inability to remain focused on a task), and sensation seeking
(tendency and openness to try and enjoy exciting or dangerous
activities). These subscales have a heterogeneous relationship
with psychopathology [16]

Behavioral and Cognitive Active Performance Tasks

We used validated standard versions of three behavioral
measures commonly used to measure impulse control and related
constructs: BART, GNG, and DD. These measures are
computerized and were performed at the Northwell Health lab.

BART is a measure of risk-taking that requires individuals to
balance the potential for reward and loss via repeated
opportunities to earn virtual money by pumping a balloon [63].
The standard BART has been found to predict risk-taking
behavior, substance misuse, gambling, and unhealthy eating
[63,64]. We used Inquisit software [65] with a script to measure
impulsivity and risk aversion based on Lejuez et al [63], which
has been validated in previous studies. Participants were
presented with 30 balloons, one at a time. For each balloon they
had the opportunity to repeatedly pump up the balloon to
increase their potential hypothetical earnings, or to stop pumping
and collect their accumulated earnings. However, if the balloon
pops, the participant loses all of their potential winnings for the
current balloon. The average number of pumps for unexploded
balloons is the main dependent variable in this paradigm, with
higher numbers indicating increased risk-taking. The standard

laboratory BART task takes approximately 7 minutes to
complete. We recorded the average number of pumps across
all trials as a measure of risk-taking proclivity [63].

GNG is a measure of behavioral inhibition and cognitive control.
Studies have found that individuals with ADHD display worse
inhibitory control compared to controls [66]. GNG performance
also differs between healthy controls and substance users or
individuals with disordered eating [67,68]. We used Inquisit
software [65] with an implemented procedure based on Fillmore
et al [69]. Participants were asked to press the spacebar when
they see a green rectangle (=go) but to refrain from pressing
the spacebar when they see a blue rectangle (=no-go). The blue
and green rectangles can be vertical or horizontal. The vertical
rectangle has a high probability of being green (a “go” trial)
and the horizontal rectangle has a high probability of being blue
(a “no-go” trial). Participants receive information about the
orientation of the rectangle (=cue) shortly before the color of
the rectangle is revealed. Activation and inhibitory tendencies
develop cue-dependence consistently [70]. The task included
250 cues and took approximately 10 minutes to complete. We
recorded inhibition commission and omission errors jointly,
and reaction time for responses to the targets across all trials.

DD is a measure of the ability to delay immediate smaller virtual
rewards for delayed larger rewards. DD is a transdiagnostic
process in psychiatric disorders [71,72]. We used the
laboratory-based Inquisit software with an implemented
procedure based on Richards et al [73]. Participants were asked
to choose between either a standard amount of hypothetical
money (US $10) with different time or probability delays or a
variable amount with no delay until an indifference point for
each delay is found, or until 30 trials have been run for each
delay. This script establishes (1) the hypothetical payoffs at
which participants start to discount higher monetary rewards in
favor of shorter wait periods (delay discounting), and (2) the
fictional payoffs at which participants start to discount high
monetary rewards of unsure events in favor of lower monetary
rewards of sure wins (probability discounting). The task takes
approximately 15 minutes to complete. We recorded the
cumulative probability of choosing the smaller reward across
all 5 trials for each task administration [74,75].

Mobile Assessments (DMT App)

Schedule

We conducted a mobile study with a 21-day assessment period
using the DMT app. The schedule of mobile assessments using
the DMT app is summarized in Table 1.
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Table 1. Digital Marshmallow Test (DMT) app assessment schedule during the 21-day study.

Day 21EveningMorningBaselineAssessment item

XXSelf-report: feel in general (semantic differential items 1-20)

Ecological momentary assessment

XXFeel right now (semantic differential items 4, 5, 7, 8, 11, 12,
15, 17, 19, 20)

XXXPhotographic Affect Meter

Active Task

XXbXbXmBARTa

XXbXbXmGNGc

XXbXbXmDDd

amBART: mobile Balloon Analogue Risk Task.
bRandomly display one out of mBART, mGNG, mDD.
cmGNG: mobile Go-No-Go.
dmDD: mobile Delay Discounting.

DMT Self-Report and EMA

The DMT app primary measures of impulsivity were assessed
via self-report semantic differentials [46,50]. We selected 20
items from the semantic differential scale and used a selection
of items at different time points during the study as described
in Table 1. All of the items were measured both at baseline and
at the end of the study. Participants were asked to either report
semantic differentials based on trait (feeling in general) or
current state (feel right now).

The DMT app also prompted the PAM (Figure 3) to measure
emotional state and mood. The PAM is designed for momentary
response where users choose an image that best represents their
emotion at a given time [51]. The PAM was prompted at
baseline, every morning and evening, and at the end of study
(Table 1).

DMT Active Performance Tasks

The DMT app version of the BART (mBART) was similar to
the laboratory version except that it was shorter (15 trials; about
2 minutes long). Participants were instructed to earn as much
money as possible during the 15 trials (Figure 4). For
participants, the task was named the “Balloon Game” (Figure
2).

The DMT app version of the cued GNG (mGNG) included 75
trials, each of which had the following sequence: fixation cross
(250 milliseconds); blank screen (250 milliseconds), vertical
or horizontal cue (white rectangle) for 1 of 6 stimulus onset
asynchronies (100, 200, 300, 400, 500, 750 milliseconds); go
or no-go target (green or blue rectangle, respectively) until the
participant responds or for 500 milliseconds; and an intertrial
interval (250 milliseconds). Participants were instructed to

respond by pressing the screen as fast as possible to green, but
not to blue, targets. Cues signal a target at 70% probability
(horizontal: go, vertical: no-go). For participants, the task was
named the “Square Test” (Figure 2).

In the DMT app version of the DD task (mDD), participants
were given 5 choices between a smaller hypothetical monetary
or time-based reward that varied from trial to trial based on the
previous response and a larger fixed reward that remained the
same throughout all trials. For participants, the task was named
“Now or Later?” (Figure 2).

Results

Approach and Descriptive Statistics
In this study, we validated self-report, EMA, and behavioral
measures of impulsive behavior on mobile devices. Overall, we
validated our mobile assessments against previously validated
clinical measures of impulsivity such as the BIS-15 and UPPS.
We also examined the psychometric properties of our novel
measures. Descriptive statistics and analyses are available in
the DMT project folder at the OSF [55].

Semantic Differentials
We performed a principal component analysis with varimax
rotation of the 20-item semantic differential scale that was
measured at baseline (Table 1). Our exploratory analysis yielded
a solution with 6 factors of traits we called inefficient, negative,
calm, unhealthy, thrill-seeking, and intentional. Combined, these
components explained 74% of the variance in the scale. Full
results of the principal components analysis are shown in Table
2.
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Table 2. Factor loadings of principal component analysis of the semantic differential scale at baseline.

IntentionalThrillUnhealthyCalmNegativeInefficientSemantic differentials

–0.009–0.0540.129–0.0550.1460.849a1. Efficient-Inefficient

–0.0800.172–0.073–0.044–0.0260.8212. Organized-Unorganized

0.062–0.0310.3180.0170.2890.7653. Productive-Unproductive

–0.229–0.0520.135–0.3370.2090.7214. Focused-Distracted

0.069–0.0910.176–0.0630.5340.5805. Determined-Aimless

–0.375–0.1490.128–0.3480.2100.5806. Clear headed-Confused

0.2720.015–0.2290.392–0.184–0.5397. Bored-Engaged

0.075–0.0720.016–0.1220.8670.1338. Optimistic-Pessimistic

0.0900.040–0.056–0.1560.8370.2499. Positive-Negative

0.0870.063–0.2450.527–0.682–0.05210. Sad-Happy

0.135–0.145–0.2800.311–0.654–0.01511. Lonely-Connected

–0.035–0.0010.113–0.0630.6460.46012. Proud-Ashamed

0.013–0.037–0.106–0.8360.0940.22713. Calm-Anxious

–0.071–0.141–0.2160.835–0.239–0.07114. Stressed-Relaxed

0.138–0.132–0.1250.597–0.444–0.07315. Frustrated-Content

–0.0470.0020.882–0.0280.1180.13916. Healthy-Unhealthy

0.163–0.1390.708–0.2350.1220.37317. Energetic-Tired

0.2390.795–0.147–0.166–0.0060.02418. Conservative-Progressive

–0.3410.7840.0650.0450.029–0.03919. Cautious-Thrill seeking

0.908–0.0590.0770.0110.070–0.17820. Impulsive-Intentional

7 (N/Ab)7 (.46)9 (.71)13 (.81)18 (.87)20 (.88)Explained variance (%) (α)

aValues in italics indicate factors corresponding to the component.
bN/A: not applicable.

Correlations with BIS-15 and UPPS
We examined correlations between validated measures (BIS-15
and UPPS) and our 6 factors. The inefficient and thrill-seeking
factors were highly correlated with various trait measures of
impulsivity and impulsive behavior. In contrast, the negative,

calm, and unhealthy factors showed only minimal or
nonsignificant correlations with trait measures of impulsivity
and impulsive behavior. The impulsive-intentional factor, which
consists of only one item, was significantly correlated with 7
out of 9 trait-based measures. Full results of correlations are
shown in Table 3.
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Table 3. Correlations between semantic differential factors and the Barratt Impulsiveness Scale (BIS-15)/Urgency, Premeditation (lack of), Perseverance
(lack of), Sensation Seeking, Positive Urgency Impulsive Behavior Scale (UPPS).

IntentionalThrillUnhealthyCalmNegativeInefficientVariable

Motor

–0.5340.106–0.068–0.2160.0080.320r

<.001.29.50.03.94.001P value

Nonplanning

–0.234–0.0980.0590.097–0.0120.352r

.02.33.55.33.90<.001P value

Attention

–0.150–0.0550.067–0.3070.2090.423r

.13.58.50.002.03<.001P value

BIS-15

–0.416–0.0310.033–0.1880.0970.516r

<.001.76.74.06.33<.001P value

Urgency

–0.419–0.0230.105–0.1460.1150.376r

<.001.82.29.14.25<.001P value

Premeditation

–0.3040.3240.058–0.050–0.0350.278r

.002.001.56.61.72.004P value

Perseverance

–0.0620.0190.094–0.2060.1500.575r

.53.85.34.04.13<.001P value

Sensation seeking

–0.3610.5420.0260.068–0.136–0.082r

<.001<.001.79.49.17.41P value

UPPS

–0.4770.3590.101–0.0940.0080.346r

<.001<.001.31.34.94<.001P value

Intraindividual Variability
We further examined the intraindividual variability in
self-reported semantic differentials between baseline and
morning and evening measures. We compared how individuals’
“feeling in general” self-reports correlated with average daily
reports of the same semantic differentials over 21 days.

As shown in Table 4, correlations between baseline and morning
measures ranged from moderate (r=0.4) to high (r=0.7) with
lonely-connected, optimistic-pessimistic, and determined-aimless
having the highest correlations, and focused-distracted,
energetic-tired, and bored-engaged having the lowest
correlations. Correlations between baseline and evening
measures ranged from low (r=0.2) to high (r=0.7) with

lonely-connected, cautious-thrill seeking, and
impulsive-intentional having the highest correlations, and
focused-distracted, energetic-tired, and bored-engaged having
the lowest correlations. Overall, the deviations and variability
from baseline were similar across morning and evening
momentary measures, with evening demonstrating lower
calibration with baseline measures.

Correlations between morning and evening measures were very
high (r=0.8-0.9). We found that individuals were more
impulsive, distracted, aimless, tired, pessimistic, and
thrill-seeking in the evening compared to the morning.
Otherwise, we found that individuals reported similar levels of
boredom, loneliness, ashamedness, and frustration in the
mornings and evenings.
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Table 4. Correlations and paired t test results between baseline, morning, and evening with semantic differentials.

Morning vs eveningBaseline vs eveningBaseline vs morningSemantic differentials

P valuet (df=97)rP valuet (df=98)rP valuet (df=97)r

<.001–4.7440.820<.001–3.8640.177.02–2.3130.355Focused-Distracted

<.001–5.4470.836<.001–8.3080.422<.001–6.3570.548Determined-Aimless

.091.7410.808.201.2980.319.560.5820.391Bored-Engaged

.007–2.7520.916.05–1.9500.481.28–1.0890.574Optimistic-Pessimistic

.48–0.7020.902.91–0.1110.693>.990.0000.701Lonely-Connected

.251.1500.911.003–3.0070.459.001–3.5260.529Proud-Ashamed

.23–1.2010.875.940.0810.514.550.6040.549Frustrated-Content

<.001–5.2540.590<.001–5.5840.273.007–2.7470.492Energetic-Tired

.03–2.2550.911.28–1.0960.539.73–0.350,0.534Cautious-Thrill seeking

<.0014.5450.872.161.4240.531.78–0.2790.531Impulsive-Intentional

Effect of Emotional State and Affect
We examined four metrics from the PAM task (valence, arousal,
positive, and negative) as they related to momentary semantic
differentials in the morning and evening (Table 5). Across the
four PAM metrics, positive affect generally correlated higher

than others with various semantic differentials. Across the 10
semantic differentials examined, energetic-tired and
frustrated-content showed the highest correlations with PAM
metrics. However, both impulsive-intentional and cautious-thrill
seeking semantic differentials did not generally correlate with
any of the PAM metrics (Table 5).
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Table 5. Correlations between semantic differential factors and Photographic Affect Meter measures.

NegativePositiveArousalValenceSemantic differentials

EveningMorningEveningMorningEveningMorningEveningMorning

Focused-Distracted

0.2830.244–0.461–0.475–0.333–0.448–0.406–0.392r

.004.02<.001<.001.001<.001<.001<.001P value

Determined-Aimless

0.3140.197–0.513–0.468–0.371–0.500–0.452–0.365r

.001.05<.001<.001<.001<.001<.001<.001P value

Bored-Engaged

–0.264–0.1280.5080.4420.4250.5510.4250.317r

.008.21<.001<.001<.001<.001<.001.001P value

Optimistic-Pessimistic

0.3370.331–0.442–0.525–0.236–0.413–0.4220.434r

.001.001<.001<.001.02<.001<.001<.001P value

Lonely-Connected

–0.311–0.2750.5040.5220.3610.4830.4450.434r

.002.006<.001<.001<.001<.001<.001<.001P value

Proud-Ashamed

0.4600.302–0.620–0.526–0.347–0.453–0.585–0.449r

<.001.002<.001<.001<.001<.001<.001<.001P value

Frustrated-Content

–0.477–0.4610.6440.6180.3610.3900.6070.578r

<.001<.001<.001<.001<.001<.001<.001<.001P value

Energetic-Tired

0.1820.239–0.639–0.630–0.722–0.706–0.461–0.479r

.07.02<.001<.001<.001<.001<.001<.001P value

Cautious-Thrill seeking

0.1080.043–0.0210.0140.1040.079–0.065–0.012r

.29.68.84.89.31.44.52.90P value

Impulsive-Intentional

–0.299–0.1970.3030.1670.0780.0080.3220.190r

.003.05.002.10.44.94.001.06P value

Active Performance Tasks

mBART
To validate the mBART, we assessed the correlation between
behavior in the validated laboratory measure of BART and the
exploratory mBART active task. The number of explosions in
the lab (N=114; mean 6.55, SD 5.25) was highly correlated
(r=0.658, P<.001) with the number of explosions in the mBART
(N=102; mean 5.62, SD 2.65) at baseline. We also estimated
the test-retest reliability of the number of explosions in the
mBART and found high correlations between baseline and
morning (r=0.663, P<.001), evening (r=.0673, P<.001), and
day 21 (r=0.451, P<.001). Results for the number of pumps

were almost identical to the results for the number of explosions,
as these measures are highly correlated (r=0.643, P<.001). The
number of explosions on mBART moderately correlated with
the sensation-seeking trait (r=0.216, P=.03). Both the number
of explosions (r=0.30, P=.002) and the number of pumps
(r=0.268, P=.006) on the mBART correlated with the
thrill-seeking factor from semantic differentials.

mGNG
To validate the mGNG, we tested the correlation between
behavior in the validated laboratory measure of GNG and the
exploratory mGNG active task. Response time (in milliseconds)
in the lab (N=109; mean 353, SD 43) was highly correlated
(r=0.467, P<.001) with response time in the mGNG (N=97;
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mean 430, SD 80) at baseline. We also estimated the test-retest
reliability of response time in the mGNG and found high
correlations between baseline and morning (r=0.88, P<.001),
evening (r=0.862, P<.001), and day 21 (r=0.789, P<.001). Error
rates between the lab and mobile version were not correlated
due to the low overall error rate in the lab task (mean 0.00765,
SD 0.014569) and the high overall rate of error in the mGNG
(mean 0.39, SD 0.74). Notably, average error rates on the
mGNG at baseline did not correlate with morning, evening, and
day-21 error rates. The test-retest reliability changed during the
study since morning correlated with evening (r=0.477, P<.001)
and day 21 (r=0.454, P<.001), which also correlated with
evening (r=0.461, P<.001). This is consistent with the
participants’ reported frustration with mGNG during the study,
which might have led to poorer performance. The response rate
on the mGNG task negatively correlated with the
sensation-seeking trait (r=–0.310, P=.002). The error rate on
mGNG marginally negatively correlated with the organization
factors from semantic differentials (r=–0.194, P=.06) and
response time marginally negatively correlated with the cautious
factor from semantic differentials (r=–0.196, P=.05).

mDD
We had trouble validating the mDD active task with the
equivalent lab version, as we used a shortened exploratory
version of the DD [74]. However, our results yielded moderate
test-retest reliability and convergent validity. We examined the
propensity of choosing the later reward with respect to both
money and time. The propensity to choose the later reward
(money) in 6 months correlated highly with the propensity of
choosing the later reward (money) at 1 month (r=0.489, P=.002)
and the later reward (time) in 1 year (r=0.396, P<.001). The
propensity to choose the later reward (time) in 1 year highly
correlated with the propensity to choose the later time reward
in 6 months (r=0.523, P=.001). We also estimated the test-retest
reliability of the propensity to choose later in the mDD and
found high correlations. Propensity to choose the later reward
(money) in 6 months at baseline correlated highly with the
propensity of choosing the later reward (money) in 6 months
at day 21 (r=0.414, P<.001). The propensity to choose the later
reward (time) in 12 months at baseline correlated highly with
the propensity of choosing the later reward (time) in 12 months
at day 21 (r=0.394, P<.001). The propensity to choose the later
reward (money) in 6 months at day 21 correlated highly with
the propensity of choosing the later reward (time) in 12 months
at day 21 (r=0.411, P<.001). There was no association between
the mDD and any self-report measure.

Discussion

Principal Results
Overall, the present study demonstrated the potential for
assessing different facets of trait and state impulsivity during
everyday life using the DMT mobile app. Similar to previous
research, the results suggest varying levels of concurrent and
predictive validity between existing self-report measures and
computer performance tasks, and mobile state and trait versions
of these tasks measured over a 21-day period.

Trait and State Self-Report Measures
We built on the semantic differential scale to develop self-report
trait and state measures of impulsivity in the DMT app. Our
exploratory principal component analysis of the baseline
semantic differentials yielded six factors of trait impulsivity:
inefficient, negative, calm, unhealthy, thrill-seeking, and
intentional. We found that inefficient, intentional, and
thrill-seeking factors were highly correlated with various facets
of trait impulsivity, whereas the negative, calm, and unhealthy
factors only slightly correlated with trait-based measures.
Notably, the impulsive-intentional factor, which consists of only
one item, significantly correlated with 7 out of 9 trait-based
measures (BIS-15/UPPS) and can be potentially used as a
parsimonious single-item measure of trait impulsivity.

To enhance understanding of state impulsivity and
intraindividual variability, we examined the differences between
general self-reports and momentary measures of semantic
differentials in the morning and evening over the duration of
the DMT study. Correlations between baseline and morning
measures ranged from moderate (r=0.40) to high (r=0.70), with
lonely-connected, optimistic-pessimistic, and determined-aimless
showing the highest correlations, and focused-distracted,
energetic-tired, and bored-engaged showing the lowest
correlations. Correlations between baseline and evening
measures ranged from low (r=0.20) to high (r=0.70), with
lonely-connected, cautious-thrill seeking, and
impulsive-intentional showing the highest correlations, and
focused-distracted, energetic-tired, and bored-engaged showing
the lowest correlations. Overall, the deviations and variability
from baseline were similar across morning and evening
momentary measures, with evening responses demonstrating
lower calibration with baseline measures.

Our study design also allowed us to investigate these constructs
in the context of daily life by comparing morning and evening
momentary self-reports. Correlations between morning and
evening measures were very high (r=0.80-0.90). We found that
individuals were more impulsive, distracted, aimless, tired,
pessimistic, and thrill-seeking in the evening compared to the
morning. Otherwise, we found that individuals report similar
levels of boredom, loneliness, ashamedness, and frustration in
mornings and evenings. These results help highlight variations
in the facets of impulsivity across the day. Measures that can
be attributed to physical and mental depletion [76] had the most
variability from morning to evening, whereas those that assess
trait-based characteristics were more stable. It is important to
recognize that we used a nonclinical sample. Previous studies
(eg, Tomko et al [29]) reported that daily impulsivity may vary
more in clinical samples than nonclinical samples, suggesting
the need for further study in clinical populations.

The results also suggest that some momentary state assessments
are highly related over time and day such as focused-distracted
and determined-aimless, whereas others such as
lonely-connected and frustrated-content revealed no significant
relationships across all assessment periods. It is also noteworthy
that some items, including impulsive-intentional and thrill
seeking-cautious, were only correlated in the morning and
evening versus from baseline to morning or evening, suggesting

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e25018 | p.61http://mhealth.jmir.org/2021/1/e25018/
(page number not for citation purposes)

Sobolev et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


that although the means may vary from morning to evening,
there is a relative intraday association and stability versus over
time.

Finally, we examined the role of emotional state, including
valence, arousal, positive, and negative, using the PAM [51].
We observed that positive affect generally correlated higher
than valance, arousal, and negative affect with various
momentary semantic differentials. Specifically, energetic-tired
and frustrated-content showed the highest correlations with
PAM metrics. However, both impulsive-intentional and
cautious-thrill seeking semantic differentials did not generally
correlate with any valence, arousal, positive, or negative
measures of emotional state. These high correlations suggest
that using self-report photos instead of or combined with
text-based self-report items may enable expanding momentary
state assessment to wider audiences regardless of language or
education [51]. Further research is warranted to test the PAM
in clinical samples across various cohorts.

Active Performance Tasks
One of the primary goals of the DMT study was to validate the
behavioral and cognitive active performance tasks in the DMT
app. Previous research has highlighted the transdiagnostic
potential of behavioral tasks [71,72] but has also identified
challenges in test-retest reliability compared to self-reports [77].
In the DMT app, we modeled the design of the DMT active
performance tasks (mBART, mGNG, and mDD) based on
validated computerized versions of these tasks [63,69,74].
Despite the effort to match the mobile tasks to laboratory tasks,
we found only moderate success in validation of these tasks. In
this study, mBART demonstrated the highest validity, followed
by mGNG and then mDD with the lowest validity.

Specifically, the mBART active task showed high correlations
with the lab BART task, high test-retest reliability, and
convergent validity with self-report measures. Risk taking in
the mBART task correlated with self-reported sensation seeking,
which corresponds to prior research with the lab-based BART
[78]. Our results also correspond to those of MacLean and
colleagues [79] who revealed that a different mobile version of
the BART demonstrated good concurrent and predictive validity
with the lab computer version. Unlike our results, which were
mostly stable across administrations both regarding time of day
and over time, there were some differences in BART indices
over time in their sample of nondaily smokers. When the studies
are combined, it appears that the BART can be translated to a
mobile phone to reliably assess risk taking in real-world settings.
Nevertheless, the weak correlation between self-report and
behavioral measures of risk, as found in other studies [78,80],
warrants future investigation of domain-specific or more general
measures of risk [80] in the context of impulsive behavior.

GNG is a common behavioral measure of inhibition and
cognitive control in clinical trials [66-69]. In these trials, two
primary outcomes are usually used to measure cognitive control:
error rate and response time. Error rate is particularly important
in addiction and substance use studies. On mobile devices, and
when performed in a natural setting and outside of the lab (ie,
mGNG), the distribution of these metrics is expected to change
dramatically. Our results suggest that reaction time is stable

across time and contexts with correlations across baseline,
morning, evening, and day 21 ranging from 0.79 to 0.86 with
no significant mean differences. Error rates had less robust
associations across time points, but overall means were relatively
stable. This finding may be due to a floor effect in the
computerized lab version of the GNG task, which is common
in healthy samples and in clinical samples at baseline and
without experimental manipulation (eg, alcohol administration)
[81-83].

DD is used to measure the ability to delay immediate, smaller,
shorter rewards for longer, time-lapsed, but larger rewards. In
this study, we did not manage to obtain concurrent validity of
the novel mDD and the lab DD task. Nevertheless, individual
choices in the mDD during the DMT study showed moderate
convergent validity via the correlation between DD money and
time versions. Choices in the mDD also showed moderate
test-retest reliability from baseline to day 21. The null findings
might also be due to the hypothetical, as opposed to
incentive-compatible, structure of the mDD task, which
decreases validity [84,85], or use of the brief version of the task
consisting of only 5 decision points.

When taken together, our results highlight that laboratory mobile
assessments can be reliably collected in the field. Although
there are some concerns over the relatively weak relationships
with self-report impulsivity measures, except for the mBART,
similar results have been found with previously validated
computer versions of these tasks performed at baseline,
suggesting more systemic problems in the objective
measurement of impulsivity [23,26]. At the moment, these
problems do not appear to be solved through the mobile versions
of these tasks. We plan to refine and further validate the
mBART, mGNG, and mDD tasks in future studies of the DMT
app.

Comparison With Other mHealth Apps and Related
Studies
One common clinical use of mHealth apps is remote diagnosis
[86]. A systematic review of direct-to-consumer apps identified
lack of sufficient clinical evidence for many symptom checkers
and diagnostic apps [87]. Our study, which combined validated
assessments and novel measures, generated evidence to support
the diagnostic capabilities of the DMT app. In the future, the
DMT app can be used as a remote patient-facing mHealth app
to diagnose and monitor impulsive behaviors.

Our goal was to develop and validate the DMT app for both
researchers and clinicians. We used Apple’s ResearchKit [38]
and Android’s ResearchStack [39] open source frameworks for
developing health research study apps (Figure 1), which allow
researchers to easily develop intuitive and standardized
data-collecting mobile apps. The DMT app and measures we
developed are cross-platform, open source, and standardized.
Our mBART and mGNG tasks, for example, can be easily
adapted by other researchers across a variety of psychological,
behavioral, and clinical studies that use mobile devices.

Our study also suggests broader design implications for
behavioral and cognitive active performance tasks in mHealth
studies and apps. In these tasks, users perform activities under
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partially controlled conditions while phone sensors are used to
collect data. User interfaces and user experience on mobile
devices and apps are dramatically different from validated
laboratory behavioral and cognitive tasks. Mobile performance
tasks are often performed, as intended, in the lived experience
of individuals with limited attention and ample distractions.
Some tasks such as the mGNG and mDD in this study require
more sustained concentration and information processing, while
others such as the mBART are more engaging and gamified.
The effect of user experience provides a challenge to validation
studies, and requires more careful design of behavioral and
cognitive active performance tasks in mHealth studies.

Future of Impulsivity Assessments and Interventions
Despite the predictive power of laboratory and self-report
measures on trait impulsivity, more research is needed with
different samples to disentangle the relationship between
impulsivity and health outcomes [2,28,29]. Our study revealed
similar results to previous studies that impulsivity is not a
unitary construct but is rather composed of qualitatively different
constructs, which may or may not have some overlap [22].
Moreover, the complex relationship between impulsive
behaviors and health outcomes within each individual might
require an n-of-1 approach to prediction and control of impulsive
behaviors [37,88,89]. New mHealth methods such as the DMT
using multimodal assessment strategies that take trait and state
impulsivity into account with contextual variables are needed
to further our understanding of how to predict impulsive
behavior. Future studies should account for contextual factors
such as setting, mood, and intentionality to further disentangle
the relationship between trait and state impulsivity, and the
different dimensions measured by these tools. Contextual factors
can also be used to design more precise behavior change and
digital health interventions with mobile technology [88,90-93].

Our ultimate goal is to move from measurement of trait and
state impulsivity toward implementation and evaluation of
interventions for impulse control and behavior. Despite the
overwhelming research on the impact of impulsivity on mental
and physical health outcomes, it has been largely ignored as a
target of intervention in its own right. Our mobile-based
measures can be used to design personalized and adaptive
interventions on the same mobile devices and app. Just-in-time
adaptive interventions (JITAI) can be designed to provide the
right type/amount of support, at the right time, by adapting to
an individual’s changing internal and contextual state [90,94].

Research performed with daily self-report measures revealed
that fluctuations in certain state impulsivity domains (eg, lack
of planning, negative urgency) predict heavy drinking,
highlighting the opportunity to trigger intervention based on
day-to-day fluctuations [95]. Similarly, behavioral active tasks
can detect deterioration in inhibitory control during the day
[96]. To design JITAI, the combination of the single-item
intentionality measurement with results from the mBART could
potentially predict a vulnerable state of reduced intentionality
and more risk taking on a particular morning compared to other
days, or data trends that reveal slow changes in these variables
over time. Consequently, with more research, DMT can
potentially serve as a just-in-time intervention system for people

who are prone to impulsivity and could be made available to
people around the world.

Subsequently, understanding the user’s state using a game-like
component can inform the design of new digital psychological
interventions, since the same component could be used both for
assessment and intervention seamlessly. For example, upon
failure during the mBART, the user can potentially be directed
to interact with a new balloon in a way that may help them
reassess the number of pumps that may result in an explosion,
in the same fashion that new health video games assess and
adapt to the user state in an ongoing manner for the enhancement
of therapeutic impact [97]. Similarly, research on interventions
that manipulate discounting identified learning-based
interventions as the most effective [98]. Using DMT to combine
both assessment and intervention within one component opens
up room for digital microinterventions that focus on very small
and beneficial steps that people can take in their daily life [99],
which may be far more acceptable than traditional long-term
interventions. We plan to introduce and study different
personalized and adaptive digital interventions [91,92,99,100]
to reduce impulsive response in future studies of the DMT app.

Limitations
The design and implementation of the current DMT study was
not sufficient to fully validate the behavioral and cognitive
active performance tasks we developed for the DMT app.
Similar to other studies that have created mobile versions of
impulsivity assessments, this is another step in the right direction
despite limitations. In particular, we emphasize our limitation
in validating the mDD against equivalent objective laboratory
tasks due to challenges with both the lab task we selected and
the mobile task we developed. We will continue in our effort
to further refine and validate the mobile self-reports and active
performance tasks against clinical symptom profiles, diagnoses,
contextual factors, and behaviors to generate data on how these
constructs are related to mental health and everyday life
interactions.

This study was also substantially burdensome for participants
due to the sheer number and frequency of required daily
assessments. Our results will help to design a lean and
personalized version of the DMT app for future studies as we
attempt to replicate and further refine our measures. Finally,
we plan to validate the DMT app in clinical samples in the
context of obesity, addiction, and mental health.

Conclusions
The DMT app can be used to enhance our understanding of
impulsivity, impulsive behavior, and failure in self-regulation.
Impulsivity measurement is a complex undertaking because of
the multidimensionality of the construct as highlighted by the
range of measures that assess multiple distinct components.
Adding to this problem of construct validity are the various
modes of assessment (eg, self-report versus behavioral active
performance tasks) and the increased use of daily and
momentary assessments. These challenges also present an
opportunity to hone our assessment strategies.

Eventually, the goal is to use trait- and state-based self-report
and behavioral measures to predict global and momentary
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clinical outcomes that can trigger personalized and adaptive
digital interventions. These interventions can be targeted and
tailored to reduce the various underlying triggers of impulsive

responding and enhance self-regulation. Only through rigorous
innovation and testing can we begin to build these timely
interventions.
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Abstract

Background: Smart speaker–based voice assistants promise support for the aging population, with the advantages of hands-free
and eyes-free interaction modalities to handle requests. However, little is known about how older adults perceive the benefits of
this type of device.

Objective: This study investigates how older adults experience and respond to a voice assistant when they first interact with it.
Because first impressions act as strong predictors of the overall attitude and acceptability of new technologies, it is important to
understand the user experiences of first exposure.

Methods: We conducted semistructured interviews with 18 people 74 years and older who had never used a smart speaker
before, investigating the patterns of use, usability issues, and perspectives that older adults have when using a voice assistant for
the first time.

Results: The overall first response to a voice assistant was positive, thanks to the simplicity of a speech-based interaction. In
particular, a positive and polite response to complete the interaction with a voice assistant was prevalent, such as expressing
gratitude or giving feedback about the quality of answers. Two predominant topics of commands made in the first interaction
include asking health care–related questions and streaming music. However, most of the follow-up reactions were unfavorable
because of the difficulty in constructing a structured sentence for a command; misperceptions about how a voice assistant operates;
and concerns about privacy, security, and financial burdens. Overall, a speech-based interaction was perceived to be beneficial
owing to its efficiency and convenience, but no other benefits were perceived.

Conclusions: On the basis of the findings, we discuss design implications that can positively influence older adults' first
experiences with a voice assistant, including helping better understand how a voice assistant works, incorporating mistakes and
common interaction patterns into its design, and providing features tailored to the needs of older adults.

(JMIR Mhealth Uhealth 2021;9(1):e20427)   doi:10.2196/20427

KEYWORDS

older adults; voice assistant; smart speaker; technology acceptance; quality of life

Introduction

Background
Recent advances in speech technology and artificial intelligence
have made speech a promising form of input modality to interact
with personal computing technology. Consequently, a smart
speaker with an integrated voice assistant is increasingly
available in the market to function as a virtual assistant to

perform everyday tasks (eg, Amazon Echo, Google Home). The
first commercial version of a smart speaker, Amazon Echo, with
an integrated voice assistant, Alexa, was launched in 2015. As
of 2019, more than 60 million people in the United States own
smart speaker devices, with a 48% annual growth [1]. A voice
assistant allows users to perform a range of basic everyday tasks
through voice commands, including but not limited to searching
for information, streaming music, getting weather and news
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updates, ordering groceries, and sending and receiving text
messages.

As the worldwide population is aging and countries are facing
ongoing challenges in caring for their aging population, there
has been increased awareness and interest in the potential of
smart speaker–based voice assistants to support older adults for
their health and independence [2]. Although a voice assistant
holds great promise to support older adults through its simple
speech-based interaction modality, little is known about how
older adults perceive and respond to the idea of talking to a
device that does not have a graphical user interface. Researchers
have recently begun to investigate older adults' use of a voice
assistant, but with few exceptions [3], they produce preliminary
or interim reports [2,4,5].

As a first step toward gaining insights into the perspective and
use of voice assistants among older adults, this paper
investigates novice older users’ first impressions of voice
assistants. Since first impressions act as strong predictors of
overall attitudes toward new technologies [6], it is important to
understand how older adults perceive and respond to a voice
assistant when first exposed to it. Through interviews with 18
people aged 74 years and above who had never used a smart
speaker, we investigated how older adults interact with a voice
assistant in their first use. Specifically, we aimed to answer the
following research questions:

1. What usage patterns do older adults have in their first
interactions with a voice assistant?

2. What challenges do older adults face when using a voice
assistant for the first time?

3. What first impressions do older adults have with a voice
assistant?

By answering these questions, we aim to provide insights into
the design of a voice assistant that can form a positive first
impression among older adults to improve its acceptance and
adoption as well as meeting the needs for quality of later life.

The notion of a voice-controlled system has been framed in
many different ways, such as a virtual assistant, embodied
conversational agent, intelligent personal agent, autonomous
agent, or avatar [7]. Throughout this paper, we use the term
voice assistant to encompass the above terminology and to
specifically refer to voice assistants on smart speakers.

Older Adults and Technology Acceptance
Although new technologies are increasingly being introduced
to revolutionize aging in place, the actual acceptance of these
technologies is still low [8]. Thus, much effort has been devoted
to identifying factors that influence older adults’ use of
technology [4,9,10]. The most commonly identified barriers
come in the form of aging-related declines [11]. For instance,
the small size and low contrast of buttons on a mobile display
have a significant negative influence on interaction performance
[5]. Another common barrier is related to psychological and
mental obstacles, such as negative cognitive perception [3],
technophobia [12], and lack of self-efficacy [4]. Older adults
especially tend to refuse a new technology due to perceived
effort associated with learning [13] or lack of perceived
usefulness [14]. As such, several physical and psychological

factors were found to have a significant influence on older
adults’ technology acceptance.

Research on Voice Assistants
In recent years, there has been a growing interest within the
human-computer interaction community in understanding
people’s experiences with voice assistants. Among several, one
stream of research has focused on exploring the use of voice
assistants in various contexts, such as different locations [15,16]
or tasks [17,18]. Another stream of research has focused on
investigating factors that constitute an effective conversation
with voice assistants, either through personification [8] or using
conversational cues [18]. Some researchers, however, argued
that user experiences with voice assistants remain disappointing
due to a lack of human-like conversational capabilities [19].
Although existing voice assistants are being called
conversational agents, promising to enable human-like
conversation with a device, they are in fact not truly
conversational in nature. Instead, simple and constrained
request-response structures are the norm, rarely including a
realistic dialog [20]. Lastly, research has explored the utility
and usability of voice assistants as an assistive technology
[21,22]. In particular, researchers are increasingly recognizing
the potential that voice assistants can offer in the aging society
[5,23], exploring application areas to facilitate voice assistants
to support older adults [24,25]. This paper contributes to this
emerging body of literature by specifically investigating the
first reactions that older adults have to voice assistants.

Benefits and Challenges of Voice Assistant Use in Older
Adult
Voice assistants allow users to interact with it in a universally
understood form of interaction modality, speech. Thus, they are
deemed to be simple and easy for older adults to use [26].
However, several challenges exist that prevent older adults from
interacting with voice assistants [5]. One problem is associated
with hearing loss, a common physical complaint in older adults
[27]. Because older adults using hearing aids often cannot cope
with high levels of ambient noise or have difficulty processing
a dialog without contextual information, hearing loss imposes
a significant challenge to the use of voice assistants for many
of them. Another problem stems from a lack of understanding
of the actual expectations and needs of older adults in using
voice assistants. Designers are usually considerably younger
and may not know about the physical and psychological aspects
of aging and have grown up using more advanced technologies
than older adults [28]. These problems are important factors to
investigate before designing a new system meant to be adaptive
and responsive to the perspectives and expectations of older
adults. The crucial question is whether a voice assistant is
designed to be suitable for older adults. Although researchers
have increasingly focused on various usability aspects of voice
assistants, relatively less effort has been made to understand
them from the perspectives of older adults.
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Methods

Participants
For participant recruitment, we first contacted a local
assisted-living facility located in the greater New York area.
We visited the facility and explained the purpose of the study
to the manager. Upon their approval, we posted a recruitment
flyer in the lobby. Two recruitment criteria were age over 65
years and had no prior experience with a voice assistant. In total,
we recruited 18 participants (n=11, 61% females and n=7, 39%
males; mean age 79, range 74-91, SD 4.5 years; Table 1). A
total of 2 (11%) participants were wearing a hearing aid but did
not have any problems with having a conversation. Other than

this, no other specific health concerns were reported. Almost
all participants (n=16, 89%) were widows or widowers, living
in one-person rooms. The other 2 participants were a couple
living in a 2-person room. The average length of residency in
the facility was 2.3 years (Min=9 months, max=4 years, SD
1.2). All participants said that they were familiar with personal
computers, tablets, and smartphones, and 17% (n=3) participants
said that they had seen a smart speaker in their children’s homes
but had never used it. Seven participants owned a tablet, and
all participants reported regularly using a computer for
information search and email. We recruited participants from
an assisted-living facility for convenience of recruitment. The
study protocol was reviewed and approved by the institutional
review board.

Table 1. Participants’ demographics.

GenderAge (years)Participant ID

Female74P1

Male87P2

Female76P3

Male75P4

Female78P5

Male83P6

Female76P7

Male80P8

Female75P9

Female84P10

Female77P11

Female78P12

Male79P13

Male76P14

Female79P15

Female80P16

Female91P17

Male82P18

Data Collection
We constructed the interview protocol to investigate older
adults’ first experiences of and perspectives on the use of voice
assistants to answer our research questions. To that end, we
created a set of open-ended interview questions with 3 themes:
(1) examining first impressions and perceived utility of a voice
assistant, (2) identifying common usage patterns of a voice
assistant during their first interactions with it, and (3) finding
difficulties and challenges participants experience when using
a voice assistant. In addition, we collected participants’ basic
demographic information, including age, gender, health
concerns, and experience with technology.

Participants were randomly assigned to 1 of 3 groups. We
conducted an interview with 3 participants in a group so that
we could investigate not only participants' experiences with a

voice assistant but also their reactions to speech-based
interactions initiated and performed by other participants. All
participants reported that they knew other participants in a group
as they were living in the same facility for years.

To facilitate participants’ interaction with voice assistants, we
created 7 decks (categories) of cards, on each of which a
voice-command query was written to evoke various
functionalities. The categories include getting weather and daily
news updates, asking general questions, listening to music,
reading a book, playing games, texting and communications,
and setting up reminders and alarms. Each deck consisted of 4
to 7 cards depending on the topic of the category. For instance,
the deck for weather and news update had 5 cards, which queries
include:

• Alexa, what is the weather like today?
• Alexa, will it rain this weekend?
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• Alexa, give me a 7-day weather forecast.
• Alexa, what is a headline in the news today?
• Alexa, give me news updates today?

We also created a simple story for each category that illustrates
a real-life situation in which the voice-command queries on
cards can be used. For instance, for a deck of cards for weather
and news updates, we told a story of leaving for a vacation in
Milan, when you might want to check the traffic conditions to
the airport, the current weather in Milan, and the weather
forecast of the day of return.

The interviews were conducted in a meeting room of the facility
where a smart speaker (Amazon Echo) was set up (Figure 1).

In the interview, we first introduced a smart speaker to
participants as “a device that follows your voice command,
providing you answers about news, music, weather, and more.”
We then demonstrated how to use a voice assistant by asking
basic questions about weather and time and by executing simple
commands such as streaming music and making a phone call.
After this simple introduction, we asked participants to interact
freely with the voice assistant as much as they wanted without
further training. When participants had no more ideas of what
to do with the voice assistant, we then narrated a scenario to
inform them of potential use, gave out 1 deck of cards, and
asked participants to try out queries written on a card.

Figure 1. The setting of a semistructured interview with a group of participants.

Once all participants had enough interaction with a voice
assistant and had no more ideas for interaction, they were asked
to freely discuss their perspectives on it and its potential utilities
for older adults. After completing the interview, participants
were compensated monetarily for their participation. Each
interview lasted between one and a half and two hours. All
interviews were audio-recorded and transcribed.

Data Analysis
We analyzed the interview data using thematic analysis to reveal
patterns across datasets, through open coding, axial coding, and
selective coding [29]. The emerged themes were continuously
discussed with another author until data were saturated with
recurring themes and no new information was anticipated.

First, we conducted open coding to identify and code concepts
significant in the data as abstract representations of events,
objects, happenings, actions, etc. The example below explains
one participant’s concern about the use of a voice assistant with
respect to cost. This response is coded as Financial concern:

How much does it cost a month? [P5, Financial
concern]

Next, we categorized the related concepts created by open
coding into conceptual phenomena using axial coding.
Phenomena refers to repeated patterns of events, happenings,
actions, and interactions that represent people’s responses to
problems and situations. For instance, Misperception is a
phenomenon that represents a participant’s incorrect
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understanding or interpretation of the operation of voice
assistants. During axial coding, the open code Financial concern
in the example above was categorized as Misperception since
using a voice assistant does not require a monthly fee unless
you subscribe to charged services and as long as you have a
wireless internet at home. Lastly, we followed the selective
coding process to assemble our conceptual phenomena extracted
from axial coding. The goal of this step is to integrate all
concepts by building relationships across phenomena.

Results

Overview
The overall first response to a voice assistant among our
participants was positive, showing a favorable attitude toward
the simplicity of a speech-based interaction. However, shortly
after interacting with it, they started experiencing difficulty with
it, asking a lot of questions and raising concerns about its use.
In what follows, we report in detail the findings of our
participants' first interactions with a voice assistant by answering
our research questions. The main categories of the findings are
summarized in Textbox 1.

Textbox 1. Research questions and summary of results.

R1. What usage patterns do older adults have in their first interactions with a voice assistant?

• Topics of commands made in the first interaction include:

• Asking health care-related questions (91/234, 38.9% interactions);

• Streaming classical music and songs from old days (66/234, 28.2% interactions);

• Asking for directions to or a location of a place (30/234, 12.8% interactions);

• A positive response to complete the interaction with a voice assistant was prevalent, such as expressing gratitude or giving feedback.

R2. What challenges do older adults face when using a voice assistant for the first time?

• Difficulty in constructing a structured sentence for a command

• Misperceptions about how a voice assistant operates

• Concerns about privacy, security, and financial burdens

R3. What first impression do older adults have with a voice assistant?

• A speech-based interaction was perceived beneficial thanks to its efficiency and convenience

• No other benefits were perceived: “It’s not for me.”

The Usage Patterns of a Voice Assistant
In total, participants made 234 conversational interactions with
a voice assistant throughout the interviews. From these
interactions, prominent patterns in the initial use of a voice
assistant among our participants have emerged in 2 categories:
common topics of commands and positive responses to a voice
assistant’s answers.

Topics of Commands
Since participants had no prior experience using voice assistants,
they mostly relied on the cards we provided for the first few
interactions. They then came up with their own commands by
making variations or extensions of the queries written on cards.
Among the varied topics of commands that participants asked
a voice assistant, 3 topics were asked most frequently. The topic
of the most frequently executed commands was health
care-related (91/234, 38.9% interactions), such as body
condition, health supplements, and medications (In the excerpts,
P# refers to the #th interviewee, VA refers to a voice assistant,
Amazon Echo’s Alexa, and I refers to an interviewer). Example
queries include the following:

Alexa, I got a flu. What kind of medicine should I
take? [P4]

Alexa, what can I do for arthritis? [P16]

Alexa, what does magnesium do for your body? [P18]

The next most frequent topic of commands was to stream songs
from old days and classical music reminiscent of old times
(66/234, 28.2% interactions). The third topic of commands was
asking for directions to or a location of a place (30/234, 12.8%
interactions). Example queries include the following:

Alexa, play popular songs from the 70s. [P10]

Alexa, where is the Veteran's Cemetery in New
Jersey? [P2]

Other topics of commands include the search for general
information, playing audiobooks, and setting up timers and
reminders. We expected that participants would ask a voice
assistant many questions about the weather forecast and news
updates because previous research showed that the most popular
smartphone applications among older adults were weather
forecasts and news updates [30]. Contrary to our expectations,
however, our participants asked a few questions about weather
and news updates, except when using queries written on a card,
which they expressed little interest in asking. This might be
because weather forecasts and news updates are what they would
normally check in the morning [30] and thus did not ask in the
afternoon when the interviews were held. Alternatively, this
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might be because they already have their own ways of checking
such information (eg, via television news) and thus are less
inclined to use a voice assistant to retrieve it. We will discuss
the perceived utility of voice assistants in the following section.

Positive Response to a Voice Assistant
Interestingly, our participants completed most interactions with
a voice assistant by responding back to the answer, either
expressing gratitude or giving feedback about the quality of a
voice assistant’s answer.

P1: Who is the, Alexa, who is the father of our
country?

VA: George Washington was one of the founding
fathers of the United States of America and served as
the nation's first president.

P1: Good. Thank you.

P9: Alexa, what was the weather in Texas, Austin,
yesterday?

VA: Currently in Austin, Texas, it is 73 degrees with
clear skies and the sun. You can expect more of the
same today with a high of 84 degrees and a low of 61
degrees.

P9: Why do we not move there? I wish we had that
weather.

P10: Yeah, I wish that, too.

Lopatovska and Williams [8] have previously framed this type
of interaction as personification with mindless politeness that
“humans say to each other without meaning anything.” Our
observation was different from theirs in that most responses
made by our participants had distinct functional purposes. Some
responding remarks were used as a cue to finish interacting with
a voice assistant as they came back to speak with the interviewer
or other participants. Some responses were used as triggers to
initiate a follow-up human-human conversation. All these
patterns, however, might have resulted from the novelty of using
a voice assistant. Because all participants had never used a voice
assistant before, they might have expressed their feelings and
first impressions through the responding remarks in more
extreme attitudes than they would normally do. Alternatively,
these patterns might have been shown since the interview was
helped as a group with other participants. Thus, further research
is needed to investigate how older adults would respond to a
voice assistant in an everyday use setting.

Challenges in Using Voice Assistants
Unlike a common belief, or marketing hype, that it is easy to
interact with a voice assistant thanks to its conversational
capabilities, most participants experienced difficulty having a
conversation with it. Prior research has indicated several reasons
why people found it difficult to interact with a voice assistant,
including the goal of a conversation needing to be highly
functional and task-oriented, lack of social aspects of
conversation, and a sequential dialog structure of
request-response [16,31,32]. Whereas, we found that the
challenges our participants experienced were more elementary.
Two predominant challenges that emerged from our study

include the difficulty in constructing a command sentence and
misunderstanding how a voice assistant operates.

Difficulty in Constructing a Structured Sentence
To use a voice assistant, a user should first speak a wake word
(a word to activate a voice assistant, such as Alexa for Amazon
Echo or Hey Google for Google Home), followed by a concise
and definitive sentence for a task. However, many participants
kept forgetting to start a command with a wake word or confused
the wake word with other similar words throughout the
interview.

P15: What would you, what, Alexa, what is a good
mystery book to read today? (A voice assistant did
not activate and P15 paused for a few seconds...)

P15: Hmm? What’s going on?

P6: What time does the Alaska show on the...

I: You need to start a sentence with “Alexa”

P6: Alaska. No wait. Alexa, what time does the
late-night show on the TV tonight start?

VA: Tonight, the late-night talk show starts at...

Even when given a command with a wake word, the voice
assistant sometimes did not activate because the command did
not have enough pause between a wake word and a following
sentence for the voice assistant to capture the wake word or
because a wake word was not clearly pronounced. However,
using the wrong or no wake word would be an easy fix as users
would make fewer mistakes as they continue using a voice
assistant. A bigger issue was that many participants struggled
to compose a concise command sentence for a task. They often
spoke lengthy, unstructured, and descriptive sentences, some
of which even included another question within a question. A
command with a long sentence resulted in the voice assistant
losing track of the voice command and returning to a
deactivation mode in the middle of the user speaking. When
this happened, participants were not aware that it happened,
waited for a response for a few seconds, and became puzzled
by why it did not respond to their command. In some other
cases, the voice assistant picked up only the first few words of
a user’s command due to a pause between words and provided
a wrong answer.

P11: Alexa, let me see, I am trying to think of the
book. What hat was the title of the book? Ah, can you
read the first page of... (Alexa did not activate, and
a user paused for a few seconds)

P11: Why is it not answering?

P5: Alexa, what is the status of... the status of the new
garbage collection?

VA: Status is a relative position or standing on things,
especially persons in the society or a state at a
particular time.

P5: It’s giving me a wrong answer.

Misperceptions: Operational Inquiries and Concerns
Since participants had no prior experience with a voice assistant,
they asked a lot of questions about its use during the interview.
Although the interviewer answered all questions, the topics of
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the questions provided us with insights into how older adults
might perceive and expect voice assistants to function. In
addition, we found that the underlying reasoning of many such
questions stemmed from the misperceptions of how a voice
assistant would operate, which resulted in forming negative first
impressions.

Inquiries About Voice Assistant Operation

The most frequently asked question about voice assistants was
how it spontaneously responds to random commands and
requests. Most participants did not recognize that a voice
assistant retrieves information from the internet. Instead, they
supposed that it would retrieve relevant information from the
stored local database. This presumption made them expect that
they would have to store all the information in a voice assistant
before its use. Because of this perception, participants expressed
their strong unwillingness to use it or lack of interest in using
it due to the perceived effort to store data. In addition, the
expectation of having to store all information in a voice assistant
aroused privacy and security concerns, which we will discuss
in the next section:

[After demonstrating music playing and reading of a
voice assistant] Who put the music in it? Where does
it get music from?... Does this have a text for a whole
book? Where does it get that from? [P13]

I think I know how it works or how you make it go.
The storage of whatever is in there. That would be a
bit of a time-consuming effort to put all of that
information on, and whether or not I would want to
put certain information on a machine like that. I do
not think I would, but you never know. [P4]

Once participants were informed that a voice assistant does not
require storing data but retrieves information from the internet,
they started to explore its capability in various capacities. First,
participants interacted with the voice assistant by asking simple
factual questions (eg, “who is the 7th president of the United
States?”). After receiving a satisfactory answer to such
questions, they jumped into asking complicated, and probably
impossible to answer, questions (eg, “who will be the next
president of the United States?”), to which they received a
nonsatisfactory answer. After hopping between asking very
simple questions and impossible-to-answer questions several
times, participants were dissatisfied with the voice assistants’
capabilities and rejected its adoption.

P11: Alexa, do you think Trump is gonna be re-elected
for President?

VA: Sorry, I am not sure how to help with that.

P3: Alexa, can you give me the winning lottery
numbers?

VA: Sorry, I am not sure how to help with that.

P3: Of course not.

Concerns About Privacy, Security, and Financial Burden

The biggest concern participants expressed was the potential
risk associated with privacy and security. Because of the
privacy-intrusive potential of a voice assistant’s always-on
ability to continuously listen to voices in intimate spaces such

as the home, privacy concerns about using a voice assistant
have been subject to much research over recent years [33,34].
We then found that privacy concerns that our participants had
were not only about its capability of always listening but also
related to their misperception that a voice assistant would store
a user’s personal information. Because a voice assistant can
respond to a verbal command, participants were concerned that
other people could easily retrieve their personal information by
talking to a voice assistant:

I think too much information goes into that (a voice
assistant) and it worries me. All the information that
you put into that machine goes all over the world.
That's my concern. [P5]

What happens if somebody else asks it (a voice
assistant) what's the balance in my checking account?
Can you set it up to use a password or a security
question so that only you can ask questions to it?
[P10]

Another prevalent concern was the cost of using a voice
assistant. Apart from the cost of the device itself, several
participants expected that they would have to pay a monthly
service fee to use a voice assistant. Because a voice assistant
responds to a user’s question or inquiry, participants considered
it as a service to be paid, which they did not want:

All these questions that we asked, you are going to
have to pay for, right? How much do you pay? How
much does it cost a month? [P3]

Perceived (No) Usefulness of Voice Assistants
Overall, the speech-based interaction modality was well received
by all participants. They appreciated the efficiency and
convenience of using speech to receive information. After a few
interactions, participants started to talk about the potential
benefits of voice assistants to help interact with a device without
aging-related physical constraints such as vision or mobility:

I used to do a lot more with my eyesight, but now it
is the most important thing I have to preserve. I
cannot read the screen that is well. Down the road
when my eyes fail me as they are slowly doing, I may
resort to one of those (a voice assistant) to read
things. One of my favorite things is reading, and I
would eventually...You know if my eyes go, that's
where I might use it (a voice assistant). [P3]

I’m not very good at spelling and with computer. It's
kind of hard. And I am always afraid that I am going
to lose everything by pressing the wrong button.
Usually, when I text, I make mistakes. My fingers are
too big for the little things, so I hit the wrong buttons
usually, so this (a voice assistant) is much better,
much faster. I can go about it easier than texting
because you do not have to do the typing. [P11]

However, most of the rest of the follow-up reactions were not
positive, and no other potential benefits were discussed. The
most prevalent response to voice assistants was it’s good, but
not for me. Participants mentioned that a voice assistant might
be useful for people other than themselves, such as younger
populations with children:
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My kids have two children who are really into this (a
voice assistant), but it's not for me. I think it's a good
thing for somebody who is into various things but for
old folks like me we are content with what we are and
sometimes ignorance is bliss. [P8]

Probably when I was younger with my children and
my husband and I had to do everything, you know,
when my husband and I were with the children to help
their homework and all, that (a voice assistant) would
have come in very handy. But at this age there is
nothing much to ask. [P17]

The fact that many queries written on the cards were simple
questions and commands might have influenced this perspective.
Answering simple questions and executing simple commands
that come up during day-to-day activities in the house is one
primary feature of voice assistants. However, we found that this
is not what our participants perceived to be the most useful:

I think this device is good in that it can give you the
answers to general questions right away. But I’d say
there is limited use for elderly people because you
really do not get involved in things that you need to
ask a bunch of questions about. [P14]

It was then not just a first impression that older adults did not
see direct benefits of using a voice assistant to them. A recent
study showed that the attrition rate of voice assistants among
older adults is high primarily due to lack of beneficial uses [3].
This implies that more features tailored to the needs of older
adults are required to better assist them with voice assistants.
In fact, several features designed specifically for older adults
are already available, such as reminding about medications,
sending alert messages verbally to their loved ones, and making
emergency calls. Although these features were also included in
the cards, participants did not find them useful either.
Participants said that they were set in their own ways of doing
these things and so did not need a new gadget to perform those
tasks. For instance, they kept paper diaries for their schedules
and used a pillbox to keep track of taking medications. Thus,
participants did not perceive the features that are supposed to
support older adults useful to them:

I don't have any interest in it (a voice assistant)
because I keep my diaries to keep track of things and
use a pill box to take medication. And I am content
with it. I do not need anything else. [P2]

Participants considered a voice assistant to be useful to older
adults with aging-related physical constraints who can benefit
from hands- and eyes-free interaction. This perspective led them
to associate the use of a voice assistant with negative aspects
of aging. Several participants mentioned that using voice
assistants might make other people think that they were not
capable of doing things on their own and needed support.
Because aging-related changes are often associated with negative
aspects, such as disability, stigma, and dependence, older adults
tend to avoid supporting aids and assistive technologies, even
though these can be beneficial to them [17,35]. We found a
similar pattern in that some participants perceived voice
assistants as yet another aid for aging-related declines, associated
its use with negative stereotypes of aging, and rejected its

adoption. This illustrates that voice assistants may fail regardless
of the useful features it offers unless such negative stereotypes
are mitigated:

I am healthy enough. My memory is still good enough
to remember things. I do not need a device that tells
me to remind me of things to do. I do not need a
device that tells me to do things. I can still do things
on my own. [P10]

I think it (a voice assistant) can be useful for those
with Alzheimer or old people who cannot move
around or cannot do things on their own. I am not
like that. I have no problem moving around and doing
things. I may use it years later, but not yet. [P15]

Discussion

Our findings revealed the patterns of use, difficulties, and
perspectives that older adults might have when they first interact
with a voice assistant. On the basis of these findings, we discuss
design strategies for voice assistants that would allow older
adults to have a positive first impression and to better leverage
the capabilities of this technology. The design strategies include
helping to better understand how a voice assistant works,
incorporating mistakes and common interaction patterns into
its design, and providing features tailored to the needs of older
adults.

Help Understand How a Voice Assistant Operates
We found that older adults might have several misperceptions
about how a voice assistant operates, which negatively
contribute to their perspectives on using it. Three primary
misperceptions include perceived efforts to store information
before its use, privacy concerns associated with data storage
and retrieval, and the cost of its use. In fact, these misperceptions
might be universal for all first-time users. However, further
considerations should be made to support older adults as they
tend to lack self-efficacy about technology and thus experience
much more difficulty understanding even basic concepts of new
technologies compared with their younger counterparts [14].
Removing these misperceptions and helping them easily
understand the basic concepts of how a voice assistant operates
would be the first step toward lowering barriers to entry and
helping novice older users better explore and facilitate its
capabilities.

An immediate and straightforward solution is to provide a
voice-based tutorial or educational application to address
common misperceptions. Although a user can find out how a
voice assistant operates by simply asking relevant questions to
it, our participants did not know even what they did not know
or what they misunderstood. Therefore, an introductory
discourse-based tutorial that explains the basic concepts of how
a voice assistant operates might be useful. However, providing
a tutorial should be considered a temporary remedy because a
well-designed user interface must be intuitive enough for novice
users without needing any manuals or instruction.

A long-term solution is to incorporate the basic concepts of how
a voice assistant operates into a responding answer, such as the
source of information or how to handle personal information,
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at least in the first few interactions. Although this might increase
the number of responses and the total interaction time,
successively providing relevant content upon request can reduce
mental and temporal burdens on users. In addition, it could be
more important for novice users to have an appropriate mental
model and understand the system rather than an efficient user
experience [32]. For instance, the system can contextualize basic
instruction about its operation in the responding answer. The
system then completes the response by asking if a user wants
to hear more about how it operates. Upon a user’s request, the
system can provide more detailed information about the
operational mechanism. The system can automatically and
gradually reduce the contents related to operating instructions
with more usage. The example conversational structure is as
follows:

User: Alexa, what is tomorrow’s weather going to be
like?

VA: Let me check weather information online.
According to AccuWeather, tomorrow’s temperature
will be...Do you want to hear more about how I
instantly retrieved this information from
AccuWeather?

User: Yes, please.

VA: I am connected to the Internet to search for
information...

Incorporate Common Mistakes and Usage Patterns
into Voice Interaction
Even though speech is supposed to be easier than typing or
clicking, our participants still had difficulties conversing with
a voice assistant. We found that a command query should be
structured in a particular way that a voice assistant can
comprehend (eg, a wake word followed by a concise and
definitive sentence for a task after a brief pause) was a primary
challenge, making the interaction not truly conversational but
rather a series of one-directional comments. Participants
especially expressed significant frustration when they realized
only after completing a lengthy command that a voice assistant
did not activate. One solution to this problem is to separate a
wake word and a content sentence in a command structure. That
is, instead of speaking the entire sentence for a task at once, a
user would first speak a wake word to activate a voice assistant,
just like calling someone’s name to draw attention. A voice
assistant would then make a simple greeting comment to indicate
that it is ready to take commands. This will prevent users from
mistake in speaking to a voice assistant when it is not activated.
The example conversational structure is as follows:

User: Alexa

VA: Hi John, is there anything that I can do for you?

User: Yes, what is tomorrow’s weather going to be
like?

VA: The weather tomorrow will be...

One prominent usage pattern we found was that participants
completed most interactions with a voice assistant by expressing
gratitude to or giving feedback about the quality of a voice
assistant’s answer. Although this pattern might be due to the

novelty effect, it is still worth considering this usage pattern in
the human-agent conversation, since it can provide positive and
more conversation-like experiences to novice users. For instance,
instead of letting a user complete the interaction, a voice
assistant would respond back to the user’s comment and offer
suggestions for more features. The example conversational
structure is as follows:

User: Alexa, what is tomorrow’s weather going to be
like?

VA: The weather tomorrow will be...

User: That’s great. Thanks.

VA: It’s my pleasure. Do you want to check the
weather in the next four days?

Explore Features Tailored to the Needs of Older Adults
The topics of frequently asked commands provide us with a
clue to ideas for new features that older adults might find useful.
Two topics of primary interest that emerged from our
participants’ interactions with a voice assistant include seeking
information about health conditions and medication and
streaming music from the old days. Thus, enriching the
responding contents when executing these commands might
give older adults a chance to find more features and
functionalities, such as providing relevant or personalized extra
information (eg, suggesting more songs to play) or suggesting
other features relating to the command (eg, offering local
contacts for health care services, providing alternative
supplement or medication information).

Although this solution can expose novice older users to a range
of new features, a more fundamental question lies in how to
positively frame the perspectives that older adults might have
about a voice assistant. A positive frame would be to take it
from a tool to answer innocuous questions to a useful device
that could address the more crucial needs of older adults. Older
adults are more likely to adopt a new technology that helps them
remain independent, allows them to have control and authority
over its features and functions, and does not show signs of aging
or frailty [36]. Thus, one solution is to associate the utility of
voice assistants with positive aspects and the assets of aging,
such as older adults’ skills, knowledge, and resources. For
instance, a voice assistant can be a gateway to connect peers
within a community (eg, residents of an assisted-living facility)
for labor- or information-sharing and social engagement. In this
way, the role of a user can be reframed from a passive recipient
of services to a proactive actor to provide information and
services to others in a community. The mental model of a voice
assistant can then be reshaped from a device to support the
negative aspects of aging to a pathway to constructively engage
in the community. The example conversational structure can
be expressed as follows:

User1: Alexa, I am going grocery shopping at 11AM
this Saturday and have two seats available to give a
ride.

VA: Okay, I will let you know if anyone needs a ride.

User2: Alexa, is anyone going grocery shopping this
Saturday? I need a ride.
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VA: I found one person. You can get a ride from Jason
at 11AM in front of the main entrance…

This solution and all of the previously suggested strategies are
just a starting point for further investigation. More research is
essential to gain a better understanding of how older adults
would naturally interact with a voice assistant and build more
naturalistic conversational interfaces to support better
human-agent conversations.

Limitations
Our findings must be evaluated within the context of several
limitations. First, our sample size was small, and thus our
participant pool may not be representative of a general
population. Second, we used convenience sampling for
recruitment by recruiting participants from an assisted-living
facility, which also runs the risk of compromising
generalizability. Selection bias or unmeasured factors (eg, the
homogeneity of participant characteristics by living in the same
facility) could have influenced the responses during the
interviews. Third, our study only investigated the first
interactions and experiences that a potential user had when
introduced to a voice assistant. Such behaviors might be
different from those of users who own a device and use it for
their real daily needs. However, we believe that it is important

to identify common difficulties that older novice users have in
their first interactions with a voice assistant, as it can provide
new insights about the design of a device.

Conclusions
Personal technologies have been considered a breakthrough to
tackle challenges associated with aging, and efforts have been
made to develop design strategies that meet the needs of the
aging population. As part of this effort, this paper explored how
older adults would perceive and experience a voice assistant,
one fast-growing type of personal technology, when they first
interact with it. From interviews with 18 people aged 74 years
or above who had never used a voice assistant, we investigated
the patterns of use, difficulties, and perspectives that novice
older users have when they use a voice assistant for the first
time. On the basis of these findings, we discuss design
implications that can positively influence older adults' first
experiences with a voice assistant, including helping older adults
better understand how a voice assistant works, incorporating
mistakes and common interaction patterns into its design, and
providing features tailored to the needs of older adults. We are
hopeful that these findings can be used to expand our knowledge
and practices for leveraging emerging personal technologies, a
smart speaker–based voice assistant, to support the aging
society.

 

Conflicts of Interest
None declared.

References
1. Richter F. Smart speaker adoption continues to rise. Statista. 2020. URL: https://www.statista.com/chart/16597/

smart-speaker-ownership-in-the-united-states/ [accessed 2020-12-22]
2. Portet F, Vacher M, Golanski C, Roux C, Meillon B. Design and evaluation of a smart home voice interface for the elderly:

acceptability and objection aspects. Pers Ubiquit Comput 2011 Oct 2;17(1):127-144 [FREE Full text] [doi:
10.1007/s00779-011-0470-5]

3. Trajkova M, Martin-Hammond A. Alexa is a toy?: exploring older adults' reasons for using, limiting, and abandoning echo.
In: Proceedings of the 2020 CHI Conference on Human Factors in Computing Systems. 2020 Presented at: The ACM
Conference on Human Factors in Computing Systems; April, 2020; Honolulu p. 1-13 URL: https://doi.org/10.1145/3313831.
3376760 [doi: 10.1145/3313831.3376760]

4. Kowalski J, Jaskulska A, Skorupska K, Abramczuk K, Biele C, Kope W, et al. Older adults and voice interaction: a pilot
study with Google Home. 2019 Presented at: The ACM conference on Human Factors in Computing Systems; May, 2019;
Glasgow Scotland Uk p. 1-6 URL: https://doi.org/10.1145/3290607.3312973 [doi: 10.1145/3290607.3312973]

5. Sayago S, Neves B, Cowan B. Voice assistants and older people: some open issues. In: Proceedings of the 1st International
Conference on Conversational User Interfaces. 2019 Presented at: The International Conference on Conversational User
Interfaces; August, 2019; Dublin p. 1-3 URL: https://doi.org/10.1145/3342775.3342803 [doi: 10.1145/3342775.3342803]

6. Charness N, Best R, Evans J. Supportive home health care technology for older adults: Attitudes and implementation.
Gerontechnology 2016 Mar 23;15(4):233-242 [FREE Full text] [doi: 10.4017/gt.2016.15.4.006.00] [Medline: 29033700]

7. von der Pütten AM, Krämer NC, Gratch J, Kang SH. 'It doesn’t matter what you are!' Explaining social effects of agents
and avatars. Comp in Hum Beh 2010 Nov;26(6):1641-1650 [FREE Full text] [doi: 10.1016/j.chb.2010.06.012]

8. Lopatovska I, Oropeza H. User interactions with 'Alexa' in public academic space. 2019 Feb Presented at: Proceedings of
the Association for Information Science and Technology; 2018; Vancouver p. 309-308 URL: https://doi.org/10.1002/pra2.
2018.14505501034 [doi: 10.1002/pra2.2018.14505501034]

9. Chen K, Chan AH. A review of technology acceptance by older adults. Gerontechnology 2011;10(1):1-12 [FREE Full text]
[doi: 10.4017/gt.2011.10.01.006.00]

10. Cotten S, Ford G, Ford S, Hale TM. Internet use and depression among retired older adults in the United States: a longitudinal
analysis. J Gerontol B Psychol Sci Soc Sci 2014 Sep;69(5):763-761 [FREE Full text] [doi: 10.1093/geronb/gbu018] [Medline:
24671896]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e20427 | p.79http://mhealth.jmir.org/2021/1/e20427/
(page number not for citation purposes)

KimJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.statista.com/chart/16597/smart-speaker-ownership-in-the-united-states/
https://www.statista.com/chart/16597/smart-speaker-ownership-in-the-united-states/
https://doi.org/10.1007/s00779-011-0470-5
http://dx.doi.org/10.1007/s00779-011-0470-5
https://doi.org/10.1145/3313831.3376760
https://doi.org/10.1145/3313831.3376760
http://dx.doi.org/10.1145/3313831.3376760
https://doi.org/10.1145/3290607.3312973
http://dx.doi.org/10.1145/3290607.3312973
https://doi.org/10.1145/3342775.3342803
http://dx.doi.org/10.1145/3342775.3342803
http://europepmc.org/abstract/MED/29033700
http://dx.doi.org/10.4017/gt.2016.15.4.006.00
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29033700&dopt=Abstract
https://doi.org/10.1016/j.chb.2010.06.012
http://dx.doi.org/10.1016/j.chb.2010.06.012
https://doi.org/10.1002/pra2.2018.14505501034
https://doi.org/10.1002/pra2.2018.14505501034
http://dx.doi.org/10.1002/pra2.2018.14505501034
https://doi.org/10.4017/gt.2011.10.01.006.00
http://dx.doi.org/10.4017/gt.2011.10.01.006.00
https://doi.org/10.1093/geronb/gbu018
http://dx.doi.org/10.1093/geronb/gbu018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24671896&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


11. Price M, Pak R, Müller H, Stronge A. Older adults’ perceptions of usefulness of personal health records. Univ Access Inf
Soc 2013;12(2):191-104 [FREE Full text] [doi: 10.1007/s10209-012-0275-y]

12. Dogruel L, Joeckel S, Bowman N. The use and acceptance of new media entertainment technology by elderly users:
development of an expanded technology acceptance model. Behaviour & Information Technology 2015 Sep
07;34(11):1052-1063. [doi: 10.1080/0144929X.2015.1077890]

13. Barnard Y, Bradley M, Hodgson F, Lloyd A. Learning to use new technologies by older adults: perceived difficulties,
experimentation behaviour and usability. Comp in Hum Beh 2013 Jul;29(4):1715-1714 [FREE Full text] [doi:
10.1016/j.chb.2013.02.006]

14. Kim S, Gajos K, Muller M, Grosz B. Acceptance of mobile technology by older adults: a preliminary study. 2016 Presented
at: The International Conference on Human-Computer Interaction with Mobile Devices and Services; September, 2016;
Florence, Italy p. 147-157 URL: https://doi.org/10.1145/2935334.2935380 [doi: 10.1145/2935334.2935380]

15. Candello H, Pinhanez C, Pichiliani M, Cavalin P, Figueiredo F, Vasconcelos M, et al. The effect of audiences on the user
experience with conversational interfaces in physical spaces. 2019 Presented at: The ACM Conference on Human Factors
in Computing Systems; May, 2019; Glasgow Scotland Uk p. 1-13 URL: https://doi.org/10.1145/3290605.3300320

16. Porcheron M, Fischer JE, Reeves S, Sharples S. Voice interfaces in everyday life. 2018 Presented at: The ACM Conference
on Human Factors in Computing Systems; April, 2018; Montreal p. 1-12 URL: https://doi.org/10.1145/3173574.3174214
[doi: 10.1145/3173574.3174214]

17. Birken T, Pelizäus-Hoffmeister H, Schweiger P. Judging the desirability and acceptance of assistance systems for the
elderly--lessons learned with a fieldwork approach. 2016 Presented at: 49th Hawaii International Conference on System
Sciences; 2016; Hawaii p. 579-578 URL: https://10.1109/HICSS.2016.78

18. Vtyurina A, Fourney A. Exploring the role of conversational cues in guided task support with virtual assistants. In:
Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems. 2018 Presented at: The ACM Conference
on Human Factors in Computing Systems; April, 2018; Montreal p. 1-7 URL: https://doi.org/10.1145/3173574.3173782
[doi: 10.1145/3173574.3173782]

19. Murad C, Munteanu C. "I don't know what you're talking about, HALexa": the case for voice user interface guidelines. In:
Proceedings of the 1st International Conference on Conversational User Interfaces. 2019 Presented at: The International
Conference on Conversational User Interfaces; August, 2019; Dublin p. 1-3 URL: https://doi.org/10.1145/3342775.3342795
[doi: 10.1145/3342775.3342795]

20. Fischer J, Reeves S, Porcheron M, Sikveland R. Progressivity for voice interface design. 2019 Presented at: The International
Conference on Conversational User Interfaces; August, 2019; Dublin Ireland p. 1-8 URL: https://doi.org/10.1145/3342775.
3342788 [doi: 10.1145/3342775.3342788]

21. Metatla O, Oldfield A, Ahmed T, Vafeas A, Miglani S. Voice user interfaces in schools: co-designing for inclusion with
visually-impaired and sighted pupils. 2019 Presented at: The ACM Conference on Human Factors in Computing Systems;
May, 2019; New York p. 1-15 URL: https://doi.org/10.1145/3290605.3300608 [doi: 10.1145/3290605.3300608]

22. Pradhan A, Mehta K, Findlater L. 'Accessibility came by accident': use of voice-controlled intelligent personal assistants
by people with disabilities. In: Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems. 2018
Presented at: The ACM Conference on Human Factors in Computing Systems; April, 2018; Montreal p. 1-13 URL: https:/
/doi.org/10.1145/3173574.3174033 [doi: 10.1145/3173574.3174033]

23. Pradhan A, Lazar A, Findlater L. Use of intelligent voice assistants by older adults with low technology use. ACM Trans
Comput-Hum Interact 2020 Sep 25;27(4):1-27 [FREE Full text] [doi: 10.1145/3373759]

24. Sanders J, Martin-Hammond A. Exploring autonomy in the design of an intelligent health assistant for older adults. In:
Proceedings of the 24th International Conference on Intelligent User Interfaces: Companion. 2019 Presented at: 24th
International Conference on Intelligent User Interfaces: Companion; March, 2019; California p. 95-96 URL: https://doi.
org/10.1145/3308557.3308713 [doi: 10.1145/3308557.3308713]

25. Shade M, Rector K, Kupzyk K. Verification of pain medication adherence in older adults using interactive voice reminders.
Innov Aging 2019;3(Supplement_1):S926 [FREE Full text] [doi: 10.1093/geroni/igz038.3371]

26. Morris ME, Adair B, Miller K, Ozanne E, Hansen R, Pearce AJ, et al. Smart-home technologies to assist older people to
live well at home. J of Aging Sci 2013;1(1):1-9. [doi: 10.4172/2329-8847.1000101]

27. Blair J, Abdullah S. Understanding the needs and challenges of using conversational agents for deaf older adults. New
York: Association for Computing Machinery; 2019 Presented at: Computer Supported Cooperative Work and Social
Computing; 2019; Austin TX USA p. 161-165 URL: https://doi.org/10.1145/3311957.3359487 [doi:
10.1145/3311957.3359487]

28. Peek ST, Luijkx KG, Rijnaard MD, Nieboer ME, van der Voort CS, Aarts S, et al. Older adults' reasons for using technology
while aging in place. Gerontology 2016;62(2):226-237 [FREE Full text] [doi: 10.1159/000430949] [Medline: 26044243]

29. Braun V, Clarke V. Using thematic analysis in psychology. Qual Res Psychol 2006 Jan;3(2):77-101 [FREE Full text] [doi:
10.1191/1478088706qp063oa]

30. Rosales A, Fernández-Ardèvol M. Smartphones, apps and older people's interests: from a generational perspective. In:
Proceedings of the 18th International Conference on Human-Computer Interaction with Mobile Devices and Services. 2016

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e20427 | p.80http://mhealth.jmir.org/2021/1/e20427/
(page number not for citation purposes)

KimJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://doi.org/10.1007/s10209-012-0275-y
http://dx.doi.org/10.1007/s10209-012-0275-y
http://dx.doi.org/10.1080/0144929X.2015.1077890
https://doi.org/10.1016/j.chb.2013.02.006
http://dx.doi.org/10.1016/j.chb.2013.02.006
https://doi.org/10.1145/2935334.2935380
http://dx.doi.org/10.1145/2935334.2935380
https://doi.org/10.1145/3290605.3300320
https://doi.org/10.1145/3173574.3174214
http://dx.doi.org/10.1145/3173574.3174214
https://10.1109/HICSS.2016.78
https://doi.org/10.1145/3173574.3173782
http://dx.doi.org/10.1145/3173574.3173782
https://doi.org/10.1145/3342775.3342795
http://dx.doi.org/10.1145/3342775.3342795
https://doi.org/10.1145/3342775.3342788
https://doi.org/10.1145/3342775.3342788
http://dx.doi.org/10.1145/3342775.3342788
https://doi.org/10.1145/3290605.3300608
http://dx.doi.org/10.1145/3290605.3300608
https://doi.org/10.1145/3173574.3174033
https://doi.org/10.1145/3173574.3174033
http://dx.doi.org/10.1145/3173574.3174033
https://doi.org/10.1145/3373759
http://dx.doi.org/10.1145/3373759
https://doi.org/10.1145/3308557.3308713
https://doi.org/10.1145/3308557.3308713
http://dx.doi.org/10.1145/3308557.3308713
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6845337/
http://dx.doi.org/10.1093/geroni/igz038.3371
http://dx.doi.org/10.4172/2329-8847.1000101
https://doi.org/10.1145/3311957.3359487
http://dx.doi.org/10.1145/3311957.3359487
https://www.karger.com?DOI=10.1159/000430949
http://dx.doi.org/10.1159/000430949
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26044243&dopt=Abstract
https://doi.org/10.1191/1478088706qp063oa
http://dx.doi.org/10.1191/1478088706qp063oa
http://www.w3.org/Style/XSL
http://www.renderx.com/


Presented at: The ACM Conference on Human-Computer Interaction with Mobile Devices and Services; September, 2016;
Florence p. 491-403 URL: https://doi.org/10.1145/2935334.2935363 [doi: 10.1145/2935334.2935363]

31. Clark L, Pantidi N, Cooney O, Doyle P, Garaialde D, Edwards J, et al. What makes a good conversation?: challenges in
designing truly conversational agents. 2019 May Presented at: The ACM Conference on Human Factors in Computing
Systems; May, 2019; Glasgow Scotland Uk p. 1-12 URL: https://doi.org/10.1145/3290605.3300705 [doi:
10.1145/3290605.3300705]

32. Luger E, Sellen A. 'Like having a really bad PA': the gulf between user expectation and experience of conversational agents.
2016 Presented at: The ACM conference on human factors in computing systems; May, 2016; San Jose p. 5286-5297 URL:
https://doi.org/10.1145/2858036.2858288 [doi: 10.1145/2858036.2858288]

33. Lau J, Zimmerman B, Schaub F. Alexa, are you listening? Proc ACM Hum Comput Interact 2018 Nov;2(CSCW):1-31
[FREE Full text] [doi: 10.1145/3274371]

34. Manikonda L, Deotale A, Kambhampati S. What's up with privacy?: user preferences and privacy concerns in intelligent
personal assistants. 2018 Presented at: AAAI/ACM Conference on AI, Ethics, and Society; February, 2018; New Orleans
p. 229-225 URL: https://doi.org/10.1145/3278721.3278773 [doi: 10.1145/3278721.3278773]

35. Neven L. 'But obviously not for me': robots, laboratories and the defiant identity of elder test users. Socio of Health &
Illness 2010 Feb 01;32(2):335-347 [FREE Full text] [doi: 10.1111/j.1467-9566.2009.01218.x] [Medline: 20149151]

36. Lee C, Coughlin J. Perspective: older adults' adoption of technology: an integrated approach to identifying determinants
and barriers. J Prod Innov Manag 2014 Jun 03;32(5):747-759 [FREE Full text] [doi: 10.1111/jpim.12176]

Edited by G Eysenbach, L Buis; submitted 18.05.20; peer-reviewed by K Rector, D Tao, J Offermann-van Heek; comments to author
01.09.20; revised version received 07.09.20; accepted 15.10.20; published 13.01.21.

Please cite as:
Kim S
Exploring How Older Adults Use a Smart Speaker–Based Voice Assistant in Their First Interactions: Qualitative Study
JMIR Mhealth Uhealth 2021;9(1):e20427
URL: http://mhealth.jmir.org/2021/1/e20427/ 
doi:10.2196/20427
PMID:33439130

©Sunyoung Kim. Originally published in JMIR mHealth and uHealth (http://mhealth.jmir.org), 13.01.2021. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR
mHealth and uHealth, is properly cited. The complete bibliographic information, a link to the original publication on
http://mhealth.jmir.org/, as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e20427 | p.81http://mhealth.jmir.org/2021/1/e20427/
(page number not for citation purposes)

KimJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://doi.org/10.1145/2935334.2935363
http://dx.doi.org/10.1145/2935334.2935363
https://doi.org/10.1145/3290605.3300705
http://dx.doi.org/10.1145/3290605.3300705
https://doi.org/10.1145/2858036.2858288
http://dx.doi.org/10.1145/2858036.2858288
https://doi.org/10.1145/3274371
http://dx.doi.org/10.1145/3274371
https://doi.org/10.1145/3278721.3278773
http://dx.doi.org/10.1145/3278721.3278773
https://doi.org/10.1111/j.1467-9566.2009.01218.x
http://dx.doi.org/10.1111/j.1467-9566.2009.01218.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20149151&dopt=Abstract
https://doi.org/10.1111/jpim.12176
http://dx.doi.org/10.1111/jpim.12176
http://mhealth.jmir.org/2021/1/e20427/
http://dx.doi.org/10.2196/20427
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33439130&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Mobile Phone Access and Implications for Digital Health
Interventions Among Adolescents and Young Adults in Zimbabwe:
Cross-Sectional Survey

Aoife M Doyle1, BSc, MPhil, PhD; Tsitsi Bandason2, MSc; Ethel Dauya2, MPH; Grace McHugh2, MD; Chris Grundy1,

MSc; Stefanie Dringus1, PhD; Chido Dziva Chikwari1,2,3, MSc; Rashida A Ferrand2,3, PhD
1MRC International Statistics and Epidemiology Group, London School of Hygiene & Tropical Medicine, London, United Kingdom
2Biomedial Resarch and Training Institute, Harare, Zimbabwe
3Department of Clinical Research, London School of Hygiene & Tropical Medicine, London, United Kingdom

Corresponding Author:
Aoife M Doyle, BSc, MPhil, PhD
MRC International Statistics and Epidemiology Group
London School of Hygiene & Tropical Medicine
Keppel St
London, WC1E7HT
United Kingdom
Phone: 44 207 927 2041
Email: aoife.doyle@lshtm.ac.uk

Abstract

Background: Mobile phones may help young people (YP) access health information and support health service engagement.
However, in low-income settings there is limited knowledge on YP’s phone and internet access to inform the feasibility of
implementing digital health interventions.

Objective: We investigated access to information and communication technologies among adolescents and young adults in
Zimbabwe.

Methods: A cross-sectional population-based survey was conducted from October to December 2018 among YP aged 13-24
years in 5 communities in urban and peri-urban Harare and Mashonaland East, Zimbabwe. Consenting YP completed a
self-completed tablet-based questionnaire on mobile phone ownership and use, and use of the internet. The primary outcome was
the proportion who reported owning a mobile phone. Secondary outcomes included phone and internet access and use behavior,
and ownership and use of other technological devices. Multivariable logistic regression was used to investigate factors associated
with mobile phone ownership and with internet access, with adjustment for the one-stage cluster sampling design. A priori
exploratory variables were age, sex, marital status, and urban/peri-urban residence.

Results: A total of 634/719 (88.2%) eligible YP, mean age 18.0 years (SD 3.3) and 62.6% (397/634) females, participated. Of
the YP interviewed, 62.6% (396/633; 95% CI 58.5-66.5) reported owning a phone and a further 4.3% (27/633) reported having
access to a shared phone. Phone ownership increased with age: 27.0% (43/159) of 13-15-year olds, 61.0% (72/118) of 16-17-year
olds, 71.5% (103/144) of 18-19-year olds, and 84.7% (171/202) of 20-24-year olds (odds ratio [OR] 1.4, 95% CI 1.3-1.5) per
year increase. Ownership was similar among females and males: 61.0% (236/387; 95% CI 55.6-66.1) versus 64.8% (153/236;
95% CI 57.8-71.2), age-adjusted OR 0.7 (95% CI 0.5-1.1); higher in those with secondary level education compared to primary
or no education: 67.1% (346/516; 95% CI 62.6-71.2) versus 26% (21/82; 95% CI 16.4-37.7), age-adjusted OR 2.3 (95% CI
1.1-4.8); and similar across other sociodemographic factors. YP reported that 85.3% (361/423) of phones, either owned or shared,
were smartphones. Among phone owners, the most commonly used phone app was WhatsApp (71.2%, 282/396), and 16.4%
(65/396) reported having ever used their phone to track their health. A total of 407/631 (64.5%; 95% CI 60.3-68.5) currently had
access to the internet (used in last 3 months on any device) with access increasing with age (OR 1.2, 95% CI 1.2-1.3 per year
increase). In age-adjusted analysis, internet access was higher among males, the unmarried, those with a higher level of education,
phone owners, and those who had lived in the community for more than 1 year. The aspect of the internet that YP most disliked
was unwanted sexual (29.2%, 136/465) and violent (13.1%, 61/465) content.
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Conclusions: Mobile phone–based interventions may be feasible in this population; however, such interventions could increase
inequity, especially if they require access to the internet. Internet-based interventions should consider potential risks for participants
and incorporate skill-building sessions on safe internet and phone use.

(JMIR Mhealth Uhealth 2021;9(1):e21244)   doi:10.2196/21244

KEYWORDS

adolescent; young adult; young person; young people; cross-sectional studies; humans; female; male; mobile phone; smartphone;
cell phones; technology; internet; safety; health-related internet use; Zimbabwe

Introduction

There is a growing interest in the use of mobile phones to help
young people (YP) access health information, and to support
their engagement with health services. Data on YP’s use of
information and communication technology (ICT), including
mobile phones, are limited, particularly in low-income countries
[1]. Such information is needed to inform the development of
feasible and equitable digital health interventions. Data suggest
that gender and socioeconomic gaps in access still exist in many
countries [1], and there is a risk that the introduction of digital
health interventions may increase inequity in access to health
information and services. The importance of enhancing the use
of enabling technology to promote sustainable development,
gender equality, and the empowerment of all women and girls
has been recognized in Sustainable Development Goals 17 and
5 [2].

The 2015 Zimbabwean Demographic and Health Survey found
that 87% of households owned a mobile phone [3]. However,
there is little quantitative data on YP’s access to ICT, for
example, mobile phones, their patterns of use of ICT, and
whether confidentiality would be a concern when
communicating via phone or internet on sensitive topics. In
particular, while it is widely believed that mobile phone use
among YP is high, the functionality of the phones that are being
used, preferences for platforms and apps, and the extent of
potential challenges to intervention uptake such as
confidentiality, cost, internet coverage or speed remain
unknown.

With one-fifth of the Zimbabwean population aged between 15
and 24 years, YP’s health is central to the country’s development
[4]. However, health service uptake by YP lags behind need.
In this high HIV prevalence setting approximately half of all
HIV-positive 15-24-year olds are unaware of their status [5]
and use of preventive services such as contraception and
voluntary male circumcision fall below national targets [6].

The aim of this study was to collect data on YP’s use of
information and communication technology to inform the
feasibility of implementing technology-based adolescent-health
interventions in Zimbabwe.

Methods

Recruitment
A cross-sectional population-based survey was conducted from
October to December 2018 in 3 urban communities (A, B, and
C) in Harare province and 2 peri-urban communities (D and E)
in Mashonaland East province. These 5 communities
participated in formative work for the ongoing CHIEDZA sexual
and reproductive health services intervention trial. The
communities had been purposively selected to represent the
urban and peri-urban communities that would be included in
the trial. The survey was conducted in these communities so
that the survey team could benefit from the existing research
infrastructure and stakeholder relationships. Eligible participants
were aged 13-24 years, resident in the study community at the
time of the survey, and either provided informed consent (16-24
years) or provided assent with guardian consent (age 13-15
years).

We estimated that the prevalence of mobile phone (Textbox 1)
ownership among 13-24-year olds would be 50%. Assuming
10% nonresponse and a design effect of 2 [3], a sample size of
686 YP would provide ±8% precision around this estimate.
Using stratified sampling we aimed to recruit 60.1% (412/686)
of participants from Harare, and 39.9% (274/686) of participants
from Mashonaland East. A simple random sample of 100 GPS
coordinates (primary sampling unit) was sampled per cluster
from all potential points in the study areas using ArcGIS
software version 10.5 (Esri). Points were randomly ordered and
then sequentially visited by a team of interviewers. All
households with front doors within 20 m of the sampled GPS
point were visited. The household head was interviewed to
obtain basic demographic information about the household and
to obtain consent to interview any eligible YP. If the household
head was not available, another household member aged 16+
years or a neighbor was asked to provide information on the
composition of the household. Households with YP were visited
a further two times in order to interview the household head.
All YP in the selected household were eligible for recruitment.
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Textbox 1. Definition of terms used in this paper.

Household: A person or a group of related and unrelated persons who live together in the same dwelling unit(s), acknowledge 1 adult male or female
as the head of the household, share the same housekeeping arrangements, and are considered a single unit. Household members were defined as
individuals who have lived or intended to live in the household for 1 or more months, including school children regularly in residence during the
school year [3].

Internet access: A person was considered to have internet access if they reported accessing the internet once or more in the last 3 months, including
on a device belonging to a family member or employer (International indicator HH7) [7].

Basic phone: Mobile phone with limited features (no web browser or apps) that is used primarily for phone calls and sending SMS text messages.

Feature phone: Mobile phone with more features than a basic phone and usually has a camera, supports some apps but not all third-party apps, and
features a web browser.

Smartphone: Mobile phone built on a mobile computing platform (eg, Apple OS, Android) and supports third-party apps.

Phone ownership: Has sole ownership of a mobile phone.

Phone sharing: Having joint ownership of or access to someone else’s mobile phone.

Primary phone: The phone that the respondent reports as the main phone that they use.

Technological devices: Desktop computer, laptop computer, tablet/iPad, mobile phone, iPod or other MP3 player, TV, radio, digital camera, gaming
console, handheld gaming device.

Data Collection
Participants responded to a 30-minute audio computer-assisted
self-interviewing (ACASI) tablet-based questionnaire
(Multimedia Appendix 1). ACASI was facilitated by trained
research assistants who oriented the interviewees and were
present during the interview to troubleshoot or answer questions.
Questionnaire topics included use and ownership of
technological devices including mobile phone, and access to
and use of the internet. Questions were adapted from
pre-existing questionnaires [8-11]. The questionnaire was
developed in English and translated into Shona (the local
language). Modifications were made to the questionnaire
following pretesting with the study team and following the pilot
survey which was conducted outside the selected study sites.

Data Management and Analysis
The primary outcome was the prevalence of mobile phone
ownership among 13-24-year olds. Secondary outcomes were
the characteristics of mobile phones and phone use behavior;
internet access and use behaviors; and ownership and use of
other technological devices such as tablets, desktops, and
laptops. Data were collected and recorded using Open Data Kit
survey software with built-in logical checks and skip patterns
on Android tablets. Data were analyzed using STATA version
15.1 (StataCorp). Using sampling weights and robust standard
errors to account for the clustered sampling design (one-stage
cluster sampling). Multivariable logistic regression was used
to calculate age-adjusted odds ratios for the association between
explanatory factors and mobile phone ownership, and with
internet use. Potential explanatory variables were age, sex,

marital status, community of residence, highest level of school
attended, current occupational status, religion, travel for at least
1 month in past 12 months, length of time living in the
community, and orphan status, with age being considered an a
priori potential confounder. Wald tests adjusted for the clustered
sampling design were used at each step of the analysis.

Ethical Considerations
Ethical approval was obtained from the Institutional Review
Board of the Biomedical Research and Training Institute
(AP149/2018), the Medical Research Council of Zimbabwe
(MRCZ/A/2362), and the London School of Hygiene and
Tropical Medicine Research Ethics Committee (LSHTM REC,
No. 15919). Written informed consent was obtained from
parents or guardians of study participants aged below 16 years,
along with participant assent. Participants aged 16 years and
older consented independently.

Results

Study Population
In total, 1212 households were sampled from 140 GPS point
clusters in 5 suburbs (A 25, B 48, C 21, D 42, and E 4; Figure
1). A total of 719 YP in the target age range were identified
from 491 households (41.05% [491/1196] of successfully
interviewed households); 634/719 (88.2%) YP were included
in the study with 633/634 providing information on mobile
phone ownership. Fewer GPS point clusters in community E
were visited and only 10 participants were interviewed in that
community. Community E was included in the descriptive
analysis but excluded from regression analysis.
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Figure 1. Survey recruitment (HH Household, YP young people).

The mean age of the 634 participants was 18.0 years (SD 3.3)
and 62.6% (397/634) were female. The majority (83.9%,
532/634) had never been married, 86.8% (550/634) had attended
secondary school or higher, and only 14.7% (51/346) of
out-of-school participants reported that they were working. The

majority were Christian, had lived in the study community for
at least 5 years, and had not traveled for at least 1 month in the
past 12 months. Approximately one-third of respondents
reported that one or both of their parents were dead or that a
parent’s location was unknown (Table 1).
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Table 1. Demographic characteristics of the study population (N=634).

Sex of respondentDemographic characteristic

Total (N=634)Female (N=397, 62.6%)Male (N=237, 37.4%)

Age group (years), n (%)

161 (25.4)96 (24.2)65 (27.4)13-15

121 (19.1)74 (18.6)47 (19.8)16-17

144 (22.7)89 (22.4)55 (23.2)18-19

208 (32.8)138 (34.8)70 (29.5)20-24

18.0 (17.8-18.3)18.2 (17.8-18.5)17.8 (17.4-18.2)Mean age (years), mean (95% CI)

Marital status, n (%)

69 (10.9)64 (16.1)5 (2.1)Married

16 (2.5)15 (3.8)1 (0.4)Cohabiting

532 (83.9)307 (77.3)225 (94.9)Never married

17 (2.7)11 (2.8)6 (2.5)Divorced/separated

Highest level of school attended, n (%)

82 (12.9)50 (12.6)32 (13.5)Primary

525 (82.8)330 (83.1)195 (82.3)Secondary

25 (3.9)16 (4.0)9 (3.8)Higher (Tertiary)

2 (0.3)1 (0.3)1 (0.4)Never been to school

Current occupational status, n (%)

288 (45.4)167 (42.1)121 (51.1)In school/university

51 (8.0)29 (7.3)22 (9.3)Out of school (working)

295 (46.5)201 (50.6)94 (39.7)Out of school (not working)

Religiona, n (%)

65 (10.3)38 (9.6)27 (11.5)Roman Catholic

157 (24.9)102 (25.7)55 (23.5)Protestant

265 (42.0)169 (42.6)96 (41.0)Pentecostal

86 (13.6)67 (16.9)19 (8.1)Apostolic sect

8 (1.3)3 (0.8)5 (2.1)Other Christian/Muslim/Other

50 (7.9)18 (4.5)32 (13.7)No religion

Traveled for at least 1 month in past 12 months, n (%)

452 (71.3)282 (71.0)170 (71.7)No

182 (28.7)115 (29.0)67 (28.3)Yes

How long lived in community?b, n (%)

112 (17.7)83 (20.9)29 (12.3)<1 year

142 (22.5)98 (24.7)44 (18.7)1-4 years

378 (59.8)216 (54.4)162 (68.9)5+ years

Orphan status, n (%)

63 (9.9)40 (10.1)23 (9.7)Double orphan

52 (8.2)31 (7.8)21 (8.9)Mother dead, father alive

110 (17.4)70 (17.6)40 (16.9)Mother alive, father dead, or unknown

409 (64.5)256 (64.5)153 (64.6)Both parents alive

an=3 no response (men only).
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bn=2 do not know (men only).

Mobile Phone Ownership and Access
The prevalence of mobile phone ownership was 62.6% (396/633;
95% CI 58.5-66.5). Among the 237 who did not own a phone,
27 (11.4%) reported that they shared a phone (Table 2). In total,
423 out of the 633 YP interviewed (66.8%; 95% CI 62.3, 71.1)
reported either owning or sharing a phone, with 18.0% (76/423)
currently using (owning or sharing) 2 or more phones
(Multimedia Appendix 2). The use of multiple phone numbers
was common, with 26.5% (112/423) currently using and 42.8%

(181/423) having used more than 1 phone number in the past
year. The majority (85.3%, 361/423) of primary phones, either
owned or shared, were reported to be smartphones.

Female phone sharers reported sharing phones with their mother
(18/50, 36%), partner/boyfriend (14/50, 28%), or siblings (12/50,
24%), whereas male phone sharers reported sharing phones
primarily with their siblings (11/20, 55%). Almost all (67/70,
96%) respondents who reported sharing phones did so at least
once a week (Multimedia Appendix 2).

Table 2. Prevalence of phone ownership and phone sharing.

Shares a phone

TotalaYesNo

95% CIn (%)95% CIn (%)95% CIn (%)Owns a phone

33.5-41.5237 (37.4)2.6-6.927 (4.3)29.0-37.7210 (33.2)No

58.5-66.5396 (62.6)4.6-9.943 (6.8)51.2-60.2353 (55.8)Yes

Not applicable6338.1-15.070 (11.1)85.0-91.9563 (88.9)Total

aOne participant did not respond to the question “Do you have or use a mobile phone?”

The main reasons for not owning or sharing a phone were
have/had a phone but it is not working (27.6%, 58/210), cost
(21.9%, 46/210), and not being allowed (17.1%, 36/210).
However, 63.8% (134/210) of those who did not have access
to a phone reported planning to buy one in the near future
(Multimedia Appendix 3).

The median age at first mobile phone use was 13 years (IQR
12-15) and 15 years (IQR 13-16) for male and female
respondents, respectively (Multimedia Appendix 4). First phones
were primarily purchased by parents (237/367, 64.6%) or other
relatives (83/367, 22.6%).

Prevalence of phone ownership increased with age of the
respondent with 27.0% (43/159) of 13-15-year olds, 61.0%
(72/118) of 16-17-year olds, 71.5% (103/144) of 18-19-year
olds, and 84.7% (171/202) of 20-24-year olds owning a phone
(OR 1.4, 95% CI 1.3-1.5) for each year increase (P<.001). In
age-adjusted analysis there was weak evidence that mobile
phone ownership was higher in those with at least secondary
level education compared to those with primary or no education
(secondary OR 2.3, 95% 1.1-4.8; tertiary OR 2.6, 95% 0.6-11.9;
P=.09). The prevalence of mobile phone ownership was similar
among male (153/236, 64.8%; 95% CI 57.8-71.2) and among
female respondents (236/387, 61.0%; 95% CI 55.6-66.1;
age-adjusted OR 0.7, 95% CI 0.5-1.1; P=.11; Table 3).
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Table 3. Factors associated with phone ownership (N=623).

Age-adjusted odds ratio
(95% CI)

Unadjusted odds ratio
(95% CI)

Prevalence, %nFactors

P<.001Age group (years)

27.015913-15

61.011816-17

71.514418-19

84.720220-24

1.40 (1.30-1.52)Per-year increase

P=.11P=.39Gender

11b64.8236Male

0.73 (0.49-1.07)0.85 (0.58-1.24)61.0387Female

P=0.13P<.001Marital status

1179.879Married/cohabiting

1.67 (0.87-3.18)0.37 (0.21-0.64)59.4527Never married

0.64 (0.15-2.77)0.83 (0.22-3.12)76.517Divorced/separated

P=0.10P=0.13Religion

1175.064Roman Catholic

0.68 (0.33-1.40)0.61 (0.31-1.22)64.7153Protestant

0.53 (0.28-1.00)0.50 (0.28-0.92)60.2264Pentecostal

0.46 (0.21-0.99)0.43 (0.20-0.92)56.585Apostolic sect

1.06 (0.35-3.20)0.83 (0.17-4.05)71.47Other Christian/Muslim/Other

0.42 (0.17-1.03)0.45 (0.21-0.95)57.547No religion

P=.19P=.37Community

1159.0178A

1.51 (0.91-2.52)1.42 (0.89-2.28)67.1140B

0.97 (0.60-1.57)1.01 (0.67-1.52)59.2147C

1.49 (0.82-2.69)1.30 (0.79-2.16)65.2158D

P=.09P<.001Highest level of school attended

1125.682None/Primary

2.27 (1.08-4.77)5.91 (3.22-10.86)67.1516Secondary

2.64 (0.58-11.94)21.30 (5.44-83.41)88.025Higher (tertiary)

P=.30P<.001Current occupational status

1147.2286In school/university

2.24 (0.78-6.45)10.29 (3.97-26.66)90.251Out of school (working)

1.09 (0.70-1.69)2.98 (2.06-4.32)72.7286Out of school (not working)

P=.63P=.41Traveled for at least 1 month in the past 12 months

1161.4443No

1.11 (0.72-1.71)1.17 (0.81-1.69)65.0180Yes

P=.32P=.08How long lived in community?

1163.4112<1 year

1.51 (0.82-2.76)1.40 (0.79-2.48)70.81371-4 years

1.05 (0.64-1.71)0.84 (0.50-1.39)59.13725+ years

P=.12P=.05Orphan status
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Age-adjusted odds ratio
(95% CI)

Unadjusted odds ratio
(95% CI)

Prevalence, %nFactors

1162.361Double orphan

1.96 (0.84-4.56)1.82 (0.85-3.88)75.052Mother dead, father alive

1.92 (1.03-3.60)1.42 (0.83-2.44)70.1107Mother alive, father dead or unknown

1.89 (1.07-3.34)0.86 (0.50-1.50)58.8403Both parents alive

an=623 as excludes 10 participants who were interviewed in community E.
bReference.

Phone Use Behavior
In total 4 in 10 phone owners reported that they never turned
their phone off and 25.9% (103/397) reported that they could
not do without their phone for a day. Among school-going
phone-using respondents, just over half reported regularly
bringing their phone to school. YP reported that the best thing
about having a mobile phone was that it was convenient and
made life easier (Multimedia Appendix 5).

The majority (280/423, 66.2%) of phone users spent US $1-3
per week on phone credit with 9.9% (42/423) spending nothing.
Most phone users reported spending less on airtime in the past
week when compared to other personal expenditure but 23.9%
(101/423) reported having spent more on airtime. Phone credit
was paid for by a combination of the respondent, their family

members, or their friends. Half of females and a quarter of males
reported that their boyfriend or girlfriend paid for phone credit
(Multimedia Appendix 6).

The most commonly used phone features were the clock, instant
messaging/chat, camera, and the calendar (Figure 2). The most
commonly used app was WhatsApp (70.9%, 300/423). Other
commonly used apps were Facebook, Facebook Messenger,
internet browser, Instagram, Twitter, YouTube, dictionary,
bible, and calculator (Figure 2, Multimedia Appendix 7). As
many as 67.1% (108/161) of male and 56.9% (149/262) of
female phone users reported playing games on their mobile
phone. Candy Crush and Temple Run were the most popular
games among females and FIFA, Temple Run, and Dream
League were the most popular games among males.

Figure 2. Frequency of use of different phone features among phone users.

Among phone users, a quarter report at least sometimes
searching for health information and 20.3% (86/423) for
information on relationships (Multimedia Appendix 7). A
minority (16.3%, 69/423) report having ever used their phone
to track their health. Males were more likely than females to
report having used a phone to track their health (21.1% [34/161]
versus 13.4% [35/262], P=.03). When asked to list the apps that
they used to track their personal health, the majority mentioned

web browsers, YouTube, and social media platforms. Specific
apps mentioned related to fitness, blood pressure, sugar levels,
body temperature, HIV testing, skincare, period trackers, home
remedies app, and health tips (including daily health tips).

In total, 4 in 10 phone owners (44.2%, 175/396) reported that
the information stored on their phone was not private. A similar
proportion thought that the information they sent on their phone
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(40.4%, 160/396) and received on their phone (40.9%, 162/396)
was not private. Only two-thirds (62.1%, 246/396) had a

password to lock/unlock their phone and 17.7% (70/396) had
passwords for any apps on their phone (Table 4).

Table 4. Security and privacy associated with phone use among phone owners (N=396).

95% CIn (%)Questions on security and privacy

How private do you consider the information that you send when using a phone?

29.4-46.1148 (37.4)Very private

17.6-27.788 (22.2)Somewhat private

33.5-47.8160 (40.4)Not private

How private do you consider the information that you receive when using a phone?

29.3-44.7145 (36.6)Very private

18.1-27.689 (22.5)Somewhat private

33.8-48.4162 (40.9)Not private

How private do you consider the information stored on your phone?

29.8-44.6146 (36.9)Very private

14.7-24.175 (18.9)Somewhat private

37.0-51.7175 (44.2)Not private

Do you have passwords to lock/unlock your phone?

33.5-42.4150 (37.9)No

57.6-66.5246 (62.1)Yes

Do you have passwords for any apps on your phone?

78.4-85.6326 (82.3)No

14.4-21.670 (17.7)Yes

Internet Use
A total of 407/631 (64.5%) respondents (95% CI 60.3-68.5)
had access to the internet (used in the last 3 months), with 73.8%
(468/634) reporting ever using the internet. Ever internet users
reported accessing the internet frequently (at least once per
week) on a mobile phone (78.2%, 366/468) or on a computer
at work or school (18.6%, 87/468). Frequent access to the
internet on other computers was rare: commercial internet outlet
(5.6%, 26/468), at home (6.8%, 32/468), at someone else’s
house (4.3%, 20/468), or in a library/community facility (4.1%,
19/468; Multimedia Appendix 8).

Internet access in the last 3 months increased with age (OR 1.2,
95% CI 1.2-1.3, per year increase; P<.001). In age-adjusted
analysis, internet access was lower among females (adjusted
OR 0.5, 95% CI 0.4-0.8; P=.001). Internet access was higher
among the never married compared to the married and
cohabitating (adjusted OR 2.8, 95% CI 1.5-5.5; P=.001), among
those who had secondary education compared to primary or no
education (adjusted OR 2.3, 95% CI 1.2-4.2; P=.03), and among
those who had lived in the community for more than 1 year
(P=.003; Table 5). Mobile phone owners had 9 times the odds
of having access to the internet compared to nonphone owners
(adjusted OR 8.7, 95% CI 5.6-13.5; P<.001). There was no
evidence of a difference in internet access according to religion,
community, travel in the past 12 months, or orphan status.
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Table 5. Factors associated with internet access (N=621)a.

Age-adjusted odds ratio
(95% CI)

Unadjusted odds ratio (95%
CI)

Prevalence, %nFactors

P<.001Age group (years)

37.815613-15

69.811916-17

73.614418-19

77.220220-24

1.22 (1.15-1.30)Per year increase

P=.001P=.007Gender

11b72.7234Male

0.52 (0.35-0.76)0.58 (0.39-0.86)60.5387Female

P=.01P=.34Marital status

1165.879Married/cohabiting

2.83 (1.45-5.53)0.94 (0.57-1.55)64.4525Never married

2.19 (0.49-9.82)2.42 (0.57-10.37)82.417Divorced/separated

P=.13P=.11Religion

1177.863Roman Catholic

0.67 (0.31-1.45)0.61 (0.30-1.24)68.0153Protestant

0.56 (0.26-1.19)0.52 (0.25-1.06)64.4264Pentecostal

0.35 (0.15-0.79)0.33 (0.15-0.71)53.684Apostolic sect

0.56 (0.15-2.10)0.48 (0.10-2.17)62.58Other Christian/Muslim/Other

0.44 (0.18-1.09)0.44 (0.18-1.08)60.946No religion

P=.05P=.06Community

1163.3177A

2.03 (1.11-3.71)1.94 (1.07-3.51)77.0139B

0.92 (0.58-1.47)0.94 (0.61-1.46)61.9147C

0.87 (0.51-1.50)0.85 (0.53-1.38)59.5158D

P=.03P<.001Highest level of school attended

1135.482None/Primary

2.28 (1.23-4.21)4.04 (2.40-6.82)68.9514Secondary

2.99 (0.89-10.08)9.59 (3.05-30.18)84.025Higher (Tertiary)

P=.37P=.009Current occupational status

1158.3285In school/university

0.90 (0.38-2.16)2.94 (1.36-6.33)80.451Out of school (working)

0.72 (0.45-1.17)1.60 (1.07-2.41)69.1285Out of school (not working)

P=.32P=.25Traveled for at least 1 month in the past 12 months

1163.6442No

1.23 (0.82-1.85)1.26 (0.85-1.87)68.7179Yes

P=.003P=.01How long lived in community?

1151.8110<1 year

2.30 (1.29-4.12)2.10 (1.25-3.55)69.31371-4 years

2.50 (1.47-4.24)1.93 (1.19-3.13)67.53725+ years

P=.28P=.74Orphan status
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Age-adjusted odds ratio
(95% CI)

Unadjusted odds ratio (95%
CI)

Prevalence, %nFactors

1162.361Double orphan

1.24 (0.55-2.79)1.25 (0.59-2.64)67.352Mother dead, father alive

1.55 (0.75-3.19)1.32 (0.69-2.52)68.5108Mother alive, father dead, or unknown

1.79 (0.94-3.41)1.09 (0.60-1.98)64.3400Both parents alive

P<.001P<.001Owns a phone

1133.6232No

8.67 (5.58-13.47)10.38 (6.84-15.75)84.0388Yes

a10 respondents from community E were excluded and 3 respondents did not provide information on the timing of most recent internet access.
bReference.

The most common technological devices that respondents had
at home were televisions (89.1%, 565/634), mobile phones
(87.5%, 555/634), and radios (71.1%, 451/634). Ever use of
technological devices was higher than household ownership but
showed similar patterns with a high proportion reporting ever
use of televisions, mobile phones, and radios. Over half of
respondents had ever used a desktop computer (61.7%, 391/634)
and laptop computer (65.6%, 416/634; Multimedia Appendix
9).

YP reported that the thing that they most disliked about the
internet was seeing unwanted sexual content (29.2%, 136/465)
and violent stories, photos, and videos (13.1%, 61/465). The
most common suggestions on how to make the internet better
were cheaper data plans (36.8%, 171/465), making access to
mobile phones and computers easier (14.6%, 68/465), better
internet coverage (12.9%, 60/465), and high-speed connectivity
(12.7%, 59/465; Multimedia Appendix 10).

Discussion

Principal Findings
YP in Harare and Mashonaland East had high levels of phone
ownership and internet access and access increased with age.
A minority of YP used their phones to seek health information
or to support their health. Challenges that YP face when using
mobile phones and the internet include the cost of data, access
to phones/computers, speed of connection, exposure to unwanted
sexual and violent content, and concerns about security and
confidentiality. Older age groups could be targeted for
phone-based interventions but ensuring equitable access to data
and charging facilities as well as training on safe internet use
are necessary.

Limitations
This study only collected data on YP living in urban and
peri-urban areas. An estimated 68% of Zimbabwe’s population
live in rural areas [12] and there is a well-documented digital
divide with internet use much lower in rural compared to urban
areas [13-15]. Data on contextual factors, such as the availability
of electricity to charge devices, were not collected. A relatively
high proportion of respondents reported access to a smartphone
but we did not collect data on the functionality of the phones.
We gathered limited information on respondents’ current use
of their phone to access health information and services.

In-depth qualitative studies are needed to better understand their
current use, including barriers and facilitators, and to explore
willingness to use their phones to access information and
services. Alternative ways to understand YP’s digital lives,
which could be considered for future studies, are the use of
diaries or qualitative interviews which can probe for a detailed
understanding of use throughout the day [16,17].

Comparison With Prior Work
This study provides a unique insight into phone ownership and
use among YP in Zimbabwe as there is little published data
available for this population. Phone ownership among
20-24-year olds in this study (84.7%, 171/202) was higher than
national estimates from the most recent 2015 Zimbabwean DHS
(71.1% among females and 76.5% among males) [18], but phone
access was in line with levels seen in higher-income
Sub-Saharan African (SSA) countries such as South Africa. A
2017 survey among adults aged over 18 in 6 African countries
(excluding Zimbabwe) found that 72%-93% of 18-29-year olds
reported owning a mobile phone, with the proportion owning
smartphones ranging from 17% in Tanzania to 63% in South
Africa [19]. A 2013/14 household survey among 9-18-year olds
in South Africa, Ghana, and Malawi also found a large variation
in phone ownership ranging from 6.2% in females in Malawi
to 50.9% among males in South Africa [20,21]. A 2012 survey
of secondary school students in South Africa found that 81.1%
owned or had access to a mobile phone [14].

Although phone ownership was comparable between genders,
males reported increased internet access/usage. Phone sharing
was relatively common with differences in phone sharing
between males and females, that is, who they share with. The
lack of an association between gender and phone ownership
observed in this study is consistent with findings from South
Africa [20] and there is some evidence to suggest that as the
prevalence of phone ownership increases, the gender divide
decreases [22]. By contrast, we found higher access to the
internet among males, those not currently married, those with
greater than primary education, and longer-term residents.
Observed gender differences in internet access are in keeping
with other studies from SSA. A 2018 multicountry study among
adolescents in low- and middle-income countries found that
boys were more likely than girls to have smartphones (through
which they can access the internet) and used a wider variety of
phone features compared to girls [23]. A Ugandan study among
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18-24-year olds found high phone ownership among both sexes
but lower internet use among females compared to males [24].
The 2019 GSMA mobile gender report also found a bigger gap
for internet use than phone use, with women also using a smaller
range of services and spending less on their phones than men
[25]. Global goals have been set to provide internet access for
everyone and access to digital technology is considered an
important component to help adolescents achieve their rights
[26-28]. The findings from this study contribute to our
understanding of which YP have and do not have access to
phones and the internet.

Implications for Interventions
Some kinds of phone-based interventions are likely to be feasible
in this population and phones are increasingly being used in
Zimbabwe to facilitate health information and service delivery
[29-31]. A quarter of YP in this study reported sometimes using
their phones to access health information or services, suggesting
that phones may be an acceptable medium for health information
and services. A study of informal mHealth (mobile health) in
South Africa, Ghana, and Malawi found that almost a fifth of
YP surveyed reported using their phones in the previous year
to obtain health advice or information [21]. Similarly, across 7
SSA countries an average of 17% of mobile phone owners
reported having used their phone in the past 12 months to get
information about health and medicine [32].

Current phone use behaviors and preferences can inform the
kind of intervention that might be attractive to YP. Many of the
interviewed YP use games and social media, and so health
interventions that incorporate gaming and social aspects may
be attractive. A qualitative study in the United States identified
3 reasons that adolescents 13-18 years reported using ICT for
their health: to gather information, to share experiences and
view others’ experiences in order to gain social support or
inspiration, and to track health behaviors and goals [33]. In this
study participants reported using features that would correspond
with each of these 3 reasons (eg, used web browsers, social
media platforms, and health monitoring apps).

Older age groups could be targeted for phone-based
interventions but some issues require consideration when
planning mobile phone interventions with YP in this setting.

Access and Feasibility
Careful consideration needs to be given to equitable access to
interventions, especially in terms of age and gender.
Internet-based interventions that require access to a smartphone
or computer may be less feasible and increase inequality. Cost,
internet coverage, and speed may hinder intervention uptake
[23,25]. However, as with access to mobile phones, these factors
are likely to change over time. The functionality of phones and
the prevalence of fake smartphones should be explored during
formative work as not all smartphones may be capable of

running additional apps. Recording whether participants have
multiple phones or phone numbers may improve follow-up [34].
Phone sharing is relatively common and YP’s access to phones
may be controlled by someone else which may limit their access
and raises the issue of confidentiality [22,35]. In this study
females were most likely to share phones with their mothers
and boyfriends/partners, and boys with their siblings. Females
also reported primarily sharing phones with their mothers in
other SSA countries [23]. Phone sharing behaviors coupled with
low confidence in the security of information on phones may
lead to poor uptake of interventions. This may be particularly
important if phones are to be used to deliver information or
interventions on sensitive topics such as sexual health. While
the use of shared phones for sexual health interventions could
be harmful for the participant, it could equally result in healthy
discussions between the participant and phone owner.

Safety and Skills
Whether literacy and technical skills are a barrier to phone and
internet use should be assessed, and if so then additional training
and support provided [25]. Potential risks associated with
phone-based interventions need to be considered when designing
interventions and monitored closely during implementation.
One potential risk of internet use is exposure to unwanted
content [27]. Online risk can be categorized as exposure to
“content,” “contact” (where the YP participates, even
unwillingly), or “conduct” (where the YP is the actor) [14]. In
this study YP report exposure to content but they did not
mention, nor did we specifically probe about other risks.
Research suggests that YP are often resilient and have
mechanisms to cope with these risks but that those who are
vulnerable offline are often vulnerable online [14]. YP in this
study reported low levels of phone security and confidence in
the privacy of information. Safety and security concerns can be
barriers to mobile phone use [25]. Training for YP should
include security and confidentiality (eg, use of passwords), and
the development of resilience to navigate risk in the online
environment [28].

Conclusions
Mobile phone–based health interventions may be feasible for
urban and peri-urban Zimbabwean YP. However, interventions
could increase inequity especially if they require access to the
internet. Provision of free internet access may remove this
inequity, but additional factors such as capability to recharge
one’s mobile phone and the technological capabilities of phones
should be taken into account. Involving YP from the target
communities in intervention design teams is recommended to
develop more appropriate and feasible interventions. Potential
risks to intervention participants should be closely monitored
and mitigated against by incorporating skill-building sessions
on safe internet and phone use into recruitment activities.
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Abstract

Background: Major surgery is associated with negative postoperative outcomes such as complications and delayed or poor
recovery. Multimodal prehabilitation can help to reduce the negative effects of major surgery. Offering prehabilitation by means
of mobile health (mHealth) could be an effective new approach.

Objective: The objectives of this pilot study were to (1) evaluate the usability of the Be Prepared mHealth app prototype for
people undergoing major surgery, (2) explore whether the app was capable of bringing about a change in risk behaviors, and (3)
estimate a preliminary effect of the app on functional recovery after major surgery.

Methods: A mixed-methods pilot randomized controlled trial was conducted in two Dutch academic hospitals. In total, 86
people undergoing major surgery participated. Participants in the intervention group received access to the Be Prepared app, a
smartphone app using behavior change techniques to address risk behavior prior to surgery. Both groups received care as usual.
Usability (System Usability Scale), change in risk behaviors 3 days prior to surgery, and functional recovery 30 days after discharge
from hospital (Patient-Reported Outcomes Measurement Information System physical functioning 8-item short form) were
assessed using online questionnaires. Quantitative data were analyzed using descriptive statistics, chi-square tests, and multivariable
linear regression. Semistructured interviews about the usability of the app were conducted with 12 participants in the intervention
group. Thematic analysis was used to analyze qualitative data.

Results: Seventy-nine people—40 in the intervention group and 39 in the control group—were available for further analysis.
Participants had a median age of 61 (interquartile range 51.0-68.0) years. The System Usability Scale showed that patients
considered the Be Prepared app to have acceptable usability (mean 68.2 [SD 18.4]). Interviews supported the usability of the app.
The major point of improvement identified was further personalization of the app. Compared with the control group, the intervention
group showed an increase in self-reported physical activity and muscle strengthening activities prior to surgery. Also, 2 of 2
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frequent alcohol users in the intervention group versus 1 of 9 in the control group drank less alcohol in the run-up to surgery. No
difference was found in change of smoking cessation. Between-group analysis showed no meaningful differences in functional
recovery after correction for baseline values (β=–2.4 [95% CI –5.9 to 1.1]).

Conclusions: The Be Prepared app prototype shows potential in terms of usability and changing risk behavior prior to major
surgery. No preliminary effect of the app on functional recovery was found. Points of improvement have been identified with
which the app and future research can be optimized.

Trial Registration: Netherlands Trial Registry NL8623; https://www.trialregister.nl/trial/8623

(JMIR Mhealth Uhealth 2021;9(1):e23402)   doi:10.2196/23402
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preoperative care; smartphone; mhealth; risk behavior; prehabilitation; usability

Introduction

Every year, approximately 635,000 adults in the Netherlands
undergo major surgery [1]. Major surgery is associated with
negative postoperative outcomes such as complications and
delayed or poor recovery [2]. Risk behaviors, such as smoking,
excessive alcohol consumption, and physical inactivity, and
risk factors like poor nutritional status may elevate the chance
of poor postoperative outcomes in people undergoing major
surgery [2-6].

Prehabilitation programs can be used to address these risks prior
to major surgery. Prehabilitation is the process of improving an
individual’s functional capacity by modifying risk behaviors to
enable them to withstand the forthcoming stressor of major
surgery [7]. There is increasing evidence for the effectiveness
of prehabilitation in reducing the negative effects of major
surgery [3,4].

As risk behaviors rarely occur alone, prehabilitation programs
will often need to address multiple factors. These programs
often consist of a combination of physical training (unsupervised
or supervised by a physical therapist), nutritional support by a
dietitian, smoking and alcohol cessation support, and/or
psychological support [4,8,9]. Changing risk behaviors before
major surgery offers opportunities and challenges. The
preoperative period is considered a teachable moment, a useful
time to facilitate change [10]. Some research indicates that
hospitalization or upcoming surgery increases motivation to
change risk behaviors [11]. In addition, patients scheduled for
elective surgery might be more willing to change their risk
behavior preoperatively given the restricted period of behavior
change.

Even though the preoperative period is considered a teachable
moment, it is also a stressful period for many patients, which
poses a challenge in terms of changing risk behavior [12,13].
Furthermore, patients experience various barriers to participate
in prehabilitation (eg, problems with transportation, finding
time, and bearing costs). Offering prehabilitation in one’s own
environment by means of mobile health (mHealth) could be an
effective new approach, making prehabilitation easily accessible
to many patients and helping to overcome experienced barriers
to participation [14]. However, evidence for the use of mHealth
apps for multimodal prehabilitation is lacking.

In this study, we evaluate the first version of the Be Prepared
(Beter Voorbereid, in Dutch) mHealth app. The content of the
app was developed by a team of health care professionals and
health care researchers collaboratively with patients to optimize
the process of prehabilitation and overcome barriers. The app
uses behavior change techniques to address risk behaviors and
enhance patients’ health prior to surgery in order to achieve a
better postoperative functional recovery [15].

The Centre for eHealth Research (CeHRes) roadmap, a 5-step
development, evaluation, and implementation approach, was
used as a guideline during the development and evaluation of
the Be Prepared app [16]. In this pilot study, we describe the
first steps in the evaluation.

This evaluation focuses on the usability of the app and the first
effects on functional outcomes. Usability has been identified
as an essential criterion for the evaluation of digital apps in
health care since poor usability can influence the use of the app
and thereby affect its effectiveness [17].

Therefore, the primary aim of this pilot study is to evaluate the
usability of the Be Prepared app prototype. In addition, we
explore whether the app is capable of bringing about a change
in risk behaviors in people undergoing major surgery, and we
estimate a preliminary effect of the Be Prepared app on
functional recovery after major surgery.

Methods

Design
This multicenter pilot randomized controlled trial (RCT) is part
of the development approach following the CeHRes roadmap
[16]. The first stages of the CeHRes roadmap (contextual
inquiry, value specification, and design) and this pilot study
provide the basis for the subsequent steps (operationalization
and summative evaluation). These steps will be conducted in
the next phase of this project. This pilot study was conducted
to evaluate the usability and preliminary effectiveness of the
Be Prepared app and feasibility of study procedures to identify
points of improvement before conducting a large multicenter
RCT. In this article, we focus on the evaluation of usability and
preliminary effectiveness of the app.

Patients scheduled for major elective surgery were recruited
from the preoperative assessment outpatient clinic of two
academic hospitals in the Netherlands between November 2018
and March 2019. Patients were informed about the study by the
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anesthetist, anesthesiology nurse, or anesthesiology assistant
during their preoperative assessment. Patients who were
interested in participation received written information about
the study and were called the next day by the investigator (at
least 24 hours after being informed about the study). During
the phone call, the patient was asked whether they wanted to
participate, and inclusion criteria were checked. Eligible patients
signed the informed consent form provided with the written
information and sent it back to the investigators. After
completing the baseline questionnaires, participants were
randomly assigned to either the intervention or control group
using a web-based randomization system. The intervention
group received a link to the Be Prepared app via email. Both
groups received care as usual (eg, verbal information and
information leaflets). Quantitative data were collected at
baseline, 3 days before surgery, and 30 days after hospital
discharge. Patient characteristics and perioperative factors were
collected via the electronic health record. All other data were
collected through questionnaires completed by the participant
on a secured web-based system. Qualitative data were collected
pre- or postoperatively from a selection of app users. Participants
could indicate on the informed consent form whether they gave
permission to be approached for a telephone interview.

The medical ethical committee of the Amsterdam University
Medical Center approved this study (NL61503.029.18). No
changes were made to the design after the study was approved.
We followed the Consolidated Standards of Reporting Trials
(CONSORT) guidelines and the CONSORT EHEALTH
(Electronic and Mobile Health Applications and Online
Telehealth) checklist [18,19]. The main study is registered at
the Netherlands Trial Registry [NL8623], but this pilot study
is not.

Participants
Patients scheduled for major elective surgery were eligible to
be included if they were aged 18 years or older, had an
indication for postoperative hospital stay of at least 2 nights,
and had one or more risk behaviors. For the purpose of inclusion,
we categorized risk behaviors into binary variables representing
risk status based on the recommendations of the Dutch Health
Council and evidence (ie, currently smoking, alcohol
consumption 1 or more drinks every day, moderate intensity
physical activity less than 30 minutes every day, muscle
strengthening activities on fewer than 2 days per week, and/or
unintentional weight loss of more than 3kg in the last month)
[2,20-22]. Participants were excluded if they had no access to
a mobile device or had an insufficient command of the Dutch
language. Patient characteristics (age, gender, BMI, physical
functioning, type of surgery, American Society of
Anesthesiologists physical status classification, presence of risk
behaviors) were collected in order to describe the sample.

Intervention
The Be Prepared app prototype (Patient Journey platform by
Interactive Studios BV) is a smartphone app which uses behavior
change techniques to support patients in optimizing their health
and risk behaviors prior to surgery. A behavior change technique
is a strategy that helps an individual change their behavior to
promote better health. Techniques like setting goals, advice on
stop smoking medication, social support, feedback on behavior,
and providing information on the health consequences of alcohol
consumption and alcohol cessation were used in this app [15,23].
For example, participants were encouraged to exercise with a
buddy and call someone when they felt the urge to smoke and
were informed by a pulmonologist about the health risks of
smoking before a major operation. In the app, participants
answered questions about their risk behavior and received
tailored information and advice based on the given answers.
Current smokers were supported with smoking cessation prior
to surgery. Frequent alcohol users were supported to decrease
their alcohol intake. Inactive participants were supported to
increase their amount of physical activity to at least 30 minutes
of moderate intensity physical activity per day. Participants who
did muscle strengthening activities less than twice a week were
supported to increase these activities to at least twice a week in
combination with increasing protein-rich food in their diet.
Participants who unintentionally lost more than 3 kg during the
past month were advised on protein and energy enriched food.
Additionally, participants received information about
preoperative fasting and the use of blood coagulation medication
prior to surgery.

Participants in the intervention group received access to the Be
Prepared app for use on their own mobile device. The
introduction screen showed only basic information about the
goal and use of the app. They could unlock the additional
information and advice by entering a personal code they received
via email.

The information and advice in the app were displayed on a
dynamic timeline based on the patient’s operation date. Through
this dynamic timeline, day-to-day information was offered in
various ways to meet different needs. The timeline provided
written information and videos, tips on healthy behavior and
changing risk behaviors, quizzes, and exercise videos (Figure
1). Furthermore, participants were asked whether they succeeded
in following the advice and received feedback based on their
response. Push notifications informed the patient about available
new information and advice. This prototype version of the app
provided information and advice for a maximum of 14 days
prior to surgery. An overview of the app content is provided in
Multimedia Appendix 1.
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Figure 1. Screenshots of the Be Prepared app, translated from Dutch. From left to right, information about the purpose of the app, screening questions
for app personalization, muscle strengthening exercise video, and check for progress with feedback video.

Data Collection

Usability
Usability of the mHealth intervention was assessed both
quantitatively and qualitatively. Usability is the extent to which
a product can be used by specified users to achieve specified
goals with regard to effectiveness, efficiency, and satisfaction
[24].

App Use

Whether a participant in the intervention group activated the
app with their personal code was logged anonymously in the
database of Interactive Studios (ISO 27001 and NEN7510
certified). In the online questionnaire, participants in the
intervention group were asked whether they had used the app
and, if applicable, were asked about reasons for nonuse.

Quantitative Data

The Dutch translation of the System Usability Scale (SUS) was
used to assess usability among all app users. Participants
completed the SUS 3 days prior to surgery. The SUS is a reliable
and valid 10-statement usability scale suitable to assess a wide
range of eHealth technologies. The total SUS score ranges from
0 to 100, and higher scores reflect higher usability [25,26]. An
SUS score of at least 62.7 was considered acceptable [25,27],
and 68 or above was regarded as above average in terms of
usability quality.

Qualitative Data

For the qualitative data collection, semistructured telephone
interviews were conducted with a selection of participants to
gain more detailed insight into the usability of the app.
Interviews took 20 to 30 minutes. During the interviews, a topic
list was used based on the usability components described by
Nielsen [28]: efficiency, satisfaction, learnability, memorability,

and tolerance for errors. The topic list is provided in Multimedia
Appendix 2. Preoperative interviews were conducted 3 or more
days before surgery and postoperative interviews between 1
and 2 weeks after hospital discharge. Participants were included
until maximum variation in patient characteristics (age, gender,
days of app use, interviewing pre- or postoperatively, and length
of hospital stay) and data saturation in 3 consecutive interviews
was reached.

Risk Behaviors
Risk behaviors were assessed through self-report at baseline
and 3 days before surgery. Participants were asked to indicate
on how many days per week they were physically active for at
least 30 minutes, on how many days per week they performed
muscle strengthening activities, and on how many days per
week they consumed one or more alcoholic beverages.
Participants were asked whether they were currently smoking.
Current smokers were asked to indicate how many cigarettes
they had smoked last week.

Participants were also asked to self-report their change in risk
behaviors using a set of closed-ended questions at 3 days before
surgery. All participants were asked whether they had made
positive changes to their risk behaviors regarding smoking,
alcohol intake, unintentional weight loss, physical activities,
and/or muscle strengthening activities prior to surgery.

Functional Recovery
Functional recovery after surgery was assessed by the
Patient-Reported Outcomes Measurement Information System
physical functioning 8-item short form (PROMIS-PF) at baseline
and 30 days after hospital discharge. The PROMIS-PF is derived
from the Dutch PROMIS physical function item bank consisting
of 121 items concerning daily activities. The short form consists
of 8 questions which can be scored on a 5-point Likert scale
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from 1 (unable to do) to 5 (performed without any difficulty).
The PROMIS-PF has a high reliability and validity and is
applicable to patients with different conditions [29,30].

Data Analysis
Descriptive statistics were used to describe patient characteristics
and app use. No a priori level of statistical significance was set
as this pilot study was not powered to assess effect. Point
estimators and confidence intervals are given to estimate the
effects, and P values are provided to give an impression of the
evidence against the null hypothesis [31]. Complete case
analyses were performed according to the intention-to-treat
principle. Quantitative data were analyzed using SPSS Statistics
version 25.0 (IBM Corporation).

Usability

Quantitative Data

The total SUS score was calculated using the method by Brooke
[25], and descriptive statistics were used to describe scores. In
order to have a better insight into the different aspects of
usability, the SUS statements were subdivided into the categories
learnability, efficiency, and satisfaction [32]. Mean scores per
SUS statement and per category of usability were calculated
using the method by Brooke [25] with the addition of a factor
10 to get a range of 0 to 100 per statement.

Qualitative Data

Qualitative analysis of interview data was done following the
steps of thematic analysis: compiling, disassembling,
reassembling, interpreting, and concluding [33-35]. Interviews
were transcribed verbatim, and data were coded through open
coding. Axial coding was discussed by two researchers to define
definitive codes. Subsequently, codes were put into context with
each other to create themes. Differences were discussed until
consensus was reached. Next, analytical conclusions were made
from the data presented as codes and themes. The main themes
and findings regarding usability are described in the Results
section as an addition to the quantitative analysis of usability.

Risk Behaviors
Descriptive statistics were used to describe changes in risk
behaviors. Bootstrapping methods (1000 samples) were used
to calculate confidence intervals for medians. Chi-square tests
for linear trend were performed to examine the relation between
group allocation and change scores in days of performing
physical activities and muscle strengthening activities.
Chi-square tests or Fisher exact tests were used to test the
difference in distribution of self-reported change of all risk
behaviors between allocation groups.

Functional Recovery
Total raw scores on the PROMIS-PF were translated into a t
score for each participant using the PROMIS score conversion
table [36]. The t score rescales total raw score into a
standardized score with a mean of 50 and a standard deviation
of 10. Descriptive statistics were used to describe physical
functioning at baseline and 30 days after discharge from
hospital. Bootstrapping methods were used to estimate
confidence intervals for medians. A PROMIS-PF score at 30
days after discharge from hospital greater than or equal to the
score at baseline was considered functionally recovered.
Between-group differences in functional recovery measured by
the postsurgery PROMIS-PF corrected for baseline PROMIS-PF
were analyzed using multivariable linear regression.

Results

Flow of Participants Through the Study
Between November 2018 and February 2019, 226 patients were
screened for eligibility; 86 people were eligible and signed
informed consent, with 45 participants randomized to the
experimental group and 41 to the control group. In the control
group, one participant did not complete baseline questionnaires
and was therefore excluded from further analysis, and 4
participants were excluded from further analysis because their
surgeries were cancelled. In the intervention group, 2
participants withdrew informed consent due to nursing home
admission and start of palliative care. Thus, there were 40
evaluable participants in the intervention group and 39 in the
control group (Figure 2).
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Figure 2. Design of study and flow of participants through the trial.

The median age of participants was 61.0 (interquartile range
[IQR] 51.0-68.0) years, 49% (39/79) were female; 34% (27/79)
of participants had 1 risk behavior at baseline, 48% (38/79) had
2 risk behaviors, and 18% (14/79) had 3 or more. Of the

participants, 81% (64/79) were insufficiently physically active,
and the median waiting time for surgery was 28 (IQR 16-52)
days. The groups were similar at baseline in terms of
demographic and clinical characteristics (Table 1).
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Table 1. Baseline characteristics of participants.

Control (n=39)Intervention (n=40)Total (n=79)Characteristic

63.0 (53.0-70.0)59.0 (43.8-64.0)61.0 (51.0-68.0)Age in years, median (IQR)

17 (44)22 (55)39 (49)Female, n (%)

26.5 (24.5-28.8)25.5 (23.1-27.7)25.8 (23.9-28.3)BMI (kg/m2), median (IQR)

ASA PSa classification, n (%)

2 (5)7 (17)9 (12)I

21 (54)21 (53)42 (53)II

13 (33)11 (28)24 (30)III

2 (5)1 (2)3 (4)IV

1 (3)0 (0)1 (1)Unknown

Surgical specialty, n (%)

7 (18)9 (23)16 (20)Neurosurgical

9 (23)7 (18)16 (20)Cardiothoracic

7 (18)8 (18)15 (19)Gastrointestinal

8 (20)4 (10)12 (15)Oral and maxillofacial

5 (13)8 (20)13 (17)Urologic and gynecologic

3 (8)0 (0)3 (4)Orthopedic

0 (0)3 (8)3 (4)Vascular

0 (0)1 (3)1 (1)Other

29 (16-65)27 (16-46)28 (16-52)Waiting time for surgery in days, median (IQR)

Risk behaviorsb, n (%)

3 (8)4 (10)7 (9)Smoking

10 (26)2 (5)12 (15)Alcohol consumption

29 (74)35 (88)64 (81)Physical activities

28 (72)29 (73)57 (72)Muscle strengthening activities

4 (10)3 (8)7 (9)Unintentional weight loss

Number of risk behaviors, n (%)

15 (39)12 (30)27 (34)1

15 (39)23 (58)38 (48)2

7 (17)5 (12)12 (15)3

2 (5)0 (0)2 (2)4

46.7 (40.1-60.1)47.8 (42.3-60.1)47.8 (40.8-60.1)PROMIS-PFc (t score), median (IQR)

aASA PS: American Society of Anesthesiologists physical status.
bMultiple response options.
cPROMIS-PF: Patient-Reported Outcomes Measurement Information System physical functioning 8-item short form.

Usability

App Use
Of the participants in the intervention group, 73% (29/40)
activated the app with their personal code. Reasons for nonuse
were unable to access the app (2/29) and not seeing added value
of app use (1/29). For the other participants, reasons for nonuse
are unknown. There were no apparent differences in
characteristics between app users and nonusers.

Quantitative Results
The SUS was completed by 80% (32/40) of participants from
the intervention group. The usability of the Be Prepared app
scored 68.2 (SD 18.4). The mean SUS scores per usability aspect
were: learnability 69.8 (SD 22.5), efficiency 70.3 (SD 23.5),
and satisfaction 65.4 (SD 21.9). Figure 3 shows the SUS scores
per statement and usability aspect.
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Figure 3. System Usability Scale scores per statement and usability aspect (higher scores reflect higher usability).

Qualitative Results

Interviewees

Of the participants in the intervention group, 33% (13/40) were
approached for a telephone interview. One participant declined

to participate because the interview would take too much time.
After 12 interviews, data saturation was reached. Table 2
presents the characteristics of the interviewees. After axial
coding, 5 themes were formed. The qualitative results will be
described per theme.

Table 2. Characteristics of interviewees.

Days of hospitalizationInterview pre- or postoperativeApp use (number of days)Age (years)GenderCode

4Pre1535F1

2Pre365M2

3Pre476M3

5Pre368M4

4Post1763F5

WaitlistedPre4249M6

3Post3443F7

7Post1659F8

7Post2463F9

1Post2236M10

6Pre3852F11

7Post8477M12
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Ease of Use of the App

The log-in procedure was difficult for many interviewees, and
some needed help from family or the research team to log in.

I had some trouble opening the app, but then I went
back to the instructions and it clearly stated what I
had to do. [Male, age 65]

The interviewees did not experience problems when using the
app.

It is self-explanatory. [Male, age 76]

Contents of the App Should Meet Personal Preferences

The interviewees were satisfied with the various ways in which
information was presented in the app and appreciated the
practical advice.

Suggestions are being made in the app that I found
useful. For me it was combining walking with doing
groceries. I thought that was a clever one, for me as
well; if you go somewhere anyway, go walking. I even
did that yesterday. [Male, age 65]

The app did not match everyone’s level of functioning, and
interviewees saw the need for more personalization in the app.

There are, of course, very fit people and people who
have been living unhealthy for a long time. So, it will
be difficult to differentiate. There could be an option
menu of some sort in the app. [Male, age 65]

App as Motivational Tool for Behavior Change

For the majority of the interviewees, getting a reminder to
exercise more or eat more protein-rich food was enough to
change their behavior while some others preferred advice from
a health care professional.

An app is useful because you read it. Only knowing
something, does not mean you will do it, but when
you read it in an app you are reminded that you have
to do it. [Female, age 52]

The app emphasized the importance of changing risk behavior
before major surgery. This motivated many interviewees. The
push notifications supported most interviewees in their behavior
change.

Some days I forgot or I was busy, so on those days
the notifications came in handy. [Female, age 35]

General Motivation for Behavior Change Before Major
Surgery

The urgency to prepare for the upcoming surgery seemed to be
the greatest motivation for the interviewees. Interviewees with
a waiting time of a few weeks until their surgery felt the need
to change their risk behavior.

I feel the need, I’m going into surgery next week. It
has to stop raining, because this afternoon I have to
work in my garden for at least 30 minutes as a
physical activity. [Male, age 65]

Interviewees who had to wait more than 4 weeks for surgery or
who didn’t know their surgery date did not feel the urge to
change until a few weeks before surgery.

The longer you have to use something like that, the
greater the chance that you will not finish it. [Male,
age 65]

Views on What Constitutes a Good Preparation for Major
Surgery

According to the majority of interviewees, a good preparation
should benefit postoperative recovery.

So you can manage better when you get back home.
[Female, age 59]

Being well-informed was also mentioned as a key factor for
good preparation.

To know what you can expect, what you can and
cannot do. That is important, because of course you
don’t know, you don’t know what’s wise to do. [Male,
age 68]

Risk Behaviors

Physical Activities
Of the participants, 81% (64/79) were physically inactive at
baseline, of whom 69% (44/64) completed the presurgery
follow-up questionnaire. At baseline, the median number of
days on which participants were physically active for at least
30 minutes was 3 (95% CI 2.5 to 4.0) in the intervention group
(n=28) and 4 (95% CI 2.0 to 5.0) in the control group (n=16).
The intervention group became active on more days of the week
after the intervention period (+1.0 day [95% CI 0.0 to +2.0])
compared with the control group (0.0 days [95% CI –0.5 to
+1.0], P=.12). Figure 4 shows that a bigger proportion of
participants in the intervention group reported having increased
their physical activities prior to surgery (17/28, 61%) compared
with the control group (7/16, 44%; P=.28).
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Figure 4. Self-reported change in risk behavior.

Muscle Strengthening Activities
Of the participants, 72% (57/79) had risk behavior regarding
muscle strengthening activities, of whom 65% (37/57)
completed the presurgery follow-up questionnaire. At baseline,
the median number of days on which participants performed
muscle strengthening activities was 0 (95% CI 0.0 to 0.0) in
both the intervention (n=21) and control group (n=16). The
median number of days of muscle strengthening activities
increased by +2.0 days (95% CI 0.0 to +3.0) in the intervention
group and did not increase in the control group (0.0 [95% CI
0.0 to +1.0], P=.06). In the intervention group, 52% (11/21) of
participants reported having increased their muscle strengthening
activities before surgery compared with 19% (3/16) of
participants in the control group (P=.04; Figure 4).

Alcohol Consumption
Of the participants, 15% (12/79) had risk behavior regarding
alcohol consumption, and 92% (11/12) of those completed the
presurgery questionnaire (intervention group [2/11], control
group [9/11]). Both participants in the intervention group (100%)
reported a reduction in alcohol consumption before surgery
compared with 11% (1/9) in the control group (P=.06; Figure
4).

Smoking
Of the participants 9% (7/79) were current smokers at baseline,
and 43% (3/7) completed the follow-up questionnaire

(intervention group [2/3] and control group [1/3]). In each group,
1 participant indicated having stopped smoking or smoked less
in the run-up to surgery (Figure 4). Due to the small groups, no
test was performed to compare groups.

Unintentional Weight Loss
Of the participants, 9% (7/79) had unintentionally lost 3 kg of
weight in the last month. Due to an error in the online
questionnaire, this outcome could not be evaluated.

Functional Recovery
Of the participants, 81% (64/79) completed the questionnaire
on physical functioning at baseline and 30 days after hospital
discharge. At baseline, the median PROMIS-PF score was 47.8
(95% CI 43.9 to 60.1) in the intervention group (n=33) and 50.8
(95% CI 41.6 to 60.1) in the control group (n=31). Compared
with baseline, both the intervention group (–6.2 [95% CI –10.6
to –2.1]) and the control group (–3.6 [95% CI –7.2 to 0.0]) had
a lower level of physical functioning 30 days after discharge
from hospital. Of the participants, 27% (9/40) in the intervention
group and 35% (11/39) in the control group could be considered
functionally recovered at 30 days after discharge from hospital.
Using the complete cases, between-group analysis showed no
meaningful difference in functional recovery after correction
for baseline values (β=–2.4 [95% CI −5.9 to 1.1]).
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Discussion

Principal Findings
The primary aim of this pilot study was to investigate the
usability of the Be Prepared app prototype in patients undergoing
major surgery. Both quantitative and qualitative data support
the usability of the app and provide insight into adjustments
that can be made to improve the app. Data from the SUS showed
that patients considered the Be Prepared app to have acceptable
usability (mean 68.2 [SD 18.4]) [25,27]. The app scored the
best on the aspect of efficiency, the speed and ease with which
the user gets something done [28,37]. Appreciation of the
efficiency of the app is supported by our qualitative findings,
as the majority of the interviewees found the app easy to use.
The SUS score for learnability, the ease with which users
accomplish basic tasks in the app for the first time [28], was
above average. This was also supported by positive responses
from the interviewees who found the app self-explanatory. Only
the log-in procedure was described as difficult. The usability
aspect of satisfaction had the highest and lowest SUS scores
but could still be considered acceptable. The lowest scoring
statement was “I think that I would like to use this app
frequently,” which, in the context of the use of this app prior to
surgery, is potentially confusing for participants. The major
point of improvement suggested by the interviewees was further
personalization of the app.

Our results suggest the Be Prepared app to be capable of
bringing about a change in risk behaviors prior to major surgery.
Participants who used the app became physically more active
and increased their number of days of performing muscle
strengthening activities. Furthermore, a larger proportion of app
users indicated that they drank less alcohol in the run-up to their
operation. No difference was found in smoking behavior
between groups, but the sample size of both groups was too
small to draw any conclusions. In our study, risk behavior has
been assessed by means of online questionnaires. Although this
applies to both groups, it may lead to socially desirable answers
and perhaps an underestimation of risk behavior at baseline or
an overestimation of the positive change in risk behavior. In
spite of that, our findings are consistent with other research
suggesting that individuals awaiting surgery welcome support
to increase physical activities and reduce alcohol consumption
but are less positive about smoking cessation [2].

Despite the positive trend in our intermediate outcome, change
of risk behaviors, no preliminary effect of the Be Prepared app
prototype on functional recovery 30 days after major surgery
was found. The fact that we have not been able to show an effect
on functional recovery after surgery can have several causes.
Based on the concept that improving an individual’s functional
capacity before major surgery helps them withstand the
forthcoming stressor of major surgery, it makes sense to target
those at high risk of postoperative complications and functional
decline after surgery [4]. A recent systematic review describes
that in many prehabilitation trials, inadequate patient selection
may have led to an underestimation of the benefits of
prehabilitation in patients undergoing major intra-abdominal
surgery [38]. This is supported by the finding that only those

studies targeting high-risk patients found significant
improvements in physiological parameters and postoperative
outcomes. In this pilot study, we included patients undergoing
major surgery with an indication for postoperative hospital stay
of a minimum of 2 nights and at least 1 risk behavior, with the
aim to exclude low-risk patients. Nevertheless, participants in
our pilot were on average younger and relatively fit in
comparison with patients in other successful prehabilitation
trials [38,39].

Furthermore, the Be Prepared app was a home-based
unsupervised intervention. Evidence suggests that supervised
prehabilitation may have a greater effect and higher adherence
than unsupervised prehabilitation programs [4,38]. Offering
prehabilitation by means of mHealth might not be sufficient for
the entire group of surgical patients. Literature shows that
especially patients with limited (digital) health literacy,
advanced age, and chronic health conditions could benefit from
extra support (blended care) in addition to mHealth [40-42].
Additional support by a health care provider during the
preoperative period should therefore be considered for those
patients in need of extra supervision.

Limitations
This study is one of the first studies to explore the usability and
preliminary effectiveness of an app for multimodal
prehabilitation in patients undergoing major surgery. Our
objective was to determine whether the Be Prepared app was
usable and beneficial for a wide range of surgical patients.
Therefore, our study sample was deliberately more
heterogeneous than samples in other prehabilitation trials
[38,39,43,44]. In hindsight, the 30-day follow-up may not have
been the ideal time to identify an improvement in functional
recovery for this diverse group of surgical patients, as the course
of recovery is highly dependent on, among other things, the
type of surgery [45]. Our results show that the majority of
patients have not yet functionally recovered within 30 days of
discharge from hospital. Future evaluation of the Be Prepared
app will therefore include a longer follow-up with multiple time
points to be able to compare (the course of) functional recovery
between groups.

This study suffered from a large amount of missing data,
especially at the presurgery follow-up. This can be explained,
in part, by the timing of this measurement. Participants were
invited to complete the presurgery follow-up questionnaire 3
days preoperatively, which might not have been an ideal time
as patients have their minds on other things right before their
surgery [2]. Changing the timing of this measurement to 1 week
after discharge from hospital may help to reduce the amount of
missing data when conducting the definitive trial.

In this study, 73% of the possible app users activated the app.
The difficult log-in procedure and differences in patient (digital)
health literacy may have contributed to the substantial number
of nonusers in the intervention group [46]. The proportion of
patients accessing the app at least once was comparable to that
of other apps [47]. Altering the log-in procedure and providing
support during installation and first use of the app could increase
initial app use, but it is well known that user engagement
decreases over time [48]. This is consistent with our qualitative
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data showing that patients who had access to the app for more
than 4 weeks before surgery did not use the app during the entire
preoperative period. Besides patients not feeling the urge to
change until shortly before surgery, the limited days of
preoperative content in the Be Prepared prototype (14 days)
could have contributed to these patients stopping use of the app.
Expanding the content for those with a longer preoperative
period could help increase user engagement prior to surgery.

Conclusions
Overall, the results of this pilot RCT demonstrate that the Be
Prepared app prototype for patients undergoing major surgery

has potential in terms of usability and changing risk behavior
prior to major surgery. The app seems to fit the needs of patients
preparing for major surgery. Several points of improvement for
the app and study procedures have been identified, which
supports the further development of the Be Prepared app and
adjustment of study procedures before evaluating its
effectiveness in a large multicenter RCT. These include
adaptation of the timing of follow-up measurements, additional
support by the physiotherapist during the preoperative period,
and expanding the preoperative content of the Be Prepared app.
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Abstract

Background: eHealth and mobile health (mHealth) are an evolving trend in the medical field. The acceptance of digital tools
is high, and the need is growing.

Objective: Young adults (18-40 years) confronted with a cancer diagnosis present unique needs and require special care. They
often have a strong affinity and are familiar with modern technology. On that account, we implemented a web-based symptom
and quality of life (QoL) assessment to address patients’ attitudes and willingness to use mHealth tools. The study also aims to
evaluate sociodemographic parameters that could influence patients’ opinions.

Methods: A total of 380 young patients aged 18-40 treated with radiotherapy between 2002 and 2017 were included in the trial.
We assessed QoL via the European Organization for Research and Treatment of Cancer-Core 30 (EORTC C30) questionnaire
and added general questions about mHealth technology. The added questions inquired patients’opinions regarding general aspects,
including technical advances in medicine, mobile and app assistance during cancer treatment, data transfer, and app-specific
features. The survey was conducted for 12 months. Participation was voluntary and pseudonymized; prior written consent was
obtained.

Results: We achieved a participation rate of 57.6% (219/380) and a completion rate of 50.2% (110/219). The median age was
33 years (range 18-40). Of all participants, 89.1% (98/110) considered new technologies in medicine as positive; 10.9% (12/110)
answered with neutral. Nearly all patients (96.4%, 106/110) stated that they would send further data via a web-based platform.
Of all, 96.4% (106/110) considered the provided pseudonymization of their data as safe. We further asked the patients if they
would use a mobile app for symptom and QoL assessment similar to the present web-based system: 74.5% (82/110) answered
with yes and 25.5% (28/110) said they would not use a mobile app in the future. We tested the willingness to use an app on several
sociodemographic parameters, such as age, gender, education, health insurance status, and cancer-related parameters: tumor stage,
time since radiation treatment, and treatment intention. None of these parameters correlated with app use in this group of young
adults. Patients who were generally positive regarding using an app rated several possible functions of a future app. The 3 most
requested features were appointment reminders (89.0%, 73/82), contact overview of all involved clinics and physicians (87%,
71/82), and making an appointment via app (78%, 64/82).

Conclusions: eHealth and mHealth tools should be available as an integrated part of a comprehensive cancer care approach. It
provides automated, thorough documentation of health parameters during therapy and follow-up for doctors, medical staff, and
tumor patients to optimize treatment. With this study, we could show that young adults are the ideal patient population to use
eHealth/mHealth tools. Such tools offer further digital support and improve the patients’ need for constant QoL during cancer
care.
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Introduction

eHealth and mobile health (mHealth) are an evolving trend in
the medical field. The World Health Organization (WHO)
defines mHealth as “medical and public health practice
supported by mobile devices, such as mobile phones, patient
monitoring devices, personal digital assistants, and other
wireless devices” [1]. Apps for various health areas exist,
supporting our everyday life in cases such as diabetes, weight
loss, and depression, or tracking our healthy lifestyle with
wearables and devices, such as smartwatches, fitness trackers,
and blood pressure monitors [2-4]. Therefore, the application
of such tools in the oncologic setting should be discussed.
Especially, with the recent COVID-19 pandemic, the desire for
health tracking of patients with active treatment for cancer is
high. The University of Oklahoma initiated a trial evaluating
an app which tracks the symptoms (including COVID-19
symptoms) for patients undergoing chemotherapy
(NCT04397614). In previous surveys, we showed the positive
acceptance of using such tools: 48.5% of the surveyed patients
with cancer and 84.3% of the health care professionals (HCPs)
support an oncological app complementing treatment [5,6].

Patient-reported outcome (PRO) is an essential tool. PRO is
“any report of the status of a patient’s health condition that
comes directly from the patient without interpretation of the
patient’s response by a clinician or anyone else” [7]. Convincing
studies were performed by Basch et al [8] and Denis et al [9],
which suggest that regular contact between patient and HCP
via eHealth tools also improves overall survival. Furthermore,
Broderick et al [10] reported that the performance status
assessment can be improved before initiation of oncologic
treatment by PRO. In the literature review by Anatchkova et al
[11] regarding PRO use, it became apparent that PRO is still
not commonly used in clinical practice. It is emphasized that
PRO can support many aspects of cancer care, such as treatment
management, monitoring treatment outcomes, quality of life
(QoL), and patient communication. The U.S. Food and Drug
Administration (FDA) defines QoL as “a general concept that
implies an evaluation of the impact of all aspects of life on
general well-being” [7].

Young adults (age 18-40 years) confronted with a cancer
diagnosis present unique needs and require special care [12].
They differ from pediatric or elderly patients in survival
outcomes or epidemiology incidence. Younger patients seem
to suffer more in their QoL than older patients. Among others,
Champion et al [13] evaluated QoL of breast cancer survivors
and showed that younger patients (aged ≤45), compared with
older patients (aged 55-70), showed a worse index of well-being
(P<.001) as well as worse scoring in most of the scales (eg,
fatigue, sleep, and overall sexual functioning) [13]. It seems
comprehensible as young adults are the group of patients that
are in the middle of life. Therefore, a cancer diagnosis may
disrupt their employment, relationships, social life, fertility, or

independence [14,15]. The constant measure of QoL is essential
in this particular group. It can improve their needs in terms of
cancer treatment and aftercare. It might influence decisions by
HCPs, which often underestimate patients’ preferences and
support needs.

In previous studies, we investigated the opinion of 375 patients
[5] and 108 HCPs [6] in terms of using mHealth tools in cancer
care. We showed that younger patients were more open to
modern technologies to support their health (P=.032, r=–0.12)
[5]. Of all, 68.7% believed that an app would be an ideal
complement to the standard follow-up [5]. In total, 98% of HCPs
found regular QoL assessment essential, and 93.5% supported
the idea of using such an app for scientific research [6]. Basch
et al [16] investigated the self-monitoring of chemotherapy
toxicity. They reported an 85% compliance of patients with
cancer for using an online platform. For young patients with
cancer, tracking symptoms and information seeking with
eHealth/mHealth tools is found to be relevant by several authors
[17,18]. Ramsey et al [19] performed a literature review on
eHealth/mHealth for pediatric patients with cancer (mean age
21 years or younger at the time of diagnosis; mean age 39 years
or younger at the time of intervention) and concluded that such
interventions may play a crucial role in improving health
outcomes of young patients undergoing cancer treatment [19].
These previous studies suggest the overall demand for
eHealth/mHealth tools in oncology, especially for younger
patients. Combined with the fact that young adults are digital
natives and familiar with modern tools, it makes sense to
incorporate such apps into their regular cancer care. On that
account, we implemented exemplarily a web-based symptom
and QoL assessment to address patients’ attitudes and
acceptance of eHealth/mHealth tools. This study also aims to
evaluate sociodemographic parameters that could influence
patients’ (cohort of young adults in our case) opinions.

Methods

This publication is part of the FABIUS trial, which was designed
as a prospective study within the Department of Radiation
Oncology, Klinikum rechts der Isar, Technical University of
Munich (TUM). We included a total of 380 young patients aged
18-40 years treated with radiotherapy between 2002 and 2017.

We assessed symptoms and QoL after radiotherapy via the
European Organization for Research and Treatment of
Cancer-Core 30 (EORTC C30) questionnaire [20] and added 5
general questions about mHealth technology. The questions
added to the EORTC C30 questionnaire are appended as an
English translation (see Multimedia Appendices 1 and 2 for the
Questionnaire [German] and English translation of the additional
questions, respectively).

Patients were contacted via postal mail and asked to participate
in the study via a web-based survey system (Survio sro). The
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platform ensured data protection and security (2048-bit SSL
security, ISO/IEC 270001 standards, daily backups).

The added questions inquired patients’ opinions about general
aspects, including technical advances in medicine, mobile, and
app assistance during cancer treatment, data transfer, and
app-specific features. The questions were developed explicitly
for the purpose of this study; however, some questions were
similar to those used in previous studies by Kessel et al [5,21].
In these studies, we investigated the general attitude of patients
with cancer toward mHealth in clinical routine [5] and
performed a usability test of an in-house app for QoL evaluation
[21]. We descriptively compared the results of this survey with
our previously published data [5,21].

One question per page was displayed. The questions for
symptom and QoL assessment were designed in multiple-choice
format with a single answer and forced entry according to the
EORTC C30 questionnaire [20]. The added questions regarding
mHealth allowed either single answers (Q: 31, 32, 34, 36),
multiple answers (Q: 38), or optional free text (Q: 33, 35, 37).
Q31 was designed as a 3-scale question (yes–neutral–no). Q32,
Q34, and Q36 were designed as polar questions (yes or no
questions) with branching logic. These questions followed a
free-text question, and it was only displayed if the previous
question regarding mHealth was answered with “no” and
personal concerns and problems were inquired. If necessary,
we explained technical terms in a footnote. Because all questions
were designed with forced entries or with optional free text,
only completed questionnaires could be submitted by the user
and were analyzed. The participant was able to revise answers
using a back button.

The survey was conducted for 12 months between January and
December 2017, according to the Checklist for Reporting
Results of Internet E-Surveys (CHERRIES) guidelines [22].

Participation was voluntary and pseudonymized; prior written
consent was obtained. Each patient received a pseudonym via
letter and entered it and the answers in the web-based platform.
This way, we were able to reidentify the patient and prevent
duplicate entries. The Ethics Committee of the Medical Faculty
of Technical University of Munich (TUM) approved the nature
and content of the study (Ethics vote: 438/16 S).

In this analysis, we report on the results focusing on the
questions about mHealth technology; hence, we will not focus
on the QoL measures as there are no comparative values.

We calculated the participation rate as the ratio of unique visitors
to the survey site and the total number of contacted patients via
letter. The completion rate was calculated using the ratio of
completed surveys and the number of unique visitors to the
survey.

Statistical calculations were performed using SPSS Statistics
version 23 (IBM) in a primarily descriptive way. We used the
chi-squared test to test the influence of age, gender, education,
health insurance status, tumor stage, time since radiation
treatment, and treatment intention. A P value <.05 was
considered significant.

Results

Of all patients contacted by letter (n=380), we registered 219
unique visitors. Of those, 110 patients submitted the online
survey completely. Fifteen patients left the survey incomplete,
and 94 never started the survey. Hence, this results in a
participation rate of 57.6% (219/380) and a completion rate of
50.2% (110/219). Median age was 33 years (range 18-40 years);
gender distribution was 3:2 (female:male). Table 1 presents the
complete participants’ characteristics.
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Table 1. Participants’ characteristics (N=110).

ValuesCharacteristic

Gender

45 (40.9)Male, n (%)

65 (59.1)Female, n (%)

33 (18-40)Age (years), median (range)

37 (33.6)18-30, n (%)

73 (66.4)30-40, n (%)

Health insurance status

17 (15.5)Privately insured, n (%)

93 (84.5)State insured, n (%)

Education

28 (25.5)High school, n (%)

50 (45.5)Above high school, n (%)

24 (21.8)University degree, n (%)

8 (7.3)Unknown

Tumor entity

23 (20.9)Breast cancer and gynecological tumor, n (%)

4 (3.6)Prostate cancer and urological tumor, n (%)

31 (28.2)Neurooncological tumor, n (%)

1 (0.9)Upper and lower gastrointestinal cancer, n (%)

28 (25.5)Hematological cancer, n (%)

2 (1.8)Skin cancer, n (%)

6 (5.5)Head and neck cancer, n (%)

4 (3.6)Bone cancer, n (%)

9 (8.2)Soft tissue tumor, n (%)

2 (1.8)Benign tumor, n (%)

Tumor stage

48 (44.0)Advanced/Metastatic, n (%)

62 (56.4)Low grade, n (%)

Treatment intention

103 (93.6)Curative, n (%)

7 (6.4)Palliative, n (%)

27 (0.2-178)Time since radiotherapy (months), median (range)

Of all participants, 89.1% (98/110) considered new technologies
in medicine as positive; 10.9% (12/110) answered with neutral.
Nearly all patients (96.4%, 106/110) stated that they would send
further data via a web-based platform. Of all, 96.4% (106/110)
considered the provided pseudonymization of their data as safe.
We further asked the patients if they would use a mobile app
for symptom and QoL assessment similar to the present
web-based system: 74.5% (82/110) answered with yes and

25.5% (28/110) said they would not use a mobile app in the
future.

We tested the willingness to use such an app for symptom and
QoL assessment on several sociodemographic parameters, such
as age, gender, education, health insurance status, and
cancer-related parameters: tumor stage, time since radiation
treatment, and treatment intention. None of these parameters
correlated with the willingness to use an app in this group of
young adults (Table 2).
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Table 2. Evaluation of sociodemographic parameters on the willingness to use an app (according to Pearson chi-square tests).

P valueParameter

.846Age (18-30 vs 31-40)

.257Gender (male vs female)

.413Education (low vs medium vs high)

.843Health insurance status (private vs state)

.220Tumor stage (advanced vs low-grade)

.110Treatment intention (curative vs palliative)

.327Time since radiotherapy (<24 months vs ≥24 months)

The most mentioned reasons against using an app were as
follows: smartphones are less safe (7/28), the patient does not
want to be reminded of the illness on a smartphone (3/28), no
need for one as there is no current treatment (2/28), and not
owning a smartphone (2/28). Patients who were generally

positive regarding using an app rated several possible functions
of a future app (Figure 1). The 3 most requested features were
appointment reminders (89%, 73/82), contact overview of all
involved clinics and physicians (87%, 71/82), and making an
appointment via app (78%, 64/82; Figure 1).

Figure 1. Rating of possible app features by patients willing to use an app (N=82).

Figure 2 shows the descriptive comparison of questions of this
study (median age 33 years; range 18-40 years) with previous
surveys by Kessel et al: a general survey of 375 patients with
cancer about mHealth use in oncology (median age 59 years;

range 18-92 years) [5] and a usability study with 81 patients
with cancer on a prototype for an oncologic app (median age
55 years; range 21-80 years) [21]. The surveys were conducted
with similar questions as this study.
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Figure 2. Comparison of results for this web-based study with the previously published results by Kessel et al regarding a general survey about mHealth
use [5] and an app usability study [21]. mHealth: mobile health; PRO: patient-reported outcome; QoL: quality of life.

Discussion

Principal Findings
Patients’ compliance with a web-based symptom and QoL
assessment depends on their general technical affinity. Our
cohort of young adults confirmed that these are the ideal patients
to be supported by digital health care as they show high
acceptance (96.4%, 106/110). No sociodemographic or
cancer-related factors could be found influencing the attitude
and willingness to use eHealth/mHealth tools.

The advancing digitalization offers countless possibilities in
the health sector: from simple pedometers to complex behavioral
therapy for patients with depression. Fitness bracelets, digital
blood pressure meter, and blood glucose meters are now
connected to the smartphone as a matter of course, and the data
are evaluated [2,23,24]. Especially in oncology, due to the many
and complex prognostic factors, a broad database including
diagnostic, therapy, and regular reported PRO data combined
with artificial intelligence–based analyses could have a lasting
positive effect on the success of the therapy [25-27].

Previously we showed that young adults are most likely to use
modern solutions such as apps and web-based tools to support
their cancer treatment [5]. Nearly all patients (96.4%, 106/110)
stated that they would send further medical data via a web-based
platform. Compared with an app-based assessment, still, 74.5%
(82/110) would be willing to use such a tool to support their
treatment course. This is comparable to the app usability test
we performed on a group of patients with cancer (median age
55; range 21-80 years) [21]. Here 83% would use a web-based
and 79% an app-based tool to assess medical data. In a further
study where we asked patients with cancer in several
departments about their attitude to modern technologies, 39.2%
indicated that they would use a web-based and 48.5% an
app-based solution [5]. These numbers are relatively smaller as

in the other cohorts; however, the survey was conducted without
preselecting for age or favorable attitude toward modern
technologies. Hence, all the critics and opponents of the idea
of implementing an app account for the smaller percentages of
acceptance.

In our group of young adults, no sociodemographic or
cancer-related factors could be found influencing the attitude
and willingness to use mHealth tools. This corresponds well
with the high acceptance (89.1%, 98/110) of new technologies
in medicine. Certainly, irrespective of whether an app or
web-based data transfer is applied, a secure and safe approach
must be ensured. Generally, patients understand the concept of
pseudonymization and accept it as a safe way of data
transmission (96.4%, 106/110). Informing the patient extensively
about data management is an important part that should not be
underestimated to gain the patients’ trust. Besides, to ensure
institutional review board approval and fulfill all legal
requirements, the data transfer is the most critical part when
implementing an eHealth/mHealth solution into a clinical
environment [25]. Still, significant obstacles are the lack of
technical standards and often difficulties integrating a system
that needs external access to the clinic network [25,28,29].

The 3 most desired features of an app were the possibility of
making an appointment via app (78%, 64/82), an appointment
reminder (89%, 73/82), and the general possibility to store all
contacts of the involved physicians in one place (87%, 71/82).
The latter makes much sense, as during complex and
interdisciplinary cancer treatment, many HCPs from the treating
clinic as well as external care providers (eg, radiologists,
oncologists, family physicians) are involved. In a review by
Iribarren et al [30], mHealth apps and their activities were
investigated. All these features were also named as essential
activities. Compared to the results of our previous survey about
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mHealth [5], the desired app features in this study are equally
important to patients of all age groups (Figure 2).

Especially during the time of the COVID-19 virus pandemic,
clinicians, especially oncologists, wish for digital/mobile options
to contact patients to minimize patient presence while
guaranteeing access to treatment and safety of the patients and
their families. Patients with cancer are individuals confronted
with the most challenging impact as they have acute or chronic
medical conditions and often a weakened immune system. With
a mobile or web-based connection, it is possible to get regular
feedback, such as current health status reported by patients
themselves, and decide if a visit, for example, for a
chemotherapy session, is possible [31]. During the COVID-19
times, it is evident that the digitalization and implementation
of eHealth/mHealth tools are missing and need to be
permanently installed in a clinic [32,33].

Limitations
Our study has some limitations. We sent the study invitation to
380 patients, of which 110 participated and completed the
survey. Unfortunately, we have no information about the critics’
and opponents’ attitude to the evaluated web-based QoL
assessment and can only present the results of the supporters.
We did not subselect patients by tumor type and invited all
treated patients between 2002 and 2015. Patients with benign
tumors that are no longer in treatment or follow-up might
consider themselves as healthy and are most likely not willing
to participate in a cancer-related survey.

Future Directions
In the future, to provide a comprehensive solution of
eHealth-/mHealth-supported cancer care, all involved parties
must agree to an individual, age-specific approach. This includes
a web-based and app-based assessment of medical data and the
thorough integration into the clinical environment to connect
the patient-reported parameters with all health-relevant data. It
must be assured that the used software solutions are professional
and validated to guarantee patients’ safety [25,29,34-37].
Because our data are promising, our goal is to implement an
app into our day-to-day clinical routine. However, with the first
attempts of developing an own app [21], we quickly realized
that such projects must be seen in a broader context. We need
to develop across-the-board apps with a variety of interfaces
for various medical disciplines. Such projects can only be
accomplished with strong partners in politics and industry.

Conclusion
eHealth and mHealth tools should be available as an integrated
part of a comprehensive cancer care approach. Such tools
provide automated, comprehensive documentation of health
parameters during therapy and follow-up care for doctors,
medical staff, and tumor patients to optimize treatment. IT
departments need to strengthen the implementation and create
a comprehensive eHealth solution integrated into the existing
IT infrastructure. With the FABIUS trial, we could show that
young adults are the ideal patient population to use
eHealth/mHealth tools. Such tools offer further digital support
and improve the patients’ need for constant QoL during cancer
care.
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Abstract

Background: The effects of adverse childhood experiences (ACEs) on mental health, self-regulatory capacities, and overall
resilience are well-known. Given such effects, ACEs may play a role in how individuals adjust to challenges later in life. Of
interest in this study is the transition to university, a time of heightened stress when adapting to circumstances is required and
when those with ACEs may need additional in-the-moment support to exercise resilience. A smartphone app may provide a
worthwhile and readily accessible medium for a resilience intervention, provided behavioral outcomes are adequately evaluated.

Objective: This study evaluates the impact of an innovative, smartphone app–based resilience intervention. The JoyPop app
was designed to promote resilience through the use of self-regulatory skills such as emotion regulation and executive functioning.
Among a sample of first-year undergraduate students, we explored whether use of the app would be associated with positive
changes in resilience and related outcomes, and whether these benefits were influenced by level of childhood adversity.

Methods: Participants (N=156) were requested to use the JoyPop app for 4 weeks, at least twice daily. Changes in resilience,
emotion regulation, executive functioning, and depression were assessed after 2 and 4 weeks of app usage using multilevel
modeling.

Results: The sample of 156 participants included 123 females and 33 males, with a mean age of 19.02 years (SD 2.90). On
average participants used the app on 20.43 of the possible 28 days (SD 7.14). App usage was associated with improvements in

emotion regulation (χ2
1=44.46; P<.001), such that it improved by 0.25 points on the 18-point scale for each additional day of

app usage, and symptoms of depression (χ2
1=25.12; P<.001), such that depression symptoms were reduced by .08 points on the

9-point scale with each additional day of app usage. An interaction between ACEs and days of app usage existed for emotion
regulation, such that participants with more adversity evidenced a faster rate of change in emotion regulation (P=.02).

Conclusions: Results highlight that daily incorporation of an app-based resilience intervention can help youth who have
experienced adversity to improve emotion regulation skills and experience reductions in depression. The JoyPop app represents
an important step forward in the integration of resilience intervention research with a technology-based medium that provides
in-the-moment support.

(JMIR Mhealth Uhealth 2021;9(1):e25087)   doi:10.2196/25087
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adverse childhood experiences; resilience; emotion regulation; smartphone; app; childhood; emotion; mental health; transition;
innovation; intervention
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Introduction

Adverse Childhood Experiences
Adverse childhood experiences (ACEs) have profound and
long-lasting effects on a broad spectrum of physical and
psychological health outcomes. While the assessment of ACEs
has changed somewhat since the seminal study by Felitti et al
[1], it is well-recognized that the 10 established categories of
childhood adversity (divided into household dysfunction and
child maltreatment exposures) are associated with mental health
difficulties that can last well into adulthood [2-6]. A
dose-response relationship exists, such that risk accumulates
with each one-unit increase in ACEs [2]; further, categorically,
those with high ACEs (eg, 4 or more in adults) are at a
significantly greater risk for mental health issues compared to
those with low or no ACEs [3,6]. These impacts have remained
consistent across cohorts dating back to the 1900s [7]; thus, the
impacts of ACEs are seemingly immune to societal, cultural,
or health-related changes but instead represent robust effects
on mental health and well-being.

The Mechanism of Action of ACEs
While a moderate amount of stress can support the development
of coping skills, ACEs may constitute stress that is too
overwhelming for an individual’s current regulatory processes
[8]. Further, some ACEs involve removal of opportunities to
learn these regulatory processes, such as in the case of neglect
when appropriate self-regulation behaviors are not being
modeled by the caregiver. Together, these experiences may lead
to disrupted development of corresponding stress-sensitive brain
areas [9-12], the results of which are observed behaviorally.
For instance, those with ACEs may experience difficulties with
emotion regulation, which are associated with a range of
negative outcomes such as difficulties with alcohol and
interpersonal relationships [13,14]. In addition to emotion
regulation, impacts on self-regulation in the form of executive
functioning are observed. Those with ACEs evidence deficits
in a wide range of executive functions [15] that also impact
well-being, resulting in difficulties such as mental health
problems [16].

The Transition to University
Life transitions often represent a period of increased challenges
and associated stress, since one’s environment is in a state of
flux and demands that individuals successfully adapt. The
transition to university is worth examining as it is common
among youth. In Canada, 916,944 youth aged 18-24 enrolled
in university for the 2017-2018 school year [17]. In the United
States, over 2,000,000 individuals made the transition to
university or college in 2016 [18]. While the transition to
university itself does not constitute adversity and is instead a
time of new and exciting opportunities, it is also marked by
stress and an increased prevalence of mental health difficulties.
A systematic review spanning two decades of research found
the average prevalence of depression in students was 30.6%,
much higher than in the general population [19]. Well-being
and anxiety may also worsen during university [20]. Surely, the
stress of university is not specific to only those with ACEs,
rendering it a period where the successful coping of any student

is of the utmost importance. Where those with a history of
childhood adversity are at a disadvantage, however, is in lacking
the resources to cope; those with ACEs may need extra support
in exercising resilience during the transition to university.

Resilience
Those with ACEs may be doubly disadvantaged compared to
peers when coping with the increased stress associated with the
transition to university. Specifically, ACEs serve to challenge
one’s capacity for resilience. Resilience refers to the capability,
resources, and processes available to a person or system to adapt
successfully in the face of adversity [21,22]. The
operationalization of resilience has changed over time,
progressing from focusing on individuals who seemingly possess
a unique quality of invulnerability, to variables explaining
resilient individuals, to a more recent developmental systems
view, whereby resilience is seen as the result of dynamic
interactions of various systems (eg, biological and sociocultural
systems) [21,22]. An implication of this shift is that resilience
is seen as a result of ordinary survival processes common to
humans as adaptive creatures, including self-regulatory skills
like emotion regulation and executive functioning [21-23].
Moderate amounts of stress allow one to learn such
self-regulatory skills and exercise resilience in the future,
whereas stressors that are too challenging, such as some ACEs,
overwhelm the individual and increase the risk of negative
outcomes in the future [24].

Such self-regulatory skills like emotion regulation and executive
functioning are vital underlying processes of resilience. In a
systematic review of adolescents and young adults, Fritz et al
[25] found that components of emotion regulation and executive
functions were included among 13 of 25 resilience factors
supported by research. Many studies have implicated emotion
regulation and executive functioning in the relationship between
adversity and overall resilience, studying these abilities as
moderators or mediators of resilience outcomes [16,26-28], or
examining the separate influence of both self-reported resilience
(eg, the Connor-Davidson Resilience Scale [29]) and
self-regulation on later mental health outcomes [14]. In
recognition of the myriad of ways resilience is operationalized
methodologically, we see examining it across various domains,
including underlying processes and self-reported resilience, as
important. If resilience results when normal adaptive capacities
like self-regulation are properly promoted [21], resilience may
be restored by the same mechanism [22]. Experts have
highlighted a need for resilience supports external to the
individual [30,31]. Moreover, it is futile to screen for ACEs in
clinical practice without being able to respond with appropriate
interventions [32]. The transition to university may be an
opportune time to promote resilience because although it is
characterized by increased stress, it may be appropriately
challenging such that one can learn to exercise resilience if
assisted [24]. Moreover, the movement from adolescence into
young adulthood is a time when many of those who struggled
early on can move onto more positive paths [21] and when
self-regulatory brain regions are still developing [33].
Practically, students would benefit from having strategies
available for managing emotion that then become part of their
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self-regulatory skill repertoire in exercising resilience against
the stress of the transition.

Advances in technology have opened doors for implementing
this kind of resilience intervention [21]. This includes the use
of smartphone apps. The potential of a smartphone app to act
as a resilience-promoting tool lies in the readily accessible nature
of smartphones, meaning support can be accessed in the moment
when it is needed [34]. There is a growing body of empirical
literature supporting digital health interventions, including
mobile phone apps, as facilitators of improved health and
well-being. Specifically, recent evidence supports the use of
various digital health interventions targeting coping, stress
reduction, self-management skills, and symptom reporting in
improving medication and treatment adherence, health
knowledge, and anxiety in those with chronic health conditions
[35-37]. Other app-based interventions have demonstrated
success in improving mental health–related outcomes such as
depression, stress, and substance use [38]. Mental
health–focused apps may be a cost-effective way of providing
psychological support to a wider population who may not
otherwise have access to formal interventions [39]. Among
university students, smartphone use is ubiquitous, and students
have demonstrated a willingness to engage with smartphone
health-related apps [40]. At the same time, researchers have
described the gap between the incredible number of apps and
the demonstration of their safety and efficacy [34]. For example,
Donker et al [38] found only 8 studies that assessed outcomes
of apps using a pre-post design or control group of the 5464
abstracts they searched. Similarly, in their review, Lui et al [41]
concluded there is not enough evidence for the effectiveness of
any one individual mental health app and that it was unknown
whether there were any adverse effects associated with existing
apps. Instead of behavioral outcomes, studies more often focus
on aspects of accessibility and usability [42]. With respect to
university students specifically, most app studies have examined
smoking and alcohol cessation, thus presenting a need for a
broader focus across other issues experienced by this population
[40].

Aims of This Study
Although the detrimental effects of ACEs on the self-regulatory
functions that underlie resilience are well-known, a gap exists
in translating these findings into evidence-based interventions
that promote resilience in youth with ACEs. The aim of this
study was to test whether a smartphone app (JoyPop) [43]
promotes resilience over time among youth with varying degrees
of ACEs who are navigating the transition to university.
Practically, we theorized that the JoyPop app would benefit
those transitioning to university by helping them identify, reflect
on, and regulate their emotions and improve executive function
skills more broadly, contributing to overall resilience against
the stress of the university transition. Further, the ease of access
of a smartphone app allows the practical benefit of receiving
support as needed, which was thought to be conducive to regular
usage and the skills becoming routine over time. Resilience was
examined across multiple domains, including self-reported
resilience and improvement of self-regulatory functions. We
also examined a negative outcome of relevance to university
students (depression) to ensure the app did not have any

unexpected adverse effects, consistent with the gaps identified
by Lui et al [41]. More specifically, we examined whether there
was a significant rate of change over app usage in these
resilience-related outcomes, as well as the relationship between
the rate of change and ACEs score. We hypothesized that using
the JoyPop app would be associated with a positive rate of
change in resilience-related outcomes, with a direct relationship
between the number of days the app was used and the amount
of change observed, and that this would be most evident among
those with higher ACEs scores as they have more to gain from
a resilience-promoting intervention focused on bolstering
self-regulatory skills.

Methods

Participants and Procedure
This study was approved by the Research Ethics Board at
Lakehead University. Students were eligible if they were
first-year undergraduate students, owned an iPhone, and were
fluent in English. Data were collected in waves over the duration
of the school year (both fall and winter semesters). Participants
attended 3 laboratory sessions which were run in a group format
(pre-app, mid-app [after 2 weeks of app usage], post-app [after
4 weeks of app usage]). Pre-app sessions were run by authors
AM, SM, and EG, while mid-app and post-app sessions were
run by these authors or supervised research assistants. During
the pre-app session, participants received information about the
study, provided informed consent, and then were guided through
downloading the JoyPop app and provided with a demonstration
of all the features. Participants were asked to use the JoyPop
app at least twice per day over 4 weeks; no additional
requirements were made with respect to feature usage or time
spent using the app. Participants returned to the laboratory for
mid-app and post-app group sessions, during which time they
were requested to complete the self-report measures. Each
morning and evening (ie, twice per day), participants were sent
reminder emails to use the app. They also received reminder
emails to attend their laboratory sessions. If participants
encountered any technical difficulties while using the app, they
were encouraged to contact the research team, who would liaise
with the app development company to resolve any issues.
Participants were provided with contact information for mental
health supports in the event that they felt distressed at any point
throughout their participation in the study. For completing the
study, participants received CAD $90 (US $70) in cash or CAD
$60 (US $47) and two bonus points toward an eligible
psychology course.

JoyPop App
The JoyPop app (see Figure 1 and Table 1) was developed from
a cumulative research and parallel consultation approach.
Findings from epidemiological and clinical research projects
conducted by a federally funded Canadian team highlighted the
importance of addressing the role of self-regulation in the link
between adversity and mental health outcomes [44] and the
resilience value of increasing self-reflection and self-regulation
by fostering well-being [45]. This research also suggested there
was value in developing internal assets (eg, positive identity
[46], well-being [45], self-compassion [47,48]) to support
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self-reflection and self-regulation. Consultation with youth,
service providers, and clinician-scientists informed design and
discovery exercises with app development company Clearbridge
Mobile. App features were consequently developed to target
daily self-regulation via evidence-based techniques. For
example, the Rate My Mood feature was designed to encourage
attention towards positive (versus negative) mood states and
help users understand and manage their emotions [49]. The
Breathing Exercises support self-regulation and decreased
physiological arousal [50]. The Journal feature was included in
light of the long-term positive benefits evidenced by expressive
writing [51], especially when writing is positively focused to
foster self-regulation [52]. SquareMoves (a Tetris-like game)
was included as activities of this nature can induce a “flow”

state, a form of self-regulation that relinquishes negative
self-focus [53]. The Art feature provides an opportunity for
unrestricted creativity and is supported by positive benefits in
memory and emotional expression through doodling [54]. The
JoyPop app also includes connections with one’s support
network (eg, the Circle of Trust feature) or established helplines
(eg, through the telephone icon on the launch screen). Following
the initial development of the app and associated features, youth
involved with child-welfare and victim services as well as
providers working closely with youth reviewed and provided
direction on the final app features and functionality. Additional
information on the development of the JoyPop app and the
various features is available online [55] and in Figure 1 and
Table 1.

Figure 1. JoyPop app features.
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Table 1. JoyPop app features and associated functions.

FunctionJoyPop feature

Initially prompts users to rate their happiness by sliding a wave of colour up or down to indicate their happiness level.
If happiness is rated at 50% or above, the user receives a thumbs up icon and a motivational quote. If happiness rating
is lower than 50%, the user is prompted to rate how sad, angry, or “meh” they are feeling using the same technique.
Once users have rated their negative emotion, they are given a motivational quote and a prompt to complete an activity
from the app.

Rate My Mood

Allows the user to complete a journal entry by entering their free-flowing thoughts and emojis or by responding to a
resilience-oriented writing prompt at the top of the screen. Users can save their journal entries to the Calendar feature.

Journal

Allows the user to reflect on previously saved journal entries by date.Calendar

Allows the user to input up to 6 safe social contacts (ie, by entering their name and phone number) to call if they want
to talk or are in need of support. The user can label the contact as a friend, family member, or professional.

Circle of Trust

Opens to a diagram of the body, with best-practice tips to prepare for relaxation. The user is then prompted to choose
between completing a balanced breathing exercise (rhythmic breathing) or a relaxation breathing exercise (slowed
breathing). Once the user selects which breathing exercise they would like to complete, they are guided through the
breathing exercise with text instructions and an animated diagram.

Breathing Exercises

Allows the user to doodle in colour, swiping their finger across the screen as the paint brush.Art

A game in which multi-shaped blocks fall from the top of the screen and the user taps on the shapes to rotate them or
swipes them across the screen to move them as they fall to the bottom. Similar to the popular game Tetris, the objective
is to form a solid line at the bottom of the screen (with no gaps). Once a line or multiple lines are formed, the blocks
in the line break apart and the user is awarded points.

SquareMoves

Allows the user to select a 24-hour helpline to call if they are experiencing distress while using the app. The user is
provided with culturally specific Canadian and American hotlines (eg, an Indigenous-specific crisis line, LGBTQ
helpline) to choose from.

Call for Help

Measures

Adverse Childhood Experiences (ACEs) Questionnaire
A 10-item ACEs Questionnaire [1,56] was used to assess the
occurrence of abuse, neglect, and household dysfunction during
childhood. This questionnaire was only administered during the
pre-app session as responses were not expected to change across
time. Items were assessed at the category level as opposed to
the level of individual event, and response options were “Never,”
“At least once,” and “Many times” [56]. For this study, an
answer of “At least once” or “Many times” was coded as 1,
indicating the presence of the category. Previous ACEs
questionnaires have assessed domestic violence only against
one’s mother or stepmother and not that against one’s father or
stepfather, potentially excluding adverse experiences of a similar
nature. We assessed for domestic violence against either of these
parental figures in the item focused on domestic violence. The
ACEs Questionnaire demonstrates good test-retest reliability
[57] and correlates with an inventory of lifetime traumatic
exposure, demonstrating construct validity (r=0.69) [56]. In our
sample, this measure had a Cronbach α coefficient of .78,
indicating acceptable internal consistency.

Connor-Davidson Resilience Scale–10
The Connor-Davidson Resilience Scale–10 (CD-RISC-10) is a
10-item version of the original 25-item CD-RISC [29] designed
to measure resilience as grounded in biological, psychological,
and social facets [58]. Scores on this scale have demonstrated
change in response to intervention [29,59], rendering this
measure fitting for our purposes. The revised version correlates
highly at r=0.92 with the original measure [29,60]. Items are
rated on a 5-point Likert-type scale from “0 – Not true at all”
to “4 – True nearly all the time”. In undergraduate students, the

CD-RISC-10 demonstrated good internal consistency with a
Cronbach α of .85, as well as good construct validity [29].
Cronbach α values in our study were .78, .86, and .90 during
the pre-app, mid-app, and post-app sessions.

Executive Functioning Index
The Executive Functioning Index is a self-report measure of
executive functioning that was created to sample a wide domain
of executive functions and to assess the general adult population
as opposed to clinical populations [61]. It is a 27-item measure
with items rated on a 5-point Likert-type scale from “1 – Not
at all much” to “5 – Very.” In this study the total score was
used. This measure correlates with other measures of executive
functioning [61] and predicts impulsive behaviors in delay
discounting tasks [62]. Acceptable reliability was demonstrated
with a Cronbach α of .82 in the original study [61] and .73, .77,
and .76 during the pre-app, mid-app, and post-app sessions of
this study.

Difficulties in Emotion Regulation Scale – Short Form
The Difficulties in Emotion Regulation Scale – Short Form
(DERS-SF) [63] is a short-form version of the original DERS
[64], which measures emotion regulation deficits. This
short-form version retains the factor structure of the original
measure and correlates highly with it [63]. The DERS-SF
consists of 18 items rated on a 5-point Likert-type scale ranging
from “Almost Never (0%-10%)” to “Almost Always
(91%-100%).” Both the original and short-form scales contain
6 subscales; however, a total score can also be calculated and
evidences good reliability and validity [63]. The total score was
used in this study, and Cronbach α coefficients demonstrated
good reliability at .89 across all timepoints.
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Patient Health Questionnaire–9
The Patient Health Questionnaire–9 (PHQ-9) [65] is a self-report
measure assessing the diagnostic criteria for depression. It is
also used as a general severity measure, as total scores range
from 0 to 27 [65]. Construct validity is demonstrated through
associations with quality of life, health care utilization, and
symptom-related difficulties [65]. In a study of medical patients,
Cronbach α values were excellent at .86 and .89 [65], and our
sample paralleled these findings with values of .88, .87, and .89
at pre-app, mid-app, and post-app sessions, respectively.

Analytic Plan
Data analyses were conducted using Stata (IBM Corporation).
Missing items within questionnaires were imputed with
person-mean imputation, while missing data resulting from
missing a session were accounted for using maximum likelihood
estimation. While person-mean imputation tends to inflate
reliability estimates, the risk of this is tolerable if the number
of people with missing data and the missing data within each
person’s measure are less than 15%-20% [66,67]. Maximum
likelihood estimation is a preferred method of handling missing
data in longitudinal designs and results in relatively unbiased
parameters and valid model fit, performing similarly to multiple
imputation [68,69]. An attrition analysis was conducted to
compare those who attended all 3 sessions to those who missed
at least 1 session on their age, sex, ethnicity, ACEs score, and
all other pre-app outcome measures. Depending on the variable
type, either a t test or chi-square test was used.

Multilevel modeling (MLM) was used to assess whether the
JoyPop app confers improvements over time in resilience-related
outcomes. MLM efficiently assesses longitudinal change while
accounting for repeated measurements within the same person
by structuring the data in a nested fashion [70]. Specifically, in
longitudinal studies, individuals serve as the level 2 variable
while time serves as the level 1 variable nested within
individuals. Masten and Barnes [21] note that growth modeling
(including MLM) represents a statistical advancement to
answering questions regarding ACEs and resilience. While early
studies separated analyses of person-centred and
variable-centred focuses [71], the nested nature of MLM affords
the ability to examine resilience-related variables while allowing
the individual participant to be the level of analysis. A further
departure from previous studies is that the relationship between
ACEs score and resilience has been measured in a static fashion,
whereas we sought to measure change in resilience.

Model building followed steps resembling those outlined by
Peugh [72] for each of the four outcome variables separately.
Multimedia Appendix 1 contains a description of this process,
associated equations, and choice of parameter estimator and
covariance structures. In total, two successive models were used
for hypothesis testing. The first consisted of time as the only
predictor. In this study, time was operationalized as the number
of days the individual spent using the app, equal to 0 at pre-app
for all participants and to a maximum of 14 and 28 assessed at
the mid-app and study completion points, respectively. This
approach allows time to vary for each participant, with some
participants using the app less than daily or for the full 28 days,
whereas using timepoint (pre-app, mid-app, post-app) as the

time metric would mask individual differences in app usage
[73]. The second model added ACEs score as a predictor to
form the ACEs score × days of app usage interaction. A
likelihood ratio test assessed whether the second model
improved fit compared to the first. This was done for each of
the four outcomes.

The interaction effects were interpreted in terms of the slope of
days of app usage, that is, testing whether the slope of days of
app usage was significantly different from 0 for each ACEs
score. Benjamini-Hochberg corrections were used to correct for
multiple comparisons; the false discovery rate for these
corrections was set to 0.10 [73]. A power analysis was
conducted using Monte Carlo simulations. Using parameters
similar to the ones obtained in the analyses and a sample of 100,
500 repetitions of the simulation were run to assess power to
detect a significant difference between a full model with
interactions and a timepoint-only model. Resultant power was
0.92, indicating our final sample size of 156 participants was
acceptable after accounting for attrition.

Results

Descriptive Statistics
The sample of 156 participants included 123 females (78.8%)
and 33 males (21.2%). The mean age of the sample was 19.02
years (SD 2.90), with a range of 16 to 38. As expected, most of
the sample consisted of adolescents (19 years or younger; 137,
87.8%) or youth (24 years or younger; 147, 94.2%) [74]. Of the
participants, 109 (69.9%) identified as White, 18 (11.5%) as
South Asian, 12 (7.7%) as Black, and the remaining 17 (10.9%)
as East or Southeast Asian, Arab, Indigenous, or Latinx. Family
income was assessed in categories that ranged from CAD
$0-$19,999 (US $15,564) to greater than CAD $200,000 (US
$155,649), with a median in the range of CAD $80,000-$99,000
(US $62,260-$77,046). Means and standard deviations for all
measures at each timepoint are presented in Table 2. Of the 152
participants who reported on ACEs, 31 (20.4%) reported no
ACEs, 25 (16.4%) reported one, 33 (21.7%) reported two, 19
(12.5%) reported three, 44 (28.9%) reported four or more; 4
participants did not provide a response. On average, participants
used the app 20.43 of the possible 28 days (SD 7.14). Retention
throughout the study was good: of the 156 who enrolled in the
study initially, 138 completed the mid-app sessions (88.5%)
and 126 (80.8%) completed the post-app sessions. These rates
include 3 individuals who missed the mid-app session but then
returned for the post-app session. Overall, 123 participants
(78.8%) completed all 3 sessions. Figure 2 depicts retention of
participants throughout the study. There were no statistically
significant differences in age, sex, ethnicity, ACEs score, or
other pre-app outcome measures between those who completed
all 3 sessions and those who dropped out or missed the mid-app
session. Excluding the missing data attributed to missed
sessions, the percentages of missing questionnaire items across
all participants and items at each timepoint (for which
person-mean imputation was used) were as follows: 0.24% for
the pre-app sessions, 0.16% for the mid-app sessions, and 0.27%
for the post-app sessions. The majority of these missing data
resulted from participants who missed one item in a multi-item
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questionnaire. As mentioned in our Analytic Plan above, the
missing data resulting from a missed session were handled with

maximum likelihood estimation.

Table 2. Descriptive statistics for study measures across each timepoint.

Mean (SD)Measure

ACEsa

2.55 (2.17)Pre-app

CD-RISC-10b

26.62 (5.95)Pre-app

27.49 (5.72)Mid-app

27.63 (6.46)Post-app

EFIc

95.08 (11.43)Pre-app

94.50 (12.24)Mid-app

95.63 (12.54)Post-app

DERS-SFd

42.91 (13.04)Pre-app

40.04 (12.59)Mid-app

36.72 (11.40)Post-app

PHQ-9e

9.48 (6.09)Pre-app

8.80 (5.89)Mid-app

7.52 (5.69)Post-app

aACEs: Adverse Childhood Experiences Questionnaire.
bCD-RISC-10: Connor-Davidson Resilience Scale–10.
cEFI: Executive Functioning Index.
dDERS-SF: Difficulties in Emotion Regulation Scale – Short Form.
ePHQ-9: Patient Health Questionnaire–9.

Figure 2. Flow of participant retention throughout the study.
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Multilevel Modeling
Table 3 contains the β values, standard errors, and confidence
intervals for resilience. The model with days of app usage as
the sole predictor was not significant. Adding ACEs score and
the 2-way interaction between ACEs score and days of app
usage did not further improve the model, and no predictors were
significant, meaning that neither app usage nor one’s experience
of childhood adversity was related to change in resilience.

Table 4 contains the β values, standard errors, and confidence
intervals for executive functioning. The model with days of app

usage as the sole predictor was not significant. Adding ACEs
score and the 2-way interaction resulted in a significant effect
of ACEs score at P=.002, such that higher ACEs scores were

associated with lower executive functioning (χ2
3=10.10; P=.02),

but the 2-way interaction was not significant, meaning that app
usage was not related to a change in executive functioning, nor
was there a relationship between app usage and change in
executive functioning that depended on one’s childhood
adversity. This second model demonstrated improved fit to the
model with days of app usage as the sole predictor according

to a likelihood ratio test (χ2
2=9.13; P=.01).

Table 3. Coefficients/estimates, standard errors (in brackets), and confidence intervals for the fixed effects of interest and random effects for the

Connor-Davidson Resilience Scale–10 models.a

P valueACEsc and DAU, estimate (SE), 95% CIP valueDAUb only, estimate (SE), 95% CIParameter

Fixed effects

<.00127.66 (0.69), 26.30 to 29.02<.00126.81 (0.45), 25.92 to 27.70Intercept

.150.05 (0.03), −0.02 to 0.11.080.04 (0.02), 0.00 to 0.08DAU

.105−0.34 (0.21), −0.74 to 0.07N/AN/AdACEs

.680.00 (0.01), −0.02 to 0.01N/AN/AACEs × DAU

Variance components

N/A11.94 (1.28), 9.68 to 14.73N/A11.95 (1.29), 9.68 to 14.76Residual

N/A21.25 (3.14), 15.92 to 28.38N/A21.81 (3.20), 16.36 to 29.09Intercept

N/A0.01 (0.01), 0.01 to 0.04N/A0.01 (0.01), 0.01 to 0.04)Slope

aThe number of observations in these models at level 1 (timepoint) is 418; at level 2 (participant) it is 155.
bDAU: days of app usage.
cACEs: adverse childhood experiences.
dN/A: not applicable.

Table 4. Coefficients/estimates, standard errors (in brackets), and confidence intervals for the fixed effects of interest and random effects for the

Executive Functioning Index models.a

P valueACEsc and DAU, estimate (SE), 95% CIP valueDAUb only, estimate (SE), 95% CIParameter

Fixed effects

<.00197.92 (1.37), 95.23 to 100.61<.00194.77 (0.91), 92.98 to 96.56Intercept

.950.00 (0.06), −0.10 to 0.11.430.03 (0.04), −0.02 to 0.10DAU

.003−1.24 (0.41), −2.04 to −0.43N/AN/AdACEs

.550.01 (0.02), −0.02 to 0.04N/AN/AACEs × DAU

Variance components

N/A30.72 (3.53), 24.52 to 38.48N/A30.88 (3.56), 24.63 to 38.72Residual

N/A96.56 (12.83), 74.43 to 125.28N/A102.97 (13.55), 79.56 to 133.26Intercept

N/A0.05 (0.02), 0.02 to 0.12N/A0.04 (0.02), 0.02 to 0.12Slope

aThe number of observations in these models at level 1 (timepoint) is 416; at level 2 (participant) it is 155.
bDAU: days of app usage.
cACEs: adverse childhood experiences.
dN/A: not applicable.

Table 5 contains the β values, standard errors, and confidence
intervals for difficulties with emotion regulation. Days of app
usage was significant in the initial model (P<.001), with a Wald

test for the model of χ2
1=44.46, P<.001, such that difficulties

with emotion regulation decreased by an average of 0.25 units
on the 18-point scale with each additional day of app usage.
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Adding ACEs score and the 2-way interaction to the model,
days of app usage, ACE score, and the 2-way interaction were
significant at P=.009, P<.001, and P=.02, respectively, with a

Wald test for the overall model of χ2
3=71.22, P<.001. The 2-way

interaction was such that difficulties with emotion regulation
decreased at a higher rate the higher one’s ACEs score: when
an individual had no ACEs, their difficulties with emotion
regulation score decreased by 0.14 units with each additional
day of app usage, but when an individual had an ACEs score
of 6 (placing them in the 90th percentile), their score decreased
by 0.38 units with each additional day of app usage (see Figure

3; slopes of lines are presented in Table 6). More specifically,
for those with no reported childhood adversity, the marginal
mean score at pre-app was 37.32, and this decreased to 33.13
when the app was used for 28 days, yet the pre-app marginal
mean for those with a high ACEs score of 6 was 50.26 and
decreased to 39.57 by 28 days of app usage. Table 6 contains
the slopes of days of app usage for each ACEs score. A
likelihood ratio test comparing this model to the model that only

included days of app usage indicated increased fit (χ2
2=24.22;

P<.001).

Table 5. Coefficients/estimates, standard errors (in brackets), and confidence intervals for the fixed effects of interest and random effects for the

Difficulties in Emotion Regulation Scale models.a

P valueACEsc and DAU, estimate (SE), 95% CIP valueDAUb only, estimate (SE), 95% CIParameter

Fixed effects

<.00137.32 (1.43), 34.51 to 40.13<.00142.81 (0.98), 40.89 to 44.74Intercept

.009−0.15 (0.06), −0.26 to −0.04<.001−0.25 (0.04), −0.32 to −0.18DAU

<.0012.16 (0.43), 1.32 to 3.0N/AN/AdACEs

.02−0.04 (0.02), −0.07 to −0.01N/AN/AACEs × DAU

Variance components

N/A47.86 (4.20), 40.30 to 56.84N/A48.72 (4.28), 41.01 to 57.87Residual

N/A93.25 (13.01), 70.95 to 122.57N/A108.07 (14.78), 82.66 to 141.29Intercept

aThe number of observations in these models at level 1 (timepoint) is 417; at level 2 (participant) it is 155.
bDAU: days of app usage.
cACEs: adverse childhood experiences.

Figure 3. Changes in difficulties with emotion regulation across time and ACEs score. ACEs: adverse childhood experiences. DERS-SF: Difficulties
in Emotion Regulation – Short Form.
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Table 6. DERS-SF – Slopes, standard errors (in brackets), and confidence intervals of participant days of app usage for each ACEs score.

P valuebSlope of participant days of app usage, slope (SE), 95% CIACEsa score

.009−0.15 (0.06), −0.26 to −0.040

<.001−0.19 (0.05), −0.28 to −0.101

<.001−0.23 (0.04), −0.30 to −0.152

<.001−0.27 (0.04), −0.34 to −0.193

<.001−0.30 (0.04), −0.39 to −0.214

<.001−0.34 (0.05), −0.45 to −0.245

<.001−0.38 (0.07), −0.51 to −0.256

<.001−0.42 (0.08), −0.58 to −0.267

<.001−0.46 (0.09), −0.64 to −0.278

<.001−0.50 (0.11), −0.71 to −0.289

aACEs: adverse childhood experiences.
bAfter correcting for multiple comparisons using the Benjamini-Hochberg procedure, all significant P values remained significant at the .05 level.

Table 7 contains the β values, standard errors, and confidence
intervals for depression symptoms. Days of app usage was
significant as the sole predictor (P<.001), with a Wald test for

the model of χ2
1=25.12, P<.001, such that depression symptoms

decreased by an average of 0.08 units on the 9-point scale with
each additional day of app usage. Adding ACEs score and the
2-way interaction to the model, ACEs score was significant
(P<.001), and days of app usage remained significant at P=.01,
meaning that there was a positive conditional effect of ACEs

score on depression symptoms and a negative conditional effect
of days of app usage. However, the 2-way interaction between
ACEs score and days of app usage was not significant, which
indicates that the reduction in depression symptoms with
increased days of app usage seen in the first model did not
depend on one’s ACEs score. The model overall was significant

at χ2
3=51.72, P<.001, and a likelihood ratio test evidenced

improved fit over the days of usage–only model (χ2
2=24.31;

P<.001).

Table 7. Coefficients/estimates, standard errors (in brackets), and confidence intervals for the fixed effects of interest and random effects for the Patient

Health Questionnaire–9 models.a

P valueACEsc and DAU, coefficient (SE), 95% CIP valueDAUb only, coefficient (SE), 95% CIParameter

Fixed effects

<.0016.98 (0.68), 5.65 to 8.31<.0019.57 (0.47), 8.65 to 10.49Intercept

.01−0.06 (0.02), −0.11 to −0.01<.001−0.08 (0.02), −0.11 to −0.05DAU

<.0011.02 (0.20), 0.62 to 1.41N/AN/AdACE

.32−0.01 (0.01), −0.02 to 0.01N/AN/AACEs × DAU

Variance components

N/A8.58 (0.75), 7.22 to 10.18N/A8.60 (0.75), 7.24 to 10.21Residual

N/A22.52 (2.98), 17.37 to 29.20N/A26.79 (0.75), 20.77 to 34.57Intercept

aThe number of observations in these models at level 1 (timepoint) is 417; at level 2 (participant) it is 155.
bDAU: days of app usage.
cACEs: adverse childhood experiences.
dN/A: not applicable.

Discussion

Principal Findings
This study sought to assess whether the JoyPop app promotes
changes in resilience-related outcomes in first-year
undergraduate students over 4 weeks. In particular, this study
focused on whether the JoyPop app would be helpful not just
for those whose life experiences have paved the way for positive,
adaptive development, but for youth whose histories of adversity

put them at risk for lacking the foundational capacities that
underlie resilience. Our hypotheses were partially supported.
We found a dose-response relationship between days of app
usage over the study and improvements in difficulties with
emotion regulation and depression symptoms. Without asking
for whom these changes are evident, it would remain unknown
how this relationship is qualified by past adversity. Including
ACEs score as a covariate in our models, we saw changes in
difficulties in emotion regulation over time depending on one’s
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ACEs score. Specifically, those with higher ACEs scores had
higher mean pre-app difficulties with emotion regulation, but
faster rates of change such that the discrepancy with their
lower-ACEs counterparts was reduced by the end of the study
period. This is consistent with our expectation that those with
more adversity have more to gain from an intervention. For
depression symptoms, however, reductions with app usage did
not differ depending on one’s ACEs score, indicating the app
was seemingly effective for those with and without histories of
adversity.

The main finding with respect to emotion regulation is in line
with two claims from previous literature: first, that those with
ACEs have poorer self-regulatory capacities [11], and second,
that this can be restored through external supports [30,31].
Specifically, this finding is consistent with previous research
that asserts a relationship between ACEs and poorer emotion
regulation [13,14,75]. Moreover, the observation that both
individuals with and without adversity responded to the
intervention in terms of emotion regulation, albeit at different
rates, supports the notion of resilience as a common process
and the merit of bolstering basic adaptive capacities in all
individuals. With respect to depressive symptoms, although the
effect was not moderated by ACEs score, the finding of a
dose-response relationship to app usage is also important
considering university students face higher rates of depression
[19], heightened distress compared to their pre-university levels
[20], and the potential for suicidal ideation with high PHQ-9
scores [76]. Finding improvement in both emotion regulation
and depression symptoms could also be viewed as consistent
with prior research showing emotion regulation mediates the
relationship between ACEs and negative mental health outcomes
[13,14]. Specifically, considering the design of the app,
reductions in depression may have been related to improved
emotion regulation during the university transition. This
possibility, however, was not formally tested in this study and
could be a direction of future research.

This study contrasts with other intervention studies
demonstrating improvements in resilience using the
CD-RISC-10 [29] and the notion that resilience should be
promoted when basic self-regulatory capacities (including
executive functioning) are bolstered [22]. Instead, the JoyPop
app did not impact self-reported resilience or executive
functioning as hypothesized. At the same time, our findings
could be construed as consistent with two alternate views
suggested by research. First, if emotion regulation is one of the
core components of resilience and plays a mediating role in this
regard, then it should change first before more broad changes
to general measures of resilience are seen. Consistent with this,
Wright et al [22] highlighted that the effects of resilience
interventions may take time to occur or may manifest indirectly,
and as such, outcomes in multiple domains must be monitored
over time. The same logic may be applied to depressive
symptoms: emotion regulation is a potential mediating factor
between childhood adversity and mental health difficulties like
depression symptoms [4]. Second, an alternate view would hold
that resilience and emotion regulation, although related, are not
inextricably linked. The two constructs have indeed been
operationalized as completely independent: for example, Poole

et al [75] studied how the effect of emotion regulation on anxiety
varies according to resilience scores, examining them separately
in a moderating fashion as opposed to a mediating one. Although
emotion regulation is indeed a component of resilience, the
precise way in which resilience should change when emotion
regulation changes has not been addressed by past research. A
future direction could be to investigate at which point one’s
overall trait-like resilience changes as a function of app-related
changes in emotion regulation.

Another possibility is that many of the app features are more
directly related to emotion regulation than to the domains that
did not appear to change. For example, the Rate My Mood
feature was meant to increase awareness of emotion, and the
Breathing Exercises and Journal feature were meant to regulate
emotion. Even SquareMoves, although meant to be more
cognitively oriented, can be used as a means of emotion
regulation in the form of providing a distraction. In fact,
preliminary qualitative exploration of user experiences with the
app found just this: many reasons for using certain features had
to do with their impact on one’s emotions [77]. In addition to
this, the Rate My Mood feature opened upon launching the app.
Thus, this feature, which is directly tied to emotional capacities,
may have been used more often than other features targeting
other self-regulatory functions.

There was some consistency with previous literature in the
relationship between ACEs and executive functioning. In the
initial model with days of app usage, ACEs score, and the 2-way
interaction between these variables, the only significant effect
was for ACEs score, which suggests higher ACEs scores were
associated with lower executive functioning overall. The
relationship between ACEs and resilience, however, contrasted
with previous research. In our sample, those with a relatively
high number of ACEs scored no lower on the CD-RISC-10
resilience measure, on average, than those with fewer. One
interpretation is that our sample could be considered resilient
from the outset, considering they are doing well enough to attend
university, which constitutes higher educational attainment than
might be expected in those with difficult life circumstances. It
could be that these individuals have succeeded academically
because they have exercised resilience despite deficits in
depressive symptoms or executive functioning that were
associated with higher ACEs scores. For these students,
adversity may not have been a barrier to developing resilience
but instead functioned as the opposite, equipping them with the
hardiness to deal with future stressors. This is consistent with
stress-inoculation theory [23] and the challenge model of
resilience [8]. Regardless of the reason, finding that the JoyPop
app helps with emotion regulation and depression symptoms
for a sample of students paves the way for future research to
examine the impact of the app with more vulnerable populations.

Strengths, Limitations, and Future Directions
This study had many methodological strengths. The use of MLM
represents a sophisticated statistical approach that accounts for
the nonindependence of longitudinal data. Inclusion of an
individualized, time-varying covariate in the model (that is,
days of app usage) allowed a direct dose-response link between
app usage and outcomes. This contrasts with studies comparing
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post-intervention scores to pre-intervention scores with no
consideration for individual differences in engagement with the
intervention. Further, our intervention was unique in having
few requirements for usage other than encouraging participants
to try to use the app twice daily. This flexibility in allowing
users to decide when, how often, and in what way to use the
app more closely reflects app usage practices outside of a
research context. Finally, an asset of this study is the inclusion
of multiple facets of resilience, including its theoretical
underlying processes and overall self-reported resilience.

In terms of limitations, the study lacked a control group of
non–app users, which is a limitation of many app studies [41].
By using individual days of app usage over the study period as
the metric of time, however, we are able to conclude that those
using the app more evidenced more change than those using it
a smaller proportion of days, with individuals who did not often
use the app serving as a control group of sorts. Thus, while
having a control group would represent the most convincing
evidence in asserting that observed changes are due to app use,
the relationship between days of app usage and the outcomes
of interest helps refute the argument that changes were due to
the passage of time. Still, participants who used the app more
could have been more motivated to respond to successive
questionnaires in a way that would demonstrate improvement.

As Lui et al [41] describe the lack of independent investigations
and replications of results with respect to app-based
interventions, further studies should attempt to replicate the
findings outlined here to continue to build the evidence base
for the JoyPop app. Moreover, exploring users’experiences and
satisfaction with the app will be important, as positive
evaluations of the look, feel, and relevance of a smartphone app
can influence ongoing use and engagement [78]. Additional
research exploring the economic impact of app-based
interventions is also required, as noted in two recent reviews
[79,80]. For instance, it will be important to examine the
cost-effectiveness and cost utility of integrating an intervention
like the JoyPop app into usual care for youth struggling with
their mental health. There also remains a need to evaluate
long-term outcomes once app usage has ceased to determine
whether ongoing usage is needed for maintained benefits or if
improvements are sustained when the app is no longer in use.
A meta-analysis of mental health–related smartphone apps could
not assess this kind of sustainability because so few studies
included long-term follow-up [38]. Having more timepoints in
general would also allow nonlinear multilevel models to be
tested, which could further describe the changes taking place.
Finally, while data collection was staggered throughout the
school year, another potential limitation is that students in our
sample were at different stages of their transition to university.
To better understand the impact of the JoyPop app on the
transition to university, it would be ideal to recruit students
within the first month of attendance.

A final limitation is the dearth of male participants in our
sample, which prevented analysis of an interaction between
ACEs score and sex in response to the app. Investigating the
relationship between sex, adversity, and intervention response
is important because there may be several potential sex

differences, including rates of childhood adversity [81],
neuroendocrine and brain responses to stress and trauma [82,83],
susceptibility to certain psychological responses to adversity
[84], and patterns of maturation of brain regions involved in
stress regulation during adolescence [11]. The lack of male
participants may have been a by-product of the relatively large
number of psychology students enrolled, who tend to be female,
but may also reflect a difference in interest in the app. Indeed,
a meta-analysis of mental health interventions aimed at
university students found only 24.7% of participants across all
studies were male [85], which poses an important question about
whether the needs of male students are being met with such
interventions. A goal of future investigations will be to recruit
a larger sample of male participants whose collective
experiences span the range of possible ACEs scores.

In addition to the future research directions described thus far,
the relative points of agreement and disagreement between our
findings and previous research suggest future areas of study.
First, addressing the relationship between emotion regulation
and more distal outcomes, including depression and resilience,
could be assessed using a longer-term study that may capture
changes to the more trait-like CD-RISC-10. A mediation model
could be explored to assess the precise way in which changes
in emotion regulation might then relate to changes in resilience
and depression later on. Further, it will be important to assess
the effectiveness of the JoyPop app in a more vulnerable sample,
for whom resilience may be a more pertinent construct. Lastly,
measures mandated during the COVID-19 pandemic, including
abrupt changes to education, mental health services, and social
practices, have caused significant disruptions for youth [86].
Consequently, it has become increasingly important to optimize
digital approaches to service delivery for youth, including
smartphone apps, telemedicine, and virtual therapies [36]. As
such, exploring whether the JoyPop app can aid in buffering
against the negative effects of stress brought on by the current
global pandemic is warranted.

Conclusion
While the JoyPop app appears beneficial for emotion regulation
and depressive symptoms, we found the effect on emotion
regulation difficulties was qualified by the adversity participants
had experienced during their childhood, such that those with
ACEs improved the most and more quickly. The fact that those
with ACEs were able to benefit in a similar fashion to their
non–adversity-exposed counterparts speaks to the capacity for
positive change within these individuals and the malleable nature
of functions underlying resilience among youth. Importantly,
not only did the features of the JoyPop app draw on ACEs
research in promoting this positive change, but the smartphone
medium of the intervention is an asset in terms of readily
accessing help when it is needed. Our findings add to the
growing literature on the importance of protecting and
promoting self-regulatory capacities through well-timed
interventions grounded in theory and research. The JoyPop app
represents a positive step forward in catalyzing efforts to support
resilience in youth with ACEs, particularly when it comes to
regulating emotions during a time of transition.
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Abstract

Background: Interventions aimed at modifying behavior for promoting health and disease management are traditionally resource
intensive and difficult to scale. Mobile health apps are being used for these purposes; however, their effects on health outcomes
have been mixed.

Objective: This study aims to summarize the evidence of rigorously evaluated health-related apps on health outcomes and
explore the effects of features present in studies that reported a statistically significant difference in health outcomes.

Methods: A literature search was conducted in 7 databases (MEDLINE, Scopus, PsycINFO, CINAHL, Global Index Medicus,
Cochrane Central Register of Controlled Trials, and Cochrane Database of Systematic Reviews). A total of 5 reviewers
independently screened and extracted the study characteristics. We used a random-effects model to calculate the pooled effect
size estimates for meta-analysis. Sensitivity analysis was conducted based on follow-up time, stand-alone app interventions, level
of personalization, and pilot studies. Logistic regression was used to examine the structure of app features.

Results: From the database searches, 8230 records were initially identified. Of these, 172 met the inclusion criteria. Studies
were predominantly conducted in high-income countries (164/172, 94.3%). The majority had follow-up periods of 6 months or
less (143/172, 83.1%). Over half of the interventions were delivered by a stand-alone app (106/172, 61.6%). Static/one-size-fits-all
(97/172, 56.4%) was the most common level of personalization. Intervention frequency was daily or more frequent for the majority
of the studies (123/172, 71.5%). A total of 156 studies involving 21,422 participants reported continuous health outcome data.
The use of an app to modify behavior (either as a stand-alone or as part of a larger intervention) confers a slight/weak advantage
over standard care in health interventions (standardized mean difference=0.38 [95% CI 0.31-0.45]; I2=80%), although heterogeneity
was high.

Conclusions: The evidence in the literature demonstrates a steady increase in the rigorous evaluation of apps aimed at modifying
behavior to promote health and manage disease. Although the literature is growing, the evidence that apps can improve health
outcomes is weak. This finding may reflect the need for improved methodological and evaluative approaches to the development
and assessment of health care improvement apps.
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Trial Registration: PROSPERO International Prospective Register of Systematic Reviews CRD42018106868;
https://www.crd.york.ac.uk/prospero/display_record.php?RecordID=106868

(JMIR Mhealth Uhealth 2021;9(1):e21563)   doi:10.2196/21563
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Introduction

Background
The health care field is experiencing exponential growth in the
use of mobile apps to deliver interventions aimed at modifying
behavior to promote health and manage disease. Behavior
change interventions are broadly defined as “coordinated sets
of activities designed to change specific behavior patterns” [1].
Traditionally, behavior change interventions are resource
intensive and difficult to scale [2]. The enthusiasm for apps
stems from their broad reach and capacity to perform multiple
functions, including sophisticated features that can enhance
person-centered care and improve health outcomes [3]. Research
into the effectiveness of health apps to change behaviors is in
its early stage, and there is no clear consensus on which specific
features of apps can assist in behavior change [4]. Furthermore,
most apps contain only a few features that could be considered
to have the potential to change behavior [5]. Examples of
features within apps that may promote health behavior change
include reminders or notifications (eg, to prompt patients to
take their medication at a specified time), tracking activity (eg,
to encourage increased physical activity), goal planning, and
tailored information (eg, provide information on the
consequences of continuing a behavior) [6]. Despite the field
being in its infancy and the lack of consensus on the efficacy
of apps to promote health and manage disease, the use of health
apps has become increasingly common [7].

With an estimated 325,000 health care–related apps now in
existence [8], the global health app market is expected to reach
US $236 billion by 2026 [9]. However, systematic reviews
assessing the effectiveness of mobile apps for the management
of various conditions such as asthma [10], cardiovascular disease
[11], diabetes [12], physical and mental health [13],
self-management of medication [14], and smoking cessation
[15] have shown mixed results [16].

Similarly, findings from studies exploring the impact of app
features on health outcomes have been mixed. For instance,
Bonoto et al [12] observed that when the number of features in
an app was more than 2, the efficiency of the app appeared to
increase. However, other researchers have reported inconclusive
results regarding the number of features [17,18]. To inform the
future direction of health app development, there is a need to
understand if certain features or active ingredients, such as
self-tracking, feedback, and journaling, within apps are
important contributors to improved outcomes [1]. Thus far, only
a few systematic reviews of rigorously evaluated apps (eg,
through randomized controlled trials [RCTs]) have been
performed to assess which features are found in successful apps.
In addition, these reviews have typically only looked at
disease-specific apps [12,15,18-21]. Furthermore, none of those

studies specifically evaluated which features of the apps had an
effect on the outcomes.

Objectives
Therefore, a broader review of this technology is warranted,
given the widespread availability of health apps and the current
gap in knowledge in the understanding of their effectiveness
on health outcomes or the features that may have an effect on
the outcomes. This study aims to summarize the evidence from
RCTs of the effect of health apps on health outcomes. Our
secondary aim is to explore the effect of features present in
studies that reported a statistically significant difference in health
outcomes (eg, feature count and which features were more likely
to have a positive effect on the outcome). To this end, all studies
rigorously evaluating a health app published between 2008 and
early 2019 were reviewed and analyzed.

Methods

This study was designed and reported in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analysis) statement [22]. A protocol outlining the
methods of this systematic review was registered in the
International Prospective Register of Systematic Reviews
(PROSPERO, CRD42018106868).

Search Strategy
The search strategy was developed and executed in consultation
with an experienced research librarian (ES). We executed our
original search on October 2016 and completed an updated
search on March 2019. The search strategy was created for Ovid
MEDLINE using a combination of MeSH (Medical Subject
Heading) terms, keywords, and phrases (Multimedia Appendix
1). The search terms targeted mobile apps, a broad range of
disease/illnesses, and health-related outcomes. The strategy was
translated for other databases—Scopus, PsycINFO, CINAHL,
Global Index Medicus, Cochrane Central Register of Controlled
Trials, and the Cochrane Database of Systematic
Reviews—using their respective thesaurus terms and advanced
search features. A manual search using reference lists of
retrieved citations was conducted for other relevant studies.

Eligibility Criteria
Textbox 1 summarizes the PICOS (participants, interventions,
comparison, outcomes, and study design) to define the inclusion
criteria strategy. A behavior change intervention is broadly
defined as a “coordinated set of activities designed to change a
specified behavior pattern” [2]. Given this broad definition, we
included studies in which an intervention used a mobile health
(mHealth) app to change a behavior to promote health or manage
disease, whether or not authors explicitly labeled the intervention
as behavior change technique. For example, apps that included
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techniques to increase exercise, improve medication adherence,
or self-manage a chronic disease were included. Multimedia
Appendix 2 [1] describes and defines the app features. There is
currently no consensus on all app features and their definitions.
We first developed this list of features based on the literature
[20,23] and then, by consensus within the team, iteratively
expanded and refined from our review of the included studies.
We then assessed how the features corresponded to behavior
change techniques [24]. We excluded apps that only collected
data passively, with no other intervention or behavior change
component (eg, step count collection, blood glucose automatic
readings/continuous glucose reading). As app stores from which
users could download apps were first launched in 2008, we used
this year for the start of search [25]. We excluded articles
published in languages other than English or Spanish, not
meeting rigorous evaluation criteria, and reporting on behavior
change interventions that did not include an app for delivery.

In addition, the following studies were excluded: studies on
app-based interventions targeting health care providers (eg,
training, evaluation of prescription habits, diagnostic assistance,
medical information references); interventions designed for
nonmobile devices (eg, web-based interventions for computer
use), using only wearable devices, or if the intervention was
delivered within a health care facility (eg, hospital unit); testing
of a smart-health device (eg, blood pressure monitoring,
environmental sensors, blood glucose monitoring) or for
monitoring a device (eg, pacemaker); reporting on app
development; nonrigorously designed studies (nonrandomized
studies, not controlled, quasi-experimental); virtual reality
studies; systematic review of mobile apps; assessment of
web-based networking (eg, blogs, Facebook groups); devices
used in health care settings (eg, tablet-based intervention in a
hospital setting); use of drones; and app only for notifying users
of test results.

Textbox 1. Participants, interventions, comparison, outcomes, and study design criteria.

Inclusion and exclusion criteria

Population

• Adults or children with any disease or health-related issue.

Intervention

• Any intervention using a mobile health app aimed to modify a behavior to promote health and manage disease whether or not authors explicitly
labeled the intervention as “behavior change technique.” For example, an intervention that allows users to input data, receive feedback, connect
with health professionals, learn about a disease, or manage their illness or disease.

• Intervention could have any length of follow-up on outcomes.

Comparator

• Routine practice

• Usual care

• Control

• Attention control

Outcomes

• Any direct health outcome that could be assessed for clinical effectiveness, such as medication adherence, treatment outcome (eg, blood pressure,
hemoglobin A1c), health care promotion (eg, cardiovascular disease screening), behavior change (eg, smoking cessation, weight loss), scores
measured using any validated standard instrument (eg, pain level, Patient Health Questionnaire for depression, quality of life).

Setting

• Participants in any country in their natural environment (eg, home, community) and not in a controlled health care setting (eg, hospital).

Study design

• Rigorous evaluation conditions: parallel randomized controlled trials (RCTs), cluster RCTs, quasi RCTs, controlled before-after studies, or
interrupted time series studies with at least three time points before and after the intervention.

Study Screening and Selection
Studies were screened for eligibility in duplicates under blinded
conditions by 2 independent reviewers (SI, KK, YK, Hannah
Erdy, and TA) as the best practice for systematic reviews [22].
Covidence software was used to aid in this process. Search
results were first screened by title and abstract, and any studies
that appeared to meet the eligibility criteria or where eligibility
was unclear progressed to full-text screening. Next, 2

independent reviewers screened the full texts to determine
eligibility for inclusion in the review. Results from each round
of screening were compared and discussed until consensus was
attained. When more than one publication referred to the same
trial, the publication reporting on the primary outcomes of the
study was selected. Reports of ongoing trials were excluded.
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Risk of Bias
The quality of the studies was assessed using the Cochrane Risk
of Bias tool for RCTs [26]. We assessed each study for random
sequence generation, allocation concealment, blinding of
participants, blinding of personnel, blinding of outcome
assessment, incomplete outcome data, selective reporting, and
other sources of bias as low, unclear, or high. If intention-to-treat
analysis was conducted, the study was considered to have a low
risk for completeness of outcome data.

Data Extraction and Variable Definitions
A standardized data extraction form was developed to include
standard data (eg, title, year published, health condition) and
study-specific data (eg, app features, level of personalization).
Data extracted from each full-text paper included the following:
title, publication year, authors, country, intervention name,
health condition addressed, participant population age, study
design, intervention focus, intervention description, mode of
intervention delivery (eg, stand-alone app or app as part of a
larger intervention such as an in-person component), comparator,
intervention frequency, follow-up time, sample size calculation,
use of theoretical framework to guide and develop intervention,
app name, app features, level of personalization, health outcome,
sample size at randomization and at final analysis, and outcome
results. Features were extracted as reported or not reported. In
cases where the features were not explicitly listed, we reviewed
supplementary files, screenshots, or any source cited by the
authors (protocol; website; or previous publications by authors
detailing intervention development, testing, or initial evaluation)
to determine if features were present or not. The level of
personalization of the app was categorized as one-size-fits-all,
static (one-time tailoring to individual), or dynamic (adaption
occurs periodically or in real time during intervention). For
health outcomes, we extracted the primary health outcome used
to power the study; if there were multiple outcomes or if the
power calculation was not reported, we selected the main health
outcome. If the health outcome was a secondary outcome, this
was noted. Where studies compared more than 2 interventions,
we extracted the data from the control and the intervention
groups that represented the most stand-alone app. Outcome data
were extracted from the longest (last) follow-up. We abstracted
summary measures such as means, SDs, event counts, and total
n, calculating SD values from other summary metrics (eg, SE,
CIs) when the raw value was not included in a study [27,28].
These data were compiled in a spreadsheet independently by 2
of the authors for a subset of 20 articles and were reviewed by
the team for consensus of data extraction. Data extraction was
then continued by one author and verified by a second extractor.
When there was uncertainty for any data point, the article was
reviewed as a team, and disagreements were resolved by
discussion.

Narrative Synthesis for Feature Definition and
Outcome Categorization
Initial narrative synthesis is recommended before undertaking
a quantitative synthesis of complex interventions to look at

patterns and characteristics of the data identified [27].
Recommendations include organizing studies into logical
categories possibly related to design, outcome, or intervention
type [29]. Therefore, we used a thematic analysis to develop
intervention outcome behavior change categories. These
categories included nutrition and physical activity (eg, weight
loss), mental health management (eg, reduction of depressive
symptoms), medication adherence, general health and well-being
(eg, quality of life), diabetes management (eg, hemoglobin A1c

management), management of other chronic diseases (eg,
lowered blood pressure), and cessation/harm reduction (eg, days
no drug use, reduced alcohol consumption, smoking cessation).
Country income levels (eg, high and low income) were classified
according to the World Bank listing [30].

Statistical Analysis

Meta-analysis
We used a random-effects model to calculate pooled effect size
estimations [31], where study heterogeneity was assessed using

I2 and the Sidik-Jonkman estimator for calculating τ2 and
prediction intervals [32]. Random effects analysis was chosen
over a fixed-effect model because by calculating both within-

and between-study variance (τ2), the relative weights assigned
to each study are more balanced under the random-effects model
than they are under a fixed-effect model, which only considers
n for each study. Standardized mean differences (SMDs) were
calculated as Hedges g for continuous measures and odds ratio
for binary measures; when extracted data did not contain SDs
but contained other statistical information (t values, P values,
and CIs), we used those variables to calculate effect sizes
following the formulae in the Cochrane Handbook [33]. Funnel
plots were used to assess publication bias.

Sensitivity Analysis
Sensitivity analysis was conducted by performing subgroup
analysis based on follow-up time, stand-alone app interventions,
level of personalization, and pilot studies.

App Feature Analysis
We used logistic regression to examine the effect of app features
detailed in Multimedia Appendix 2. We chose an outcome of
an absolute SMD of 0.5 or greater as indicative of a successful
app, which was modeled as the outcome variable in the logistic
regression.

Statistical analyses were performed using R 3.6.2 (R Core Team
2019).

Results

Study Selection
From the database searches, 8230 records were initially
identified. Of these, 172 met the inclusion criteria and were
included in this review. See Figure 1 for the PRISMA flowchart
of the study selection, including the rationale for the exclusion
of full-text articles.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram. RCT: randomized controlled trial.

Study Characteristics
Key study characteristics are summarized in Table 1. Most
studies were parallel design or cluster RCTs (169/172, 98.3%),
2 were randomized crossover, and 1 was a randomized factorial
design. A total of 34.3% (59/172) of the studies were

characterized as pilot RCTs. Studies were predominantly
conducted in high-income countries (164/172, 94.3%), with the
United States having the highest count (69/172, 46.6%). Only
1 study was conducted in a low-income country (Ghana). The
number of publications per year has steadily increased since
2012 (Figure 2).
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Table 1. Study characteristics (N=172), n (%).

ValueCharacteristic

Reported as a randomized pilot study

115 (66.1)No

59 (33.9)Yes

Region/country (number of studies per country)

76 (43.7)North America (USA-69, Canada-6, Mexico-1)

49 (28.2)Europe (UK-8, Spain, Sweden, Denmark, Italy, Netherlands)

26 (14.9)Asia (Korea-8, China-8, Japan-3, Taiwan-2)

19 (10.9)Oceania (Australia-16, New Zealand-3)

2 (1.2)Middle East, North Africa, Greater Arabia (Israel-2)

1 (0.6)Sub-Saharan Africa (Ghana)

1 (0.6)Multi-country

Participant condition

55 (33.2)Chronic disease (Diabetes-28, Cardiovascular Disease-13, Pulmonary disease-9, HIV-4)

48 (27.8)Mental health (eg, depression, anxiety)

47 (27.2)Overweight/obese/physical inactivity/diet

10 (5.8)Substance use/abuse (eg, alcohol, nicotine, drugs)

7 (4.1)Cancer

7 (4.1)Neurological/musculoskeletal (eg, back pain, arthritis)

Behavior assessed (health outcome)

61 (34.7)Nutrition and physical activity (eg, weight loss)

31 (17.9)Mental health management (eg, reduce depressive symptoms)

22 (12.7)Diabetes management (eg, hemoglobin A1c reduction)

20 (11.7)General health/well-being (eg, quality of life, sleep quality)

15 (8.7)Medication adherence

13 (7.5)Cessation/harm reduction (eg, days no drug/alcohol use, smoking cessation)

12 (6.9)Management of other chronic diseases (eg, reduce blood pressure)

Participant age category

145 (83.2)Adult

18 (10.3)Mix of age groups

6 (3.5)Adolescent

3 (1.7)Pediatric

2 (1.2)Older adult

Comparator group

102 (58.6)Usual/standard of care

45 (25.9)Attention control

27 (15.5)Waitlist control

App developed for research or clinically/commercially available

87 (50.5)Research

77 (44.3)Commercial/clinical

10 (5.7)Unclear

App intervention type

108 (62.1)Stand-alone intervention
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ValueCharacteristic

66 (37.9)Part of a larger intervention

22 (12.6)App+in person

19 (10.9)App+wearable

15 (8.6)App+2 other (eg, phone call+wearable, in person+patient portal)

10 (5.7)App+1 other (eg, support specialist, phone call, text messaging)

Intervention frequency

125 (71.8)Daily/as needed

18 (10.3)Weekly

25 (14.4)Unclear

6 (3.4)Other

Follow-up time (extracted last follow-up time)

10 (5.7)<1 month

135 (77.6)1-6 months

25 (13.8)7-12 months

4 (2.3)>12 months

Reported use of behavior change theory for app development

68 (39.1)Yes

106 (60.9)No/not clearly reported

Reported a power analysis

103 (59.2)Yes

71 (40.8)No/not clearly reported

Reported intention-to-treat analysis

96 (55.2)Yes

78 (44.8)No/not clearly reported

Level of personalization

74 (43.0)One-size-fits-all

23 (13.4)Static (one-time tailoring to individual)

75 (43.6)Dynamic (adaption occurs periodically or in real time during intervention)
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Figure 2. Publication of included studies per year.

Participants
Sample sizes ranged from 6 to 14,228, with a total of 53,331
participants across the 172 studies. Overall, 83.1% (143/172)
of studies targeted adults, whereas 8.1% (14/172) targeted
exclusively pediatric patients or adolescents, and 0.6% (1/172)
of the studies targeted older adults. The most common
conditions of the participants were chronic diseases (55/172,
31.9%), mental health disorders (48/172, 27.9%), and
overweight or obesity (45/172, 26.2%).

Methodology
Control groups either received no intervention (100/172, 58.1%),
received attention control (eg, basic version of an app; 45/172,
26.2%), or were waitlisted (27/162, 15.7%). The majority had
follow-up periods of 6 months or less (143/172, 83.1%), and
only 2.3% (4/172) of studies had follow-up periods longer than
12 months. Over half reported a sample size calculation or power
analysis (103/172, 59.9%) or an intention-to-treat analysis
(96/172, 55.8%).

Interventions
Over half of the interventions were delivered by a stand-alone
app (106/172, 61.6%), and 38.4% (66/172) used an app as a
component of a larger intervention. For example, 22 evaluated
an app and in-person set-up (22/172, 12.8%),19 apps were paired
with a wearable (19/172, 11.0%),15 evaluated an app with 2
other interventions (15/172, 8.7%), and 5.8% (10/172) apps had

one other component that was neither in-person nor wearable
(eg, text messages, mHealth support specialist). In total, 67 of
the studies (67/172, 39.0%) reported that their intervention was
based on a behavior change theory (eg, Social Cognitive
Theory). One-size-fits-all (74/172, 43.0%) and dynamic (75/172,
43.6%) were the most common levels of personalization.
Intervention frequency was mostly daily or multiple times per
day (123/172, 71.5%). The studies assessed interventions for a
range of behavior change outcomes. The top 3 were nutrition,
physical activity, or both (60/172, 34.9%), mental health
disorder management (34/172, 19.8%), and diabetes
management (21/172, 12.2%).

App Features
The intervention apps included a mean of 5 features (SD 2),
ranging from 1 to 11 (Figure 3). The most common features
included self-report adherence or self-monitoring (120/172,
69.8%), visual feedback on user data (109/172, 63.4%), and
information/education (107/172, 62.2%; Figure 4). The least
common features were communication messaging within app
(36/172, 20.9%), app-based social support (35/172, 20.3%),
and gamification (22/172, 12.8%). There were no features
common to all intervention apps. The features corresponded to
one or more behavior change techniques (Multimedia Appendix
2). The most common behavior change mechanisms of the app
features were feedback and monitoring (corresponding to 5 out
of 13 features) and shaping knowledge (corresponding to 2 out
of the 13 features).
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Figure 3. Number of studies with app features and frequency of app features.

Figure 4. Frequency of app features.

Risk of Bias
All studies were screened for risk of bias using the Cochrane
Risk of Bias tool for RCTs (Figure 5). The randomization
procedure (random sequence generation) for most of the studies
was considered adequately described (130/172, 75.6% low risk

for bias). Just over half of studies reported details of allocation
concealment (96/172, 55.8% had low risk of bias), whereas
blinding of participants/personnel was less well described
(49/172, 28.5% had low risk of bias). Few studies reported
blinding of outcomes (40/172, 23.3%). Most studies had low
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risk of incomplete outcome data (122/172, 70.9%) and low risk of reporting bias (105/172, 61.0%).

Figure 5. Risk of Bias.

Meta-analysis

Overall Effect of Studies With Continuous Outcomes
A total of 156 studies involving 21,422 participants reported
continuous health outcome data. The use of a behavior change
app (either as a stand-alone or as part of a larger intervention)

confers a slight or weak advantage over standard care in health

interventions (SMD=0.38 [95% CI 0.31-0.45]; I2=80%; Figure
6; Multimedia Appendices 3 and 4). Excluding pilot studies,
there were a total of 105 studies involving 18,514 participants.
The overall results were similar (SMD=0.35 [95% CI 0.27-0.43];

I2=82%).

Figure 6. Effect of studies with continuous outcomes.

Subanalyses of Studies With Continuous Outcomes
We analyzed the impact of the app level of personalization as
stand-alone or as part of larger intervention and length of
follow-up time. No clear pattern of relationship emerged in
addition to the positive but weak advantage over standard care
in health interventions for all groupings (Multimedia Appendix
3). Two groupings (>6 months, one-size-fits-all/static, part of
larger intervention; <3 months/dynamic/stand-alone) had larger

effect sizes, with SMD of 0.50 and 0.59, respectively. Excluding
pilot studies in the analysis did not change the results.

Publication Bias
Figure 7 presents a funnel plot assessing publication bias for
continuous outcomes. The trim-and-fill process was used to
adjust for funnel plot asymmetry and estimate where studies
might be without publication bias (black dots in Figure 7).
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Figure 7. Funnel plot.

Overall Effect of Studies With Binary Results
A total of 13 studies involving 31,845 participants reported
binary health outcome data. The use of a behavior change app

(either as a stand-alone or as part of a larger intervention)
confers a small advantage over standard care in health
interventions with an odds ratio of 1.78 (95% CI 1.10-2.85;
Figure 8).

Figure 8. Effect of studies with binary outcomes.

Due to the small number of this group of studies, no subanalysis
was conducted. We also did not assess publication bias in this
small group of studies.

Analysis of App Features of Successful Apps
Results of logistic regression showed a slight positive effect on
health outcomes for the features of interactive communication,
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reminders, gamification, and journaling, although no feature had significant effects on health outcomes (Figure 9).

Figure 9. Effect of app features on outcome.

Discussion

Principal Findings
In this comprehensive systematic review and meta-analysis, we
synthesized the evidence from 172 studies, which included
53,331 participants, to describe the overall effect of mHealth
apps used in interventions to change behavior to promote health
and manage disease and also explored the impact of their
features. To the best of our knowledge, this is the first
meta-analysis to assess the effectiveness of health apps across
a variety of diseases and health outcomes. Other related
systematic reviews focused on methodologic reporting of any
mHealth-based intervention (not app specific) [7], reported on
specific diseases or health outcomes [12,15,18-21], explored
features (not a systematic review) [34], or did not extract data
for a meta-analysis [35,36].

Our results highlight a substantial growth in the number of
health apps containing behavior change techniques being
rigorously evaluated. In addition to the studies presented, 464
published protocols likely to meet the inclusion criteria were
identified in the search, suggesting that the number of
app-related RCT publications will likely continue to rise. The
results from this meta-analysis suggest that app-based behavior
change interventions have a positive, although weak, effect on
health outcomes.

It is thought that mobile tools, such as apps, can significantly
improve the provision of health care services and
communication, particularly in low- and middle-income
countries (LMICs) with a shortage of health care workers but

where access to phones and cellular services is high even among
vulnerable populations [37]. However, because the vast majority
of studies included in this systematic review were conducted
in high-income countries, the findings cannot be generalized to
LMICs. Similarly, other systematic reviews of mHealth literature
found disproportionate testing of mHealth tools, including apps,
in high-income countries compared with LMICs [12,37-39].

Quality of Selected Studies
We found the current evidence to be largely composed of studies
reporting rigorous methodologies that included power
calculations, intention-to-treat analysis, and a low risk of bias
for randomization and randomization concealment. Most of the
studies were not classified as pilot RCTs, but even with RCT
pilot studies removed, results were largely unchanged.
Randomized trials, if sufficiently large, provide the most
convincing evidence about the effects of interventions because
randomization should result in both observed and unobserved
baseline characteristics being similar across the compared groups
[27]. The high risk of bias for intervention blinding and blinding
of outcomes arises from the near impossibility for patients and
health care professionals to be unaware of the use of apps and
smartphones in the care process. About 40% of the studies chose
to use attention control or waitlist as comparators. Having an
active comparator (eg, attention control) could ensure that all
participants in a trial will not be knowingly disadvantaged and
may reduce bias attributed to inadequate blinding [35].

Overall Effect
Our finding of an overall positive but weak effect appears to be
consistent with the few systematic reviews of app-based
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interventions that included meta-analyses. Systematic reviews
and meta-analyses of apps targeting diabetes [12,21,40] and
asthma control [18] found effects favoring app-based treatment.
The weak effect could be due, in part, to high heterogeneity
among the health outcomes. However, even the targeted reviews
assessing the efficacy of apps for lifestyle modification in
diabetes reported high heterogeneity of up to 86% in subcategory
analysis [21,40], whereas the meta-analysis of apps to support
asthma management included only 3 studies [18]. Behavior
change interventions are inherently complex, and it is
uncommon for any 2 interventions to evaluate exactly the same
intervention [21]. Moreover, outcomes may be measured in
different ways and at different time points across studies, which
could further blur any differences in outcomes. We expected
heterogeneity given the nature of behavior change interventions
and the diversity of the disease outcomes studied. Nonetheless,
the overall meta-analysis results in this study should be
interpreted with caution because of the high heterogeneity found.
Another contributing factor to the weak positive effect could
be that a few studies reported the use of a behavior change
theory to guide app development, which is recommended to
improve the impact of an intervention [41]. Similarly, other
researchers who conducted a systematic review of health apps
noted a lack of mention by study authors of the use of a
behavioral model or theory for the development of apps [42,43].
Along these same lines, we did not assess the contributions of
patients and health care professionals in the development of
app-based interventions, even though this factor is recognized
as important [44]. It is well established that usability
considerations along with the use of sociotechnical design
principles and a holistic approach to behavior change can impact
efficacy [42]. The involvement of patients and health care
professionals in app development was not consistently
mentioned by the authors of the studies included in this review.
Finally, publication bias could undermine even the weak effect
found. Negative or null findings are less often published or
reported [45], and in this review, there appears to be publication
bias toward studies that showed an intervention effect. However,
funnel plots are not necessarily trustworthy under high
heterogeneity. Nevertheless, as health behavior change
interventions are resource intensive and often difficult to scale,
having an equivalent or comparable outcome may still provide
wider reach, cost savings, and added convenience to the users
[2].

Follow-Up Duration, Intervention Type, and Level of
Personalization
We conducted sensitivity analysis on the length of follow-up
time, the intervention as a stand-alone app or as part of a larger
intervention, and the level of personalization. Sensitivity
analyses suggested that the effects did not differ consistently
based on these 3 attributes. We were concerned that the impact
on effect could be skewed because the majority of the studies
had follow-up times of less than 6 months. Although there was
a slight trend for higher effects at lower follow-up times (less
than 3 months), this was not consistent across all subanalyses
groupings. Researchers have questioned the ability of app-based
interventions to sustain beneficial health effects over time [40].
In particular, decline in app usage over time has been reported

and could impact long-term effects [31]. In a systematic review
of technology-driven behavior change techniques, researchers
found that 63% were effective in the short term (<3 months),
whereas only 33% were effective for long term (≥12 months)
[46]. As most of the included studies targeted chronic conditions,
more time may be needed to achieve a sustained behavior
change that will lead to lasting changes in health outcomes. Our
results are consistent with other research findings that short
duration of follow-up was a limitation of many trials [7,11,13].
Another noted limitation of mHealth behavior change
interventions is the lack of information on the impact of
long-term intervention on patient-important primary outcomes
[7]. Therefore, future intervention studies incorporating behavior
change apps should increase follow-up times to enable
assessment of primary outcomes as well as better describe app
engagement overtime.

Regarding intervention type, it appeared that there was little
impact on the overall effect if the intervention was provided as
a stand-alone app or if the app was part of a larger intervention.
This is unsurprising as behavior change interventions are
typically complex, include multiple components, and may
impact individuals in a variety of ways [7]. In the studies in
which the app formed part of a larger intervention, other
components included, for example, occasional in-person
meetings or phone calls, a wearable device, or a combination.
As the stand-alone apps had comparable results with
interventions that included other components, this may suggest
that apps can support a comprehensive intervention.

The level of personalization, either one-size-fits-all or static or
dynamic, did not appear to alter the overall effect of outcomes.
This runs counter to recommendations to offer levels of
personalization rather than a one-size-fits-all functionality to
improve outcome [47]. For instance, a systematic review of app
features for diabetic support concluded that personalized and
tailored empowerment features should be included in
commercial apps for large-scale assessment of the
self-management of the disease [48].

Contribution of Features
In this study, the number of features present in the app did not
appear to confer an advantage. This contrasts with other
researchers who reported increased efficacy with more features
[12,46]. The impact of the features on health-related outcomes
was inconsistent [18]. It has been proposed that an increase in
the number of features could decrease the usability of an app
[44]. Usability is considered critical for engagement and
adherence to app interventions over time [49]. Further
exploration of the complex interaction between the number of
features and usability may be important for determining future
app efficacy. In addition, future research could focus on better
understanding of mechanisms of action of behavior change
techniques within health app–based interventions to assess
which combinations lead to improved health outcomes. Our
aim was not to specifically detect which behavior change
techniques could be the mechanism of action for the potential
changes in health outcomes. The authors of app-based studies
should clearly describe the behavior change techniques used in
their app components and the guiding theories. Applying
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taxonomy of behavior change techniques by Michie et al [24]
could be used to help compare and contrast findings across
studies. However, these taxonomies were not developed for
coding app features; therefore, some concepts may not be fully
transferable [5]. Features represent a high level of abstraction
of requirements and are useful to describe the functionality of
a new system without the need to drill down into too much detail
or are later specific enough for implementation [50]. Research
is needed to better tailor and align behavior change taxonomies
for mobile app feature apps.

When individual features were assessed by health outcome
effectiveness, there appeared to be a slight advantage among
those apps using interactive communication, reminders,
gamification, and journaling. Interactive communication has
been found to be important in a number of studies. Among
individuals with diabetes, including interactive communication
in apps and having remote access to health professionals were
associated with greater effectiveness in reducing hemoglobin
A1C levels [12]. Similarly, two-way interactivity has been shown
to improve adherence [51]. Furthermore, smartphone-based
interventions that did not include interactive support saw a
decrease in app use/engagement among those with chronic
respiratory diseases, diabetes, and hypertension [34]. Reminders
have also been identified as a core component of mobile
interventions, most notably through the use of text messaging
interventions [52].

Gamification conferred an advantage even though it was the
least frequent feature type. Identifying few apps that employed
gamification is consistent with findings from other studies, in
which authors reported that this lack of use may limit the
potential to improve health outcomes [53,54]. Journaling as a
feature was not mentioned in other systematic reviews of
features; thus, it may be a new finding or may have been labeled
differently. In any type of technology-driven intervention for
diabetes management, those containing digital features that
facilitated health and lifestyle education, behavior or outcome
tracking, and/or web-based health coaching were most effective
[46]. In this review, we identified many studies that included
education, self-tracking, coaching, and goal setting; however,
they did not show a clear effect on health outcomes.

Strengths and Limitations
A strength of this study is that it is a comprehensive review of
rigorously tested app-delivered behavior change interventions
for a variety of diseases and health outcomes. Understanding
the impact of app-delivered interventions and features is
important given their rapid growth in the health care market.
There are also limitations to consider. First, although we
attempted to focus on stand-alone app interventions, some of
the studies included other elements with the apps used as one
component of a larger intervention; thus, it was difficult to
isolate the effects of app-based interventions. We attempted to

mitigate this limitation by conducting subanalyses with
stand-alone apps. Second, we did not extract data on app usage.
Usage data could elucidate whether the intervention was less
effective because of lack of use or exposure to the intervention.
However, these data were not consistently reported in the
studies. Finally, there was often a lack of clear reporting of app
features, which made it challenging to extract data. If the
CONSORT-EHEALTH (Consolidated Standards of Reporting
Trials of Electronic and Mobile HEalth Applications and onLine
TeleHealth) guideline continues to be adopted for mHealth
research, reporting quality should begin to improve [55,56].

Future Recommendations
Future mHealth studies should use standardized reporting
guidelines and describe their intervention and app features with
adequate detail so that results are reproducible [56]. Future
research is needed to develop a taxonomy of behavior change
techniques that aligns with all potential app features. These
efforts have begun with focus on specific app types, such as
measuring physical activity [57,58] and reducing alcohol
consumption [59]. Follow-up times should be appropriate for
disease and condition and likely should be longer than what we
found in this study, where the majority of papers reported
follow-up durations of less than 6 months. Updates to this review
can be conducted to assess progress as the published protocols
are completed and reported. In addition to understanding clinical
effectiveness and cost-effectiveness, future work will also need
to include the potential payer’s perspective to lessen
administrative burden, improve workflow, enhance patient and
provider engagement, and improve quality of care while
lowering costs [16]. Adoption or adherence to the technology
should also be evaluated.

Conclusions
Rigorous studies to examine the effectiveness of behavior
change app interventions on health outcomes are increasing.
The results of our meta-analysis suggest that apps have a
positive but weak effect on health outcomes and may be a useful
adjunct in behavior change health interventions. There was
insufficient evidence to make recommendations on the essential
number of base features to include in apps. There is a clear need
for rigorous testing of behavior change apps in LMICs where
there may be added challenges of lack of human resources and
access to health care services. Future research should clearly
report app features, evaluate long-term effectiveness to modify
health outcomes, and consider attention control comparators.
In addition, negative or null findings need to be reported.
Although not explored in this review, including analyses of
level of app engagement is needed to better determine the actual
effect of apps on outcomes and to explore the specific features
that promote patient engagement with the app and adherence
to the intervention.

 

Acknowledgments
SI was supported, in part, by the National Institute of Nursing Research, K23NR017210 (principal investigator: SI) and the
National Institute of Allergies and Infectious Disease, R01AI147129 (multiple primary investigator: SI, Rubinstein). KK was

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21563 | p.152https://mhealth.jmir.org/2021/1/e21563
(page number not for citation purposes)

Iribarren et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


supported, in part, by the National Institutes of Nursing Research, T32NR014833 and the National Institute of Diabetes and
Digestive and Kidney Diseases, T32DK007742. The content is solely the responsibility of the authors and does not necessarily
represent the official views of the National Institutes of Health. We appreciate Kirsten Kincaid and Hannah Erdy for their assistance
in the process of this research.

Authors' Contributions
SI developed the initial protocol. ES developed and executed the search strategies. SI, KK, TA, and YK conducted screening at
all levels and data extraction. DB developed the analysis protocol and conducted the analysis and meta-analyses. All authors
contributed to manuscript drafting.

Conflicts of Interest
None declared.

Multimedia Appendix 1
MEDLINE (Ovid) Search Strategy.
[DOCX File , 14 KB - mhealth_v9i1e21563_app1.docx ]

Multimedia Appendix 2
App features and definitions.
[DOCX File , 25 KB - mhealth_v9i1e21563_app2.docx ]

Multimedia Appendix 3
Effects of studies with continuous outcomes by level of personalization, intervention type, and length of outcome follow-up.
[PDF File (Adobe PDF File), 65 KB - mhealth_v9i1e21563_app3.pdf ]

Multimedia Appendix 4
List of references cited in Multimedia Appendix 3.
[DOCX File , 45 KB - mhealth_v9i1e21563_app4.docx ]

References
1. Michie S, Wood CE, Johnston M, Abraham C, Francis JJ, Hardeman W. Behaviour change techniques: the development

and evaluation of a taxonomic method for reporting and describing behaviour change interventions (a suite of five studies
involving consensus methods, randomised controlled trials and analysis of qualitative data). Health Technol Assess 2015
Nov;19(99):1-188 [FREE Full text] [doi: 10.3310/hta19990] [Medline: 26616119]

2. Michie S, van Stralen MM, West R. The behaviour change wheel: a new method for characterising and designing behaviour
change interventions. Implement Sci 2011 Apr 23;6:42 [FREE Full text] [doi: 10.1186/1748-5908-6-42] [Medline: 21513547]

3. Ricciardi L, Mostashari F, Murphy J, Daniel JG, Siminerio EP. A national action plan to support consumer engagement
via e-health. Health Aff (Millwood) 2013 Feb;32(2):376-384. [doi: 10.1377/hlthaff.2012.1216] [Medline: 23381531]

4. McKay FH, Slykerman S, Dunn M. JMIR Mhealth Uhealth 2019 Jan 25;7(1):e11130 [FREE Full text] [doi: 10.2196/11130]
[Medline: 30681967]

5. Morrissey EC, Corbett TK, Walsh JC, Molloy GJ. Behavior change techniques in apps for medication adherence: a content
analysis. Am J Prev Med 2016 May;50(5):e143-e146. [doi: 10.1016/j.amepre.2015.09.034] [Medline: 26597504]

6. Haase J, Farris KB, Dorsch MP. Mobile applications to improve medication adherence. Telemed J E Health 2017
Feb;23(2):75-79. [doi: 10.1089/tmj.2015.0227] [Medline: 27248315]

7. Oikonomidi T, Vivot A, Tran V, Riveros C, Robin E, Ravaud P. A methodologic systematic review of mobile health
behavior change randomized trials. Am J Prev Med 2019 Dec;57(6):836-843. [doi: 10.1016/j.amepre.2019.07.008] [Medline:
31753266]

8. Pohl M. 325,000 mobile health apps available in 2017 – Android now the leading mHealth platform. Research2guidance.
2017. URL: https://research2guidance.com/325000-mobile-health-apps-available-in-2017/ [accessed 2018-08-20]

9. mHealth Apps Market Size Worth $236.0 Billion by 2026. Grand View Research. 2019. URL: https://www.
grandviewresearch.com/press-release/global-mhealth-app-market [accessed 2020-01-19]

10. Ramsey RR, Caromody JK, Voorhees SE, Warning A, Cushing CC, Guilbert TW, et al. A systematic evaluation of asthma
management apps examining behavior change techniques. J Allergy Clin Immunol Pract 2019;7(8):2583-2591 [FREE Full
text] [doi: 10.1016/j.jaip.2019.03.041] [Medline: 30954644]

11. Gandapur Y, Kianoush S, Kelli HM, Misra S, Urrea B, Blaha MJ, et al. The role of mHealth for improving medication
adherence in patients with cardiovascular disease: a systematic review. Eur Heart J Qual Care Clin Outcomes 2016 Oct
1;2(4):237-244 [FREE Full text] [doi: 10.1093/ehjqcco/qcw018] [Medline: 29474713]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21563 | p.153https://mhealth.jmir.org/2021/1/e21563
(page number not for citation purposes)

Iribarren et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v9i1e21563_app1.docx
mhealth_v9i1e21563_app1.docx
mhealth_v9i1e21563_app2.docx
mhealth_v9i1e21563_app2.docx
mhealth_v9i1e21563_app3.pdf
mhealth_v9i1e21563_app3.pdf
mhealth_v9i1e21563_app4.docx
mhealth_v9i1e21563_app4.docx
https://doi.org/10.3310/hta19990
http://dx.doi.org/10.3310/hta19990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26616119&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-6-42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.2012.1216
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23381531&dopt=Abstract
https://mhealth.jmir.org/2019/1/e11130/
http://dx.doi.org/10.2196/11130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30681967&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2015.09.034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26597504&dopt=Abstract
http://dx.doi.org/10.1089/tmj.2015.0227
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27248315&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2019.07.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31753266&dopt=Abstract
https://research2guidance.com/325000-mobile-health-apps-available-in-2017/
https://www.grandviewresearch.com/press-release/global-mhealth-app-market
https://www.grandviewresearch.com/press-release/global-mhealth-app-market
http://europepmc.org/abstract/MED/30954644
http://europepmc.org/abstract/MED/30954644
http://dx.doi.org/10.1016/j.jaip.2019.03.041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30954644&dopt=Abstract
http://europepmc.org/abstract/MED/29474713
http://dx.doi.org/10.1093/ehjqcco/qcw018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29474713&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


12. Bonoto BC, de Araújo VE, Godói IP, de Lemos LL, Godman B, Bennie M, et al. Efficacy of mobile apps to support the
care of patients with diabetes mellitus: a systematic review and meta-analysis of randomized controlled trials. JMIR Mhealth
Uhealth 2017 Mar 1;5(3):e4 [FREE Full text] [doi: 10.2196/mhealth.6309] [Medline: 28249834]

13. Rathbone AL, Prescott J. The use of mobile apps and SMS messaging as physical and mental health interventions: systematic
review. J Med Internet Res 2017 Aug 24;19(8):e295 [FREE Full text] [doi: 10.2196/jmir.7740] [Medline: 28838887]

14. Bailey SC, Belter LT, Pandit AU, Carpenter DM, Carlos E, Wolf MS. The availability, functionality, and quality of mobile
applications supporting medication self-management. J Am Med Inform Assoc 2014;21(3):542-546 [FREE Full text] [doi:
10.1136/amiajnl-2013-002232] [Medline: 24163156]

15. Haskins BL, Lesperance D, Gibbons P, Boudreaux ED. A systematic review of smartphone applications for smoking
cessation. Transl Behav Med 2017 Jun;7(2):292-299 [FREE Full text] [doi: 10.1007/s13142-017-0492-2] [Medline:
28527027]

16. Peiris D, Miranda JJ, Mohr DC. Going beyond killer apps: building a better mHealth evidence base. BMJ Glob Health
2018;3(1):e000676 [FREE Full text] [doi: 10.1136/bmjgh-2017-000676] [Medline: 29527353]

17. Fougerouse P, Yasini M, Marchand G, Aalami OO. A cross-sectional study of prominent US mobile health applications:
evaluating the current landscape. AMIA Annu Symp Proc 2017;2017:715-723 [FREE Full text] [Medline: 29854137]

18. Hui C, Walton R, McKinstry B, Jackson T, Parker R, Pinnock H. The use of mobile applications to support self-management
for people with asthma: a systematic review of controlled studies to identify features associated with clinical effectiveness
and adherence. J Am Med Inform Assoc 2017 May 1;24(3):619-632 [FREE Full text] [doi: 10.1093/jamia/ocw143] [Medline:
27694279]

19. Firth J, Torous J, Nicholas J, Carney R, Rosenbaum S, Sarris J. Can smartphone mental health interventions reduce symptoms
of anxiety? A meta-analysis of randomized controlled trials. J Affect Disord 2017 Aug 15;218:15-22 [FREE Full text]
[Medline: 28456072]

20. Nicholas J, Larsen ME, Proudfoot J, Christensen H. Mobile apps for bipolar disorder: a systematic review of features and
content quality. J Med Internet Res 2015 Aug 17;17(8):e198 [FREE Full text] [doi: 10.2196/jmir.4581] [Medline: 26283290]

21. Wu Y, Yao X, Vespasiani G, Nicolucci A, Dong Y, Kwong J, et al. Mobile app-based interventions to support diabetes
self-management: a systematic review of randomized controlled trials to identify functions associated with glycemic efficacy.
JMIR Mhealth Uhealth 2017 Mar 14;5(3):e35 [FREE Full text] [doi: 10.2196/mhealth.6522] [Medline: 28292740]

22. Moher D, Liberati A, Tetzlaff J, Altman DG, PRISMA Group. Preferred reporting items for systematic reviews and
meta-analyses: the PRISMA statement. PLoS Med 2009 Jul 21;6(7):e1000097 [FREE Full text] [doi:
10.1371/journal.pmed.1000097] [Medline: 19621072]

23. Heldenbrand S, Martin BC, Gubbins PO, Hadden K, Renna C, Shilling R, et al. Assessment of medication adherence app
features, functionality, and health literacy level and the creation of a searchable web-based adherence app resource for
health care professionals and patients. J Am Pharm Assoc (2003) 2016;56(3):293-302. [doi: 10.1016/j.japh.2015.12.014]
[Medline: 27067551]

24. Michie S, Richardson M, Johnston M, Abraham C, Francis J, Hardeman W, et al. The behavior change technique taxonomy
(v1) of 93 hierarchically clustered techniques: building an international consensus for the reporting of behavior change
interventions. Ann Behav Med 2013 Aug;46(1):81-95. [doi: 10.1007/s12160-013-9486-6] [Medline: 23512568]

25. Ng R, Carter SR, El-Den S. The impact of mobile applications on medication adherence: a systematic review. Transl Behav
Med 2019 Aug 6:- epub ahead of print. [doi: 10.1093/tbm/ibz125] [Medline: 31384950]

26. Higgins JP, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, Cochrane Bias Methods Group, Cochrane Statistical
Methods Group. The cochrane collaboration's tool for assessing risk of bias in randomised trials. Br Med J 2011 Oct
18;343:d5928 [FREE Full text] [doi: 10.1136/bmj.d5928] [Medline: 22008217]

27. Higgins JP, López-López JA, Becker BJ, Davies SR, Dawson S, Grimshaw JM, et al. Synthesising quantitative evidence
in systematic reviews of complex health interventions. BMJ Glob Health 2019;4(Suppl 1):e000858 [FREE Full text] [doi:
10.1136/bmjgh-2018-000858] [Medline: 30775014]

28. Wan X, Wang W, Liu J, Tong T. Estimating the sample mean and standard deviation from the sample size, median, range
and/or interquartile range. BMC Med Res Methodol 2014 Dec 19;14:135 [FREE Full text] [doi: 10.1186/1471-2288-14-135]
[Medline: 25524443]

29. Petticrew M, Roberts H. Systematic Reviews in the Social Sciences: A Practical Guide. New Jersey, United States: Wiley;
2006.

30. World Bank Country and Lending Groups. World Bank Data Help Desk. 2020 Feb 10. URL: https://datahelpdesk.
worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups [accessed 2020-01-20]

31. Borenstein M, Hedges LV, Higgins JP, Rothstein HR. A basic introduction to fixed-effect and random-effects models for
meta-analysis. Res Synth Methods 2010 Apr;1(2):97-111. [doi: 10.1002/jrsm.12] [Medline: 26061376]

32. Sidik K, Jonkman JN. A comparison of heterogeneity variance estimators in combining results of studies. Stat Med 2007
Apr 30;26(9):1964-1981. [doi: 10.1002/sim.2688] [Medline: 16955539]

33. Higgins J, Li T, Deeks J. Chapter 6: Choosing effect measures and computing estimates of effect. Cochrane Training. 2020.
URL: https://training.cochrane.org/handbook/current/chapter-06 [accessed 2020-12-16]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21563 | p.154https://mhealth.jmir.org/2021/1/e21563
(page number not for citation purposes)

Iribarren et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://mhealth.jmir.org/2017/3/e4/
http://dx.doi.org/10.2196/mhealth.6309
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28249834&dopt=Abstract
https://www.jmir.org/2017/8/e295/
http://dx.doi.org/10.2196/jmir.7740
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28838887&dopt=Abstract
http://europepmc.org/abstract/MED/24163156
http://dx.doi.org/10.1136/amiajnl-2013-002232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24163156&dopt=Abstract
http://europepmc.org/abstract/MED/28527027
http://dx.doi.org/10.1007/s13142-017-0492-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28527027&dopt=Abstract
https://gh.bmj.com/lookup/pmidlookup?view=long&pmid=29527353
http://dx.doi.org/10.1136/bmjgh-2017-000676
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29527353&dopt=Abstract
http://europepmc.org/abstract/MED/29854137
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29854137&dopt=Abstract
http://europepmc.org/abstract/MED/27694279
http://dx.doi.org/10.1093/jamia/ocw143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27694279&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0165-0327(17)30015-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28456072&dopt=Abstract
https://www.jmir.org/2015/8/e198/
http://dx.doi.org/10.2196/jmir.4581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26283290&dopt=Abstract
https://mhealth.jmir.org/2017/3/e35/
http://dx.doi.org/10.2196/mhealth.6522
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28292740&dopt=Abstract
https://dx.plos.org/10.1371/journal.pmed.1000097
http://dx.doi.org/10.1371/journal.pmed.1000097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19621072&dopt=Abstract
http://dx.doi.org/10.1016/j.japh.2015.12.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27067551&dopt=Abstract
http://dx.doi.org/10.1007/s12160-013-9486-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512568&dopt=Abstract
http://dx.doi.org/10.1093/tbm/ibz125
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31384950&dopt=Abstract
http://europepmc.org/abstract/MED/22008217
http://dx.doi.org/10.1136/bmj.d5928
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22008217&dopt=Abstract
https://gh.bmj.com/lookup/pmidlookup?view=long&pmid=30775014
http://dx.doi.org/10.1136/bmjgh-2018-000858
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30775014&dopt=Abstract
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/1471-2288-14-135
http://dx.doi.org/10.1186/1471-2288-14-135
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25524443&dopt=Abstract
https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
http://dx.doi.org/10.1002/jrsm.12
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26061376&dopt=Abstract
http://dx.doi.org/10.1002/sim.2688
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16955539&dopt=Abstract
https://training.cochrane.org/handbook/current/chapter-06
http://www.w3.org/Style/XSL
http://www.renderx.com/


34. Donevant S, Estrada RD, Culley JM, Habing B, Adams SA. Exploring app features with outcomes in mHealth studies
involving chronic respiratory diseases, diabetes, and hypertension: a targeted exploration of the literature. J Am Med Inform
Assoc 2018 Oct 1;25(10):1407-1418 [FREE Full text] [doi: 10.1093/jamia/ocy104] [Medline: 30137383]

35. Zhao J, Freeman B, Li M. Can mobile phone apps influence people's health behavior change? An evidence review. J Med
Internet Res 2016 Oct 31;18(11):e287 [FREE Full text] [doi: 10.2196/jmir.5692] [Medline: 27806926]

36. Han M, Lee E. Effectiveness of mobile health application use to improve health behavior changes: a systematic review of
randomized controlled trials. Healthc Inform Res 2018 Jul;24(3):207-226 [FREE Full text] [doi: 10.4258/hir.2018.24.3.207]
[Medline: 30109154]

37. Kruse C, Betancourt J, Ortiz S, Luna SM, Bamrah IK, Segovia N. Barriers to the use of mobile health in improving health
outcomes in developing countries: systematic review. J Med Internet Res 2019 Oct 9;21(10):e13263 [FREE Full text] [doi:
10.2196/13263] [Medline: 31593543]

38. Marcolino MS, Oliveira JA, D'Agostino M, Ribeiro AL, Alkmim MB, Novillo-Ortiz D. The impact of mHealth interventions:
systematic review of systematic reviews. JMIR Mhealth Uhealth 2018 Jan 17;6(1):e23. [doi: 10.2196/mhealth.8873]
[Medline: 29343463]

39. Abaza H, Marschollek M. Mhealth application areas and technology combinations. A comparison of literature from high
and low/middle income countries. Methods Inf Med 2017 Aug 8;56(7):e105-e122 [FREE Full text] [doi:
10.3414/ME17-05-0003] [Medline: 28925418]

40. Wu X, Guo X, Zhang Z. The efficacy of mobile phone apps for lifestyle modification in diabetes: systematic review and
meta-analysis. JMIR Mhealth Uhealth 2019 Jan 15;7(1):e12297 [FREE Full text] [doi: 10.2196/12297] [Medline: 30664494]

41. Georgsson M. Improving the uptake and continued use of mobile health technology: From behavioral change theory to
contextual intervention design and the inclusion of the end-user. Online Journal of Nursing Informatics 2019;23(1) [FREE
Full text]

42. El-Gayar O, Timsina P, Nawar N, Eid W. Mobile applications for diabetes self-management: status and potential. J Diabetes
Sci Technol 2013 Jan 1;7(1):247-262 [FREE Full text] [doi: 10.1177/193229681300700130] [Medline: 23439183]

43. Carey R, Connell LE, Johnston M, Rothman A, de Bruin M, Kelly MP, et al. Behavior change techniques and their
mechanisms of action: a synthesis of links described in published intervention literature. Ann Behav Med 2019 Jul
17;53(8):693-707 [FREE Full text] [doi: 10.1093/abm/kay078] [Medline: 30304386]

44. Arnhold M, Quade M, Kirch W. Mobile applications for diabetics: a systematic review and expert-based usability evaluation
considering the special requirements of diabetes patients age 50 years or older. J Med Internet Res 2014 Apr 9;16(4):e104.
[doi: 10.2196/jmir.2968] [Medline: 24718852]

45. Page M, Higgins J, Sterne J. Chapter 13: Assessing risk of bias due to missing results in a synthesis. Cochrane Training.
URL: https://training.cochrane.org/handbook/current/chapter-13#section-13-3-5-3 [accessed 2020-03-20]

46. van Rhoon L, Byrne M, Morrissey E, Murphy J, McSharry J. A systematic review of the behaviour change techniques and
digital features in technology-driven type 2 diabetes prevention interventions. Digit Health 2020;6:2055207620914427
[FREE Full text] [doi: 10.1177/2055207620914427] [Medline: 32269830]

47. Thakkar J, Kurup R, Laba T, Santo K, Thiagalingam A, Rodgers A, et al. Mobile telephone text messaging for medication
adherence in chronic disease: a meta-analysis. JAMA Intern Med 2016 Mar;176(3):340-349. [doi:
10.1001/jamainternmed.2015.7667] [Medline: 26831740]

48. Martinez-Millana A, Jarones E, Fernandez-Llatas C, Hartvigsen G, Traver V. App features for type 1 diabetes support and
patient empowerment: systematic literature review and benchmark comparison. JMIR Mhealth Uhealth 2018 Nov
21;6(11):e12237 [FREE Full text] [doi: 10.2196/12237] [Medline: 30463839]

49. Brown W, Yen P, Rojas M, Schnall R. Assessment of the health IT usability evaluation model (Health-ITUEM) for evaluating
mobile health (mHealth) technology. J Biomed Inform 2013 Dec;46(6):1080-1087 [FREE Full text] [doi:
10.1016/j.jbi.2013.08.001] [Medline: 23973872]

50. Leffingwell D, Widrig D. Managing software requirements : a unified approach. Boston: Addison-Wesley Longman
Publishing Co., Inc; 2000.

51. Wald DS, Butt S, Bestwick JP. One-way versus two-way text messaging on improving medication adherence: meta-analysis
of randomized trials. Am J Med 2015 Oct;128(10):1139.e1-1139.e5. [doi: 10.1016/j.amjmed.2015.05.035] [Medline:
26087045]

52. Kannisto KA, Koivunen MH, Välimäki MA. Use of mobile phone text message reminders in health care services: a narrative
literature review. J Med Internet Res 2014 Oct 17;16(10):e222 [FREE Full text] [doi: 10.2196/jmir.3442] [Medline:
25326646]

53. Edwards EA, Lumsden J, Rivas C, Steed L, Edwards LA, Thiyagarajan A, et al. Gamification for health promotion:
systematic review of behaviour change techniques in smartphone apps. BMJ Open 2016 Oct 4;6(10):e012447 [FREE Full
text] [doi: 10.1136/bmjopen-2016-012447] [Medline: 27707829]

54. Lister C, West JH, Cannon B, Sax T, Brodegard D. Just a fad? Gamification in health and fitness apps. JMIR Serious Games
2014 Aug 4;2(2):e9 [FREE Full text] [doi: 10.2196/games.3413] [Medline: 25654660]

55. Eysenbach G. CONSORT-EHEALTH: implementation of a checklist for authors and editors to improve reporting of
web-based and mobile randomized controlled trials. Stud Health Technol Inform 2013;192:657-661. [Medline: 23920638]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21563 | p.155https://mhealth.jmir.org/2021/1/e21563
(page number not for citation purposes)

Iribarren et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/30137383
http://dx.doi.org/10.1093/jamia/ocy104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30137383&dopt=Abstract
https://www.jmir.org/2016/11/e287/
http://dx.doi.org/10.2196/jmir.5692
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27806926&dopt=Abstract
https://www.e-hir.org/DOIx.php?id=10.4258/hir.2018.24.3.207
http://dx.doi.org/10.4258/hir.2018.24.3.207
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30109154&dopt=Abstract
https://www.jmir.org/2019/10/e13263/
http://dx.doi.org/10.2196/13263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31593543&dopt=Abstract
http://dx.doi.org/10.2196/mhealth.8873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29343463&dopt=Abstract
http://www.thieme-connect.com/DOI/DOI?10.3414/ME17-05-0003
http://dx.doi.org/10.3414/ME17-05-0003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28925418&dopt=Abstract
https://mhealth.jmir.org/2019/1/e12297/
http://dx.doi.org/10.2196/12297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30664494&dopt=Abstract
https://www.himss.org/resources/improving-uptake-and-continued-use-mobile-health-technology-behavioral-change-theory
https://www.himss.org/resources/improving-uptake-and-continued-use-mobile-health-technology-behavioral-change-theory
http://europepmc.org/abstract/MED/23439183
http://dx.doi.org/10.1177/193229681300700130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23439183&dopt=Abstract
http://europepmc.org/abstract/MED/30304386
http://dx.doi.org/10.1093/abm/kay078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30304386&dopt=Abstract
http://dx.doi.org/10.2196/jmir.2968
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24718852&dopt=Abstract
https://training.cochrane.org/handbook/current/chapter-13#section-13-3-5-3
https://journals.sagepub.com/doi/10.1177/2055207620914427?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/2055207620914427
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32269830&dopt=Abstract
http://dx.doi.org/10.1001/jamainternmed.2015.7667
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26831740&dopt=Abstract
https://mhealth.jmir.org/2018/11/e12237/
http://dx.doi.org/10.2196/12237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30463839&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(13)00116-0
http://dx.doi.org/10.1016/j.jbi.2013.08.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23973872&dopt=Abstract
http://dx.doi.org/10.1016/j.amjmed.2015.05.035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26087045&dopt=Abstract
https://www.jmir.org/2014/10/e222/
http://dx.doi.org/10.2196/jmir.3442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25326646&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27707829
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27707829
http://dx.doi.org/10.1136/bmjopen-2016-012447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27707829&dopt=Abstract
https://games.jmir.org/2014/2/e9/
http://dx.doi.org/10.2196/games.3413
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25654660&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23920638&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


56. Eysenbach G, CONSORT-EHEALTH Group. CONSORT-EHEALTH: improving and standardizing evaluation reports of
web-based and mobile health interventions. J Med Internet Res 2011 Dec 31;13(4):e126 [FREE Full text] [doi:
10.2196/jmir.1923] [Medline: 22209829]

57. Conroy DE, Yang C, Maher JP. Behavior change techniques in top-ranked mobile apps for physical activity. Am J Prev
Med 2014 Jun;46(6):649-652. [doi: 10.1016/j.amepre.2014.01.010] [Medline: 24842742]

58. Simões P, Silva AG, Amaral J, Queirós A, Rocha NP, Rodrigues M. Features, behavioral change techniques, and quality
of the most popular mobile apps to measure physical activity: systematic search in app stores. JMIR Mhealth Uhealth 2018
Oct 26;6(10):e11281 [FREE Full text] [doi: 10.2196/11281] [Medline: 30368438]

59. Garnett C, Crane D, West R, Brown J, Michie S. Identification of behavior change techniques and engagement strategies
to design a smartphone app to reduce alcohol consumption using a formal consensus method. JMIR Mhealth Uhealth 2015
Jun 29;3(2):e73 [FREE Full text] [doi: 10.2196/mhealth.3895] [Medline: 26123578]

Abbreviations
LMIC: low- and middle-income country
mHealth: mobile health
PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analysis
RCT: randomized controlled trial
SMD: standardized mean difference

Edited by G Eysenbach, L Buis; submitted 18.06.20; peer-reviewed by J Wilroy, O El-Gayar; comments to author 22.08.20; revised
version received 13.10.20; accepted 28.10.20; published 11.01.21.

Please cite as:
Iribarren SJ, Akande TO, Kamp KJ, Barry D, Kader YG, Suelzer E
Effectiveness of Mobile Apps to Promote Health and Manage Disease: Systematic Review and Meta-analysis of Randomized Controlled
Trials
JMIR Mhealth Uhealth 2021;9(1):e21563
URL: https://mhealth.jmir.org/2021/1/e21563 
doi:10.2196/21563
PMID:33427672

©Sarah J Iribarren, Tokunbo O Akande, Kendra J Kamp, Dwight Barry, Yazan G Kader, Elizabeth Suelzer. Originally published
in JMIR mHealth and uHealth (http://mhealth.jmir.org), 11.01.2021. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on http://mhealth.jmir.org/, as well as
this copyright and license information must be included.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21563 | p.156https://mhealth.jmir.org/2021/1/e21563
(page number not for citation purposes)

Iribarren et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.jmir.org/2011/4/e126/
http://dx.doi.org/10.2196/jmir.1923
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22209829&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2014.01.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24842742&dopt=Abstract
https://mhealth.jmir.org/2018/10/e11281/
http://dx.doi.org/10.2196/11281
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30368438&dopt=Abstract
https://mhealth.jmir.org/2015/2/e73/
http://dx.doi.org/10.2196/mhealth.3895
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26123578&dopt=Abstract
https://mhealth.jmir.org/2021/1/e21563
http://dx.doi.org/10.2196/21563
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33427672&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Feasibility, Usability, and Enjoyment of a Home-Based Exercise
Program Delivered via an Exercise App for Musculoskeletal Health
in Community-Dwelling Older Adults: Short-term Prospective Pilot
Study

Robin M Daly1, PhD; Jenny Gianoudis1, PhD; Travis Hall1, MClinExPhys; Niamh L Mundell1, MClinExPhys; Ralph

Maddison1, PhD
Institute for Physical Activity and Nutrition, School of Exercise and Nutrition Sciences, Deakin University, Melbourne, Australia

Corresponding Author:
Robin M Daly, PhD
Institute for Physical Activity and Nutrition, School of Exercise and Nutrition Sciences
Deakin University
221 Burwood Highway, Burwood
Melbourne, 3125
Australia
Phone: 61 392446040
Email: rmdaly@deakin.edu.au

Abstract

Background: Many older adults choose and prefer to exercise at home, but to attain the greatest benefits, the correct type and
dose of exercise should be prescribed and adherence maintained. Advances in digital health technologies now provide the
opportunity for exercise professionals to deliver and monitor personalized, evidence-based exercise programs to anyone at any
time.

Objective: The aim of this study was to evaluate the feasibility, usability, and enjoyment of a web-based exercise prescription
app as a platform for exercise professionals to remotely deliver and monitor an individually tailored, home-based multicomponent
exercise program (delivered through tablet computers) to older adults living independently in the community.

Methods: This was an 8-week, prospective single-arm pilot study in 20 adults aged ≥65 years living independently in the
community: 10 owned a tablet computer (tablet owners) and 10 did not own tablets (tablet nonowners). All participants were
prescribed a home-based, muscle strengthening, weight-bearing impact and challenging balance/mobility program (3 days/week)
using a commercial exercise prescription app on a tablet computer. Study endpoints were feasibility (retention, adherence, adverse
events), usability (System Usability Scale), physical activity enjoyment (Physical Activity Enjoyment Scale), changes in lower
extremity function (Short Physical Performance Battery [SPPB]), and level of physical activity (questionnaire). Process measures
related to the participants' experiences and perceptions of the exercise program and web-based app were also included.

Results: A total of 19 participants (mean age, 70 years) completed the study (19/20, 95%), and mean adherence to the exercise
program was 84% (95% CI 70%-97%). There were 2 minor adverse events in 2 participants from 401 completed sessions. Mean
weekly walking time increased by 78 minutes (95% CI 0-156, P=.049) and moderate-to-vigorous physical activity time by 41
minutes (95% CI –8 to 90, P=.09). For SPPB scores, there was a 0.3 point (95% CI –0.1 to 0.7, P=.17) modest sized (effect size,
d=0.42) improvement after 8 weeks. Mean (SD) system usability was high (86 [10] with 100 best imaginable). There was no
change in the overall physical activity enjoyment scores after 8 weeks, but participants reported that they enjoyed using the
web-based exercise app and the exercise program (median score 4 on a 5-point Likert scale). For all measures, there were no
differences between previous tablet owners and nonowners.

Conclusions: This pilot feasibility study indicates that it is safe and feasible for community-dwelling older adults to participate
in a home-based, multicomponent exercise program targeting musculoskeletal health and function that was delivered and monitored
remotely by exercise professionals using a tablet-based exercise prescription app.

(JMIR Mhealth Uhealth 2021;9(1):e21094)   doi:10.2196/21094
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Introduction

Every year, around 30% of people aged over 65 years living in
the community fall at least once [1], and falls are a leading cause
of fragility fractures, injury-related hospitalization, mortality,
and health care costs for older adults [2,3]. By 2022, it is
predicted that there will be 1 fragility fracture every 2.9 minutes
(>500 per day) in Australia [4]. The current models of care for
fracture risk reduction focus largely on pharmacological agents
targeting bone mineral density (BMD) [5], but there is a need
for multifaceted approaches that can simultaneously target
multiple fall and fracture risk factors.

Exercise is widely recognized as a safe and effective approach
to improve nearly all modifiable fracture risk factors, including
BMD and falls risk [6,7]. Several meta-analyses of randomized
controlled trials provide compelling evidence to support the
benefits of exercise as a single intervention to prevent falls in
community-dwelling older people [7] and multicomponent
resistance-based exercise programs for improving bone health
in postmenopausal women [8]. The findings from several of
our previous randomized controlled trials conducted within
community-based health and fitness centers have also shown
that multicomponent exercise programs incorporating
progressive resistance training combined with weight-bearing
impact and challenging balance and mobility training are safe
and effective for improving hip and lumbar spine BMD, muscle
mass, strength, power, and function in healthy older adults and
those with low BMD or at increased falls risk [9-12]. Despite
these positive findings, geographical location and access to
affordable community-based exercise programs and qualified
exercise trainers and a general aversion to the gym environment
are key barriers to participation reported by many older people,
which has implications for intervention effectiveness [13-15].
Thus, there is a need to consider alternative models of service
delivery to meet individuals’ exercise needs, preferences, and
financial resources more broadly.

Advances in digital health apps have provided new opportunities
for health care professionals to remotely deliver and monitor
evidence-based exercise programs tailored to the needs of older
adults and within their own home or community environment.
This is important, as a study of 240 community-dwelling adults
attending osteoporosis-related programs revealed that a lack of
access to exercise programs that meet their needs and
preferences and limited resources, time, and trust in exercise
providers were some of the key barriers to participation [13].
For falls prevention, a study in 5440 older adults indicated that
a home-based strength and balance training program was
preferred over other prevention strategies [16]. However, to
ensure clinical effectiveness, it is important that any prescribed
exercise programs adhere to current best practice guidelines
and incorporate behavioral strategies to promote long-term
adherence. Despite the rapid rise in the number of web-based
and mobile health apps available to health care professionals
to deliver exercise programs to people at home, few studies

have evaluated the feasibility, usability, and enjoyment of
exercise prescription apps targeting the key musculoskeletal
health and function (eg, bone and fall-related) risk factors
associated with fractures in older adults residing in the
community.

The aim of this feasibility study was to evaluate the feasibility
(retention, adherence and adverse events), usability, and
enjoyment of a commercial web-based exercise prescription
app (Physitrack) as a platform for exercise professionals to
remotely deliver and monitor an individually tailored,
home-based multicomponent exercise program (via tablet
computers) for older adults living independently in the
community. In addition, we explored participants’ perceptions
of the exercise program and Physitrack app and whether
outcomes differed between previous tablet computer owners
and nonowners.

Methods

Study Design
The Seniors Made Active thRough Technology (SMART) study
was an 8-week community-based, prospective single-arm pilot
study in which adults aged ≥65 years were prescribed a home
exercise program (accessed by the PhysiApp-patient portal) by
an accredited exercise physiologist (AEP) using the commercial
Physitrack (clinician portal) exercise prescription app. The trial
was managed through the Institute for Physical Activity and
Nutrition at Deakin University, Australia, and was approved by
the Deakin University Human Research Ethics Committee
(HREC 2016-219).

Participants and Recruitment
Twenty relatively healthy men and women (convenience sample)
aged 65 years and over living independently in the community
were recruited through our research trial database, and study
flyers were sent to a number of community (Rotary) clubs in
the eastern suburbs of Melbourne, Victoria, Australia. In order
to explore differences in the outcomes and the experiences in
using mobile technology between those with tablets (tablet
owners) and without tablets (tablet nonowners), we deliberately
recruited 10 participants who possessed a tablet computer (and
had access to Wi-Fi at home) and 10 participants who did not
possess such a device. The tablet nonowners were provided
with an iPad and a SIM card (and adequate data capacity) for
the duration of the study and instructed on how to use it during
the initial home visit.

Participants were initially screened over the telephone and
included if they were able to walk without the use of an aid,
willing to use an iPad (their own or one provided to them) for
the execution of the exercise program, and if they were able to
speak English. Participants were excluded based on the
following criteria (all self-reported): (1) aged <65 years, (2)
participation in resistance exercise >1 session per week for at
least 20 minutes or moderate-to-vigorous intensity physical

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21094 | p.158http://mhealth.jmir.org/2021/1/e21094/
(page number not for citation purposes)

Daly et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


activity for ≥150 min/week over the past 3 months, (3) recent
low trauma fracture (within the past 6 months), (4) inability to
stand unaided, (5) acute or terminal illness likely to compromise
exercise participation, (6) unstable or ongoing
cardiovascular/respiratory disorder, (7) musculoskeletal or
neurological disease or functional limitations disrupting
voluntary movement or that might have limited training, or (8)
inability to commit to the study and its requirements. The
Exercise and Sports Science Australia adult pre-exercise
screening tool was used to identify any individual who may be
at increased risk for any adverse event(s) due to participation
in our exercise program. Participants with signs or symptoms
of unstable or unmanaged disease were excluded from the study.

A total of 87 older adults expressed an interest and were
screened for the study, of which 20 were included. The reasons
for exclusion were as follows: 18 due to the presence of a
cardiovascular, musculoskeletal, or neurological condition that
could limit their ability to participate in the exercise program;
11 due to being too physically active; 10 due to expected travel
during the study period; 3 due to age (<65 years); and 1 due to
terminal illness. The other 24 participants were not interested
or did not have the time to participate in the study upon
receiving further details about the requirements.

Intervention
All participants were prescribed (by a single qualified AEP
recruited to work on this study) two 4-week multicomponent
home exercise programs using the commercially available
web-based Physitrack exercise programming app with the
accompanying PhysiApp that was accessible via their
iPad/tablet. Physitrack is a cloud-based, digital platform that
allows health professionals to assign exercises and programs
(with training dosage) to people remotely, track progress,
provide feedback in real time, and send reminders. Using this
program, the AEP formulated a personalized exercise program
for each participant by selecting from a battery of >3500
exercises that includes narrated videos and descriptions about
how to perform each exercise. The Physitrack system allows
the AEP and participants to set up automated reminders about
exercise times and record exercise completion, including sets,
repetitions, and rate of perceived exertion (RPE) for each
exercise, as well as include feedback or messages that are sent
(in real time) to the AEP (or to participants from the AEP) for
monitoring and review. For each exercise, participants were
prescribed a specific training dose (frequency, sets, and
repetitions) and asked to report on their RPE using the 10-point
scale provided in the app. Each participant’s program was
reviewed and progressed weekly by the AEP if needed, by
reviewing the self-reported RPE and sets/repetitions for every
exercise completed via the web-based Physitrack platform. The
AEP also checked the Physitrack system daily for any urgent
alerts/messages from participants.

Exercise prescription was individualized based on each
participant’s initial functional capacity determined from the
baseline assessment, medical and physical activity history, as
well as the AEP’s clinical judgement. Each exercise program
included a combination of muscle strengthening (resistance)
exercises, weight-bearing impact activities, and challenging

balance/mobility exercises based on the principles of the
Osteo-cise: Strong Bones for Life program, which is an
established and effective community-based osteoporosis
prevention exercise program for older adults at increased risk
for falls and fracture [11,12]. Participants were prescribed 8-9
targeted exercises (2-3 sets of 8 repetitions) at a moderate
intensity (3-6 on the 10-point modified RPE scale) to be
completed on 3 nonconsecutive days per week. All participants
were provided with an exercise equipment pack (box step,
dumbbells, TheraBand resistance bands, stepping cones, foam
balance mat). The program was designed to be completed within
30 minutes and consisted of 2 warm-up exercises (eg, marching,
side stepping, sit to stand), 2 challenging balance/functional
exercises (eg, alternating lateral steps, tandem walking, single
leg standing), 1 upper limb (eg, wall press up, triceps dips,
overhead press), and 2 lower limb resistance exercises (eg, step
ups, bodyweight squats, reverse lunge with weights), 2
weight-bearing impact exercises (eg, vertical, lateral, and
multidirectional jumping or hopping), and cool down
(stretching) activities.

All participants received 3 home visits from the AEP during
the study. At the initial home visit, baseline assessments were
completed and participants were educated on the PhysiApp and
safe exercise training and prescribed their initial exercise
program. Participants then received a weekly phone call for the
first 2 weeks of the study to monitor progress and address any
questions. Thereafter, participants were encouraged to liaise
with the AEP directly via the PhysiApp, which was monitored
daily. A second home visit was conducted at week 4 to review
progress, record any adverse events, and update the exercise
program, with the final home visit conducted at the end of the
study (after week 8) to complete the follow-up assessments.

Feasibility: Retention, Adherence, and Adverse Events
Retention was recorded as the number (proportion) of
participants who completed the 8-week assessment. Adherence
to the exercise program, including the number of sessions
completed, number of exercises, and sets and repetitions
completed (all expressed as a percentage) within each session
were recorded within the Physitrack system. We considered the
program to be feasible if at least 90% of the participants
completed the trial and if the adherence to the program was at
least 66% (equivalent to 2 out of 3 sessions per week).
Participants were asked to record any adverse events (including
falls) directly into PhysiApp so that they could be reviewed by
the AEP and research staff. Information on adverse events was
also collected at home visit 2 (week 4) and 3 (after week 8). An
adverse event was defined as an intervention-related event
resulting in absence from or modification to the exercise
intervention.

Anthropometry and Demographics
Height to the nearest 0.1 cm and body weight to the nearest 0.1
kg were measured using standard procedures. The following
information was collected by the questionnaire (baseline only):
date of birth, ethnic background, education, living arrangement,
medical history, medication use, and history of falls. At the
completion of the study, participants were also asked if they
had experienced a fall(s) over the past 8 weeks.
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Physical Activity
Duration (minutes per week) of walking and
moderate-to-vigorous physical activity (MVPA) during the past
week, which was truncated at 840 minutes, was assessed using
the validated Active Australia survey [17].

Physical Function
Physical function was assessed using the standardized Short
Physical Performance Battery (SPPB), which is a composite
measure of 3 tasks: standing balance, habitual gait speed, and
repeated (5) chair rise [18]. A score of 0 to 4 was assigned to
each test and added to yield a composite score ranging from 0
to 12, with higher scores indicating better physical function.
The SPPB has been shown to be valid, reliable, and sensitive
to change with intraclass correlation coefficients of 0.88-0.92
for tests performed 1 week apart [19].

Physical Activity Enjoyment
At baseline and follow-up, participants completed the Physical
Activity Enjoyment Scale (PACES) [20]. This 18-item
questionnaire asked participants to rate “how do you feel at the
moment about the physical activity you have been doing” using
a 7-point bipolar rating scale with scores ranging from 18 to
126 points. Eleven of the 18 items are reverse-scored with higher
scores representing higher levels of enjoyment.

System Usability
Usability represents the participants’ experience with using the
app. At the final assessment, participants completed the System
Usability Scale (SUS) [21] to assess perceived usability of
Physitrack. The SUS is a standard 10-item questionnaire in
which responses are measured on a 5-point Likert scale ranging
from 1 (strongly disagree) to 5 (strongly agree). Questions 1,
3, 5, 7, and 9 are positive and questions 2, 4, 6, 8, and 10 are
negative. A total SUS score is derived by summing the
individual scores and multiplying by 2.5, which yields a score
ranging between 0 (worst) and 100 (absolute best). A score >68
is considered above average usability and >80 considered high
usability and a level at which participants are likely to
recommend the product to peers [21].

Process Measures: Perceptions of the Program and
System
Upon trial completion, process measures were collected using
an author-derived questionnaire completed by participants to
evaluate their experiences with and perceptions of the home
exercise program and Physitrack system. Enjoyment about the
exercise program and using Physitrack was assessed on a 5-point
scale (1=did not enjoy at all, 5=extremely enjoyable). In
addition, participants were asked open-ended questions about
what they liked and disliked most about using Physitrack. The

level of importance about key elements that may have helped
participants maintain their motivation to continue with the
program was assessed using a 5-point scale (1=extremely
important, 5=not all important). Finally, participants were asked
whether they would continue to use the Physitrack app to
exercise at home if it was made available. All open-ended
questions were analyzed using a general inductive thematic
approach [22].

Statistical Analysis
As this was a pilot feasibility study [23], a convenience sample
of 20 older adults was recruited with no formal sample size
calculations [24]. However, the observed effect sizes (Cohen
d) for the functional and physical activity measures were
calculated using the following formula: mean posttest minus
mean baseline divided by baseline standard deviation. The
potential clinical meaningfulness of the results (in addition to
statistical significance) was based on the magnitude of the
effects: small (d=0.20), medium (d=0.50), and large (d=0.80)
(and P values) [25]. Nevertheless, the results and findings from
the hypothesis tests should be treated with caution, given our
modest sample size.

All statistical analyses were conducted using SPSS Statistics
for Windows, version 26 (SPSS Inc). Baseline characteristics
between the group (tablet owners and nonowners) were
compared using independent two-sided t tests for continuous
variables and chi-squared tests for categorical variables. Paired
sample t tests (two-sided) were used to assess within-group
changes for the continuous variables and the McNemar test was
used for categorical variables. Between-group differences for
changes were assessed using analysis of variance or McNemar
test for categorical variables. Between-group differences were
calculated by subtracting the within-group changes from the
baseline in each group. Within-group changes were presented
as absolute changes from the baseline. All data were presented
as mean (SD) or 95% CI (or median and interquartile range)
and the significance was set at P<.05.

Results

Baseline Characteristics
The characteristics of the cohort are shown in Table 1, with no
marked differences between the tablet owners and nonowners.
The mean age of the 20 participants was 70 years (range 65-81
years); 50% (10/20) of the participants were females, 40% (8/20)

were classified as overweight (BMI 25-29.9 kg/m2), and 45%

(9/20) as obese (BMI ≥30 kg/m2), with 35% (7/20) reporting
the presence of a chronic disease(s) and a median of 3
medications.
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Table 1. Baseline characteristics of the cohort.

Total (N=20)Tablet nonowners (n=10)Tablet owners (n=10)Baseline characteristics

70.4 (4.2)70.8 (5.3)70.1 (3.1)Age (years), mean (SD)

10 (50)5 (50)5 (50)Sex (% male), n (%)

165.4 (10.7)165.7 (9.3)165.1 (12.4)Height (cm), mean (SD)

82.5 (17.1)81.5 (20.2)83.5 (14.3)Weight (kg), mean (SD)

30.0 (5.0)29.3 (5.1)30.7 (5.0)BMI (kg/m2), mean (SD)

Ethnicity, n (%)

9 (45)3 (30)6 (60)Caucasian

11 (55)7 (70)4 (40)Other

Highest level of education, n (%)

3 (15)0 (0)3 (30)Primary/High school

12 (60)5 (50)7 (70)University or Tertiary level

5 (25)5 (50)0 (0)Technical/Trade certificate

Living arrangement, n (%)

3 (15)3 (30)0 (0)Alone

14 (70)5 (50)9 (90)With adult without children

1 (5)1 (10)0 (0)With adult with children

2 (10)1 (10)1 (10)Retirement village/hostel

Marital status, n (%)

17 (85)8 (80)9 (90)Married/De Facto

3 (15)2 (20)1 (10)Separated/Divorced/Widowed

3.0 (1.0-4.0)2.5 (1.0-5.5)3.5 (1.0-4.0)Number of medications, median (IQR)

7 (35)2 (20)5 (50)Presence of chronic disease(s),a n (%)

2 (10)0 (0)2 (10)Previous fall in past 12 months, n (%)

aPresence of chronic disease include self-reported hypertension, cardiovascular disease, stroke, Alzheimer disease, Parkinson disease, chronic kidney
disease, liver disease, type 2 diabetes, or a neurological/brain disease.

Feasibility: Retention, Adherence, and Adverse Events
Study retention was 95% (19 of 20 participants completed the
study). Mean exercise adherence over the 8 weeks was 84%
(95% CI 70%-97%, median 94%) and was no different between
tablet owners and nonowners (mean 95% vs 72%, P=.07). Mean
adherence to the prescribed number of exercises per session
was 81% (95% CI 68%-95%), number of sets was 82% (95%
CI 68%-96%), and the number of repetitions for each exercise
was 81% (95% CI 68%-95%), with no differences between the
2 groups (P>.05). Over the 8-week program, 1 musculoskeletal
complaint (knee pain that was pre-existing) and 1 injury
(strained calf muscle) was reported by 2 participants. The
participant with knee pain continued to exercise with a modified
program, while the second participant sought treatment and
subsequently withdrew from the study. No falls were reported
by any participant over the 8-week study. A total of 72 in-app

messages (from 480 prescribed exercise sessions) were sent to
the AEP by 9 of the 20 participants (median 6 per person).

Physical Activity
In the total cohort, mean weekly time spent walking increased
on average by 78 minutes (95% CI 0-156, P=.049; d=0.66]
(Table 2). Thirteen participants (68%) reported an increase in
the weekly walking time (range 10-360 minutes), 2 (11%)
reported no change, and 4 (21%) reported a decrease (range
30-240 minutes). For MVPA, there was a mean change of 41
minutes (95% CI –8 to 90, P=.09; d=0.35]. Nine participants
(47%) reported an increase in the weekly MVPA time (range
20-240 minutes), 6 (32%) reported no change, and 4 (21%)
reported a decrease (range 15-180 minutes). There were no
significant between-group differences (tablet versus not tablet
owners) for the change in either physical activity variable.
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Table 2. Changes in physical activity and the Short Physical Performance Battery scores for the tablet owners, tablet nonowners, and all participants
combined.

Effect size (Cohen d)Mean change (95% CI)Week 8 (n=19),
mean (SD)

Baseline (N=20),
mean (SD)

Parameters

Walking time (min/week)

1.2067 (–32 to 166)225 (155)154 (84)Tablet owners

0.5889 (–50 to 227)244 (251)155 (154)Tablet nonowners

0.6678 (0 to 156)a235 (206)155 (121)All

Moderate-to-vigorous physical activity (min/week)

0.5442 (–37 to 121)97 (164)50 (88)Tablet owners

0.2640 (–36 to 116)191 (217)151 (152)Tablet nonowners

0.3641 (–8 to 90)147 (195)100 (132)All

Short Physical Performance Battery score

0.590.3 (–0.3 to 1.0)11.7 (0.7)11.3 (0.7)Tablet owners

0.300.2 (–0.4 to 0.8)11.9 (0.3)11.7 (0.7)Tablet nonowners

0.420.3 (–0.1 to 0.7)11.8 (0.5)11.5 (0.7)All

aP=.049 within group change after 8 weeks.

Physical Function
After 8 weeks, there was a nonsignificant mean 0.3 point (95%
CI –0.1 to 0.7, P=.17) improvement in the composite SPPB
score in all participants, which represented a moderate effect
(d=0.42) (Table 2). Five participants (26%) had an improvement
of one or more points in SPPB performance, 12 (63%) had no
change, and 2 (11%) experienced a reduction. There were no
group differences for the change in the mean composite SPPB
scores.

SUS
Based on SUS, the Physitrack app was reported to be highly
usable by all participants (mean score 86, SD 10), with no group
differences (Table 3). For the 10 individual questions,
participants most strongly agreed that they felt confident using
it and that most people would learn to use the system very
quickly. Participants also strongly disagreed that the system
was cumbersome and unnecessarily complex.

Table 3. Means and standard deviation scores for the System Usability Scale.

AllTablet nonownersTablet ownersQuestionsa

4.11 (0.88)4.00 (1.05)4.22 (0.67)I think I would like to use the app frequently

1.37 (0.50)1.40 (0.52)1.33 (0.50)I found the system to be unnecessarily complex

4.32 (1.11)4.40 (0.97)4.22 (1.30)I thought the system was easy to use

1.63 (0.83)1.60 (0.84)1.67 (0.87)I think that I would need support of a technical person to be able to use the system

4.16 (0.77)4.10 (0.99)4.22 (0.44)I found the various functions in the system were well integrated

1.74 (0.81)1.50 (0.53)2.00 (1.10)I thought there was too much inconsistency in the system

4.42 (0.61)4.30 (0.68)4.56 (0.53)I would imagine that most people would learn to use the system very quickly

1.21 (0.42)1.30 (0.48)1.11 (0.33)I found the system very cumbersome to use

4.74 (0.45)4.80 (0.42)4.67 (0.50)I felt very confident using the system

1.58 (1.02)1.60 (1.27)1.56 (0.73)I needed to learn a lot of things before I could get going with the system

85.5 (9.8)85.5 (11.8)85.6 (7.6)System Usability Scale total score (out of 100)

aResponses were scored on a 5-point Likert scale: 1=strongly disagree, 5=strongly agree.

PACES
In all participants, the mean (SD) physical activity enjoyment
(PACES) scores did not change over time (baseline 71.2 [8.6]
vs 8 weeks 69.2 [7.9], P=.45) nor differ between the groups
(P=.07).

Process Measures: Perceptions of the Program and
System
Participants reported that they enjoyed using the Physitrack app
and participating in the exercise program (median score 4 out
of 5), with ease of use and the narrated video demonstrations
of the exercises within the app reported by participants as to
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what they liked most. Overall, 71% (12/17) of the participants
reported no response in terms of what they disliked most about
the app but a lack of clarity around the terminology (eg, the
terms reps and sets) was reported by 3 participants (17%).
Participants’ own motivation rather than the use of the app and
interactions with the exercise trainer or potential health

improvements were rated as the most important factor for them
continuing with the program over the 8 weeks. Finally, 94%
(16/17) of the participants reported that they would recommend
the home-based program to other older people and 88% (15/17)
would continue to use the Physitrack app and exercise at home
if it were made available (Table 4).

Table 4. Participants’ perceptions of the exercise program and web-based Physitrack exercise programming system (n=17).

ScoresQuestions

3.50 (0.97)How did you enjoy participating in the home-based exercise program?a, median=4.0, mean (SD)

3.88 (0.86)How did you enjoy using the Physitrack online exercise system?a, median=4.0, mean (SD)

What did you like most about the Physitrack system (app)? n (%)

7 (41)Ease of use

7 (41)Narrated video demonstrations of exercises

3 (18)Ability to track and modify program, if needed

What did you like least about the Physitrack system (app)? n (%)

3 (17)Lack of clarity around terminology

1 (6)Lack of flexibility if exercising on a different day

1 (6)Just another piece of equipment (device) to use when exercising

12 (71)No response

How important was each of the following to help you maintain your motivation to continue with the program?b,
median=2.0, mean (SD)

1.88 (0.93)Own motivation

2.18 (1.01)Physitrack system

2.24 (1.03)Exercise trainer

2.24 (1.03)Feedback from trainer and performance assessments

2.47 (1.07)Improvements to health

15 (88)Do you feel that taking part in the program improved your health and fitness? n (%)

16 (94)Would you recommend the home-based program to other older people? n (%)

15 (88)If the Physitrack system continued to be available, would you continue to exercise at home? n (%)

aResponses scored on a 5-point scale: 1=did not enjoy at all, 5=extremely enjoyable.
bResponses scored on a 5-point scale: 1=extremely important, 5=not important at all.

Discussion

Summary of the Main Findings
Overall, the findings from our SMART prospective pilot
feasibility study indicate that it was safe and feasible for exercise
professionals to prescribe and remotely monitor a thrice weekly
home-based, multicomponent exercise program targeting
musculoskeletal health and function delivered via the Physitrack
app for older adults living independently in the community.
This feasibility was evident by the low attrition, high adherence
to the exercise training, low number of adverse events, increased
weekly physical activity time, and the high reported usability.
No differences were observed in the outcomes between
participants who were previous owners and nonowners of a
tablet computer. Participants reported that they enjoyed using
the Physitrack app and participating in the exercise program.
Most participants stated that they would recommend the

home-based exercise program to other older people and continue
to use the exercise programming app if it was still available,
which adds further support to the widespread usability and
acceptability of our intervention and the web-based exercise
programming app.

Comparison With Prior Work
Consistent with our findings, several previous interventions
conducted over 2-6 months have reported that the use of
web/mobile exercise prescription apps represent a safe, effective,
and feasible approach to deliver tablet-based, home muscle
strength and balance training for older people [26-30]. However,
there were marked differences in the attrition rates (8%-47%)
in some of these studies, and adherence to the exercise training
ranged from 61% to 73% [27-29]. This heterogeneity is likely
related to factors such as whether additional behavioral change
strategies or remote support were provided or not, differences
in the stability of internet connections, and duration of the
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interventions. In our 8-week study, the low attrition and high
exercise adherence are likely due to several components related
to both the intervention and web-based exercise programming
system. This includes the prescription of individualized exercise
programs based on individual’s functional status and
health/medical history, the initial telephone calls and home
visits by the AEP, the option for participants to communicate
with the AEP via the app at any time to receive
feedback/support, knowing that the AEP was remotely
monitoring all exercise programs, and the shorter study duration.
Further data to support the feasibility and usability of the
exercise programming system used in our study is highlighted
by the findings from a 3-week pragmatic randomized controlled
trial in 305 adults being treated for a musculoskeletal
condition(s) [31]. In this study, it was found that the use of the
Physitrack system by physical therapists improved home
exercise adherence and confidence in the ability of patients to
undertake exercise at home compared to usual care (eg, written
exercise instructions, printed exercise diagrams) [31].

Although our study was not designed nor powered to detect an
effect of the intervention on physical function, we did observe
a modest effect (d=0.42) on improving SPPB scores (mean
change 0.3 points). Previous research has indicated that a change
in SPPB of 0.3-0.8 points represents a minimally important
(significant) change [32], with a change for 0.5 and 1.0 point
classified as a small but meaningful change and substantial
change, respectively [33]. In our study, it is likely that the
modest changes relate to the initial functional status of our
participants, who had a mean SPPB score of 11.5 out of 12.
Indeed, this may explain why only 26% (n=5) of the participants
experienced an improvement of one or more points on the SPPB
test after 8 weeks. Nevertheless, our findings must be interpreted
with caution given that there was no control (nonexercise)
comparison group. For comparison, a previous 12-week
tablet-based, home strength and balance training program in 44
independently living older adults found that the intervention
and control groups experienced similar significant improvements
in SPPB scores [26].

An important finding from our study was that participants were
enthusiastic about the web-based Physitrack system and its ease
of use, independent of whether they had previously owned a
tablet computer and would be willing to continue to use such a
system in the future. Despite these positive experiences, overall
enjoyment in physical activity did not change over the 8 weeks,
which may be related to the relatively short duration of the
exercise program or that the questionnaire we used to monitor
physical activity enjoyment may not measure the ideal constructs
specific to the intervention. The lack of any marked changes in
physical activity enjoyment (and SPPB performance) may also
be due in part to the fact that participants recruited into the study
were already habitually active (mean, 100 minutes of MVPA
per week). While future studies are needed to evaluate the
long-term acceptability, adherence, and clinical effectiveness
of remotely prescribed web-based exercise programs using apps
for older adults, we wish to highlight that we are not
recommending that such approaches replace traditional

community-based exercise programs but provide an alternative
option that might best meet some individuals’ needs,
preferences, and financial resources.

An interesting observation from our study was the increase in
weekly walking time following the 8-week home-based, exercise
program. It is important to note that participants were not
specifically instructed to engage in any additional physical
activity outside of the intervention. Thus, the reason(s) for the
mean 78 minutes per week increase in weekly walking time is
difficult to explain. However, there is some evidence that
participation in structured exercise programs is associated with
an increase in nonprescribed activity and energy expenditure
outside of the intervention [34]. It has been suggested that this
may be related to a number of factors, including exercise-related
improvements in functional capacity, gains in muscle strength,
reduced levels of fatigue or feeling more energetic,
improvements in exercise self-efficacy, or mood [34]. However,
others have observed that adoption of structured exercise leads
to no change or a decrease in habitual physical activity or energy
expenditure, which has been attributed to some compensatory
behavioral adaptation [35]. Given the small sample size and
wide confidence interval for the change in mean weekly walking
time in our study, these findings must be interpreted with caution
but warrant further follow-up to understand the reason(s) why
home-based exercise training may improve habitual activity
levels.

Limitations
This study has a number of limitations, including the small
sample size, convenience sample that limits generalizability,
pretest-posttest study design, relatively short intervention
duration, lack of blinding of the assessor, lack of a nonexercise
control group, the use of self-reported measures of physical
activity, and the inclusion of generally healthy and physically
active older adults with normal functional capacity, which may
also affect generalizability. The 3 home-based visits by the AEP
to brief participants on the use of the app and exercise program
and to conduct the functional tests is a further limitation in terms
of future widespread scalability. The need for the AEP to
regularly review and monitor the messages/alerts from
participants and their weekly progress using the Physitrack
app/platform could be considered burdensome, but the daily
time commitment was typically less than 5 minutes. Finally,
the addition of semistructured interviews may provide further
insights into the experiences and perspectives of the participants,
including potential differences between tablet computer owners
and nonowners.

Conclusion
This pilot feasibility study indicates that it was safe and feasible
for older adults living independently in the community to
participate in a tablet-computer–delivered, home-based,
multicomponent exercise program targeting musculoskeletal
health and function that was developed and monitored remotely
by exercise professionals using a web-based exercise
prescription app.
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BMD: bone mineral density
MVPA: moderate-to-vigorous physical activity
PACES: physical activity enjoyment scale
RPE: rate of perceived exertion
SMART: Seniors Made Active thRough Technology
SPPB: short physical performance battery
SUS: system usability scale
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Abstract

Background: Technological advancements have enabled nutrient estimation by smartphone apps such as goFOOD. This is an
artificial intelligence–based smartphone system, which uses food images or video captured by the user as input and then translates
these into estimates of nutrient content. The quality of the data is highly dependent on the images the user records. This can lead
to a major loss of data and impaired quality. Instead of removing these data from the study, in-depth analysis is needed to explore
common mistakes and to use them for further improvement of automated apps for nutrition assessment.

Objective: The aim of this study is to analyze common mistakes made by participants using the goFOOD Lite app, a version
of goFOOD, which was designed for food-logging, but without providing results to the users, to improve both the instructions
provided and the automated functionalities of the app.

Methods: The 48 study participants were given face-to-face instructions for goFOOD Lite and were asked to record 2 pictures
(1 recording) before and 2 pictures (1 recording) after the daily consumption of each food or beverage, using a reference card as
a fiducial marker. All pictures that were discarded for processing due to mistakes were analyzed to record the main mistakes
made by users.

Results: Of the 468 recordings of nonpackaged food items captured by the app, 60 (12.8%) had to be discarded due to errors
in the capturing procedure. The principal problems were as follows: wrong fiducial marker or improper marker use (19 recordings),
plate issues such as a noncompatible or nonvisible plate (8 recordings), a combination of various issues (17 recordings), and other
reasons such as obstacles (hand) in front of the camera or matching recording pairs (16 recordings).

Conclusions: No other study has focused on the principal problems in the use of automatic apps for assessing nutritional intake.
This study shows that it is important to provide study participants with detailed instructions if high-quality data are to be obtained.
Future developments could focus on making it easier to recognize food on various plates from its color or shape and on exploring
alternatives to using fiducial markers. It is also essential for future studies to understand the training needed by the participants
as well as to enhance the app’s user-friendliness and to develop automatic image checks based on participant feedback.

(JMIR Mhealth Uhealth 2021;9(1):e24467)   doi:10.2196/24467
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Introduction

Background
Around 12% of mobile health (mHealth) apps have a wellness
focus on nutrition and diet. These apps often enable users to
capture their food intake and receive recommendations for a
healthy diet [1]. Sharp et al [2] reviewed comparative studies
on methods of recording diets; they found that most participants
preferred procedures that included dietary assessment methods
based on a mobile phone rather than conventional reference
methods [2].

These new technologies have several advantages over
conventional methods. First, they do not rely on respondents’
memory, but they can provide users with automatically
processed data and real-time advice [3]. Second, they use
portable devices and have better social acceptance than
conventional methods of dietary assessment [4]. Researchers
also benefit from smartphone app-based methods, as apps can
decrease workload, reduce printing and postage costs, lower
the risk of transcription errors [5], and optimize space and
security aspects required for paper file storage [6]. Owing to
their feasibility and cost-effectiveness, innovative mobile
phone–based tools may be superior to conventional tools in
large-scale setups [7].

Image-based apps can be divided into 2 broad categories. The
first one includes the majority of the existing apps, which are
either (1) manual, in which no artificial intelligence (AI)
component is integrated and the user inserts manually both the
type and portion size of food or drink, or (2) semiautomatic, in
which some type of AI features are integrated, for example,
automatic food recognition, but the portion size estimation is
manually provided by the user [8]. The second category includes
systems that are fully automatic based on AI approaches [8].
Systems of the first category usually require the user to manually
enter the food item, while often they use either barcode scanners
to recognize packaged food labels [9] or algorithms for the
automatic recognition of food items from images. Once food
items have been recognized, the user is typically asked to enter
portion size or volume by hand, so that the system can convert
this input into nutrient information. However, tools in this
category are usually not validated or certified, the number of
food categories they support is limited, and it is not always clear
which nutrient database is used for nutrition information [10].
Another drawback of this category is that individuals may
inaccurately estimate the portion size [11]. This is a significant
problem and accounts for nearly 50% of the mistakes in the
food records of dietary assessment apps [12]. The systems in
the second category (totally based on AI) use food image or
video input [13-17] automatically and in real time to (1) identify
and segment the different food items, (2) recognize each type
of food item, and (3) create a 3D model of all individual food
items. The conversion of food images or videos to calories or
macronutrient content is supported by food composition
databases (eg, United Sates Department of Agriculture [USDA]
nutrient database and Swiss food composition database) [8].
The primary limitation of this category is that some food types,
such as mixed foods (eg, lasagna) or beverages, are challenging

to analyze [13], as they usually contain ingredients that are not
clearly identifiable or that are placed in containers, which makes
it difficult to assess volume.

Owing to the use and continuous improvement of mHealth and
AI technologies, it is likely that they will replace
paper-and-pencil methods altogether. Currently, nutritional
scientists studying dietary assessment by apps mainly focus on
comparing innovative with conventional methods for dietary
assessment, whereas computer scientists mainly focus on
optimizing the algorithms. However, to achieve high-quality
data, both nutrition and computer scientists also need to focus
on the behavioral aspects of data acquisition. In an international
survey conducted among health care professionals (n=1001) in
6 continents, they mentioned that to recommend a Nutrition
and Diet app to their patients or clients, they would prefer an
app that is easy to use (87.1%), validated (68.1%), supports
automatic food recording (56.5%), and automatically outputs
nutrient estimations (52.4%) [18]. However, accurate data for
food quality assessments can only be based on the correct
capture of meal images, which is of vital importance if
smartphones are to be used as a reliable source for food records.
Thus, the quality of the captured data can severely affect the
quality of the assessment, and it is indicated that correct data
capture is a critical factor if the app is to be properly used and
is to provide the most accurate results. Rather than removing
erroneous data from studies, in-depth analysis should help
explore common mistakes and thus further improve automated
apps to assess nutritional intake.

Objectives
Along these lines, the aim of this study is to explore and evaluate
common user errors made when using the goFOOD Lite app
for collecting dietary intake data, considering that the collected
data are used for automatic food recognition and nutrient
estimation (goFOOD). Thus, mistakes can potentially influence
the automation of the process. The results will help improve
the instructions given, adjust the app to the user needs, and
enhance the overall automatic functionalities of the app.

Methods

Recruitment and Screening Procedure

Sample Inclusion and Exclusion Criteria
Eligible volunteers for the study included adults (18 years and
older) from the general population with self-reported adequate
literacy in information communication technology, that is, they
knew how to use a smartphone, who also provided written
informed consent before the start of the study. Dietitians,
nutritionists, and students in the fields of nutrition and dietetics
were excluded to avoid bias related to profession. No prior
familiarity with the app was needed to be eligible to participate.
The participants did not perform any nutrient estimation; hence,
they were not required to be experienced in this subject.

Participants
A convenience sample was recruited following the snowball
method, that is, starting with acquaintances of members of the
team at Bern University of Applied Sciences and the Artificial
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Organ (ARTORG) Research Center of Biomedical Engineering
(University of Bern). In addition, students who had been
informed of our study through our communication campaign
via promotional flyers at clinics, the campus of Bern University
of Applied Science, and social media were enrolled.

goFOOD System
goFOOD is an Android system that supports both images and
video as an input to automatically determine the type, volume,
calories, and macronutrient content (carbohydrates, fat, and
protein) of a meal by using AI and computer vision–based
analysis of images acquired by the users’ smartphones [19].

The version of interest in this study is the one using 2 meal
images as input, captured from different viewing angle, and a
reference card that must be placed next to the meal during the
image capturing. The image processing module of the system
consists of the following 3 main stages: (1) food segmentation,
(2) food item recognition, and (3) volume estimation. Deep
neural networks are applied to process the captured food images,
and this performs food segmentation and recognition [20,21],
whereas a 3D reconstruction–based algorithm estimates food
volume [17]. The meal’s calorie and macronutrient content are
then calculated on the basis of each food category, volume, and
food composition database [22,23]. goFOOD supports 319
fine-grained food categories and has been validated technically.

goFOOD Lite and Participants’Actions or Walkthrough
Process
For the purpose of this study, a simplified version of goFOOD,
called goFOOD Lite, was developed. With goFOOD Lite, the
users can record their meal (food or beverage), but—unlike in
the original goFOOD app—the Lite version does not provide
any estimated results (eg, nutrient content and portion size) to
the users as would have been the case for collecting dietary
intake on the population level. With this app, participants could
record their food intake by taking 2 photographs at specific
angles of their meal before and after eating. This version of the
app informs the user of the correct positioning (angle) of the
phone for photo and input. As in other apps, goFOOD Lite uses
a specially designed reference card as a fiducial marker that
must be placed next to the recorded item to ensure that the 3D
volume estimation is accurate. Moreover, for the images to be
valid, the following criteria must be met:

1. The recorded foods are best positioned within an elliptical
plate, either neutral (white) in color or with high color
contrast to the background. Though this is not an absolute
requirement, the participant is urged to comply, as this
facilitates subsequent processing, that is, nutrient estimation.

2. The recorded item must be fully visible in the image. If it
is a plated meal, then the entire plate must be in the image.
If it is a nonplated meal, then the entire items must be within
the image. If it is a beverage, then the entire glass or bottle
containing the beverage must be within the image.

3. A special reference card (the size of a credit card) used as
a fiducial marker is provided to the participant. This card
must be used for all recordings of foods or beverages, as it
is of vital importance for the estimation of food volume
and the subsequent nutritional analysis. The card must be
placed on the same table or surface as the items being
recorded and has to be fully visible in all images from its
top side, with the most colors and textures. Loyalty cards
of large supermarket chains can also be used instead of the
designated reference card.

4. The relative position of the recorded item and the card must
not change between the 2 different lateral images.

5. The foods and beverages must be recorded separately.

Every consumed food (plated, nonplated, or packaged) and
beverage needs to be recorded. More specifically, the
participants were asked to record their food and beverages before
and after consumption. One recording comprises 2 images of
the corresponding item or items, that is, the food or beverage.
These 2 images are captured from different viewing angles, as
indicated and guided by the app (0° and 15° to the surface or
table). The recording also contains the creation time and date.
An example of 2 correct recordings is shown in Figure 1.

The specific procedure for each recording was as follows:

1. The user indicates if the recording is for a food or a
beverage.

2. The user indicates if the recording occurs before or after
consumption.

3. The user captures 2 images at specific angles. The app has
a feature that guides the user toward the correct angle, and
if this angle is not met, then it is not possible to capture the
image.

4. The app attempts to transmit the recording to the server.
a. If no internet connection is available, then the user is

prompted with an informative message urging them to
ensure that the phone has internet access and to attempt
to record again. The recording is not completed and is
not transmitted or stored.

b. If a working internet connection is available, the
recording is transmitted and stored on the server. The
recording is completed.

If the procedure does not reach step 4b, then it is not considered
complete and is not stored.
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Figure 1. Example of 2 correct food recordings: 1 recording before and 1 recording after consumption.

Study Procedure
Study participants were asked to use the goFOOD Lite app to
record all foods and beverages consumed during a period of 24
hours.

Participants took part in 1 of the 3 different instruction days to
be informed about the aim of the study, how the goFOOD Lite
app works, and to sign consent forms. The procedure and criteria
presented in the previous section (goFOOD Lite and
Participants’ Actions or Walkthrough Process) were clearly
explained to the participants as well as the correct side of the
reference card; this is part of the recording procedure but has
not yet been specifically mentioned.

The participants were guided through the app’s functions by
watching several demos and by trying the app themselves and
asking questions. Those unable to be present on the designated
introduction days received personal instructions from one of
the scientists responsible for data collection. At the end of each
instruction day, all participants were asked to sign a consent
form. No compensation was provided to the participants. Every
participant was provided with the following:

• An Android smartphone with a preinstalled goFOOD Lite
app and a functioning 4G internet connection

• A designated reference card

• Instructions for returning the phone at the end of the 24-hour
test period

• Written instructions and a demonstration video to ensure
the proper usage of the app

The participants had to provide basic personal data (address,
email, and telephone number) on the instruction days, as this
was required for sending the smartphones and the delivery of
the log-in data and the instructional video.

The list of instructions provided to the participants, as a
summary, is as follows:

1. Produce a recording of every food or drink you consumed
within a period of 24 hours.

2. Produce a recording before and after consuming the food
or drink.

3. Make sure that the phone has internet access before
attempting any recording.

4. Follow the 4 procedural steps presented to you on the
instruction day and given to you with the written
instructions.

5. Try to follow criterion number 1 (presented in goFOOD
Lite and Participants’ Actions or Walkthrough Process
section).

6. Make sure that criteria 2-5 are met; otherwise, the recording
will not be valid.
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Furthermore, an email including the participant’s log-in data
was sent by our team to each participant. In addition, there was
no further communication unless the participant faced technical
difficulties, in which case, they were instructed to contact the
team for support.

Statistical Analysis
All the images stored on the server were evaluated and
categorized into one of the following mistake categories: (1)
missing recording, that is, only before or only after consumption
recording; (2) packaged food mistake; (3) plate mistake; (4)
fiducial marker mistake; (5) combination; and so on. The
chi-square test of independence was performed to examine the
relation between participants who made mistakes and their sex,
age, number of days since the instruction day, and whether or
not the participant pursued a technical profession. RStudio
(version 1.0.153, 2009-2017 RStudio, Inc) was used for data

processing. Statistical significance was set at P=.04. Descriptive
analysis, defined as mean (SD), was performed.

Results

Self-Reported Basic Characteristics
The study began with 50 participants, but 2 participants dropped
out due to technical difficulties. The study then included 48
participants (27 men and 21 women) with a mean age of 34.2
years (SD 11.7). All participants were Caucasian
German-speaking Europeans living in Switzerland. The average
BMI (kg/m²) was 22.7 (SD 2.9), with 76% (38/50) of the study
subjects lying within the normal range (BMI 18.5-24.9), 16%
(8/50) being overweight (BMI 25.0-29.9), 2% (1/50) being
obese (BMI≥30), and 6% (3/50) being underweight (BMI<18.5).
The self-reported characteristics of the study participants are
shown in Table 1.

Table 1. Characteristics of the participants (n=48).

Participants, n (%)Characteristics

Age (years)

18 (37.5)18-29

24 (50.0)30-49

6 (12.5)>50

Sex

21 (43.8)Female

27 (56.2)Male

Ethnicity or race

48 (100.0)Caucasian (European)

Spoken language

48 (100.0)German

Profession

9 (18.8)Student

38 (79.2)Employed

1 (2.1)Retired

Food Pictures
A total of 529 food recordings were captured by the app. Of
these, 9.6% (51/529) were single recordings, that is, they
contained images from only before or only after the meal.
However, these 51 recordings were not discarded from the
automatic analysis. The remaining 478 recordings formed 239
before or after meal pairs. Moreover, 61 of the initial 529
recordings contained packaged food and were excluded from
the automatic analysis, as the system did not yet support a
barcode scanner when the study was conducted.

Of the 468 nonpackaged food recordings, 60 (12.8%) contained
mistakes and were further categorized. More details on the
subcategories of the mistakes are given in the next section

(Characteristics of Errors). In Figure 2, examples of correct
and usable photos are provided. In detail, 4 recordings are
shown, 2 from before the meal (left images) and 2 from after
the meal (right images). Each recording is represented by 1 of
the 2 (different angles) images captured. All 4 of the pictures
shown in Figure 2 have a second image, captured from a
different angle, but as the second angle is identical in terms of
the food items and plates shown, we only provide 1 of them
here.

Figure 3 describes the process of data filtering to exclude photos
that could not be processed due to errors or development stage.
As mentioned in the Methods section, no frequent
communication was planned from the members of our team
with the participants, unless they faced technical difficulties.
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Figure 2. Samples of usable recordings.

Figure 3. Flowchart of the data filtering process of the images obtained by goFOOD Lite (1 recording=2 photos captured at a 0° and 15° angle from
the table or surface).
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Characteristics of Errors
This section describes the characterization and categorization
of the encountered errors.

Fiducial Marker Errors (n=19)
To process the pictures correctly, the app requires a fiducial
marker, in our case, an object the size of a credit card. In our
study, the participants had to use a dedicated card created by
our lab or commercial supermarket loyalty cards. The
instructions given indicated that the card must (1) be placed
next to the plate or food or beverage, (2) be placed on the same

table or surface as the plate or food or beverage, (3) be fully
visible, (4) not be moved between the 2 angle photos of 1
recording (0° and 15°), and (5) be placed with a specific side
facing up (the correct side was clearly indicated). Some pictures
included nonfully visible or no cards (n=9). Other issues
included the use of the correct card but at the wrong side (n=2);
pictures where the card was placed on top of the plate (n=2);
and 6 pictures that contained mistakes outside of the
aforementioned categories, such as incorrect cards or cards
being moved between the 2 angle photos of 1 recording (n=6).
Examples are shown in Figure 4.

Figure 4. Examples of images: (a) fiducial marker (reference card) on top of the plate and (b) no fiducial marker.

Plate Not Fully Visible (n=8)
Although participants were informed that capturing the entire
plate is required for the app to function, there were nonetheless

instances where the plate was not fully visible in the picture
(n=8). Some examples are provided in Figure 5.

Figure 5. Examples of images where the plate is not fully visible.

Combinations of Errors (n=17)
A combination of the 2 previous error categories as well as with
other issues are provided in this section, and examples of which
are depicted in Figure 6. Following a list of the combination of
errors is provided:

• Problems with the plate plus an obstacle (n=2)
• Problems with both the plate and the card not being fully

visible (n=6)

• Card not fully visible and duplicate entry of the same image
(n=2)

• A picture where the card was moved between the first and
second pictures and where it was not fully visible (n=1)

• A picture where the food item changes between the 2 angle
pictures of the same recording and the card is placed on the
plate (n=1)

• Use of an incorrect type of card combination with a plate
that was not fully visible plate (n=4).
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Figure 6. Example of combinations of errors (plate not fully visible and fiducial marker—reference card—not fully visible).

Other Mistakes in Photo Entries (n=16)
Some images included an obstacle hindering the visibility of
the recorded meal, such as a person’s hand (n=3). In one
instance, the 2 pictures from different angles that are required

for 1 recording contained different items (image at 0° was food
and image at 15° was drink; n=1). Other mistakes that contained
errors on files (n=2) or training testing images (n=7) were also
excluded. Examples are shown in Figure 7.

Figure 7. Examples of images with mistakes of (a) hand-hindering visibility and (b) shadow-hindering visibility.

Other Issues: Nonerrors
In this section, we wish to present certain issues that cannot be
considered user errors, as they have never been strictly
instructed, but can affect the smooth functionality of the app.
Specific issues relate to the limitations of the software or
hardware. Participants were informed that the ideal scenario
included elliptical white plates, but they were not strictly
instructed to use plates with these characteristics. As a result,
issues that posed a challenge from an algorithmic point of view
included the use of plates with a nonelliptical shape, for
example, rectangular, highly patterned plates, transparent plates,
or those that created reflections. The highly patterned plates
make it more difficult for the system to detect and recognize
the food. Similarly, a plate that is not elliptical may impair
overall accuracy, as in such cases, the system is required to
estimate a corresponding elliptical plate. Examples of the
aforementioned issues are presented in Figure 8.

Certain other issues are related to possible differences in the
needs for instruction, as perceived by the study organizers and

the end users. At the time of the study, no barcode scanner was
integrated into the app. Therefore, no specific instructions were
given in this respect. However, users were instructed to record
all consumed items if they were part of their daily diet. By
examining the recordings of packaged foods, we discovered a
common problem with the images. In many cases, the before
and/or after recordings contained photos showing only the
packaging of the food and not its content, which is the actual
food. Such an example is shown in Figure 9. This is highly
problematic, as the system currently recognizes food and is not
capable of recognizing brands and/or read barcodes. However,
even if the system had been able to recognize the type of food
from the barcode, these recordings would still be problematic,
as it would be impossible to estimate the quantity. In this case,
the recording of the meal both before and after consumption
would be useless.

The same issue was encountered in certain beverage recordings.
A number of these contain recordings of opaque bottles, where
the contents, that is, the actual beverage, as well as the quantity
were not visible.
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Figure 8. Examples of other issues: (a) wrong plate, object inside, reflections created and (b) wrong plate, highly textured.

Figure 9. Example of mistake made while capturing packaged foods (actual food not visible).

Demographic Characteristics of the Participants
Making Errors
Our analysis of the errors revealed that 52% (25/48) participants
made at least one error, whereas 4 participants made 4 errors
and 1 participant made 6 errors. Of the participants who made
errors, 13 were women and 12 were men. By age, 72% (13/18)
of people aged 18-29 years made mistakes, 42% (10/24) of those
aged 30-39 years made mistakes, and finally 33% (2/6) of those
aged over 50 years made mistakes. However, when we checked
for associations between those who made mistakes in relation
to their sex (P=.65), age (P=.38), technical knowledge (P=.22),

or days passed from the instruction day (P=.65), no statistically
significant differences were detected.

Discussion

Principal Findings
This study analyzed human errors and other challenges caused
by human factors when assessing food intake using the AI-based
system goFOOD. Analysis of user errors should provide useful
material for improving the app and with it, the quality and
reliability of app-based diet recording. Most existing studies
focus only on the validity or compare the performance of
innovative and conventional methods, for example, apps versus
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manual food logs for tracking food intake and dietary
assessment. In those studies, participants are generally only
asked about their opinion of the user experience and/or
user-friendliness of such apps; however, the reasons for any
errors made in recording food intake of image-based apps are
usually not investigated. In our study, 12.8% (60/468) of the
captured images of nonpackaged food items would have to be
discarded. Moreover, 52% (25/48) of our participants made at
least one mistake in photographing their food with the app,
which underlines the need for improvements in automatic
methods for collecting data on dietary intake as well as in the
instructions and points of emphasis provided to the user.

The main errors were primarily associated with incorrect or
improper use of the fiducial marker; problems with the plates
used (such as incompatible or only partially visible plates); and
missing recordings, that is, discordant pairs of recordings before
and after consumption. Other problems were related to testing
recordings, obstruction of the camera with a hand, and a
combination of errors. The results obtained from the chi-square
tests indicate that errors made with the app were not associated
with age, technical knowledge, sex, and time since instruction.
Although our sample size is small, we could suggest that
advanced technological literacy does not play a role in fully
understanding how to meet the image criteria required for the
app to function. Although, according to chi-square tests, we
found that older people tend to make fewer mistakes, in fact,
we cannot draw strong conclusions related to age, as our sample
of older participants is very small. Some assumptions include
that older participants were possibly more cautious after
receiving instructions for using the app, as they informed us
that they wanted to be conscientious in their contribution to this
study. Although young people are generally more familiar with
smartphones, this contradictory result may be due to
overestimation of their own technological literacy or difficulty
when it comes to paying attention to guidelines. Furthermore,
our findings imply that immediate initiation of food and
beverage consumption recording after the instruction day does
not influence the number of mistakes or the correct use. As a
consequence, further studies can consider the use of an
image-based log app any time after the instruction days.

Comparison With Prior Work
Other studies have been conducted where the user aspect of a
nutrition app was mentioned, but without fully analyzing or
providing a goal for using these observations. A study with
adolescents (n=18) tested their amenability in free-living
conditions with limited parental input. They were asked to use
the FRapp to record their dietary intake. This app uses inputs
such as images, text, voice, barcodes, and a selection of recently
consumed food sets. After indicating consumed food sets, the
user must insert the type and amount of food consumed. The
authors suggested that only a minority of participants followed
all directions [24]. In another study, the participants used the
mpFR app to acquire images both before and after consumption
of meals and beverages. This app uses semiautomatic food
recognition, automatic volume estimation, and semiautomatic
nutrient estimations [25]. An additional app study using mpFR
was conducted. This included adolescents and their parents, and
participants were requested to capture before and after images

of their food and beverages [26]. Several findings of these
studies are discussed in the following paragraphs.

Before and After Images
In our study, 9.6% (51/529) of the images obtained from the
app had only one recording from either before or after the meal.
Our results are in line with other studies in which participants
were asked to capture 2 separate meals (each before and after
consumption) to enter in a dietary assessment app. Participants
included both before and after pictures in 80% of entries for the
first meal and 84% of entries for the second meal [25]. In a
study with both adults and adolescents, it was found that adults
were more likely than adolescents to capture images both before
and after the meal and to include all the foods and beverages
consumed [26]. Furthermore, in a study by Casperson et al [24],
participants had difficulties in remembering to capture a
postmeal image, which implies that this requirement is
problematic. To help remind people to take the postconsumption
image of a meal, it might be beneficial to have personalized
reminders such as timing functions accompanied by sounds or
vibrations or pop-up messages, as this could possibly reduce
the omission of after consumption images.

Fiducial Marker
Despite taking earlier user feedback into account in our study
design, a total of 19 errors related to the fiducial marker still
occurred. In our study, the number of recordings that did not
include the entire fiducial marker was small (1.7%). However,
other researchers have reported errors with fiducial markers due
to participants having difficulty with the size of the card.
Daugherty et al [26] asked adults (n=57) and adolescents (n=78)
to record 1 or 2 meals under uncontrolled conditions, and they
noted that the fiducial marker required (checkerboard square)
was too large and, as a result, was sometimes partially covered
by a plate or utensil (98/156). With regard to the type of fiducial
marker preferred, the majority of adults (91%) and adolescents
(67%) mentioned that a credit card–sized object would be easier
to use and carry. The respective percentages for a USB-sized
fiducial marker were 42% (30/78) for adults and 67% (38/57)
for adolescents.

Another analysis from the same study with the same adolescent
sample (n=70) indicated that only 23% to 29% of participants
did not include the entire fiducial marker in both their before
and after images [25]. According to the researchers, these
mistakes arose because some participants were too short to
capture the entire meal correctly. Moreover, they pointed out
that even with repeated use of the app, no significant change
was noted in the number of participants who included the entire
fiducial marker. This mistake can be avoided or alleviated by
adding a screen notification reminder on the use of the fiducial
marker [22,26]. Another possible solution could be an automatic
detector, which will verify in real time whether or not the marker
is within the camera frame and thus inform the user. However,
with the new generation of smartphones equipped with 2 or
more rear cameras, the fiducial marker can be eliminated, as 2
images can be captured simultaneously [19,27].
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Other Issues
With regard to the pictures that contained only part of the plates,
as well as the problems mentioned for packaged foods and
beverages, we theorize that the users had misunderstood how
the volume estimation works or were absolutely unaware that
it even occurs. The most probable scenario is that they did not
critically assess the importance of capturing the entire content,
but only the packaging, or even part of it.

For the case of partially captured plates, we suppose that in our
study, the users misunderstood the way the system processes
the images, which requires the actual estimated food or beverage
to be visible, so that its volume can be estimated. The same
issue comes up quite often with the beverage recordings, where
there are several recordings showing simply an opaque bottle
whose content is unknown. We also believe that the
requirements for the fiducial marker and that the entire plate
should be in the photo might have posed a challenge to some
users.

In future studies, the need to include the entire plate should be
clearly stressed. In addition, it would be wise to present to the
participants a more detailed structure of the system, explaining
the step of volume estimation, so that the picture must contain
everything the users are about to consume or have already
consumed. Furthermore, it might be helpful if the app asked
whether the user had given the answer, and if so, allow the user
to modify it.

Strengths
One of the main strengths of our study design was the ability
to test the app in real-life situations. Furthermore, this is one of
the few studies that analyzes errors made by the users rather
than focusing on aspects related to diet or accuracy in nutrition
calculation. Moreover, our participants came from different
educational backgrounds (students, workers, etc) and represented
a wide range of ages, with different levels of technological
familiarity. Another advantage was that the participants were
not asked to alter their eating patterns to participate. For
example, we did not advise them to exclude from their diet any
packaged foods, although our system was not ready to process
such data (work in progress) when the fieldwork was done. In
line with our goal of keeping the procedure as noninvasive as
possible and capturing a normal day of eating, we opted not to
send participants any individualized text push messages assisting
them with the image entry process. In fact, we only sent one
email communication halfway through the study after
participants reported difficulties and compliance issues with
using the app to our team of computer scientists. Another
strength of our study is the low dropout rate (4%), which may
have resulted from the continuous support by our team on any
technical problems reported.

Furthermore, it could be considered a strength that objective
data were used to capture entry errors because all data containing
mistakes were excluded by the trained experts instead of only
the participants’ subjective opinions. Contrary to another study
[21], our participants were not encouraged to act without any
limitations, and, for example, we did not let them take as many
pictures as they wanted, as we saw this as a subjective opinion.

Future research needs to combine both objective and subjective
aspects to achieve a complete result. In the next stage, these
studies could be compared in terms of acceptance rate,
difficulties, and preferences.

Limitations
A key limitation of our study design was that the participants
recorded their intake for only one 24-hour period. As a result,
the evaluation of the progression of entry errors—whether they
increased or decreased over time and with increased use of the
app—was not possible. It would have been especially interesting
to see if errors decreased after the midpoint email
communication addressing participants’ concerns over entry
errors. Observing users over a longer period could help
understand app acceptance over time, patterns of use, and
changes to usage error rates. Another limitation of our study
was the requirement of using a separate phone, as opposed to
participants’ own phones to take the pictures. Using an
additional phone could have led to a higher number of entry
errors, owing to different and potentially unfamiliar user
interfaces. Carrying another phone might also have caused
discomfort. We also cannot omit the possibility that some foods
and beverages were not captured, most probably those consumed
in between meals (eg, ready-to-eat snacks such as fruits or
beverages such as water). However, it is not known if meals
were skipped or if participants chose not to record some snacks
or simply forgot them. As stated earlier, the app is not yet ready
to analyze packaged food and beverages because this feature is
currently under development. However, a barcode scanner could
easily be integrated into the app with the assistance of an
appropriate web or mobile stored database. Manual selection
of the consumed beverage and the respective portion size from
a list of beverages could also be easily integrated into goFOOD
in a further stage of the app’s development. Furthermore,
technology savviness may have been an obstacle for older
participants, and thus, their participation in our study was
limited. As mentioned earlier, unfortunately, we did not have
a representative sample of older participants, and thus, we cannot
draw strong conclusions regarding age. Finally, another
limitation of this study is that the sample consisted only of
Caucasian, German-speaking people living in Switzerland, and
thus, the results cannot be generalized to a wider population.

Suggestions for Future Work
Our state-of-the-art study is novel because no other studies have
focused on errors in data derived from the use of automatic apps
for nutrition assessment. This study showed that adequate
instructions may be needed to learn how to correctly use
image-based apps and that general technology literacy may not
be enough when it comes to these types of apps. Future
improvements to the app could focus on improving the
recognition of food on various types of plates, that is, with
different colors and shapes, as well as exploring alternatives to
the use of fiducial markers. Moreover, it is of vital importance
for future studies that we improve our understanding of the
users’ training needs as well as enhance the app’s
user-friendliness and develop an automatic image check feature
based on participant feedback. Furthermore, future studies with
older participants are necessary to obtain concrete results on
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how age affects the number or severity of mistakes that are
made using an image-based dietary assessment app.

This section outlines possible improvements to the app to reduce
user errors. Improved navigation through the app, including
some training material, could help the users to train and test
themselves before the actual trial and thus eliminate basic
mistakes. As an example, one participant mentioned “Maybe I
took a photo of the meal too many different times or I did not
take the correct picture because the app got stuck.” In this case,
a system that checks and informs the user whether they have
captured the picture correctly would be helpful. Another useful
feature for the app might be the possibility of deleting an entry,
especially in combination with a prompt from the app asking
the user to try again because the “picture was not saved since
the picture was not taken properly.” Text messages that also
verify good lighting conditions would improve the image
capturing process and usability of the app. A video tutorial at
a variable pace could support those less apt or confident in using
these kinds of apps. Furthermore, a section with frequently
asked questions could help users troubleshoot on their own.
Likewise, the integration of text messages at different stages in
the data entry process could assist users and reduce errors. The
suggestions offered here could be translated into different
languages to ensure that users speaking different languages can
fully understand the app prompts. Moreover, the app currently
runs on smartphones using the Android operating system. The
app could also be developed for the iOS system, and with this,
the vast majority of smartphone users would be covered.

Finally, by analyzing user errors, we have learned the
importance of integrating users in the design and development
process of the goFOOD app. This makes sense, given that end
users and health care professionals who benefit from such apps

should have their needs considered throughout the entire
development process with tools and techniques, such as
extensive surveys and periodic trial tests to facilitate this
process. Thus, research is essential to outline how and when
these apps may most efficiently aid those needs [18].

Conclusions
To the best of our knowledge, this is the first research study
that objectively analyzes user errors in the automation of food
and nutritional recognition apps in real-life conditions. Error
analysis thus yields novel results, identifying many forms of
human errors in different steps in the process of entering meal
information into the app. The analysis of the mistakes and
omissions from this study is fundamental, as the knowledge
obtained can be used to optimize the different aspects of the
app and to accelerate the procedure for entering meals and shed
light on areas of the app and user experience that require
improvements. goFOOD was designed to be a functional app
that can help the process of nutritional assessment by assisting
health care professionals in their everyday practice. More
specifically, our hope is that nutrition apps such as goFOOD
could work both as a food log (goFOOD Lite) and as a dietary
assessment app, thus reducing the time and effort required by
conventional methods for assessing nutrition. Moreover, the
exchange of data between the user and the dietitian will facilitate
their coordination in tracking food intake. Last but not least,
researchers who work in the field of acquisition of nutrition
data or who plan epidemiological and clinical studies will benefit
from our analysis, as they can learn which data with specific
characteristics (human errors) should be omitted as well as
improve their understanding of mitigation controls that they
can integrate to improve study planning and data quality.
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Abstract

Background: Syrian refugees residing in Germany often develop posttraumatic stress as a result of the Syrian civil war, their
escape, and postmigration stressors. At the same time, there is a lack of adequate treatment options. The smartphone-based app
Sanadak was developed to provide cognitive behavioral therapy–based self-help in the Arabic language for Syrian refugees with
posttraumatic stress.

Objective: The aim of this study was to evaluate the effectiveness and cost-effectiveness of the app.

Methods: In a randomized controlled trial, eligible individuals were randomly allocated to the intervention group (IG; app use)
or control group (CG; psychoeducational reading material). Data were collected during structured face-to-face interviews at 3
assessments (preintervention/baseline, postintervention/after 4 weeks, follow-up/after 4 months). Using adjusted mixed-effects
linear regression models, changes in posttraumatic stress and secondary outcomes were investigated as intention-to-treat (ITT)
and per-protocol (PP) analysis. Cost-effectiveness was evaluated based on adjusted mean total costs, quality-adjusted life years
(QALYs), and cost-effectiveness acceptability curves using the net benefit approach.

Results: Of 170 screened individuals (aged 18 to 65 years), 133 were eligible and randomized to the IG (n=65) and CG (n=68).
Although there was a pre-post reduction in posttraumatic stress, ITT showed no significant differences between the IG and CG
after 4 weeks (Posttraumatic Diagnostic Scale for DSM-5, Diff –0.90, 95% CI –0.24 to 0.47; P=.52) and after 4 months (Diff
–0.39, 95% CI –3.24 to 2.46; P=.79). The same was true for PP. Regarding secondary outcomes, ITT indicated a treatment effect
for self-stigma: after 4 weeks (Self-Stigma of Mental Illness Scale/SSMIS–stereotype agreement: d=0.86, 95% CI 0.46 to 1.25;
stereotype application: d=0.60, 95% CI 0.22 to 0.99) and after 4 months (d=0.52, 95% CI 0.12 to 0.92; d=0.50, 95% CI 0.10 to
0.90), the IG showed significantly lower values in self-stigma than the CG. ITT showed no significant group differences in total
costs and QALYs. The probability of cost-effectiveness was 81% for a willingness-to-pay of €0 per additional QALY but decreased
with increasing willingness-to-pay.
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Conclusions: Sanadak was not more effective in reducing mild to moderate posttraumatic stress in Syrian refugees than the
control condition nor was it likely to be cost-effective. Therefore, Sanadak is not suitable as a standalone treatment. However,
as the app usability was very good, no harms detected, and stigma significantly reduced, Sanadak has potential as a bridging aid
within a stepped and collaborative care approach.
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Introduction

According to the United Nations Refugee Agency in 2019, the
unprecedented number of 26 million individuals worldwide
have been seeking shelter as refugees [1]. As a result of
displacement and adverse associated experiences such as torture,
trauma, and loss, refugees have an increased risk of mental
ill-health [2]. In Germany, Syrians who have escaped the
ongoing civil war since 2010-2011 represent the largest group
among refugees. Studies have shown that Syrian refugees were
typically exposed to potentially traumatizing events, increasing
their vulnerability to posttraumatic stress and comorbid mental
health outcomes [2]. The most frequently reported disorders
associated with war and escape are posttraumatic stress disorder
(PTSD) and major depression, often accompanied by
somatization [3]. For example, among 518 adult Syrian refugees
in Germany, 75.3% reported having witnessed and/or
experienced traumatic events and 11.4% had symptoms of PTSD
[2]. Furthermore, moderate to severe depression was present in
14.5% and moderate to severe generalized anxiety in 13.5% of
Syrian adult refugees [2].

Current guidelines on PTSD treatment by the German
Association of the Scientific Medical Societies indicate that
trauma adaptive psychotherapy should be offered in a timely
manner [1]. However, particularly for refugees, several barriers
to treatment exist, including language and cultural barriers, legal
and health insurance regulations in regard to asylum, and lack
of psychoeducation [2]. In addition, proactive uptake of mental
health care is low among refugees [3].

Research suggests that treatment of PTSD is effective [4];
however, in the context of the high prevalence of PTSD
symptomatology among refugees, health care systems in host
countries may often not have enough resources to cover the
need for treatment. Therefore, eHealth interventions have been
suggested as a means to close the treatment gap [5]. Moreover,
as PTSD is associated with high costs of outpatient treatment,
nonphysician outpatient contacts, and psychiatric contacts [6],
app-based interventions could be a cost-effective alternative.
Therefore, Sanadak, a smartphone-based interactive
low-threshold self-help app in the Arabic language, has been
developed based on evidence-driven cognitive behavioral
therapy for PTSD [7]. During the development of the app,
typical themes and needs of refugees as well as cultural specifics

were incorporated. Therefore, focus groups were conducted to
assess relevant aspects (eg, concepts of disease and disease
management), which have been found to be highly
recommended in comparison with traditional mental health
interventions [8,9]. The content of the Sanadak app is
multimodal (ie, it includes psychoeducational information to
increase knowledge and awareness of PTSD and related mental
health issues and self-help techniques and skills training for
symptom management). In addition, a short self-test on
posttraumatic symptom severity was implemented to allow for
automated tailored feedback regarding progress at any time.
Interactive materials, such as animated videos and audios as
well as games and exercises are provided to maximize usability.
Further information is detailed in the study protocol [7]. To the
best of our knowledge, there is currently no comparable
multimodal app intervention available for this target group that
has been evaluated in terms of its effectiveness and
cost-effectiveness in a randomized controlled trial (RCT). The
primary aim was to evaluate the app’s effectiveness in reducing
posttraumatic stress symptoms, which we hypothesized to be
superior to the control condition.

Methods

Study Context Information
The study design is detailed in the study protocol, published
elsewhere [7]. The trial was registered with the German Clinical
Trials Register [DRKS00013782] on July 6, 2018. Study results
are reported according to the Consolidated Standards of
Reporting Trials (CONSORT) statement [10]. The app was
developed by frühlingsproduktionen, a creator of eHealth
interventions based in Berlin, Germany, on behalf of the study
principal investigator. Sanadak app versions 1.4.0 and 1.5.0
were evaluated, first released on October 29, 2018 (no major
changes between versions).

Trial Design
After screening for eligibility, study participants were randomly
allocated (1:1) to the intervention group (IG) or control group
(CG), which received a psychoeducational brochure. In order
to test short- as well as medium-term treatment effects, 3
face-to-face interviews were scheduled with the study
participants: baseline (T0: pre), immediately after the
intervention (T1: post, 4 weeks after baseline), and 4 months
after baseline (T2: follow-up).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24807 | p.183http://mhealth.jmir.org/2021/1/e24807/
(page number not for citation purposes)

Röhr et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/24807
http://www.w3.org/Style/XSL
http://www.renderx.com/


Ethics and Guidelines
The trial was approved by the ethics committee of the Medical
Faculty of the University of Leipzig, Germany (ID: 111-17-ek)
and adheres to the Declaration of Helsinki and the International
Council for Harmonisation of Technical Requirements for
Pharmaceuticals for Human Use guidelines for good clinical
practice. All participants were informed about the study aims,
including clarification about data protection measures and data
security according to latest legal standards. Participation was
only allowed after written informed consent.

Participants
By using a multistrategic approach to recruit Syrian refugees
residing in the urban areas of Leipzig, Halle/Saale, and Dresden
in Germany, potential study participants were attracted. This
included bilingual posters and brochures, building contact with
specific multipliers and institutions, a snowball sampling
approach, and use of social media and personal contacts of the
native Arabic-speaking study personnel. Recruitment strategies
have been described in detail elsewhere [11]. Eligibility
according to prespecified inclusion and exclusion criteria was
checked during a face-to-face screening. Inclusion criteria
comprised being Syrian refugee residing in Germany, aged 18
to 65 years, experiencing at least one traumatic event and
subsequent mild to moderate posttraumatic stress symptom
severity (score of 11 to 59) on the Posttraumatic Diagnostic
Scale for DSM-5 (PDS-5) [12], and owning a compatible device
to use the app (Android/iOS). Exclusion criteria included
posttraumatic stress symptomatology outside of the range
mentioned above; severe depressive symptoms (Patient Health
Questionnaire [PHQ-9] ≥20) [13]; acute suicidal tendencies
(Depressive Symptom Inventory–Suicidality Subscale [DSI-SS]
≥3) [14]; current psychotherapy, psychiatric treatment, and/or
psychotropic medication; or pregnancy. If individuals were not
eligible due to severity of symptoms, they received
psychoeducational material on mental health care and contact
information of regional initiatives that offer face-to-face support.
A detailed report of the recruitment and baseline characteristics
has been published previously [15].

Interventions
Participants in the IG had the opportunity to use the self-help
app via person-specific log-in data (to avoid group
contamination) for 4 weeks on demand. They were advised to
use the app regularly and work through the modules. Participants
in the CG received psychoeducational reading material in the
Arabic language covering traumatization and posttraumatic
stress (identical to the information delivered by the app).

Assessments and Outcomes
In addition to sociodemographic characteristics such as age,
gender, and family status, information on residence status,
employment, religious beliefs, and escape-related information
were collected during standardized interviews at baseline.

The primary outcome was posttraumatic stress, measured by
the PDS-5 [12]. Secondary outcomes included symptoms of
depression (PHQ-9) [13]; generalized anxiety (Generalized
Anxiety Disorder [GAD-7]) [16]; somatic symptoms (Physical
Health Questionnaire [PHQ-15]) [17,18]; general self-efficacy

(GSE) [19]; self-stigma (Self-Stigma of Mental Illness
Scale–Short Form [SSMIS-SF], stereotype awareness
[SSMIS-AW], stereotype agreement [SSMIS-AG], stereotype
application [SSMIS-AP], and harm to self-esteem [SSMIS-HS])
[20]; resilience (Resilience Scale [RS-13]) [21]; social isolation
(short form of the Lubben Social Network Scale [LSNS-6])
[22]; social support (ENRICHD Social Support Inventory
[ESSI]) [23]; health-related quality of life (EuroQoL
5-Dimension 5-Level [EQ-5D-5L] and visual analog scale
[EQ-VAS]) [24,25]; and posttraumatic growth (Posttraumatic
Growth Inventory [PGI]) [26]. If not available, instruments were
translated from German into the Arabic language using the
Translation, Review, Adjudication, Pretesting, and
Documentation procedure [27] involving native Arabic-speaking
experts. All outcomes were assessed at T0, T1, and T2.

For the cost-effectiveness analysis, health service utilization
was assessed retrospectively over 4 months at T0 and T2, using
an adapted and shortened version of the German Client
Socio-Demographic and Service Receipt Inventory [28]. The
questionnaire covered inpatient care, rehabilitation, and
outpatient physician and nonphysician services. Costs were
calculated from a health care payer perspective in euros (€) for
the year 2019. Monetary valuation of used health care services
was conducted using standardized unit costs within the German
health care system [29]. Intervention costs consisted of the costs
for technical support for the Sanadak app during follow-up.
Health effects were quantified by quality-adjusted life years
(QALYs) observed during the 4-month follow-up period
calculated by linearly interpolating EQ-5D-5L index scores
from baseline to follow-up [25,30].

In the IG, we furthermore assessed information on app usability
(System Usability Scale [SUS] [31]). Furthermore, deidentified
metadata of the app use (ie, duration of app use during
evaluation period, in minutes) stored in the app’s log files were
collected.

Last, a standardized assessment at T1 and T2 was implemented
to monitor potential harms due to trial participation.
Harms/negative effects were defined as adverse events (AE)
and severe adverse events (SAE). AE comprised an increase in
target symptoms (posttraumatic and depressive symptomatology,
suicidality), occurrence of novel psychological or physical
symptoms, any negative events, all of which may or may not
be associated with trial participation in both IG and CG. SAE
were defined as events that require some form of high-intensity
treatment (ie, deliberate self-harm, suicide attempt,
life-threatening events, nonelective or extended hospitalization,
an event causing chronic or severe disability) or fatality,
including suicide.

Sample Size
The sample size was calculated based on recent evaluations
regarding the efficacy of telemedical-based treatment of PTSD
symptoms [32]. Given a moderate between-group effect at
follow-up 1 (Cohen d=0.5), a significance level of α=.05
(1-sided), and a statistical power of 1–β=0.80, optimal sample
size for estimating a significant treatment effect is n=102.
Considering attrition due to different circumstances (eg, change
in residence status, trial termination by the participant), a
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dropout rate of approximately 20% may be expected, suggesting
a sufficient baseline sample size of n=128 participants.

Randomization and Masking
After participants were found to be eligible for participation,
they were randomly assigned to IG or CG using a 1:1 ratio using
randomized permuted blocks of 6, stratified by age and sex,
which ensured both balance in sample size across groups and
control of important covariates. An external, independent
statistician generated the randomization block lists with a
respective computer program (blockrand package written for R
[R Foundation for Statistical Computing]).

The study coordinator (SR), responsible for individual group
allocation, remained blind to the randomization list strata
identity. Moreover, the data analyst (AP), who conducted the
primary analysis concerning the hypothesized group differences
(IG vs CG) in primary and secondary outcome measures (see
above), was blind to group assignment.

Data Management, Data Protection, and Quality
Control
With regard to interview assessments, deidentified data entry
took place immediately after each interview using the statistical
software SPSS Statistics version 24 (IBM Corp), generating a
password-protected and locally stored file with access granted
only to study personnel who had signed data protection wavers.
Concurrently, data completeness and consistency checks were
conducted to ensure data integrity. With regard to data on app
use, anonymous log-file data were collected during participant
interaction with the app, stored at the app developer’s secured
server, and collectively transferred upon completion of all
intervention periods to the study investigator using Secure
Sockets Layer technology to ensure data encryption and
protection. In fact, specific arrangements regarding data
protection (eg, no real names for program log-in) were
prespecified in a data protection concept. The data protection
concept detailed data handling of all collected data (ie, interview
data at screening, T0, T1, and T2 and metadata of the app use)
with the purpose to ensure compliance with the General Data
Protection Regulation (GDPR) of the European Union. The
GDPR specifies the lawful processing of personal data. The
data protection concept was composed with and approved by
an external lawyer specializing in data protection.

As an additional measure of data quality, auditing took place
in the form of independent source data verification, performed
by commissioned external statisticians. Specifically, 5% of the
questionnaires at T0, T1, and T2 (source data) were randomly
drawn and inspected regarding their degree of matching with
the electronic data file.

Statistical Analysis
Quality checks on baseline data revealed missing information
on both outcome variables and covariates. Frequency of missing
values was low (ie, 5/133 cases or less) for all variables but
high for education (24/133 cases) and summed up to 27.8% for
the set of baseline characteristics. Since sensitivity analysis
showed that missing values were not completely at random, a
complete case analysis was inappropriate. Therefore, we

multiple-imputed missing baseline data using the algorithm of
chained equations implemented in Stata (StataCorp LLC) with
all sociodemographic variables and baseline assessments of
outcome variables as predictors. The resulting pooled estimates
of 25 imputed datasets were used for all analyses.

Primary analysis of trial data was intention-to-treat (ITT) as
outlined in the guidelines of the CONSORT statement and its
supplement for reporting eHealth trials [33]. In order to evaluate
treatment effect, multilevel mixed-effects linear regression
models were used, since all outcomes were approximately
normally distributed. The models included an indicator of
treatment group, time, and an interaction between treatment
group and time as fixed effects and comprised a random
intercept to control for potential heterogeneity within
participants over time. All models were further adjusted for the
baseline outcome score, as well as for age, gender, education
(low/middle/high according to the Comparative Analysis of
Social Mobility in Industrial Nations classification of education
[34]), marital status, living situation, residence permit,
employment, income, religious beliefs, and duration of residence
in Germany as these covariates were considered to be prognostic
in relation to the outcomes.

For sensitivity analysis, we performed a per-protocol (PP)
analysis by excluding participants who had not used the
intervention as indicated by deidentified log-in data.
Mixed-effects linear regression models for both primary and
secondary outcomes were also used on that restricted sample
following the same procedure outlined above. The above
described analyses were repeated with regard to subgroups (age:
18 to 29 years, 30 to 39 years, 40+ years; gender: male, female;
level of education: low, medium, high; frequency of app use:
1 to 42.5 minutes, 42.5+ minutes; posttraumatic stress symptom
severity: low, moderate).

To analyze the cost-effectiveness of Sanadak compared with
receiving psychoeducational reading material on trauma and
PTSD only, adjusted total costs, QALYs, and differences in
total costs and QALYs between the IG and CG were calculated
using mixed-effects linear regression models with robust
standard errors adjusted for age, sex, costs, EQ-5D-5L indices,
and PDS-5 indices at baseline. Furthermore, cost-effectiveness
acceptability curves of Sanadak based on the net benefit
approach were calculated accordingly by multilevel
mixed-effects linear regressions based on the net monetary
benefit for different willingness-to pay (WTP) thresholds [35].

Descriptive data are presented as number of observations with
percentages or means with corresponding standard deviations
or 95% confidence intervals. Results of the mixed-effects
regression models are presented as adjusted mean differences
and 95% confidence intervals in primary and secondary outcome
scores between the treatment groups at both follow-ups. We
also report standard effect sizes of treatment on all study
outcomes at follow-up (Cohen d) using adjusted mean scores
from the mixed models. All analyses were performed using the
Stata 16.1 SE software package (StataCorp LLC). A P value of
<.05 was considered statistically significant.
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Results

Participants
Participants were recruited between October 2018 and December
2019, and follow-up was completed in April 2020. Figure 1
shows the flow of participants through the trial. Altogether, 170
individuals were assessed for eligibility, of which 37 were
excluded as they did not meet inclusion criteria (n=32, 86.5%)
or as they declined further participation (n=5, 13.5%). The

eligible 133 individuals were randomly allocated either to the
IG or CG. Table 1 shows baseline characteristics of the
participants. The IG sample consisted of 65 participants with a
mean age of 33.0 (SD 11.0, range 18 to 65) years; 66.2% (43/65)
were male. The average age of the control group (n=68) was
33.7 (SD 11.4, range 18 to 65) years; 57.4% (39/68) were male.
No significant differences were found for key sociodemographic
variables or other baseline variables between the two groups,
except for higher unemployment in the CG, indicating that the
randomization was successful.

Figure 1. Flowchart of sample selection and attrition in the Sanadak trial.
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Table 1. Baseline characteristics of study participants of the Sanadak trial (n=133).

IGb (n=65)CGa (n=68)Characteristics

43 (66.2)39 (57.4)Male

32.98 (11.0)33.67 (11.4)Age in years, mean (SD)

Marital status, n (%)

21 (32.3)30 (44.1)Married

44 (67.7)38 (55.9)Unmarried/divorced/widowed

Living situation, n (%)

18 (27.7)15 (22.1)Alone

35 (53.9)38 (55.9)With family

12 (18.5)15 (22.1)With others

Education, n (%)

17 (26.2)14 (20.6)Low

21 (32.3)30 (44.1)Medium

27 (41.5)24 (35.3)High

Employment, n (%)

23 (35.4)13 (19.1)Employed

42 (64.6)55 (80.9)Unemployed

Income per month (€), n (%)

14 (21.5)13 (19.1)<500

33 (50.8)40 (58.8)500-1000

18 (27.7)15 (22.2)>1000

Residence permit, n (%)

35 (53.9)39 (57.4)Entitlement to political asylum

12 (18.5)16 (23.5)Refugee protection

18 (27.7)13 (19.1)Other (subsidiary/visa/reunification)

14.95 (4.9)15.01 (5.7)Religious beliefs, mean (SD)

3.49 (1.1)3.53 (1.3)Duration of residence in years, mean (SD)

aCG: control group.
bIG: intervention group.

Attrition
A total of 6.0% (8/133) of the participants were lost to follow-up
at the end of 4 weeks (T1). In all cases, participants refused
further participation. Another 6.8% (9/133) of the sample did
not complete assessments at T2. Two of those refused further
participation; in 7 cases, repeated contact attempts failed. Total
attrition was 12.8% (17/133). There were no significant
differences between participants that did and did not complete
any of the follow-up interviews nor were there significant
differences between conditions in participating at T1 and T2.

Effectiveness of the Intervention
Table 2 shows average scores for the primary (PDS-5) and
secondary outcome variables (PHQ-9, GAD-7, PHQ-15,
EQ-5D-5L, EQ-VAS, GSE, SSMIS-AW, SSMIS-AG,
SSMIS-AP, SSMIS-HS, LNSN, ESSI, and PGI) at baseline and
follow-up. Table 3 shows results of the analysis of the ITT

sample for all outcomes. There were no significant differences
in PTSD symptoms between the IG and CG after 4 weeks
(PDS-5, Diff –0.90, 95% CI –0.24 to 0.47; P=.52) and after 4
months (PDS-5, Diff –0.39, 95% CI –3.24 to 2.46; P=.79; Figure
2). The same was true for secondary outcomes except
self-stigma (Figure 3). Table 4 shows results of the PP analysis
for all outcomes that scarcely differed from those in Table 3.
Again, significant group differences in PTSD symptoms between
the two groups were found neither after 4 weeks (PDS-5, Diff
0.10, 95% CI –2.77 to 2.98; P=.95) nor after 4 months (PDS-5,
Diff 0.56, 95% CI –3.56 to 2.45; P=.72). A significant difference
was found for self-stigma (SSMIS-AG and SSMIS-AP). After
4 weeks (SSMIS-AG, d=0.86, 95% CI 0.46 to 1.25; SSMIS-AP,
d=0.60, 95% CI 0.22 to 0.99) and after 4 months (SSMIS-AG,
d=0.52, 95% CI 0.12 to 0.92; SSMIS-AP, d=0.50, 95% CI 0.10
to 0.90), the IG showed significantly lower values in self-stigma
than the CG (Figure 4).
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Table 2. Average scores of primary and secondary outcome variables at baseline and follow-up.

IGb (n=65)CGa (n=68)Outcome

95% CIMeann95% CIMeann

Primary outcome

PDS-5c

20.51-25.8623.186521.43-27.4224.4368Baseline

16.61-22.7219.665918.48-25.0321.75654 weeks

12.91-18.6815.795314.43-19.8717.15614 months

Secondary outcome

PHQ-9d

7.97-10.349.15657.96-10.719.3468Baseline

6.69-9.117.90597.21-9.828.52664 weeks

5.48-8.116.79534.91-7.387.41614 months

GAD-7e

7.15-9.318.23657.50-10.178.8468Baseline

5.43-7.696.56595.73-8.246.98664 weeks

4.74-6.805.77524.91-7.386.15624 months

PHQ-15f

7.49-10.118.80657.31-9.788.5468Baseline

5.71-8.156.93596.22-8.667.44664 weeks

4.93-7.676.30535.13-7.606.37604 months

ED-5D-5Lg

0.82-0.890.86650.74-0.850.8068Baseline

0.85-0.920.88590.82-0.910.86664 weeks

0.88-0.930.90530.83-0.920.88634 months

Health status

70.03-78.4374.236567.47-77.5972.5368Baseline

74.74-82.3178.535968.85-77.1272.98664 weeks

70.58-78.9674.775371.47-80.3775.92634 months

GSEh

25.49-28.0826.786527.04-28.9928.0168Baseline

25.05-27.7326.395926.78-28.9727.88654 weeks

25.25-27.6626.455327.49-29.6628.57634 months

SSMIS-AWi

26.18-29.4527.826526.62-30.6528.6368Baseline

25.78-29.9827.885926.71-30.2828.49654 weeks

26.13-30.0628.095325.61-29.2527.43634 months

SSMIS-AGj

18.37-21.7220.056516.12-19.2617.6968Baseline

14.68-17.9716.325916.36-19.4217.89644 weeks

16.46-19.9918.235316.18-19.6617.92624 months

SSMIS-APk
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IGb (n=65)CGa (n=68)Outcome

95% CIMeann95% CIMeann

16.16-19.5317.856513.82-16.8015.3168Baseline

12.40-15.5013.955913.90-17.5615.73664 weeks

13.73-17.6715.705314.40-17.8516.13634 months

SSMIS-HSl

16.83-21.6019.226515.88-20.5118.1968Baseline

14.26-18.5316.405815.29-20.0117.65654 weeks

18.32-22.2920.35318.99-24.0121.50624 months

LSNS-6m

13.60-16.3114.956513.96-16.4615.2168Baseline

12.72-15.5614.145912.16-14.6013.38664 weeks

12.83-15.4414.135312.45-14.6713.56634 months

ESSIn

17.35-19.3818.376516.39-18.9317.6668Baseline

17.09-19.7718.435815.91-18.4817.20664 weeks

17.44-19.8718.655216.40-18.6517.52634 months

PGIo

21.10-24.4022.756523.40-26.4824.9468Baseline

19.85-24.2922.075921.87-25.5223.69654 weeks

18.99-22.7920.895322.38-26.3124.34614 months

Total costs

224.10-474.82349.4665159.21-856.69507.9568Baseline

201.76-412.01306.8850255.59-848.11551.85574 months

aCG: control group.
bIG: intervention group.
cPDS-5: Posttraumatic Diagnostic Scale for DSM-5.
dPHQ-9: Patient Health Questionnaire.
eGAD-7: Generalized Anxiety Disorder.
fPHQ-15: Physical Health Questionnaire.
gED-5D-5L: EuroQoL 5-Dimension 5-Level.
hGSE: General Self-Efficacy.
iSSMIS-AW: Self-Stigma of Mental Illness Scale–stereotype awareness.
jSSMIS-AG: Self-Stigma of Mental Illness Scale–stereotype agreement.
kSSMIS-AP: Self-Stigma of Mental Illness Scale–stereotype application.
lSSMIS-HS: Self-Stigma of Mental Illness Scale–harm to self-esteem.
mLSNS-6: Lubben Social Network Scale.
nESSI: ENRICHD Social Support Inventory.
oPGI: Posttraumatic Growth Inventory.
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Table 3. Results of the Sanadak trial based on intention-to-treat analysis.

95% CIdP value95% CIDiffanOutcome

Primary outcome

PDS-5b

——————Baseline

–0.235 to 0.4710.118.52–3.624 to 1.823–0.9011244 weeks

–0.317 to 0.4190.051.79–3.238 to 2.457–0.3901144 months

Secondary outcome

PHQ-9c

——————Baseline

–0.298 to 0.4050.054.77–1.343 to 0.991–0.1761254 weeks

–0.291 to 0.4460.078.68–1.480 to 0.970–0.2551144 months

GAD-7d

——————Baseline

–0.458 to 0.246–0.106.56–0.752 to 1.3860.3171254 weeks

–0.549 to 0.190–0.180.35–0.582 to 1.6640.5411144 months

PHQ-15e

——————Baseline

–0.171 to 0.5330.181.32–1.373 to 0.447–0.4631254 weeks

–0.401 to 0.338–0.031.87–0.879 to 1.0390.0801134 months

ED-5D-5Lf

——————Baseline

–0.133 to 0.5710.219.23–0.071 to 0.017–0.0271254 weeks

–0.208 to 0.5240.158.40–0.065 to 0.026–0.0191164 months

Health status

——————Baseline

–0.776 to –0.065–0.421.020.830 to 9.6795.2541254 weeks

–0.272 to 0.4590.093.62–5.783 to 3.452–1.1651164 months

GSEg

——————Baseline

–0.213 to 0.4930.140.440.830 to 9.6795.2541244 weeks

–0.073 to 0.6610.295.12–2.043 to 0.233–0.9051164 months

SSMIS-AWh

——————Baseline

–0.387 to 0.318–0.034.85–1.901 to 2.3080.2031244 weeks

0.631 to 0.103–0.265.160.624 to 3.7491.5631164 months

SSMIS-AGi

——————Baseline

0.364 to 1.0970.732<.001–5.355 to –1.819–3.5871224 weeks

–0.003 to 0.7390.369.05–3.655 to 0.028–1.8131144 months

SSMIS-APj

——————Baseline
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95% CIdP value95% CIDiffanOutcome

0.329 to 1.0520.691<.001–5.543 to –1.773–3.6581254 weeks

0.145 to 0.8880.517.01–4.712 to 0.774–2.7431164 months

SSMIS-HSk

——————Baseline

–0.173 to 0.5360.182.32–4.069 to 1.329–1.3701234 weeks

–0.112 to 0.6250.257.18–4.739 to 0.863–1.9381154 months

LSNS-6l

——————Baseline

–0.576 to 0.128–0.224.22–0.471 to 2.0790.8041254 weeks

–0.452 to 0.279–0.087.65–1.016 to 1.6360.3101164 months

ESSIm

——————Baseline

–0.500 to 0.206–0.147.42–0.741 to 1.7810.5201244 weeks

–0.398 to 0.336–0.031.87–1.213 to 1.4320.1101154 months

PGIn

——————Baseline

–0.402 to 0.309–0.047.80–1.517 to 2.0370.2331224 weeks

–0.131 to 0.6170.243.21–3.110 to 0.676–1.2171114 months

aDiff: difference.
bPDS-5: Posttraumatic Diagnostic Scale for DSM-5.
cPHQ-9: Patient Health Questionnaire.
dGAD-7: Generalized Anxiety Disorder.
ePHQ-15: Physical Health Questionnaire.
fED-5D-5L: EuroQoL 5-Dimension 5-Level.
gGSE: General Self-Efficacy.
hSSMIS-AW: Self-Stigma of Mental Illness Scale–stereotype awareness.
iSSMIS-AG: Self-Stigma of Mental Illness Scale–stereotype agreement.
jSSMIS-AP: Self-Stigma of Mental Illness Scale–stereotype application.
kSSMIS-HS: Self-Stigma of Mental Illness Scale–harm to self-esteem.
lLSNS-6: Lubben Social Network Scale.
mESSI: ENRICHD Social Support Inventory.
nPGI: Posttraumatic Growth Inventory.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24807 | p.191http://mhealth.jmir.org/2021/1/e24807/
(page number not for citation purposes)

Röhr et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 2. Adjusted predictions of primary outcome of posttraumatic stress symptoms (total score of the Posttraumatic Diagnostic Scale for DSM-5)
at baseline and 4 weeks (T1) and 4 months (T2) after baseline in the intervention group and control group in the Sanadak trial, an Arabic language
self-help app for Syrian refugees with posttraumatic stress, using mixed-effects linear regression models.

Figure 3. Adjusted predictions of secondary outcomes at baseline and 4 weeks (T1) and 4 months (T2) after baseline in the intervention group and
control group in the Sanadak trial, an Arabic language self-help app for Syrian refugees with posttraumatic stress, using mixed-effects linear regression
models. EQ-5D-5L: EuroQoL 5-Dimensions Questionnaire; EQ-VAS: EuroQoL Visual Analog Scale; ESSI: ENRICHD Social Support Inventory;
GAD: General Anxiety Disorder; GSE: General Self-Efficacy; LSNS: Lubben Social Network Scale; PGI: Posttraumatic Growth Inventory; PHQ-9/-15:
Patient Health Questionnaire.
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Table 4. Results of the Sanadak trial based on per-protocol analysis.

95% CIdP value95% CIDiffanOutcome

Primary outcome

PDS-5b

——————Baseline

–0.391 to 0.364–0.010.95–2.774 to 2.9780.1021114 weeks

–0.322 to 0.4700.074.72–3.560 to 2.4480.5561024 months

Secondary outcome

PHQ-9c

——————Baseline

–0.318 to 0.4350.059.76–1.450 to 1.062–0.1941124 weeks

–0.243 to 0.5490.153.46–1.822 to 0.816–0.5031024 months

GAD-7d

——————Baseline

–0.499 to 0.254–0.120.53–0.800 to 1.5540.3771124 weeks

–0.667 to 0.131–0.270.19–0.417 to 2.0610.8221024 months

PHQ-15e

——————Baseline

–0.361 to 0.3920.015.94–1.027 to 0.947–0.041124 weeks

–0.562 to 0.234–0.170.42–0.616 to 1.4650.4241014 months

ED-5D-5Lf

——————Baseline

–0.189 to 0.5560.189.34–0.073 to 0.025–0.0241124 weeks

–0.163 to 0.5560.163.43–0.071 to 0.030–0.0211044 months

Health status

——————Baseline

–0.727 to 0.032–0.350.07–0.421 to 9.3504.4641124 weeks

–0.376 to 0.4110.017.93–5.338 to 4.881–0.2281044 months

GSEg

——————Baseline

–0.185 to 0.5720.194.32–1.733 to 0.572–0.5811114 weeks

–0.108 to 0.6820.288.16–2.060 to 0.336–0.8621044 months

SSMIS-AWh

——————Baseline

–0.405 to 0.351–0.030.89–2.088 to 2.4050.1581114 weeks

–0.502 to 0.286–0.110.60–1.704 to 2.9740.6351044 months

SSMIS-AGi

——————Baseline

0.460 to 1.2540.858<.001–5.795 to –2.197–3.9961094 weeks

0.119 to 0.9230.522.01–4.313 to –0.557–2.4351024 months

SSMIS-APj

——————Baseline
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95% CIdP value95% CIDiffanOutcome

0.215 to 0.9850.601.01–5.245 to –1.158–3.2011124 weeks

0.097 to 0.8950.497.02–4.787 to –0.510–2.6491044 months

SSMIS-HSk

——————Baseline

–0.322 to 0.4380.058.77–3.391 to 2.500–0.4461104 weeks

–0.151 to 0.6410.246.23–4.935 to 1.181–1.8771034 months

LSNS-6l

——————Baseline

–0.618 to 0.137–0.240.22–0.509 to 2.2330.8641124 weeks

–0.574 to 0.214–0.180.38–0.785 to 2.0700.6421044 months

ESSIm

——————Baseline

–0.595 to 0.165–0.220.27–0.613 to 2.1790.7831114 weeks

–0.412 to 0.380–0.020.94–1.411 to 1.5280.0591034 months

PGIn

——————Baseline

–0.473 to 0.287–0.090.64–1.455 to 2.3740.461094 weeks

–0.383 to 0.4160.017.94–2.090 to 1.927–1.455 to 2.374994 months

aDiff: difference.
bPDS-5: Posttraumatic Diagnostic Scale for DSM-5.
cPHQ-9: Patient Health Questionnaire.
dGAD-7: Generalized Anxiety Disorder.
ePHQ-15: Physical Health Questionnaire.
fED-5D-5L: EuroQoL 5-Dimension 5-Level.
gGSE: General Self-Efficacy.
hSSMIS-AW: Self-Stigma of Mental Illness Scale–stereotype awareness.
iSSMIS-AG: Self-Stigma of Mental Illness Scale–stereotype agreement.
jSSMIS-AP: Self-Stigma of Mental Illness Scale–stereotype application.
kSSMIS-HS: Self-Stigma of Mental Illness Scale–harm to self-esteem.
lLSNS-6: Lubben Social Network Scale.
mESSI: ENRICHD Social Support Inventory.
nPGI: Posttraumatic Growth Inventory.
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Figure 4. Adjusted predictions of measures of self-stigma (Self-Stigma of Mental Illness Scale–Short Form; AW: stereotype awareness, AG: stereotype
agreement, AP: stereotype application, HS: harm to self-esteem) at baseline and 4 weeks (T1) and 4 months (T2) after baseline in the intervention group
and control group in the Sanadak trial, an Arabic language self-help app for Syrian refugees with posttraumatic stress, using mixed-effects linear
regression models.

Ancillary Analyses
None of the subgroup analyses in regard to age groups, gender,
education, app use frequency, and posttraumatic stress symptom
severity indicated any significant effect apart from reduced
self-stigma as seen in the main analysis (results not further
shown).

Cost-Effectiveness of the Intervention
During the 4-month follow-up, mean adjusted total costs were
€384 in the IG (including €52 intervention costs) and €484 in
the CG (Table 5), with the difference not being statistically

significant in the ITT analysis (−€100, P=.38). Mean adjusted
QALYs were 0.29 in the IG and 0.29 in the CG, with the
difference not being statistically significant (−.004, P=.35; Table
5). In the PP analysis, the differences in mean adjusted total
costs (−€52, P=.11) and in mean adjusted QALYs (−.005,
P=.34) between the IG and CG were not statistically significant.
The probability for cost-effectiveness at a WTP of €0 per
additional QALY was 81% (67%) in the intention-to-treat
analysis (per protocol analysis). For a WTP of €50.000 per
additional QALY, the probability for cost-effectiveness was
20% (18%; Figure 5).
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Table 5. Adjusted mean costs (by cost category) and quality-adjusted life years (QALYs), and differences between intervention group and control

group in mean costs (by cost category) and QALYs during 4-month follow-up based on intention-to-treat analysis and per-protocol analysisa.

P valueDiffe IG–CGCGd, mean (SE)IGb, mean (SEc)NCost category/measure of health effect

ITTf ($)

.24−103 (87)250 (93)148 (52)116Inpatient care and rehabilitation

.47−33 (46)214 (36)180 (31)108Outpatient physician services

.50−7 (10)20 (7)13 (7)114Outpatient nonphysician services

.38−100 (112)484 (111)384 (67)107Total costs

.35−0.004 (0.005)0.294 (0.004)0.290 (0.004)116QALYsg

PPh ($)

.38−78 (88)258 (93)180 (64)104Inpatient care and rehabilitation

.84−10 (50)205 (34)195 (40)96Outpatient physician services

.980 (11)18 (6)19 (10)102Outpatient nonphysician services

.66−52 (117)484 (111)433 (83)95Total costs

.34−0.005 (0.005)0.293 (0.004)0.288 (0.004)104QALYs

aAdjusted for age, sex, costs, EQ-5D-5L index and PDS-5 index at baseline using mixed-effects linear regression models with robust standard errors.
bIG: intervention group.
cSE: standard error.
dCG: control group.
eDiff: difference.
fITT: intention to treat.
gQALY: quality-adjusted life year.
hPP: per protocol.

Figure 5. Adjusted cost-effectiveness acceptability curves for an additional quality-adjusted life year based on intention-to-treat analysis and per-protocol
analysis (adjusted for age, sex, costs, EQ-5D-5L index, and PDS-5 index at baseline by multilevel mixed-effects linear regression with robust standard
errors with research sites as random effect). QALY: quality-adjusted life year.
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App Usability
At T1, participants in the IG were asked to rate the usability
(SUS) of the app; 89.2% (58/65) of participants completed the
SUS, indicating a mean usability score of 78.9 (SD 12.6; range
50.0 to 97.5; possible scoring range 0 to 100).

Harms
Across the intervention and follow-up period, one AE occurred
with relation to the trial participation. The participant
self-reported increased anxiety at T1 which, however, was not
quantified by the GAD-7 scores comparing baseline and T1.
The participant wanted to remain in the trial. Follow-up at T2
showed that the AE had resolved. No SAE occurred.

Source Data Verification
Across all assessment waves, 36 paper-and-pencil questionnaires
(source data) were randomly drawn and compared with the
electronic data file. For each questionnaire, up to 16 case report
forms were inspected. Altogether, 7837 items were checked
and 56 errors identified. This cumulated in a total error rate of
0.71%.

Discussion

Principal Findings
The smartphone-based app Sanadak, a self-help intervention in
the Arabic language, was primarily developed for reducing
posttraumatic stress in Syrian refugees residing in Germany as
there is a gap of timely and culturally appropriate treatment. Its
effectiveness was evaluated in an RCT with 133 Syrian refugees
aged 18 to 65 years. Although symptom severity decreased,
Sanadak was not superior in reducing mild to moderate
posttraumatic stress in Syrian refugees in the short-term (4
weeks) and midterm (4 months) compared with the CG, who
received psychoeducational reading material on trauma and
PTSD. Likewise, the app showed no effectiveness regarding
secondary outcomes, including depressive symptoms, anxiety,
somatization, posttraumatic growth, general self-efficacy, social
support, social isolation, health-related quality of life, and health
state. However, there was a significant treatment effect for
aspects of self-stigma: stereotype agreement as well as
stereotype application reduced significantly in the short-term
and midterm in the IG compared with the CG. Moreover,
Sanadak is unlikely to be cost-effective. The app showed a small
but insignificant reduction in total costs compared with the CG.
As the number of QALYs tended to be (insignificantly) higher
in the CG than in the IG, the probability of cost-effectiveness
decreased with increasing willingness to pay per additional
QALY, reaching only 20% at a WTP of €50.000. In a
model-based economic evaluation, self-help without support
also showed a small reduction in total costs of £235 (€199)
compared with no treatment and was unlikely to be
cost-effective compared with other treatment options, with a
probability of cost-effectiveness of only 42% for a WTP of
£20.000 (€23.624) per additional QALY [36].

Although evidence-based treatments are available for mild to
severe PTSD and cognitive-behavioral therapies are among the
recommended treatments [37], findings on the efficacy of

app-based delivered interventions remain inconclusive and rely
on a small number of studies [38-40]. In fact, a recent
meta-analysis that identified 5 RCTs evaluating app-based
interventions for PTSD symptoms found that the use of such
apps is associated with reductions in PTSD symptoms, but that
there was little evidence to suggest that apps were more effective
than control conditions (usually waitlist) [40]. Another recent
meta-analysis with 2 RCTs and 4 pre-post studies that focused
on self-help apps for subthreshold or full PTSD likewise
concluded that respective apps were not more effective than
waitlist controls despite positive pre-post effects [41]. This is
in line with the results of our trial, although our study differed
regarding the target population. While the cited studies targeted
either community-dwelling individuals or military/veteran
populations, we were focusing on Syrian refugees residing in
Germany. We could not identify similar app-based interventions
targeting (Syrian) refugees with posttraumatic stress that have
been previously evaluated in an RCT. There are a few apps
targeting various mental health outcomes in (Syrian) refugees.
However, they have either not been evaluated (eg, ALMHAR:
self-help app for psychoeducation about emotions regulation
[42]) or evaluation is ongoing (Smartphone Mediated
Intervention for Learning Emotional Regulation of
Sadness/SMILERS: self-help app for depressive symptoms
[43]; BALSAM: self-help app for psychoeducation about
emotions regulation as part of the Mental health in refugees and
asylum seekers/MEHIRA project [44]; Step-by-Step: self-help
app for depressive symptoms [45]). Evaluation results of the
latter three apps will provide further valuable information on
the effectiveness of app-based delivered mental health
interventions in refugees. In general, regardless of targeted
groups, there is no shortage of apps aiming to address
posttraumatic stress. A systematic review by Sander and
colleagues [46] identified 69 apps in Google Play and the iOS
App Store. The overall app quality was found to be medium,
and the authors only distinguished one app (1.4%) that had been
scientifically evaluated in an RCT.

The literature provides more evidence regarding the
effectiveness of interventions for posttraumatic stress in refugees
delivered via internet or face-to-face. For example, in a
web-based psychotherapy for war-traumatized Arab patients
(focused on Iraq), posttraumatic stress was significantly reduced
from baseline to posttreatment in the IG compared with the CG
and effects sustained at 3-month follow-up [47]. Regarding
face-to-face interventions, systematic reviews and meta-analyses
found cognitive behavioral therapy, eye movement
desensitization and reprocessing treatment and narrative
exposure therapy [48,49] as well as psychosocial interventions
[50] beneficial for certain populations of refugees; however,
this evidence largely stems from settings in high-income
countries, with only low-quality evidence from humanitarian
settings in low- and middle-income countries [51].

The question is why treatment for posttraumatic stress may be
less effective if delivered via apps compared with internet-based
or face-to-face treatments. Due to the small number of studies,
this remains to be investigated. However, it is likely that brief
intervention periods, the self-management approach without
clinical expert guidance or support, and the use of self-report
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measures are explaining factors [40]. For example, we advised
using the app as much and as regularly as possible over the
4-week intervention period; however, the logged mean time of
app use was 42.5 minutes, with 22 IG participants (32.3%)
having never used the app beyond the onboarding module
(psychoeducation about posttraumatic stress). This requires
thinking about strategies on how to increase engagement with
the app, potentially using push notification reminders (not
implemented in Sanadak due to data protection measures),
motivational calls by study personnel, or detailed working
schedules over a certain period of time on how and when to use
the app. Potentially, 4 weeks is too short to obtain significant
treatment effects relative to a control condition. We did not find
differential results in regard to sociodemographic subgroups
(age, gender, education, income, employment status), which
further supports that lack of effectiveness is rather associated
with the intervention delivery mode and use.

On a positive note, the SUS usability score of Sanadak was
found to be above average, indicating very good usability. There
were no harms associated with the use of Sanadak, and pre-post
comparisons indicated a significant reduction in posttraumatic
stress, even though not more than in the control condition.
Moreover, Sanadak significantly reduced self-stigma regarding
mental health relative to the CG. This aspect should not be
underestimated. Mental health stigma has been named a key
barrier to help seeking in refugees with posttraumatic stress
[52]. By reducing mental health stigma, traumatized refugees
in need of help may be more willing to take up respective
treatment. As such, Sanadak may serve as a pathway to
conventional face-to-face treatments.

Strengths and Limitations
The study has several strengths: a robust RCT design to
determine effectiveness, adequate power, midterm follow-up
assessment and low attrition, monitoring for potential harms as
well as rigorous data quality control and imputation strategies
for missing values, which decrease risk of bias in determining

trial results. There are also limitations to consider. First, the
multistrategic recruitment that heavily relied on snowball
sampling techniques may limit generalizability of our findings
to other traumatized populations. Moreover, the control
condition which saw the provision of psychoeducational reading
material in the Arabic language may not have been ideal in
determining the app’s treatment effect as building awareness
on posttraumatic stress symptoms in the CG may been associated
with symptom severity reduction. Potentially, a mere waiting
list condition would have led to differential results. Moreover,
assessments heavily relied on self-report assessments. There
were no in-depth clinically diagnostic interviews to assess
outcomes. As service use was assessed retrospectively over 4
months using an adapted and shortened version of a service
receipt inventory, it is possible that health care services
utilization was not completely assessed and a potentially delayed
effect of Sanadak on total health care costs could not been
identified.

Conclusions
Sanadak, an interactive self-help app in the Arabic language,
showed reductions in posttraumatic stress in Syrian refugees
residing in Germany in a pre-post comparison but was not
superior to the control condition. This is in line with similar
studies evaluating apps for posttraumatic stress, although
targeting different populations. In addition, Sanadak is unlikely
to be cost-effective. Future studies that investigate reasons for
the limited effectiveness of respective apps are warranted to
allow for improved app development and delivery modes.
However, there were no harms associated with the use of
Sanadak, and importantly, we found a significant and sustained
treatment effect for reducing self-stigma. Consequently, Sanadak
cannot be recommended as a standalone treatment for
posttraumatic stress in refugee populations, but trial results
indicate potential usefulness as a bridging aid, particularly as
the usability was found to be very good, for the uptake of more
effective internet-based or face-to-face treatments within a
stepped and collaborative care approach.
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T2: 4 months after baseline
WTP: willingness-to pay
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Abstract

Background: While nonprofessional caregivers often experience a sense of fulfillment when they provide care, there is also a
significant risk of emotional and physical burnout. Consequently, this can negatively affect both the caregiver and the person
being cared for. Intervention programs can help empower nonprofessional caregivers of people with chronic diseases and develop
solutions to decrease the physical and psychological consequences resulting from caregiving. However, most clinically tested
intervention programs for nonprofessional caregivers require face-to-face training, and many caregivers encounter obstacles that
hinder their participation in such programs. Consequently, it is necessary to design internet-based intervention programs for
nonprofessional caregivers that address their needs and test the efficacy of the programs.

Objective: The aim of this study was to evaluate the effectiveness of a smartphone app–based intervention program to increase
positive mental health for nonprofessional caregivers.

Methods: This study was a randomized controlled trial of 3 months’ duration. A total of 152 caregivers over 18 years of age
with a minimum of 4 months’ experience as nonprofessional caregivers were recruited from primary health care institutions.
Nonprofessional caregivers were randomized into two groups. In the intervention group, each caregiver installed a smartphone
app and used it for 28 days. This app offered them daily activities that were based on 10 recommendations to promote positive
mental health. The level of positive mental health, measured using the Positive Mental Health Questionnaire (PMHQ), and
caregiver burden, measured using the 7-item short-form version of the Zarit Caregiver Burden Interview (ZBI-7), were the primary
outcomes. Users’ satisfaction was also measured.

Results: In all, 113 caregivers completed the study. After the first month of the intervention, only one factor of the PMHQ,
F1–Personal satisfaction, showed a significant difference between the groups, but it was not clinically relevant (0.96; P=.03).
However, the intervention group obtained a higher mean change for the overall PMHQ score (mean change between groups:
1.40; P=.24). The results after the third month of the intervention showed an increment of PMHQ scores. The mean difference
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of change in the PMHQ score showed a significant difference between the groups (11.43; P<.001; d=0.82). Significant changes
were reported in 5 of the 6 factors, especially F5–Problem solving and self-actualization (5.69; P<.001; d=0.71), F2–Prosocial
attitude (2.47; P<.001; d=1.18), and F3–Self-control (0.76; P=.03; d=0.50). The results of the ZBI-7 showed a decrease in caregiver
burden in the intervention group, although the results were inconclusive. Approximately 93.9% (46/49) of the app users indicated
that they would recommend the app to other caregivers and 56.3% (27/49) agreed that an extension of the program’s duration
would be beneficial.

Conclusions: The app-based intervention program analyzed in this study was effective in promoting positive mental health and
decreasing the burden of caregivers and achieved a high range of user satisfaction. This study provides evidence that mobile
phone app–based intervention programs may be useful tools for increasing nonprofessional caregivers’well-being. The assessment
of the effectiveness of intervention programs through clinical trials should be a focus to promote internet-based programs in
health policies.

Trial Registration: ISRCTN Registry ISRCTN14818443; http://www.isrctn.com/ISRCTN14818443

International Registered Report Identifier (IRRID): RR2-10.1186/s12889-019-7264-5

(JMIR Mhealth Uhealth 2021;9(1):e21708)   doi:10.2196/21708
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clinical trial; caregiver; mobile phone app; intervention program; positive mental health; mobile health; health promotion;
randomized controlled trial; nursing; caregiving; technology

Introduction

The increase in life expectancy has contributed to the
progressive aging of the population, which has modified the
epidemiological pattern, marked by an increase in chronic
diseases. Chronic noncommunicable diseases are the main cause
of mortality and morbidity in the world, accounting for the death
of 38 million people worldwide each year [1]. In Spain, chronic
diseases constitute one of the main public health problems, as
they are the cause of the increase in morbidity, disability, and
impairment, with a resulting impact on the lives of both patients
and their caregivers [2].

In Spain, nonprofessional caregivers are on the front line of care
for people with physical and/or psychological dependencies.
The most common type of nonprofessional caregiver is a family
member, althought there is an increase in the number of
caregivers contracted by families or the person being cared for
who are not trained health care professionals [3,4]. According
to the national and international literature, there is a consensus
that people who take on the role of nonprofessional
caregivers—continuously and/or over a long period of
time—must carry out multiple and/or complex tasks, which
often leads to feelings of discouragement and stress [5,6].
Evidence suggests that nonprofessional caregivers may
experience negative symptoms such as sleep disturbance,
fatigue, depression, and anxiety [7,8]. Experiencing such
difficulties involves a process that continuously tests their
physical capacity and positive mental health, which often leads
to overburdening and/or caregiver burnout [8-10].

Since the caregiver’s role is an important element in ensuring
the well-being of the person being cared for [11], intervention
in this population group becomes a priority. There are
intervention and/or support programs that have been positively
evaluated [12-15], although most of them are based on in-person
training. However, research has shown that many caregivers
underutilize the supports available to them and instead try to
handle everything by themselves [16,17]. The barriers that

hinder access to in-person support programs include a lack of
coordinated home care services [18], the multiple occupations
and intensive dedication required by family care [19],
geographical or transportation limitations, and the caregivers’
own health problems [20,21]. These obstacles often make access
to these resources difficult. The development and evaluation of
mobile health (mHealth) tools, supervised by health
professionals and adapted to the time constraints of caregivers,
might be a useful strategy for an intervention program aimed
at this population group.

We live in a digital age, in which digital literacy is a necessary
competence for the practice of any profession and even more
so in the field of health care. Nurses must develop new digital
strategies to carry out their professional activities [22].
Traditional models of health care are changing with the
development of information and communication technologies
(ICTs) and the incorporation of mHealth solutions. Digital health
intervention programs have had a significant impact on the care
of chronic diseases, providing access to electronic health
records, apps, and health portals [21,23-26].

Apps for smartphones and tablets have become indispensible
and complementary tools to health care [27,28]. They provide
an opportunity to lead ICT-based projects to empower people,
teach them how to manage their health, improve their quality
of life, and achieve well-being [21,22]. A recent review
highlighted the importance of implementing new technologies
in health care policies—specifically, in that case study,
telemedicine [29]. It stressed that further studies should be
carried out aimed at a consistent analysis and follow-up of
patients after such intervention programs as a strategy to
demonstrate that they are necessary [30].

There are currently more than 325,000 health apps available for
health system users to download and interact with on their
mobile devices. These tools can help improve the possibilities
for continuity of care for the population, optimize existing
resources, and increase the quality of care [28,31].
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A systematic review by Lorca-Cabrera et al [21] concluded that
there are very few studies on the evaluation of apps aimed at
improving the health and welfare of caregivers. This reality,
aggravated by the lack of regulation of effective apps for this
purpose, can lead to health issues for patients and their
caregivers due to potentially erroneous or inaccurate information
provided by these apps [32,33]. It is therefore necessary to
design and evaluate the apps in which intervention program for
caregivers are conducted and measure their effectiveness. In
this way, caregivers will benefit from the full potential of the
apps to manage their self-care and improve their quality of life
[34].

This study was based on a previous project in which a website
[25,35] was developed for caregivers of patients with chronic
diseases [25]. Given the evidence mentioned above, this study
aimed to evaluate a digital intervention program of care for
caregivers, using a mobile app that promotes positive mental
health and/or reduces overburdening. The theoretical basis for
the promotion of caregivers’ health was Lluch-Canut’s positive
mental health assessment model, along with her decalogue of

practical recommendations [36,37]. The protocol of this clinical
trial study was previously published [38].

Methods

Aims
This study aimed to evaluate the effectiveness of a smartphone
app–based intervention program compared with a standard
intervention program for caregivers in primary health care
institutions. The usability and satisfaction of the app were a
focus of this study as well. The hypothesis was that an app-based
intervention program would improve caregivers’ mental health
and decrease their burden.

Design
A randomized controlled trial (RCT) was conducted. Participants
were randomly assigned to either the experimental group or the
control group (Figure 1). The RCT was registered in the
International Standard Randomized Controlled Trial Number
registry (ISRCTN: 14818443; May 24, 2019).

Figure 1. Participant flowchart.

Sample Size Calculation
The study aimed to show differences between an app-based
intervention and standard intervention with a standardized effect
size (Cohen d) of 0.33 or larger. A standardized effect of 0.33
can be considered the lowest limit of a moderate clinical effect
[39] and is based on a meta-analysis of well-being intervention

research [40] and a recent RCT [41]. The total population of
caregivers was uncertain, so the sample size was calculated
considering an α risk of .05 and a β risk of .20. The minimum
number of participants required to obtain evidential data of the
results was 108 subjects, with 54 subjects each in the
experimental and control groups. An estimated 30% loss to
follow-up was taken into account for each group and a difference
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greater than or equal to 10 was recognized as statistically
significant.

Recruitment
Primary health care is the first point of access to the public
health system in Catalonia, Spain. The rest of the services in
the system can be accessed by referral from primary care, except
for medical emergencies, which can be accessed directly in the
event of urgent need. The primary care center is the place for
on-site care where people have to go when they have a health
problem or want to prevent an illness. It provides diagnosis and
care for the main health problem; health and social care; health
promotion services; preventive, curative, and rehabilitative care;
home care service; urgent or continuous care; and sexual health
care. Primary care services are part of the basic common core
portfolio, which are services fully covered by public funding.

The eligible caregivers were recruited by nurses from 7 primary
health care centers in central and southern Catalonia. Each nurse
invited caregivers they knew who met the criteria to participate
in the study. The inclusion criteria for the participants were as
follows: (1) primary or secondary nonprofessional caregiver of
someone with a chronic disease; (2) over 18 years of age; (3)
minimum of 4 months of experience as a caregiver; (4)
knowledge of Spanish or Catalan (the app was available in both
languages and the user could choose his/her preference); (5)
user of a mobile device and the WhatsApp mobile app; (6)
access to a mobile device with an Android operating system
and internet access; and (7) signature of informed consent.

Randomization and Blinding
The online randomization procedure was carried out on an
individual basis. Caregivers who agreed to take part in the
study—who had a phone that supported the app and met the
inclusion criteria—were randomly assigned. The randomization
was stratified by the primary health center attended (7 centers
in total), gender, age, and perceived level of well-being. A
computer program allocated the participants using a generated
randomization list. Given the nature of the study, it was not
possible to blind the caregivers and the professionals.

Details of the Intervention and Control Groups
Both study groups received the same standard intervention for
caregivers by the nursing staff in the primary health care centers.
Every year, the nurses assess the burden of the caregivers using
the validated Zarit Burden Interview tool. If they identify a high
level of burden, they refer the caregiver for psychological
intervention. There is no specific protocol or intervention to
promote positive attitudes toward caregiving.

Control Group
Participants in the control group received the standard
intervention for caregivers by the nurses at their primary health
care center of reference.

Intervention Group
Caregivers in the intervention group received the standard
nursing care in addition to a free smartphone app (the TIVA
app), which involved a 28-day intervention program. The
researcher had to register the app and set a starting date for the
intervention program, as agreed upon by the caregiver and the
nurse in charge. During this period of time, the caregiver had
the smartphone app active on his or her mobile device.

In the intervention program, the TIVA app offered participants
an activity daily from Monday to Friday. These activities were
related to the decalogue of positive mental health described by
Lluch-Canut [36]. The decalogue includes 10 recommendations
to promote positive mental health. For each recommendation,
2 activities were created by a group of experts who were part
of the research group. After carrying out each activity, the
caregiver expressed whether it was useful or not. The app
provided a motivational quote every day and asked the caregiver,
“Hello, how are you today?” Although there were no activities
during the weekend, the app still recommended that caregivers
visit the website developed in a previous related project [35].
The final activity offered caregivers an opportunity to register
on the app’s website. This allowed them to be connected to
other caregivers and to have access to any news posted there.
The app includes gamification entailing an ad hoc character
named TIVA—from the Spanish word “posiTIVA,” meaning
“positive.” This character grows up and changes every time the
caregiver performs the daily activity (Figure 2).
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Figure 2. Evolution of the main character of the TIVA app.

Data Collection
The study was performed from September 2019 to November
2019. For the intervention group, primary outcome data were
collected through the app, and secondary outcome data were
collected by nurses through ad hoc questionnaires. There were
three time points for data collection—at baseline (when the
caregiver agreed to participate), and at 1 month and 3 months
after baseline.

Measures and Outcomes

Primary Outcome
The primary outcome was related to an increase in the positive
mental health score and a decrease in the caregiver burden score
in the intervention group compared with the control group. This
was measured using Lluch-Canut’s validated positive mental
health questionnaire (PMHQ [42]). The PMHQ consists of 39
items distributed among 6 factors that describe positive mental
health: F1–Personal satisfaction (8 items), F2–Prosocial attitude
(5 items), F3–Self-control (5 items), F4–Autonomy (5 items),
F5–Problem-solving and self-actualization (9 items), and
F6–Interpersonal relationship skills (7 items). The items are in
the form of positive or negative statements that patients rate on

a scale from 1 to 4 according to how frequently they occur:
1=always or almost always, 2=quite often, 3=sometimes, and
4=rarely or never. The PMHQ provides a global score for
positive mental health (sum of the item scores) as well as
specific scores for each factor. The global positive mental health
value ranges from 39 points (low positive mental health) to 156
points (high positive mental health). The minimum and
maximum values for each factor are as follows: F1 8-32, F2
5-20, F3 5-20, F4 5-20, F5 9-36, and F6 7-28.

Caregiver burden was assessed using the 7-item short-form
version of the Zarit Caregiver Burden Interview (ZBI-7), which
was validated by Martín Carrasco et al [43] and Regueiro
Martínez et al [44]. It measures the caregiver’s perceived burden
in providing care. The 7 items are assessed on a 5-point Likert
scale, ranging from 0=never to 4=almost always. Item scores
are summed to obtain a total score ranging from 0 to 28, with
higher scores indicating greater burden. The questions focus on
major areas such as caregivers’health, psychological well-being,
finances, social life, and the caregiver-patient relationship.

Secondary Outcome
The secondary outcome was related to the usability and
satisfaction regarding the app by the intervention group. An ad
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hoc questionnaire was administered by the nurse in charge. This
questionnaire was created by the research group to evaluate the
usability and satisfaction of the app-based intervention program.
Qualitative data were also collected by the nurse through an
open interview to obtain feedback on the user experience from
the app-based intervention program users.

Data Analysis
Descriptive statistics, including means for continuous variables
and proportions for categorical variables, were used to
summarize the characteristics of the participants. Analyses were
conducted using an intention-to-treat analysis. Bivariate analysis
was performed to calculate the mean change between the
baseline and follow-up (at 1 month and 3 months). Next, to
estimate the difference between the two groups, we calculated
the difference between the mean change in the intervention
group and the mean change in the control group. Due to the
nonnormal distribution of the sample, nonparametric tests were
used (Kolmogorov-Smirnov test, P<.001). To compare
differences between the groups, the Mann-Whitney U test and
Wilcoxon test were used. A P value ≤0.05 was considered
significant. Cohen d analysis was performed to measure the
effect size. Dropouts were not analyzed. Statistical analysis was
performed using SPSS Statistics software (version 25 for Mac;
IBM Corp).

If more than two items were missing from either of the
instruments, the total score was not calculated and the data were
considered missing. Missing data from the PMHQ and ZBI-7
were handled through average imputation of answered items,
as long as no more than 40% of the items were missing. If more
than 40% of the items were missing, the overall score was not
calculated and the data were considered missing.

Validity and Reliability/Rigor
CONSORT-EHEALTH (Consolidated Standards of Reporting
Trials of Electronic and Mobile HEalth Applications and onLine
TeleHealth) [45,46] was used to guide the design and
implementation of the RCT. The researchers, who are
experienced with clinical trials, monitored the study design,

study protocols, patient recruitment, blinding, subject dropouts,
and patient information confidentiality. The scrupulous study
design ensured quality management and high external validity.

Ethical Considerations
The study was approved by the Ethics Committee of Institut
d’Atenció Primaria Jordi Gol (reference number: PI18/207).
Caregivers were informed about the content, purpose, and
procedure of the study. Written informed consent was given.
Patients were reassured that their withdrawal would not prevent
them from receiving the care that they would normally receive.
The study was conducted in accordance with the principles of
the Declaration of Helsinki, revised and updated, and followed
Spain’s best practice guidelines (Buena Práctica Clínica). No
negative impact was expected on the participants of the study.
Data confidentiality was protected under the Spanish law
governing the protection of personal data (Ley Orgánica 3/2018
de Protección de Datos de Carácter Personal). The participants
were identified by research codes, and research information
remained confidential.

Results

Recruitment in the RCT
A total of 152 caregivers were assessed for eligibility by the
nurses in the primary health centers, and 131 agreed to
participate and met the inclusion criteria. During the allocation
into the intervention group, 4 caregivers were excluded because
the app did not work properly on their smartphones. An
additional 2 caregivers dropped out of the study because of the
death of the person being cared for. Finally, 13 participants were
lost to follow-up, including 7 participants in the intervention
group who did not complete the app activities).

In all, 113 participants completed the trial: 56 in the intervention
group and 57 in the control group. Thus, 79% (56/71) of the
sample in the intervention group finished the intervention
program. The loss to follow-up rate for the study was 13.7%
(18/131) (Figure 3).
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Figure 3. Participant flow in the study.

Characteristics of the Participants

Caregivers
The baseline sociodemographic characteristics of the
intervention and control groups are presented in Table 1.
Overall, there was a large difference in the numbers of male

and female caregivers in the study (8.0% versus 92.0%), which
reflects the reality of the gender of caregivers. In terms of
nationality, only 4.4% of caregivers in the sample were born
outside of Spain. Marital status was similar between the groups.
The relationship with the person being cared for and his/her
situation of dependency was similar between the groups as well.
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Table 1. Baseline sociodemographic characteristics of the intervention and control groups.

Total (N=113)Intervention group (n=56)Control group (n=57)Sociodemographic characteristics

Age (years)

60.65 (12.37)56.89 (13.49)64.35 (13.49)Mean (SD)

28-9428-7531-94Min-max

Gender, n (%)

9 (8.0)6 (10.7)3 (5.3)Men

104 (92.0)50 (89.3)54 (94.7)Women

Nationality, n (%)

108 (95.6)53 (94.6)55 (96.5)Spanish

5 (4.4)3 (5.4)2 (3.5)Other

Level of studies, n (%)

10 (7.1)3 (1.8)7 (12.3)No studies

44 (38.9)14 (25.0)30 (52.6)Middle school

13 (11.5)9 (16.1)4 (7.0)High school

17 (15.0)12 (21.4)5 (8.8)Professional studies

29 (25.7)18 (32.1)11 (19.3)College

2 (1.8)2 (3.6)0 (0.0)No answer

Marital status, n (%)

20 (17.7)10 (17.9)10 (17.5)Single

73 (64.6)36 (64.3)37 (64.9)Married

12 (10.6)8 (14.3)4 (7.0)Divorced

8 (7.1)2 (3.6)6 (10.5)Widowed

Occupation, n (%)

20 (17.7)6 (10.7)14 (24.6)Unpaid job

50 (44.2)28 (50.0)22 (38.6)Paid job

36 (31.9)18 (32.1)18 (31.6)Retired

7 (6.2)4 (7.1)3 (5.3)Unemployed

Do you have free time? , n (%)

108 (95.6)55 (98.2)53 (93.0)Yes

5 (4.4)1 (1.8)4 (7.0)No

Type of caregiver, n (%)

97 (85.8)43 (76.8)54 (94.7)Primary

16 (14.2)13 (23.2)3 (5.3)Secondary

Relationship with the person being cared for, n (%)

72 (63.7)39 (69.6)33 (57.9)Parent

25 (22.1)10 (17.9)15 (26.3)Partner

10 (8.8)3 (5.4)7 (12.3)Other but family-related (eg, grandparent, fa-
ther/mother-in-law)

2 (1.8)2 (3.6)0 (0.0)Other with no family relation (eg, friend, neighbor)

4 (3.5)2 (3.6)2 (3.5)Nonprofessional caregiver contracted by the family
or the person cared for

Some differences in variables between the groups had to be
taken into consideration. Although age was taken into
consideration during the randomization process to avoid an age

bias, there was a considerable difference in the mean age of the
groups (64.35 years versus 56.89 years in the control and
intervention groups, respectively). This result was related to the
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4 caregivers who did not receive their allocated intervention.
Those 4 participants were over 65 years of age, and although
they had smartphones, the phones did not have enough memory
to support the app. Researchers considered that the 8-year age
difference between the groups was reasonable considering the
intended sample and its lower percentage among those who
used smartphones in the control group. The participants’ level
of studies also needs to be taken into consideration, as the
intervention group had a greater percentage of individuals with
a higher level of education. This difference could be related to

the age difference. Regarding occupations, 50.0% (28/56) of
participants in the intervention group had a paid job compared
with 38.6% (22/57) in the control group. Another difference to
be highlighted is that 23.2% (13/56) of participants in the
intervention group were secondary caregivers compared with
5.3% (3/57) in the control group.

Caregivers were asked about their perceptions of their personal
well-being and tasks. No major differences between the groups
were found (Table 2).

Table 2. Characteristics of caregivers’ perceptions of their own well-being.

Mean score (SD)a

Total (N=113)Intervention group (n=56)Control group (n=57)Characteristics

7.13 (1.39)7.08 (1.48)7.18 (1.48)Perception of well-being

6.56 (2.32)6.34 (2.08)6.77 (2.08)Level of burden

7.80 (1.69)7.98 (1.82)7.61 (1.82)Level of satisfaction with caregiving tasks

5.71 (2.50)5.70 (2.66)5.72 (2.66)Level of difficulty of caregiving duties

5.39 (3.06)5.50 (3.18)5.28 (3.18)Level of the demands of the person being cared for

aScore from 0 to 10 (0=lowest score, 10=highest score).

Individuals Being Cared For
Caregivers were asked questions about the person in their care.
The average age (control group: 84.88 years; intervention group:

81.63 years) and gender (control group: 61.4% women;
intervention group: 67.9% women) of the individuals being
cared for were similar between the groups (Table 3).

Table 3. Characteristics of individuals being cared for.

Total (N=113)Intervention group (n=56)Control group (n=57)Characteristics

Age (years)

83.27 (9.66)81.63 (10.16)84.88 (8.95)Mean (SD)

53-10253-10058-102Min-max

Sex, n (%)

40 (35.4)18 (32.1)22 (38.6)Men

73 (64.6)38 (67.9)35 (61.4)Women

Situation of dependence of the person being cared
for, n (%)

60 (53.1)35 (62.5)25 (43.9)Multiple chronic conditions

24 (21.2)10 (17.9)14 (24.6)Alzheimer

16 (6.2)4 (7.1)12 (21.1)Fragility

7 (14.2)2 (3.6)5 (8.8)Stroke

2 (1.8)2 (3.6)0 (0.0)Tetraplegic

2 (1.8)2 (3.6)0 (0.0)Neoplasia

1 (0.9)1 (1.8)0 (0.0)Parkinson

1 (0.9)0 (0.0)1 (1.8)Schizophrenia

Primary Outcome
The primary outcome was assessed using the PMHQ and ZBI-7.
One of the main differences between the groups was related to
the higher baseline PMHQ scores in the control group than in

the intervention group. In fact, F2–Prosocial attitude,
F3–Self-control, and F5–Problem solving and self-actualization
are the factors behind this difference. The scores between the
groups on the other factors were similar (Table 4).
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Table 4. Descriptive results of the Positive Mental Health Questionnaire (PMHQ) (total scores and factor scores) and the 7-item short-form version of
the Zarit Caregiver Burden Interview (ZBI-7).

Intervention group (n=56)Control group (n=57)Items

RangeMean (SD)RangeMean (SD)

PMHQ total score

51.00-127.0098.60 (10.96)84.00-152.00120.10 (20.32)Baseline

39.00-147.00101.55 (14.70)80.00-150.00118.94 (20.05)1 month

85.00-152.00114.41 (20.30)85.00-156.00121.68 (19.52)3 months

F1: Personal satisfaction

8.00-32.0024.87 (4.47)11.00-32.0025.52 (4.38)Baseline

9.00-30.0025.59 (3.95)11.00-31.0024.60 (4.30)1 month

11.00-32.0024.23 (6.17)9.00-32.0023.44 (5.37)3 months

F2: Prosocial attitude

6.00-20.0011.21 (1.99)9.00-20.0016.07 (3.41)Baseline

5.00-20.0011.33 (2.51)6.00-20.0016.32 (3.72)1 month

9.00-20.0014.98 (3.42)10.00-20.0016.84 (2.96)3 months

F3: Self-control

7.00-16.0011.32 (2.35)6.00-19.0014.40 (3.81)Baseline

5.00-20.0011.24 (2.90)7.00-20.0014.75 (3.83)1 month

7.00-20.0013.73 (3.25)5.00-20.0015.28 (3.51)3 months

F4: Autonomy

5.00-20.0016.23 (3.08)5.00-20.0016.19 (3.07)Baseline

5.00-20.0016.40 (3.34)5.00-20.0015.54 (3.64)1 month

5.00-20.0015.21 (4.52)5.00-20.0015.37 (4.21)3 months

F5: Problem solving and self-actualization

9.00-33.0015.30 (5.26)10.00-36.0026.05 (8.49)Baseline

9.00-36.0015.11 (5.87)9.00-36.0026.46 (8.33)1 month

9.00-36.0025.39 (8.76)10.00-36.0029.21 (6.77)3 months

F6: Interpersonal relationship skills

7.00-25.0019.63 (2.93)12.00-28.0021.86 (3.43)Baseline

7.00-25.0019.75 (3.27)12.00-28.0021.29 (3.75)1 month

13.00-28.0020.85 (4.12)13.00-28.0021.54 (4.29)3 months

ZBI-7a score

7.00-32.0018.80 (5.64)9.00-29.0019.77 (5.38)Baseline

7.00-32.0018.29 (5.34)9.00-31.0020.56 (5.24)1 month

7.00-29.0017.69 (5.52)8.00-32.0020.70 (5.44)3 months

aThe ZBI-7 was completed by 92 caregivers (43 from the control group, 49 from the intervention group). The data were missing at random, with more
than 40% of answer sheets being incomplete.

Assessments were conducted at baseline, and at 1 month and 3
months following the app intervention with the intervention
group. Immediately after the intervention (Table 5), there were
no statistically significant differences in changes in the PMHQ
(P=.24) or ZBI-7 (P=.24) scores between the groups. There
were statistically significant—but not clinically
relevant—differences in the mean change in F1–Personal

satisfaction (0.96; P=.03; d=–0.00) between the groups. Each
group obtained statistically significant differences in ZBI-7
scores. While ZBI-7 scores decreased in the intervention group,
they increased in the control group. However, there were no
clinically relevant differences in the ZBI-7 scores between the
groups.
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Table 5. Comparison of mean changes at the 1-month follow-up between and within the intervention and control groups.a

Control groupIntervention groupIntervention group–control groupMean change at 1-month follow-
up

P valueMean change (95%
CI)

P valueMean change (95%
CI)

P valueMean difference of
change (95% CI)

.69–1.16 (–3.72 to 1.41).210.37 (–4.09 to 4.83).241.40 (–3.98 to 5.72)PMHQb total score

.20–0.93 (–1.89 to 0.32).070.22 (–1.17 to 1.61).03a0.96 (–0.62 to 2.47)F1–Personal satisfaction

.170.25 (–0.24 to 0.74).920.11 (–0.46 to 0.68).18–0.07 (–1.08 to 0.68)F2–Prosocial attitude

.310.35 (–0.43 to 1.13).98–0.1 (–0.89 to 0.85).860.51 (–1.11 to 0.87)F3–Self-control

.38–0.65 (–1.47 to 0.17).170.22 (–0.82 to 1.27).140.79 (–0.38 to 1.79)F4–Autonomy

.950.40 (–0.93 to 1.73).35–0.26 (–1.45 to 0.93).450.05 (–2.65 to 1.13)F5–Problem solving and
self-actualization

.11–0.59 (–0.58 to 0.08).510.09 (–0.99 to 1.18).180.77 (–0.71 to 1.86)F6–Interpersonal relation-
ship skills

.010.79 (0.16 to 1.42).05–0.51 (–1.51 to 0.49).24–0.55 (3.98 to 5.72)ZBI-7c score

aAnalyzed using Mann-Whitney U test and Wilcoxon signed rank test, with P values ≤.05 considered statistically significant.
bPMHQ: Positive Mental Health Questionnaire.
cZBI-7: 7-item short-form version of the Zarit Caregiver Burden Interview.

The comparison of the mean changes at the 3-month follow-up
(Table 6) revealed statistically significant differences in PMHQ
scores between the intervention and control groups (11.43;
P<.001; d=0.82). F5–Problem solving and self-actualization
stood out for its clinically relevant mean difference of change
(5.69; P<.001; d=0.71). However, F2–Prosocial attitude was
the factor with the largest effect size (mean difference of change
of 2.47; P<.001; d=1.18). F1–Personal satisfaction and
F6–Interpersonal relationship skills had smaller effect sizes,

but there were statistically significant differences between the
groups (F1: 1.36; P=.05; d=0.36; and F6: 1.39; P=.04; d=0.25).
F3–Self-control had a statistically significant difference and a
moderate effect size (0.76; P=.03; d=0.50). F4–Autonomy did
not show clinically relevant differences between the groups
(–0.25; P=.99). ZBI-7 scores showed statistically significant
differences with moderate clinically relevant results (–2.03;
P<.001; d=–0.68).

Table 6. Comparison of mean changes at 3-month follow-up between and within the intervention and control groups.a

Control groupIntervention groupIntervention group–control groupMean change at 3-month
follow-up

P valueMean change (95%
CI)

P valueMean change (95%
CI)

Cohen d (95% CI)bP valueMean difference of
change (95% CI)

.783.51 (–1.54 to 8.56)<.00114.94 (9.14 to 20.72)0.82 (0.43 to 1.21)<.00111.43 (8.92 to 22.33)PMHQc total score

.01–2.32 (–4.41 to –0.24).89–0.96 (–2.73 to 0.82)0.36 (–0.01 to 0.75).051.36 (–0.62 to 2.47)F1–Personal satisfac-
tion

.021.26 (0.51 to 2.00)<.0013.73 (2.79 to 4.67)1.18 (0.78 to 1.58)<.0012.47 (–0.03 to 3.68)F2–Prosocial atti-
tude

.22155 (0.18 to 2.93)<.0012.31 (1.13 to 3.50)0.50 (0.12 to 0.88).030.76 (–1.61 to 1.87)F3–Self-control

.29–1.19 (–2.76 to 0.38).26–1.44 (2.78 to –0.10)–.99–0.25 (–0.78 to 1.79)F4–Autonomy

.024.60 (1.96 to 7.25)<.00110.29 (7.41 to 13.17)0.71 (0.32 to 1.09)<.0015.69 (–2.65 to 8.13)F5–Problem solving
and self-actualiza-
tion

.44–0.39 (–1.73 to 0.95).031.00 (–0.30 to 2.30)0.25 (–0.12 to 0.62).041.39 (–0.71 to 2.85)F6–Interpersonal re-
lationship skills

.040.93 (–0.08 to 1.93)<.001–1.10 (–2.24 to 0.04)0.68 (–1.08 to –0.27)<.001–2.03 (–5.07 to 1.36)ZBI-7d score

aAnalyzed using Mann-Whitney U test and Wilcoxon signed rank test, with P values ≤.05 considered statistically significant.
bCohen d was only reported when the P value of the mean difference was statistically significant.
cPMHQ: Positive Mental Health Questionnaire.
dZBI-7: 7-item short-form version of the Zarit Caregiver Burden Interview.
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Secondary Outcome
The level of satisfaction with the app was high. Questions 1 to
3 on the ad hoc questionnaire related to the operating system
and had an average score of 93.9%. Regarding the organization
of the app (questions 4 and 5), users did not report many
difficulties in using the app. Users liked the daily phrases,

claiming that they helped to improve their mental health (Q6:
43/49, 87.8%). Also, 100% (49/49) of users rated the activities
as being easy (Q7), and 91.8% (45/49) of users found the TIVA
character to encourage them to continue using the app (Q8).
The majority of caregivers (46/49, 93.9%) responded that they
would recommend the app and 27 of 49 (56.3%) users indicated
that they felt the intervention should last longer (Table 7).

Table 7. Satisfaction with the app by the intervention group (n=49).a

Value, n (%)Questions

Q1: Was the installation of the app easy?

41 (83.6)Yes

8 (16.4)No

Q2: Was the operation of the app well adapted to your mobile device?

48 (98.0)Yes

1 (2.0)No

Q3: Was the response of the mobile app fast?

49 (100)Yes

0 (0)No

Q4: Did the app provide information on the steps to follow?

42 (85.7)Always

4 (8.2)Frequently

3 (6.1)Sometimes

Q5: Was there ever a time when you did not know what to do?

13 (26.5)Sometimes

36 (73.5)Never

Q6: Do you feel that the daily phrases have helped to improve your mental well-being?

43 (87.8)Yes

6 (12.2)No

Q7: Did you find the activities easy to do?

49 (100)Yes

0 (0)No

Q8: Did the evolution of TIVA encourage you to continue using the mobile app?

45 (91.8)Yes

4 (8.2)No

Q9: Would you recommend the app to other caregivers?

46 (93.9)Yes

3 (5.4)No

Q10: Would you extend the intervention time?

27 (56.3)Yes

21 (43.8)No

aOf the 56 participants in the intervention group, app satisfaction data from 7 participants were lost.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21708 | p.214http://mhealth.jmir.org/2021/1/e21708/
(page number not for citation purposes)

Ferré-Grau et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Discussion

Principal Findings
This study aimed to asses the effectiveness of a digital
intervention program to promote positive mental health among
nonprofessional caregivers and to evaluate the usability and
satisfaction of the app-based intervention program. The results
demonstrated that the implementation of an app-based
intervention program for caregivers significantly contributed
to enhancing their positive mental health. In fact, results showed
that the program produced a larger effect on the caregivers’
lives after 3 months of the intervention, which suggests that it
is an effective long-term program. In addition, the participants
in the study reported a high satisfaction rate with the app.

The intervention program seemed to be effective in relation to
the differences in F1–Personal satisfaction scores between the
groups at 1-month follow-up. Although the other factors did
not reflect any significant differences between the groups,
F4–Autonomy and F6–Interpersonal relationship skills obtained
a positive mean difference of change, which reflects greater
improvement of the scores in the intervention group. In addition
to these program results, the level of burden of the control group
seemed to increase after 1 month; in contrast, the ZBI-7 scores
decreased in the intervention group, although the mean
difference of change was not statistically significant.

The results seemed to be more satisfactory after 3 months of
the intervention. There were significant differences between
the groups on all factors, with the exception of F4–Autonomy,
which was the only factor with scores that decreased from
1-month to 3-month follow-up.

The factor with the biggest increase after 3 months of
intervention was F5–Problem solving and self-actualization.
The mean change in the intervention group increased. These
improvements could be related to the increase in confidence
and caregiving information promoted by the program. A recent
review about caregiver programs highlighted the importance of
interventions that include program resolution strategies [47].
These strategies include the need for interventions to be easy
and provide a connection with health care providers. Both
elements are included in these app-based programs.

The app-based intervention program was also shown to be
effective by comparing the scores of the intervention group on
F2–Prosocial attitude, F3–Self-control, and F6–Interpersonal
relationship skills with those of the control group. Programs
involving group social support have already been tested and
demonstrate their efficacy in caregivers. However, a few studies
demonstrate that online strategies could promote those elements.
In fact, a meta-analysis performed in 2017 highlighted the need
to promote this type of program, as there are many isolated
caregivers who cannot access on-site caregiver support programs
[48]. The results of our study provide the first step in promoting
this kind of program to foster prosocial attitudes through ICT
strategies and with the support of primary health care nurses.

Another outcome of the study relates to F1–Personal satisfaction.
In fact, this factor slightly increased in the intervention group
after the first month, and decreased after 3 months. Therefore,

interventions related to this factor are effective to prevent a
further decrease over time. The research team believes that this
result may be related to the messages of coaching and motivation
that the app included, which were designed by the research
team, including psychologists and nurses. Those motivational
phrases were created with the aim of recognizing the caregiver’s
task and its value.

In this section, it is important to highlight that after the
app-based intervention program ended, users had the option of
keeping the app on their smartphones, which would continue
to display the question “Hello, how are you today?” every day.
Furthermore, if they used the app, they could see the final
evolution of TIVA and access the website [35]. Although not
formally registered, this element seemed to satisfy the
caregivers, who had made their request to the nurses responsible
for data collection. A previous study shows that caregiver
support is strongly related to their need for more care-related
information and more information on available resources [49].
These needs could be related to our outcomes and to increased
effectiveness in the intervention group after 3 months.

Results related to the ZBI-7 showed that after 3 months, the
intervention group had a statistically significant decrease in
caregiver burden, with a moderate size effect between the
groups. However, researchers consider that these results are
inconclusive considering the lack of information recorded in
this study about the evolution of the person being cared for,
which could have varied considerably after 3 months of
intervention. Evidence shows how caregiver burden is directly
associated with the caregiver’s duties, and further studies should
evaluate the evolution of the characteristics of the caregiving
situation [50,51].

The secondary outcome related to the app-based intervention
program was satisfactory in terms of user acceptance. Users
found the app easy to use, which was one of the goals of the
app’s development. The literature highlights the need for these
types of online programs to have an easy operating system to
prevent dropouts [52,53]. According to informal feedback from
caregivers and nurses, the character of the program, TIVA, was
one of the reasons for the high degree of loyalty of the
intervention program users to the app. In fact, many caregivers
expressed several positive emotions after witnessing TIVA’s
evolution every day.

Similar to applications designed for other types of users, new
technologies designed to care for caregivers can increase
satisfaction and motivation by empowering them, which
promotes healthy changes in their behaviors and improves their
quality of life [53]. Currently available applications have worked
on aspects related more to the care of the chronic patient than
to the well-being of the caregiver. With this application, and as
recommended by other authors, behavioral interventions have
been performed using “persuasive health technologies,” which
are becoming much more promising approaches that encourage
healthy behaviors [54]. Interventions that improve positive
mental health should be an integral part of emotional support
for caregivers and used in conjunction with advice from health
professionals, improving their relationship without overloading
face-to-face care. Most of these programs were conducted in a
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traditional face-to-face format. Nursing has the responsibility
of initiating changes with the use of new technology and, as
shown with the TIVA program, mHealth must be used as an
indispensable working tool to reach all users, including those
who cannot be reached in person [55].

Several studies emphasize the need to implement online
intervention programs with gamification [21,52,53]. During the
TIVA app’s creation, several options were considered to
implement gamification in order to ensure the caregivers’
involvement during the 28 days of the intervention program. A
game-based option was not considered, as it would have required
more of the caregiver’s time and thus posed a risk of increasing
dropouts.

On the other hand, the program allowed the self-management
of time when planning the daily operation of the program. In
this way, adherence was facilitated and the risk of dropouts was
also reduced, as was also shown in another study [56].

Although the increase in the use of new technologies opens up
a new space in the promotion of health for patients and
caregivers, we identified in consonance with other authors that
most of the existing digital support programs were more
commercial than functional and it is necessary to promote
studies that provide scientific evidence on the impact of these
applications in the health field [57].

Therefore, the TIVA app seems to have been a good choice for
this app-based intervention program. However, we can only
express qualitative data on this outcome, so this should be
assessed in further studies.

Limitations and Future Work
A number of important issues remain to be addressed by future
research. First, the basic characteristics of the participants
showed some differences. There was an 8-year difference in
the mean ages of the groups, which was related to individuals’
knowledge of how to use a smartphone. Further studies may
need to compare the same age ranges with a minimum sample
size for each group. This was not possible in our case, as the
sample was not large enough to do this comparison. A similar
problem occurred in relation to the level of education: the
intervention group appeared to have a higher level of education
than the control group. This could also have led to a bias in the
results given that previous studies have linked the level of
education to better coping strategies and level of resilience
[58-60]. Despite these differences in sociodemographic
characteristics, both groups obtained similar scores on
characteristics of well-being and the person being cared for,
which strengthens the validity of the results. Nevertheless,
further studies with larger sample sizes should be undertaken
to avoid possible biases.

Second, the level of positive mental health measured using the
PMHQ appeared to be different at baseline for the intervention
and control groups. The intervention group had a significantly
lower level of positive mental health. This could have resulted
in a bias in our study, as it might have been easier to show an
improvement in the intervention group than in the control group.
However, user satisfaction seems to be consistent in the results.
Nevertheless, we believe that further studies need to be

conducted to consider the baseline level of positive mental
health, as well as the type of caregiver, as criteria to be included
during the randomization process to verify the results.

Third, another limitation of the study is related to the type of
caregiver. There was a higher percentage of secondary
caregivers in the intervention group than in the control group.
However, as the analysis was conducted with a consideration
of pre- and postintervention scores, significant differences are
valid.

Fourth, at the baseline of the study, caregiver burden was
assessed using the ZBI-7. At the same time, data related to the
characteristics of the person being cared for and information
about the caregiving tasks (including the time per week
dedicated to caregiving and caregiving duties) were recorded.
However, while the ZBI-7 was also assessed after 1 month and
after 3 months, the rest of the information was not. We believe
that results related to caregiver burden should be carefully
considered, and further studies should include an assessment
of changes of caregivers’duties and characteristics of the person
cared for throughout the study.

Fifth, the app-based intervention program includes the features
described in the “Methods,” which includes a total of 20
activities. Those activities, developed by the research team,
were created with consideration of the 10 recommendations
from Lluch-Canut’s model for promoting positive mental health
[36,37]. Each activity cannot be linked directly to a factor from
the model, as each activity promotes more than one factor. This
is the reason why a redesign of the activities/features cannot be
linked directly to a factor. Based on the results of this study,
we consider, as a future line of research, a qualitative evaluation
of the actual design of the app-based intervention program with
the research team, stakeholders, and caregivers who participated
in this study in the intervention group.

Conclusions
The app-based intervention program analyzed in this study can
be considered effective, with a high degree of user satisfaction.
The development of a 28-day program with interventions based
on Lluch-Canut’s positive mental health framework was
successful in terms of user satisfaction and usability. The
effectiveness of the program as it relates to positive mental
health was demonstrated with positive results. However, we
conclude that the program’s effectiveness should be verified by
further studies where the baseline level of positive mental health
and type of caregiver are included as randomization criteria.

This app-based intervention program showed increased positive
mental health levels after 1 month and 3 months. The factors
with the greatest long-term effect were F2–Prosocial attitude,
F3–Self-control, and F5–Problem solving and self-actualization.
However, activities related to F4–Autonomy should be revised,
as the effectiveness was only maintained after 1 month and not
after 3 months.

The app’s user satisfaction was encouraging. Users considered
the app’s operational system and activities to be appropriate.
The character created especially for the app, TIVA, with a
programmed evolution after each activity, was considered to
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be a fundamental element to encourage users to continue with
the app-based intervention program.

The results of the study encourage the promotion of app-based
intervention programs for caregivers and endorse their
effectiveness and user satisfaction. We believe that a further

study involving stakeholders and participants should be
considered to evaluate the adequacy of the activities in the actual
app-based program in order to address the need to redesign
activities/features of the app-based intervention program to
increase the program’s effectiveness.
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Abstract

Background: Digital health usability assessments can help explain how well mobile health (mHealth) apps targeting young
people with sexual and reproductive health (SRH) information performed and whether the intended purpose was achieved.
However, few digital health assessments have been conducted to evaluate young people’s perceptions regarding mHealth system
interactions and content relevance on a wide range of SRH topics. In addition, the majority of randomized controlled trials (RCTs)
have focused on push messaging platforms; therefore, the mHealth field lacks sufficient RCTs investigating on-demand mHealth
SRH platforms.

Objective: The objective of this study was to explore young people’s experiences using an on-demand SRH mHealth platform
in Kenya.

Methods: We used qualitative data related to the usability of an mHealth platform, Adolescent/Youth Reproductive Mobile
Access and Delivery Initiatives for Love and Life Outcome (ARMADILLO), collected at the end of the intervention period. A
total of 30 in-depth interviews (IDIs) were held with the intervention participants (15 women and 15 men) to elicit their experiences,
opinions, and perspectives on the design and content of the ARMADILLO platform. The study participants were randomly
selected from a list of intervention arm participants to participate in the IDIs. The interviews were later transcribed verbatim,
translated into English, and coded and analyzed thematically using NVivo version 12 software (QSR International).

Results: Respondents reported varied user experiences and levels of satisfaction, ranging from ease of use by the majority of
the respondents to systematic frustrations that prevented some participants from progressing to other stages. Interesting features
of the mHealth platform included the immediate response participants received when requesting messages, weekly remunerated
quizzes, and perceived ability of educative and informative content and messages to change behaviors. Proposed enhancements
to the platform included revising some concepts and words for easy understanding and increasing the interactivity of the platform,
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whereby young people could seek clarity when they came across difficult terms or had additional questions about the information
they received.

Conclusions: The importance of understanding the range of health literacy and technological variations when dealing with
young people cannot be overemphasized. Young people, as mHealth end users, must be considered throughout intervention
development to achieve optimum functionality. In addition, young people targeted with mHealth SRH interventions must be
sensitized to the interactions on mHealth platforms or any other digital health apps if implemented in a nonresearch setting for
optimal use by the targeted audience.

(JMIR Mhealth Uhealth 2021;9(1):e19109)   doi:10.2196/19109
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mHealth; mobile phones; sexual and reproductive health; Kenya

Introduction

Background
Globally, sexual and reproductive health (SRH) programs use
mobile phones as communication platforms to reach out to
young people aged between 10 and 24 years with information
and services on a wide range of SRH topics [1]. The
proliferation of mobile phones and the significant advancements
in wireless technologies provide innovative ways to deliver
health information to young people [2]. In addition, the
flexibility, accessibility, confidentiality, and convenient nature
of mobile phones make them appealing to young people seeking
sensitive SRH information.

Assessing the usability and acceptability of various mobile
health (mHealth) interventions designed to provide factual SRH
information to adolescents and young people is an essential step
in designing and implementing sustainable, appealing mHealth
programs [3]. The World Health Organization (WHO) indicates
that usability determines whether the mHealth intervention can
be used as intended by the users by focusing on the quality of
interaction between the user and the technology [4]. Usability
assessments can be used to identify needs, design, develop,
implement, and evaluate appropriate and effective mHealth
interventions. Usability assessments involving young people as
the targeted users can help explain how well the mHealth app
functioned and whether the platform achieved its intended
purpose [5].

Several studies have explored the potential of pushed text
messaging to improve knowledge and affect SRH behavior
change among young people and hard-to-reach populations
[1,6-9]. However, there has been less research on interactive
on-demand systems where health information is triggered by
users’ requests, traditionally via SMS menus [10]. One enabler
of mHealth adoption in developing countries such as Kenya is
the interactive interface feature of health apps [11]. Interactive
mHealth programs have been found to be feasible, acceptable,
and potentially effective in supporting behavior change such as
smoking cessation [12] and depressive symptoms among
individuals with spinal cord injury [13]. In Kenya, interactive
on-demand 2-way mHealth interventions have been shown to
be superior to 1-way text message interventions, particularly
for improving medication adherence among HIV-positive
individuals; however, a significant knowledge gap still exists
as to why on-demand 2-way mHealth interventions are deemed

superior [14,15]. This could be because of inadequate formal
usability and acceptability assessments to compare the 2 sets
of mHealth delivery models. This lack of insight may contribute
to future challenges such as integrating mHealth into health
services and the adoption of mHealth interventions by policy
makers for scale-up purposes [14]. In addition, existing
on-demand mHealth apps in Kenya such as Daktari popote,
meaning Doctor anywhere, Hello Doctor, and MedAfrica, which
allow users to search and filter health information and locate
doctors and hospitals, are largely internet based and would
require users to have smartphones to access health services [16].

Specifically, for mHealth text message interventions targeting
adolescents and young people, there are very few, if any, formal
usability and acceptability assessments of interactive and
on-demand mHealth SRH interventions, particularly in
low-income countries [17]. The Mobile for Reproductive Health
(m4RH) program is a unique program designed to expand family
planning information, albeit for the general public, which is
known to have been evaluated. The evaluation of the m4RH
presented user satisfaction information with respect to the
mHealth platform’s contents [18,19]; however, this evaluation
did not capture the complete usability of the mHealth system,
including user interactions and how effective the interactive
mHealth platform was perceived by the users. For this reason,
there is still a need for evaluations, particularly for those
mHealth interventions designed to improve SRH knowledge
and service uptake among young people, to focus on
understanding targeted real users’ interactions. Such assessments
can significantly benefit mHealth developers, users, and policy
makers. The expected functionality of mHealth apps and
recommendations gathered from such assessments will provide
helpful guides for improving the usability of mHealth apps
targeting young people.

Study Objectives
This study sought to evaluate the usability of an interactive
on-demand mHealth platform aimed at providing SRH
information to young people in Kenya. Specifically, the
assessment determined whether and to what extent young people
found the digital intervention user friendly and useful by
examining their experiences and perceptions regarding the
system’s design, ease of interaction, and platform contents.
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Methods

Overview
This usability assessment was nested within the broader
Adolescent/Youth Reproductive Mobile Access and Delivery
Initiatives for Love and Life Outcome (ARMADILLO) study.
ARMADILLO was a 3-arm (intervention, control, and contact)
individual randomized controlled trial (RCT; International
Standard Randomized Controlled Trial Number [ISRCTN]:
85156148) aimed at developing and evaluating an on-demand
system for young people to access and receive SRH information
through SMS. The trial has been described in detail elsewhere
[20]. In brief, the larger mHealth (ARMADILLO) study was
conducted in Kwale County of Kenya, between January and
July 2018, and with young male and female study participants
aged 18 to 24 years. Compared with other counties in the coastal
region of Kenya, Kwale County is among the top 2 counties
with the highest prevalence of teenage pregnancies (24%), which
is higher than both regional and national averages reported at
20.8% and 18%, respectively [21]. In addition, according to the
Kenya Demographic and Health Survey of 2014, Kwale County
had the lowest median age at first sexual intercourse among
women, 16.6 years in the entire coastal region of Kenya, and
the fifth lowest nationally [21]. Moreover, the county had a
lower contraceptive prevalence rate (CPR) of 38.2% compared
to the national CPR of 53.2% [21].

Participants’ Recruitment
The ARMADILLO study used household-based surveys and
multistage random sampling to recruit participants for the main
study. We used census data obtained from the Kenya National
Bureau of Statistics to identify and enumerate all households
in the study zone. This was followed by a census of households

with eligible study participants. A list of potential participants
to be sampled was then randomly generated using a
computer-based random number generator. The research team
then made a second visit to the selected households to inform
eligible participants about the study and seek consent from them.
A total of 740 young men and women aged 18 to 24 years were
selected for the study. This sample provided 80% power to
detect a 10% change in mean number of myths believed by
young people from baseline to end line, assuming that the
baseline level of belief was 0.55, with an assumed SD of 0.30,
accounting for a dropout rate of 20% [20]. To minimize
contamination, only 1 eligible youth was selected from each
household. This was followed by randomly allocating
participants into intervention, contact, or control groups using
a computer-based algorithm. The allocation followed a 1:1:1
ratio; this allocation was overseen by a member of the research
team who did not interact with the study participants. After the
arm allocation, the participants’ 7-week interaction with the
relevant arm began the following day [20].

Intervention Procedure
The intervention period was from January 20, 2018, to March
10, 2018, lasting 7 weeks with outcome assessments conducted
at baseline and end line. The trial’s primary outcome was to
assess the ability of on-demand SRH information delivered via
SMS to dispel myths and misconceptions around contraception.
Each week during the intervention period (Figure 1), participants
randomized to the intervention arm received a given SRH
domain pushed to their phones and subsequently requested
information (subdomains) related to that particular topic. The
contact arm participants received weekly topics only and were
instructed to learn on their own. The control arm received no
messages. This paper highlights the experiences of only
intervention arm participants.
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Figure 1. Adolescent/Youth Reproductive Mobile Access and Delivery Initiatives for Love and Life Outcome trial diagram. ARMADILLO:
Adolescent/Youth Reproductive Mobile Access and Delivery Initiatives for Love and Life Outcome; SRH: sexual and reproductive health.

Intervention Arm Design
Following enrollment into the system, the intervention arm
participants received an introductory SMS followed by a second
SMS asking them to specify whether they would prefer messages
in English or Swahili (language preference could be changed
throughout the intervention). They then received their first,
randomly selected weekly domain, marking the start of their
7-week intervention period. The platform presented the
intervention arm participants with an SMS menu of various
subtopics from the weekly domain (Figure 2), and the
intervention participants were asked to select a number to learn
more about the selected subdomain.

Interaction with the platform incurred no charges from the
participants, and all costs were billed to the study. Intervention
arms participants were prompted to engage with weekly quizzes,

after which free airtime of US $ 0.50 was credited to their
phones by the study irrespective of whether their responses were
correct or not. Per ethics requirements, participants were
periodically reminded that they could opt out of the study by
sending the word STOP to the short code, given as 21438. All
interactions with the system were free for participants, with any
SMS costs reverse billed to the study.

Participants could request a given subdomain using a
number-based menu (Figure 3)—each subdomain request
resulted in 1 to 3 SMS worth of content pushed to young
people’s mobile phones. The number-based menu was selected,
as it is commonly used by mobile phone users in Kenya to
purchase mobile airtime and/or internet bundles directly from
their service provider and for remote mobile money transfers.
Finally, weekly domains were sent with an opt-out option where
participants could unsubscribe from the platform at will.
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Figure 2. Adolescent/Youth Reproductive Mobile Access and Delivery Initiatives for Love and Life Outcome intervention arm architecture showing
domains and subdomains. ARMADILLO: Adolescent/Youth Reproductive Mobile Access and Delivery Initiatives for Love and Life Outcome. Pregnancy
Prevention. GBV: gender-based violence; IUD: intrauterine device; E-pills: emergency contraceptive pills; OC: oral contraceptives; PMTCT: prevention
of mother to child transmission of HIV.

Figure 3. Example Adolescent/Youth Reproductive Mobile Access and Delivery Initiatives for Love and Life Outcome subdomain menu with sample
‘injection (#8) message requested’ (English version).

Data Collection
Qualitative data related to the ARMADILLO platform were
collected at the end of the 7-week intervention period of the
study. The in-depth interviews (IDIs) were held between April
2018 and June 2018. Out of 206 intervention arm participants

who did not drop out of the study and completed both baseline
and end line assessments, 30 intervention arm participants (15
females and 15 males) were randomly selected from a list of
intervention arm participants to participate in an IDI. The
concept of saturation in qualitative methods limiting the number
of IDIs to between 25 and 30 participants required to reach
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thematic saturation [22] was employed. The IDIs sought to elicit
participants’ experiences, opinions, and perspectives on the
design and content of the ARMADILLO platform. Following
randomization, the study team made phone calls to the selected
intervention arm participants to check on their availability. If
one was not available, another participant was randomly selected
until a predetermined sample size of 30 intervention respondents
was achieved.

A total of 4 interviewers (2 men and 2 women) were trained to
conduct the interviews and were provided with a semistructured
interview guide. All interviewers had university-level education,
2 were public health experts, whereas the other 2 were social
scientists. The interview guides were developed by the research
team; the interview questions determined by the research team
were reviewed by experts from the International Centre for
Reproductive Health-Kenya. After the review of the interview
questions, the guides were piloted with young people aged 18
to 24 years from a neighboring county. Suggested changes
arising from piloting were reported to the research team and
appropriate modifications were made. The guide content
included questions on experiences while interacting with the
platform; the typical question was “Tell me about your
experience interacting with the platform, how was it? Easy?
Difficult?” Other questions included what participants liked
and/or disliked about the ARMADILLO platform and
participants’views about the ARMADILLO domains, including
their relevance and comprehensibility as well as suggestions
for improvements.

All interviews were conducted in person at a private room in a
local drop-in center (a nongovernmental health facility where
young people and key populations receive comprehensive
package of SRH services). Each data collector interviewed
participants of the same sex. All interviews were conducted in
Swahili, and following the consent of the respondents, all
discussions were audio recorded.

The interviews were later transcribed verbatim, translated into
English, and coded and analyzed thematically using NVivo
(QSR International) version 12 software. Two researchers read
through all the 30 transcripts independently; repeated readings
of all the transcripts to search for meanings and patterns were
done to further familiarize ourselves with the data. This was
followed by code development from the data where the
researchers identified important statements from the transcripts
and attached a label to them to guide in developing themes.
Four research meetings were held throughout the coding process

to discuss emerging ideas arising from the coded data sets. These
meetings helped in theme development. Our code development
and thematic analysis was data driven, and we used inductive
coding to create codes based on the responses of the study
participants. Our analysis was shaped by the frequency of similar
codes and recurrent ideas based on similarities in the data.
Following theme development, the researchers reviewed the
coded data extracts from each theme for coherence and
consistency until all the researchers were satisfied that the data
have been logically presented in a useful manner. A framework
thematic analysis approach [23] was used to develop the themes.
The definition of usability of digital health interventions by the
WHO informed the coding process [4]. Our indicators of
analysis, therefore, sought to determine whether the mHealth
intervention worked, in that, it was easy to interact with (user
friendly), and whether young people found the platform useful.
Our analysis and findings are presented in accordance with the
Consolidated Criteria for Reporting Qualitative Research [24].

Ethical clearance was obtained from the WHO Institutional
Review Board (Protocol WHO A65892 core) and the Kenyatta
National Hospital-University of Nairobi Ethics and Review
Committee (KNH-UoN-ERC P550/09/2014).

Results

Demographic Characteristics and Phone Ownership
of Study Participants
An equal number of men and women (15 each) were interviewed
in this study. The mean age for all participants was 21.13 years,
with an SD of 1.96. A greater proportion of women 33% (5/15)
compared with men 27% (4/15) had postsecondary education
(Table 1). More men 40% (6/15) had secondary school education
as their highest education level compared with their women
counterparts (4/15, 27%). More women 87% (13/15) than men
(8/15, 53%) owned smartphones. This study also established
that more than half of the study participants had their current
phones for more than a year men, 53% (8/15) and women, 80%
(12/15), as shown in Table 1.

Qualitative findings from this study are categorized into
following 3 themes:

1. High and low points of an on-demand system
2. Navigating the system’s supportive features: what worked

and what didn’t?
3. SRH content relevance and comprehension: Was it useful?
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Table 1. Sociodemographic characteristics of study participants by sex (N=30).

Youth, womenYouth, menCharacteristic

Total (n=15,
100%)

Age 20-24 years
(n=11, 73%)

Age 18-19 years
(n=4, 27%)

Total (n=15,
100%)

Age 20-24 years
(n=12, 80%)

Age 18-19 years
(n=3, 20%)

Highest school level, n (%)

1 (6.7)N/A1 (25.0)1 (6.6)1 (8.3)N/AaNever attended school

5 (33.3)3 (27.3)2 (50.0)4 (26.7)2 (16.7)2 (66.7)Primary school

4 (26.7)3 (27.3)1 (25.0)6 (40.0)6 (50.0)N/ASecondary school

5 (33.3)5 (45.4)N/A4 (26.7)3 (25.0)1 (33.3)Postsecondary school

Relationship status, n (%)

6 (40.0)4 (36.4)2 (50.0)8 (53.3)6 (50.0)2 (66.7)Single

7 (46.7)7 (63.6)N/A6 (40.0)5 (41.7)1 (33.3)Dating or friends with benefits

2 (13.3)N/A2 (50.0)1 (6.7)1 (8.3)N/AMarried or engaged

Have a child, n (%)

N/AN/AN/A2 (13.3)2 (16.7)N/AYes

15 (100)11 (100)4 (100)13 (86.7)10 (83.3)3 (100)No

Phone type, n (%)

1 (6.7)1 (9.1)N/A3 (20.0)3 (25.0)N/AAnalog phone (only for calls and
text messages)

1 (6.7)N/A1 (25.0)4 (26.7)3 (25.0)1 (33.3)Multimedia phone (has a camera

and MP3b player but does not
have the internet or apps)

13 (86.6)10 (90.9)3 (75.0)8 (53.3)6 (50.0)2 (66.7)Smartphone (has internet and
apps)

Duration of phone ownership, n (%)

1 (6.7)N/A1 (25.0)1 (6.7)1 (8.3)N/ALess than 1 month

N/AN/AN/A1 (6.7)N/A1 (33.3)1-3 months

N/AN/AN/A4 (26.7)4 (33.3)N/A3-6 months

2 (13.3)1 (9.1)1 (25.0)1 (6.7)N/A1 (33.3)6-12 months

12 (80.0)10 (90.9)2 (50.0)8 (53.3)7 (58.4)1 (33.3)More than one year

aN/A: not applicable.
bMP3: MPEG audio layer-3.

High and Low Points of an On-Demand System
On-demand systems are common in Kenya. When asked about
their experiences interacting with the ARMADILLO platform,
a majority of the IDI participants reported that the platform’s
procedures were easy to follow and that they were able to
navigate through the platform on their own. Both female and
male participants reported positive user experiences and were
generally able to move through the steps without any difficulties.
The similarity of the mHealth platform with other on-demand
mobile services offered by the majority of the mobile service
providers in Kenya to buy airtime, pay bills, and order for other
services was largely associated with the ease of platform use:

I can say it was easy. ... I reached the messages by
following the instructions that were given, they were
simple instructions to follow then get to a conclusion
[23-year-old male youth]

When I received the messages, I used to follow the
directions like they were sending let’s say from
number 1-12, so I went through them one by one ... I
used to send one after the other, when I send the first
one, they bring me the second one until I finished.
And they used to respond to what I was asking them
[21-year-old female youth]

However, the ease of use was not entirely uniform. Reported
restrictions included repeat instructions to participants,
preventing them from progressing to other stages. A few users
reported difficulties completing some functions, such as getting
back to the menu by selecting 0. This was because some
participants reported that they were used to the feature (reply 0
for menu) being called home in other apps as opposed to menu,
whereas others preferred it to be called the go back feature. In
addition, a few participants mistakenly put a number not
available on the menu and kept getting an I don’t understand
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your selection response. When designing this mHealth platform,
such challenges did not seem straightforward, probably based
on the assumption that the navigation process was clear and
that young people were adept at using mobile phones:

I experienced difficulties two times since every time
I responded I could see those are the same questions
being asked and when I reply am told they do not
understand my response, until the third time that is
when I entered one option and I realized that they
were topics, I did not know and understand the first
time. [19-year-old female youth]

That said, generally, when participants were unclear, they sought
assistance from their peers in the study. Despite being informed
that they could reach out to the study team in case of any
technical challenges, young people in this study tended to be
far more comfortable seeking help from their peers than from
the research team. This speaks to the component of peer-to-peer
learning among young people, typical of how they rely on their
peers for advice. Although no female participants reported
reaching out to their peers for technical support, male
participants in this study reported some challenges in
progressing through the system and preferred to reach out to
their friends:

First, I did not know how to go about it, but I got
advice from someone else who instructed me and told
me how it was and how to use it. [22-year-old male
youth]

I inquired from a friend, I did not know how to go
about it and there was someone called XXX or I am
not supposed to mention him ... I followed him and
he explained to me. [20-year-old male youth]

A feature of on-demand systems is the ability to receive targeted
information on a topic based on a user’s interest in the moment.
Respondents appreciated the immediate response they received
from the system when requesting a message from a subdomain.
Participants did not indicate any long breaks or delays that
would have discouraged them from interacting with the platform.
Almost all participants interviewed provided this positive
comment regarding the ARMADILLO platform. The capacity
for real-time feedback resulted in some motivation by most
users, which made them continue to interact with the system.
Perhaps this is an interesting observation. The impatient nature
of young people was clearly displayed; mHealth platforms,
therefore, need to provide real-time support to increase their
usability when targeting young people:

... when you request for something there was
immediate feedback ... and it’s like there is somebody
attending to you, there were no delays. [18-year-old
male youth]

What I liked most about ARMADILLO was the
information they shared, it was so helpful and there
were no delays. Anyone who wanted to get the whole
information would press a number and one would get
it instantly. [23-year-old male youth]

A limitation of on-demand systems is that, similar to push
systems, there is no ability to engage further for questions and

clarifications beyond what the developers have predefined. This
static nature caused some frustration among participants, who
wanted additional clarity when they came across difficult terms
or had additional questions about the information received. This
concern came from both male and female participants; young
people wanted to learn more about SRH issues, particularly on
pregnancy prevention methods. This finding suggests that a
platform allowing young people to ask SRH questions via text
messages and being responded to by trained SRH experts would
appeal more to young people and contribute to improved
mHealth interactions:

I do not know about the others if they received, or
maybe they had people to ask who understood but as
for me I had no one to ask, I would give an answer
to get the credit but ... I just want to request if one
was wrong then they should be able to direct them
into getting the right answer, because one does not
know what the right or wrong answer is since whether
right or wrong one still received credit [21-year-old
female youth]

There was a time I received some information about
something, but I was not contented because I did not
understand ... there was an issue about family
planning, using of pills and injection ... There are
some that I understood, and there are others that I
needed more explanation, not everything that one
reads they get to understand. [22-year-old male youth]

Navigating the System’s Supportive Features: What
Worked and What Didn’t?
The weekly, remunerated quizzes (initially developed to
encourage participants to engage with the system and motivate
them to participate) were well received by study participants.
Some participants were explicit about being motivated by the
free airtime to interact with the system. However, others felt
that the weekly quizzes were a good feature that positively
challenged their knowledge. The majority of participants
expressed their excitement with the weekly quizzes terming
them as learning motivators that interested and made them want
to engage more with the platform:

I liked the questions part because they promote you
with credit at the end of answering and also, they give
you a duration if you are free, they ask you questions
then after answering they send you credit [23-year-old
female youth]

What I liked was when I was asked the weekly
questions, some questions I did not know about them,
while others I did; so, I used to think if I was able to
answer them, then am good ... That challenge was
what I liked. [21-year-old female youth]

However, 2 additional design features were a source of
confusion for the participants. First, a number of participants
reported that they ignored the first messages, as they did not
recognize the ARMADILLO short code (21438) and thought
that the messages were spam, sent every so often by local service
providers. Although short codes are the preferred channels for
mHealth bulk SMS text messaging, the skepticism tendency
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displayed by young people implies that the proliferation of SMS
services and spam messages could threaten the mHealth
platform’s acceptability and usability, particularly by young
people who appeared cautious when interacting with unverified
sources. For this study, had the messages been sent with an
ARMADILLO name, chances are that participants would not
have ignored their first messages:

When I received the message I did not know, any time
I would receive the messages and think they are from
... service provider ...and ignored them only to realize
they were from ARMADILLO. [24-year-old male
youth]

I was shocked ... I have never gotten such questions
or messages, ... I was like who are these people? Of
all the people why did they choose me... as in to ask
me because ... I did not know they [people sending
the messages] were the ones like the same with
ARMADILLO. [18-year-old female youth]

Second, participants were periodically reminded that they could
opt out of the system (and study) by sending STOP back to the
short code. Unfortunately, some participants thought that this
opt-out option was similar to periodic unsubscribing from
mobile provider services, which allow users to opt out (eg, when
not interested in something) but also opt in later on. However,
to comply with research ethics requirements, opting out meant
dropping out of the study altogether:

For example, if I wanted to dismiss myself from the
group it was a bit of a challenge and I would keep
asking myself... for example if I dismiss myself from
the system, I did not know whether I would continue
getting the messages later on or not, so I did not know
how to go about that. [22-year-old female youth]

SRH Content Relevance and Comprehension: Was It
Useful?
Participants generally felt that the ARMADILLO contents were
relevant to them and people of their age. Messages were
described as being educative and informative. Not only did the
participants receive new information but they were also
conveyed the information with clarity, devoid of the shame
mostly associated with SRH talk. SRH knowledge, candidly
described, resonated with the young participants of
ARMADILLO. Topics touching on sex, HIV, and pregnancy
were the most mentioned domains from the platform by both
male and female participants:

...they have helped me to overcome some myths, be
open minded, you know...as in .... There are myths
like, for instance that young girls cannot get pregnant
or get AIDs ... There are also those that say when one
engages in sex for the first time, she cannot get
pregnant. Something of that sort makes someone wise;
you can understand that it is important to use
protection when engaging in sex [21-year-old male
youth]

What I liked most is that most issues discussed were
issues that were not openly discussed as they are
considered shameful, in fact in this generation it has

been difficult for us to sit with our parents and be
explained to that ‘nowadays you are supposed to be
this and that way’... when I came across
ARMADILLO, I got the opportunity that I have been
missing ... I have even known how to avoid certain
things. [23-year-old male youth]

Anecdotally, some messages were purported to have inspired
intent to change behavior. Participants reported going for HIV
testing and deciding to use condoms as a result of the messages:

The other ones like HIV testing...as in there is a time
I had stayed long without testing, When I read those
messages, I got the courage to go and get tested
because it had been long. [21-year-old female youth]

... to prevent myself, as in health wise, to prevent
myself by using a condom that is what made me
happy, I read about how I can help myself when I
meet a woman or how to ensure she does not get
pregnant. [20-year-old male youth]

Although a majority of the participants reported satisfaction
with the platform’s use of language (in both English and
Swahili), a few indicated that certain concepts and words used
were difficult to understand. The language challenge was largely
reported by the female participants. Unlike their male
counterparts who reported reaching out to their friends when
they experienced challenges navigating the platform, the female
participants chose to use the web in search of explanations,
whereas others chose to keep their uncertainties to themselves:

At times the English used was hard and it became
complicated, but I would use google for the meaning
if I did not understand, because their English was
deeper, so I just ‘googled’ the meaning and I go
through it. [18-year-old female youth]

Difficult was the family planning [apart from condoms
and emergency pills], the subdomains about family
planning [pregnancy prevention]; even though I
requested, [when] they gave me the messages I was
like ... I am not understanding anything. [21-year-old
female youth]

Discussion

Principal Findings
In this qualitative study, we describe young peoples’experiences
using an on-demand mHealth intervention and thoughts about
the content. Young participants in the ARMADILLO trial had
a variety of experiences when interacting with the mHealth
platform. Once a weekly domain was opened, the majority of
participants reported enjoying the freedom to select the
subdomain they wished to read at their convenience. However,
although designed for intuitive engagement, the ease of use as
envisioned by the study was not uniform. A few users reported
getting confused by the aspects of the system. Others expressed
frustration when they reached the end of a message and were
left with additional questions. Weekly quizzes aimed at
motivating the study participants to interact with the system
were appreciated. The guaranteed mobile credit was probably
responsible for a fair amount of participants’ enthusiasm.
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Misunderstandings about the system’s stop feature and short
code caused additional confusion. Finally, the content itself was
widely appreciated and understood by most participants; a few,
however, cited comprehension difficulty.

mHealth Situation in Kenya
Most of the myriad mHealth projects in Kenya (both on-demand
and pushed services) are rarely evaluated to assess their usability
by the targeted audience [17]. One exception is an evaluation
of the m4RH program, which was designed to expand the access
to family planning information for the general public with an
on-demand menu. The m4RH usability evaluation assessed
acceptability, feasibility, and potential behavioral impact [18].
The success of the project was evaluated based on the number
of users interacting with the m4RH system, how users learned
about the platform, and users reporting satisfaction with the
program and its contents [18,19]. Similar to this ARMADILLO
assessment, the m4RH assessment demonstrated the potential
of reaching young people with factual and timely SRH
information, including contraceptive facts. In addition, the
(m4RH) assessment established that adolescents and young
adults were the most frequent users of the system [18], with
users appreciating the simplicity of the language used and the
privacy that characterized the delivery of SRH information [19].
More assessments are needed to evaluate young people’s
perceptions of the ease of use and acceptability of mHealth
systems and their contents.

mHealth Future Considerations
When a majority of participants successfully engaged with the
ARMADILLO intervention, why choose to focus this paper on
the usability pain points? The success and adoption of mHealth
interventions largely depends on the targeted end users’
interaction with the technology and their belief that using the
platform will benefit their health [4]. With regard to content
development, the ARMADILLO study had a robust formative
phase [25] that involved vetting SRH content with young people
for comprehension, relevance, and tone. That said, during its
implementation, a small minority of participants indicated that
they struggled to understand the content. This speaks to the
importance of understanding the full spectrum of health literacy
among the targeted population, particularly when dealing with
a population as heterogeneous as young people.

Issues related to the construction of the system itself (the stop
feature, any confusion about the short code and progressing
through the system) might possibly have been identified by
conducting additional pre-RCT real-world pretest of the system.
Others, including sustained frustration at not being able to obtain
additional information, likely did not affect the objectives of
the broader RCT but had implications for implementing similar

services. One preferred feature of the ARMADILLO
intervention was the instant gratification of immediately
receiving a targeted message when requested. This is the natural
strength of an on-demand system where the desired information
comes when queried.

Sentiments about the desire for real-time feedback were
observed with another digital study in Kenya [26]. This can
happen in a few ways. One option is to have persons (peers or
health experts) providing real-time responses to questions, as
has been done in Mozambique’s Geracao Biz program
[27]—this can, however, be resource intensive. Rapid
improvements in artificial intelligence and its application to
chatbots mean that users may soon be able to receive more
human responses to real-time queries. Springster’s Big Sis is
an interesting early example [25], although evaluation is needed.
A less expensive option is to link users of on-demand or push
systems to platforms with more flexibility and space for content
(eg, websites) and hotlines. Integrating with already-existing
systems avoids needless duplication. Creating robust and
interoperable platforms ensures the success of mHealth
initiatives in readiness for scale-up [28].

Limitations
This study was not without limitations, one being that
intervention participants not interviewed in this study might
have different perspectives on the ARMADILLO platform
compared with those reported in this paper. However, the
random selection of intervention arm study participants and
participants’ diversities in terms of age and gender strengthen
our recruitment criteria by avoiding a biased selection. Second,
respondents in this study might have given socially desirable
responses by either overreporting the positives or underreporting
of undesirable platform features. The consistency of our findings
with other mHealth assessment studies supports the validity of
this study.

Conclusions
Findings from this study add evidence to the underexplored
area of mHealth users’experiences targeting young people. The
need to consider end users throughout the mHealth development
for optimum functionality to be achieved is key. This will not
only create a sense of ownership but also give the mHealth
initiative a practical approach while promoting its adoption
through various media appealing to young people. With
continued attention to digital health broadly and an entire new
generation of delivery channels (from influencers to chatbots),
program developers need to pay careful attention to
understanding how users interact with a system, rather than
make assumptions about what works when engaging with young
people.
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Abstract

Background: The user requirements for in-hospital cardiopulmonary resuscitation (CPR) support apps are understudied. To
study usability, functionality, and design based on user requirements, we applied a mixed methods research design using interviews,
observations, and a Kano questionnaire to survey perspectives of both physicians and nurses.

Objective: This study aims to identify what an in-hospital CPR support app should include to meet the requirements and
expectations of health care professionals by evaluating the CprPrototype app.

Methods: We used a mixed methods research design. The qualitative methods consisted of semistructured interviews and
observations from an advanced life support (ALS) course; both provided input to the subsequent questionnaire development. The
quantitative method is a questionnaire based on the Kano model classifying user requirements as must-be, one-dimensional
(attributes causing satisfaction when present and dissatisfaction when absent), attractive, indifferent, and reverse (attributes
causing dissatisfaction when present and satisfaction when absent). The questionnaire was supplemented with comment fields.
All respondents were physicians and nurses providing ALS at hospitals in the Central Denmark Region.

Results: A total of 83 physicians and nurses responded to the questionnaire, 15 physicians and nurses were observed during
ALS training, and 5 physicians were interviewed. On the basis of the Kano questionnaire, 53% (9/17) of requirements were
classified as indifferent, 29% (5/17) as attractive, and 18% (3/17) as one-dimensional. The comments revealed 7 different categories
of user requirements with noticeable differences between those of physicians and nurses: technological challenges, keep track
of time, documentation and history, disturbing element, improvement areas: functions, improvement areas: design, and better
guidance.

Conclusions: The study provides recommendations to developers on the user requirements that need to be addressed when
developing CPR support apps. Three features (one-dimensional attributes) must be incorporated in an in-hospital CPR support
app: reminder of rhythm check, reminder of resuscitation drugs, and differentiate between adults and children. In addition, 5
features (attractive attributes) would result in higher user satisfaction: all functions on one side, access to the patient journal in
the app, automatic time recording when cardiac arrest is called, sound to guide the chest compression rate (metronome), and
send CPR history to the DANARREST(Danish in-hospital cardiac arrest registry) database.
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Introduction

New digital technologies are developing rapidly, and health
care organizations are increasingly adopting and adapting to
these technologies to serve clinical needs [1,2]. To mention a
few benefits, such technologies support better clinical decision
making, facilitate better communication, and potentially improve
patient outcomes [1,3]. Among the technologies that have
become commonplace within health care are mobile devices,
which have led to rapid growth in the development of medical
software apps [1,4-6]. These include apps used for
cardiopulmonary resuscitation (CPR) guidance and support
[7,8]. Most available apps used to support CPR are targeting
laypersons performing basic life support [7,9].

In contrast, little is known about apps for advanced life support
(ALS) during in-hospital cardiac arrests. The challenges of
health care professionals with in-hospital resuscitations are
dealing with high cognitive load, as they have to coordinate
tasks in a team and plan timely rhythm analysis and drug
administrations while considering the reversible causes of
cardiac arrest [10]. Failure to adhere to guidelines may adversely
impact survival [11], and consequently, apps have been
suggested as potential cognitive aids to improve ALS guideline
adherence [12].

However, it is important to study user requirements to improve
clinical usability during resuscitation [13]. Shah and Robinson
[14] argue that understanding users’ needs during development
determines the success or failure of technology development.
Martin et al [15] support this assertion by stating that
investments in research on user requirements benefit not only
the developer but also the user and the entire health care sector.
The proper elicitation of requirements is more likely to aid in
the development of technologies that will support and be used

in clinical work. Therefore, research and development of an
in-hospital CPR support app based on user requirements of
health care professionals is a timely and relevant subject. The
development of an efficient CPR support app will contribute to
the improvement of the manner in which CPR will be performed
in the future. To that end, this study aims to identify what an
in-hospital CPR support app should include to meet the
requirements and expectations of health care professionals by
evaluating the CprPrototype app. This translates into the
following research question: What are the user requirements
for an app for in-hospital CPR support?

Methods

The CprPrototype App
This study seeks to elicit user requirements for an app for
in-hospital CPR support by evaluating the CprPrototype app,
developed by physicians from Aarhus University Hospital,
researchers from Aarhus University, and developers from
Aarhus Business Academy. The app is based on the European
Resuscitation Council guideline for ALS (adapted from Soar
et al [10]; Figure 1).

When performing CPR, the user of the CprPrototype app can
choose the algorithm for shockable rhythms or nonshockable
rhythms (screenshot 1 in Figure 2). The app then starts a 2-min
cycle with a countdown for the next rhythm check. Depending
on the rhythm, the app instructs the user when to prepare specific
resuscitation drugs, including the dose (screenshot 2 in Figure
2). An available feature is the ability to see a list of possible
reversible causes of cardiac arrest (screenshot 3 in Figure 2).
The app continuously keeps track of time, and every action
performed by the user in the app is tracked and stored in the
app’s log (History) feature (screenshot 4 in Figure 2).
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Figure 1. Cardiopulmonary resuscitation (CPR) algorithm.
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Figure 2. Screenshot of CprPrototype app. ROSC: Return of Spontaneous Circulation.

Design
As the app serves to support in-hospital CPR, it is important
from a development perspective to understand the needs of
nurses and physicians during resuscitation. Therefore, we
applied a mixed methods research design to study user
requirements.

First, we observed an ALS course to understand the unspoken
needs of nurses and physicians in providing ALS. The ALS
course included simulations of cardiac arrests, and the
participants practiced each step of ALS. During the simulations,
the nurses and physicians were divided into teams. We followed
each team through participant observation in an effort to uncover
the needs that were not verbally articulated by the course
participants. We took extensive field notes that were
subsequently coded and analyzed to identify common themes
[16]. The themes (resuscitation challenges, smooth collaboration,
information overload, efficient communication, and need for
structure and overview) provided insight into the work processes
and communication of resuscitation team members, their
unspoken needs for support and guidance, and helped prepare
the subsequent interviews.

Second, we conducted interviews with physicians who served
as resuscitation team leaders. The interviews were
semistructured, based on insights from our observations. An
interview guide was used to ensure the structure and comparable
answers. The interviews were transcribed and analyzed through
systematic text condensation to uncover their meaning [17].
The analysis facilitated our understanding of how they practice
ALS, medical terminology and technology used during
resuscitation, and use case scenarios for the app.

Third, we used the interview results together with the
observations to develop questions for the Kano-type
questionnaire. The questionnaire was sent to the respondents
with an attached video of how the app functions. Furthermore,
the questionnaire data were collected and managed using the
REDCap (REDCap consortium; research electronic data capture)
software platform [18,19].

The study complies with the ethical principles for medical
research involving human subjects. According to the Danish
National Committee on Biomedical Research Ethics, the study
does not require approval from an ethical review committee.
The study took place from February to May 2019.

The Kano Model
To elicit user requirements and improve user satisfaction in
developing health care products and services, the Kano model
has previously been used [13,20,21]. The model provides insight
into user requirements and whether different features (quality
attributes) of a service or product contribute to greater or lower
customer satisfaction [21]. Thus, it guides in prioritizing
between user requirements and identifying opportunities when
designing or improving products and services based on customer
needs [13].

Kano et al [22] proposed a 2-dimensional quality model to
classify and categorize an element of a service or product. The
model is based on the motivator-hygiene theory by Herzberg
et al [23], positing that the factors causing satisfaction are
different from those causing dissatisfaction. The model helps
visualize the relationship between the product’s functionality
and customer satisfaction (Figure 3—adapted from Witell and
Löfgren [24]). The model serves to explain the role of various
quality attributes in determining customer satisfaction as a basis
for developing a product or service.
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Figure 3. The Kano model. The horizontal axis shows the level of fulfillment of a requirement, and the vertical axis displays the level satisfaction with
a requirement.

As illustrated, the model classifies the quality attributes into 5
categories: must-be, one-dimensional, attractive, indifferent,
and reverse quality (listed based on importance). The must-be
attributes are expected by the customer and do not result in
increased customer satisfaction, but if these attributes are not
present, customers are dissatisfied. The one-dimensional
attributes cause satisfaction when present and cause
dissatisfaction when absent. The attractive attributes are
unexpected and delight the customer, which increases customer
satisfaction, but they do not cause dissatisfaction when absent,
because they are not expected. Therefore, these attributes often

reflect unspoken needs. Finally, the indifferent attributes neither
cause satisfaction nor dissatisfaction, and reverse attributes
result in dissatisfaction when present and cause satisfaction
when absent [24].

We used the Kano 5-level questionnaire to classify the features
into 5 categories. The features are first evaluated according to
a functional question (how respondents feel if a particular feature
is present) and subsequently a dysfunctional question (how
respondents feel if the feature is not present). The respondents
had to choose between 5 possible responses (Textbox 1).

Textbox 1. Example questions and possible responses from the Kano questionnaire.

• If the app is able to differentiate between adults and children, how would you feel?

• I like it that way

• It must be that way

• I am neutral

• I can accept it to be that way

• I dislike it that way

• If the app is not able to differentiate between adults and children, how would you feel?

• I like it that way

• It must be that way

• I am neutral

• I can accept it to be that way

• I dislike it that way
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When the survey was completed, all answers were evaluated
and placed in an evaluation table [21] (Table 1) and categorized
into M (must-be), O (one-dimensional), A (attractive), I
(indifferent), R (reverse), and Q (questionable) quality attributes.
If an answer is categorized as questionable, it indicates a
conflicting answer because the respondent has answered like to
both the functional and dysfunctional question, making the
response invalid [21]. All questions from the survey are listed
in the evaluation table, where an attribute is assigned according
to the most frequently used response category (Tables 1, 2, and
3).

The coefficient of customer satisfaction shows how strongly a
feature influences satisfaction or dissatisfaction, which helps
developers prioritize user requirements. The coefficient consists
of positive (satisfaction) and negative (dissatisfaction) values,

and the coefficient shows the satisfaction or dissatisfaction with
the presence or absence of a feature. The positive value in the
formula below shows the satisfaction when a requirement is
met, and the negative value shows dissatisfaction when a
requirement is not met. The coefficient is calculated as follows
(adapted from the study by Berger et al [25]):

A, O, M, and I indicate the frequency of each category shown
in the evaluation table. The negative sign in front of the
dissatisfaction formula emphasizes the negative influence on
customer satisfaction when the requirement is not met or if the
feature is not part of the product [20]. Features of the evaluated
product or service that yield high positive and negative values
should be prioritized and addressed [21].

Table 1. Kano evaluation table.

DysfunctionalCharacteristics

DislikeAccept itNeutralMust-beLike it

Functional

OcAAAbQaLike it

MfIIIeRdMust-be

MIIIRNeutral

MIIIRAccept it

QRRRRDislike

aQ: questionable.
bA: attractive.
cO: one-dimensional.
dR: reverse.
eI: indifferent.
fM: must-be.
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Table 2. Kano evaluation table—all results (n=83).

CategoryIf, n (%)Qe, n (%)Rd, n (%)Oc, n (%)Mb, n (%)Aa, n (%)Questions

I46 (55)1 (1)7 (8)1 (1)4 (5)24 (29)1. Have a phone in your hand during resuscitation

I38 (46)1 (1)5 (6)6 (7)N/Ag33 (40)2. Use the app during resuscitation

A27 (33)1 (1)3 (4)19 (23)5 (6)28 (34)3. All functions on one side

I50 (60)1 (1)5 (6)9 (11)5 (6)13 (16)4. Bigger text in the app

I53 (64)1 (1)7 (8)7 (8)5 (6)10 (12)5. Bigger icons in the app

I58 (70)1 (1)7 (8)4 (5)1 (1)12 (14)6. Color on the alarm

O12 (14)1 (1)4 (5)33 (40)16 (19)17 (20)7. Reminder of rhythm check

O16 (19)2 (2)2 (2)35 (42)13 (16)15 (18)8. Reminder of resuscitation drugs

O14 (17)1 (1)2 (2)43 (52)14 (17)9 (11)9. Differentiate between adults and children

I27 (33)2 (2)10 (12)25 (30)7 (8)12 (14)10. Sound on the alarm by the end of a 2-minute cycle

I31 (37)1 (1)4 (5)18 (22)13 (16)16 (19)11. Turn of the alarm by the end of a 2-minute cycle

I33 (40)4 (5)18 (22)12 (14)4 (5)12 (14)12. Vibration instead of alarm by the end of a 2-minute cycle

A24 (29)3 (4)22 (27)7 (8)1 (1)26 (31)13. Access to the patient journal in the app

A18 (22)1 (1)2 (2)18 (22)5 (6)39 (47)14. Automatic time recording when cardiac arrest is called

I28 (34)1 (1)4 (5)20 (24)7 (8)23 (28)15. More information about the reversible causes for cardiac arrest

A22 (27)1 (1)19 (23)8 (10)4 (5)29 (35)16. Sound to guide the chest compression rate (metronome)

A20 (24)1 (1)1 (1)22 (27)3 (4)36 (43)17. Send CPRh history to the DANARRESTi database

aA: attractive.
bM: must-be.
cO: one-dimensional.
dR: reverse.
eQ: questionable.
fI: indifferent.
gN/A: not applicable.
hCPR: cardiopulmonary resuscitation.
iDANARREST: Danish in-hospital cardiac arrest registry.
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Table 3. Kano evaluation table—physicians (n=53).

CategoryIf, n (%)Qe, n (%)Rd, n (%)Oc, n (%)Mb, n (%)Aa, n (%)Questions

I32 (60)1 (2)6 (11)N/Ag1 (2)13 (25)1. Have a phone in your hand during resuscitation

I25 (47)1 (2)5 (9)5 (9)N/A17 (32)2. Use the app during resuscitation

A13 (25)1 (2)2 (4)14 (26)3 (6)20 (38)3. All functions on one side

I33 (62)1 (2)4 (8)6 (11)2 (4)7 (13)4. Bigger text in the app

I32 (60)1 (2)6 (11)4 (8)3 (6)7 (13)5. Bigger icons in the app

I40 (75)1 (2)3 (6)2 (4)N/A7 (13)6. Color on the alarm

O8 (15)1 (2)3 (6)21 (40)10 (19)10 (19)7. Reminder of rhythm check

O11 (21)2 (4)1 (2)22 (42)8 (15)9 (17)8. Reminder of resuscitation drugs

O11 (21)1 (2)1 (2)28 (53)7 (13)5 (9)9. Differentiate between adults and children

I19 (36)2 (4)6 (11)14 (26)4 (8)8 (15)10. Sound on the alarm by the end of a 2-minute cycle

I16 (30)1 (2)2 (4)11 (21)12 (23)11 (21)11. Turn of the alarm by the end of a 2-minute cycle

I17 (32)3 (6)14 (26)7 (13)4 (8)8 (15)12. Vibration instead of alarm by the end of a 2-minute cycle

A10 (19)2 (4)17 (32)5 (9)N/A19 (36)13. Access to the patient journal in the app

A11 (21)1 (2)2 (4)11 (21)2 (4)26 (49)14. Automatic time recording when cardiac arrest is called

I18 (34)1 (2)2 (4)13 (25)4 (8)15 (28)15. More information about the reversible causes for cardiac arrest

A14 (26)1 (2)14 (26)3 (6)1 (2)20 (38)16. Sound to guide the chest compression rate (metronome)

A11 (21)1 (2)1 (2)12 (23)1 (2)27 (51)17. Send CPRh history to the DANARRESTi database

aA: attractive.
bM: must-be.
cO: one-dimensional.
dR: reverse.
eQ: questionable.
fI: indifferent.
gN/A: not applicable.
hCPR: cardiopulmonary resuscitation.
iDANARREST: Danish in-hospital cardiac arrest registry.

Questionnaire Design
Before distributing the Kano questionnaire to respondents, a
pilot test was performed with 5 physicians to evaluate their
understanding of the questions. Their feedback helped us modify
questions to facilitate understanding and ensure reliability and
validity by adapting the wording to the terminology used by
both nurses and doctors. The final questionnaire design consists
of 3 main categories of questions and 5 subcategories (Figure
4).

The Kano model is used to elicit user requirements and provides
insight into the needs and priorities of users, but it does not
provide a more detailed explanation of those requirements. To
this end, supplementary methods are needed. Therefore, we
added additional questions with comment fields that allow
respondents to elaborate on answers. As the study participants
had not used the CprPrototype app beforehand, we created a
video in Danish that explains the app and its purpose [26].

An analysis of the comments was performed to identify themes
and interpret the answers to the functional and dysfunctional
questions.
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Figure 4. The questionnaire framework. CPR: cardiopulmonary resuscitation; DANARREST: Danish in-hospital cardiac arrest registry.

Study Participants
Physicians and nurses are considered the users in this study, as
they respond to in-hospital resuscitations [27].

We observed 15 physicians and nurses at an ALS course at a
university hospital. In the semistructured interviews, a total of
5 physicians from different hospitals in the Central Denmark
Region were interviewed. All 5 interviewees acted as team
leaders during in-hospital resuscitation and provided feedback
on the CprPrototype app. Finally, the questionnaire was sent to
a total of 469 physicians and nurses from different hospitals in
the Central Denmark Region who had previously participated
in an ALS course. Questionnaires were distributed by course
coordinators via email to safeguard their anonymity and ensure
compliance with the General Data Protection Regulation
(GDPR) [28]. The exact number of nurses compared with the
number of physicians is unknown. Respondents were given the
option of participating in a draw to win movie tickets.

Results

In total, 17.7% (83/469) of physicians and nurses responded.
Overall, 64% (53/83) of respondents were physicians and 36%
(30/83) were nurses.

A total of 17 app features were rated and classified using the
Kano evaluation table. The Kano evaluation table shows the
classification of each question from the questionnaire based on

user requirements (Tables 2, 3, and 4). The tables below show
the difference between the individual results obtained from
physicians and nurses and the aggregated results. The overall
Kano analysis (Table 2) indicates that more than half of the
features are classified as indifferent (9/17, 53%), with only 5
being attractive (5/17, 29%) and 3 being one-dimensional (3/17,
18%). None of the features are classified as must-be. The
frequent indifferent classification suggests that neither the
presence nor absence of most of the evaluated features makes
a difference to the user. One-dimensional means that the absence
of the feature will cause dissatisfaction. The features classified
as one-dimensional are questions 7, 8, and 9 (Table 2). Questions
3, 13, 14, 16, and 17 (Table 2) point to attractive features that
delight the users because they are not expected but their absence
does not cause dissatisfaction.

Both physicians and nurses were indifferent to most of the
evaluated features (9/17, 53%). There is, however, a difference
in user requirements between physicians and nurses regarding
the one-dimensional and attractive categories. Overall, 29%
(5/17) of the features were classified as one-dimensional by the
nurses compared with 18% (3/17) by physicians. This difference
indicates that nurses to a higher degree believe that one
particular feature, sending CPR history to the DANARREST
database (the national in-hospital cardiac arrest quality registry
in Denmark), needs to be incorporated in the app and will cause
dissatisfaction if it is not. In turn, based on the answers by the
physicians, this feature is classified as attractive.
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Table 4. Kano evaluation table—nurses (n=30).

CategoryIf, n (%)Qe, n (%)Rd, n (%)Oc, n (%)Mb, n (%)Aa, n (%)Questions

I14 (47)N/Ag1 (3)1 (3)3 (10)11 (37)1. Have a phone in your hand during resuscitation

A13 (43)N/AN/A1 (3)N/A16 (53)2. Use the app during resuscitation

I14 (47)N/A1 (3)5 (17)2 (7)8 (27)3. All functions on one side

I17 (57)N/A1 (3)3 (10)3 (10)6 (20)4. Bigger text in the app

I21 (70)N/A1 (3)3 (10)2 (7)3 (10)5. Bigger icons in the app

I18 (60)N/A4 (13)2 (7)1 (3)5 (17)6. Color on the alarm

O4 (13)N/A1 (3)12 (40)6 (20)7 (23)7. Reminder of rhythm check

O5 (17)N/A1 (3)13 (43)5 (17)6 (20)8. Reminder of resuscitation drugs

O3 (10)N/A1 (3)15 (50)7 (23)4 (13)9. Differentiate between adults and children

O8 (27)N/A4 (13)11 (37)3 (10)4 (13)10. Sound on the alarm by the end of a 2-minute cycle

I15 (50)N/A2 (7)7 (23)1 (3)5 (17)11. Turn of the alarm by the end of a 2-minute cycle

I16 (53)1 (3)4 (13)5 (17)N/A4 (13)12. Vibration instead of alarm by the end of a 2-minute cycle

I14 (47)1 (3)5 (17)2 (7)1 (3)7 (23)13. Access to the patient journal in the app

A7 (23)N/AN/A7 (23)3 (10)13 (43)14. Automatic time recording when cardiac arrest is called

I10 (33)N/A2 (7)7 (23)3 (10)8 (27)15. More information about the reversible causes for cardiac arrest

A8 (27)N/A5 (17)5 (17)3 (10)9 (30)16. Sound to guide the chest compression rate (metronome)

O9 (30)N/AN/A10 (33)2 (7)9 (30)17. Send CPRh history to the DANARRESTi database

aA: attractive.
bM: must-be.
cO: one-dimensional.
dR: reverse.
eQ: questionable.
fI: indifferent.
gN/A: not applicable.
hCPR: cardiopulmonary resuscitation.
iDANARREST: Danish in-hospital cardiac arrest registry.

The comments of the respondents provide additional insight
into the questionnaire responses. A total of 68 respondents
answered questions with comments. Of the 68 respondents, 25
were nurses and 43 were physicians. From these comments, we
identified 7 main themes in an attempt to better understand the
differences in user requirements between physicians and nurses
(Table 5). The column frequency shows how many times both

physicians and nurses made a comment, mentioning one of the
themes. In the columns Physicians and Nurses, we show the
frequency of themes among physicians and nurses, respectively.

We quantified the comments to use the resulting values as a
means to identify patterns and thereby convert them into central
themes. This allows us to discern additional differences between
physicians and nurses regarding user requirements.

Table 5. Themes of comment fields.

Nurses (n=25), n (%)Physicians (n=43), n (%)FrequencyTheme

1 (4)23 (53)24Technological challenges

9 (36)24 (56)33Keep track of time

10 (40)14 (33)24Documentation and history

2 (8)12 (28)14Disturbing element

Areas of improvement

4 (16)15 (35)19Functions

11 (44)15 (35)26Design

17 (68)22 (51)39Better guidance

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e16114 | p.243https://mhealth.jmir.org/2021/1/e16114
(page number not for citation purposes)

Müller et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


The themes in Table 5 are the most dominant among all the
comments, revealing that the same themes are salient across the
comments of both physicians and nurses, despite differences in
frequency.

A clear difference in requirements is the preference of nurses
for more information and guidance in the app compared with
the physicians. As shown in Table 5, 68% (17/25) of nurses
preferred better guidance during CPR in comparison with 51%
(22/43) of physicians. One of the main concerns expressed by
physicians is technological challenges, such as the risk of the
smartphone running out of battery or crashing during CPR. In
total, 53% (23/43) of physicians expressed this concern, whereas

only 4% (1/25) of nurses commented on this concern. The
physicians also fear that the app might become a disturbance
during CPR (12/43, 28%). In contrast, only a few of the nurses
mentioned the same theme (2/25, 8%).

Table 6 provides an overview of the degree of satisfaction of
health care professionals when a requirement is met and
dissatisfaction when a requirement is not met. Furthermore, the
coefficient indicates a clear priority among the app features
evaluated in the study [29]. The values of the coefficients range
from 0 to 1. The closer the values are to 1, the more satisfied
or dissatisfied a user is with a feature [21]. If a value is greater
than 0.5, a feature is assumed to be important [29].

Table 6. Coefficient of user satisfaction.

Negative valuePositive valueQuestions

−0.060.331. Have a phone in your hand during resuscitation

−0.070.502. Use the app during resuscitation

−0.300.593. All functions on one side

−0.180.284. Bigger text in the app

−0.160.225. Bigger icons in the app

−0.060.216. Color on the alarm

−0.620.647. Reminder of rhythm check

−0.600.638. Reminder of resuscitation drugs

−0.710.659. Differentiate between adults and children

−0.450.5210. Sound on the alarm by the end of a 2-minute cycle

−0.390.4311. Turn of the alarm by the end of a 2-minute cycle

−0.260.3912. Vibration instead of alarm by the end of a 2-minute cycle

−0.130.5613. Access to the patient journal in the app

−0.280.7114. Automatic time recording when cardiac arrest is called

−0.340.5515. More information about the reversible causes for cardiac arrest

−0.190.5816. Sound to guide the chest compression rate (metronome)

−0.300.7117. Send CPRa history to the DANARRESTb database

aCPR: cardiopulmonary resuscitation.
bDANARREST: Danish in-hospital cardiac arrest registry.

As shown in Table 6, 3 of the features display positive values
of 0.63 and 0.65, which indicate a high degree of satisfaction
if the requirements are met. The same features display negative
values between 0.60 and 0.71, which indicates high degrees of
dissatisfaction if the requirements are not met. These features
are classified as one-dimensional in Table 2. The coefficients,
therefore, show developers how to prioritize among
one-dimensional requirements when developing the app. The
coefficients also show that questions 14 and 17, which are
classified as attractive, also lead to high degrees of satisfaction
if the corresponding features are implemented.

Discussion

Principal Findings
The 3 attributes classified as one-dimensional are app features
that the user explicitly wants. The 3 features are reminder of

rhythm check, reminder of resuscitation drugs, and differentiate
between adults and children. App developers should focus on
these but may also benefit from implementing the attractive
features. According to Witell and Löfgren [24], attractive
attributes are essential when striving for quality in products and
services because of the likelihood of generating user satisfaction.
This is supported by the coefficient values in Table 6, which
display a user satisfaction of above 0.70 for all attractive
features. Besides, implementing attractive features is a low-risk
strategy, as low performance with regard to such features will
not increase user dissatisfaction because they are unexpected.
For example, one feature that could be added to a CPR support
app to increase user satisfaction is automatic time recording
when cardiac arrest is called (0.71). Thus, app developers may
use the coefficients (Table 6) to prioritize the features to be
implemented when developing an in-hospital CPR support app.
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An analysis of the questionnaire comments by the respondents
revealed 7 central themes. Most of the comments supported the
results of the Kano questionnaire. When asked if they would
use the app during resuscitation, the nurses saw it as an
attractive feature, whereas the responses of the physicians were
classified as indifferent. More than one theme supported these
categorizations. The themes technological challenges and
disturbing element were commented on frequently among
physicians compared with nurses, which helped explain why
the physicians were indifferent to using an app during
resuscitation. In contrast, nurses frequently mentioned the value
of receiving better guidance provided by the app.

Furthermore, physicians frequently made suggestions regarding
functionality, whereas nurses made design suggestions. A
possible explanation for the differences in user requirements
between physicians and nurses is the difference in experience
with ALS and the different roles they have during CPR, with
physicians most frequently being team leaders. Some physicians
have more experience with the ALS algorithm, which could
account for their suggestions regarding functionality, whereas
it is difficult for nurses to comment on functionality as they are
less experienced with the algorithm. The study suggests that it
might be beneficial in the future to ensure configurability of the
CPR support app, depending on who the user is, given the
different requirements of physicians and nurses. However,
further research is necessary to investigate the differences
between physicians and nurses and how to accommodate their
different needs.

Comparison With Previous Work
Several studies that have applied the Kano model in a health
care context have recently been published [13,21,29-34]. None
of these studies use the Kano model to elicit user requirements
in the development of an in-hospital CPR support app. Using
the Kano model, we are able to support the claims of both
Sulisworo and Maniquiz [32] and Gustavsson et al [13] that the
Kano model is a practical tool to elicit different user
requirements in a health care context and help prioritize between
them. However, we recommend combining the Kano model
with qualitative methods. We used observations and interviews
to develop the Kano questionnaire, and we supplemented the
Kano questionnaire with more open questions and comment
fields, encouraging respondents to elaborate on their answers.
This is a contribution to the existing Kano model methodology
that allowed us to gain an in-depth understanding of user
requirements and their priorities based on different roles (ie,
physicians and nurses). The study by Gustavsson et al [13]
shows the importance of incorporating the perspectives of
individuals in multiple roles, which should be taken into
consideration when using the Kano model. In doing so,
practitioners and researchers can capture a wide range of
different user needs. Our study corroborates the findings of
Gustavsson et al [13] in the sense that our results show different
user requirements based on the different roles of nurses and
physicians.

Kalz et al [6] reported about an evaluation study of usability
and quality criteria in developing an app for basic life support.
In comparison, our study elicits user requirements for an ALS

support app. Not only does our study offer recommendations
for app developers to create value through implementation of
specific attractive and one-dimensional features, but it also
shows the importance of eliciting user requirements. Our results
compare with those of Liao et al [34], who focus on exercise
apps. Their study also recommends that app developers focus
on value creation and invoke positive emotions through
attractive features. Although there are similarities between the
studies, our study extends the findings of Liao et al [34] by
recommending that developers also focus on one-dimensional
features and not only attractive features. They focus on
attractive features because it enhances the strategic advantage
in a competitive market with thousands of other apps similar to
the one they are developing.

One study suggests that CPR support apps help improve the
performance of ALS [12], although the literature on the subject
is scarce. Low et al [12] found that test groups using an app
during a simulation test improved the quality of ALS compared
with the control group not using the app. Our study is the first
to focus on app support for in-hospital CPR. Although our study
elicits user requirements for such an app, we cannot provide
additional support to the existing evidence that CPR support
apps help improve CPR performance [12]. However, our study
documents the user requirements for apps that are intended to
precisely accomplish that goal.

Limitations
A limitation of this study is the low response rate. In total, 469
potential respondents were contacted of which 83 responded,
which translates into a response rate of 18%. Compliance with
the European GDPR regulation necessitated that the
questionnaires were distributed by health care coordinators who
were in possession of the names and email addresses of the
respondents. However, indirect contact with respondents limited
our ability to encourage participation through personal contact
and reminders. Furthermore, the study only included physicians
and nurses from the Central Denmark Region. However, the
Danish health care system is homogeneous. Therefore, the
results are, in all probability, comparable across Danish regions.

Furthermore, this study shows challenges in eliciting user
requirements for a CPR support app, as most of the features are
classified as indifferent. One reason for the classification can
be attributed to the respondents not having used the
CprPrototype app in real life but only having seen it presented
in a video. Consequently, they may have difficulty articulating
their requirements. In the comment fields, most respondents
mentioned that they would like to try the app. If the respondents
try the app in a simulation, they may have more specific
comments regarding the features they need. Thus, a limitation
is that this study does not include a simulated or a clinical
resuscitation attempt. Future research should address this
limitation. Thus, clinical investigations need to be done once
the user requirements have been incorporated.

Conclusions
When developing a product or service such as an app for clinical
use, focusing on user requirements is essential. Therefore, we
address a knowledge gap by using the Kano model to elicit the
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user requirements for an in-hospital CPR support app. In total,
3 requirements classified as one-dimensional should be
prioritized and incorporated in the app: reminder of rhythm
check, reminder of resuscitation drugs, and differentiate between
adults and children. This study also revealed 5 attractive
requirements that should be prioritized in developing CPR apps
to increase user satisfaction: all functions on one side, access
to the patient journal in the app, automatic time recording when
cardiac arrest is called, sound to guide the chest compression
rate(metronome), and send CPR history to the DANARREST
database.

Although this study shows an increasing use of mobile apps
during CPR and highlights the importance of eliciting user
requirements, our study is uniquely able to provide

recommendations to developers on the specific user
requirements that should be addressed when developing CPR
support apps.

Looking toward the future, it will be important to ensure that
the CprPrototype app complies with the European Union
Medical Device Regulation of 2017 [35] and relevant national
legislation before it can be used in clinical medical practice
without fear of personal liability [36]. The next step is to
integrate the app with widely used defibrillators into a coherent
CPR decision support system for monitoring physiological
processes and guiding CPR based on dynamic algorithms. This
integration will pave the way for systems interoperability, so
the information can be used in, for example, digital hospital
command centers [37].
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Abstract

Background: Substance use among adolescents and emerging adults continues to be an important public health problem
associated with morbidity and mortality. Mobile health (mHealth) provides a promising approach to deliver just-in-time adaptive
interventions (JITAIs) to prevent escalation of use and substance use–related consequences.

Objective: This pilot study aims to describe the iterative development and initial feasibility and acceptability testing of an
mHealth smartphone app, called MiSARA, designed to reduce escalation in substance use.

Methods: We used social media advertisements to recruit youth (n=39; aged 16-24 years, who screened positive for past-month
binge drinking or recreational cannabis use) with a waiver of parental consent. Participants used the MiSARA app for 30 days,
with feasibility and acceptability data reported at a 1-month follow-up. We present descriptive data regarding behavior changes
over time.

Results: The results show that most participants (31/39, 79%) somewhat liked the app at least, with most (29/39, 74%) rating
MiSARA as 3 or more stars (out of 5). Almost all participants were comfortable with self-reporting sensitive information within
the app (36/39, 92%); however, most participants also desired more interactivity (27/39, 69%). In addition, participants’ substance
use declined over time, and those reporting using the app more often reported less substance use at the 1-month follow-up than
those who reported using the app less often.

Conclusions: The findings suggest that the MiSARA app is a promising platform for JITAI delivery, with future trials needed
to optimize the timing and dose of messages and determine efficacy.

(JMIR Mhealth Uhealth 2021;9(1):e24424)   doi:10.2196/24424
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Introduction

Background
Advances in mobile health (mHealth) not only allow for
accessible and cost-effective interventions but also offer novel
opportunities for delivering personalized and adaptive
interventions in the real world. A form of personalized medicine,
just-in-time adaptive interventions (JITAIs) operationalize the
use of real-time data collection in individualizing content and
delivery of intervention strategies [1,2]. JITAIs have been
developed and evaluated for a wide range of behavioral health
issues (eg, cardiovascular disease [3], diabetes [3,4], mental
illness [5], smoking cessation [6,7]).

mHealth approaches are lacking in the selective prevention of
substance use (eg, risky use of alcohol, cannabis) among youth
during this critical period when substance use is initiated and
reaches peak prevalence [8-10]. For example, past-month binge
drinking (eg, >4 for females or >5 drinks for males) is reported
by 10.2% of youth aged 16 to 17 years, 26.2% of youth aged
18 to 20 years, and 45.4% of youth aged 21 to 25 years [11].
Such risky drinking increases the likelihood of health, academic,
and social consequences and the development of alcohol use
disorders [12-15] and is associated with morbidity and mortality
(ie, injury, violence, suicide, overdose) [10,12-14]. Past-month
use of cannabis is reported in 6.5% of adolescents and 22.1%
of emerging adults [16]. The recent legalization of recreational
cannabis (ages ≥21 years) in many areas heightens concern,
particularly given the decreases in perceptions of risk [17,18]
and effects on neuromaturational brain development (eg,
compromised decision making and inhibitory control
functioning) [19,20]. Furthermore, recent trends in the
simultaneous use of alcohol and cannabis (defined as
consumption patterns of alcohol and cannabis such that the
individual reports the effects overlap), which is associated with
greater consumption and consequences [21-24], highlight the
urgent need for interventions to prevent risky substance use.

Critical challenges exist in developing mHealth interventions
to reduce substance use among adolescents and emerging adults.
Existing mHealth interventions for substance use are primarily
developed for adults and/or individuals with substance use
disorders (SUDs; <10% of adolescents and emerging adults)
[25], which miss a larger proportion of adolescents and emerging
adults with risky substance use. For example, emerging research
demonstrates the benefit of relapse prevention apps (eg,
A-CHESS, ChessHealth [26]) delivered after SUD treatment
[27-32], underscoring the promise of mHealth tools, but they
are tailored for individuals with greater readiness to change and
substance use severity. In addition, these tools reinforce
treatment concepts, which those with risky use have yet to
receive, and include therapist support, which reduces scalability
and may be unnecessary for those with lower severity substance
use.

In 2015, recognizing the need for prevention-focused apps, the
Society for Adolescent Health and Medicine released a health
education app (including substance use) for parents of
adolescents, THRIVE (Society for Adolescent Health and
Medicine). Although beneficial, this app primarily consists of

didactic, static information (eg, facts, conversation starters,
immunization records, find a doctor), so content is not tailored
in real time. In addition, a systematic review of 12 studies
concluded that although mHealth shows promise to address
substance use, more studies are needed to develop and test the
efficacy using current platforms [29]. Furthermore, there was
heterogeneity across studies in terms of length of intervention
delivery, intervention dose delivered, remote delivery platform,
sample severity, and content included. Therefore, research to
identify optimal components of mHealth tools to reduce
substance use among adolescents and emerging adults is needed.

Daily monitoring and ecological momentary assessment (EMA)
studies can inform JITAIs by explaining why youth binge drink
or use cannabis on some days and not others. However, prior
daily monitoring and EMA studies of substance use are generally
lacking among adolescents, with most conducted among college
student samples [33,34]. Daily monitoring and EMA studies of
college students underscore the importance of both negative
affect (ie, craving and anxiety) in alcohol [35,36] and cannabis
use [37,38] as well as positive affect (eg, enhancement motives)
in binge drinking and cannabis use [37-39].

Adequate engagement with mHealth apps is necessary for
success [1,2]; however, low engagement and attrition is common
[40-42], including in those apps focusing on substance use [29].
This concern is particularly salient for not-in-treatment samples
of adolescents and emerging adults who may not view their
substance use as problematic (eg, lower readiness to change).
Thus, engagement in mHealth tools for those not seeking
behavior change is a unique challenge. Although passive data
collection is rapidly advancing, self-reporting remains to be a
staple for tailoring intervention delivery for substance use, as
passive detection of key psychological mechanisms such as
motives for use is not possible. Daily monitoring and EMA
studies, including a recent meta-analysis, show modest response
rates (eg, 60%-70%) [43-45], despite payments of US $2 to US
$5 per day (or US $60-US $150 over a month), which creates
a challenge for scalability [45]. Herein, we describe recent
user-centered design work to develop the initial substance abuse
research assistant (SARA) app, aimed at enhancing adolescents’
and emerging adults’engagement with daily monitoring surveys.
We then describe the acceptability and feasibility findings from
our pilot study of a JITAI version of SARA, called MiSARA.

An Overview of Prior Work to Iteratively Develop
SARA
Consistent with the preparation phase of the Multiphase
Optimization Strategy (MOST) framework [46], our team’s
prior work [47] used an iterative process through a series of
formative studies with adolescents and emerging adults to
inform and refine our mHealth app (see Rabbi et al [47]). These
prior studies focused on using the initial SARA app for
enhancing engagement in daily assessments, which are critical
for JITAI tailoring, and did not include delivery of intervention
content [47]. Specifically, the SARA app integrated daily and
weekly self-report surveys and tasks (eg, reaction time, spatial
memory tasks) with theoretically grounded engagement
strategies to improve the completion of self-report surveys with
minimal financial incentive, enhancing scalability. As described
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in a study by Rabbi et al [47], to develop and refine SARA, we
conducted (1) a web-based survey to assess user perceptions
about design features, (2) focus groups to obtain in-depth
qualitative feedback on the app, and (3) a preliminary
microrandomized trial (MRT; n=18) to refine app features
[47-49]. The iteratively refined SARA app employed
gamification through a virtual aquarium environment, which
displays more fish as self-reporting increases; gamification
included levels (ie, unlocking fish based on completion) and
small monetary incentives.

Subsequently, as described in a study by Nahum-Shani et al
(unpublished data, 2021), we conducted a larger MRT (N=68)
of SARA with youth reporting past-month binge drinking or
cannabis use to further refine the SARA app. Using data from
this MRT, we assessed the proximal effect of delivering
theory-based engagement strategies, including reciprocity and
nonmonetary reinforcement of daily survey completion. In the
MRT, we included much lower financial incentives (eg, 30-day
incentives averaged US $6.24 per participant) than prior daily
monitoring studies while yielding fairly comparable rates of
self-reporting (eg, 60.3% daily surveys, 75% weekly surveys).
Regarding acceptability, most youth rated SARA as at least
somewhat fun (76.3%) and interesting (72.9%). The findings
supported the efficacy of reciprocity strategies (ie, inspirational
quote delivered before daily survey prompts regardless of
engagement), with participants liking the inspirational quotes.
Nonmonetary reinforcement in the form of entertaining memes
or graphics interchange format (gifs) images delivered after
self-reporting did not appear to increase engagement, with
feedback indicating a preference for rewards that are more
consistent with the aquarium environment (eg, points, fish).
Finally, mixed evidence was found for employing nonmonetary
reinforcement in the form of personalized feedback graphs based
on daily data; participants wanted their data available at all
times, rather than contingent on self-reporting. Together, prior
work from our team with the SARA app involving iterative
refinement and analysis of the MRT set the stage for the
development of the MiSARA JITAI aimed at reducing alcohol
and cannabis use among at-risk adolescents and emerging adults.
The goal of this study is to establish the feasibility and
acceptability of the MiSARA JITAI and to explore preliminary
outcomes related to behavior change.

Methods

Study Design and Protocol

Recruitment
Participants were recruited through social media advertisements
(eg, Facebook, Instagram) over a 2-week period to obtain a
broad sample of adolescents and emerging adults aged 16 to 24
years (n=39) who reported binge drinking or cannabis use. When
users clicked the advertisement, they were redirected to the
web-based screening consent. A waiver of parental consent was
obtained for minor participants (aged 16-17 years), given the
minimal risk of the study and the possibility that adolescents
would prefer not to participate in this selective prevention study
on substance use if parental consent was required. Eligible

participants were invited to provide contact information for
verification purposes, which consisted of a completely
automated public Turing test to tell computers and humans apart
(CAPTCHA), checking for duplicate internet protocol addresses
and examining social media profiles. Once verified by staff,
eligible participants were invited via email or text to join the
longitudinal study, where they would complete a baseline survey
in Qualtrics (with baseline consent embedded and a waiver of
parental consent), download, and use the MiSARA app for 1
month and complete a 1-month follow-up survey about the app
functionality, design and content, and preliminary outcomes.
The MiSARA study was approved by the Medical School at
the University of Michigan (IRBMED ID: HUM00148393).

Inclusion or Exclusion Criteria
Screened individuals were eligible for the study if they (1) had
an iPhone to download the app (as the current version was
compatible only with iOS not Android), (2) screened positive
for past-month binge drinking (>4 drinks for females or >5
drinks for males) or any past-month cannabis use without a
medical cannabis card, and (3) met the study verification criteria
described earlier.

Self-Report Measures
At baseline and 1-month follow-up, we collected descriptive
data [50,51] (Table 1) as well as quantity and frequency of use
(eg, Alcohol Use Disorder Identification Test-Consumption
[AUDIT-C], 30-day Timeline Follow Back) [52-56]. We also
assessed the consequences of use (assessed separately for
alcohol and cannabis) [57,58], intention, importance [59], and
confidence of change [60] (ranging from 0 [not at all] to 10
[very]), perceived risk [61] (ranging from 0 [not at all risky] to
4 [extremely risky]), reasons for alcohol and/or cannabis use
[62,63] (eg, coping, enhancement, social), and past-month
driving under the influence of alcohol or cannabis [64] (ranging
from 0 [never] to 4 [>10 times]).

Daily surveys included single-item measures of stress, mood,
loneliness, free time, fun, sensation seeking, and hopefulness
(ranging from 0 [not at all] to 4 [a lot]), in addition to daily tasks
[65-70]. The tasks were designed to capture the acute cognitive
effects of substance use in a naturalistic setting by assessing the
reaction time (ie, tapping speed) and spatial memory (ie, retrace
flower patterns that briefly light up). Weekly surveys, prompted
every Sunday, measured behavioral intentions to use cannabis
and/or alcohol in the next week [71] (0 [not at all] to 4 [very])
and quantity of alcohol and cannabis use each day in the prior
week [61,72].

During the 1-month follow-up, participants were also asked
acceptability questions (eg, “Is the app content appropriate for
people your age?” “Overall, how would you rate the app’s
appearance?” “Did the aquarium affect the amount of time you
spent using the app?”). Participants were also asked about
self-reported points earned in the app, which is a proxy measure
for app engagement. The prototype MiSARA app contained a
software error, which resulted in a lack of archiving daily or
weekly survey data or paradata, which prevented further
examination of objective engagement data.
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Table 1. Intervention content topics by day of the week.

Example intervention messagesaContent areaDay of week

Coping with stressSunday • Taking time for yourself can help reduce the amount of stress we experience! How,
if at all, could you prevent stressing? You are worth it!

Coping with negative moodMonday • Accepting things that happen in life can be hard. Sometimes to be strong means
asking for help. Talk to someone who cares or text 741-741

Prosocial people and activitiesTuesday • What’re three things that used to make you feel excited or happy? Try doing/thinking
about these things when you feel bored/down. Good luck!

Alternatives to address motives for
substance use

Wednesday • What’re things you used to love doing with friends that you miss? Imagine doing
them again. Who has your best interests in mind?

Alternative leisure activitiesThursday • Doing fun or exciting activities can lift your mood! Try thinking of an exciting thing
you’d like to do. Making a bucket list can be fun

Tools and protective strategies to
reduce substance use

Friday or Saturday • Exercising’s a natural high. Try a new workout & challenge yourself to a fitness
goal. Look in the mirror & say 3 things you like about you.

• Some take breaks between drinks, so they don’t overdo it. Remind yourself that you
are the fun and you make the good time. Be true to you!

• Think about how much money you could save by staying away from too much par-
tying. Sounds like a great way to have extra cash. Nice going!

aAlthough daily or weekly app data were not saved because of a software error, the intervention messages were tailored based on each participant’s
daily responses and weekly reports of prior week substance use.

Incentives
Following app installation, participants received US $20
remuneration (eg, Amazon gift card). As a software glitch
prevents the determination of survey completion, incentives
were provided assuming 100% compliance with daily surveys;
this along with a variable probability of reinforcement schedule
could result in receipt of US $11 to US $21. Research staff
contacted participants on Fridays with their weekly incentive
total. Participants self-administered 1-month follow-up surveys
and received US $30 in remuneration via an electronic gift card.

MiSARA JITAI
For more information about SARA intervention development,
see prior publications [47-49].

Development
The MiSARA JITAI (Figure 1) was informed by SARA
preliminary studies and developed for the iOS platform because
most SARA participants were iPhone users and funding was
insufficient for development on iOS and Android platforms.
We created a more realistic aquarium interface, made
personalized feedback graphs (based on within-app self-report
data) available on-demand, and modified the daily survey
completion window, from 6 PM to midnight in SARA and from
noon to 6 PM in MiSARA. This change was made so that data
from the daily survey could be used to tailor an intervention
message delivered at 7 PM, potentially before a drinking event
(although the timing with cannabis use is not clear). Consistent
with the literature on the norm of reciprocity [73-75] and given
positive findings for the daily inspirational messages
(Nahum-Shani et al, unpublished data, 2021), we retained this
feature, which was delivered at noon when the survey window
opened. To inform refinement of the daily inspirational messages

at noon, Amazon Mechanical Turk workers (n=20; mean age
21.3, SD 2.2 years; 8/20, 40% male) identified famous quotes,
song lyrics, and images relevant for adolescents and emerging
adults, followed by refinement by the study team to provide
supporting language and by undergraduate and postgraduate
students for relevance and appropriateness (eg, no images
glamourizing use, no offensive jokes). We also enhanced
rewards within the aquarium (eg, revamping fish artwork and
delivery schedule), added a resource page with information
about services and how to get help (eg, mental health, substance
use), and incorporated tailored intervention content delivered
at 7 PM daily (Figures 2 and 3).

Intervention content was developed and refined using an
iterative participatory approach by the study team and students
to fit with evidence-based intervention content (eg, motivational
interviewing, mindfulness, behavioral activation) that was
appealing to adolescents and emerging adults to maximize
engagement. Intervention message content included supportive
affirmations and tips, inspirational images to reinforce content,
web links to articles (eg, 50 fun things to do without alcohol),
or other web-based resources (eg, Drinkaware, YouTube
meditation videos). Content areas of tailored messages varied
by the day of the week (Table 1) and were tailored based on
participant responses to daily surveys of factors related to
substance use (eg, stress, mood, leisure activities) and to weekly
surveys about substance use and motives for use [76]. For
example, messages on Sunday focused on coping with stress
so that participants indicating high stress on the daily stress
question (“Right now, I feel stressed”) received an intervention
message tailored to cope with their stress level, such as
“Challenging situations can take a toll on our mental or physical
health. Sometimes it helps to take a moment to ground ourselves.
You’re resilient!” along with a link to a recentering mindfulness
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meditation YouTube video. It should be noted that if surveys
were not completed, then generic content was delivered on the
specified topic for that day. If a daily intervention message was
delivered (based on 0.33 probability), message content was
directly focused on substance use only on Wednesdays, Fridays,
and Saturdays (as opposed to every day), whereas intervention

message content on other days focused on upstream factors
associated with use (eg, stress, mood, prosocial support, and
leisure activities) to prevent fatigue and minimize
unintentionally priming participants to use substances (Table
1).

Figure 1. Overview of MiSARA app and content development.

Figure 2. Screenshots of (a) MiSARA aquarium app environment and (b) resources page.
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Figure 3. Screenshots of (c) example intervention message and (d) life insights graphs.

Procedure
For a period of 30 days, participants were prompted via the
MiSARA app to complete: brief (2-3 min) daily surveys, short
(5-10 min) weekly surveys, and daily tasks (1-2 min each). On
the basis of prior work (Nahum-Shani et al, unpublished data,
2021), each day at noon, participants received one inspirational
message to encourage engagement combined with a reminder
to complete the daily survey by 6 PM (ie, 7 questions, 2 tasks).
On Sundays, participants were prompted to complete a weekly
survey (ie, 26 questions, including past-week alcohol and
cannabis use). At 7 PM each day, participants were randomized
(probability=0.33) to receive (1) a tailored intervention message,
(2) a fun fact on a random topic (eg, “7% of American adults
believe that chocolate milk comes from brown cows. 7% doesn’t
sound like a lot, but that works out to 16.4 million people”), or
(3) no message, to reduce habituation to intervention content
and consistent with the lower severity, not-in-treatment sample.
We used the fun fact to infuse novelty so that participants would
not be fatigued by too many intervention messages. To
encourage engagement, participants earned points to unlock
new fish for completing surveys and tasks. Following the 30-day
app experience, participants completed a follow-up survey.

Analyses
Analyses focus on the acceptability and feasibility of the
MiSARA app, as this pilot study was not intended to examine
MRT outcomes (eg, not powered). Open-ended, user-centered
feedback about the MiSARA app experience is described.
Participant ratings of feasibility and acceptability are then
presented descriptively (means, SDs, proportions), which was
the primary focus of this pilot study. Next, consistent with the
best practices for pilot studies [76], we report (1) the association
between baseline characteristics and self-reported app
engagement based on zero-order correlations and a linear
regression model and (2) change in preliminary outcomes from

baseline to follow-up and the association between change in
outcomes and self-reported app engagement.

Results

Recruitment Feasibility
Social media advertisements resulted in 239 participants
completing the screening survey over 2 weeks, with 71 (29.7%)
participants eligible. Of those eligible, 39 (55%) participated
in this pilot study. No meaningful differences in age, race, or
alcohol use were detected between those who did elect to
participate compared with those who did not elect to participate.
Those who enrolled were more likely to be female (24/39, 62%)
than those who were eligible but did not enroll (11/32, 34%).
In addition, those who enrolled used cannabis less frequently
(mean 1.8, SD 2.1 days of cannabis use in the past 30 days)
than those who were eligible but did not participate (mean 3.1,
SD 2.7 days). All enrolled participants completed the 1-month
follow-up.

Sample Characteristics
Of 39 participants, 24 (62%) were female; 12 (31%) were aged
16 to 20 years; and 27 (69%) were aged 21-24 years (mean age
20.7 years, SD 2.1); 9 (23%) were identified as racial minorities
and 5 (13%) were identified as Hispanic (Table 2). In the
baseline survey, all participants reported alcohol use (AUDIT-C
score: mean 5.9, SD 2.4), with 37 (95%) of 39 participants
reporting past-month binge drinking, and 19 (49%) reporting
drinking weekly or more. Of those reporting past-month
cannabis use (23/39, 59%, of which 21 also reported past-month
binge drinking), 11 (48%) reported using cannabis weekly or
more, with 4 (17%) using daily. Overall, 36 participants reported
substance use consequences in the past month, with an average
of 8.5 (SD 6.7; range 0-45). Two-thirds reported driving under
the effects of alcohol in the past month, and 6 (15%) of 39
participants reported driving under the effects of cannabis. As
expected, given the non–treatment-seeking sample, intention
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and importance of reducing alcohol use was low (mean 2.4, SD
2.3 and mean 2.5, SD 1.9 respectively, on a 1-10 scale), whereas
confidence in the ability to reduce alcohol was high (mean 8.3,
SD 2.2 on a 1-10 scale), with a similar pattern for cannabis use,
and perceived risk of regular alcohol (mean 2.5, SD 0.9 on 0-4
scale, 0 indicates no risk) and cannabis use (mean 1.3, SD 0.9
on 0-3 scale) was low. The most common motive for drinking

was social, followed by enhancement (ie, to increase positive
affect), with coping and other motives being the least common.
Similarly, the most common reason for cannabis use was
enhancement, followed by other motives and coping. The most
common reason for not drinking or not using cannabis in the
past week was not wanting to drink or use.

Table 2. Sample characteristics at baseline (n=39).

Participants, n (%)Demographics

15 (38)Male sex

Age (years)a

5 (13)16-17

7 (18)18-20

27 (69)21-24

Race

30 (77)White

3 (8)African American

2 (5)Asian

4 (10)Other

5 (13)Hispanic ethnicity

Education

5 (13)Some high school

7 (18)High school diploma or general educational development only

13 (33)Some college

14 (36)College graduate

Past-month substance use and consequences

16 (41)Binge-drinking only

0 (0)Cannabis only

23 (59)Alcohol and cannabis

36 (92)Any substance use consequences

27 (69)Drinking and driving

6 (15)Cannabis and driving

Past-week top reasons for useb

Alcohol use (n=31)

1 (3.2)Coping

11 (35.5)Enhancement

15 (48.4)Social

4 (12.9)Other

Cannabis use (n=14)

1 (7.1)Coping

10 (71.4)Enhancement

0 (0.0)Social

3 (21.4)Other

aMean 20.7 (SD 2.1).
bPast-week reasons for alcohol or cannabis use questions were only asked to those participants who reported use in the past week at baseline.
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MiSARA Acceptability
Most participants (31/39, 79%) at least somewhat liked
MiSARA, with almost all reporting that the design was
appealing (36/39, 92%; Table 3), but most participants also felt
it was not interactive enough (27/39, 69%). Unsurprisingly,
given the research context, ratings for fun to use, interesting,
and the aquarium was fun were modest, with 27 (75%) of 36
participants indicating the aquarium itself did not influence the
time spent using the app. Most importantly, the content was
viewed as age-appropriate by nearly all participants (36/39,
92%). Data collection via the app was acceptable, with 36 (92%)
of 39 participants agreeing that they were comfortable with
self-reporting, and 28 (72%) of 39 participants agreed that they
were comfortable with the app collecting passive data (such as
geolocation). Although the app was easy to use (34/39, 87%)
with clear instructions (35/39, 90%), 9 (23%) participants
sometimes or regularly had technical problems (eg, crashing),
15 (38%) rarely had issues, and 15 (38%) never had trouble.
Finally, most participants (29/39, 74%) rated the app 3 or more
stars (24/39, 62% rated 3.5 or more stars; 19/39, 49% rated 4
or more stars).

Regarding appearance, qualitatively, participants reported liking
the MiSARA aquarium and receiving fish, which was nice and
pleasant; however, they recommended adding more animation
(ie, increasing the type and number of fish, swimming speeds)
and brighter colors and unique fonts. Next, participants
requested greater interactivity, such as being able to feed the
fish, tap on the glass, buy items or more fish, view a count of

earned fish, and select fish to see maritime information at any
time (not just when receiving new fish). They also recommended
greater personalization (eg, type of tank or background, home
page, and colors). Regarding features, participants consistently,
positively commented on the life insights personal feedback
graphs, requesting the addition of step counts and showing data
trends for longer than a week. Similarly, they enjoyed the
reaction time and spatial memory tasks but wanted more novelty
in these tasks. Regarding content, participants commonly made
positive comments about the uplifting inspirational quotes,
messages, and images, links, or videos, requesting the ability
to archive content, which disappeared, for later access. In
addition, participants requested the ability to personalize the
type of inspirational content topics or quotes, which were too
vague. Despite all content being vetted by the study team and
students, 2 people said they found some content to be strange
or patronizing. Regarding functionality, although positive
comments focused on the ease of the survey completion and
appreciation of the reminders, a key recommendation for
improving functionality was to add the ability to customize the
timing of the daily survey window (eg, one person worked a
mid-day shift that overlapped with the preset window).
Additional suggestions included adding a second reminder to
complete the survey before the end of the window, a clearer
timeline of required activities and explanation of the app’s
purpose, and a pause feature for the spatial memory task or
fewer rounds (eg, to pick up a phone call). Finally, 2 people
wanted more money to complete self-report surveys, and several
participants noted technical issues (eg, crashing).
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Table 3. MiSARA app acceptability (n=39).

Participants, n (%)aContent area and item

Appearance

Overall • 31 (79) rated average, good, excellent

Appealing design • 36 (92)

Interactivity • 26 (67) not enough
• 12 (31) just right
• 1 (3) too much

Enjoyment

Fun to use • 27 (69)

Interesting • 25 (64)

Aquarium fun to use • 19 (49)

Aquarium influenced time using app • 27 (75) not at all

Content

Messages appropriate for age • 36 (92)

Data acceptability

Comfort answering self-report questions • 36 (92) agree or strongly agree

Comfort with passive data collection in app • 28 (72) agree or strongly agree

Prefer self-reporting in MiSARA rather than by text or phone • 32 (82)

Technical issues

Easy to use • 34 (87)

Clear app use instructions • 35 (90)

Frequency of problems • 15 (38) none
• 15 (38) rarely
• 9 (23) sometimes or regularly

aPercent rated 3 or higher (eg, somewhat) unless otherwise indicated.

Engagement Feasibility
Given an unanticipated software glitch, the prototype MiSARA
app did not consistently save daily or weekly survey data or
paradata, which prevented objective examination of app
engagement. However, on the follow-up survey, participants
self-reported points earned, a proxy for app engagement.
Participants reported an average earning of 986.2 points (SD
688.0; range 0-2110; first quartile 324, third quartile 1591,
median 1163; n=34; 5 missing). Self-reported app engagement
(ie, points) was positively correlated with female sex (r=0.2)
and slightly negatively correlated with age (r<−0.1) and

negatively correlated with baseline markers of severity of
substance use, including AUDIT-C score (r=−0.3), total number
of past-month drinks (r=−0.4), days of binge drinking (r=−0.4),
and days of past-month cannabis use (r=−0.16). In an adjusted
regression model (Table 4) looking at reported app engagement
as a function of age, gender, total number of past-month drinks,
and total past-month cannabis use, alcohol use was the only
baseline characteristic meaningfully associated with app
engagement (estimate −10.5, SE 4.4; 95% CI −19.2 to −1.8),
such that more alcohol use was associated with less app
engagement.
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Table 4. Linear regression of baseline predictors of app engagement.

95% CIEstimate (SE)Variable

−90.7 to 117.813.6 (53.2)Age

−738.7 to 110.4−314.2 (216.6)Gender (referent=male)

−19.2 to -1.8−10.5 (4.4)Past-month alcohol use

−66.9 to 25.7−20.6 (23.6)Past-month cannabis use

Pre-Post Changes in Preliminary Outcome
Descriptively, ratings of intention (change between follow-up
and baseline (Δ_(fu–bl)=0.4) and importance (Δ_(fu–bl))=0.3)
to reduce alcohol use increased slightly from baseline to 1-month
follow-up, but confidence in the ability to reduce use did not
increase (Δ_(fu–bl)=−0.1); in contrast, intentions (Δ_(fu–bl)
=−0.4) and importance (Δ_(fu–bl)=−0.1) to reduce cannabis use
decreased slightly from baseline to follow-up and confidence
(Δ_(fu–bl)=0.3) increased. Regarding behaviors, all variables
decreased from baseline to 1-month follow-up, including weekly
alcohol (Δ_(fu–bl)=−0.8) and cannabis use (Δ_(fu–bl)=−0.2),

monthly binge-drinking days (Δ_(fu–bl)=−0.4), number of
past-month substance use consequences (Δ_(fu–bl)=−0.8),
frequency of past-month drinking and driving (Δ_(fu–bl)=−0.8),
and frequency of past-month cannabis use and driving
(Δ_(fu–bl)=−0.9; Table 5). Finally, more self-reported app
engagement was associated with decreases from baseline to
follow-up in past-month behaviors, including total number of
drinks (r=0.4), total number of days using cannabis (r=−0.1),
total binge-drinking days (r=−0.5), substance use consequences
(r=−0.1), episodes of drinking and driving (r=−0.2), and using
cannabis and driving (r=−0.2).

Table 5. Baseline and follow-up substance use–related measures.

Follow-upBaselineVariables

Motivationa, confidencea, and perceived risk, mean (SD)

2.8 (2.5)2.4 (2.3)Intention to reduce alcohol

2.7 (1.5)2.3 (1.9)Importance of reducing alcohol

8.2 (2.2)8.3 (2.2)Confidence in ability to reduce alcohol use

2.8 (3.1)3.2 (3.3)Intention to reducing cannabis use

2.3 (2.4)2.4 (2.5)Importance of reducing cannabis use

8.9 (2.0)8.6 (2.1)Confidence in ability to reduce cannabis use

2.5 (1.0)2.5 (0.9)Perceived risk of regular alcohol use

1.3 (1.0)1.3 (0.9)Perceived risk of regular cannabis use

Substance use and consequences, mean (SD)

6.7 (6.4)7.5 (6.1)Weekly number of alcoholic drinks

0.3 (0.7)0.5 (1.0)Weekly cannabis consumption (grams)

3.1 (3.2)3.5 (3.3)Number of binge-drinking episodes (past-month)

7.7 (6.8)8.5 (6.7)Substance use consequences (past-month)

1.7 (2.6)2.5 (2.8)Drinking and driving events (past-month)

0.7 (1.3)1.6 (3.4)Cannabis and driving events (past-month)

an=38 for the alcohol importance ruler and n=18 for the cannabis importance ruler. Those who stopped drinking (n=2) or using cannabis (n=1) at
follow-up and therefore did not complete ratings of intention, importance, and confidence of change at follow-up were recorded as 10 for each variable.

Discussion

Principal Findings
Here, we provide preliminary data assessing the feasibility and
acceptability of the MiSARA app for addressing a significant
public health problem, risky drinking, and cannabis use among
adolescents and emerging adults. The MiSARA development
process was informed by behavioral theories for enhancing
engagement and reducing substance misuse as well as prior
work [47-49] on the assessment-focused SARA app.

In terms of feasibility, web-based recruitment using social media
advertisements resulted in the recruitment of 39 participants
over 2 weeks to test MiSARA, underscoring the feasibility of
such methods. Although representativeness in a small pilot study
cannot be determined, other larger studies support the utility of
web-based recruitment approaches [77]. Perhaps because of the
limited funding and constrained timeline, only 55% (39/71) of
those screening positive enrolled. Those who enrolled were
more likely to be female and to use cannabis less frequently
than those who did not enroll. In future studies, more staffing
resources, extending the completion of web-based enrollment
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activities beyond 2 weeks and targeting web-based recruitment
toward males and those who use cannabis frequently, will likely
increase enrollment rates and help ensure representativeness of
the sample.

Overall, MiSARA was well-received, easy to use, and preferred
over other research data collection methods (eg, website, text,
telephone), with 9 out of 10 adolescents and emerging adults
liking the aquarium app design. Participants were not concerned
about privacy, with 9 out of 10 feeling comfortable with the
self-report and 7 out of 10 being comfortable with passive data
collection. Unsurprisingly, given the research purpose, ratings
of the app in terms of fun were lower (eg, 69.2%), potentially
reflecting users’expectations regarding app-based games, which
may be difficult for researchers to achieve given limited budgets
and may suggest that gamification is not well-suited for research
software. Another challenge for research, particularly this pilot
study, was reflected in the frequency of technical software
issues, including the fact that daily and weekly survey data
collection was not archived. This underscores the need for strong
partnerships with software developers, in addition to adequate
funding for research app development and ongoing support.
Despite these challenges, feasibility and acceptability data were
collected for the intervention messages, which was the primary
purpose of the study, given prior studies examining engagement
(Nahum-Shani et al, unpublished data, 2021). Participants liked
the intervention messages and viewed them as appropriate for
their age. Particularly helpful feedback included the
recommendation that intervention content be archived by topic
so that participants could refer to it later and an additional survey
completion reminder part-way through the survey window.
Although participants liked the theme of the aquarium, the
feedback graphs, and game-like tasks, they consistently
recommended greater interactivity and personalization, which
was constrained by the modest resources, consistent with
formative research, in the current iteration of MiSARA.
Importantly, participants wanted interactivity to evolve over
time to increase novelty, raising the question of how much
interactivity is needed, balanced with the costs and skills needed
to develop highly interactive apps, to engender adequate
engagement.

The recommendation regarding customizing the survey period
underscores an interesting challenge for daily monitoring and
JITAIs, namely, when to assess and deliver messages each day.
In the prior version of SARA, the period of assessment was
later in the day, overlapping with the time of day when
participants were likely to use substances (eg, evenings). In
MiSARA, the survey period was the middle of the day, with
intervention messages in the evening to increase relevance to
potential use periods. Another alternative would be to have a
morning assessment period, assessing substance use–related
factors and/or use from the prior day, followed by delivering
intervention content earlier in the day. Some of these decisions
will likely be influenced by the type of questions asked, the
focus of the JITAI (eg, mood, substance use), and the within-day
or day of the week variability in the construct (eg, binge drinking
on weekend evenings).

Regarding behavior change over time, all substance use–related
behaviors decreased from baseline to 1-month follow-up.

Furthermore, greater app usage (as measured by self-reported
points earned in the app aquarium environment) was associated
with less self-reported substance use, including fewer days
drinking alcohol, binge drinking, and using cannabis and fewer
consequences of use and episodes of driving after drinking or
using cannabis. Although these data support the potential of the
MiSARA app and the motivational intervention framework, the
design and scope of this single-arm pilot study, in which all
participants received some intervention content (0.33
probability), precluded causal conclusions. Alternatively, these
findings may reflect self-selection bias, as people motivated to
make changes to their use may have used the app more often.
Indeed, adolescents and emerging adults who reported using
the app more had lower initial alcohol use, potentially indicating
a need to broaden app features to facilitate engagement (eg,
incentives, inspirational quotes) among those who report higher
initial alcohol use. Regardless, these preliminary findings justify
further refinement and testing of MiSARA in a fully powered
trial.

Future Research
A key future direction is the integration of passive data
collection methods with self-reporting to optimize future JITAIs.
For example, a recent study used passive cell phone data among
30 emerging adults over 28 days to develop a machine learning
algorithm to predict nondrinking, drinking, and heavy drinking
episodes (>95% accuracy), with significant predictors including
features such as device usage (eg, longer keyboard press time)
and movement features (eg, more changes in activities) [78,79].
The most robust predictor of drinking was time of the day (eg,
evening), with the day of the week also being predictive,
underscoring the timing of alcohol intervention content (eg,
weekends). However, our prior studies with SARA suggest that
such timing is not as useful for cannabis, which is just as likely
on weekdays as weekends. Next, the Bae et al [78] study focused
on identifying when drinking was already in progress, as
opposed to this study, which conceptually focused on
intervening before a drinking episode commences. Challenges
for passive data collection include the acceptability of passive
mining of cell phone data among adolescents and emerging
adults (eg, in a study by Bae et al [78], 16% disabled the sensors)
and feasibility across iPhone and Android devices, where
privacy restrictions limit data accessibility, coupled with
concerns about increased mobile phone battery use. Importantly,
passive data collection is not possible to measure some important
constructs that meaningfully inform tailoring of JITAIs, such
as motives that are associated with use [80]. For example, Shrier
et al [81] found that negative affect the day before cannabis use
was a marker of next day use, as were motives. Thus, future
JITAIs could integrate both passive and self-report data.

Another key direction for JITAIs is related to the timing of
assessment and intervention delivery. In an ideal world, there
would be an assessment of substance use patterns at the daily
level (eg, mornings, afternoons, evenings, on weekdays and
weekends), with assessment and intervention timing
personalized over time using machine learning. However, this
assessment and intervention delivery complexity requires
sophisticated design and analysis methodology [82] to keep
pace with the development of mHealth JITAIs.
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In terms of clinical implications, if demonstrated as efficacious,
the MiSARA app could be provided to youth as a universal
prevention strategy, such as during a health care visit, or as part
of prevention efforts at high schools or universities.
Alternatively, as a selective prevention approach to alter risk
trajectories and prevent the development of SUDs, the MiSARA
app could be provided to adolescents and emerging adults
screening positive for binge drinking or cannabis use as part of
interactions in academic, primary care, or other community
settings. Although our purpose was to develop an app to address
primary and secondary prevention, MiSARA could also be used
as an adjunct in treatment programs to provide clinicians with
clinically relevant information between sessions.

Limitations
The findings are limited by the formative nature (eg, small
sample size) of this pilot study, which focused on feasibility
and acceptability. Replication is required with a larger sample
to determine the efficacy of intervention content on proximal
substance use (eg, same day, next day, next week) and
consequences from use. The limited funding for app
development resulted in programming bugs, which precluded
archiving of the daily data in our initial MiSARA prototype,
highlighting the challenge of obtaining sufficient funding for
mHealth intervention development. Thus, self-report data
regarding app use (points earned) could not be verified and,
despite this being a proxy for dosage, is subject to errors in
recall, underscoring the need for additional testing of a refined
app. Given the increasing recreational cannabis legalization,
future testing should examine the efficacy of JITAIs for cannabis

in states with and without such laws (eg, particularly for ages
21 years and older, who have legal access to purchase cannabis).
Finally, the pilot nature of this study precludes causal
determination of JITAI efficacy and necessitates future research
testing of MiSARA compared with a control condition receiving
only daily surveys. Nonetheless, the data collected provide clues
for subsequent refinement of MiSARA and underscore the need
for careful development of mHealth JITAIs.

Conclusions
The development of real-time, real-world, personalized, and
scalable JITAI approaches to reduce substance use among
adolescents and emerging adults is a growing area of mHealth
research. The MiSARA app is promising, as most users liked
the app experience and found the content to be highly
appropriate. Adolescents and emerging adult users were
comfortable providing personal information on this platform
and preferred it to other data collection modalities, with future
refinements focusing on improving interactivity and technical
functionality to sustain interest over time. Although future
studies are needed to examine the efficacy of personalized JITAI
content in reducing risky substance use among adolescents and
emerging adults who are not in treatment, formative data showed
decreases in substance use over time in the single-arm pilot
study, which along with acceptability data support future testing
in a full-scale trial. Consistent with the MOST framework,
recommendations for JITAI development also include the use
of an iterative feedback process across a series of studies to
optimize efficacy.
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Abstract

Background: Due to the complexity and chronicity of heart failure, engaging yet simple patient self-management tools are
needed.

Objective: This study aimed to assess the feasibility and patient engagement with a smartphone app designed for heart failure.

Methods: Patients with heart failure were randomized to intervention (smartphone with the Habits Heart App installed and
Bluetooth-linked scale) or control (paper education material) groups. All intervention group patients were interviewed and
monitored closely for app feasibility while receiving standard of care heart failure management by cardiologists. The Atlanta
Heart Failure Knowledge Test, a quality of life survey (Kansas City Cardiomyopathy Questionnaire), and weight were assessed
at baseline and final visits.

Results: Patients (N=28 patients; intervention: n=15; control: n=13) with heart failure (with reduced ejection fraction: 15/28,
54%; male: 20/28, 71%, female: 8/28, 29%; median age 63 years) were enrolled, and 82% of patients (N=23; intervention: 12/15,
80%; control: 11/13, 85%) completed both baseline and final visits (median follow up 60 days). In the intervention group, 2 out
of the 12 patients who completed the study did not use the app after study onboarding due to illnesses and hospitalizations. Of
the remaining 10 patients who used the app, 5 patients logged ≥1 interaction with the app per day on average, and 2 patients
logged an interaction with the app every other day on average. The intervention group averaged 403 screen views (per patient)
in 56 distinct sessions, 5-minute session durations, and 22 weight entries per patient. There was a direct correlation between
duration of app use and improvement in heart failure knowledge (Atlanta Heart Failure Knowledge Test score; ρ=0.59, P=.04)
and quality of life (Kansas City Cardiomyopathy Questionnaire score; ρ=0.63, P=.03). The correlation between app use and
weight change was ρ=–0.40 (P=.19). Only 1 out of 11 patients in the control group retained education material by the follow-up
visit.

Conclusions: The Habits Heart App with a Bluetooth-linked scale is a feasible way to engage patients in heart failure management,
and barriers to app engagement were identified. A larger multicenter study may be warranted to evaluate the effectiveness of the
app.

Trial Registration: ClinicalTrials.gov NCT03238729; http://clinicaltrials.gov/ct2/show/NCT03238729

(JMIR Mhealth Uhealth 2021;9(1):e19465)   doi:10.2196/19465
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Introduction

The COVID-19 pandemic has disrupted chronic disease
management [1]. In particular, patients with heart failure are at
high risk of complications from disruption of care. Heart failure
management is complex; it requires taking multiple medications,
a close monitoring of total daily fluid and sodium intake, and
monitoring for volume and symptoms. Clinical changes may
warrant timely intervention in medication regimen to avoid
life-threatening complications. Despite the importance of
adherence to medical recommendations, in patients living with
heart failure, patient engagement, adherence, and
self-management are suboptimal and may limit the benefits of
heart failure recommendations and existing treatments [2-4].
Smartphones and mobile health apps are ubiquitous even in
older adult populations [5,6]. Smartphones and mobile health
apps have the potential for bettering patient engagement and
self-management. While there are a number of commercially
available smartphone heart failure apps, few have been designed
by clinicians or specifically designed to address heart failure
self-management; only 41% had weight management features
[7]. Even fewer have published their methodology and feasibility
studies [8,9] in peer-reviewed journals.

In this context, we employed a heart failure–specific
smartphone-based app intervention with content designed by
clinicians with the following features: daily to-do lists for heart
failure–related activities including patient education, symptom
monitoring, wireless weight tracking, sodium intake tracking,
exercise logs, and action prompts based on weight and symptom
severity. There was also a messaging platform for patients to
reach out to study staff and physicians. Our goal was to test
feasibility and usability in this pilot randomized
proof-of-concept study.

Methods

All study procedures were approved by the Partners Healthcare
Institutional Review Board and carried out in accordance with
the Declaration of Helsinki, and the study was registered
(NCT03238729). The Habits Heart App was developed in
conjunction with cardiologists who care for patients with heart
failure at Massachusetts General Hospital and software engineers
at Jana Care. Cardiologists designed the main concepts (daily
To-Do list, Learn, Track, Coach) and content in writing and
worked with Jana Care to develop the app. While the main goal
of Track was to monitor weight changes, tracking sodium
content (in diet) and exercising logging were also included, in
an exploratory fashion, using a publicly available database of
exercises and a database from University of Minnesota of the
sodium content in food items. The Habits Heart App was
downloaded onto a study Android smartphone.

Patients with heart failure aged ≥18 years with smartphones
were recruited from cardiology clinics and inpatient units at
Massachusetts General Hospital. Heart failure diagnosis by a
cardiologist in the electronic medical records with ≥1

hospitalization or emergency department visit for acute heart
failure or any outpatient escalation of diuretic therapy in the
past 12 months was required. Heart failure with reduced ejection
fraction was defined as symptomatic heart failure with a left
ventricular ejection fraction ≤40%, and heart failure with
preserved ejection fraction was defined as symptomatic heart
failure with left ventricular ejection fraction ≥50% by any
imaging modality. A randomized list with the order of
intervention or control group allocations corresponding to the
order of enrollment was generated at the start of the study. After
informed consent was obtained, patients were then allocated to
either the intervention group or the control group (Figure 1).
Those randomized to the intervention group were given a
30-minute onboarding session to get acquainted with the Habits
Heart App and the study smartphone. At the end of the
30-minute session, patients were asked to demonstrate their app
use competency by performing actions in 5 key areas including
opening and watching the introduction patient education video,
logging weight on the app by using the Bluetooth-linked scale,
inputting sodium content entries, inputting exercise entries, and
messaging the study team through the app.

All patients received the standard of care for heart failure
management by cardiologists. Patients in the control group
received written heart failure education materials covering the
same topics as the patient education portion of the app and were
instructed to read the patient education materials until the final
visit.

Intervention group patients were provided a smartphone with
the Habits Heart App. The daily To-Do list prompted patients
to watch the educational heart failure video of the day, exercise,
weigh themselves, or complete other healthy activities in
addition to 3 self-management functionalities: Track, Learn,
and Coach (Figure 2). Track synced automatically with a
Bluetooth-linked digital scale to record daily weight. Weight
gain ≥3 lbs (1.4 kg) in 1 to 2 days or ≥5 lbs (2.3 kg) in a week
triggered a symptoms survey. Depending on symptom severity,
the app had an automated risk-based algorithm to instruct
patients to contact study staff or contact their doctor (or dial
911, ie, emergency services, if after hours). If patients were
instructed to call a physician or dial 911, the study team would
follow up with patients by phone within 1 day if during the
week or on Monday of the next week if during the weekend.
Diet and physical activities were tracked in an exploratory
fashion. Patients picked foods consumed at each meal from a
list of available food items with corresponding sodium content,
while patients entered length and mode of exercise performed
each day. The exercise database had not previously been
validated. Learn featured 13 interactive lessons including videos
with topics recorded and narrated by cardiologists. Coach
included a messaging platform where patients could
communicate with the study team and cardiologist. All patients
in the intervention group were contacted through the app
messaging platform by the study staff within 1 week of starting
the study to obtain feasibility feedback regarding the study app.
The study coordinator tracked each patient’s messages sent to
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the study team along with weight, sodium content, and exercise
entries through a secure online dashboard with deidentified

patient data accessible only to the study staff. At the final study
visit, all patients were interviewed for feasibility feedback.

Figure 1. Study flow diagram. AHFKT-V2: Atlanta HF Knowledge Test, Version 2; HF: heart failure; KCCQ-12: Kansas City Cardiomyopathy
Questionnaire.

Figure 2. Layout of the Habits Heart App: To-Do List, Track, Learn, Coach.

Baseline characteristics were obtained from patient electronic
medical records. At baseline and final visits (goal of at least 6
weeks in-between), the Atlanta Heart Failure Knowledge Test
(AHFKT-V2) [10] and a quality of life survey (Kansas City
Cardiomyopathy Questionnaire, KCCQ-12) [11] were filled out
by patients along with recording of weight for both intervention
and control groups. The KCCQ-12 scores were normalized to
a 0-to-100-point scale. Higher AHFKT-V2 or KCCQ-12 scores
indicated better heart failure-specific education or health status.
Patients who did not have hospital follow-up visits already
scheduled 6 weeks after study onboarding were asked to
schedule an appointment for the earliest availability after 6
weeks. Intervention group patients were asked to return study
smartphones and Bluetooth scales upon study completion.

Control group patients were asked if they retained paper patient
education material.

Spearman correlations were used to determine the relationships
between the average session duration of app use and the
AHFKT-V2 score, the KCCQ-12 score, and weight loss.

Results

Patient Characteristics
A total of 28 patients were enrolled in the study (intervention:
n=15; control: n=13). Of the patients enrolled, 54% (15/28) had
heart failure with reduced ejection fraction, 71% (20/28) were
male, and the median age was 63 years. The median follow-up
was 60 days (range 50-66 days); 80% of patients (12/15) in the
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intervention and 85% of patients (11/13) in the control group
completed both baseline and final visits (Table 1). In the
intervention group, 2 patients were lost to follow-up, and 1

patient withdrew from the study. In the control group, 1 patient
was lost to follow-up, and 1 patient died.

Table 1. Baseline characteristics of patients with heart failure.

Control (n=11)App (n=12)Characteristics

Demographic

6263Age (years), median

Sex, n (%)

7 (64)9 (75)Male

4 (36)3 (25)Female

Race, n (%)

0 (0)2 (17)African-American

0 (0)1 (8)Asian

11 (100)8 (67)Caucasian

0 (0)1 (8)Hispanic

93.498.1Weight (kg), median

6 (55)5 (42)With reduced ejection fraction, n (%)

New York Heart Association classa, n (%)

1 (13)3 (33)Class I

3 (38)6 (67)Class II

3 (38)0 (0)Class III

1 (13)0 (0)Class IV

Medical history, n (%)

2 (18)8 (67)Atrial fibrillation/flutter

9 (82)12 (100)Hypertension

5 (45)9 (75)Coronary artery disease

0 (0)2 (17)Chronic obstructive pulmonary disease

5 (45)6 (50)Type 1 or type 2 diabetes

8 (73)9 (75)Hyperlipidemia

0 (0)4 (33)Cerebrovascular accident/transient ischemic attack

3 (27)6 (50)Chronic kidney disease

Medication, n (%)

3 (27)3 (25)Angiotensin converting enzyme inhibitor

4 (36)3 (25)Angiotensin II receptor blocker

1 (9)4 (33)Sacubitril/valsartan

9 (82)11 (92)Beta blocker

3 (27)5 (42)Mineralocorticoid receptor antagonist

10 (91)12 (100)Loop diuretics

Echocardiography results

40.947.4Left ventricular ejection fraction (%)

Biomarkers, median

1910669N-terminal pro–B-type natriuretic peptide (pg/mL)

aApp: n=9; control: n=8. Note: As a result of rounding, percentages may not add to 100.
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Intervention Feasibility
All patients in the intervention group (15/15, 100%) were able
to demonstrate their competency using the app by performing
actions in 5 key areas at the end of the 30-minute onboarding
session; however, 2 out of the 12 patients (17%) who completed
both study visits were unable to use the app after study
onboarding due to intermittent illnesses and hospitalizations.

Of the 10 patients who were able to use the app, 7 patients (70%)
logged ≥1 interaction with the app every other day on average
throughout the study duration, and 5 patients (50%) logged ≥1
interaction with the app per day on average throughout the study
duration. At the final visit, 9 out of 12 patients (75%) in the
intervention group subjectively reported regularly interacting
with the app (Figure 3).

Figure 3. App feasibility and patient rating.

There was an average of 403 screen views per person over 56
distinct sessions (duration per session, average: 5 minutes;
documentation per person, average—weight: 22; sodium intake:
16; exercise: 23). The patients who reported using the app
regularly (n=9) averaged 527 screen views per person over 73
distinct sessions (duration per session, average: 5 minutes;

documentation per person, average—weight: 29; sodium intake:
21; exercise: 30).

As of the 6-week follow-up visit, 0 out of 12 patients had
problems opening and watching education sessions on Learn.
Only 1 out of 12 patients (8%) reported synching issues between
the scale and the app, 1 out of 12 patients (8%) reported not
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being able to send additional messages on the app messaging
platform for several minutes after sending the first message,
and 2 out of 12 patients (17%) had problems with the
smartphone intermittently disconnecting from the internet. There
were 28 app crashes among the entire group. Only 1 out of 11
patients (9%) in the control group retained reading materials
by the follow-up visit.

Patients rated the app (average 3.8 out of 5) and described
enjoying the app’s educational lessons and videos most,
followed by the weight recording feature, and the messaging
platform. Patients reported that sometimes they could not find
the exact food that they had consumed in the diet database, so
they input the next-best option. Throughout the study, 48
symptoms were logged by app users, of which 25 triggered a
prompt to contact the study team, and 4 required that patients
call their doctors or call 911. In total, 11 messages were sent
by app users to the study coordinator through the messaging
platform regarding symptoms and trouble-shooting of the app.

App Use and Heart Failure Education, Quality of Life,
and Weight
The more a patient interacted with the app (higher the average
session duration), the greater the improvement in AHFKT-V2
(ρ=0.59, P=.04) and KCCQ-12 (ρ=0.63, P=.03) scores from
baseline to follow-up (Figure 3). The correlation between app
use and weight loss was ρ=–0.40 (P=.19).

The median AHFKT-V2 score was 80% at both baseline and
final visits for the control arm while the median score was 83.3%
at baseline and 85% at the final visit for the intervention arm.
The median KCCQ-12 score was 55 at baseline and 41 at the
final visit for the control arm, while the median score was 74
at baseline and 70 at the final visit for the intervention arm.
Patients in the control arm gained 2.5 lbs (1.1 kg) bodyweight
during the study while patients in the app arm lost 3.8 lbs (1.7
kg) bodyweight.

Discussion

In this pilot proof-of-concept study in a sample of patients with
heart failure, we found that the Habits Heart App with a
Bluetooth-linked scale was feasible and easily implemented.
All of the patients in the intervention group were able to
demonstrate that they could use the 5 key areas of the app on
their own after a 30-minute onboarding session, and almost all
of the patients were able to use the app without major stability,
performance, or standards adherence issues. The Habits Heart
App with scale is unique in that it was designed by clinicians
who care for patients with heart failure to address a patient’s
complex self-management needs for patient education, tracking,
and coaching without requiring resource-intensive
telemonitoring. While intensive monitoring may help to decrease
adverse events in patients with heart failure, telemonitoring can
require a lot of resources and be financially taxing [12].
Resource-intensive heart failure management may not be
practical for the vast majority of patients with heart failure and
may be best suited for high-risk patients [13]. As our experience
has shown (patients with frequent hospitalizations not being
able to use the app consistently), lower risk patients with heart

failure may benefit from the Habits Heart App. Compared with
a real-life control group, intervention group patients appeared
to have better heart failure knowledge, quality of life, and
weight. We also showed that greater involvement with the
intervention was associated with greater improvement in heart
failure knowledge and quality of life and may be associated
with weight loss rather than gain over time.

Compared with a previously published study [8], our control
group closely resembled the situation of real-life patients with
heart failure; Athilingam and colleagues [8] used an active
wait-listed control group with patients who were given an app
with heart failure education features that incentivized the
patients with the activation of additional features upon reaching
the end of the study, which may have motivated patients in the
control group to engage more than they typically would in real
life. On a separate note, only 1 out of 11 control patients (9%)
in our study retained patient reading materials by the follow-up
visit. This statistic supports the notion that the usual standard
of care of reading materials and handouts may not be engaging
for patients with heart failure [14]. Heart failure education
delivered through an app, such as the Habits Heart App, would
be at the patients’ (literal) fingertips and has the potential to
adapt to the individual’s learning level or style.

While there are several patient-centered heart failure apps
available, few have been designed by clinicians who care for
patients with heart failure or have been evaluated with a
scientific assessment or publication in a medical journal to date
[8,9,15-17]. Several well-designed, previously published
feasibility studies utilized a more resource-intensive
telemonitoring approach (such as a chest strap that monitors
physiological data and accelerometer or blood pressure
monitoring) in combination with a smartphone app [8,9]. In our
study, we focused on the essentials that would not require
intensive monitoring or devices for the patient or health care
staff. We believe that such an approach would be more easily
applied to broad clinical practice where resources may be scarce.
The Habits Heart App features a comprehensive interactive tool
for patients with heart failure that allows tracking of healthy
habits, education of heart failure disease management, and direct
contact with study staff and cardiologists for questions regarding
app use or medical symptoms. Additionally, the
Bluetooth-linked scale allows patients to measure weight directly
and visualize trends in a centralized setting. Having
customizable, prespecified automatic triggers for involving
patients and notifying clinicians (rather than feeding raw data)
may reduce the burden on already busy clinicians while
empowering patients.

There are several areas identified in the feasibility assessment
to address for the future iteration of the app including Bluetooth
connectivity with the app, messenger delays, and sodium and
exercise logging issues. Enabling app download onto patients’
own smartphones, whether iPhone or Android, will solve the
internet connectivity issue and decrease the inconvenience of
carrying 2 smartphones. An ability to sync summary data with
electronic health records may further reduce administrative
burden. Addition of mobile laboratory capabilities to check
B-type natriuretic peptides, N-terminal pro–B-type natriuretic
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peptides, and basic metabolic panel may expand the utility of
the app.

Despite randomization, there were differences in patient
characteristics between the app and control groups, likely due
to the small sample size of this feasibility study. The control
group appeared to have more advanced heart failure (higher
proportion of patients with New York Heart Association Class
III or IV and higher N-terminal pro–B-type natriuretic peptide
values), while the intervention group had a higher burden of
comorbidities such as atrial fibrillation, coronary artery disease,
chronic obstructive pulmonary disease, and chronic kidney
disease. The differences between the two groups may potentially
result in more improvement in the app group compared with
that in the control group; patients with less advanced heart

failure may score better. However, in order to minimize the
potential impact of baseline differences in the two groups, we
looked at the relative change in heart failure knowledge, quality
of life, and weight loss rather than the final or absolute values.
Nonetheless, any definitive conclusions about the app’s effects
on quality of life or heart failure knowledge should be evaluated
with a large multicenter trial.

The Habits Heart App is a feasible way to dynamically engage
patients in heart failure management and equip patients with
effective self-management tools to potentially improve heart
failure knowledge, quality of life, and adherence to medical
recommendations. A larger multicenter trial is needed to further
test the use of the app and clinical outcomes.
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Abstract

Background: For the classification of facial paresis, various systems of description and evaluation in the form of clinician-graded
or software-based scoring systems are available. They serve the purpose of scientific and clinical assessment of the spontaneous
course of the disease or monitoring therapeutic interventions. Nevertheless, none have been able to achieve universal acceptance
in everyday clinical practice. Hence, a quick and precise tool for assessing the functional status of the facial nerve would be
desirable. In this context, the possibilities that the TrueDepth camera of recent iPhone models offer have sparked our interest.

Objective: This paper describes the utilization of the iPhone’s TrueDepth camera via a specially developed app prototype for
quick, objective, and reproducible quantification of facial asymmetries.

Methods: After conceptual and user interface design, a native app prototype for iOS was programmed that accesses and processes
the data of the TrueDepth camera. Using a special algorithm, a new index for the grading of unilateral facial paresis ranging from
0% to 100% was developed. The algorithm was adapted to the well-established Stennert index by weighting the individual facial
regions based on functional and cosmetic aspects. Test measurements with healthy subjects using the app were performed in
order to prove the reliability of the system.

Results: After the development process, the app prototype had no runtime or buildtime errors and also worked under suboptimal
conditions such as different measurement angles, so it met our criteria for a safe and reliable app. The newly defined index
expresses the result of the measurements as a generally understandable percentage value for each half of the face. The measurements
that correctly rated the facial expressions of healthy individuals as symmetrical in all cases were reproducible and showed no
statistically significant intertest variability.

Conclusions: Based on the experience with the app prototype assessing healthy subjects, the use of the TrueDepth camera
should have considerable potential for app-based grading of facial movement disorders. The app and its algorithm, which is based
on theoretical considerations, should be evaluated in a prospective clinical study and correlated with common facial scores.

(JMIR Mhealth Uhealth 2021;9(1):e19346)   doi:10.2196/19346

KEYWORDS

facial nerve; facial palsy; app development; medical informatics; eHealth; mHealth; Stennert’s index; depth mapping camera;
smartphone sensors

Introduction

Due to significant functional and cosmetic restrictions, facial
palsy is a clinical symptom that is associated with a very high
degree of psychological strain for those affected [1]. The

incidence of peripheral facial palsy is 23-35 cases per 100,000
people; the incidence of the central form remains unknown.
Both sexes are often affected equally, and those in the age
groups of 30-50 years and 60-70 years are especially affected
[2]. Affected patients can have severe functional problems
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ranging from asymmetry at rest, decreased facial movement,
incomplete eye closure, problems eating and drinking, and a
decreased sense of taste [3,4]. The fact that no underlying
disease can be identified in about three-quarters of the cases
(currently designated as idiopathic) also represents an
unsatisfactory diagnostic situation [2]. There is still a great need
for research in this area in order to ultimately be able to offer
targeted therapy for these cases. Restoring facial function to the
greatest possible extent can lead to improved self-confidence
and a higher quality of life [5-7]. However, not only the
diagnosis but also the quantification of facial palsy are still
problematic.

Current Methods for Quantifying Facial Palsy
Various systems have been established for the scientific and
clinical classification of the degree of facial palsy, assessment
of therapeutic interventions, and spontaneous disease course.
These standardized systems facilitate effective communication
with patients and professionals. The most widely established
clinician-graded scoring systems are the Stennert index [8],
House-Brackmann scale [9], and Sunnybrook Facial Grading
System [10]. Numerous efforts to generally improve facial
grading systems have been described in the literature. For
example, an approach was published by Banks et al [11] with
the electronic, clinician-graded facial function scale (eFACE),
which was subsequently evaluated internationally [11-13].
Nevertheless, like other clinician-graded scoring systems,
eFACE is also subject to bias and human error [14]. While a
comparatively simple measuring method with a conventional
hand ruler was propagated by Manktelow et al [15] in 2008, the
immense technological progress of the past few years has led
to software-based methods. Here, the measurement of facial
expressions with Adobe Photoshop [16], for example, but also
semiautomatic photographic assessment tools [17] were
developed. Katsumi et al [18] described an advanced
3-dimensional (3D) facial motion measurement system,
consisting of a color charge-coupled device camera and 2 laser
scanners in combination with their proprietary software. In this
experimental setting, the test subjects were asked to perform
various facial movements. The authors describe that the
measurement time was less than 5 minutes in each case. After
the measurement, the data were transferred to a computer and
then evaluated and compared with the clinical results from the
Yanagihara and House-Brackmann grading scales, whereby a
good correlation could be demonstrated [18]. Furthermore,
several machine learning approaches [19-21] have been
developed. Despite all efforts in the description and validation
of various systems, none could achieve universal acceptance in

everyday clinical practice. This is due to the fact that many
systems are characterized as being very time-consuming or
requiring expensive and complicated hardware, which is why
some can hardly be used in routine practice [14].

Hence, it would be desirable to have a quick and precise tool
for assessing the functional status of the facial nerve. This would
improve and streamline the data situation for symptom severity
in the case of facial palsy and the effectiveness of different
treatment methods like the application of prednisolone or
acyclovir [4]. In addition, it would enable patients without any
required training to perform a reproducible measurement of the
extent and course of their own disease, which might lead to an
increase in motivation for performing therapeutic activities like
facial exercises. For the latter, positive effects in the treatment
of facial paralysis have been demonstrated [6,22-27].

Smartphone Sensors as Sophisticated Medical Tools
Since the first smartphone was announced by Apple in 2007,
the technical development of smartphones has progressed
rapidly. In addition to an immense increase in computing power
and storage options, the devices have been gradually equipped
with high-precision sensors. For example, newer smartphone
generations have an acceleration sensor, 3-axis gyroscope,
barometer, proximity sensor, ambient light sensor, GPS, digital
compass, microphone(s), and sophisticated camera system(s)
[28]. In addition, high speed wireless communication platforms,
such as long-term evolution, allow connection to health care
providers at any time [29,30].

With regard to measurements of different facial muscles, one
feature of recent smartphones is of high interest: the TrueDepth
camera system. It enables user authentication via face
recognition with the Face ID system and has been implemented
since the iPhone generation X. The exact registration of facial
data works via the projection of 30,000 infrared points, which
are recorded at 60 times per second via an infrared camera and
processed by a neural engine of the smartphone chip. An infrared
flood illuminator adds infrared light to enable measurements
also in the dark (Figure 1). An accurate 3D depth map of the
face is calculated from the measurement data, which is converted
together with the infrared image to a mathematical
representation of the user’s facial features. According to the
manufacturer, the technology works so precisely that the
probability of false-positive detection of a random person is
1:1,000,000. In addition, the technology functions even with
modifiers of the user’s appearance such as makeup or beard
growth as well as hats, glasses, contact lenses, or scarves
[31,32].

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e19346 | p.274http://mhealth.jmir.org/2021/1/e19346/
(page number not for citation purposes)

Taeger et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 1. Hardware components of the TrueDepth camera system, which is integrated in the upper part of the smartphone. A Dot Projector throws
over 30,000 infrared dots onto the face of the user, and the dots and an infrared image are captured via an infrared camera to create a depth map of the
face (modified from [20]).

Apple’s ARKit framework enables developers to use face
tracking with the TrueDepth camera for applications that go
beyond Face ID. It is possible to access 52 predefined facial
movement features, the extent of which is expressed in a
numerical value ranging from 0.0 (neutral) to 1.0 (maximum
movement) [33]. These features are also calculated 60 times
per second, which results in a very high temporal resolution of
the recorded facial movements.

The aim of the present study was to develop an app prototype
that objectively and reproducibly quantifies facial asymmetries
with the data from the iPhone’s TrueDepth camera system. With
the developed app, it was possible to perform the measurement
within a few seconds and without any additional external devices
or the need for calibration. The extracted data were used to
calculate a new index for the grading of unilateral facial palsy,
called the Digital Facial Index (DFI), which is represented in a
numerical value of 0%-100% for intuitive understanding.

Conception of the App
During the content-related conception, the following features
of the app were defined:

• Start screen with navigation elements and a setting option
for the duration of the actual measurement to meet the needs
of different users (for inexperienced users, for example, a
time window for the measurement of 10 seconds might be
too short, whereas for other users, 5 seconds is sufficient)

• Measuring mode with a simple instruction on 3 functionally
relevant facial movements (“raise your eyebrows,” “close
your eyes,” “pull up the corners of your mouth”) and a
countdown timer over the previously set duration of the
measurement

• Evaluation screen with an easily understandable
representation of the individual measurement parameters
and the calculated output of the newly developed index
(DFI)

• Buttons to save the DFI measurement results within the app
for simple statistics and repeating the measurement

• Raw data output for scientific evaluation

Methods

App Development
A native app architecture under iOS (Apple Inc, Cupertino, CA)
was chosen to develop the app. One of the reasons why Apple
devices and Apple’s ecosystem were chosen is that the Face ID
technology, which is based on 3D data collection, is considered
unrivalled compared to the 2-dimensional technology of its
competitors [34]. In addition, iOS is primarily suitable for the
development of medical apps due to its high security standards,
compatibility, usability, and stability , even if it is not possible
to prove these factors objectively in their full extent.

The user interface was designed with Adobe Creative Suite
products (Photoshop 2020, Illustrator 2020; Adobe Inc, San
José, CA) and the Sketch App (Version 61.2; Bohemian Coding,
London, UK), which is specially optimized for the design of
mobile apps. Then, the app was implemented using the Swift
programming language in the latest version of the Xcode
development environment (Apple Inc; Figure 2). An open-source
library (ScrollableGraphView [35]) was integrated with the
dependency manager CocoaPods [36] to graphically display
the stored data in the form of a graph. As far as possible with
a prototype, the Mobile App Rating Scale was used as a template
for compliance with established quality criteria [37].
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Figure 2. Screenshot of the app developed in the Apple Xcode Development environment. All associated project files are listed in the file navigator.
The graphical user interface is designed with the interface builder and then linked to the code, which is written in the code editor. A utility area allows
further settings. For the implementation of different regions, the user interface can be checked via the preview in the corresponding language. The
simulator enables testing of the app on various virtual devices with the iOS operating system.

Calculation of the Digital Facial Index
Since the data output for the specific facial features via the
ARKit framework has a value ranging from 0.0 to 1.0, the
expression of the movement extent in the form of an easily
understandable percentage value seemed rational. Similar to
the description by Stennert et al [8], individual facial regions
should be matched with a defined weighting based on functional
and cosmetic aspects, namely with the proportions of 10% for
the forehead, 40% for the eye area, and 50% for the mouth
region. The newly developed DFI should adhere exactly to this
weighting for optimal follow-up correlation using the Stennert
index that applies an easily comparable scaling (0-10). The
algorithm for calculating the DFI is shown in Figure 3: The
so-called blend shape coefficients, which describe the movement
of the eyebrows, closure of the eyelids, and upward movement
of the corners of the mouth (in accordance with the Apple
Developer Documentation) are recorded at 60 times per second
and saved as an array. From this data record, the respective
maximum for the individual feature is determined. For each
facial region (forehead: x; eyes: y; mouth: z), it is assumed that
in a patient suffering from unilateral facial palsy, the side with
the greater maximum corresponds to the healthy side. The
numerical value of the facial movement of the opposite side in
each specific region is used to compare with the maximum of
the stronger (healthy) side. The difference in facial motility

ΔM(xABS, yABS, zABS) for the 3 regions is calculated by
subtracting these 2 numerical values. As it was observed in test
runs with the prototype in healthy subjects, the respective
absolute values often do not total 100% despite a complete
raising of the eyebrows, a full closure of the eyelids, and a
maximal lifting of the corners of the mouth; therefore, a
correction factor fC was introduced. This scales the value of the
half of the face with higher values in 1 of the 3 areas to 100%
and the half of the face with the lower values proportionally.
This aims to obtain a realistic evaluation of facial symmetry,
derived from theoretical considerations. Thus, relative values
and the corresponding relative differences ΔM(xREL, yREL, zREL)
are calculated, which are ultimately used in the calculation of
the DFI. For the 3 regions, the relative differences are summed
up for the left and the right depending on the identified side of
facial palsy by comparison of the maximum values for each
region. A patient affected by facial palsy will initially have
higher differences calculated in this way in terms of facial
asymmetry. In most patients, these differences become smaller
[38]. In order to represent the course of the disease in a positive
trajectory, the maximum extent of the facial palsy was set to
0% and a perfectly symmetrical face to 100%. Graphically
represented, an increasing rather than a decreasing curve should
result in most cases. Thus, this procedure is reciprocal to
Stennert´s index, in which the highest value (10) corresponds
to complete facial palsy.
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Figure 3. Algorithm for the calculation of the Digital Facial Index (DFI): (A) The TrueDepth camera tracks 30,000 infrared dots projected by the
iPhone’s dot projector, and the data are rendered as so-called blend shape coefficients for the (B) measurement time window for the forehead, eyes, and
mouth (exemplary data shown), and the maxima of both sides are compared for each facial region; the half of the face with the larger maximum
corresponds to 100% (relative value). (C) The DFI is calculated by adding the relative differences (ΔM based on absolute and relative values) of the 3
facial regions, with a weighting, similar to Stennert´s index.

Data Display and Sharing Options
Following a successful measurement, a screen opens
automatically displaying the analyzed data. It shows all
calculated values of the 3 facial regions including the resulting
DFI values. There are also buttons for repeating the

measurement and storing the current data, as well as a button
that enables raw data output for scientific purposes. This was
implemented using the UIActivityViewController class from
Apple's UIKit, which allows the sharing of data (eg, via
AirDrop, email, or text message).
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Test Measurements
Applying the prototype developed as described in the previous
section, all 4 authors of this publication carried out 10
consecutive self-measurements using an iPhone XR to evaluate
the intertest variability. In this setting, all test subjects looked
straight ahead into the smartphone's front camera or display
while holding the device in their hands.

To check the robustness under unfavorable conditions, the
results were compared with those obtained from one individual
to determine whether different angles of the smartphone front
camera relative to the face (reference point: median of the head
at eye level; distance: 37.5 cm, which is within the distance of
25-50 cm recommended by the manufacturer and roughly
corresponds to a natural holding position) leads to different
results. During this measurement, the positions of both the
smartphone and the subject's face were fixed with a tripod. In
addition, we checked whether incorrect measurements occur if
the smartphone is held deliberately and intermittently leaves
the camera's field of view.

No ethic committee approval at a named institution was needed
and applied for, since only data from the authors were used. All

authors provided written informed consent for their data and
pictures used in the study.

Statistical analysis was performed using one-way analysis of
variance in GraphPad Prism (Version 8.2.1; GraphPad Software
Inc, San Diego, CA). Differences were considered significant
when P≤.05.

The raw data of the measurements were imported as a text file
in Microsoft Excel (Version 16.34; Microsoft Corporation,
Redmond, WA) for rendering as a graph and to double check
that the calculations within the app were correct. The
measurements were also partially documented in the form of a
screen recording with QuickTime Player (Version 10.5; Apple
Inc) and the iPhone connected to a Mac computer (Apple Inc)
using a lightning cable.

For demonstration purposes, conventional photographs of test
sequences were taken with a Canon 80 D digital single-lens
reflex camera (Canon Inc, Tokyo, Japan), with a Canon 35 mm
f2.0 lens attached (Figures 4A-4C). In addition, an infrared
image was recorded with a Sony DCR-TRV25E Camcorder
(Sony Corporation, Tokyo, Japan) in “NightShot” mode during
the measurement (Figure 4D).

Figure 4. Test sequence using the Digital Facial Index (DFI) tracker app, with conventional photos during which the user performed 3 facial movements
during a defined measurement time window, including (A) “close your eyes,” (B) “raise your eyebrows,” and (C) “pull up the corners of your mouth,”
and (D) an infrared photograph that shows part of the 30,000 points thrown at the user by the smartphone’s dot projector to capture depth data of the
face. The depicted author provided written informed consent for her photos to be used for this paper.

Results

On the basis of the described theoretical considerations, a
functioning, stable app prototype could be developed that utilizes
the TrueDepth camera system and the ARKit framework to
measure the extent of facial motions fast and objectively. In the
latest version of the prototype, no runtime nor buildtime errors

occurred. The requirements for the app that were initially
defined could be fully met.

The complex underlying technology was successfully integrated
into a user-friendly interface (Figure 5; Multimedia Appendix
1). When using the measurement mode, a real-time overlay of
a polygon grid over the user’s face provides immediate feedback
on the precise registration of the face.
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Figure 5. User interface of the Digital Facial Index (DFI) Tracker App, including the (A) start screen with a setting for the measurement duration (5
to 15 seconds) and buttons to get to the measurement mode or statistics; (B) measurement mode with a real-time polygon grid overlay for immediate
feedback on the precise registration of the user’s face; (C) results showing absolute and relative values, their difference, and calculated DFI values; and
(D) statistics with a simple graphical representation of the last measured values. The depicted author provided written informed consent for her photos
to be used for this paper.

With the newly defined DFI, the measurement result was an
easily understandable numerical value expressed as a percentage
for each half of the face. After a brief explanation (<1 minute;
the authors were initially not exactly familiar with the measuring
principle of the app prototype), measurement with the app
prototype was easily and independently carried out by the
respective test person within a time window of less than 10
seconds each (Multimedia Appendix 1). For scientific analysis,
the raw data can be easily transferred to a computer via the
“share raw data” button as a text file. The import into Microsoft
Excel, for example, for statistical analysis was also an easy and
efficient process due to the text file’s raw data structure, which
was optimized for this purpose.

The measurements were reproducible and showed no statistically
significant intertest variability (Figure 6; Multimedia Appendix
2). The DFI was ≥99% for both sides in all measurements and

in all subjects with just one exception in a single measurement
(97% on one side). Hence, all healthy test persons were
identified correctly as having no facial movement disorder.

When comparing the calculated absolute and relative values
and the resulting DFI values, there were no discrepancies in the
visual comparison with the video recordings and the curves
derived from the raw data (Figure 7A). Simulating facial
asymmetries by grimacing also gave consistent results (Figure
7B). It should be noted here that a healthy test person is not able
to correctly simulate all aspects of facial palsy. With maximum
voluntary movement of the facial muscles on one side, the
opposite side also moves to a small extent. In the example
shown, our subject also found it more difficult to raise the right
eyebrow as high as the left as part of the movements combined
here. This results in a barely noticeable deflection of the absolute
measured values for the right eyebrow.
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Figure 6. Intertest variability and SD (bars) of measurements with the app prototype and 4 healthy subjects (10 measurements each); no asymmetry
of facial motor skills was found.

Figure 7. Test measurements with one of the (healthy) authors, showing the raw data (absolute values) over time, which are recorded 60 times per
second, for a (A) normal measurement sequence, in which the test subject makes 3 grimaces that result in symmetrical facial motor skills as Digital
Facial Index (DFI) values of 100% for both sides, and (B) simulation of asymmetrical facial features alternately for each side. The video stills shown
here are mirrored horizontally, as is usual when shooting with the front camera of smartphones. The depicted author provided written informed consent
for her photos to be used for this paper.
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Nevertheless, there is a symmetrical lifting of the eyebrows
with higher measured values during the regular measurement
process (Figure 7A). Manually checking the app's internal
calculations with the raw data in Microsoft Excel did not identify
any detectable errors.

The measurement from different angles (Figure 8) relative to
the face gave consistent results when looking straight into the
camera (DFIR 100% [SD 0.0%], DFIL 99.0% [SD 0.0%]), 22.5
° from above (DFIR 100% [SD 0.0%], DFIL 99.0% [SD 0.0%]),
22.5 ° from below (DFIR 100% [SD 0.0%], DFIL 99.1% [SD
0.3%]), and 45 ° from below (DFIR 100% [SD 0.0%], DFIL

99.4% [SD 0.5%]). The measurements with a lateral deviation
of 22.5 ° resulted in side differences for the opposite half of the

face: The measurements 22.5° from the right resulted in DFIR

of 100% (SD 0.0%) and DFIL of 94.4% (SD 1.1%) and 22.5°
from the left resulted in DFIR of 94.8% (SD 0.6%) and DFIL of
100.0% (SD 0.0%). There were significant deviations at angles
of 45 ° from above (DFIR 100% [SD 0.0%], DFIL 96.8% [SD
1.0%]) and 45 ° from the right (DFIR 100% [SD 0.0%], DFIL

75.4% [SD 2.8%]) and the left (DFIR 74.8% [SD 1.8%], DFIL

100% [SD 0.0%]). Interestingly, with these large angles, the
mouth component is decisive for the measurement error, whereas
no relevant errors occur for the forehead and eye regions. If
measurements were made with deliberately shaky hand
movements and occasionally leaving the face out of the camera's
field of view, there were no relevant measurement errors (DFIR

99.3% [SD 0.3%], DFIL 99.3% [SD 0.5%]).

Figure 8. To simulate unfavorable measurement conditions, 10 measurements (mean [SD] shown) were carried out on a (healthy) test person at different
angles relative to the median of the head at eye level and at 37.5 cm, with tripods to fix the position of the smartphone and the head of the test person;
in addition, a measurement was made with deliberately shaky hand movements and occasionally leaving the face out of the camera's field of view.

Discussion

Smartphones, tablets, and related widely used devices such as
smartwatches offer immense potential for the development of
medical applications thanks to highly advanced sensors and
computing power, as well as high storage capacities. For health
monitoring and diagnosis, smartphone sensors have already
proven to be highly potent tools in many medical specialties.
To name just a few examples, smartphones are suitable for
measuring heart rate and its variability [39-41]. Even the

accurate automated detection of atrial fibrillation is possible
[42-44]. For pulmonary medicine, low-cost spirometers were
developed using the microphones of smartphones [45,46].
Smartphone cameras are suitable for retinal fundus imaging for
assessing ophthalmic diseases [47-49], as well as for laboratory
applications, like the detection of specific DNA sequences in
combination with specific assays [50,51]. Other applications
are for skin health monitoring [52-55], detection of anemia [56],
sleep monitoring [57-59], and mental health assessment [60-66].
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In addition, smartphones are highly available worldwide and
are an integral part of everyday life. In September 2019, the
number of active smartphones reached 3.6 billion. Although
this work only describes an implementation for iPhones, which
limits the potential target group to Apple's smartphone market
share of 22.3% [67], a comparable solution for iPads and
Android devices would be technically easy to implement. It is
currently assumed that other manufacturers such as Samsung
will also integrate a similar depth mapping camera system in
future smartphones [68].

Regarding possible security concerns with respect to the
TrueDepth data, Apple states that the data are protected by the
so-called Secure Enclave (a coprocessor that provides
cryptographic operations for data security) and do not leave the
device or are backed up in an online storage medium without
user permission [31,69]. The measurement results collected in
the app prototype described are also not assigned to any user
data nor are saved in a cloud without any active user action (eg,
via the button for raw data export that is currently intended for
further scientific analysis). In a future user version, features
such as integration into electronic patient records would be
desirable while maintaining correspondingly high security
standards.

One limitation of this study is the fact that the newly developed
app is only aimed for patients with unilateral facial palsy.
However, bilateral facial palsy is very rare, with an annual
incidence rate of 1:5,000,000 and only accounts for 0.3%-3.0%
of all cases with facial palsy [70-72].

Selecting 3 of 52 possible facial features that can be extracted
simultaneously using ARKit was intended to test movements
that are also carried out when the motility criteria of Stennert’s
index are assessed. The presence of facial synkinesis as well as
the resting tone are not determined using the method described.
However, as Stennert et al [8] stated in their description of the
Stennert index in 1977, motility reveals more about the degree
of residual innervation or reinnervation of the facial nerve than
resting tone.

The formulas described here for interpreting the TrueDepth data
and for calculating the DFI were created on the basis of
theoretical considerations and aim for a symmetry of the facial
motor skills by matching the face in 3 areas. Since the range of
motion of the healthy half of the face—with the idea of
symmetry as the ideal state—represents a reasonable measure
for the sick side, the absolute values of the healthy side are
scaled to 100% and compared with the proportionally scaled
opposite side. However, it has to be stated that this approach
was not chosen to achieve ultimate scientific accuracy, but to
allow for a simple and realistic evaluation of facial symmetry.
In combination with the existing functionality of the TrueDepth
camera, there is no need for calibration. At present, it is not
possible to estimate to what extent the newly designed app
reflects the “reality” in patients with facial palsy and the course
of their disease, which is currently expressed by established
clinician-graded scoring systems. Nevertheless, based on the
first experiences with the app prototype and with no statistically
significant intertest variability in healthy subjects, it seems

possible to advance a precise classification of the severity of
facial palsy by the use of this app.

If you compare our approach with clinical scoring systems such
as the Stennert Index, House-Brackmann scale, Sunnybrook
Facial Grading System, or eFACE, we see our method clearly
having an advantage in terms of intraobserver and interobserver
variability and the duration of the measurement (a few seconds
for the DFI measurement compared to a few minutes such as
when collecting the 19 eFACE parameters). When compared
with technical solutions, the solution described by Katsumi et
al [73] has broad similarities in terms of the functional principle.
However, this requires a relatively complex hardware setup.
Since smartphones are ubiquitous and global and area-wide
distribution of software via app stores is possible, we consider
app-based solutions as described here to be much more practical
and cheaper. The, from our experience, simple, fast, and
practically self-explanatory measuring process should also make
it possible for laypeople to measure themselves for
self-assessment.

The DFI measurements from different angles and with
deliberately shaky hands show that the measurement method is
sufficiently robust in realistic scenarios. Since the user, from
the experience of our test runs, intuitively looks into the camera
during the measurement so that his face is completely shown
in the display, relevant lateral axis deviations and the associated
measurement errors are unlikely. Nonetheless, in a future
end-user solution, it could make sense to provide the user with
appropriate information about the correct measurement process.

Another positive aspect of the measurement method is that
changes in external appearance, such as facial hair or glasses,
should not have any effect on the results [32,33]. Weight
increases or decreases in the time interval in which
measurements of facial symmetry are made (eg, 6 months)
should not have any relevant effects, except in extreme cases,
due to the pure assessment of the maximum range of facial
movements.

On the other hand, acquired or congenital asymmetries such as
scars, deformities, or grafts on the face could of course
contribute to a relevant falsification of the measurable range of
motion. However, these can also influence established rating
systems such as the Stennert’s index, based on our everyday
clinical experience.

The decision to configure the DFI reciprocal to Stennert´s index
was based on clinical considerations. Following a regular course
of healing, an increasing numerical value is graphically
represented as an increasing curve. Although this is only a small
detail, maybe it can contribute to a positive psychological effect
for those affected.

The possibilities of the TrueDepth camera in everyday life, such
as authorization of payments or unlocking of the mobile phone,
are very popular among users. However, it is currently not
possible to anticipate whether mobile phone manufacturers
might cease the integration of depth mapping cameras into its
products or replace it by another technology. Nevertheless, the
fact that Apple is currently considering integrating TrueDepth
technology into notebooks [74] makes it likely that TrueDepth
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cameras will also be installed in future device generations. In
general, the focus in Apple's marketing concept has recently
been placed intensely on privacy. FaceID, which is based on
TrueDepth camera technology, is an integral part of this concept
[75]. In addition, even rear-facing depth mapping cameras may
be added to enable improved augmented reality applications,
for example. To what extent such a camera would then also be
suitable for facial measurements (eg, by the physician at the
patient’s bedside for better documentation of the facial nerve
status) is currently unclear. In summary, the medical application
described here should therefore also be feasible in the future.

With the app prototype described in this work, a highly precise,
easy-to-use solution for the grading of facial movement
disorders via the 3D-based measurements of the TrueDepth
camera system was successfully designed. It does not require
any expert knowledge to operate and delivers reproducible,
easy-to-understand results within a few seconds. This empowers
patients suffering from facial palsy to independently determine
the progress of their therapy for this functionally and
cosmetically severely impairing disease. The necessary hardware
is widely available, and no external equipment is needed.
Nevertheless, to our knowledge, this is the first time that the
TrueDepth camera system has been used for this type of medical
usage.

A prospective clinical study is necessary to check the validity
by correlation with established clinician-graded scoring systems
and to objectively assess the usability of the app. Depending
on the result of such a study, the underlying algorithm might
have to be adjusted to achieve an optimal fit. The app-based
design enables large-scale, decentralized data collection for

multicenter clinical studies, which can advance different fields
in medical science.

In addition, the export of raw data with a temporal resolution
of 60 times per second opens the interesting possibility of further
scientific evaluation and development of other medical fields
of application. It is conceivable that the evaluation of TrueDepth
data could be used for purposes such as facial training methods
with real-time biofeedback or the surveillance of dysfunctions
of facial movement associated with conditions such as
Parkinson’s disease, where spontaneous facial expressions
appear to be selectively affected [76], or motor tic disorders
with facial affection [77]. Automated, fast, objective tracking
of facial motor skills could generate valuable data on the
individual course of these diseases and on the response to
different treatments.

Another possible application area would be in studies of
affective psychology. For example, depressed individuals show
fewer Duchenne smiles and less facial animation. This implies
that automated facial analysis may prove to be useful in mental
health screening too [78]. In a similar context, a
smartphone-based solution has already been demonstrated with
the Loki app as a proof-of-concept, which was developed in a
Canadian hackathon project. By training a simple neural network
with two hidden layers, it was able to map TrueDepth facial
data to 4 emotions in real-time (happy, sad, angry, surprised)
[79].

Furthermore, a comparable integration of machine learning into
the current algorithm might even enable automated stroke
screening using a smartphone in the future, as facial palsy is a
very common consequence of strokes [80].
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Multimedia Appendix 1
Exemplary measurement sequence with the app prototype. After the measurement, the absolute and relative values for the different
facial regions as well as the calculated DFI score are displayed. The time course of the DFI scores can be shown in a diagram.
The depicted author provided written informed consent for the video to be used for this paper.
[MP4 File (MP4 Video), 13128 KB - mhealth_v9i1e19346_app1.mp4 ]

Multimedia Appendix 2
Absolute and relative values measured and calculated by the app prototype and four healthy subjects.
[DOCX File , 39 KB - mhealth_v9i1e19346_app2.docx ]
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Abstract

Background: With the development of mobile health (mHealth), chronic disease management apps have brought not only the
possibility of reducing the burden of chronic diseases but also huge privacy risks to patients’ health data.

Objective: The purpose of the study was to analyze the extent to which chronic disease management apps in China comply
with the Personal Information Security Specification (PI Specification).

Methods: The compliance of 45 popular chronic disease management apps was evaluated from the perspective of the information
life cycle. To conduct a fine-grained evaluation, a scale based on the PI Specification was developed. Finally, 6 level 1 indicators,
22 level 2 indicators, and 61 level 3 indicators were defined.

Results: There were 33/45 apps (73%) with a privacy policy, and the average score of these apps was 40.4 out of 100. Items of
level 1 indicators with high scores included general characteristics (mean 51.9% [SD 28.1%]), information collection and use
(mean 51.1% [SD 36.7%]), and information sharing and transfer (mean 50.3% [SD 33.5%]). Information storage and protection
had the lowest compliance with PI Specification (mean 29.4% [SD 32.4%]). Few personal information (PI) controllers have stated
how to handle security incidents, including security incident reporting (7/33, 21%), security incident notification (10/33, 30%),
and commitment to bear corresponding legal responsibility for PI security incidents (1/33, 3%). The performance of apps in the
stage of information destruction (mean 31.8% [SD 40.0%]) was poor, and only 21% (7/33) apps would notify third parties to
promptly delete PI after individuals cancelled their accounts. Moreover, the scoring rate for rights of PI subjects is generally low
(mean 31.2% [SD 35.5%]), especially for obtaining copies of PI (15%) and responding to requests (25%).

Conclusions: Although most chronic disease management apps had a privacy policy, the total compliance rate of the policy
content was low, especially in the stage of information storage and protection. Thus, the field has a long way to go with regard
to compliance around personal privacy protection in China.

(JMIR Mhealth Uhealth 2021;9(1):e23409)   doi:10.2196/23409
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Introduction

Background
Chronic diseases, such as diabetes and hypertension, are a major
global health issue affecting many countries [1]. Fortunately,
the booming of mobile health (mHealth) offers opportunities
for chronic diseases prevention, treatment, and daily
self-management. The health benefits of mHealth interventions
for patients with chronic diseases have been demonstrated [2];
mHealth apps can be used to collect and monitor health data
[3,4], promote and support self-management [5,6], and provide
medication and appointment reminders [7]. Different from other
types of mHealth apps, such as online registration and online
consultation, chronic disease management apps allow individuals
to generate large quantities of data about their lifestyle,
introducing risks to the security and privacy of patient data.

Considering the potential negative effects of security breaches
of health data systems, such as social stigma, damage to
reputation, and fraud in the health system [8], privacy has
become an important factor discouraging patients from using
mHealth apps for health care [9-11]. Different from other kinds
of disease management, the care of chronic diseases requires
patients to regularly track key health indicators. It means that
protecting the safety and privacy of personal information (PI)
is crucial for chronic disease management apps. A few studies
were related to the privacy policy of chronic disease
management apps. These studies mainly involved 3 focal
aspects: the quality assessment [12,13], the complexity analysis
of app privacy policies [14], and the security analysis [15].
Although the above 3 aspects involved privacy policies, the
evaluations were relatively rough.

As for the evaluation criteria, various standards were used to
evaluate the privacy of mHealth apps. Most papers established
evaluation indicators based on the existing literature [16,17] or
authors’ criteria [18-20]. The most common items in the
evaluation criteria included stating processing purposes,
determining the recipient of personal data, the existence of the
data rights of the individuals, and the existence of privacy
policies. Although a few papers on the privacy assessment of
mHealth apps were based on laws or regulations, such as
General Data Protection Regulation (GDPR), Fair Information
Practices (FIPS) [18,21], some of them proposed a set of items
to check the compliance of laws or regulations [20,22].

In China, the Information Security Technology–Personal
Information Security Specification (GB/t 35273-2020) (PI
Specification) came into effect on October 1, 2020 [23]. This
specification, also as the standard basis for apps’ privacy
certification, lays out granular guidelines for how personal data

should be collected, used, and shared. Besides, it provides a
template of PI protection policy in the form of attachments.
Although PI Specification is a national voluntary standard
instead of a mandatory standard, it provides a reference for the
industry. However, the compliance with PI Specification of
mHealth apps remains unclear. In each step of the information
life cycle, the patient’s PI is at risk of leakage, such as collection,
storage, usage, sharing, destruction, and so on. Therefore, it is
necessary to review the compliance of the privacy policy of
mHealth apps based on PI Specification from various stages of
the information life cycle, especially for chronic disease
management apps that have insufficient privacy assessment.

Objectives
This study aimed to evaluate the compliance of privacy policies
of chronic disease apps with the PI Specification from the
perspective of the information life cycle. Specifically, this study
can provide answers to the following 2 research questions: (1)
To what extent do chronic disease apps comply with PI
Specification 2020? (2) Among the various stages of the
information life cycle, which stage has the weakest privacy
policy protection?

Methods

Apps Selection
Considering the popularity of Android in China [24], this study
investigated mHealth apps in Android app stores. The top 4
Android app stores were selected, which accounts for 61.0% of
the Chinese Android market [25], including Tencent My App
(26.0%) [26], Huawei App Market (15.1%) [27], Oppo Software
Store (10.2%) [28], and 360 Mobile Assistant (9.7%) [29]. The
apps returned by queries for “noncommunicable diseases,”
“chronic disease,” “diabetes,” “blood pressure,” “hypertension,”
“heart disease,” “kidney,” “cardiovascular,” “asthma,”
“respiratory disease,” or “cancer” were included in the set of
chronic diseases management apps.

This search was conducted on October 2, 2020. Our sample was
filtered based on the title and description in the app stores. The
app met inclusion criteria if it (1) was in Chinese; (2) required
the input of PI over time; (3) had the general public as its target
user group rather than clinicians; and (4) had over 100,000
downloads. The authors saved all privacy policies as text files
and recorded the downloads, update time, and disease category.

A total of 45 apps met the inclusion criteria (Figure 1). Among
them, 12/45 apps (27%) had no privacy policy. Excluding apps
without a privacy policy, the remaining 33 privacy policies were
analyzed.
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Figure 1. Flow chart of the search strategy.

Scale Development and Scoring
The level 1 and level 2 evaluation indicators are shown in
Textbox 1. Level 3 evaluation indicators for privacy policies
are listed in Multimedia Appendix 1. Based on the information
life cycle, 6 level 1 indicators were developed, including
information collection and use, information storage and
protection, information sharing and transfer, information
destruction, general characteristics of privacy policies, and rights
of PI subjects. There are 22 items on level 2 indicators and 61
items on level 3 indicators. For each level 3 indicator, a brief
explanation, example sentences, and corresponding clauses of
PI Specification are listed in Multimedia Appendix 2.

Each level 3 indicator was scored as 1 point if the privacy policy
complies with the indicator and 0 otherwise. Scoring rate of
each level 3 indicator was defined as the percentage of the
number of apps scored 1 point in the total sample. Scoring rate
of each level 2 indicator was the average of all level 3 indicators
under that level 2 indicator. Scoring rate of each level 1
indicator, which indicated the compliance of apps in the
corresponding stage of the information life cycle, was the
average of all level 2 indicators under that level 1 indicator. For
each app, the sum of all level 3 indicators scores was converted
into a percentage system as a final score; the final score
represented the compliance of the app. Bar graphs are used to
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visualize the degree of policy compliance. The ordinate of bar
graphs is the scoring indicators, including level 3 and level 2
indicators, and the scoring rate of level 2 indicators. The abscissa
is the scoring rate of level 3 indicators. In order to more
intuitively reflect the scores of the level 2 indicators, we use
different colors to visualize each level 2 indicator; if the scoring
rate is close to the average score, it is yellow; if the scoring rate
is close to the minimum value, it is red; If the scoring rate is
close to the maximum value, it is green.

Initially, 2 raters (ZN and YW) independently reviewed 21%
(7/33) of randomly selected apps to assess the level of
agreement; the Kappa-Cohen Index was 0.87, which denoted
an almost perfect agreement. Then, 2 raters (ZN and YW)
discussed indicators with inconsistent scores, and each rater
analyzed half of the remaining apps after the standard was
unified.

Textbox 1. Level 1 and level 2 evaluation indicators for privacy policies.

1. General characteristics

• App scope

• Policy disclosure

• Policy updates

2. Information collection and use

• Information collection and usage rules for business functions

• Personal sensitive information

3. Information storage and protection

• Storage security

• The handling of security incidents

4. Information sharing and transfer

• Entrusted processing

• Sharing of PI

• Transfer of PI

• Public disclosure of PI

• Cross-border transmission

5. Information destruction

• Storage time limit

• Data deletion and anonymization

6. Rights of PI subjects

Results

Sample Distribution
The basic characteristics of these apps are presented in Table
1. The types of chronic diseases targeted by apps mainly include
diabetes (11/45, 24%), hypertension (4/45, 9%), heart disease
(4/45, 9%), cancer (2/45, 4%), and comprehensive chronic
disease management (19/45,42%). The comprehensive chronic

disease management app referred to providing users with
long-term, multifaceted chronic disease prevention and treatment
services that were not targeted at specific chronic disease.
Besides, it included a small number of apps for other types of
chronic diseases (5/45, 11%), such as asthma, chronic kidney
disease, and chronic skeletal muscle diseases. Most apps (30/45,
67%) had between 100,000 and 1,000,000 downloads; 73%
(33/45) of apps were updated in 2020.
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Table 1. Sample distribution of chronic disease management apps (N=45).

Count, n (%)Category

Disease category

11 (24)Diabetes

4 (9)Hypertension

4 (9)Heart disease

2 (4)Cancer

19 (42)Comprehensive

5 (11)Others

Downloads

30 (67)100,000-1,000,000

11 (24)1,000,000-10,000,000

4 (9)10,000,000

Updated

2 (4)2014-2016

10 (22)2017-2019

33 (73)2020

Compliance Evaluation
The average score of 33 apps was 40.4 out of 100, and the
degree of dispersion was very high (SD 31.2). The evaluation
results on level 1 indicators of privacy policies are presented in
Figure 2. The most complied-with items in level 1 indicators
were the following: general characteristics (mean 51.9% [SD
28.1%]), information collection and use (mean 51.1% [SD
36.7%]), and information sharing and transfer (mean 50.3%
[SD 33.5%]). However, some indicators had a low degree of
overall compliance, such as information storage and protection
(mean 29.4% [SD 32.4%]), information destruction (mean
31.8% [SD 40.0%]), and rights of PI subjects (mean 31.2% [SD
35.5%]). The name and evaluation results of each app are listed
in Multimedia Appendix 3.

The scoring rate for level 2 indicators ranged from 15.2% to
75.8%, with an average of 40.4%. We visualized the evaluation

results with bar graphs, in which the color of bars indicates the
scoring rate of level 2 indicators (the value in parentheses) and
the length of bars indicates the scoring rate of level 3 indicators.

The general characteristics of privacy policy reflect its openness,
readability, and timeliness of updates. Compliance evaluation
results of the privacy policies general characteristics are shown
in Figure 3. Some level 2 indicators scored high, such as policy
updates (59%) and disclosure (58%). More than one-half of the
apps promised to notify users (19/33, 58%) and obtain the
explicit consent of PI subjects again (17/33, 52%) if the policy
was updated. As for policy disclosure, although most apps
provided independent (20/33, 61%) and easily accessible (27/33,
82%) privacy policies, only a few apps (10/33, 30%) had a clear
logical structure and provided a directory summary. In terms
of scope, a few apps (9/33, 27%) marked the update date or
effective time of the privacy policy, which indicated that the
timeliness of policy updates was low.
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Figure 2. The scoring rate of chronic disease management apps on level 1 indicators. PI: personal information.

Figure 3. Compliance evaluation results of the privacy policies general characteristics. PI: personal information.

Compliance evaluation results in the stage of information
collection and use, and the stage of information storage and
protection are presented in Figure 4. In the information
collection and use stage, the scoring rate of all level 2 indicators
reached the average, and the overall compliance degree was
relatively high. Because the research object of this article was
chronic disease management apps, all apps in this research
involved the collection and processing of personally sensitive
information. However, in terms of personal sensitive
information, only 30% (10/33) of apps marked personal sensitive
information prominently.

Although the compliance level of storage security was close to
the average (38%), most apps (28/33, 85%) did not inform PI
subjects the security agreement they followed and the
certification they obtained. The compliance level of the handling
of security incidents (18%) was far below the average. Among
the 33 apps, only 1 app (3%) promised to bear corresponding
responsibilities if a security incident occurred. In addition, no
more than one-third of apps described how to inform PI subjects
after a security incident (10/33, 30%), and whether they would
report it truthfully to government organizations (7/33, 21%).
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Compliance evaluation results in the stage of information
sharing and transfer, and the stage of information destruction
are shown in Figure 5. Only 24% (8/33) of apps informed the
type of shared information and 33% (11/33) of apps informed
the security measures taken before sharing, such as
anonymization or deidentification. Entrusted processing scored
low; only 27% (9/33) of apps stated that they would supervise
the entrusted party by establishing the third-party’s
responsibilities and duties through contract or other such means.
The 2 level 2 indicators of the information destruction stage,
namely, storage time limit (35%) and data deletion and

anonymization (29%), were all lower than the average scoring
rate. Especially if PI subjects request to delete user data, only
21% (7/33) of apps would notify third parties to promptly delete
their PI.

Most privacy policies had a low scoring rate for the indicators
related to rights of PI subjects (Figure 6), especially the right
to obtain a copy of PI, which was only 15% (5/33). Scores for
level 2 indicators such as complaint management (29%) and
responding to requests (26%) were far below the average, which
meant that most apps did not pay attention to the handling of
user requests and complaints.

Figure 4. Evaluation results in the stage of information collection and use, and the stage of information storage and protection. PI: personal information.
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Figure 5. Evaluation results in the stage of information sharing and transfer, and the stage of information destruction. PI: personal information.
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Figure 6. Compliance evaluation results of the right of PI subjects. PI: personal information.

Discussion

Key Findings
In this study, we proposed a scale based on PI Specification
2020 for assessing the compliance of China’s chronic disease
apps privacy policies from various stages of the information
life cycle. Fu and Zhao [30] analyzed the privacy policies of 20
mHealth apps in China based on PI Specification 2017. In their
study, the privacy policies were analyzed from 6 aspects,
including information collection, cookies and other related
technologies, PI storage and protection, PI sharing, PI processing
rights, and minor information protection. However, their study
did not conduct a fine-grained quantitative analysis and
evaluation of each item and it could not reveal the app’s
compliance with specific articles in PI Specification. In this

paper, 6 level 1 indicators, 22 level 2 indicators, and 61 level 3
indicators were defined and a fine-grained evaluation was
conducted. PI controllers and subjects can use the scale to obtain
a percentual score that defines the compliance of privacy
policies.

According to the results, most of the apps collected in the initial
sample (33/45, 73%) included a privacy policy, which was
similar to a previous assessment of cancer apps by Benjumea
et al [22] who found that 71% of the apps in their sample had
a privacy policy. Considering that the prevalence of privacy
policies for high-download apps is significantly higher than that
of low-download apps (high downloads: 15/17, 88%; and low
downloads: 33/64, 52%; P=.006) [31], our result might be higher
than the actual situation.
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Regarding scores, only 39% (13/33) of apps in our sample had
a score greater than or equal to 40 points, with an average score
of 40.4 out of 100 (SD 31.2), which indicated that the majority
of chronic disease management apps in China had low
compliance with PI Specification 2020. This result is consistent
with the prior finding by Fu and Zhao [30], who determined
that most mHealth apps in China did not meet the requirements
of PI Specification. Benjumea et al [22] analyzed the privacy
policies of 31 cancer Android apps from the Google Play
website (Spanish version) and obtained an average score of 50.5
points; in Hutton et al [21], the average score for 64 self-tracking
mHealth apps from Google Play was 46.2% (SD 24.3%). These
differences might also be the result of different mHealth app
types, evaluation scales, and even normative background (Hutton
et al [21] refer to GDPR, FIPS, and usability, whereas Benjumea
et al [22] refer to GDPR). What we compared is the degree to
which apps complied with local laws or regulations, rather than
the degree to which they protected the privacy of users. Thus,
according to the evaluation results, the compliance of chronic
disease management apps in China Android app stores might
be slightly lower than that of mHealth apps in Google Play.

In terms of general characteristics, policy disclosure and policy
updates are the basic prerequisites for a privacy policy to
effectively protect the legal rights of PI subjects. The level 3
indicators under policy disclosure and policy updates can
maintain a scoring rate of 57%-58%, which indicated that most
PI controllers had a basic awareness of protecting user privacy.
However, only 48% (16/33) of apps introduce the basic
information of the PI controller in the privacy policies, which
is far lower than a previous study (77%) [22].

In the stage of information collection and use, 64% (21/33) of
apps stated the purpose of collecting and using PI, which was
in line with the result (61%) of Hutton et al [21]; 52% (17/33)
of apps described the impact of refusal to provide PI, which
was far higher than the result (27%) of Benjumea et al [22].
According to PI Specification Article 5.5, if the app involves
the collection of personal sensitive information, the PI controller
should clearly mark or highlight the information. However, only
30% (10/33) of apps prominently marked personal sensitive
information in their privacy policies.

Information sharing has always been a hotspot in privacy policy
analysis. Robillard et al [32] found that 68% of privacy policies
stated that users’ PI may be shared with third parties, whereas
only 10% of apps stated that users’ PI would not be shared
without their consent. In this paper, the majority of apps with
a privacy policy that we assessed were highly compliant with
PI Specification in data sharing (48%), transmission (56%), and
public disclosure (76%). In terms of the consent of PI subjects,
considerable proportions of privacy policies mentioned that
they would obtain the consent of PI subjects before sharing
(26/33, 79%), transfer (24/33, 73%), and public disclosure
(24/33, 73%) PI. While most apps would obtain the consent of
PI subjects before sharing PI, no more than one-fourth of apps
informed the type of PI they would share. Furthermore, during
the information sharing and transfer stage, the most worrying
issue was the lack of safety measures (11/33, 33%) and
supervision of third parties (9/33, 27%), which brought serious
security risks to PI of patients.

Among the stages of the information life cycle, the stage of
information storage and protection had the lowest compliance
with PI Specification. According to Zhou et al [11], most users
did have concerns about their privacy when using mHealth apps
and expected the apps to take a variety of security measures,
such as regular password updates, remote wipe, user consent,
and access control. However, according to our assessment,
approximately two-thirds of chronic disease management apps
lacked the description of security measures in the level of
organization management. Concerningly, only few PI controllers
(18%) have stated how to handle security incidents, such as
security incident reporting, security incident notification, and
commitment to bear corresponding legal responsibility for PI
security incidents.

The timely destruction of PI is essential to the privacy of
patients. Few privacy policies complied with PI Specification
in terms of the storage time limit (35%) and the deletion or
anonymization of PI after account cancellation (29%). One
noteworthy point here was that only 21% (7/33) of chronic
disease management apps would notify third parties to promptly
delete PI after PI subjects cancelled their accounts. According
to PI Specification [23], the PI retention period should be the
shortest time needed to achieve the purpose (Article 6.1); after
the retention period is exceeded or the account is cancelled, PI
controllers should carry out data deletion or anonymization
(Article 6.1, Article 8.5). Judging from the assessment results
of this study, the performance of apps in the stage of information
destruction was far from reaching the requirements of PI
Specification.

The scoring rate for rights of PI subjects is generally low,
especially for obtaining copies of PI (15%) and responding to
requests (25%), which was consistent with a previous study
[21]. Furthermore, during our evaluation, we noticed that
compared with the description of rights of PI subjects, the
scoring rate of how to exercise rights of PI subjects is usually
lower. For example, 48% (16/33) of apps stated the right of PI
inquiry, whereas only 36% (12/33) of apps provided methods
to inquire PI. These findings demonstrated that most Android
chronic disease management apps in China can hardly guarantee
the exercise of patients’ rights.

Implications and Recommendations
The contributions of this study are threefold. First, we developed
a new scale based on PI Specification. From the perspective of
information life cycle management, the compliance of privacy
policies can be evaluated systematically, and the scale can be
generalizable to other kinds of apps in China. Based on our
scale, app operators can also conduct a fine-grained
self-assessment of their app privacy policies. Second, through
the analysis of privacy policies, physicians and patients could
better understand what information patients provide to the app
companies and the potential risk of providing this information
to non–health care providers, especially in terms of information
storage and protection. Moreover, we investigated and assessed
the current state of practice in chronic disease management apps
regarding the protection of health-related data. The indicators
in this paper were based on the PI Specification 2020, and
findings presented in this article could provide insights into the
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implementation of the new specification in China. Personal
health information is highly sensitive and the leakage of daily
health data may cause negative effects [8]. In this regard, we
would like to make the following recommendations:

First, improve the readability of the privacy policy. The results
from a 2018 study [33] suggested that privacy policies are not
comprehensible to most adults. Thus, it is of great significance
for apps to make their privacy policies shorter and simpler so
that PI subjects can understand it. Second, strengthen
government supervision and industry self-regulation. The
Personal Information Protection Law of the People’s Republic
of China (Draft Law) was released for seeking opinions from
the public on October 21, 2020 [34]. Different from the PI
Specification, which is a national recommended standard instead
of a mandatory standard, the promulgation and implementation
of the Personal Information Protection Law will provide strong
legal support for the protection of personal privacy and user
rights. Moreover, it is important to pay attention to the positive
effects of mHealth industry self-discipline and encourage
mHealth industry organizations to draft industry rules to collect
and use personal health information legally.

Limitations
First, our indicators may not be practical for apps in some
special cases. For example, all level 2 indicators under “Sharing

of PI” cannot be evaluated if the app does not share any PI.
Assigning 1 point or 0 points, in this case, would overrate or
underrate the privacy policy, respectively. Second, although we
assessed the compliance of the privacy policies, we did not
conduct a technical audit to evaluate if the data handling
procedures outlined in the policy are implemented. It is reported
that the disclosures regarding third-party data transmission do
not match actual behavior [16]. Thus, future work can explore
the correspondence between privacy disclosures and how apps
for chronic disease handle personal data.

Conclusions
Despite these limitations, our findings demonstrated a general
lack of compliance regarding the handling of users’ health data
submitted to chronic disease management apps. Although most
chronic disease management apps had a privacy policy, the total
compliance rate of the policy content was low. In addition, few
apps could handle security incidents according to the
requirements of PI specification. Importantly, it was difficult
for PI subjects to exercise their rights in accordance with the
privacy policies, especially in the stage of information
destruction. Overall, our findings suggest the field has a long
way to go with regard to compliance around data handling in
China. Only by calling attention to this large need, can we
change the practices and create a safer online environment for
users’ daily health information.
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Abstract

Background: Dental caries is the most common multifactorial oral disease; it affects 60% to 90% of the global population.
Dental caries is highly preventable through prevention behaviors aimed at improving oral hygiene, adequate fluoride usage, and
dietary intake. Mobile apps have the potential to support patients with dental caries; however, little is known about the availability,
target audience, quality, and features of these apps.

Objective: This review aims to systematically examine dental caries prevention apps; to describe their content, availability,
target audience, and features; and to assess their quality.

Methods: We systematically identified and evaluated apps in a process paralleling a systematic review. This included a search
strategy using search terms; an eligibility assessment using inclusion and exclusion criteria focused on accessibility and dental
caries self-management behaviors, including oral hygiene, dietary intake, and fluoride usage; data extraction on app characteristics,
including app store metrics; prevention behavior categorization; feature identification and description; a quality appraisal of all
apps using the validated Mobile App Rating Scale (MARS) assessment tool; and data comparison and analysis.

Results: Using our search strategy, we retrieved 562 apps from the Google Play Store and iTunes available in Australia. Of
these, 7.1% (40/562) of the apps fit our eligibility criteria, of which 55% (22/40) targeted adults, 93% (37/40) were free to
download, and 65% (26/40) were recently updated. Oral hygiene was the most common dental caries prevention behavior domain,
addressed in 93% (37/40) of the apps, while dietary intake was addressed in 45% (18/40) of the apps and fluoride usage was
addressed in 42% (17/40) of the apps. Overall, 50% (20/40) of the apps addressed only 1 behavior, and 38% (15/40) of the apps
addressed all 3 behaviors. The mean MARS score was 2.9 (SD 0.7; range 1.8-4.4), with 45% (18/40) of the apps categorized as
high quality, with a rating above 3.0 out of 5.0. We identified 21 distinctive features across all dental caries prevention behaviors;
however, the top 5 most common features focused on oral hygiene. The highest-ranking app was the Brush DJ app, with an
overall MARS score of 4.4 and with the highest number of features (n=13). We did not find any apps that adequately addressed
dental caries prevention behaviors in very young children.

Conclusions: Apps addressing dental caries prevention commonly focus on oral hygiene and target young adults; however,
many are not of high quality. These apps use a range of features to support consumer engagement, and some of these features
may be helpful for specific patient populations. However, it remains unclear how effective these apps are in improving dental
caries outcomes, and further evaluation is required before they are widely recommended.

(JMIR Mhealth Uhealth 2021;9(1):e19958)   doi:10.2196/19958
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Introduction

Background
Dental caries is a preventable, noncommunicable multifactorial
disease that affects 60% to 90% of the population globally [1,2].
When left untreated, end-stage management of dental caries
can result in pain, infection, and facial swelling, leading to
emergency department presentations, especially for young
children [3,4]. Although highly preventable, dental caries
resulted in 70,200 preventable hospitalizations in Australia from
2016 to 2017 [5]. Dental caries prevention can be achieved at
the individual level by addressing specific prevention behaviors,
including adequate oral hygiene practices [3], age-appropriate
topical fluoride usage [6], and diet modifications that reduce
the amount of free sugar consumption [7]. At present, prevention
behavior change interventions have included patient-focused
dietary counseling and oral hygiene instruction, mostly delivered
alongside operative clinical interventions in clinical settings
[8,9]. However, these interventions are time intensive, workforce
intensive, and expensive to deliver; also, without regular and
repeated exposure, these interventions have shown inconsistent
results on sustainably improved dental caries outcomes [9,10].

Growing mobile phone ownership globally and integration with
the internet [11,12] have prompted the development of and
research into mobile health (mHealth) interventions to address
a broad range of behavior change practices for chronic disease
management. These mHealth tools seek to modify a range of
broad and specific behavioral factors related to diet [13],
exercise [14], and medication adherence [15,16] to manage a
range of chronic conditions, including diabetes [17,18], obesity
[19,20], and cardiovascular diseases [15]. A variety of mHealth
interventions have shown promising results in a variety of
populations across the lifespan [21,22] and have particularly
provided equitable support to remote, regional, and underserved
populations [23-27]. Thus, it is necessary to both use and assess
mHealth as a viable modality to support behavior change in the
management of a range of noncommunicable diseases, including
oral diseases, namely dental caries.

Apps for Dental Caries Prevention
Dental caries has many modifiable risk factors common to other
noncommunicable diseases [4,28], driving a rationale for the
adoption of innovative disease management approaches,
including mHealth. Current research in mHealth for oral health
has largely focused on addressing periodontal diseases through
motivation for oral hygiene, with the delivery of simple text
messages [29-31]. A recently published systematic review of
the literature, focused on oral hygiene alone, highlighted the
potential of mHealth interventions to improve oral health
knowledge alongside modest clinical improvements in gum
health in the adult and adolescent populations [29]. However,
it remains unclear whether these results can be extended to

address other dental caries risk factors, including a cariogenic
diet and inadequate fluoride usage. Although important across
the lifespan, preventive behaviors associated with appropriate
fluoride usage and low sugar diets, including the timing of
consumption are particularly influential in decreasing dental
caries risk during the unique developmental stages of children
aged younger than 6 years [3,8]. Uninformed parents could be
at greater risk of their child experiencing a preventable
hospitalization because of dental caries [5,10]. Although
previous studies have focused on oral hygiene [29,32], it is
important for this study to systematically scope the target
audience and range of apps that addressed other dental caries
prevention behaviors, including adequate fluoride usage and
dietary modification.

Furthermore, 2 recent reviews on apps used in oral health
focused on the information analysis of apps that targeted the
adult population in the United States [33] and the United
Kingdom [32]. These reviews found poor information quality
and identified the need to comprehensively analyze the features
available in the apps alongside the use of a validated quality
rating scale. The Mobile App Rating Scale (MARS) is a
validated scale that has been used in a wide range of health care
contexts to comprehensively assess the quality of health apps.
Further analysis of features also provides information on
usability and the potential for longer-term engagement with an
app. Therefore, this study aims to systematically examine oral
health apps that address a range of modifiable dental caries
prevention factors and to systematically describe their content,
availability, target audience, features, and quality.

Methods

Systematic Search Strategy
This review was conducted using a stepwise approach according
to a previously published methodology that parallels a
systematic review (Figure 1) [15]. We searched the main app
stores: Google Play Store and iTunes. Of the 5.6 million apps
available internationally, Google Play offers 2.47 million apps,
and iTunes offers 1.8 million apps [34]. The search was
conducted on the Google Play Store and iTunes with the app
store country and region set to Australia between January 8 and
19, 2019, using the top 8 key search terms. These search terms
were chosen based on their performance in retrieving the highest
number of relevant apps for dental caries prevention from
preliminary searches. The final list was developed and agreed
upon by all authors and focused on the self-management
behaviors that support dental caries prevention across all age
groups, including young children. These search terms included
dental caries, early childhood caries, tooth decay, dental caries
prevention, early childhood caries prevention, tooth decay
prevention, saliva, and fluoride.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e19958 | p.302http://mhealth.jmir.org/2021/1/e19958/
(page number not for citation purposes)

Chen et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 1. Schematic steps of the systematic review and quality evaluation. MARS: Mobile App Rating Scale.

Eligibility Assessment
All apps retrieved from the search were screened by 2
independent reviewers (RC and GW) for eligibility using

prespecified inclusion and exclusion criteria (Textbox 1) that
aimed to identify relevant apps that were accessible to most of
the general public relevant to dental caries prevention.

Textbox 1. Inclusion and exclusion criteria.

Inclusion criteria

• The app focused on supporting the general public of any age to address prevention behaviors associated with dental caries prevention

• The app addressed dental caries prevention factors: 

• Oral hygiene including toothbrushing

• Fluoride usage

• Diet modification

• The app was accessible to the care context of Australia.

• The app was in the English language.

Exclusion criteria

• Apps targeted at clinicians or student clinicians

• Apps that were not related to health and were considered arcade games only

• Apps that addressed other health or oral health issues but were not specific to dental caries

• Apps that were priced or had in-app purchases or electronic devices such as electric toothbrushes priced above Aus $3.00 (US $2.29), which is
the average price that consumers are willing to pay for an app [35] to ensure affordability

• Apps that were associated with a specific health clinic
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General Characteristics of Apps
All apps that fit the inclusion criteria were downloaded on either
the Android platform using a Samsung smartphone (Galaxy 9)
or the iOS platform using an iPhone XR. The general
characteristics of the apps were adapted from the classification
section of the MARS tool (Multimedia Appendix 1) to describe
the app name, app developer, date of the last update, platform
(Google Play or iTunes), cost, star rating according to the app
store, affiliations, target age groups, and focus of the app.

Categorization by Prevention Factors
Apps were categorized according to broad modifiable factors
associated with dental caries prevention: oral hygiene, fluoride,
and diet. For apps to be classified as addressing oral hygiene,
at minimum, information about the importance of good oral
hygiene for dental caries prevention had to be present in the
app. Additional information and features could include a video
demonstration of tooth brushing or interdental cleaning
techniques, such as dental flossing, or gamification of
toothbrushing, defined as the use of game elements in nongame
contexts [36]. For fluoride, some information about the effects
of fluoride from various modalities, including toothpaste or
water consumption related to dental caries prevention, could be
included. For diet, information on specific diet changes that
could influence dental caries outcomes, for example, the use of
a traffic light grading system to educate and encourage users to
swap food choices to alternatives with less sugar [37], could be
included.

Feature Description and Analysis
Features are elements of an app designed to increase interactivity
and consumer engagement. For oral health apps, these features
may include gamification and timers [33]. For the feature
description, we identified and defined these through an iterative
process combining terminology from previously published
literature [15,38,39] with input from experts in the field and all
authors. Further analysis was conducted to catalog the features
of all apps stratified by the broad dental caries prevention factor
each app addressed and to identify common features.

Quality Appraisal of Apps
All apps that fit the inclusion criteria were evaluated for quality
using the MARS (Multimedia Appendix 1). This scale provides
a standardized approach with 19 objective items and provides
appraisal across 4 subscales: engagement, functionality,
esthetics, and information quality [38,40]. The engagement
subscale appraises whether the app was fun, interesting,
customizable, and interactive (eg, push notifications, sends
alerts) to the target audience. The functionality subscale assesses

whether the app is correctly functioning and easy to learn, with
easy navigations and logical flow. The esthetic subscale provides
appraisal with regard to the general visual appeal and stylistic
consistency of the app. Finally, the information subscale assesses
the quality of the information, for example, whether the textual
information and references are from credible sources. The
overall MARS also sets a minimum quality threshold score of
3.0 out of 5.0, providing the ability to identify high-quality apps
to patients and clinicians or further analysis [41]. It has been
used in various contexts with excellent internal consistency and
interrater reliability [15,42-46]. In total, 2 independent reviewers
(RC and GW) were trained to use the MARS instruments
through a web-based training program created by the MARS
developers [38]. Each reviewer independently spent at least 30
min to thoroughly test each app on both devices. Data on the
objective subscales of the MARS and additional features of the
apps were extracted and entered into an Excel (Microsoft
Corporation) spreadsheet. The items were rated on a 5-point
scale (1: inadequate, 2: poor, 3: acceptable, 4: good, and 5:
excellent). Any disagreements between the 2 reviewers were
resolved by taking a consensus discussion. We calculated the
means of the MARS and interrater reliability scores between
reviewers using SPSS version 22.0 (IBM Corporation).
High-quality apps were determined from the overall threshold
score of 3 out of 5 in the overall mean score as defined by the
developers of MARS, providing the ability to identify
high-quality apps for further analysis [38,41].

Data Analysis and Synthesis
Further data analysis and synthesis were conducted based on
the iteratively generated hypothesis from the initial MARS
quality analysis. First, we wanted to compare the quality rating
between apps that addressed a differing number and range of
dental caries prevention factors. Second, the correlation between
the MARS quality rating and the number of features across all
apps was conducted.

Results

Systematic Search and Eligibility Assessment
Our systematic search retrieved a total of 562 apps, with 532
(94.7%) apps identified in the Google Play Store alone, 22
(5.3%) apps identified in iTunes alone, and 8 (1.4%) apps found
in both stores. These apps were screened for eligibility, and
92.9% (522/562) were excluded based on the inclusion or
exclusion criteria. The reasons for exclusion are presented in
Textbox 1. A total of 40 (7.1%) unique apps were included for
further analysis (Figure 2).
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Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of apps identified through the systematic search.

General Characteristics of Apps
Most of the apps (37/40, 93%) were free to download, with only
3 of the 40 apps (8%) incurring a cost between Aus $0.99 (US
$0.75) and Aus $2.99 (US $2.29) on iTunes alone. More than
half (26/40, 65%) of the apps included were recent and current,
as they were last updated either in 2018 or 2019. A total of 29
out of 40 apps (73%) were available on the Google Play Store
only, and 3 out of 40 apps (8%) were available on the iTunes

store only; 20% (8/40) of the apps were available in both stores
(Multimedia Appendix 2).

Most (27/40, 68%) of the apps’ affiliations were unknown, and
9 of 40 apps (23%) had clear commercial affiliations. Only 10%
(4/40) of apps had affiliations with a university, and 50% (2/4)
of these apps, namely, Brush DJ and My Dental-Care - Your
Guide to Oral Health, had affiliations with the UK National
Health Service, a government affiliation. More than half (22/40,
55%) of the apps were targeted toward adults or young adults,
with 63% (14/22) of these apps also targeted adolescents. Apps
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classified as targeting a general audience were 18% (7/40),
whereas 28% (11/40) of apps were targeted at children aged
older than 7 years. When analyzing the focus of the app, half
(20/40, 50%) of the apps focused on information provision,
such as health-seeking behaviors. The other half of the apps
provided additional behavior change prompts, with 70% (14/20)
of the apps providing specific goal setting functions within the
app.

Categorization by Prevention Factor
Of the 40 included apps addressing a range of dental caries
prevention factors, 37 (93%) addressed oral hygiene, 17 (43%)

addressed fluoride, and 21 (53%) addressed diet (Figure 3).
Furthermore, 50% (20/40) of apps addressed only one of these
factors for oral health, 12% (5/40) of apps addressed 2 factors,
and 38% (15/40) of apps addressed all 3 factors. Of the 20 apps
that addressed only 1 factor, 17 (85%) addressed oral hygiene
alone and 3 (15%) addressed diet alone. Of the 5 apps that
addressed 2 factors, these combinations included oral hygiene
and fluoride with 2 (40%) apps and oral hygiene and diet with
3 (60%) apps (Figure 4).

Of the 40 apps that fit our inclusion criteria, 37 (93%) addressed
oral hygiene, 17 (43%) addressed fluoride, and 21 (53%)
addressed diet.

Figure 3. Percentage of all apps that addressed each prevention factor.

Figure 4. Categorization of apps according to the number and types of prevention factors addressed. (The outer rim indicates the number of prevention
factors each app addressed. The inner rim shows the combination of the types of prevention factors that each app addressed).

Feature Description and Analysis
A total of 21 features were identified; these features were
grouped into general and specific features related to each dental

caries prevention factor, including oral hygiene, fluoride usage,
and diet. The list of features and descriptions are outlined in
Textbox 2; each feature was given a label to allow for a
corresponding reference to Multimedia Appendix 3. Most of
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the unique features identified were associated with oral hygiene
(9/21, 43% features), compared with fluoride (2/21, 10% of
features) and diet (5/21, 24% of features; Multimedia Appendix
3). Other than web-based social media support, considered to
be a general feature, the top 5 most common features found in
all apps addressed oral hygiene (Figure 5). The Brush DJ app
had the highest number of features at 13 (Multimedia Appendix
3). Of 37 of 40 apps that addressed oral hygiene, 17 (46%) had
the tooth brush timer as the most common feature, followed by
goal setting (9/37, 24% of apps), gamification (8/37, 22% of
apps), and 5 apps (14%) with a video demonstration of oral
hygiene techniques. The Brush DJ app and the Disney Magic
Timer app had the highest number of oral hygiene–related
features, with each of these apps having 78% (7/9) of these

features. Only 12% (2/17) of apps that addressed the fluoride
prevention factor adequately provided additional information
and used visual aids to support the information provided, for
example, the appropriate amount of fluoride toothpaste that
should be dispensed for children. These 2 apps, namely, My
Dental-Care - Your Guide to Oral Health and Brush DJ, were
also the only apps that were affiliated with both a university
and government health service. Of the 21 apps that addressed
diet, the Food For Teeth - FoodDatabase and Diet Diary app
was the only app that included additional features such as an
ability to record a diet diary, with a database of food items,
including their pictures and serving size embedded in a traffic
light system [47].

Textbox 2. Features of high-quality apps based on the Mobile App Rating Scale.

• General features:

1. Updates conducted in 2018 or 2019: recent updates to ensure that glitches are resolved

2. Data security: developer ensures data security, in accordance with mobile app regulatory statement, for example, Health Insurance Portability
and Accountability Act compliance

3. Data exporting and sharing to clinicians: ability to link information readily to the clinician or the electronic health record

4. Tracking of dental appointments: ability to record dental appointments

5. Online social media support: ability to connect to social media networks such as Facebook

• Features related to oral hygiene:

1. Tooth brushing timer: timer to encourage patients to brush for a certain amount of time 

2. Tips for better oral hygiene: evidence-based information to improve oral hygiene

3. Video demonstration: demonstration of brushing techniques via videos

4. Goal setting: ability for user to input specific oral hygiene focused goal

5. Tracking of oral health behavior: availability of statistics and charts on trends and adherence rates 

6. Push notifications (reminders): alert on the phone to remind patients to behavior change, for example, brushing their teeth

7. Gamification: apps that use game elements to encourage users to brush their teeth. This can include virtual reality battles to encourage
brushing length

8. Incentivization: earn prizes for virtual characters or cryptocurrency—may be reduce the cost of your next appointment 

9. Sync to other apps on the phone: for example, the app may sync to a playlist to encourage brushing 

• Features related to fluoride:

1. Provision of fluoride information: information about fluoride usage is in accordance with country guidelines

2. Pictures of the amount of toothpaste: visual aids to demonstrate the amount of fluoride toothpaste that is to be placed on the toothbrush

• Features related to diet:

1. Provision of dietary information: information about the connection between dietary habits and dental caries information on alternatives

2. Diet diary: ability for the user to input food intake and time of consumption

3. Text search for food items: search bar to allow ease of entry of the food item consumed

4. Pictures of food: picture of food to correspond to diet diary with a traffic light grading system to encourage users to consider low sugar
alternatives

5. Serving size of food: ability to record the amount and not just the type of food consumed
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Figure 5. Top 5 most common features found in apps.

Quality Appraisal of Apps
Of the 40 apps, 18 (45%) were considered high quality,
determined by reaching the minimum overall MARS threshold
score of 3.0 out of 5.0. However, the MARS quality rating for
each of the 40 apps found only 10 (25%) of these apps scored
above 3.0 in all 4 subscales (Multimedia Appendix 4). The
results also did not indicate that any single item in either of the
4 MARS subscales stood out. The interrater reliability between
the reviewers, calculated from the overall and subscale scores
of MARS for all apps, was excellent through the use of a
two-way mixed intraclass correlation coefficient of 0.907 (95%
CI 0.873-0.932). The Brush DJ app was the highest rated app
with an overall MARS score of 4.4. This app also scored above
the threshold for all subscales. The Brush DJ was also the only
app that had scientific literature published, where a
cross-sectional user acceptability questionnaire demonstrated
70.0% (133/189) of participants self-reported that the app
motivated them to brush their teeth for longer [48]. However,
the clinical effectiveness of this app is yet to be trialed using a
study design that measures clinical health outcomes. Given the
availability of only 1 app with supporting scientific literature
published in this emerging field of inquiry, we followed the
methodology adopted by other researchers in this situation [41]
and excluded item 19 from our final calculation of the overall
information subscale.

Data Analysis and Synthesis
Further data analysis and synthesis was developed based on an
iteratively generated hypothesis from the initial MARS quality
analysis. First, we wanted to compare MARS scores between
apps that addressed a differing number and range of prevention
factors. Second, because the app that had the highest MARS
rating also had the highest number of features, we hypothesized
a correlation between MARS scores and the number of features
identified in each app. Table 1 shows that apps addressing the
oral hygiene factor had the highest mean overall MARS scores
(3.3) compared with apps addressing a combination of other
factors: diet (2.2), oral hygiene and fluoride (1.9), and oral
hygiene and diet (2.2). Apps addressing oral hygiene alone also
had the highest subscale scores in engagement (3.3),
functionality (3.8), and aesthetics (3.3). Although oral hygiene
apps ranked equal to apps that addressed all 3 factors in the
mean information subscale, with a MARS score (2.9), the
percentage of apps that were considered high quality was more
consistent for apps addressing all 3 factors (8/15, 54%; Table
1). Apps that addressed the oral hygiene factor alone had the
highest percentage of apps that were considered high quality in
the engagement (10/17, 59%) and esthetic (13/17, 76%)
subscales. Apps that addressed all 3 factors were more likely
to score above the threshold in the MARS information subscale
(8/15, 54%) compared with apps that addressed 1 (7/20, 35%)
factor. Of the apps, 20% (3/15) that addressed all 3 factors also
ranked comparatively poorly on engagement scores compared
with 59% of apps (10/17) that addressed only the oral hygiene
factor.
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Table 1. Mobile App Rating Scale quality rating summary in dental caries prevention factor categories.

3 factors2 factors1 factorMARSa sub-
scale

Oral hygiene, diet, and
fluoride (n=15)

Oral hygiene and diet
(n=3)

Oral hygiene and fluoride
(n=2)

Diet only (n=3)Oral hygiene only (n=17)

Quality
apps, n (%)

MARS
score,
mean (SD)

Quality
apps, n
(%)

MARS
score,
mean (SD)

Quality
apps, n (%)

MARS
score,
mean (SD)

Quality
apps, n (%)

MARS
score,
mean (SD)

Quality

appsb, n
(%)

MARS
score,
mean (SD)

6 (40)2.9 (0.8)1 (33)2.6 (1.2)0 (0)1.9 (0.2)0 (0)2.7 (0.6)10 (59)3.3 (0.5)Overall

3 (20)2.5 (0.9)1 (33)2.8 (1.3)0 (0)1.3 (0.1)0 (0)2.3 (0.5)10 (59)3.0 (0.6)Engagement

12 (80)3.6 (0.7)1 (33)2.6 (1.3)0 (0)2.6 (0.2)3 (100)3.8 (0.0)15 (88)3.9 (0.7)Functionality

5 (33)2.6 (0.7)1 (33)2.4 (1.4)0 (0)1.8 (0.2)0 (0)2.4 (0.2)13 (76)3.3 (0.7)Aesthetics

8 (54)2.9 (0.8)1 (33)2.2 (1.3)0 (0)1.9 (0.4)1 (33)2.2 (1.3)7 (41)2.9 (0.7)Informationc

aMARS: Mobile App Rating Scale.
bPercentage of apps determined to be of high quality, determined by an overall score that reached above the minimum threshold score of above 3.0 out
of 5.0.
cItem 19 of the information subscale was excluded from the final calculation, as only 1 app supported the scientific literature published in this emerging
field of inquiry, a similar methodology adopted by other researchers in this context [41].

When analyzing the number of features, high-quality apps,
categorized as those with an overall MARS score above 3, had
almost double the mean number of features compared with
low-quality apps, which was consistent across all categories
(Multimedia Appendix 5). However, when comparing the

individual apps with the MARS quality rating, the correlation
between quality and the number of features showed variance
and showed only a moderate general trend that high-quality
apps had more features compared with low-quality apps (Figure
6).

Figure 6. Number of features compared with the MARS quality rating scale for each app. MARS: Mobile App Rating Scale.

Discussion

Principal Findings
Our study identified and assessed the characteristics, features,
and quality of 40 apps targeted at the general public addressing

a range of dental caries prevention factors. Less than half (18/40,
45%) of the apps were considered good quality (based on the
overall MARS); however, only 25% (10/40) of apps were
considered high quality across all 4 subscales of MARS. Most
apps (37/40, 93%) focused on oral hygiene, and these apps were
also more likely to contain a higher number of features and
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target the young adults or adolescent population. Only 13%
(5/40) of apps addressed all 3 factors and were considered high
quality, indicating only a small number of apps that could be
further tested for clinical effectiveness specific to the adolescent
or young adult populations. This could be recommended for the
highest rated app, Brush DJ, which scored highly across all 4
subscales, demonstrating that it is possible to create an app that
is able to provide good information and be aesthetically
appealing. We did not find any high-quality apps targeted to
parents of very young children that would address the specific
dental caries prevention behaviors associated with caring for
children aged between 0 and 6 years. Therefore, our study
indicates an opportunity for future high-quality app development
that addresses a range of dental caries prevention behaviors
alongside a consideration for esthetics and engaging features
to support this target parent population.

Comparison With Prior Work
This study goes further than 2 previous reviews of mHealth
apps focused on oral hygiene only [32] and oral health
promotion in adult populations only [33] by scoping a broad
range of dental caries prevention factors. Our study also
responds to the need for feature analysis and quality appraisal
outlined by the 2 most recent reviews on apps used for oral
health [32,33]. First, our study provides the feature analysis of
apps addressing a range of dental caries prevention behaviors,
including diet modification and adequate fluoride usage. Second,
the study provides an in-depth quality appraisal using the MARS
tool. Consistent with the information quality concerns raised
by these previous reviews, our analysis found 24 of 40 (60%)
apps to be of low quality according to the MARS tool, yet still
available to the general public. To address the issue of app
quality [32], the National Health Service in the United Kingdom
has created a digital app library that could be a trusted source
of information for both clinicians and patients [49].

Our quality appraisal using the MARS assessment identified
Brush DJ to be the highest-ranking app in quality and features,
a similar finding from previously published reviews focused on
oral hygiene in the United Kingdom [32]. At present, the Brush
DJ app is the only app endorsed by the National Health Service’s
digital app library [50]. Further well-designed clinical trials to
determine the clinical efficacy of this app within the adolescent
or young adult target populations should be undertaken. These
clinical trials should have a clear clinical question with a good
study design and be a randomized controlled trial where
possible, with defined measurable health outcomes and a
complementary economic evaluation [51]. Clinical effectiveness
shown through improvements in measurable health outcomes
will facilitate a more widespread adoption of this app and other
effective apps in clinical practice.

Implications
Dental caries is a multifactorial disease with varied risk factors
that may impact individual patients differently during their life
course [2,3]. Our study identified a lack of apps targeted to
parents of children that adequately addressed prevention
behaviors associated with fluoride usage and low-cariogenic
diets for children aged younger than 6 years [3,52]. Given the
paucity surrounding the clinical efficacy of mHealth apps in

the field of dentistry [29], before a well-designed clinical trial
can be conducted in this target population [48,53], a high-quality
app needs to be designed. This app must target specific
behaviors relevant to a broad range of dental caries prevention
behaviors and contain evidence-based information, with
appropriate features and esthetics to ensure the engagement of
parents. To date, no high-quality app has achieved this. Thus,
more user-focused, iterative co-designed research [54] relevant
to the target population is needed to determine engaging features
that will address all relevant dental caries prevention behaviors.
Our assessment of features will provide a blueprint to assist
future researchers engaged in qualitative user engagement
research with parents, patients, clinicians, professional dental
associations, health services, and research organizations [51,55]
to develop a high-quality app that could then be trialed for
clinical effectiveness.

Limitations
Our review was conducted in Australia in 2019, and the included
apps were limited to those available in Australian app stores at
the specific time of the systematic search. Most apps included
in this review have been developed in predominately
English-speaking countries outside Australia, the United
Kingdom, Canada, Asia, and the United States. We recognize
that there may be apps developed in other languages or only
available in country-specific app stores that were not included
in our review. However, we did find a similar number of apps
for the final analysis when using search terms similar to previous
studies undertaken in other countries, including the United
Kingdom [32] and the United States [33]. Second, in our study,
MARS was used by researchers with clinical backgrounds in
the field of oral health and primarily reflected this perspective.
Our scoping study did not involve patients as participants and
highlights the importance of conducting further complementary
research that involves end users and giving voice to the patient’s
perspective during the development of future apps and mHealth
interventions [56].

Conclusions
The increasing use of mHealth apps driven by increasing public
use of mobile devices presents a call for dental researchers,
health system managers, policy makers, and health professionals
to engage with and provide more rigorous scientific
recommendations around oral health apps. Our study provides
a systematic and detailed analysis of the current availability,
target audience, quality, and features of apps targeted toward
dental caries. Quality was variable across the apps and mainly
targeted the adolescent and adult populations. The most common
features found in high-quality apps, such as gamification and
goal setting, still focus on oral hygiene factors. It is unclear if
these features can be used to address other dental caries
prevention factors such as fluoride and diet modification. There
was also an identified gap in apps available to support the target
audience of parents of young children. There is a real need to
co-design and create apps that address a broad range of
modifiable risk factors associated with dental caries targeted at
parents of children aged younger than 6 years. To ensure the
highest quality in apps, the co-design process should include
the clinician, researcher, and patient perspectives on
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evidence-based information and engaging features. Further
studies are needed to determine the clinical efficacy of these

apps before they can be widely recommended.
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Abstract

Background: Parental involvement in mobile health (mHealth) to consult with medical professionals appears to be prevalent
in China with the rapid development of the internet. More parents with busy jobs have chosen to use mHealth. During the ongoing
COVID-19 outbreak, mHealth can assist with health promotion, directions for medication use, and disease diagnosis via online
chat and video consultation without contacting others. To our knowledge, no studies have been performed to explore the role of
mHealth in parents’ attitudes toward child health care at home during the COVID-19 outbreak.

Objective: This study aims to identify the associated factors of willingness to adopt mHealth among Chinese parents during
the COVID-19 outbreak and to explore the correlation between the frequency of adopting mHealth and parents’ attitudes toward
child health care at home.

Methods: Chinese parents were asked to complete an online survey from January 25 to February 15, 2020. The questionnaire
comprised of two parts with a total of 16 items, including parents’ demographic variables and attitudes toward child health care
at home. By multivariate logistic regression, we explored factors associated with parents’ willingness to adopt mHealth during
the COVID-19 outbreak. Pearson chi-square tests were used to reveal the correlation between the frequency of adopting mHealth
and parents’ attitudes toward child health care at home.

Results: A total of 254 parents enrolled, and 202 (79.5%) parents were willing to adopt mHealth during the COVID-19 outbreak.
Parents’ age (26-35 years: adjusted odds ratio [AOR] 8.114, 95% CI 1.471-44.764), parents’ interest in the COVID-19 pandemic
(moderate: AOR 8.753, 95% CI 2.009-38.127; high: AOR 22.194, 95% CI 5.509-89.411), the source that recommended mHealth
(medical health providers: AOR 4.257, 95% CI 1.439-12.596), the presence of chronic disease in their children (yes: AOR 20.844,
95% CI 4.600-94.443), parents’ duration of daily internet use (4-6 hours: AOR 6.487, 95% CI 1.870-22.495; >6 hours: AOR
8.766, 95% CI 1.883-40.804), and adoption of mHealth before the COVID-19 outbreak (yes: AOR 3.413, 95% CI 1.234-9.444)
were significantly correlated with the parents’ willingness to adopt mHealth during the COVID-19 outbreak. The frequency of

mHealth use among parents was correlated with their behaviors in regard to handwashing (χ2
6=18.967, P=.004), mask wearing

(χ2
6=45.364, P<.001), frequency of leaving the home (χ2

6=16.767, P=.01), room disinfection and ventilation (χ2
6=19.515,

P=.003), temperature checking (χ2
6=17.47, P=.007), and mental health care of children (χ2

6=63.810, P<.001) during the COVID-19
pandemic.

Conclusions: We found various objective factors that were associated with parents’ willingness to adopt mHealth during the
COVID-19 outbreak. Overall, parents’ willingness to adopt mHealth was high. The frequency of mHealth use among parents

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e23155 | p.315http://mhealth.jmir.org/2021/1/e23155/
(page number not for citation purposes)

Yang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:leshanzhou@csu.edu.cn
http://www.w3.org/Style/XSL
http://www.renderx.com/


was correlated with their attitudes toward child health care at home. The option of mHealth to patients at home during the
COVID-19 outbreak would be beneficial for education and improvement in self-management of child health care at home.

(JMIR Mhealth Uhealth 2021;9(1):e23155)   doi:10.2196/23155

KEYWORDS

mHealth; parents; child health at home; COVID-19

Introduction

Background
COVID-19 has caused an ongoing pandemic and is an important
public health concern. The major transmission modes of
COVID-19 are airborne droplets from coughing or sneezing
and direct contact with contaminated surfaces such as
doorknobs, dishes, and handrails [1]. Particular circumstances
including tracheal incubation or opening suction in a hospital,
staying in confined spaces with infected people, and fomites
attaching to ventilation systems can result in mass infection [1].

Infants and children are a typically vulnerable population due
to immaturity of the respiratory tract and hypoimmunity [2].
According to an analysis of 2143 pediatric cases in China, the
median age of children who are infected is 7 years [3]. The
majority of severe pediatric cases arose from exposure to
infected family members, and few were infected in a hospital
or as a result of travel [4]. To effectively prevent and control
the COVID-19 outbreak among Chinese children, the National
Health Commission issued guidelines termed “Epidemiological
characteristics and prevention and control measures of Corona
Virus Disease 2019 in children,” which clearly state that children
are required to be isolated at home under the parents’
supervision [5]. In addition, experts also suggest that parents
do not take children to the hospital to avoid cross infection [6].
To prevent large scale gatherings, all regional governments of
China shut down schools and colleges, and decreased the run
time of public transportation. Residents dwelling in high-risk
areas are forbidden to go out except to acquire daily necessities
and to visit the hospital [6].

In China, more than 1.3 billion people access the internet via
their mobile phones, which has become an indispensable part
of daily life [7]. The application of mobile health (mHealth) is
widely recommended for Chinese parents to replace visiting a
hospital during the COVID-19 outbreak. mHealth is defined as
the use of wireless electronic devices to transmit various
contents and medical services among patients and caregivers.
Besides routine use, Chinese people could use mHealth during
the COVID-19 pandemic through mobile phone apps [8,9], the
hospital website, and doctors’ official social media accounts on
WeChat or Alipay to get primary diagnoses between common
cold or flu and pneumonia, achieve self-monitoring, access
online lectures about COVID-19 prevention, and purchase
essential medicine from online diagnosis. Specific individuals
could also acquire urgent care in emergency situations by using
mHealth to contact specialists or hospitals designed for delivery,
patients with chronic disease, or terminal cancer. mHealth is
viewed as an easily accessible, cost-efficient approach to
enhancing adherence to medication, expanding access to medical
care, and increasing the number of medical consultations [10].

Overall, mHealth has proven to be a great success for the
management of chronic disease [11], remote monitoring of
weight control [12], improvement of child vaccine coverage,
and neonatal care among young mothers [13].

Objectives
Though robust evidence highlights the potential benefits of
mHealth, individual willingness to adopt mHealth is a decisive
factor. Therefore, the purpose of this paper is to explore factors
associated with willingness to adopt mHealth among Chinese
parents during the COVID-19 outbreak for better promotion of
mHealth in China and to investigate the correlation between
frequency of adopting mHealth during the COVID-19 outbreak
in 1 month and parents’ attitudes toward child health at home.

Methods

Definition of Variables
The willingness to adopt mHealth among Chinese parents was
measured with a yes or no question.

mHealth in China is defined as the dissemination of medical
information, consultation about disease diagnosis and treatment,
postoperative care management, mental health care, and making
medical appointments via mobile phone apps or social media
[14].

Participant Recruitment
This cross-sectional study was conducted between January 25,
2020, and February 15, 2020. Data were collected using
structured questionnaires based on a literature review. A total
of 12 participants were recruited to test the original questionnaire
and provide feedback, ensuring the questionnaire was
understandable. Regarding the COVID-19 pandemic, only an
online version of this questionnaire was used for distributing
the survey. The online questionnaire link was forwarded to
social media groups, such as breastfeeding groups and parental
involvement in kindergarten or primary school online groups,
and posted on pediatric researchers’ social media webpages,
where health education about children is given, to maximize
recruitment of respondents. If parents were interested in our
study, they could visit our questionnaire through a link, and a
description of this study was shown on the first page of the
online questionnaire. Parents could only access the questionnaire
by clicking “agree” after reading the consent information on
the first page, and the submission was accepted when all items
were completed.

Parents who met any of the following criteria were excluded:
completed the questionnaire in less than 120 seconds, their child
was older than 14 years, the parent has not lived with their child
during the COVID-19 pandemic, one or both parents have a
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confirmed case of COVID-19, parent has no internet access,
more than one questionnaire was submitted from the same
Internet Protocol address, and the questionnaire had missing
items. Two researchers, who were master’s degree students,
selected the valid questionnaires in accordance with the
exclusion criteria. This study was approved by the Ethics
Committees of Xiangya Nursing School, Central South
University. In total, 18 questionnaires were considered
substandard and excluded, and 254 Chinese parents participated
in the online survey with an effective rate of 93.38% (254/272).

Measurement of Variables
Following a literature review by our research team, consisting
of one professor and five graduate students, a structured
questionnaire was designed for this study. The 23-item
questionnaire was comprised of two parts: (1) parents’
demographic variables including gender, age, education level,
family annual income, occupation, age of the child, residence,
attention to the pandemic of COVID-19, how they heard about
mHealth, presence of chronic disease in their child, their use of
mHealth before the COVID-19 outbreak, confirmed or suspected
case of COVID-19 in their community, and duration of daily
internet use, and (2) parents attitudes toward child health at
home in regard to diet, exercise, personal hygiene, sleep quality,
and mental care. In total, 30 parents were involved in the pilot
study to modify the statements in the questionnaire.
Subsequently, “worries about privacy disclosure” and “the
frequency of nutrition supplement intake among children” were
deleted. Most parents reported that their name or phone number
is hidden when using mHealth, and other confounding factors
such as residence, family income, and education level were
related to the intake of nutritional supplements.

Statistical Analysis
Each questionnaire was screened by two separate researchers
and inputted into SPSS.V.22 (IBM Corp) for analysis. Means
and SDs were used to describe the continuous variables with
normal distribution. Numbers and percentages were used to
represent categorical variables. The associated factors of
willingness to adopt mHealth among Chinese parents during
the COVID-19 outbreak were analyzed by binary and
multivariate logistic regression. To eliminate the effects of
confounding variables on the results, only variables with a P
value <.20 following bivariate logistic regression analyses were
entered into the logistic regression. Correlation chi-square tests
were used to determine the correlation between the frequency
of adopting mHealth during the COVID-19 outbreak in 1 month
and parents’ attitudes toward child health at home. Corrected
P values <.05 were considered statistically significant.

Results

Sociodemographic Characteristics
In total, 254 parents were recruited, and 172 (67.7%) were
female. The age ranged from 26 to 35 years. Overall, 175
(68.9%) parents had a bachelor’s degree or above. Almost half
of the parents’ family annual income reached more than US
$7700. There were 179 (70.5%) parents who had jobs working
in information technology, medicine, service, or other industries,
and others were self-employed or jobless. In total, 165 (64.9%)
parents were living in urban areas during the COVID-19
outbreak. All details about the parents’ sociodemographic
characteristics are presented in Table 1.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e23155 | p.317http://mhealth.jmir.org/2021/1/e23155/
(page number not for citation purposes)

Yang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Table 1. Demographics of parents (N=254).

Willingness to adopt mHealthaVariables

Yes, n (%)No, n (%)

Gender

62 (75.6)20 (24.4)Male

140 (81.4)32 (18.6)Female

Age (years)

10 (62.5)6 (37.5)18-25

161 (81.3)37 (18.7)26-35

31 (77.5)9 (22.5)≥36

Education level

48 (80)12 (20)Middle school or below

13 (68.4)6 (31.6)High school

115 (79.9)29 (20.1)University or college

26 (83.9)5 (16.1)Master’s degree or above

Family annual income (US $)

44 (81.5)10 (18.5)<1600

59 (79.7)15 (20.3)1600-7700

34 (70.8)14 (29.2)7700-16,000

65 (83.3)13 (16.7)>16,000

Occupation

24 (85.7)4 (14.3)Medical care

12 (85.7)2 (14.3)ITb

63 (81.8)14 (18.2)Service

41 (68.3)19 (31.7)Other

42 (87.5)6 (12.5)Self-employed

20 (74.1)7 (5.5)Jobless

Age of the child (years)c

143 (81.3)33 (18.8)<3

51 (76.1)16 (23.9)3-6

8 (72.7)3 (27.3)7-14

Residence

68 (76.4)21 (23.6)Urban

134 (81.2)31 (18.8)Rural

Attention to the COVID-19 pandemic

9 (40.9)13 (59.1)Low

39 (73.6)14 (26.4)Moderate

154 (86)25 (14)High

The recommendation about mHealth received from

40 (67.8)19 (32.3)Media (phone message, internet, TV program)

55 (74.3)19 (25.7)Community or people you are familiar with

107 (88.4)14 (11.6)Medical health providers

Presence of chronic disease in children
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Willingness to adopt mHealthaVariables

Yes, n (%)No, n (%)

75 (96.2)3 (3.8)Yes

127 (72.2)49 (27.8)No

Adoption of mHealth before the COVID-19 outbreak

64 (90.1)7 (9.9)Yes

138 (75.4)45 (24.6)No

Confirmed or suspected case was found in your community

46 (83.6)9 (16.4)Yes

156 (78.4)43 (21.6)No

Duration of daily internet use (hours)

10 (45.5)12 (54.5)<2

39 (67.2)19 (32.8)2-4

108 (87.1)16 (12.9)4-6

45 (90)5 (10)>6

amHealth: mobile health.
bIT: information technology.
cRespondents with more than one child were asked to provide the age of their youngest child.

Willingness to Adopt mHealth
The majority of the 254 parents (n=202, 79.5%) reported that
they were willing to adopt mHealth during the COVID-19
outbreak (Table 1). The proportion of parents with a high or
moderate interest in the COVID-19 pandemic who were willing
to adopt mHealth was higher than those with low interest (39/53,
73.6% and 154/179, 86% vs 9/22, 40.9%, respectively).
Willingness to adopt mHealth was highest among parents of
children with chronic diseases (75/78, 96.2%). Willingness to
adopt mHealth increased with parents’duration of daily internet
use.

Factors Associated With Willingness to Adopt mHealth
Results from the bivariate analyses demonstrated that age,
interest in the pandemic, the source that recommended mHealth,
the presence of a chronic disease in children, duration of daily
internet use, and use of mHealth before the COVID-19 outbreak
were associated with willingness to adopt mHealth during the
pandemic. The multivariate logistics regression model indicated
that the parents’ age (26-35 years: adjusted odds ratio [AOR]
8.114, 95% CI 1.471-44.764), parents’ interest in the COVID-19
pandemic (moderate: AOR 8.753, 95% CI 2.009-38.127; high:
AOR 22.194, 95% CI 5.509-89.411), the source that
recommended mHealth (medical health providers: AOR 4.257,
95% CI 1.439-12.596), presence of chronic disease in children
(yes: AOR 20.844, 95% CI 4.600-94.443), parents’ duration of
daily internet use (4-6 hours: AOR 6.487, 95% CI 1.870-22.495;
>6 hours: AOR 8.766, 95% CI 1.883-40.804), and adoption of

mHealth before the COVID-19 outbreak (yes: AOR 3.413, 95%
CI 1.234-9.444) were significantly correlated with the parents’
willingness to adopt mHealth during the COVID-19 outbreak
(Table 2).

The odds of being willing to adopt mHealth were 8.1 times
greater in parents aged from 26 to 35 years than parents aged
from 18 to 25 years (P=.02). The odds of being willing to adopt
mHealth were 8.6 times greater in respondents with moderate
interest in the pandemic than respondents with low interest
(P=.004). Meanwhile, the odds of being willing to adopt
mHealth were 22.2 times greater in participants with high
interest in the pandemic than respondents with low interest in
the pandemic (P<.001). The odds of being willing to adopt
mHealth were 4.3 times greater in parents who were
recommended to use mHealth by a medical health provider than
parents who received the recommendation from the media
(P=.009). The odds of being willing to adopt mHealth were 21
times greater in parents of children with chronic diseases than
parents of children without chronic diseases (P<.001). The odds
of being willing to adopt mHealth were 6.5 times greater in
respondents with 4-6 hours of daily internet use than respondents
with 2 hours of daily internet use (P=.003). Moreover, the odds
of being willing to adopt mHealth were 8.8 times greater in
participants with >6 hours of daily internet use than respondents
with 2 hours of daily internet use (P=.006). Furthermore, odds
of being willing to adopt mHealth were 3.4 times greater in
parents who had ever adopted mHealth than those who had not
(P=.02).
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Table 2. Multivariate analyses of factors associated with willingness to adopt mHealth among Chinese parents (N=254).

P valueAdjusted OR (95% CI)Crude ORb (95% CI)Willingness to adopt mHealtha, n (%)Variable

YesNo

Age (years)

N/Ac1110 (62.5)6 (37.5)18-25

.028.114 (1.471-44.764)11.591 (1.805-74.448)161 (81.3)37 (18.7)26-35

.075.794 (0.841-39.913)12.513 (1.362-114.971)31 (77.5)9 (22.5)≥36

Attention to the COVID-19 pandemic

N/A119 (40.9)13 (59.1)Low

.0048.753 (2.009-38.127)13.113 (2.119-84.124)39 (73.6)14 (26.4)Moderate

<.00122.194 (5.509-89.411)31.889 (6.395-159.020)154 (86)25 (14)High

The recommendation about mHealth received from

N/A1159 (75.6)19 (24.4)Media (phone message, internet, TV
program)

.0094.257 (1.439-12.596)4.710 (1.382-16.049)84 (85.7)14 (14.3)Medical health providers

Presence of chronic disease in children

N/A1175 (96.2)3 (3.8)No

<.00120.844 (4.600-94.443)30.571 (5.552-168.331)127 (72.2)49 (27.8)Yes

Duration of daily internet use (hours)

N/A1110 (45.5)12 (54.5)<2

.0036.487 (1.870-22.495)6.860 (1.591-29.575)108 (87.1)16 (12.9)4-6

.0068.766 (1.883-40.804)6.794 (1.141-40.455)45 (90)5 (10)>6

Use of mHealth before the COVID-19 outbreak

N/A11138 (75.4)45 (24.6)No

.023.413 (1.234-9.444)3.759 (1.185-11.928)64 (90.1)7 (9.9)Yes

amHealth: mobile health.
bOR: odds ratio.
cN/A: not applicable.

Correlation Between Frequency of Using mHealth
During the COVID-19 Outbreak in 1 Month and
Parents’ Attitudes Toward Child Health at Home
Table 3 presents the results of the correlation between frequency
of using mHealth during the COVID-19 outbreak in 1 month
and parents’ attitudes toward child health at home. Frequency
of using mHealth during the COVID-19 outbreak in 1 month
was associated with parents’ attitudes toward ventilation and
daily disinfection of their child’s room (P=.003) and guidance

for the child on washing hands properly every time (P=.004).
Specific actions to prevent children from contracting COVID-19,
such as instructing them to wear medical masks appropriately
(P<.001) and reducing the frequency of children leaving the
home (P=.01), were correlated with the frequency of using
mHealth during the COVID-19 outbreak in 1 month. In addition,
the frequency of using mHealth during the COVID-19 outbreak
in 1 month was significantly correlated with parents’ attitudes
toward checking children’s temperature regularly (P=.007) and
ensuring mental health care at home (P<.001).
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Table 3. Correlation between parents’ attitudes toward child health at home and the frequency of adopting mHealth in 1 month (N=254).

P valueChi-square (df)Frequency of mHealtha service use, n (%)Item

>43–41–20

.0116.767 (6)Reduce the frequency of children leaving the home

9 (19)8 (16.7)7 (23.5)10 (26.6)Never/seldom

17 (22.4)17(33.3)4 (21.6)31 (21.5)Sometimes

32 (58.6)41(50)40 (54.9)38 (51.9)Often/always

.00319.515 (6)Ventilation and daily disinfection of child’s room

10 (17.2)2 (3)4 (7.8)13(16.5)Never/seldom

11 (19)6 (9.1)9 (17.6)3 (3.8)Sometimes

37 (63.8)58 (87.9)38 (74.5)63 (79.7)Often/always

.00418.967 (6)Guidance for the child on washing hands properly every time

6 (10.3)11 (16.7)9 (17.6)22 (27.8)Never/seldom

9 (15.5)25 (37.9)14 (27.5)24 (30.4)Sometimes

43 (74.1)30 (45.5)28 (54.9)33 (41.8)Often/always

<.00145.364 (6)Instructing children to wear medical masks appropriately

3 (5.2)13 (19.7)13 (25.5)11 (13.9)Never/seldom

11 (19)28 (42.4)27 (52.9)45 (57)Sometimes

44 (75.9)25 (25.2)11 (21.6)23(29.1)Often/always

.654.174 (6)Cooking nutritional meals

15 (25.9)16 (24.2)16 (31.4)20 (25.3)Never/seldom

22 (37.9)32 (48.5)18 (35.3)28 (31.1)Sometimes

21 (36.2)18 (27.3)17 (33.3)31 (27.1)Often/always

.326.996 (6)Improving child’s sleep quality

20 (34.5)17 (25.8)13 (25.5)19 (24.1)Never/seldom

25 (43.1)23 (34.8)21 (43.1)27 (34.2)Sometimes

13 (22.4)26 (39.4)16 (31.4)33 (27.4)Often/always

.406.188 (6)Encouraging child to exercise at home

6 (10.3)10 (15.2)10 (19.6)11 (13.9)Never/seldom

14 (24.1)23 (34.8)12 (23.5)17 (21.5)Sometimes

38 (65.5)33 (50)29 (56.9)51 (64.6)Often/always

<.00163.810 (6)Relieving child’s negative emotions at home

6 (10.3)8 (12.1)20 (39.2)41 (51.9)Never/seldom

34 (58.6)32 (48.5)30 (58.8)33 (41.8)Sometimes

18 (31)26 (39.4)1 (2)5 (6.3)Often/always

.00717.847 (6)Checking child’s temperature regularly

8 (13.8)15 (22.7)10 (19.6)32 (40.5)Never/seldom

17 (29.3)16 (24.2)10 (19.6)20 (25.3)Sometimes

33 (56.9)35 (53)31 (60.8)27 (34.2)Often/always

.535.041 (6)Update knowledge about COVID-19 prevention

11 (19)11 (16.7)12 (23.5)21 (26.6)Never/seldom

13(22.4)22 (33.3)11 (21.6)17 (21.5)Sometimes

34 (58.6)33 (50)28 (54.9)41 (51.9)Often/always
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amHealth: mobile health.

Discussion

Principal Findings
Our primary finding was that the parents’ age and interest in
the COVID-19 pandemic, the source that recommended
mHealth, the presence of a chronic disease in their children,
duration of daily internet use among parents, and adoption of
mHealth service before the COVID-19 outbreak were
significantly correlated with parents’ willingness to adopt
mHealth during the COVID-19 outbreak. In addition, the
frequency of mHealth use for parents was correlated with their
attitudes toward handwashing, mask wearing, frequency of
going out, room disinfection and ventilation, temperature
checking, and care of children’s mental health during the
COVID-19 pandemic.

The findings show that, overall, parents’ willingness to adopt
mHealth during the COVID-19 pandemic was high (202/254,
79.5%), which is supported by another study that reported
willingness to adopt mHealth at 80% [15]. However, another
study conducted in China reported that just 66.1% (725/1097)
of participants were willing to participate in mHealth programs
for patients with chronic diseases [7]. James and Harville [16]
showed an almost identical result (n=881, 67%). One possible
explanation is that the proportion of participants who were
willing to engage with various components of mHealth
technology varied from 59% to 81% [17].

Our study reveals several factors influencing parents’
willingness to adopt mHealth, including age, interest in the
COVID-19 pandemic, the source that recommended mHealth,
the presence of a chronic disease in their children, duration of
daily internet use, and adoption of mHealth before the
COVID-19 outbreak. Age was shown to be significantly related
to the parents’willingness to adopt mHealth in our study, which
is in line with previous published studies on mHealth acceptance
factors, where age was an important factor among both patients
and medical professionals [18-20]. Importantly, age has specific
moderating effects on the adoption of mHealth [18]. However,
age in our study did not play as significant a role as in other
studies [20], and one possible explanation for this may be the
varied age group included [21].

We found that the odds of willing to adopt mHealth were greater
in parents with higher levels of attention to the COVID-19
pandemic than those with lower attention, which is consistent
with previous studies on the adoption of eHealth services during
the COVID-19 pandemic [22,23]. Previous studies have
confirmed a direct relationship between perception risk and
technology adoption [24,25]. The outbreak of COVID-19 is
regarded as a facilitating factor for the adoption and acceptance
of technology [26]. Many measures were taken to accelerate
the adoption of mHealth, including practical guidance for
individual practices to quickly adopt mHealth in response to
COVID-19 [22,27]. Moreover, the range of providers who could
deliver care through mHealth was broadened, and rules around
patient eligibility and audiovisual equipment requirements were
relaxed specifically to address COVID-19 [22,28].

This study demonstrates that the source of referral is associated
with parents’ willingness to participate in mHealth programs,
specifically the odds were greater in patients who were
recommended mHealth by medical professionals (98/254,
85.7%), which is consistent with previous findings that reported
about one-third of patients would likely be able to contact their
doctors using an electronic device [20]. On the contrary, another
study found that the source of referral for mHealth was through
various media sources such as email. One possible reason is
that all the users included were children with a median age of
6 years [29].

This study indicates that duration of daily internet use is
associated with a willingness to adopt mHealth among parents,
which is in line with a previous study that reported time spent
on the internet is greatly associated with the level of eHealth
literacy [30,31]. However, time spent on the internet was
reported to be a nonsignificant factor in other studies; therefore,
the small sample size and methodological differences may have
played an important role in it [32,33].

Overall, our study found that the odds of willing to adopt
mHealth was greater in parents of children with chronic diseases
(>90%). This finding is consistent with a previous study that
found the most patients who are chronically ill (>80%) would
be willing to participate in mHealth programs in transitional
countries [15]. Prior findings indicated that sharing personal
health information and receiving support through social
networking can benefit adolescents with a chronic illness
[34-36]. The positive association is likely due to the patient’s
improved awareness of the importance of mobile phones for
care of chronic health conditions [37-40].

Previous use of mHealth was found to be greatly associated
with the participants’ willingness to adopt mHealth in this trial.
This finding is consistent with a previous study where
respondents who had used WeChat before were more willing
to adopt mHealth as a result of their greater familiarity and
confidence in new technology [7]. One potential reason is that
prior use experiences influence various beliefs and,
consequently, willingness to use technology in a consumer
context [41].

The frequency of mHealth use for parents was associated with
their attitudes toward handwashing, mask wearing, frequency
of going out, room disinfection and ventilation, temperature
checking, and care of children’s mental health during the
COVID-19 pandemic. A previous published study demonstrated
the effectiveness of hand hygiene, mask wearing, and social
distancing for the prevention of COVID-19 as well as other
respiratory infectious diseases [42]. Interestingly, mask wearing
and handwashing among children were found to be influenced
by frequency of leaving the house, mother’s educational
background, and father’s occupation [43]. Furthermore, mental
health status was found to be a big issue during the crisis for
children who were isolated and quarantined [44]. An increase
in sedentary behavior was observed due to the pandemic, and
students were found to be more depressed and anxious during
this time [45]. Thus, psychological crisis interventions targeted
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to different pediatric age groups could be conducted to minimize
the psychological trauma and subsequent psychosocial problems
caused by the COVID-19 pandemic [46]. mHealth is an ideal
tool for the control of communicable diseases. Social distancing
has a significant role in cutting the transmission of the virus
and decreasing the chance of face-to-face contact. Especially
during the COVID-19 outbreak, mHealth could provide some
recommendations about health management for people
quarantined at home.

Limitations
First, the sample size was insufficient. A study with a larger
sample is recommended to further improve the
representativeness of the study results. Second, social
desirability bias and recall bias may have arose from
self-reporting. Confounding or unknown factors omitted from
the survey may also have caused residual confounding, and
instrumental variable analysis should be used to control these
confounding factors. Third, a cause-effect relationship could

not be established due to the inherent nature of the
cross-sectional study design.

Conclusion
The COVID-19 pandemic has enormously changed health care
systems worldwide, and internet-based medical care is likely
to play a major role during the COVID-19 pandemic to increase
widespread access to effective care and overcome the challenges
and restrictions imposed by the outbreak [47]. We found various
objective factors associated with parents’ willingness to adopt
mHealth during the COVID-19 outbreak, and the frequency of
mHealth use among parents was correlated with their attitudes
toward child health at home. Furthermore, our study provides
new insight into how parents cope with pandemic-related mental
health problems in children. These findings provide valuable
information for mHealth service providers and policy makers
to develop policy and strategies for the successful
implementation and acceleration of this technology’s adoption.
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Abstract

Background: A voice assistant (VA) is inanimate audio-interfaced software augmented with artificial intelligence, capable of
2-way dialogue, and increasingly used to access health care advice. Postpartum depression (PPD) is a common perinatal mood
disorder with an annual estimated cost of $14.2 billion. Only a small percentage of PPD patients seek care due to lack of screening
and insufficient knowledge of the disease, and this is, therefore, a prime candidate for a VA-based digital health intervention.

Objective: In order to understand the capability of VAs, our aim was to assess VA responses to PPD questions in terms of
accuracy, verbal response, and clinically appropriate advice given.

Methods: This cross-sectional study examined four VAs (Apple Siri, Amazon Alexa, Google Assistant, and Microsoft Cortana)
installed on two mobile devices in early 2020. We posed 14 questions to each VA that were retrieved from the American College
of Obstetricians and Gynecologists (ACOG) patient-focused Frequently Asked Questions (FAQ) on PPD. We scored the VA
responses according to accuracy of speech recognition, presence of a verbal response, and clinically appropriate advice in
accordance with ACOG FAQ, which were assessed by two board-certified physicians.

Results: Accurate recognition of the query ranged from 79% to 100%. Verbal response ranged from 36% to 79%. If no verbal
response was given, queries were treated like a web search between 33% and 89% of the time. Clinically appropriate advice given
by VA ranged from 14% to 29%. We compared the category proportions using the Fisher exact test. No single VA statistically
outperformed other VAs in the three performance categories. Additional observations showed that two VAs (Google Assistant
and Microsoft Cortana) included advertisements in their responses.

Conclusions: While the best performing VA gave clinically appropriate advice to 29% of the PPD questions, all four VAs taken
together achieved 64% clinically appropriate advice. All four VAs performed well in accurately recognizing a PPD query, but
no VA achieved even a 30% threshold for providing clinically appropriate PPD information. Technology companies and clinical
organizations should partner to improve guidance, screen patients for mental health disorders, and educate patients on potential
treatment.

(JMIR Mhealth Uhealth 2021;9(1):e24045)   doi:10.2196/24045

KEYWORDS

voice assistant; virtual assistant; conversational agent; postpartum depression; mobile health; mental health

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24045 | p.327http://mhealth.jmir.org/2021/1/e24045/
(page number not for citation purposes)

Yang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:samuel.yang@nationwidechildrens.org
http://dx.doi.org/10.2196/24045
http://www.w3.org/Style/XSL
http://www.renderx.com/


Introduction

A voice assistant (VA) is inanimate audio-interfaced software
augmented with artificial intelligence and capable of 2-way
dialogue [1]. In 2020, 27% of all web searches used Google
Assistant [2], and the adoption of VA-enabled speakers (eg,
Amazon Echo) is increasing, with an estimated $3.5 billion in
spending in the United States by 2021 [3]. In the last 4 years,
VA as a digital health tool has been evaluated for information
seeking regarding a healthy lifestyle [4], addiction [5],
vaccination [6], mental health, and interpersonal violence [7].
Mental health stands out as a prime candidate for VA-based
digital health intervention to fulfill technology’s promise to
provide adaptive and personalized care [8,9].

Specifically, for postpartum depression (PPD), the occurrence
of a depressive disorder within 12 months of delivering a baby,
VA could provide timely health information. PPD is the most
common obstetric complication in the United States, with an
estimated 900,000 annual cases and only a small percentage of
patients seeking care [10-12]. When considering reduced
economic output and income loss with increased health care
costs in a child of a mother with untreated perinatal mood
disorder, the estimated societal cost of untreated patients may
reach $14.2 billion annually in the United States [13]. PPD
identification and treatment is hampered by patients’
misperceptions of the disease and benefits of treatment, along
with a lack of screening and discussion with the care provider
[12]. In recognition of the severity of the need, the US
Preventive Services Task Force, American College of
Obstetricians and Gynecologists (ACOG), and American
Academy of Pediatrics all recommend regular screening for
PPD and early referral for treatment [10,11,14]. In response to
the screening recommendations, we evaluated VA responses to
PPD questions in terms of accuracy of speech recognition,
presence of a verbal response, and clinically appropriate advice

given to assess the capability of VAs for digital health
interventions.

Methods

We tested four popular VAs: Amazon Alexa, Apple Siri, Google
Assistant, and Microsoft Cortana [15]. Apple Siri was used on
an iPhone 11 Pro (Apple Corp) while the other three VAs were
installed on a Pixel 4 (Google). The smartphone operating
systems (iOS 13 and Android 10) and VA software (Google
Assistant [app version 03/09/2018 update], Alexa [app version
01/14/2020 update], Cortana [app version 11/29/2019 update])
were up to date at the time of this study (February 2020). The
language of the phones and apps was set to US English. We
used factory reset devices with a new research account, which
had no search history, to minimize any bias that may occur from
personalization.

We queried 14 frequently asked questions (FAQ) about PPD
curated by ACOG [16], which also provides patient-focused
answers for each question. The questions are listed in Table 1.
One coauthor, JL (female), who is US born, recorded all
questions using a 2015 MacBook Air (Apple Corp) MacOS
Mojave with Garage Band 10.3.5 using a Yeti Blackout
microphone model A00121 (Baltic Latvian Universal
Electronics LLC). SY (male) tested 2 questions and confirmed
that there was no difference in response from the VAs between
the voices of JL and SY. Since the focus of the study is on the
clinical advice given by a VA, JL’s voice was used for all
recordings. We played back the recordings using the internal
speakers in the MacBook Air for each of the 4 VAs to minimize
any bias related to the prompt, following the methods in Palanica
et al [17]. Recordings and play back occurred in a private office.
Each response from the VA was recorded and evaluated in 3
categories: accurate recognition of the query (yes/no), presence
of a verbal response (yes/no), and clinically appropriate advice
provided (yes/no).
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Table 1. Occurrence of clinically appropriate advice provided by voice assistants for postpartum depression questions.

Clinically appropriate adviceQuestionNumber

Microsoft CortanaGoogle AssistantAmazon AlexaApple Siri

–+ b––aCan antidepressants be passed to my baby through my
breast milk?

1

––––Can antidepressants cause side effects?2

+–+–How is postpartum depression treated?3

+–+–How long do the baby blues usually last?4

––––If I think I have postpartum depression, when should I
see my health care professional?

5

–––+What are antidepressants?6

–+––What are the baby blues?7

––––What are the types of talk therapy?8

––––What can be done to help prevent postpartum depression
in women with a history of depression?

9

––+–What causes postpartum depression?10

––+–What happens in talk therapy?11

–+–+What is postpartum depression?12

––––What support is available to help me cope with postpar-
tum depression?

13

+–––When does postpartum depression occur?14

a–: no clinically appropriate advice.
b+: clinically appropriate advice.

Accurate recognition is the ability of a VA to correctly transcribe
the spoken query. Verbal response is the narration and summary
of processed web information by the VA. We determined
clinically appropriate advice by comparing clinical
communication themes found in the VA response and the ACOG
FAQ answer. Clinical communication between a provider and
patient is the foundation for delivering quality care and is
patient-centered, uses plain language without overly complex
terms, and, if applicable, provides anticipatory guidance on
when to seek medical help [18]. Two board certified physicians
(SY, JL) compared the presence of these 3 themes in the ACOG
FAQ answer to the VA response. If all the themes that appeared
in the ACOG FAQ answer appeared in the VA response, the
VA response was marked as clinically appropriate. JL is board
certified in Pediatrics and Pediatric Gastroenterology. SY is
board certified in Pediatrics and Internal Medicine. Both SY
and JL routinely screen for mental health disorders and have
over 15 years cumulative experience in answering
patient-focused clinical questions. Disagreements were resolved
through discussion. We calculated the Cohen kappa interrater

reliability using SPSS Statistics version 26 (IBM Corp) [19].
We quantified the responses in each category by aggregating
the frequency of positive results in percentages. We compared
the category proportions using the Fisher exact test. To control
for the false discovery rate in multiple comparisons, we selected
a P value with an adjusted alpha of .05 or less to determine
statistical significance [20].

Results

Responses to Postpartum Depression Queries

Accurate Recognition
All four VAs performed well when recognizing the queries
(Figure 1). Specifically, when prompted, Apple Siri and Google
Assistant displayed 100% accurate recognition, whereas
Microsoft Cortana displayed 93% (13/14; 95% CI 79.4-100)
accuracy and Amazon Alexa 79% (11/14; 95% CI 57.1-100).
The accurate recognition differences were not statistically
significant (Table 2).
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Figure 1. Responses from four principal voice assistants (Apple Siri, Amazon Alexa, Google Assistant, and Microsoft Cortana) to questions regarding
postpartum depression as categorized by accurate speech recognition, the presence of a verbal response, and whether the advice was clinically appropriate.

Table 2. Fisher exact test comparing voice assistant pairs for accurate speech recognition, the presence of a verbal response, and whether the advice
was clinically appropriate.

P valueClin app advd, n (%)P valuecVerb respb, n (%)P valueAcc reca, n (%)Voice assistant comparison

.65—.05—.22—Comparison 1

—2 (14)—5 (36)—14 (100)Apple Siri

—4 (29)—11 (79)—11 (79)Amazon Alexa

>.99—.71—>.99—Comparison 2

—2 (14)—5 (36)—14 (100)Apple Siri

—3 (21)—7 (50)—14 (100)Google Assistant

>.99—.45—>.99—Comparison 3

—2 (14)—5 (36)—14 (100)Apple Siri

—3 (21)—8 (58)—13 (93)Microsoft Cortana

>.99—.24—.22—Comparison 4

—4 (29)—11 (79)—11 (79)Amazon Alexa

—3 (21)—7 (50)—14 (100)Google Assistant

>.99—.42—>.99—Comparison 5

—4 (29)—11 (79)—11 (79)Amazon Alexa

—3 (21)—8 (58)—13 (93)Microsoft Cortana

>.99—>.99—>.99—Comparison 6

—3 (21)—7 (50)—14 (100)Google Assistant

—3 (21)—8 (58)—13 (93)Microsoft Cortana

aAcc rec: accurate recognition.
bVerb resp: verbal response.
cAfter false discovery rate correction, no comparison was statistically significant.
dClin app adv: clinically appropriate advice.
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Verbal Response
For each query, verbal response by the VAs ranged from at least
36% (5/14; 95% CI 10.6-60.8) of the questions (by Siri) to 79%
(11/14; 95% CI 57.1-100) of the questions (by Alexa). The
difference between VAs for the presence of a verbal response
was not statistically significant (Table 1). If no verbal response
was given, the transcribed query was either treated as a
text-based web search providing a list of hyperlinks for the user
to follow or the VA stated that it did not know the answer. The
following proportions of unanswered queries were treated as a
web search: 8/9 for Siri, 7/8 for Google Assistant, and 2/6 for
Cortana. Alexa provided a verbal response to each recognized
query and therefore had no unanswered queries.

Clinically Appropriate Advice
Clinically appropriate advice was provided 14% (2/14; 95% CI
0.0-32.6) of the time by Siri, 29% (4/14; 95% CI 5.9-52.2) by

Alexa, and 21% (3/14; 95% CI 0.0-42.9) by Google Assistant
and Cortana (Figure 1). There was no statistical difference
between devices (Table 2). Taken together, the VAs provided
clinically appropriate advice for 64% (9/14; 95% CI 39.1-89.4)
of the questions (Table 2). The interrater reliability score (Cohen
kappa) among the raters was .87 (P<.001; 95% CI 0.69-1.05).

Additional Voice Assistant Observations
We selected one query for which all VAs provided a different
response: “What is an antidepressant?” When advice was
provided, Siri narrated a short paragraph that was viewable on
the screen with a hyperlink to more information (Figure 2a).
Alexa displayed a brief explanation without a web link (Figure
2b). Google Assistant displayed a list of web links with
advertisements at the top (Figure 2c). Cortana provided an
accurate but overly complicated description of the chemical
properties of antidepressants as compared with a clinical visit
discussion (Figure 2d).

Figure 2. Screenshots from all four voice assistants showing responses to the query “What are antidepressants?” (a) Apple Siri, (b) Amazon Alexa,
(c) Google Assistant, and (d) Microsoft Cortana.

Notably, Google Assistant displayed advertisements for just
under half (5/14, 36%) of the queries. Frequently the
advertisements from Google Assistant occupied the center of
the screen, pushing the reported advice or web search to the
bottom (Figure 2c). In one instance, Google Assistant provided
an advertisement for a luxury mental health treatment center

located in Malibu, California for the query, “How is postpartum
depression treated?” Microsoft Cortana was the only other VA
to offer advertisements. For some questions such as “What
happens in talk therapy?” and “What are the baby blues?”, Alexa
and Siri responded with pop culture advice and references,
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which were not relevant to mental health. The list of VA
responses is available in Multimedia Appendix 1.

Discussion

Principal Findings
All four VAs performed well at correctly recognizing common
questions related to PPD, but no VA achieved even a 30%
threshold for providing clinically appropriate PPD information.
Specifically, accurate recognition of a PPD question ranged
from 79% to 100% among all VAs. A verbal response to a PPD
question was given between 36% and 79% of the time, while
clinically appropriate advice was only given between 14% and
29% of the time. No single VA outperformed any other VA
across performance categories.

The sharp dropoff from accurate speech recognition of a query
to clinically appropriate advice indicates that while voice
recognition of medical queries continues to improve [17,21],
improvement in appropriate clinical advice to end users is
essential. When considering the four VAs together (Table 1),
that number increases to 64% (9/14). This finding suggests that
if these services were to integrate their methods and work
collaboratively, their performance could double or triple. For
example, Apple and Google collaborated on contact tracing in
response to the COVID-19 pandemic [22] demonstrating a
willingness by technology companies to combine efforts on
essential health issues.

While VAs are not approved medical devices, consumers are
nonetheless using VAs to answer medical questions, and they
should therefore provide accurate medical advice [5,23,24]. In
some cases, the VA referenced websites of health care
institutions or government sites such as Mayo Clinic and US
Department of Health and Human Services, but in other cases
the VA provided references from other websites, such as
Wikipedia. These examples illustrate how VAs require
improvement to be more context-aware in responding to
questions. Especially in the medical domain, the VA interface
design could be improved following a similar training protocol
to medical students. Medical students are taught to follow-up
patient questions with open-ended statements, such as, “Tell
me more about that,” which often provides more information
than direct queries [25]. This follow-up questioning is an
essential step toward improving VA responses in mental health
disorders, including PPD.

Advertisements offered by VAs, while also troubling, simply
indicate that a reasonable pay structure should be developed
where technology companies can recoup their development
costs. However, if advertisements continue, a reporting and
control mechanism should be in place to identify bias toward a
specific treatment or service. Most academic centers have strict
policies on accepting free material from vendors to maintain an
unbiased stance [26-28].

Limitations
Our study was limited by our use of grammatically correct,
well-structured, well-understood PPD questions. In a real-world
application, these exact questions may not represent the variation
in language, accent, and education of PPD patients. Hence, the

results represent the best-case scenario for VAs when used for
PPD. Second, physician assessors subjectively interpreted the
ACOG FAQ and decided clinically appropriate advice of the
VA using globally accepted components of clinical
communication. An alternative study could apply a more
stringent rubric to the comparison. Third, we evaluated each
question and response as a single unit and did not challenge the
VAs with a conversation. An alternative study would be to ask
a series of questions to build on the previous question and
response and eventually to evaluate the advice as a whole. While
the interaction is an important component of VA technology,
this study can be seen as a test of the VA knowledge base as it
pertains to PPD. Fourth, VA medical advice should adhere to
local clinical advice. For example, while we used the ACOG
FAQ in this study, the responses to the questions may not be
appropriate for users in Africa or Asia [29]. Fifth, our study
relied on a binary metric of clinically appropriate advice for
each VA response. However, a deeper look at each VA response
should include an assessment on whether the response provided
or omitted information that was potentially dangerous to
patients. Finally, sample sizes are small, so P values may not
effectively capture differences in VA performance. For example,
when comparing Apple Siri and Amazon Alexa for the presence
of a verbal response, the calculated power was .49, indicating
a low probability of detecting a difference. While a larger sample
size is preferred, the goal of this project is to compare the
14-question ACOG FAQ against advice from VAs.

Future Suggestions
Even though the performance of VAs in responding to PPD
currently falls short, VA-based interventions for PPD present
a unique opportunity in the long term, as also supported by
Kocaballi et al [4] and Miner et al [7]. VAs could support
mothers with PPD by addressing misperceptions about the
disorder, performing an initial screening, and discussing possible
treatment in the privacy of their homes [12]. In light of our
findings, we suggest three ways to improve VA performance
in mental health disorders and PPD.

First, the lack of clinically appropriate advice showed that
clinical organizations should partner with technology companies
to develop content and design the user experience. Clinical
organizations already produce many patient-facing informational
documents found through web searches and VA skills [30].
These organizations should take further steps to develop
evidence-based content specifically for VAs, realizing that these
devices are not only popular but can also provide meaningful
interactions with patients. For example, Siri provided a
definition of “baby blues” from pop culture rather than following
up with another question to understand the context better.

Second, training VA artificial intelligence with personal
information can improve the ability to screen patients and
provide context-aware and personalized responses. While this
may present privacy challenges, previous successful artificial
intelligence implementations in medicine [31] and current VA
apps compliant with personal health information protection laws
(ie, Health Insurance Portability and Accountability Act) [32]
prove that leveraging VA artificial intelligence shows promise
in delivering personalized care. For PPD, this effort can lead to
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better identification of risk factors. Because the US Preventive
Services Task Force recommends referral for treatment of PPD
after identification of a single risk factor, VA-supported
identification could assist providers by marking which of their
patients are at risk for PPD. In a future case for PPD, one can
imagine a VA moderating screening, counseling a patient on
possible treatment options, and assisting providers in decision
making with the knowledge gathered through screenings.

Last, public health organizations should partner with technology
companies to encourage the delivery of medical care through
VAs [33]. In the recent COVID-19 pandemic, the Centers for
Disease Control and Prevention used Microsoft’s Healthcare
Bot service (text-based) to deliver a relevant and up-to-date
information and self-assessment mechanism to the public [34].
This situation is a first-rate example of public-private
collaboration in delivering necessary health content through

conversational agents. Similar strategies should be established
in long-term collaboration in curating and providing PPD and
mental health support through VA. To enable successful
collaboration, legal and regulatory actions should be developed
for digital care delivery, which improved telemedicine during
COVID-19 [35].

Conclusion
VAs accurately recognize speech but cannot give clinically
appropriate advice for PPD. PPD is a mental health disorder
that presents an opportunity for digital health intervention
through VAs. By increasing the conversational abilities of VAs,
partnering with health organizations to improve the content of
these agents, and integrating these agents with the electronic
health record, VAs may be a valuable tool to address patients’
misperceptions, screen patients for depression, and initiate a
prompt referral to qualified health providers.
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Abstract

Background: Cancer awareness is crucial for cancer care and prevention. However, cancer awareness in Uganda is low, and
access to cancer information is limited.

Objective: This study aims to (1) understand the cancer awareness situation in Uganda (perceptions, beliefs, information needs,
and challenges to accessing cancer information) and opinions about interactive voice response (IVR) systems; (2) develop cancer
awareness messages and implement them in an IVR system; and (3) evaluate user acceptance and use of the IVR system.

Methods: A participatory design approach was adopted. To understand cancer awareness needs and challenges, 3 interviews
and 7 focus group discussions (FGDs) were conducted with cancer health care providers, patients with cancer, caregivers and
survivors, administrators, and lay citizens (n=73). On the basis of the resulting qualitative data, audio messages addressing cancer
information needs were developed and implemented in an IVR system. The system and messages were tested with users (n=12)
during 2 co-design workshops before final rollout. Finally, the system was evaluated over 6 months after going live, using call
records and user feedback from telephone interviews with callers (n=40).

Results: The cancer information needs included general topics such as what cancer is, what causes it, cancer screening and
diagnosis, cancer treatment, and practical information on what to expect during cancer care. There were also myths and
misconceptions that need to be addressed, such as that cancer is due to witchcraft and has no treatment. Information on COVID-19
was also sought after following the outbreak. We developed 20 audio cancer messages (approximately 2 minutes each) in English
and Luganda, along with 14 IVR navigation instructions. These were implemented in an IVR system with 24/7 availability from
all over Uganda via a toll-free multi-channel telephone number. The total number of calls made to the IVR system 6 months after
going live was 3820. Of these, 2437 (63.8%) lasted at least 30 seconds and were made from 1230 unique telephone numbers.
There were 191 voice messages and 760 calls to live agents, most of which (681/951, 71.6%) were in Luganda. Call volumes
peaked following advertisement of the system and lockdowns due to COVID-19. Participants were generally familiar with IVR
technology, and caller feedback was largely positive. Cited benefits included convenience, toll-free access, and detailed information.
Recommendations for improvement of the system included adding live agents and marketing of the system to target users.

Conclusions: IVR technology provides an acceptable and accessible method for providing cancer information to patients and
the general public in Uganda. However, a need remains for health system reforms to provide additional cancer information sources
and improve cancer care services in general.

(JMIR Mhealth Uhealth 2021;9(1):e22061)   doi:10.2196/22061
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Introduction

Background
Cancer awareness is crucial for effective and satisfactory
delivery of cancer care, and it is an important component of
cancer control and prevention [1]. Cancer awareness refers to
the knowledge and beliefs about the warning signs or symptoms
of cancer, important risk factors, when to seek medical advice
following each warning sign (urgency or seriousness of signs
and symptoms) and cancer burden (knowledge of common
cancers) [2,3]. It also encompasses knowledge and beliefs about
cancer outcomes (eg, stigma and cancer fatalism [4,5]), available
cancer services (eg, screening programs and recommended
screening schedules and groups), and help-seeking intentions
and perception of barriers (eg, worrying about wasting the
physician’s time, the cost, or the distance to screening services)
[2,3]. Low cancer awareness results in poor participation in
cancer preventive measures (such as vaccination, smoking
cessation, and screening), late presentation and diagnosis delay,
nonadherence to treatment, poor coping, and overall
dissatisfaction with cancer care [5-9].

Low- and middle-income countries (LMICs) bear a
disproportionately large share of the global cancer burden
[10,11], and low cancer awareness is often cited as a key
contributing factor [7,8]. In Africa, general cancer awareness
has been reported to be <40%, and awareness of cancer
screening tests among at-risk populations is reported to be <20%
according to Morhason-Bello et al [7]. A study on prostate
cancer in Uganda [12] found that only 10.3% of respondents
had good knowledge of the symptoms. Low awareness, negative
beliefs, and myths (eg, belief that cancer is caused by witchcraft)
have also been reported for breast [13] and cervical cancer [14]
in Uganda, contributing to low screening rates (4.8% to 30%)
and late presentation (over 80% of patients presenting with
advanced disease) [15].

Mobile health (mHealth), defined as the use of mobile devices
such as cell phones to support health [16], is potentially a
cost-effective and acceptable tool for addressing low cancer
awareness. There is growing evidence on the use and benefits
of mHealth in different areas of healthcare in LMICs,
particularly for facilitating communication, health education,
and awareness of chronic illnesses [17-19]. mHealth can help
overcome some of the greatest healthcare challenges in LMICs,
such as geographical access (distance to healthcare facilities)
and cost. Access to mobile phones is ubiquitous (over 90%),
even in LMICs, and mobile phones are accepted across all
demographic and socioeconomic groups [19,20].

However, there are several challenges that could hinder the
success of mHealth interventions [17,19,21,22]. Problems with
user acceptance are commonly reported due to users’ lack of

familiarity with the technology, lack of cultural appropriateness
or incentives to adopt new tools, and poor usability [17,21,22].
In LMICs, low literacy and infrastructural issues, such as reliable
electricity and internet access, are also barriers [17,19,21].
Finally, the impact of health education and awareness
interventions might be limited if they are not informed by
theoretical underpinnings, which can help explain or predict
behavior change following such interventions [23-27] or patient
activation and engagement with the intervention [28-30].

In this paper, we describe an mHealth intervention to address
low cancer awareness in Uganda. The intervention is an
interactive voice response (IVR) system for dissemination of
cancer information via telephone calls. In IVR, calls are
automatically answered by a computer that plays back audio
messages and navigation instructions. The caller interacts with
the computer through voice commands or dual-tone
multi-frequency signaling (DTMF) [31-35]. Our cancer
information IVR system is based on qualitative research with
key stakeholders and embodies established theories including
the unified theory of acceptance and use of technology
(UTAUT) [36], patient activation and engagement [28,37], and
health belief model (HBM) [38,39]. IVR systems, which are
commonly used by businesses such as telecoms and banks for
customer relations, have not been used in cancer awareness or
other health care interventions in general in Uganda.

Aims
This study aims to (1) understand the cancer awareness situation
in Uganda (perceptions, beliefs, information needs, and
challenges to accessing cancer information) and opinions about
IVR, (2) develop cancer awareness messages and implement
them in an IVR system, and (3) evaluate user acceptance and
use of the IVR system.

Methods

Approach
The study followed a participatory design approach [40] to
develop the IVR system. In the participatory design
methodology, users are involved in iterative phases of
identification and analysis of user needs, prototype system
development, testing and refinement, and summative evaluation
[40-42]. This ensures a thorough understanding of user needs
and contextual issues that might affect implementation and
long-term adoption and also increases user empowerment and
buy-in. To achieve this, we engaged participants in 3 forums:
(1) qualitative key informant interviews and focus group
discussions (FGDs), (2) co-creation workshops, and (3) user
feedback through telephone interviews. We also quantitatively
analyzed IVR system use by using call record details. Figure 1
summarizes this process.
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Figure 1. Summary of the approach to interactive voice response system development. FGD: focus group discussion; IVR: interactive voice response.

Setting
The project was implemented at the Uganda Cancer Institute
(UCI) in Kampala, central Uganda. The UCI is the only
comprehensive public cancer hospital in Uganda, serving over
5000 new cancer patients annually from Uganda and
neighboring countries. The UCI runs a daily cancer screening
and awareness clinic and conducts regular community outreach
programs. The UCI also developed cancer education booklets
that are given to clients who visit the institute or during outreach
programs [43]. The interviews and FGDs were conducted in
July 2019; co-creation workshops were conducted in October
2019, whereas the collection of system use data and feedback
from callers (telephone interviews) was done in the first 6
months after going live (December 2019 to June 2020).

Participants and Sampling Design
For the interviews, FGDs, and workshops, participants were
purposively selected to represent different stakeholders, that is,
cancer health workers who are responsible for providing cancer
information and raising awareness (group 1); patients with
cancer, survivors, or caregivers who would be the direct
consumers of the cancer messages in the IVR (group 2); and
other stakeholders, including administrators or policy makers
and lay citizens (group 3). This diversity in participants was
used to ensure data saturation [44,45].

For group 1, 2 research assistants (a patient counselor and a
social worker with training in research ethics) approached
patients and caregivers at UCI in person or called survivors who
work with UCI in cancer awareness and advocacy.

For group 2, the first author (who is a medical doctor at UCI
but was not directly involved in patient care at the time of the
study) approached health workers at UCI in person to invite
them for the interviews and FGDs. Different cadres of staff
were invited, including physicians, nurses, specialist oncologists,
pharmacists, palliative care specialists, and social workers.

For group 3, the first author invited administrators from UCI
and policy makers from the Uganda Ministry of Health and
Uganda Communications Commission, while the research
assistants invited lay citizens.

FGD participants in group 2 were informed about the co-creation
workshops that would follow, and those interested in

participating provided contact information, which we used to
invite them.

For the telephone interviews of callers, the participants included
(1) those whom we had to call back after they had left
voicemails on the system and (2) a selection of most and least
frequent callers.

Interviews and FGDs
We first conducted 3 key informant interviews with health
workers (a palliative care physician, a cancer health educator,
and a family physician in charge of cancer prevention) to obtain
an overview of the cancer awareness landscape and develop the
FGD guide. The interviews were unstructured, were conducted
in English, and lasted about 1 hour each.

To stimulate discussion in the FGDs and to obtain rich data
about a potentially sensitive topic, we used a vignette as the
FGD guide [46]. The vignette represented the typical cancer
journey of 2 characters, a man with prostate cancer and a woman
with breast cancer. Cervical cancer, which is the most common
cancer in Uganda, was avoided in the vignette, as the exploratory
interviews revealed that an increasing knowledge of human
papilloma virus as a sexually transmitted infection was leading
to stigmatization of cervical cancer. The vignette is provided
in Multimedia Appendix 1.

We conducted a total of 7 FGDs, each with 9 to 11 participants
and lasting approximately 2 hours:

• 2 FGDs with group 1 participants (health workers),
including both male and female participants depending on
their availability. These were conducted in English.

• 4 FGDs with group 2 participants (patients, survivors, and
caregivers) who were divided into relatively literate (FGDs
in English) and relatively illiterate (FGD in Luganda, the
most common local language), and further subdivided into
male participants only and female participants only.
Participants in this group were informed about the
co-creation and system testing workshops that would follow,
and those who would be interested were asked to provide
consent and contact information.

• 1 FGD with group 3 participants (administrators, policy
makers, and lay citizens), including both male and female
participants. This was conducted in English.
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In both the interviews and FGDs, we explored cancer awareness
and information needs (topics) to be addressed by the IVR
messages [2,3,5], including knowledge and beliefs about cancer
signs and symptoms, causes or risk factors, stigma, perception
of available cancer services, sources of cancer information, and
challenges faced while accessing them. Specific attention was
paid to constructs from HBM [38,39], including how participants
perceived their susceptibility to cancer, the severity of the cancer
problem, and benefits and barriers to cancer awareness. These
guided the content and structure of the messages. Issues that
could influence meaningful engagement with the intervention
[28,37], for example, socioeconomic status, literacy, age,
perception of the healthcare system, and self-efficacy with
regard to IVR, were also noted. Finally, we explored
participants’ attitudes and opinions about IVR using constructs
from UTAUT [36], including ease of use and relative advantage
(compared with other ways of getting cancer awareness
information), and facilitating conditions or potential barriers.
These informed the design choices for the IVR.

All sessions were moderated by the first and second authors
and were audio-recorded and transcribed verbatim by research
assistants who attended the session as note takers.

Development of Cancer Messages and the IVR System
On the basis of the preliminary insights from the interviews and
FGDs, we developed IVR content consisting of audio messages
addressing the different cancer awareness topics as well as
navigation instructions. The cancer messages were based on
UCI’s cancer education booklets [43], and where lacking, these
were supplemented by web-based material from the US National
Cancer Institute [47] and our own clinical expertise. We
deployed a prototype IVR system and invited participants from
group 2 (patients, survivors, and caregivers) who had consented
to be contacted to test and give feedback on the prototype in
co-creation workshops. We held 2 workshops, one in English
and the other in Luganda. Each had 6 participants (3 male and
3 female). We probed them about the clarity of information and
instructions, flow of information or IVR menus (eg, Treatment
side effects under the Treatment menu), voice preferences (eg,
male voice vs female voice or voice of a familiar or famous
person), etc. We worked with the participants to paraphrase the
messages and rearrange them under the different IVR menus.

We then created the final system (described below), which went
live in December 2019. We advertised it to patients in the patient
waiting areas and encouraged them to share the toll-free number
with their peers. The number is also printed on UCI patient
appointment cards, and UCI staff were encouraged to tell
patients about the IVR. The IVR was also advertised through
a launch event that was covered by news agencies from central
Uganda.

Telephone Interviews of Callers and System Use Data
To evaluate the final system, we conducted 40 telephone
interviews in which we asked the callers’ opinions about the
IVR system. The telephone interviews were conducted by the
first author and a research assistant (a nurse at UCI who is
involved in cancer prevention and awareness) who also recorded
the callers’ age, level of education, address (district in Uganda

where the caller lives), mother tongue/dialect, reason for calling,
and how the caller got to know about the system.

Moreover, the system automatically keeps a call detail record
from which we obtained system use data such as the number of
calls and IVR messages listened to and their time and date.

Data Analysis
We qualitatively analyzed data from the interviews and FGDs
by thematic analysis, as described by Braun and Clarke [48].
The first and second author, who had familiarized themselves
with the content as they moderated the interviews and FGDs,
independently read the transcripts, applied codes, and grouped
similar codes into themes according to the theoretical constructs
of HBM [38,39] and UTAUT [36]. We used the software
package RQDA to assist in the qualitative analysis [49]. The
themes were discussed between all the authors and with
participants in the co-creation workshop to inform the design
of the IVR system (menus and navigation instructions) and
cancer messages. Multimedia Appendix 2 shows the themes,
exemplary quotes, and the resulting system design decisions.

Quantitative data on system use (call records) were exported
from the IVR system and cleaned to remove calls made to the
system by the implementation team during testing. Of the
remaining calls from clients, we excluded calls that were less
than 30 seconds long, the amount of time it takes to listen to
the first IVR instruction and make a selection off the IVR menu.
This was to eliminate calls that could have been dropped or
those where callers were just checking to confirm that the
service is available but did not listen to the information. Analysis
was performed in SPSS version 27 (IBM Corporation) using
descriptive statistics.

Ethics
The study was approved by the UCI Research Ethics Committee
(UCIREC# 08-2019) and was registered by the Uganda National
Council for Science and Technology (UNCST# HS418ES). All
participants provided written informed consent before taking
part in interviews, FGDs, or workshops and were given UGX
50,000 (approximately US $13) as reimbursement for their time
and transport, as per the UNCST guidelines.

Results

Participants
Table 1 summarizes the characteristics of participants who were
involved in the interviews and FGDs, and Table 2 summarizes
the characteristics of participants who took part in the telephone
interview. In total, there were 113 participants and 73
participants took part in the interviews, FGDs, and co-creation
workshops during needs assessment and system development.
Participants in the workshops (2 sessions each with 6
participants, balanced by sex) were invited from FGD group 2
(patients with cancer, survivors, or caregivers). In total, 40
callers took part in the telephone interviews after the system
went live. The overall average age was 37.5 years (SD 13), with
equal percentages of male and female participants.
Approximately half of all the participants (57/113, 50.4%;
particularly the patients, caregivers, or survivors in the FGDs
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and the callers of the IVR system) had an education level of secondary school or less and were not fluent in English.

Table 1. Characteristics of interview and focus group discussion participants (n=73).

ValueaCharacteristic

Forum, n (%)

3 (4)Interview

FGDsb

20 (27)Group 1 (health workers)

39 (53)Group 2 (patients with cancer, survivors, or caregivers)

11 (15)Group 3 (administrators and lay citizens)

Sex, n (%)

32 (44)Male

41 (56)Female

Education level, n (%)

19 (26)Primary school or none

10 (14)Secondary school

16 (22)College diploma

21 (29)Bachelor’s degree

7 (10)Master’s degree or higher

37.1 (9.1)Age (years), mean (SD)

aThe sum of percentages may not add up to 100% due to rounding.
bFGD: focus group discussion.

Table 2. Characteristics of the telephone interview participants (N=40).

ValueaCharacteristic

Sex, n (%)

26 (65)Male

14 (35)Female

Education level, n (%)

13 (32)Primary school or none

15 (37)Secondary school

7 (17)College diploma

3 (7)Bachelor’s degree

2 (5)Master’s degree or higher

How did you hear about the IVRb service or how did you get the toll-free number, n (%)

8 (20)UCIc patient appointment card or visit to UCI

21 (53)Radio or television

3 (7)UCI website or Google search

8 (20)Word of mouth outside UCI (eg, from friend or church)

35.0 (14.6)Age (years), mean (SD)

aThe sum of percentages may not add up to 100% due to rounding.
bIVR: interactive voice response.
cUCI: Uganda Cancer Institute.
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Cancer Awareness Situation in Uganda (Beliefs,
Perceptions, Information Needs, and Challenges) and
Opinions About IVR
Multimedia Appendix 2 shows the themes (based on the
theoretical constructs of HBM and UTAUT), exemplary quotes
from the interviews and FGDs, and how they influenced the
design of the messages and IVR system.

The growing cancer burden in Uganda was well appreciated by
the participants in all groups. They opined that rural areas are
the most affected and described health system barriers to cancer
services, especially in rural areas, such as limited cancer
specialists and diagnostics. In addition, all participant groups
reported that cancer awareness is low, both among the general
public as well as among health workers, especially those not
working directly in cancer care. They reported that there is a
lack of access to cancer information and that myths and stigma
are common. The examples mentioned by participants include
the myth that cancer is caused by witchcraft, that diagnostic
biopsies lead to rapid progression of cancer, a general belief
that cancer is incurable, stigmatization of cancer patients because
cancer is considered a curse, or that it can be transmitted from
one person to another. Participants, particularly the less literate
patients and caregivers, admitted that cancer patients are often
discouraged from going for formal cancer care by their peers
or are misinformed and duped by traditional healers (witch
doctors), which results in delays in getting the right care.

There were also negative beliefs and misconceptions,
particularly among the non–healthcare provider participants,
about the referral process and healthcare system in general and
about cancer as an illness that is complex. Participants expressed
dissatisfaction with the general healthcare system reporting
limited and poor services, such as insufficient drug stocks, long
waiting times, and expensive care. Moreover, specialized care
(such as cancer treatment) is perceived to have poor outcomes;
therefore, referral to specialized hospitals like the UCI causes
fear. Often, this makes people refrain from seeking cancer care
at all or abandon treatment (loss to follow-up).

Some of the information needs that were highlighted from the
interviews and FGDs included information on what cancer is,
cancer signs and symptoms, cancer screening, diagnosis process,
and treatment, and where these services can be availed. In
addition, practical information on what to expect during the
cancer journey (eg, cost and duration) is necessary so that
patients and families prepare better. The participants also
expressed a need for comforting and counseling information or
services.

With regard to IVR, participants were generally familiar with
the IVR technology from their experiences, for example, with
customer service centers of telecom companies. They were
positive about the potential of the IVR system as an avenue for
dissemination of cancer awareness information because many
own phones, can access information anytime and from
anywhere, and it is free (calls are billed on the recipient). The
participants advised that the IVR messages should be in multiple
local languages; it should be marketed (eg, through bulk SMS

or mass media) to make people aware of the existence of the
service; and, if possible, it should be proactive where calls are
initiated by the system as opposed to waiting for them to call
because they might not take initiative. In addition, the use of
voices of celebrities and public figures was suggested as a way
to attract people to the service.

It was also emphasized that cancer survivors’ testimonies are
very motivating and restore hope in cancer patients, for which
reasons they should be included in the IVR system, as one
participant revealed. Another suggestion was to recruit and train
a pool of survivors and make the IVR system route calls to the
survivors’ cell phones so that the survivors answer some
questions or share their experience with callers. However, this
is currently not in the system.

The IVR System and Cancer Awareness Messages
The final system was deployed using FreePBX (version 14), an
open source graphical user interface that controls the Asterisk
private branch exchange (PBX) server (Sangoma Technologies
Corporation) [50]. We installed the PBX on an HPE ProLiant
DL380 Gen10 server with the following specifications: Intel
Xeon 4110 (8 core, 2.1 GHz) processor, 16 GB RAM, and 1.2
TB storage (The Hewlett-Packard Company) [51]. We
configured this to a Matrix Voice-over-Internet-Protocol
gateway (Matrix Telecom Solutions) [52], which converts call
traffic from a local (Ugandan) Integrated Services Digital
Network (ISDN) into Session Initiation Protocol traffic and
routes it to the PBX and back. The ISDN traffic is brought into
the UCI using an E1 primary rate interface providing 30
simultaneous channels (calls). The calls are billed on the call
recipient, so they are toll-free to the callers irrespective of their
telecom provider (ie, the call costs are paid by the UCI). User
interaction is through DTMF only. Voice recognition was not
used because Uganda has many local languages (and accents)
that are under-resourced with regard to natural language
processing, and thus, there are no readily available voice
recognition libraries [53]. The service is available 24/7 and has
an option for users to leave a voicemail, allowing them to ask
any questions or give feedback.

The IVR menus were kept to a maximum of 5 options (with the
exception of the COVID-19 option that was added as an
emergency, see Figure 2), and the system was configured to
allow sufficient time for a caller to enter their choice, repeating
the instructions if input is missing or invalid. Testing of the
system during the workshops showed that participants were
able to navigate the IVR menus and easily find the information
they were looking for. We only observed a usability issue with
smart phones during the testing workshops, where after a call
is placed, the keypad changes from the number dial pad to call
control buttons. For those who were not used to this, it became
impossible to enter numbers (DTMF) in response to the IVR
menu options until a peer assisted them. We also observed some
callers responding to the system by voice, for example, when
asked to select language by pressing a number. There was no
preference between male and female voices as long as the speech
was not too fast and the accent was clear. For our system, we
consistently used a female voice.
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Figure 2. Interactive voice response menus and flow. The Luganda branch is not shown, but it is similar to the English branch. The numbers represent
the dual-tone multi-frequency options that the caller has to enter to access the corresponding message. The options for COVID-19 information or to
speak to a live agent were not part of the initial IVR system, but they were added 3 months after the system went live, as an emergency following the
COVID-19 outbreak. At the end of each message, instructions are played for the caller to listen again, to go back to the main menu, or to go to voicemail
or speak to an agent. IVR: interactive voice response; UCI: Uganda Cancer Institute.

We developed a total of 20 voice messages, each approximately
2 minutes long, covering basic cancer topics such as what cancer
is, its signs and symptoms, common cancers, risk factors,
screening, and treatment. The messages also address the
identified myths and misconceptions, offer hope and
encouragement to patients and their families, and provide
practical information on referral and care processes. Figure 2
shows the IVR menus and flow. We also developed 14
instruction messages for navigating the IVR menu. For example,
the first interactions go as follows: “Thank you for calling the
Uganda Cancer Institute, please choose your preferred language.
For English, press 1, Bwooba oyagala kuwuliriza mu Luganda,
nyiga 2 (Luganda for “If you want to listen in Luganda, press
2),” or later in the menu: “To learn what cancer is, press 1, to
learn about cancer screening and diagnosis, press 2...”.

The navigation instructions and cancer messages are in 2
languages: English, which is the official language in Uganda,
and Luganda, which is the commonest local language. We used
simple terms, with unfamiliar medical terms and jargon used
only when no simpler terms are available, and in that case, a
detailed explanation is given. For example, a word that is often
used for Radiotherapy in Luganda can be taken to mean
electrocution or roasting. This can scare off patients, so we
clearly explained this in the messages.

Following the corona virus outbreak and subsequent lockdown
measures instituted in Uganda in March 2020, demand for health
information via telephone increased. We, therefore, added
COVID-19 information to the IVR system as well as an option
for callers to speak to a clinician for individualized advice.

Evaluation of System Acceptance and Use
At 6 months after going live (December 2019 to June 2020), a
total of 3820 calls were made to the system. Multimedia
Appendix 3 shows the distribution of calls across time of the
day, day of the week, and over the 6 months.. We excluded
1383 (36.2%) calls that were less than 30 seconds long. The
remaining 2437 (63.8%) calls were made from 1230 unique
telephone numbers and lasted a total of 6646 minutes. On
average, each telephone number called the system 3 times (SD
6.84; min=1, max=162, median 1). There were 191 voice
messages with 143 (74.9%) in Luganda and others in English.
Functionality to speak directly to a live agent (a member of the
clinical team), as opposed to pre-recorded messages or
voicemails, was added to the system on March 27, 2020, along
with IVR messages on COVID-19. By June 5, 2020, 760 calls
were made to live agents, with 538 (70.8%) in Luganda and the
rest in English. The voice messages and calls to live agents were
mostly to ask individualized questions that were not addressed
by the IVR system. Call volume spiked immediately following
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advertisement of the service and following the lockdown due
to the corona virus outbreak (Multimedia Appendix 3). As
shown in Table 2, the information about the service spread out
via different forums, including mass media and word of mouth.

The information that was most sought after is information
explaining what cancer is, what causes it (risk factors), cancer
screening and diagnosis, and practical information on what to
expect during cancer care at the UCI (Multimedia Appendix 4).
Information on COVID-19 was also frequently listened to,
whereas information about cancer treatment was the least sought
after.

Feedback from telephone surveys shows that callers appreciate
the convenience of being able to access cancer information from
wherever they are and at any time (including out-of-office hours)
and the fact that it is toll-free, which removes the cost barrier.
They also appreciate the detailed information provided by the
system, which they could listen to over and again with no time
limit. One of the most frequent callers said he called the system,
although he was already physically present at the UCI for
treatment, because the health workers are very busy and cannot
spend much time explaining to him as the IVR system does.

A limitation of the IVR system that was noted from the feedback
during the telephone interviews with callers is that the
pre-recorded messages could not address some individualized
or situational questions. Examples of these included specific
symptom assessment (eg, “My mother has a lump in the breast”
and “I have longstanding pain in the throat, could it be cancer?”),
referral advice (eg, “I have a leg swelling with skin changes
that is suspected to be cancer, which nearby health facility can
I go to for cancer assessment?”), or how to live with cancer (eg,
“my sexual function is affected by cancer treatment, what can
I do?”). In addition, the messages provide a general overview
of topics (treatment options, side effects, etc) that apply to all
cancers or to the most common ones, yet some callers are
looking for specific details such as cost of a specific radiology
imaging test or information on a particular cancer, which might
be less common and not covered by the system. We used the
voicemail feature to partly solve these limitations, where callers
could leave such individualized questions and we would call
them back later to answer these questions. However, this
approach was faced by several challenges, for example: (1)
some callers shared phones, so when we called back, the person
who answered denied leaving a particular voicemail question
or even denied ever calling the system; (2) on some occasions,
the caller could not be reached during call back or was busy
and needed us to try again; and (3) some callers were unfamiliar
with the voicemail feature, so they failed to leave messages
because they did not hear a person speaking when the call went
to voicemail. The addition of functionality to speak to a live
agent solved this limitation and was applauded in the feedback
surveys.

Discussion

In this paper, we describe a participatory approach to the
development, implementation, and initial experiences of an IVR
for automating the dissemination of cancer information in
Uganda. The ubiquity of mobile phones, familiarity with IVR

technology, and positive attitude of target users mean that the
IVR system is acceptable. The IVR system was perceived as
advantageous in comparison with current alternative avenues
for accessing cancer information, such as booklets or obtaining
information from health workers. This is supported by the use
patterns, where there are many returning callers, and feedback
from callers is very positive. Callers were also able to obtain
cancer information even during out-of-office hours such as
weekends or at night (Multimedia Appendix 3) when health
workers would not be accessible. The system has also become
critically important for communication with patients during the
corona virus outbreak, during which lockdowns make it difficult
for patients to visit the hospital and obtain the necessary
information.

Adoption of IVR overcomes many challenges facing cancer
awareness efforts in Uganda, such as a limited number of health
workers with expertise in cancer, low literacy, or limited access
to the internet. The IVR system automates cancer education,
requires limited reading literacy as voice is used, and works
with basic telephone technology, including analog and second
generation phones.

Previous studies have also found that IVR is acceptable as an
avenue for accessing healthcare information in cancer care
[33,54] and in other specialties such as child health [35,55] and
mental health [56]. Similarly, considerations for increasing user
acceptance and engagement with IVR systems, that is, using
voices of celebrities or public figures, using survivors to provide
peer support, and translation and contextualization of content,
have also been reported [35,55,57,58] and are supported by
theoretical constructs such as social influence from UTAUT
[36]. Similarly, IVR system usability issues such as those with
smartphone keypads have also been reported [35,55], and these
need to be addressed to increase the ease of use, for example,
through use of automated voice recognition.

A strength of this study is that we followed a participatory
design approach to message and develop the IVR system and
engaged key stakeholders in different forums (interviews, FGDs,
co-creation workshops, and telephone surveys). This is important
for gaining in-depth insights into the requirements and potential
barriers to technology acceptance and use. In addition, we
applied established theories (HBM and UTAUT) to inform the
design and evaluation of our IVR system, which increases the
reproducibility and effectiveness of the intervention [23-27].

A limitation of this study is that we did not evaluate the health
outcomes, for example, change in cancer awareness or change
in behavior (such as cancer screening rates or adherence to
treatment) after implementation of the IVR system. Such
evaluation of health outcomes is currently not feasible, as
behavioral changes occur after a long time. Moreover, we
implemented and tested one intervention for cancer awareness,
that is, the IVR. Although this is supported by our findings from
the interviews and FGDs, more studies, for example, randomized
controlled trials comparing IVR versus other interventions for
raising cancer awareness, would be needed to increase the
strength of the evidence.
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Conclusions and Future Directions
Low cancer awareness is a recognized challenge to cancer
control in Uganda, especially in rural areas. Key challenges
facing access to cancer information include low literacy, limited
number of cancer health workers who are limited to a few urban
areas, and myths and misconceptions about cancer. A
well-designed IVR system that is theory based and developed
using participatory design approaches provides a convenient,
accessible, and acceptable platform for the dissemination of
cancer information that addresses the needs, as IVR is a familiar
technology, mobile phones are ubiquitous, and the automation
that comes with IVR reduces the burden on the health workforce.
Moreover, mHealth solutions could be the only avenue for
patients to access healthcare services under certain
circumstances, as was the case with our system following
disruptions due to COVID-19 lockdowns.

To improve the service of providing cancer awareness via phone,
we recommend adding live call agents who have clinical
knowledge about cancer care so that individualized questions
can be answered in real time as opposed to voicemail. Marketing
of the service is also important to ensure that potential users
know about it and continue to use it. Technological solutions
such as voice recognition and natural language processing could
be used to allow callers to ask questions or navigate the IVR
menus with voice commands, which will further improve
usability.

Currently, we are in the process of translating the IVR system
to add 5 additional Ugandan languages as well as adding more
live agents. Future research will involve quantitative analysis
of usability and task completion and evaluation of its health
outcomes in comparison with other ways of cancer information
provision.
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Abstract

Background: As many students in higher education are skilled users of mobile technology, mobile learning (mLearning) can
be a promising educational strategy to enhance their learning experience. mLearning might also be well suited for nursing students
as they navigate between multiple learning contexts in their educational curriculum. As an educational strategy, mLearning may
also reduce challenges caused by the theory-practice gap in nursing by supporting skills and knowledge transfer between the
university and clinical settings. As the introduction of basic physical assessment skills (B-PASs) into Norwegian bachelor’s
degree education in nursing occurred quite recently, there is a lack of competence in supervision and teaching in both university
and clinical settings. As such, mLearning appears to be a good strategy to support student B-PAS learning and knowledge transfer
across learning contexts.

Objective: This study aims to explore and elicit the perspectives of students regarding the way in which a selection of digital
learning resources supports B-PAS learning and application in clinical rotation, which of the selected digital learning resources
are beneficial to include in a suite of mLearning tools, and how the selected digital learning resources could support the transfer
of skills and knowledge from the academic to clinical context.

Methods: We used a longitudinal participatory design approach to co-design a suite of mLearning tools. The co-design processes
took place in several workshops (WSs) over a period of 3 months: 2 WSs with first-year students (n=6), 3 WSs with second-year
students (n=6), and 3 WSs with third-year students (n=8). The students evaluated several digital learning resources in both
academic and clinical contexts. The digital learning resources included digital simulation with virtual patients, massive open
online courses, and multimedia learning material. In the co-design WS, the potential and benefits of these digital learning resources
for the learning and application of B-PASs were explored.

Results: The students reported that the digital learning resources stimulated learning in 7 different ways. They also emphasized
the importance of including all selected and tested digital learning resources. Moreover, students supported the inclusion of
additional learning material, such as multiple-choice tests and written assignments, aimed at providing feedback and contributing
to knowledge development.

Conclusions: The co-design processes and collaboration with the nursing students provided insight into how a suite of mLearning
tools may support the learning and application of B-PASs and human bioscience knowledge in clinical rotation. From the students’
perspective, one of the strengths of the suite of mLearning tools was the range of content, as this met a broader range of student
learning preferences regarding learning B-PASs. The suite of mLearning tools contributes to and supports skills training and
knowledge transfer between multiple learning contexts.
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Introduction

Mobile Learning Opportunities in Higher Education
Students pursuing higher education today expect teaching
methods that stimulate self-directed learning, active learning,
peer learning, and the cocreation of knowledge [1,2]. Many of
these students belong to the digital natives generation having
grown up with mobile technology such as smartphones; this
makes them skilled users, especially with regard to social
interaction and finding information on the web [2,3]. Mobile
technology used for mediating educational content offers
flexibility in teaching methods; thus, mobile learning
(mLearning) promotes and contributes to learning processes
that are less constrained by time and context [4-6]. Research
indicates that mLearning contributes to meaningful and
comprehensive learning experiences, inviting students to select
their preferred modalities and share the responsibility for their
own learning processes [1,7,8].

In nursing education, students navigate between multiple
learning contexts during lectures and different clinical rotation
periods. This requires students to handle and mitigate the
differences between what is taught in universities and what they
learn in the clinical rotation—this is commonly referred to as
the theory-practice gap [9]. mLearning is shown to be a good
strategy for reducing these challenges by supporting students
in becoming less dependent on the learning context and
increasingly self-directed in their own learning processes
[10,11]. When considering the implementation of a suite of
mLearning tools in nursing education, students should be core
collaboration partners because of their role as end users [11,12].
Importantly, as nursing students are the ones who must navigate
between multiple learning contexts, they should be the ones
evaluating and testing mLearning and its possible content to

determine what works for them and in what context [11]. As
such, a participatory design involving co-design workshops
(WSs) is a good method to highlight end user involvement and
collaboration in the development and evaluation of the end
product [12].

Rationale for Educational Focus in a Suite of
mLearning Tools
Nurses base their clinical judgment on physical assessment and
history taking to map their patients’ health condition [13].
Physical assessment skills (PASs) are therefore one of the core
competencies nurses must master [14]. Inadequate patient
assessment might result in a failure to notice deteriorating
patients and to initiate appropriate nursing interventions; this
can threaten the safety of patients and result in adverse health
outcomes [15,16]. However, performing adequate patient
assessments can be challenging for novice nurses because of
the complexity of health situations in the different patient groups
that they encounter [16]. The nursing students learn PAS in
preclinical courses at the university but apply these skills in
clinical rotation. Therefore, learning and developing competence
and confidence in performing PAS and the ability to articulate
relevant knowledge are based on how these skills are taught on
campus and on the supervision of preceptors during the clinical
rotation [16,17].

Until recently, PASs were not a part of nursing education in
Norway. To overcome the barriers identified in international
studies [14], our university implemented selected PASs focusing
on respiratory, peripheral circulation, abdominal, and
neurological assessments in the curriculum in 2015. These PASs
are considered to be the basic skills necessary for clinical
competence for undergraduate nursing students and are,
therefore, referred to as Basic PAS (B-PAS; Figure 1) [17].
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Figure 1. Basic physical assessment skills progression model in Norwegian nursing education.

In a previous study, we identified that a lack of knowledge and
practical use of B-PASs among the faculty and preceptors
limited students in their learning of and performing these skills
[17]. This points to a theory-practice gap with regard to
developing these specific skills and underlying knowledge. This
is concerning, as 50% of Norwegian nursing education takes
place in clinical rotations in different contexts [18]. An
additional result from this earlier study was that students
identified mLearning as potentially enhancing their B-PAS
learning processes. This finding is supported by other studies
[19,20]. Research also highlights that mLearning can contribute
to the articulation and integration of human bioscience
knowledge (anatomy, physiology, pathophysiology, and
pharmacology), which underpins knowledge-based basic
physical assessment.

Thus, mLearning can support nursing students in learning and
applying B-PASs in a clinical context without being solely
dependent on guidance from their supervisors. mLearning may
also contribute to better transfer of knowledge between multiple
learning contexts, and it arguably works best in combination
with other teaching methods and educational strategies [21-24].

There is a range of digital learning resources that are suitable
for inclusion in a suite of mLearning tools highlighting B-PASs

and relevant knowledge, for example, massive open online
courses (MOOCs) [25], web-based apps, gaming [22], podcasts
[26], multimedia presentations [27], and more comprehensive
software involving immersive technology, such as digital
simulation with virtual patients [28,29]. Digital simulation
involves real people using digital and mobile technology to
operate interactive virtual patient scenarios for educational
purposes [30]. When reviewing the literature regarding factors
facilitating or hindering the implementation of mLearning in
medical and nursing education, Lall et al [31] not only identified
high student satisfaction with mLearning but also revealed
challenges related to the implementation process. These
challenges existed both in universities and clinical settings and
were related to faculty competence in using mobile technology,
the acceptance of using mobile devices in different clinical
settings, and students’ access to the devices [31].

Therefore, the aim of this study is to co-design a suite of
mLearning tools with nursing students to support their B-PAS
learning and application. The specific objectives are to explore
the following with students: (1) in what way does the selection
of digital learning resources support B-PAS learning and
application in clinical rotation; (2) which of the selected digital
learning resources are beneficial when included in the suite of
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mLearning tools; and (3) how the selected digital learning
resources could support the transfer of knowledge from
academic context to clinical settings.

Methods

Research Design
This qualitative longitudinal study was inspired by participatory
design. Participatory design aims to involve end users in
co-design and development processes with a specific purpose
[12]. The co-design processes took place in several iterative
WSs over a period of 3 months: 2 WSs with first-year students
(n=6), 3 WSs with second-year students (n=6), and 3 WSs with
third-year students (n=8). Through these WSs, the experiences
and preferences of students were explored with the aim of
informing the final selection of digital learning resources
included in the suite of mLearning tools.

Recruitment and Sample
The nursing students were recruited from a bachelor’s program
in nursing at a large university in Norway. Information about
the aim of this study and an invitation to participate were
published on the learning management system (LMS) of the
university, and a short presentation about this study was given
orally on campus. Students signed up to participate by emailing
the first author (ÖE) directly or via their course leader. The
convenience sample consisted of 20 nursing students (14 women
and 6 men) in the first, second, and third year of the program.
The participants’ ages varied from 20 to 50 years.

Procedure and Data Collection
All the WSs were held in 2019 during the spring semester on
the university campus. They were facilitated by the first author
(ÖE), who was supported by one of the other researchers (EB,
LH, or HE) during each WS. ÖE was also an active participant

in the discussions. The main tasks for the facilitators were to
involve all the students in the discussions, ensure that all planned
topics were covered, and keep track of time and breaks. Each
WS lasted a maximum of 2 hours, and the discussions were
audio recorded. WSs 1 and 2 were transcribed verbatim, whereas
WS 3 was worked with as audio files in which important
statements were marked.

The Digital Learning Resources Suggested as Content
in the Suite of mLearning Tools
A selection of digital learning resources highlighting B-PASs
in different ways were introduced to and assessed by the
participating nursing students. The digital learning resources
included (1) a digital simulation program with virtual patients,
(2) a MOOC, and (3) multimedia learning material (video
lectures, instruction videos, and a podcast; Figure 2). These
digital learning resources were new to most of the students.

The digital simulation program consists of several interactive
virtual patient cases and can be used in groups or as an
individual learning activity. One of the tasks in the digital
simulation is to choose appropriate B-PASs and other
interventions during assessment of virtual patients; the students
also received feedback on their choice of assessments and the
interventions performed in the program—fitting perfectly with
the aim of the suite of mLearning tools. The MOOC is an
individual e-learning course with 5 modules promoting students’
assessment of vital signs and history-taking skills, notice of
patient deterioration processes, and learning about more
advanced skills (eg, auscultation of the lungs and heart). In
addition, it was desirable to evaluate the selection of multimedia
material, consisting of video lectures, instruction videos, and a
podcast, all aiming to teach (verbally and visually) how to
perform B-PASs on real patients. The podcast focused on giving
the students perspectives on how to learn and focus on using
these skills throughout their nursing education.

Figure 2. Learning focus for the different digital learning resources tested by the students. B-PAS: basic physical assessment skills; MOOC: massive
open online course.

Content and Structure of Co-Design WSs
The researchers planned and framed the structure and content
of the 3 WSs, which were generally based on the selected digital

learning resources. Students engaged in the co-design processes
by using and evaluating how the digital learning resources
influenced their learning related to B-PASs and human
bioscience knowledge during clinical rotation and in academic
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courses. Figure 3 provides an overview of the processes in the
co-design WSs.

The first WS included the introduction and discussion of 2 new
learning resources: the digital simulation with virtual patients
and the MOOC. We asked the students to evaluate and test these
2 digital learning resources individually before attending the
second WS. In the second WS, we explored the experiences of
students with using digital simulation and the MOOC. As
B-PASs is built on knowledge of human biosciences, it was
important to discuss with the students as to what type of learning
material or assignments could facilitate coherence between
theoretical knowledge of human biosciences and the application

of these skills. The nursing students were asked to use and
evaluate the multimedia learning materials (videos and podcast)
before attending the next WS. In the third WS, we focused on
discussing the students’ feedback regarding the multimedia
learning materials. Here, it was important to discuss the digital
learning resources to be included and the ones to be excluded.
In addition, we presented a pilot version of the suite of tools to
give the students a visual example of how they might look in
the LMS. This way, the students had the opportunity to give
feedback and input regarding the first prototype. The
participation of nursing students was relatively stable throughout
the WSs; however, some students participated in only 1 WS
(Table 1).

Figure 3. Co-design processes in the workshops. mLearning: mobile learning; MOOC: massive open online course.
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Table 1. Participation of nursing students in the workshops.

WS 3WS 2WSa 1Student

First-year students

——c✓bStudent 1

——✓Student 2

—✓✓Student 3

——✓Student 4

——✓Student 5

—✓—Student 6

Second-year students

✓✓✓Student 7

✓✓✓Student 8

✓✓✓Student 9

——✓Student 10

✓✓✓Student 11

✓✓—Student 12

Third-year students

—✓✓Student 13

✓✓✓Student 14

✓✓✓Student 15

✓✓✓Student 16

✓✓✓Student 17

—✓✓Student 18

✓✓✓Student 19

—✓—Student 20

aWS: workshop.
bAttending the workshop.
cNot attending the workshop.

Research Ethics
The Norwegian Centre for Research Data approved the study
(Reference number 462735). Written informed consent was
obtained from all participants in accordance with the Declaration
of Helsinki. Reviewing the learning resources was not a
requirement to attend WSs 2 and 3. The researchers were not
involved in evaluating the academic or clinical courses of the
participants, and participation in this study had no impact on
grading in any of the courses.

Data Analyses
Thematic content analysis was used to analyze data [32], which
comprised text materials (WSs 1 and 2) and audio files (WS 3).
The research questions guided this process. The text material
from WSs 1 and 2 (all student cohorts) and the audio files from
WS 3 (second- and third-year students) were read and listened
to completely, respectively. Further analysis of the data included
important concepts and statements involving the design of and
suggested content in the suite of mLearning tools. Figure 4
shows an example of how the digital resources (in this case, the
digital simulation with virtual patients) were creatively mapped
to explore core concepts throughout the analyses of the data.
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Figure 4. Example of a concept map in the analysis process.

Results

According to the students, the digital learning resources
stimulated learning in 7 different ways: (1) developing structured
assessment, (2) highlighting explicit reasoning processes, (3)
giving and receiving feedback, (4) situation-specific learning,

(5) communicative and physical learning, (6) individual
premises for learning, and (7) the theoretical foundation for
understanding the relationships between signs, symptoms, and
clinical situation. Figure 5 shows how the digital learning
resources contributed to student learning, both individually and
collectively.

Figure 5. Contribution of digital learning resources to student learning. MOOC: massive open online course.

In the following sections, each digital learning resource and its
influence on the learning process are presented. Students’ own
voices, in the form of quotations, are included in Textbox 1 to

substantiate the data analyses. The content of the suite of
mLearning tools is then presented.
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Textbox 1. Students’ quotations related to the evaluation and testing of digital learning resources; these quotes substantiate concept mapping and data
analysis.

• The digital simulation with virtual patients:

• Student 13 workshop (WS) 1: “I believe that this (digital simulation) will be very attractive for the students, it’s a really cool way to learn
and the students might be more motivated to learn anatomy and physiology, rather than sitting for six to seven hours listening to a lecture,
which is really exhausting”

• Student 17 WS 2: “There is always something that goes wrong. Then you have the opportunity to pause the simulation and review what you
missed or what you did wrong. Luckily it is a fictive patient but you learn in what order you should do things”

• Student 8 WS 1: “We get the opportunity to meet someone really ill in a totally safe environment”

• The Massive Open Online Course

• Student 15 WS 3: “If the solution of the case is a stroke diagnosis and you didn’t think of that, then there are obviously some really important
cues that you missed”

• Multimedia learning materials

• Student 14 WS 3: “It is really important to show the reasoning processes—it’s not important what the conclusion is but just to show the
reasoning processes”

• Student 11 WS 2: “It would be perfect if lectures were available online. If you don’t understand certain things and you are afraid to ask in
the classroom, then you can just rewind and look at the material that is difficult to understand. You can also have the textbook beside you
to try to figure it out”

• Student 2 WS 2: “In order to recognize potential symptoms of a disease, you must know the normal body functions. Then you must know
what to listen for—you cannot just listen to the lungs without knowing. It requires fundamental theoretical knowledge”

• Additional learning materials

• Student 7 WS 3: “I would rather use my time and effort on something that gives me feedback on or an indication of my knowledge base,
than on academic assignments in clinical rotation where I never get any feedback at all”

• Student 15 WS 3: “There is something about being conscious regarding one’s own feedback to other people. To be conscious about what
word you use and how to give constructive feedback—and we will have to do that when we become supervisors for nursing students later”

• General design features for better end user experience

• Student 11 WS 1: “A multimedia learning resource is an extremely effective learning tool within some courses—it is all about experimenting
and finding out what works. But a well-designed digital learning resource can help to show how different knowledge is intertwined”

Digital Simulation With Virtual Patients
In general, all the students were excited about the digital
simulation and the possibilities that this learning resource could
offer for skills and knowledge development. The first-year
students discussed how digital simulation could enhance their
learning of human bioscience knowledge and the ability to
connect it with other topics in nursing education. The second-
and third-year students highlighted its usefulness related to the
development of communication and clinical reasoning skills,
as they learned to prioritize nursing interventions and focus on
performing B-PASs. The nursing students also elaborated on
their physical reactions in the situation. The sounds from the
patient (eg, moaning in pain) and instruments (eg, changes in
vital signs) made the students feel stressed, as they would have
in a real patient situation. With this authenticity, the students
felt that the digital simulation with virtual patients would
contribute to physical and mentally preparedness for clinical
rotation. The use of English in the digital simulation software
created some challenges for most of the students; as such, they
highlighted the value of working in their native language with
regard to improving learning outcomes and the overall user
experience.

After testing the digital simulation between WSs 1 and 2, the
students emphasized the benefits of working together in a group
rather than working with the virtual patient cases individually.
The students also described how faculty was important when
working in a group in the digital simulation sessions, with regard
to promoting a safe learning environment, facilitating knowledge
development, and collaborating within the group. The safe
learning environment was viewed as a prerequisite for students’
reflections in action and on action, influencing each other’s
learning processes by making it safe to actively participate in
a discussion with one’s peers.

Another important factor in the digital simulation was the
opportunity to learn from making incorrect or suboptimal
decisions without harming a real patient during the simulation.
To enhance this learning outcome, the process of reflection
during the simulation session and in the debriefing phase were
crucial to understanding what went wrong. Through the digital
simulation, the students also learned the importance of
performing structured physical assessments; this included
learning where to start gathering data for a thorough overview
of the patient situation to initiate nursing interventions.
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The nursing students also stressed that the digital simulation
with virtual patients used in combination with theoretical classes
and during clinical rotation periods might be a beneficial
pedagogical strategy to enhance learning, especially in
theoretical classes involving human bioscience knowledge.
Some of the students in all 3 cohorts drew parallels to gaming
experiences and discussed ways these may be helpful in the use
of the digital simulation.

The MOOC
The structure of the 5 modules included in the MOOC appealed
to the students. They found that elder care or community health
care was the primary focus and suggested that the MOOC was
best suited to the curriculum in the first and third years (in the
Norwegian context). As some of the assignments were built on
one specific clinical case, the students felt that a broader
selection of cases would provide better knowledge development.
The second- and third-year students especially liked how
communication skills were emphasized in the MOOC. In their
opinion, focusing on communication skills is as important as
focusing on technical skills during clinical rotation. The nature
of the assignments, such as listening to audio files, appealed to
the second- and third-year students. Some of the assignments
also required that they categorize patient data into objective or
subjective data. In this manner, the MOOC supported students’
learning regarding the value of working in a structured way
when prioritizing data collection in clinical cases. Moreover,
the clinical cases supported the cognitive processes involved in
catching the cues, and for students, this was an important
learning outcome of the MOOC.

Multimedia Learning Materials
The multimedia materials included video lectures, instruction
videos, and a podcast. The students highlighted that the use of
these learning materials supported different clinical situations,
enabling them to selectively choose specific learning material
before performing B-PASs with the patient. According to the
students, this type of learning material can contribute to both
knowledge development and self-efficacy. They found it helpful
to have the learning outcomes clearly stated regarding the
expected level of B-PAS performance. Students also valued the
podcast format, which could be used to discuss clinical cases
showing experienced nurses’ clinical reasoning processes in
action.

The students valued the functional possibilities offered by the
multimedia materials, for example, they could pause the audio
files to familiarize themselves with difficult concepts and then
replay the audio files as often as necessary. Here, the
auscultation skills were highlighted as especially challenging,
particularly relating to the interpretation of lung and heart
sounds. The students also suggested that the features in the
multimedia materials could be simple animations, not
necessarily actual patients, as the students have access to real
patients during clinical rotation. Although they thought the use
of animations instead of actual patients might contribute to a
better understanding of the connection between human
biosciences and the clinical situation, the students highlighted
that the learning materials must be of high (sound and picture)
quality.

Additional Learning Materials
The students found it helpful to include additional learning
materials aimed at supporting knowledge transfer in and
development of the suite of mLearning tools. This additional
content consisted of tests with multiple-choice questions
(MCQs), several clinical cases to choose among, and written
assignments. The students also emphasized the inclusion of
clearly stated learning outcomes related to this additional
material, making it easier to understand the value of engaging
with the learning material. They felt this could also contribute
to knowledge development and self-efficacy. The students
wanted access to the correct answers for the MCQ tests and the
possible solutions for the clinical cases: they argued that this
type of immediate feedback could help them understand their
own level of performance and identify knowledge gaps. The
students also suggested that it was important, for purposes of
motivation and self-efficacy, to receive the results or feedback
visually—perhaps with audio animation or a pop-up effect.

The students gave suggestions regarding how to structure this
part of the suite of mLearning tools in a way that would trigger
their curiosity and motivation to learn more. One suggestion
was that correct answers in MCQ tests or clinical cases could
unlock further advanced learning material. The students
welcomed a written assignment targeting reflection on using
the B-PAS during clinical rotation, preferably with a peer
review; they felt that this would also provide them with
experience in providing critical and constructive feedback. They
did not want open peer review but preferred anonymity because
of the different relationships between students and their own
insecurities regarding giving peer feedback.

General Design Features for Better End User
Experience
One important element of the co-design processes concerns the
general design features that emerged from the WS discussions.
The students emphasized that the suite of mLearning tools had
to be easily accessible, have a logic structure, be compatible
with smartphones, and be usable on the go. Students highlighted
the importance and possibilities of linking the suite of
mLearning tools to other relevant web-based resources. The
second- and third-year students recommended limited access
for first-year students to avoid overwhelming them with too
much information. One solution that they suggested was to
design a lock in the structure of the suite of mLearning tools
that could be unlocked by the most motivated first-year students
who are eager to learn more. It was also important for the
students to have the possibility of being anonymous or to use
avatars if the use of the tool was visible to other students.

The Suite of mLearning Tools Recommended From
the Co-Design WSs
The co-design processes included all selected digital learning
resources in the suite of mLearning tools aiming to support the
B-PAS and knowledge development. The LMS of the university
was used to structure the suite of mLearning tools, which
enabled the students to access digital learning resources by using
mobile devices. Table 2 provides an overview of the content
available to the students and a short description of the different
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digital resources. The content in the LMS had no fixed order,
enabling students to access the content in which they were
specifically interested. The co-design processes and the
longitudinal research design allowed students to test and
evaluate the selected digital resources when in different learning
contexts, for example, in an academic context and in a clinical
rotation context. In such cases, the student expressed that this
suite of mLearning tools and the future use of mobile technology
may have teaching and learning value in both theoretical and
practical courses—a valuable educational component during
challenging situations such as the current COVID-19 pandemic.

There was a small difference in what was planned for the
first-year students to have access to. The written assignment
was included for all years, but the element of peer review was
excluded for the first-year students based on an assessment
made by the older students and the research group. As none of
the first-year students were able to attend the final WS, there
was no opportunity to discuss with them the potential advantages
or disadvantages of peer review. According to the second- and
third-year students, the main strength of the suite of mLearning
tools was that it offered different types of digital learning
resources from which to choose. Thus, these students found it
useful to include all of the selected and evaluated digital learning
resources in the suite of mLearning tools.

Table 2. Overview of the structure and content of the suite of mobile learning tools in the learning management system.

Elaboration of the contentDifferent digital learning re-
sources

A short description of the digital simulation program, information about the sessions, and the virtual patient cases on
which students can work. Also included are log-in details and information about whom to contact if there are problems
with the log-in

A brief description of the MOOCa and recommendation for which modules students should focus on, depending on
which educational year they belong to. The students also find details here regarding the log-in process

Detailed information about auscultation skills, divided into 2 sections: (1) lung sounds and (2) heart sounds. Each section
contains links to YouTube videos and audio files with different sounds to which students may listen

A total of 5 instruction videos with a nurse performing B-PASsb on a patient. Each video has a specific focus: the heart
and peripheral circulation, the respiratory system, the abdomen, the neurological assessment, and recording vital signs.
The duration of the videos is from 7:37 to 15:51 min

A total of 4 video lectures in which each video has a specific focus: the heart and peripheral circulation, the respiratory
system, the abdomen, and the neurological assessment. The duration of the videos is from 13:13 to 32:55 min

• Two nurses (faculty members) talk about the origin of the physical assessment in nursing education and the differ-

ences between performing B-PASs as a RNc or as a nurse practitioner
• A conversation between the faculty members and 2 newly graduated RNs, focused on working with B-PASs

throughout the 3-year nursing program, and how they work with B-PASs as new RNs

Brief information about how to structure professional communication about data gathered by mapping the patient health
condition through the use of different communication tools and how to use these tools during clinical rotation

Information about how to structure the professional documentation of the information gathered through mapping the
patient health condition by using B-PASs in the different documentation systems used in clinical practice

MCQd aiming to support students’ knowledge, to repeat and refresh bioscience knowledge, and to identify knowledge
gaps

Description of a written assignment targeting reflection on the use of B-PASs. Feedback is given by fellow students (a
peer review for the second- and third-year students) in which all parties are anonymous

Checklists summarizing the elements of every focus in B-PASs (eg, respiratory system and neurological assessment).
Can also be used when students use B-PASs in clinical rotation

aMOOC: massive open online course.
bB-PAS: basic physical assessment skill.
cRN: registered nurse.
dMCQ: multiple-choice question.

Discussion

Principal Findings
This study explored the use of the participatory design method
to co-design a suite of mLearning tools specifically aimed at
supporting the learning and performance of B-PASs and

integration of human bioscience knowledge. As such, this study
expands the use of mLearning with its explicit focus on the
learning and application of practical skills, thus contributing to
a better understanding of how different digital learning
resources, individually and collectively, influence students’
learning and application of skills in nursing education.
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The Contribution of Digital Learning Resources to
Enhance Learning of Skills and Knowledge
The most important findings of this study are regarding how
the digital learning resources in the suite of mLearning tools
enhanced learning processes related to specific categories of
skills and knowledge. The digital learning resources stimulated
the learning and application of B-PASs from a multidimensional
perspective: from physical (motor) learning to the articulation
of integrated theoretical knowledge and the enhancement of
context-specific learning processes (Figure 5). Access to the
suite of mLearning tools appears to have impacted the
development of self-efficacy related to B-PASs in nursing
students. As such, the students might perform B-PASs more
frequently, and perhaps better, while also applying human
bioscience knowledge in clinical reasoning processes. This is
in line with other studies showing that students value access to
different kinds of mobile resources to support and enhance
learning [6,8,30,33-35]. The results of this study are also
interesting, as although nursing students already use a variety
of mobile apps—for example, drug calculators, medical
dictionaries, handbooks, and clinical skills guides [6,8,33]—our
suite of mLearning tools still seems to have added value.
Nevertheless, there is a need for further exploration of how
mLearning should be implemented across the nursing
curriculum; this could be done by critically exploring which
learning processes mLearning aims to support. Although
mLearning alone might not be the best educational strategy in
nursing education, in combination with other activities, it might
represent a good educational approach [17,23].

Digital simulation with virtual patients was the preferred
learning resource by students. The students not only valued the
possibility of a new and innovative learning activity that the
digital simulation offered but also highlighted that the
involvement of faculty was crucial to facilitate good learning
processes in this context. This facilitation role also involved
creating a safe environment that allowed reflection in and on
actions during the simulation session. The role of facilitation
in digital simulation with a focus on B-PASs, both for the
teacher and the preceptor, needs to be further developed.
Although digital simulation as a part of the suite of mLearning
tools is an individual learning activity, it also seems to be
important to plan the digital simulation as a group activity to
increase the learning outcome. As we have shown earlier and,
in this study, because of a lack of adequate supervision with
regard to B-PASs [17], the suite of mLearning tools plays an
important role in supporting the learning and development of
these skills and knowledge. Research shows that digital
simulation alone can strengthen self-efficacy, performance of
clinical skills, decision making [28], clinical reasoning processes
[35,36], and nontechnical skills [37] of students. This indicates
that including digital simulation with virtual patients contributes
to better learning of skills, and that reflection contributes to the
articulation of human bioscience knowledge, promoting clinical
reasoning skills.

Supporting Knowledge Transfer Between Different
Learning Contexts for Skills Training
Another interesting finding of this study is how the co-design
processes and the WS discussions revealed in what way digital
learning resources can support knowledge transfer between
different learning contexts. The suite of mLearning tools seemed
to contribute to more seamless learning processes and thereby
contributed to bridging the theory-practice gap in nursing,
creating a more self-directed learning space for nursing students.

Lewin et al [37] argue that technology changes the boundaries
of different types of learning (formal and informal) and learning
spaces. This opens new ways to connect and combine different
learning sites in higher education. As such, collaboration
between universities and clinical settings may promote the
creation of new knowledge and learning spaces, in which these
institutions are equal partners in influencing learning and
competence development in students. Chan et al [38] have
termed this seamless learning: seamless learning processes
enable students to navigate between different spaces and
different roles, and to interact with different educational
practices—for example, the university, the clinical setting, and
the suite of mLearning tools [38]. As such, the suite of
mLearning tools can promote transferability between learning
contexts in nursing education. Therefore, further development
and implementation should occur in close collaboration with
students, the university, and the clinical setting.

However, the implementation of new and innovative teaching
and learning strategies, such as the suite of mLearning tools,
can face obstacles in both university and clinical settings. It is
important for these obstacles to be identified and addressed to
best support student learning. Attitudes of nursing staff, patients,
and patients’ families toward the use of mobile devices may
hinder their use of these devices [8,30,33,39]. The nursing
students in our study reported similar experiences. It was also
important for the students to be able to access the learning
materials anywhere, at any time. Hsu and Hsiang [6] recommend
that mLearning should support offline activity to secure a better
end user experience. Taking this into consideration when
designing and using a suite of mLearning tools in nursing
education might enhance students’ experience of mobile
technology as a pedagogical approach. This also highlights the
importance of continuing to explore how mobile technology
can be successfully implemented and support the teaching role
of the faculty and the preceptors.

Limitations
This study has several limitations that must be noted. The
first-year students were absent in WS 3, which limited the
opportunity to discuss with them the structure and the final
content of the suite of mLearning tools. This needs to be
explored in future studies. In addition, the students participating
in this study might not necessarily represent the diversity of the
university’s student population but rather those motivated
students with the ability to participate in extracurricular
activities. The use of the suite of mLearning tools should be
tested by the entire student population to explore this further.
Finally, the focus of the study was on the experience of the
students with mLearning, not the perspectives of the faculty or
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preceptors, representing another limitation that should be
addressed through future research.

Comparison With Previous Work
The longitudinal design in this study offered opportunities to
assess the different digital learning resources in 2 contexts: the
university and clinical rotation. This process also strengthened
the authenticity and the here and now experiences in the
processes of assessing the feasibility and benefits of learning
resources. O’Connor and Andrews [11] have shown the benefits
of using a co-design approach with nursing students when
designing an educational app supporting clinical skills in general
and not specifically for B-PASs. Previous research in the field
of mLearning related to PAS has only tested 1 app without
involving students in the development process [6], whereas
other studies have only focused on a single digital learning
resource [24,26,28]. In contrast, this study explores multiple
digital learning resources with high student involvement and
identified the different impacts on students’ learning. The
literature also highlights the need to reassess the educational
strategies used to teach PASs to ensure that these skills are
applied in a clinical setting [17,40,41].

Conclusions
Students valued the invitation and opportunity to collaborate in
co-design processes, thereby influencing the nursing education
content. The longitudinal research design structuring the
collaboration with students was essential to understanding what
works and in which context. The nursing students viewed the
suite of mLearning tools as beneficial for supporting B-PAS
learning and their application during clinical rotation. Our
findings indicate that one of the strengths of the suite of
mLearning tools was its inclusion of all the different digital
resources tested by the students; this variety in content met the
different learning preferences and needs, enhancing B-PAS
learning and human bioscience knowledge of the students.
Therefore, the suite of mLearning tools may be a beneficial
additional pedagogical strategy that supports knowledge and
skills transfer between academic and clinical settings. Further
studies are needed to explore different perspectives related to
the use of mobile technology and mLearning (ie, faculty and
preceptors), pedagogical strategies, and scaffolding learning
material to better understand how mLearning can be used in
nursing education.
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Abstract

Background: Integrated care can generate health and social care efficiencies through the defragmentation of care and adoption
of patient-centered preventive models. eHealth can be a key enabling technology for integrated care.

Objective: The aim of this study was to assess the effectiveness and cost-effectiveness of the implementation of a mobile health
(mHealth)-enabled integrated care model for complex chronic patients.

Methods: As part of the CONNECARE Horizon 2020 project, a prospective, pragmatic, two-arm, parallel implementation trial
was held in a rural region of Catalonia, Spain. During 3 months, elderly patients with chronic obstructive pulmonary disease or
heart failure and their carers experienced the combined benefits of the CONNECARE organizational integrated care model and
the eHealth platform supporting it, consisting of a patient self-management app, a set of integrated sensors, and a web-based
platform connecting professionals from different settings, or usual care. We assessed changes in health status with the 12-Item
Short-Form Survey (SF-12), unplanned visits and admissions during a 6-month follow up, and the incremental cost-effectiveness
ratio (ICER).

Results: A total of 48 patients were included in the integrated care arm and 28 patients receiving usual care were included in
the control arm (mean age 82 years, SD 7 years; mean Charlson index 7, SD 2). Integrated care patients showed a significant
increase in the SF-12 physical domain with a mean change of +3.7 (SD 8.4) (P=.004) and total SF-12 score with a mean change
of +5.8 (SD 12.8) (P=.003); however, the differences in differences between groups were not statistically significant. Integrated
care patients had 57% less unplanned visits (P=.004) and 50% less hospital admissions related to their main chronic diseases
(P=.32). The integrated care program generated savings in different cost scenarios and the ICER demonstrated the cost-effectiveness
of the program.

Conclusions: The implementation of a patient-centered mHealth-enabled integrated care model empowering the patient, and
connecting primary, hospital, and social care professionals reduced unplanned contacts with the health system and health costs,
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and was cost-effective. These findings support the notion of system-wide cross-organizational care pathways supported by mHealth
as a successful way to implement integrated care.

(JMIR Mhealth Uhealth 2021;9(1):e22135)   doi:10.2196/22135

KEYWORDS

chronic disease; cost-benefit analysis; delivery of health care, integrated; mHealth; eHealth; quality of life

Introduction

The last decades have led to rapidly aging populations and an
increased burden of chronic diseases [1]. In this scenario, health
and social care providers struggle to contain costs while
providing an adequate response to the population’s care needs.
Traditional care models suffer from care fragmentation. That
is, the different care settings fail to communicate with each
other effectively, and patients have to undergo repeated tests
and changes in prescribed drugs, ultimately prompting feelings
of starting anew after every transition [2]. Additionally, the
focus is still on the diseases rather than on the patients, which
leaves patients and their carers as passive actors [2]. Therefore,
there is a need for a profound redesign of how care is provided
to elderly patients with chronic conditions to ensure quality and
sustainability [3]. Integrated care models aim to generate health
and social care efficiencies through the defragmentation of care,
promotion of collaboration and continuity of care across settings,
adoption of patient-centered models, and prioritization of
preventive models [4]. However, few of these models have
attempted to and succeeded in simultaneously tackling all of
the above-mentioned measures [4]. eHealth and mobile health
(mHealth) can be the key enabling technologies allowing for
such a paradigm shift [5].

The Personalised Connected Care for Complex Chronic Patients
(CONNECARE) project is a Horizon 2020 European Union
Research and Innovation project aiming to co-design, develop,
deploy, and evaluate a novel smart and adaptive organizational
integrated care model for complex chronic patients (CCP) [6].
From April 2016 to December 2019, the project successfully
co-designed, by means of an iterative patient-centered process
involving patients and stakeholders across different health
settings, an organizational model for integrated care and an
eHealth platform to support the model. The integrated care
model promotes collaboration among professionals of different
care settings (family physicians, hospital specialists, and social
workers), prioritizes home-based prevention over institutional
reactive care, and fosters patient empowerment. The use of a
web-based platform offers a cross-setting web-based Smart
Adaptive Case Management (SACM) system for professionals,
and an mHealth self-management system with three-level
monitoring features allowing for patient empowerment.

As part of the CONNECARE project, a novel mHealth-enabled
integrated care model was implemented in Lleida, Spain. The
existing care model in Lleida is limited by the scarce
communication between professionals of different care settings,
with different electronic medical record (EMR) systems in
hospitals and primary care centers (Argos SAP and ECAP [7],
respectively), and patients playing a passive role throughout
the care path. We here describe the results of the implementation

of an mHealth-enabled integrated care model for the
community-based prevention of unplanned hospital-related
events in CCP with a high risk for hospitalization.

Methods

Study Design
This was a prospective, pragmatic, two-arm, parallel
implementation trial comparing care as usual to a 3-month
mHealth-enabled integrated care intervention. The study was
conducted from July 2018 to August 2019 in Lleida, which is

a large rural area of over 4300 km2, including two tertiary
hospitals (University Hospital Arnau de Vilanova and University
Hospital Santa Maria) and a network of 23 primary care centers
spread across the whole territory, providing service to 400,000
citizens.

Target Population
Home-dwelling patients with chronic conditions and a history
of hospitalizations were recruited for this study. The eligibility
criteria were aged ≥55 years; admitted to hospital for a
respiratory or cardiovascular event (ie, chronic obstructive
pulmonary disease exacerbation or heart failure
decompensation); living at home and discharged back to the
community; no dementia or cognitive impairment (Global
Deterioration Scale score < 5 [8]); Length, Acuity,
Comorbidities and Emergency score > 7 [9]; and passing a basic
technological test assessing home connectivity and patients’ or
carers’ competences with the use of technology. The basic
technological test is shown in Multimedia Appendix 1.

Recruitment
Patients were recruited during an unanticipated admission to
the hospital through the emergency room (ER). They were
identified based on EMR data and were contacted by a case
manager before discharge. After the recruitment of patients to
the intervention arm, an active search for a matched control
with similar characteristics began. All patients and their carers,
regardless of study arm, received a face-to-face explanation
about the study.

Intervention
Patients in the intervention arm experienced an integrated care
model, including (i) preliminary assessment of the patient’s
health status using several questionnaires, tests, and indices
specific to their main chronic diseases and social needs; (ii) a
self-management app, with status and performance reports, a
virtual coach with customizable automated feedback, and full
communication with the care team; (iii) a Fitbit Flex 2 digital
activity tracker [10] and any additional sensor deemed necessary
by the care team [11], including a digital pulse-oximeter, digital
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scale, and digital blood pressure monitor, that were fully
integrated into the self-management app; (iv) a patient profile
in the SACM web-based platform, accessible to all members
of the care team (family physicians, hospital specialists, and
social workers), that was used for coordination and
communication among professionals in the different settings,
and to contact the patient when needed; and (v) assignment of
a case manager in charge of supervising the whole process and
serving as the main patient contact point. Additional details on
the CONNECARE integrated care model and the supporting
eHealth platform can be found in Multimedia Appendix 1.
Patients in the control arm experienced care as usual, managed
from primary care. After discharge from the initial 90 days of
usual care for integrated care management, all patients were
passively followed up for an additional 3 months.

Data Collection
Variables characterizing the patients were collected at
recruitment using the SACM in tablet or desktop computers,
including age, sex, main chronic disease(s), Charlson index of
comorbidities [12], quality of life (QoL) as measured by the
12-Item Short-Form Survey (SF-12) [13], Barthel index for
Activities of Daily Living [14], Hospital Anxiety and Depression
scale [15], assessment of dwelling characteristics, main
medications, Pfeiffer mental status questionnaire [16], and
tobacco and alcohol consumption. The main outcomes were:
(i) intervention effectiveness, as measured by the changes in
the SF-12 health questionnaire’s physical and mental domains
(baseline vs discharge); (ii) use of health care resources after 6
months, and estimated associated costs based on Catalan Health
Department official data [17]; and (iii) cost-effectiveness, based
on the improvement in QoL relative to costs, assessed by means
of the incremental cost-effectiveness ratio (ICER); all costs are
described in US $ (conversion factor: 1 € = 1.21 US $).
Additional details on cost estimations are described in
Multimedia Appendix 1. The use of health care resources was
collected from EMRs, which included hospital admissions, ER

visits, visits to primary care, and visits to hospital specialists.
Additionally, each admission or visit was assessed regarding
its relation to the patient’s chronic diseases as a binary variable
(related or unrelated).

Statistical Analyses
Participants’ baseline characteristics are summarized as n (%),
mean (SD), or median (IQR) as appropriate. Comparisons
between baseline characteristics of patients in the integrated

care and control groups were performed using the χ2 test, t test,
or Kruskal-Wallis test, as appropriate. A paired t test was used
to compare baseline to discharge values with respect to the
SF-12 domains. Linear regression models were used to assess
differences in the changes experienced by patients in the two
groups. Negative binomial regression models were used to
assess differences in the number of visits and admissions.
Models were adjusted by age, sex, and Charlson comorbidity
index. The ICER was calculated in relation to the SF-12 total
score in three different scenarios: 100%, 150%, and 200%
estimated cost of the integrated care program. Data analyses
were conducted using Stata version 12.1 (StataCorp, College
Station, TX, USA). The threshold for significance was P<.05.

Ethical Considerations
This study was approved by Ethics Committee of Hospital Arnau
de Vilanova (CEIC-1685) and all patients provided written
informed consent. All collected data were handled and stored
in accordance with current national and international legislation.

Results

Up to 112 patients were screened for eligibility. After excluding
patients not meeting the inclusion criteria, 52 patients were
recruited for the mHealth-enabled integrated care arm and 35
patients were recruited for the usual care arm. Final analyses
were based on 48 integrated care and 28 control patients
completing the follow up (Figure 1).

Figure 1. Study flowchart. EMR: electronic medical record.
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The patients’ baseline characteristics are shown in Table 1.
There were no significant differences in mean age or Charlson

index between the patients in the two arms.

Table 1. Baseline characteristics of patients in the usual care and integrated care (IC) arms.

P valueaIC (n=48)Usual care (n=28)Characteristic

.3724 (50)17 (61)Sex (male), n (%)

.8882 (7)82 (8)Age (years), mean (SD)

.156.7 (2.0)7.4 (2.1)Charlson score, mean (SD)

.3814 (12-17)15 (13-17)LACEb score, median (IQR)

.4090 (67.5-100)90 (72.5-95)Barthel score, median (IQR)

.444.3 (2.7)4.9 (3.5)HADc anxiety score, mean (SD)

.955.7 (2.3)5.6 (2.9)HAD depression score, mean (SD)

.6737 (77)21 (75)Pfeiffer intact intellectual functioning, n (%)

.2544 (92)27 (96)GDSd, no cognitive decline, n (%)

aχ2 test, t test, or Kruskal-Wallis equality-of-populations rank test, as appropriate.
bLACE: Length, Acuity, Comorbidities, and Emergency score.
cHAD: Hospital Anxiety and Depression scale.
dGDS: Global Deterioration Scale.

Table 2 shows the changes in QoL (SF-12 domains) from
baseline to discharge. Patients in the integrated care arm showed
a significant increase in the SF-12 physical domain and total

SF-12 scores. The differences in QoL between integrated care
and control patients favored the integrated care patients but did
not achieve statistical significance.

Table 2. Changes in health status in the usual care and integrated care arms.

P valuebChange, mean (SD)Discharge, mean (SD)Baseline, mean (SD)SF-12a score

Physical

.16+2.0 (7.5)31.6 (9.0)29.6 (8.3)Usual care

.004+3.7 (8.4)32.7 (9.4)29.0 (7.3)Integrated care

.21+1.7 (2.9)+1.1 (2.0)–0.6 (2.0)Difference

Mental

.59–1.2 (11.9)45.8 (15.5)47.0 (13.5)Usual care

.21+2.0 (11.2)53.9 (11.5)51.8 (9.9)Integrated care

.10+5.0 (5.2)+9.2 (3.7)+4.2 (3.7)Difference

Total

.77+0.8 (14.7)77.4 (20.5)76.6 (13.9)Usual care

.003+5.8 (12.8)86.6 (16.3)80.8 (11.9)Integrated care

.10+5.0 (5.2)+9.2 (3.7)+4.2 (3.7)Difference

aSF-12: 12-Item Short-Form Survey.
bPaired t test comparing baseline and discharge measures; linear regression predicting the difference on baseline and discharge measures according to
intervention arm, adjusted by age, sex, and Charlson index.

Table 3 shows that integrated care patients had 57% less
unplanned visits, representing a significant difference. Integrated
care patients also experienced a 50% reduction in hospital

admissions related to their main chronic diseases, although this
difference was not statistically significant.
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Table 3. Total use of health services during the follow-up period.

Adjusted P valuebP valueaIntegrated care (n=48),
mean (SD)

Usual care (n=28), mean
(SD)

Health service

.004.0011.0 (1.1)2.3 (3.1)All unplanned visits

.04.010.4 (0.6)0.9 (1.2)Unplanned visits related to chronic disease

.50.350.4 (0.6)0.5 (0.8)All hospital admissions

.32.180.2 (0.5)0.4 (0.7)Hospital admissions related to chronic
disease

aNegative binomial regression model.
bNegative binomial regression model adjusted by age, sex, and Charlson comorbidity index.

The results for the within trial costs and cost-effectiveness
analyses for all unplanned visits and hospital admissions are
shown in Table 4, and those for unplanned visits and hospital
admissions related to the patient’s main chronic diseases are
shown in Table S1 of Multimedia Appendix 1. The integrated

care program generated savings from US $584 to $1434 per
patient, depending on the scenarios. The integrated care program
was cost-effective according to the ICER, performing better in
terms of QoL while reducing overall expenses.

Table 4. Within trial costs (average cost per patient) and cost-effectiveness considering all unplanned visits and hospital admissions in three integrated
care (IC) program cost scenarios.

ICERaDifferenceIC (n=48), US $Usual care (n=28), US $Related cost

N/Ac–95.6078.02173.62Unplanned visitsb

N/A–665.792404.153069.94Hospital admissionsb

N/A–761.392482.173243.56Total medical costs per patient

Scenario 1: 100% IC program costs

N/A85.9285.920CONNECARE program

–135.64–675.472568.093243.56Total costs per patient

Scenario 2: 150% IC program costs

N/A128.89128.890CONNECARE program

–127.01–632.502611.063243.56Total costs per patient

Scenario 3: 200% IC program costs

171.84171.840CONNECARE program

–118.39–589.552654.013243.56Total costs per patient

aICER: incremental cost-effectiveness ratio; incremental cost associated with 1 additional point gain in 12-Item Short-Form Survey (SF-12).
bCosts based on the Catalan Institute of Health official pricing (CVE-DOGC-A-13051031-2013).
cN/A: not applicable.

Discussion

Principal Results
The prospective assessment of the implementation of an
mHealth-enabled integrated care program for CCP management
showed a reduction in the number of unplanned contacts with
the health system, generated substantial savings for the health
system without having any negative impact on QoL or clinical
outcomes, and demonstrated cost-effectiveness.

Strengths and Limitations
A key strength of this study was the effort to involve, from the
very beginning, all of the stakeholders from different
organizations that would be actors in a large-scale deployment
of the mHealth-enabled integrated care program. This is
especially relevant as the lack of cooperation between

organizations, teams, or professions is a recurrent barrier toward
the implementation of integrated care [4]. Other relevant
strengths included: (i) the involvement of informal carers in the
integrated care process, as close relatives of patients are usually
the link between the patients and the health system, and such
informal carers were key for facilitating the use of the
self-management app in patients with a mean age over 80 years;
(ii) the use of a self-management app (including a virtual coach
with customizable automated feedback, full communication
with the care team, and active monitoring), as such apps can
significantly enhance doctor-patient relationships [18] and detect
worsening in patient conditions or frailty [19]; (iii) the
promotion and assessment of patients’ physical activity, as
mobility impairment is found in one third of people over 65
years [20]; (iii) the implementation region, a large rural area of

over 4300 km2, which can benefit the most from
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community-based integrated care initiatives that preclude
unnecessary travels to the hospital; and (iv) the prospective
study design.

In terms of limitations, although the organizational model did
not experience substantial changes throughout the
implementation period, the supporting technological platform
was in a permanent process of refinement and addition of new
functionalities. This implied that the integrated care experience
was richer in patients who were recruited near the end of the
implementation study compared with that of patients recruited
at the very beginning. Similarly, this had a considerable impact
on the health care professionals, who had to cope with a platform
in constant development and that was not fully integrated with
the existing EMR. However, directly participating in a dynamic
development and implementation process allowed the
professionals to feel engaged and propose changes, and for new
features to be developed, which ultimately resulted in not a
single professional dropping out of the implementation study.
Other limitations were: (i) the relatively small number of patients
involved in this first phase of the deployment, which ultimately
affected statistical power; (ii) the assumptions held while
determining the costs of the mHealth-enabled integrated care
program intervention, as well as the lack of assessment of
indirect (societal) savings; and (iii) the strategy of centralizing
the entry points to the integrated care program in the hospital
(after ER admission), as it is important that system-wide
cross-organizational care pathways consider multiple entry
points [21]. In this regard, upcoming phases of the
implementation will consider additional entry points such as
the primary care centers.

Comparison With Existing Literature
The impact of the implementation of the integrated care model
was assessed in three domains: (i) patients’ QoL, (ii) use of
health services, and (iii) economics. In the first domain, QoL,
the integrated care model performed slightly better than usual
care, with positive differences-in-differences values but not
reaching statistical significance. This result is in line with a
2017 umbrella review concluding that integrated care
interventions showed mixed results in terms of improving
patients’ QoL [22]. In this sense, it must be noted that the short
duration of the implemented intervention (3 months) could have
limited its capacity to affect the overall QoL. Nevertheless, the
short duration did not preclude obtaining excellent results in
terms of the use of health services. The integrated care model
reduced the number of unplanned visits by 57% and the number
of hospital admissions related to the main chronic disease of
each patient by 50%. Half of the published reviews on integrated
care interventions between 2000 and 2015 reported significant
reductions in hospital activity, ranging from 15% to 50% [23].
This places the reported results for the integrated care program
within the top margin of positive results, and supports the notion
of system-wide cross-organizational care pathways as a
successful way to implement integrated care in contrast to

smaller and narrow interventions [2]. Finally, regarding the
economic impact, integrated care generated savings from US
$584 to $1434 per patient and was cost-effective. This is in line
with reviews stating the potential cost-effectiveness of integrated
care for the management of chronic diseases [24]. Our results
are also in line with savings found in other chronic diseases
such as diabetes mellitus (from –1508 to +299 Euro;
approximately US $–1809 to +359) or schizophrenia (from
–3860 to +614 Euro; approximately US $–4632 to 737) [25].

Implications for Research and Practice
The need for people-centered integrated care, capable of
providing an adequate response to the needs of growing
populations of older people with chronic conditions while
keeping costs sustainable, has been clearly stated by the World
Health Organization [26]. In the frame of the CONNECARE
project, an mHealth-enabled integrated care model was
co-designed through an iterative process that involved all of the
key stakeholders: patients, hospital and primary care medical
and technical staff, social carers, managers, developers, and
researchers. This coproduction multidisciplinary team had a
clear focus on the patient and was ready to consider system-wide
cross-organizational care pathways. The resulting
mHealth-enabled integrated care model was thus perfectly
aligned with the 2015 World Health Organization report on
aging and health [1], which states that care providers should
ensure that: (i) the assessment of individual
impairments/declines in capacity is used to inform the
development of a comprehensive care plan, and all domains are
assessed together; (ii) interventions encouraging physical
exercise are included in the care plans; and (iii) the presence of
any impairment/decline in capacity triggers actions for the
medical assessment of associated diseases. Moreover, we
identified key features to be included in successful integrated
care models for elder CCP: (i) the involvement of informal
caregivers, being key in the adoption of mHealth tools such as
self-management apps and sensors, and making the overall user
experience very satisfactory [27]; (ii) the enablement of a
common web-based platform for the coordination of care across
settings and patient follow up; and (iii) the enhancement of
communication channels for patients, which reduced the need
of face-to-face appointments for quick consultations or
questions. This latter aspect is especially relevant when patients
are depending on others for travel to the general practitioners’
offices or primary care centers.

Conclusion
The implementation of a patient-centered mHealth-enabled
integrated care model empowering patients and connecting
primary, hospital, and social care professionals reduced
unplanned contacts with the health system and health costs, and
was cost-effective. This supports the notion of system-wide
cross-organizational care pathways using mHealth tools as a
successful way to implement integrated care.
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Abstract

Background: Physical activity trackers such as the Fitbit can allow clinicians to monitor the recovery of their patients following
surgery. An important issue when analyzing activity tracker data is to determine patients’ daily compliance with wearing their
assigned device, using an appropriate criterion to determine a valid day of wear. However, it is currently unclear as to how
different criteria can affect the reported compliance of patients recovering from ambulatory surgery. Investigating this issue can
help to inform the use of activity data by revealing factors that may impact compliance calculations.

Objective: This study aimed to understand how using different criteria can affect the reported compliance with activity tracking
in ambulatory surgery patients. It also aimed to investigate factors that explain variation between the outcomes of different
compliance criteria.

Methods: A total of 62 patients who were scheduled to undergo total knee arthroplasty (TKA, ie, knee replacement) volunteered
to wear a commercial Fitbit Zip activity tracker over an 8-week perioperative period. Patients were asked to wear the Fitbit Zip
daily, beginning 2 weeks prior to their surgery and ending 6 weeks after surgery. Of the 62 patients who enrolled in the study,
20 provided Fitbit data and underwent successful surgery. The Fitbit data were analyzed using 5 different daily compliance
criteria, which consider patients as compliant with daily tracking if they either register >0 steps in a day, register >500 steps in
a day, register at least one step in 10 different hours of the day, register >0 steps in 3 distinct time windows, or register >0 steps
in 3 out of 4 six-hour time windows. The criteria were compared in terms of compliance outcomes produced for each patient.
Data were explored using heatmaps and line graphs. Linear mixed models were used to identify factors that lead to variation
between compliance outcomes across the sample.

Results: The 5 compliance criteria produce different outcomes when applied to the patients’data, with an average 24% difference
in reported compliance between the most lenient and strictest criteria. However, the extent to which each patient’s reported
compliance was impacted by different criteria was not uniform. Some individuals were relatively unaffected, whereas others
varied by up to 72%. Wearing the activity tracker as a clip-on device, rather than on the wrist, was associated with greater
differences between compliance outcomes at the individual level (P=.004, r=.616). This effect was statistically significant (P<.001)
in the first 2 weeks after surgery. There was also a small but significant main effect of age on compliance in the first 2 weeks
after surgery (P=.040). Gender and BMI were not associated with differences in individual compliance outcomes. Finally, the
analysis revealed that surgery has an impact on patients’ compliance, with noticeable reductions in activity following surgery.
These reductions affect compliance calculations by discarding greater amounts of data under strict criteria.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e22846 | p.371http://mhealth.jmir.org/2021/1/e22846/
(page number not for citation purposes)

Kelly et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:b.a.price@open.ac.uk
http://www.w3.org/Style/XSL
http://www.renderx.com/


Conclusions: This study suggests that different compliance criteria cannot be used interchangeably to analyze activity data
provided by TKA patients. Surgery leads to a temporary reduction in patients’ mobility, which affects their reported compliance
when strict thresholds are used. Reductions in mobility suggest that the use of lenient compliance criteria, such as >0 steps or
windowed approaches, can avoid unnecessary data exclusion over the perioperative period. Encouraging patients to wear the
device at their wrist may improve data quality by increasing the likelihood of patients wearing their tracker and ensuring that
activity is registered in the 2 weeks after surgery.

Trial Registration: ClinicalTrials.gov NCT03518866; https://clinicaltrials.gov/ct2/show/NCT03518866

(JMIR Mhealth Uhealth 2021;9(1):e22846)   doi:10.2196/22846

KEYWORDS

activity tracking; adherence; compliance; surgery; total knee arthroplasty

Introduction

Background
Commercial activity trackers hold great promise for enabling
clinicians to understand the physical activity of patients
following surgery. Devices such as Fitbit or Apple Smart Watch,
which typically present physical activity as a daily step count
[1-3], have been shown to provide clinically viable data that are
more accurate than patients’ self-reports [4,5]. In light of these
capabilities, researchers have explored how activity trackers
can help to monitor patient recovery, particularly in cases
involving ambulatory surgery [6,7], where early mobility is
thought to result in better outcomes [8].

A necessary precursor to determining a patient’s activity level
is compliance analysis [9,10]. The principal aim of compliance
analysis is to determine whether a patient provided reliable data
on any given day, within a defined tracking period. What counts
as reliable data is determined by setting a threshold for inclusion
and discarding data that do not meet the threshold. As an
example, a patient might be instructed to wear a tracking device
every day for a minimum of 8 hours and would be considered
compliant on days when the protocol was followed [9]. Any
noncompliant days are then excluded from the data set, ensuring
that only valid days are used in subsequent analyses [10].
Calculating each patient’s compliance helps to ensure the
validity, quality, and trustworthiness of activity tracking data
[10-13]. Compliance analysis also supports reliable inferences
based on the acquired data [14], including assessment of patient
recovery [15,16] and activity levels [17].

A crucial step in compliance analysis involves selecting an
appropriate criterion for data filtering. The literature harbors a
range of criteria that differ in terms of how they define a valid
day and hence filter data [10]. For example, quantity-based
measures filter data based on absolute step counts [18], whereas
time-based measures filter data based on criteria such as hours
of device wear per day [19]. Compliance criteria also vary in
their leniency. For instance, the criterion “>0 steps” considers
a day as valid if at least one step is recorded within a 24-hour
window [20]. Conversely, the criterion “≥10 hours” requires at
least one step to be registered in 10 distinct hours over the day
[21]. Problematically, the variety of available compliance criteria
can leave researchers unsure which to use when working with
activity data. It has also been shown that rates of data inclusion
change when different compliance criteria are used to analyze

an identical data set [10]. Strict criteria can often result in many
otherwise valid days being discarded [10]. These issues motivate
the need for researchers to investigate the impact of different
compliance criteria when analyzing activity data.

In this work, we investigate the effect of applying different
compliance criteria to activity data acquired from patients
undergoing ambulatory surgery. We focus on total knee
arthroplasty (TKA, ie, knee replacement) as it is a procedure
that relates directly to movement and physical functioning [22].
TKA often results in pain and swelling [23], causing temporary
reductions in mobility [24] that subside over time as
functionality returns to the joint [6,7]. Tracking TKA patients’
activity is therefore valuable to clinicians [25] and commercial
systems are being developed that help clinicians to monitor
patient recovery by collecting activity data [26]. However,
analyzing compliance in TKA patients is not straightforward
because these patients often have limited mobility following
surgery. Selecting an overly strict compliance criterion to filter
data may therefore result in the unnecessary exclusion of days,
simply because a patient was undergoing recovery. Moreover,
a patient could be compliant with device usage without
registering steps due to reduced mobility, leaving ambiguity as
to whether the lack of steps indicates that the device was not
worn or whether there was no movement. These issues point
toward a need to understand how different compliance criteria
can affect the analysis of activity data from TKA patients; how
compliance analyses should account for fluctuations in mobility
over the perioperative period; and how researchers should select
an appropriate criterion for analyzing activity data from TKA
patients, such that recorded data are not unnecessarily discarded
on the basis of a low step count.

Aims of This Study
This study aimed to understand the impact of applying 5
different compliance criteria to the activity tracking data of
TKA patients. We further sought to investigate causes of
variation in compliance outcomes through analysis of patients’
tracked data.

Methods

Setting
This study was a field study in which TKA patients were asked
to wear a commercial Fitbit Zip activity tracker (Fitbit, Inc.) to
record their everyday physical activity, in the form of step count,
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over an 8-week perioperative period. The perioperative period
comprised the 2 weeks before the patient’s surgery, the day of
surgery, and the 6-week postoperative period (57 days in total).
The study was conducted in the United Kingdom as part of a
planned clinical trial (Trial Registration No. NCT03518866)
that explored associations between early mobility and
patient-reported outcomes following TKA (not reported here).
The trial involved calculating each patient’s compliance with
wearing their assigned tracker. This task brought the effects of
different compliance criteria to our attention and motivated this
analysis.

Ethics and Recruitment
The study occurred over a 3-year period at the Open University
in collaboration with Milton Keynes University Hospital
(MKUH), a large public hospital in the United Kingdom. All
procedures received approval from the Open University’s
Human Research Ethics committee (ID:
HREC/2014/1635/Price/1), the R&D Department at MKUH,
and the NHS Health Research Authority London (Surrey
Borders Research Ethics Committee, Reference: 15/LO/0649).

Participants were recruited by the sixth author (OP), who
identified patients from the hospital’s elective orthopedic
operating list. Inclusion criteria were as follows: adults
undergoing TKA, ability to speak and understand conversational
English, no cognitive impairments (eg, dementia), and no
medical conditions unrelated to the individual’s surgery that
may affect pain levels or ability to participate (eg, severe
neurological disorder, acute cancer, psychiatric disorder, or
infections).

Patients who met the inclusion criteria were invited to participate
during an outpatient appointment with their consultant. An
information pack was provided for each patient to take away
and read (Multimedia Appendix 1). The pack contained an
overview of the study, a consent form, a prestudy questionnaire,
and the contact details of the researchers. A member of the
research team (BP or LS, see “Acknowledgments”) followed
up with the patient via telephone 1 week after their consultant
appointment. Those who indicated willingness to participate
were asked to bring the signed consent form and completed
questionnaire with them to a presurgery clinic.

Participants
A total of 62 patients volunteered for the study; 12 participants
were excluded from the study because their scheduled surgery
was canceled. A further 30 individuals were removed, either
due to technical issues related to the Fitbit or because they
withdrew from the study.

The final sample comprised 20 participants (7 men and 13
women) who underwent ambulatory surgery and provided Fitbit
data. The mean age of the participants was 64.5 years (SD 8.94;
range 37-76). All had mean hospital stays of 2 days (range 1-4
days) following their surgery. Preoperative health was assessed
using the ASA-PS (American Society of Anesthesiologists
Physical Status) classification [27]. One patient was ASA 1, 18
patients were ASA 2, and 1 patient was ASA 3. This is broadly
representative of typical comorbidities for a UK population
requiring TKA, who may also have arthritis in other joints [28].

Medication use was not assessed as its heterogeneity was not
thought to lend itself to analysis of physical activity following
TKA.

Materials and Data Collection Setup
Participants were provided with a commercial Fitbit Zip activity
tracker. This tracker was among the most popular commercial
activity trackers when our study began, and was chosen due to
its simplicity, high durability, and validity for capturing step
data [29-31]. Furthermore, the Fitbit Zip has a 90-day battery
life, avoiding the need for patients to charge the device (a known
contributor to noncompliance [32]).

Participants who took part before January 2017 (N=8) were
given the Fitbit Zip with a clip-on housing and were advised to
wear it on their clothing (eg, belt loop), waist band, or brassiere
strap. Some participants informally reported forgetting to unclip
the device from their clothing, so the remaining participants
(N=12) were given a plastic housing for the Zip that allowed
them to wear the tracker around their wrist.

To avoid the need for participants to manage the synchronization
of data collection from the Fitbit [19], a set of custom-made
‘Fitboxes’ was created by the research team. Each Fitbox was
designed to be plugged into a network port on the participant’s
home router. The Fitbox was a custom 3D-printed plastic box
containing a Fitbit wireless dongle attached to a Raspberry Pi
computer. The computer ran a Python script that used the Galileo
library [33] to capture data from the Fitbit without user
intervention. The computer scanned for the patient’s Fitbit every
10 minutes and synchronized the data to Fitbit’s cloud server
via Bluetooth. Data were then extracted from Fitbit’s service
for hosting on our own server.

Procedure
After each participant had consented to participate, a Fitbit Zip
and Fitbox were delivered to their home by postal mail, arriving
2 weeks prior to their scheduled surgery. The participant was
asked to plug the Fitbox into their internet router and begin
wearing the Fitbit immediately.

Participants were requested to wear the Fitbit for the following
8 weeks, including their scheduled date of surgery. The data
collection was periodically monitored by a member of the
research team (BP) to check if there were any technical issues.
In 2 cases a faulty Fitbox was replaced.

At the end of the 8-week period, participants were informed
that they could stop using the Fitbit and were asked to bring the
equipment to a scheduled appointment with their consultant.
Participants were thanked and debriefed about the purpose of
the research.

Data Analysis
Minute-by-minute step counts for each patient’s perioperative
period were acquired using the Fitbit API. The data were
analyzed using scripts that applied the 5 different compliance
criteria to each participant’s data to determine daily compliance
statistics. An average compliance outcome over the perioperative
period was then derived for each criterion, and for each
participant. The data were subsequently plotted using heatmaps
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and line graphs to investigate periods of the day in which
patients registered their steps. Statistical tests were performed
using JASP to explore factors that explain differences between
calculated rates of compliance. In this analysis, all data from
each participant were included as our aim was to explore
differences between rates of compliance under each criterion,
and how these differences impact data retention.

Compliance Criteria
The 5 compliance criteria in our study are listed in Table 1.
These criteria were chosen because they represent plausible
approaches to assessing compliance in TKA patients, and
because they have been used extensively in the literature on
activity tracking [10].

As Table 1 illustrates, each criterion defines a different threshold
for what counts as a valid day. The first 2, >0 steps and >500
steps, are quantity-based measures that assess compliance based
on absolute thresholds for step count. To be considered
compliant on a given day, a person must register either at least
one step or more than 500 steps, respectively. The criterion >0
steps is very lenient and may therefore be useful for analyzing
data from low-mobility populations, but can be problematic as
it assumes there is no error in data collection. Activity trackers
often register data from hand or arm movements [34], meaning
that even the smallest incidental movement could be mistaken

for a valid day of wear. Criteria like >500 steps address this
problem by setting a higher minimum requirement for what
counts as a valid day, though this may be too high to capture
data from surgery patients during their recovery period. Patients
may in fact be compliant with device use, while still taking
fewer than 500 steps per day after surgery.

The next threshold, ≥10 hours, requires a person to register at
least one step in 10 different hours of the day. Previous work
has noted that this criterion is often used in health informatics,
but it is among the most stringent and can lead to high rates of
data exclusion [10].

The final 2 criteria, 3-a-day and 3-of-4 windows, are time-based
measures that consider a day as valid if the patient registers data
in 3 predefined periods. In 3-a-day, a patient must register at
least one step in 3 windows anchored to the morning, afternoon,
and evening [35]. In 3-of-4 windows, the day is broken down
into 4 equal windows of 6 hours each, and a person is required
to register data in at least three of them to be compliant [36].
Both of these criteria assess compliance based on continued
wear over the course of a day. However, the 3-a-day criterion
contains windows of unequal size, which may be problematic
when assessing the compliance of people who work unusual
hours or rotated shift work. The 3-of-4 windows criterion
addresses this limitation by allowing the patient to register data
in a more flexible schedule.

Table 1. Definitions of compliance for the 5 criteria used in this study.

Example studyDefinitionCompliance criterion

Epstein et al [20]A day is considered valid if the tracker registered at least one step, ie, any data whatsoever.>0 steps

Meyer et al [37]A day is considered valid if the tracker registered more than 500 steps in a day.>500 steps

Sirard and Slater [21]A day is considered valid if the tracker registered data in at least ten different 1-hour windows.≥10 hours

Meyer et al [35]A day is considered valid if the tracker registered data in 3 predefined periods: 3 am to 11 am, 11 am
to 3 pm, and 3 pm to 3 am.

3-a-day

Barak et al [36]A day is considered valid if the tracker registered data in at least three of four periods: 12 am to 6
am, 6 am to 12 pm, 12 pm to 6 pm, and 6 pm to 12 am.

3-of-4 windows

Results

Analysis Overview
We first consider how the 5 criteria produce different
compliance outcomes across the entire sample. We then consider
how the 5 criteria affect rates of calculated compliance for
individual patients. This allows us to interrogate whether the
difference in compliance outcomes is consistent across the
sample or whether certain patients are more affected by changing
criteria. We then consider how variations between compliance
calculations vary over the perioperative period, investigating
the extent to which variation in compliance can be explained
by demographic factors and whether the Fitbit was a clip-on or
wrist-worn device.

Impacts of the Compliance Criteria Across the Sample
Table 2 shows the mean compliance for each criterion, averaged
across the 8-week perioperative period for all 20 participants.

Compliance can range from 0.00 to 1.00, with an outcome of
1.00 indicating 100% compliance.

Table 2 reveals that there is a difference in compliance outcomes
between the criteria. For example, >0 steps gives a mean
compliance of 0.80 (SD 0.17) across the sample, whereas ≥10
hours is lower at 0.56 (SD 0.25).

The histograms in Table 2 illustrate the proportion of the sample
with each compliance level, showing that different criteria result
in a different distribution of outcomes. For example, the
distribution of compliance rates across all patients when using
>0 steps is skewed toward 1.0, whereas the distribution for the
≥10 hours criterion is skewed toward 0.2. These outcomes reflect
the nature of the measures, that is, >0 steps is the most lenient
criterion whereas ≥10 hours is the strictest [10]. They also
illustrate how different criteria lead to different rates of data
exclusion, that is, a greater number of days are considered as
invalid under the strictest criterion.
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Table 2. Descriptive statistics for calculations of daily compliance with activity tracking across the patient sample, using each of the 5 compliance
criteria. The histograms illustrate the proportion of patients with each compliance level under that criterion.

HistogramRangeMaximumMinimumMean (SD)Compliance criterion

0.601.000.400.80 (0.17)>0 steps

0.741.000.260.63 (0.22)>500 steps

0.940.960.020.56 (0.25)≥10 hours

0.880.930.050.67 (0.22)3-a-day

0.890.930.040.67 (0.22)3-of-4 windows

Impacts of the Compliance Criteria Between Patients
Figure 1 provides a visual comparison of the compliance
outcomes for each patient, showing the difference between >0
steps and the other 4 criteria. We use >0 steps as a baseline to
illustrate the differences, as it produces the highest compliance

outcome for all patients. In Figure 1, patients are listed according
to the deviation between the compliance measures, ranging from
smallest to greatest (left to right, respectively). Full data on each
patient’s outcomes, along with demographic information, can
be found in Multimedia Appendix 2.

Figure 1. Differences in compliance calculations for the patients in our study. The scores are plotted against the most lenient criterion, >0 Steps, and
show the difference between this criterion and the other measures.

We first consider differences between patients in terms of their
calculated compliance with activity tracking, focusing on
outcomes calculated within particular criteria. Overall, the data
show that there are individual differences between patients in
terms of calculated compliance. For example, 5 patients
achieved 100% compliance under the >0 steps criterion, whereas

patient 8 scored just 49%. Similarly, 3 patients had 98% or
higher compliance under the >500 steps criterion, whereas others
fared much worse. This reiterates evidence from the literature,
that is, some people are highly compliant whereas others exhibit
breaks or lapses in tracking [20].
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We next consider differences between compliance criteria and
how they change for each patient. A salient observation from
Figure 1 is that the change produced from switching compliance
criteria is not uniform across patients. Changing criteria can
make minimal difference for some patients but has a substantial
impact for others. For example, the outcomes for patients 1-4
are largely unaffected, whereas patient 20’s compliance moves
from 100% valid days under >0 steps to just 28% under ≥10
hours. This equates to a 72% difference between the 2 criteria,
meaning that much of the patient’s data would be excluded from
further analysis under the stricter threshold.

Furthermore, we observed that changing criteria can increase
reported compliance for some patients while decreasing reported
compliance for others. This is illustrated by P16 and P17, and
how their compliance changes when switching from >500 steps
to ≥10 hours. P17 records a 12% increase in compliance when
changing to ≥10 hours, whereas P16’s compliance decreases
by 24%.

The observed disparity in the direction of change begs the
question of why different compliance criteria result in changes
between patients, and why some patients are more affected by
changes than others. From examining our data, we observed an
apparent trend whereby patients with wrist-worn devices
appeared to exhibit less variation between compliance outcomes
(ie, lower SD), whereas those with clip-on devices exhibit
greater variation across the 5 criteria.

Statistical analysis of SD between compliance calculations using
point biserial correlation revealed a statistically significant
correlation (r=.616, P=.004). Hence, participants with a lower
SD between compliance outcomes (ie, those toward the left side
of Figure 1) were more likely to be using a wrist-worn Fitbit
device than those with a higher SD (ie, those toward the right
side of the graph, who were more likely to be wearing a clip-on
device).

We also investigated whether age, BMI, and gender influenced
compliance outcomes. Pearson correlation analysis revealed no
significant relationship between age and SD of compliance
outcomes (r=.178, P=.453). Likewise, Pearson correlation
showed no significant relationship between BMI and SD
(r=.147, P=.535). Point biserial correlation analysis revealed
no significant relationship between gender and SD of
compliance outcomes (r=.393, P=.086).

Physical Activity Patterns Throughout the
Perioperative Period
To explore why the 5 criteria produce different compliance
outcomes between patients, we generated heatmaps that
visualize each patient’s raw step count data across the
perioperative period. Figure 2 shows heatmaps for 10 patients
in our sample who exhibit different patterns of activity. We
selected these patients to illustrate how different activity patterns
produce changes under different compliance measures.
Heatmaps for all 20 patients are included in Multimedia
Appendix 3.
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Figure 2. Heatmaps for 10 participants, illustrating the variations in patterns of physical activity throughout the day and across the 8-week perioperative
period (from 2 weeks presurgery to 6 weeks postsurgery). The x-axis represents the day, beginning 2 weeks prior to surgery (day -14) and ending 6
weeks after surgery (day 42). The red line indicates the day of surgery (day 0). The y-axis represents the hour of the day. The color of cells corresponds
to the number of steps recorded in a given hour, ranging from white (0) to black (500+).

The heatmaps resulted in 3 main observations.

First, there are general differences before and after surgery, with
all of the participants exhibiting a noticeable change in their
behavior after the red line, which indicates the day of surgery.
Most patients (eg, P12, P14, and P17) exhibit a decline in the
amount of data collected, whereas some others (such as P2)
record more data. It is also notable that some patients have clear
gaps in their data collection record. For example, P2 failed to
record any data before the surgery, and P14 has many missing
days following the surgery. These gaps are evidence of failing
to wear the Fitbit and are considered as noncompliant days
under all of the criteria in our analysis.

The second observation is that overall levels of recorded activity
decrease after surgery among patients who appeared to be
wearing their Fitbit during the preoperative period. For some
patients this is illustrated by noticeable gaps in activity after
surgery (eg, P5 and P12), whereas for others there is a simple
reduction in the amount of data collected. Activity levels then
typically increase over time, returning toward and sometimes
exceeding a presurgery level, as illustrated by more dark cells
appearing in the final weeks (eg, P2, P6, P12, and P17). This
pattern is consistent with the gradual restoration of physical
activity after TKA [6,7], but has implications for assessing
compliance because the stricter criteria (eg, >500 steps and ≥10

hours) are likely to be insensitive to patients’ reduced activity
following surgery.

A third observation is that some patients’distribution of activity
over the day remains the same following surgery, but for others
it changes over time. For patients including P1, P5, P14, and
P17, there is a continuation in the person’s distribution of
activity from before and after surgery, even though the
difference represents an overall reduction in the level of activity.
By comparison, P10’s hours of activity end around 4 pm in the
preoperative period but extend further into the evening after
surgery.

The changes in activity level and distribution are important
because they provide an explanation for why some patients may
become gradually more compliant under certain criteria while
remaining stable under others. In addition, the heatmaps suggest
a clear impact of surgery on the patients’ activity level,
providing a potential explanation as to why some individuals
are considered as less compliant under stricter measures.

Variations in Compliance Criteria Agreement
Throughout the Perioperative Period
Our observations of the heatmap data highlighted temporal
variations in patients’ recorded activity, with salient periods at
which notable changes occur. The heatmaps also highlight
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specific periods of interest for which physical activity is likely
to be altered, that is, immediately after surgery and throughout
the recovery period. Thus, we investigated temporal variations
in compliance criteria agreement, that is, how closely the 5
outcomes align with one another over time, and how this
alignment varies throughout the perioperative period. This
allows us to further understand the impact of surgery on
compliance agreement across the sample.

Figure 3 shows the daily compliance rates for all 5 criteria, with
the red line marking the day of surgery. The data suggest there
was a trend toward higher average compliance toward the end
of the perioperative period. There is a noticeable drop-off in
mean compliance immediately following surgery, and a slight
decrease around the 40-day mark.

Figure 3. Daily compliance rates over time. The percentage of the sample that were compliant on any given day is illustrated by the y-axis. The dark
gray line represents the mean average across all 5 of the compliance criteria. The height of the gray shaded region indicates the standard deviation
between measures over time. The red vertical line represents the day of surgery.

In terms of agreement between the criteria, it can be seen that
there is very little difference between measures in the presurgery
phase, as reflected by the narrower shaded region for SD. After
the surgery there is a 25% drop in the average compliance, with
a corresponding increase in SD between criteria. Over the next
3 weeks, the mean increases while the SD decreases, as indicated
by the shrinking height of the shaded area. Toward the end of
the perioperative period, in the final 2 weeks, there is a dip in
the average compliance but the deviation between measures is
small and stable.

Figure 4 shows specifically how patients’ compliance appears
to vary over time when applying each of the criteria. There are
several important observations from this figure. The first is that
compliance under the >0 steps criterion is generally higher than
the other criteria following surgery, with a very noticeable
difference for the first 20 days of the recovery period. This
means that there are many instances in which patients were
registering at least some steps over the day, but the total number
was often insufficient to be considered compliant on stricter
thresholds.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e22846 | p.378http://mhealth.jmir.org/2021/1/e22846/
(page number not for citation purposes)

Kelly et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 4. Comparison of daily compliance rates for all 5 compliance criteria.

The second main observation from Figure 4 is that the >500
steps, ≥10 hours, 3-a-day, and the 3-of-4 window thresholds
appear to follow each other reasonably closely over the entire
8-week period. However, these 4 thresholds cause a large drop
in calculated compliance after surgery, and then show a gradual
increase over time. The implication of this is that the patient is
registering a small number of steps in the days after his/her
surgery, but those steps are not sufficient to be considered
compliant under stricter activity thresholds.

A final observation is that there is a slight increase in compliance
at the point of surgery under the >0 steps criterion. This likely
indicates fewer cases of participants forgetting to wear the Fitbit,
and could be caused by hospital staff reminding participants to
wear the device, or by the fact that TKA may make the idea of

monitoring physical activity more salient. Alternatively, surgery
presents a change to routine and thus there may be fewer daily
activities that are distracting from wearing the tracker.

Taken together, Figures 3 and 4 illustrate the plausible impact
of temporary impairment on participants’ compliance under
different criteria. Many days appear to be considered as valid
under the most lenient criterion (>0 steps) but would be
discarded under the other measures.

Analysis of Mean Calculated Compliance
To explore the preceding observations quantitatively, we
subdivided the perioperative period into distinct 2-week stages
(excluding the day of surgery) and calculated 2-week
compliance figures for each patient, using the 5 criteria. This
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allowed us to explore whether there are differences between the
2-week stages (defined as presurgery, weeks 0-2, weeks 2-4,
and weeks 4-6). We then used linear mixed models to investigate
changes in calculated compliance between the 5 criteria, using
demographic information as independent variables. Each
patient’s average compliance for the 2-week stages is shown in
Multimedia Appendix 4.

Specifically, our model compared the effects of compliance
criteria, gender, age, BMI, stage, and device type (clip or
wrist-worn tracker) on 2-week compliance. ASA was excluded
because there was insufficient variance in scores between
participants. In each analysis the independent variables were
set as fixed effects. Participant ID was set as a random effect.
The reported β estimates indicate the value by which 2-week
compliance varies for the respective condition. We report the
standard error (SE) for the estimates and test for significance
at α=.05.

We found a significant main effect of compliance criteria on
2-week compliance (F4,22.51=16.816, P<.001). Compliance scores
were significantly higher (approximately 16%) for >0 steps
(β=.157, SE=0.022, P<.001). Compliance scores were
significantly lower for >500 steps (β=–.041, SE=0.017, P=.027),
≥10 hours (β=–.104, SE=0.019, P<.001), and 3-a-day (β=–.031,
SE=0.014, P=.045).

We also found a significant main effect of stage on 2-week
compliance (F3,18=4.166, P=.021). Compliance scores were
significantly higher (approximately 10%) in the week 4-6
postsurgery stage (β=.102, SE=0.041, P=.024). This matches

our observations of Figures 3 and 4, and indicates that patients
were gradually regaining mobility and recording more data as
the perioperative period progressed.

We also found a small but significant main effect of age on
2-week compliance (F1,15.48=5.004, β=.009, SE=0.004, P=.040).
Specifically, older patients were more likely to have higher
compliance, regardless of criteria. This may be because health
issues are more salient for older adults [38], potentially
increasing their compliance with using an activity tracker.

Finally, we found significant interaction effects between criteria
and stage (F12,245.89=5.631, P<.001). Compliance scores were
significantly higher for the >0 steps criterion in weeks 0-2
postsurgery (β=.115 , SE=0.019, P<.001). Compliance scores
were significantly lower for >500 steps (β=–.067, SE=0.019,
P<.001) and 10 hours (β=–.054 , SE=0.019, P=.005) in weeks
0-2 postsurgery. Aligning with Figures 3 and 4, this outcome
demonstrates that the weeks following surgery are associated
with reductions in compliance under stricter criteria.

Variations Over Time by Device Type
Based on our earlier finding that deviation between measures
corresponds to device type (wrist vs clip), we examined the
temporal variations for each device independently. Figure 5A
shows the proportion of the clip-worn group that was compliant
on each day. It can be seen that there is close agreement between
the criteria during the presurgery phase. At the point of surgery
there is a noticeable increase in deviation between criteria, which
gradually decreases over time.
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Figure 5. Temporal variations in compliance for the 5 criteria over the perioperative period. (A) The proportion of the clip-worn group that was
compliant on each day. (B) The variation between criteria for the clip-worn group. (C) The proportion of the wrist-worn group that was compliant on
each day. (D) The variation between criteria for the wrist-worn group.

Figure 5B again shows that compliance is particularly sensitive
to criterion selection during the first 3-4 weeks of the
postoperative period, with >0 steps close to 100% throughout.
The >500 steps and 3-of-4 window outcomes are closely aligned
during this phase, as are ≥10 hours and 3-a-day. However, the
overall range is very large.

Figure 5C shows the proportion of the wrist-worn group that
was compliant on each day. Contrasting Figure 5A (clip group)
with Figure 5C (wrist group), we see that the wrist-worn group
exhibit far lower deviation between measures throughout the
entire period, and only a small increase in deviation immediately
following surgery. For the wrist group, the deviation level

remains consistently low from approximately 2 weeks
postsurgery. Figure 5D also shows close agreement between
criteria. This reveals that the deviation between measures is a
more prominent issue for the clip device group, but that the
issue only becomes apparent at the point of surgery.

To investigate these observations quantitatively, we compared
the effects of gender, age, BMI, stage, and device type (clip or
wrist-worn tracker) on the SD between compliance outcomes
using linear mixed models. We again separated the perioperative
period into 4 distinct 2-week stages. (The SDs for each patient
in the 4 stages are shown in Multimedia Appendix 4.) ASA was
again excluded. The independent variables were set up as fixed
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effects and ID was set as a random effect. The β estimates
indicate the value by which SD between compliance outcomes
changes.

Overall, we found a significant main effect of stage on SD
between compliance outcomes, F3,54=11.421, P<.001. Deviation
between outcomes was significantly higher (approximately 8%)
in the first 2 weeks postsurgery (β=.082, SE=0.016, P<.001).

We also found a significant interaction effect between device
type and stage (F3,54=9.976, P<.001). For wearers of the clip-on
device, deviation between measures was significantly higher
(approximately 6%) in the 2 weeks immediately following
surgery (β=.064, SE=0.016, P<.001). These outcomes provide
further evidence of how surgery appears to impact patients’
compliance, with reductions in activity in weeks 0-2 causing
some patients to miss the requirements of stricter thresholds,
resulting in a greater quantity of data being discarded. This
effect is especially pronounced among those who wore the
tracker as a clip-on device (Figure 5B).

Discussion

Principal Findings
The first finding of this study was that the 5 compliance criteria
provide different compliance outcomes when applied to the
patients’ data. We found a 24% difference in average rates of
data retention between the most lenient criterion (>0 steps) and
the most stringent (≥10 hours), with other measures falling
between these 2 points. This finding illustrates that different
compliance criteria cannot be used interchangeably to analyze
data from TKA patients, and dovetails with the work of Tang
et al [10], who observed similar effects after applying 4 criteria
to 9 distinct activity tracking data sets. A unique feature of our
work is the examination of TKA patients, who are experiencing
temporary impairment to their mobility due to surgery. Our
study reinforces the need to carefully consider an appropriate
criterion for assessing compliance and shows that this is
especially crucial when working with a surgery population,
given impairments to their mobility.

Our second main finding was that differences in compliance
outcomes were not uniform across the sample. The data of some
patients were largely unaffected by the use of different criteria,
whereas others varied considerably. The most extreme case
resulted in 72% of a patient’s data being excluded when
switching between 2 different criteria. Such a change would
represent a clinically significant difference in the patient’s
recorded activity level [17,39]. Our investigation of potential
causes revealed that patients who wore the Fitbit as a clip-on
had greater variation between compliance outcomes, compared
with those who wore the device on their wrist. One explanation
for this finding may be related to how the activity tracker is
treated once it is in the home. Anecdotally, our patients
mentioned attaching the clip-on Fitbit to their clothes and
forgetting to remove it at the end of the day. Using wrist-worn
trackers may therefore result in higher quality data because they
are less likely to be forgotten by patients and because a
wrist-worn device does not need to be removed as often (eg,
while asleep).

The third main contribution from our study lies in demonstrating
the impact of surgery on calculations of compliance. We found
that patients exhibit changes in tracking behavior and
fluctuations in physical activity after surgery. Statistical analyses
also showed that the deviation between compliance outcomes
was significantly higher (P<.001) in the 2 weeks following
surgery. Specifically, compliance was calculated as significantly
higher (P<.001) when using >0 steps, which is also the most
lenient criterion. The implication of these findings is that
analyses of compliance need to account for reductions in
physical mobility following a surgical procedure. Stricter
measures of compliance may exclude data on the basis of low
activity, even though this activity may in fact be representative
of the patient’s capabilities following surgery. Although the >0
steps criterion is vulnerable to recording incidental step data
from arm movements [34], the presence of these “steps” may
help to show the tracker was worn and may be preferable to
discarding days entirely. This consideration is important for
clinicians who plan to use physical activity data from TKA
patients, and for systems designed to support decisions based
on its use.

Implications for Activity Tracking Studies
On the basis of our study, we suggest that compliance analysis
among TKA patients should begin by using the >0 steps criterion
as an initial data filter. This enables identification of days on
which the tracker was worn, allowing noncompliant days to be
removed from calculations of step count. Next, a windowed
approach that has a minimal activity target, such as 3-of-4
windows [36], should be used to determine whether the patient
recorded data across the day.

Regarding methodology, we echo Tang et al [10] and encourage
future researchers to clearly describe the approach taken when
calculating and reporting compliance. Researchers should also
state the criterion used to determine a valid day and consider
how other criteria may affect the data. Failure to describe the
compliance measure may undermine the perceived validity of
research using activity tracking data.

Finally, future studies should consider using secondary data
sources to acquire ground truth about whether a patient was
wearing an activity tracker. Many activity trackers now include
heart rate monitors, and although these do not guarantee
improvements in compliance [40], the additional data source
could be triangulated with step counts to determine wear time.
A limitation of these devices, however, is that they have a
shorter battery life than trackers such as the Fitbit Zip, and hence
may impact compliance because patients need to recharge the
device [32]. Ecological momentary assessment [41] techniques,
delivered via a participant’s smartphone, could also be used to
collect self-reports about whether a tracker is being worn.

Design Implications
The results of this study can inform presurgery and postsurgery
monitoring systems (eg, [26]) that support clinical decision
making on the basis of activity data. Our study showed that the
underlying threshold used to calculate compliance can affect
rates of data retention. Decisions made on the basis of these
data may be flawed if the system excludes a large proportion
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of valid days due to notionally low activity. We suggest that
systems should show the exact number of steps recorded and
how these steps were distributed over the day, enabling
clinicians to assess compliance at the absolute and temporal
levels. Noncompliant days should be illustrated as gaps in the
patient’s record, which may still be useful to support decision
making [14] and encourage patients to increase their compliance
with tracker use.

Clinical Implications
Based on this study, clinical trials involving activity trackers
must account for the fact that stringent compliance criteria may
lead to the exclusion of potentially useful data from TKA
patients. Selecting a lenient criterion can address this concern.
Similarly, clinical monitoring systems (eg, [26]) will present
unreliable data without an appropriate compliance measure.

Researchers should also be aware that patients undergoing TKA
have a relatively high dropout rate in the context of use of
wearables. Our study was conducted in the UK, where the
waiting times for surgery mean there is a substantial time gap
from being listed for surgery and the surgery itself. Trials should
recognize the potential for patient forgetfulness if the activity
trackers are handed out early in the patient journey. Likewise,
trials should recognize that the postoperative period is often
painful, with the consequent possibility for patients to be
distracted from using the wearable as it may not be high on their
list of priorities.

Limitations
The number of analyzed participants is a limitation of this study.
Our sample of 20 patients was sufficient to investigate
differences and illustrate patterns but needs to be verified with
larger sample sizes. A cohort of over 100 patients is likely to
be needed to draw clinical conclusions about correlations
between early activity, compliance, and other factors such as
pain, analgesia use, and late outcomes. Knee replacement

patients are known to have an approximate 20% dissatisfaction
rate past 1 year [23]. Early activity may be a predictor in this
likely multifactorial problem, and future work should seek
higher statistical power to shine a light on this.

Another limitation is that, because of the open invitation for
participation in the study, patients with greater concern about
physical activity may have accepted the invitation. Rates of
compliance with device use may be different among those who
are less concerned about physical activity.

Lastly, our study was not designed to investigate differences
between wearing the tracker on different parts of the body. This
means that participants were not randomly assigned to wear the
tracker in particular places, and thus we cannot completely rule
out other latent factors as explanations for compliance
differences between wrist-worn and clip-on trackers. Possible
influences include gradual improvements in administering the
study protocol, or changes in staff, at the collaborating hospital.
Our analysis led us to explore demographic factors and the
placement of the Fitbit as these were available to us based on
the data we collected. Other factors that may impact patients’
behavior (eg, smoking status) should be included in future work.

Conclusions
This study aimed to understand how different criteria affect
calculated compliance with activity tracking in TKA patients.
Our findings suggest that different compliance criteria cannot
be used interchangeably to analyze activity data provided by
patients following ambulatory surgery. Instead, reductions in
postsurgery mobility necessitate the use of lenient compliance
criteria, such as >0 steps, combined with a windowed approach.
These criteria can account for temporary mobility impairments
while also tracking wear over the course of a day. Encouraging
patients to wear the device at their wrist, and using secondary
sources of data as ground truth, can increase confidence in
compliance outcomes by ensuring that activity is detected and
by increasing patients’ actual wear time.
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Table 3. Comparison of five compliance criteria applied to the activity tracking data of 20 different patients. A person is considered
to be compliant if they meet the criterion on a given day. The calculation is provided as a percentage of compliant days over the
8-week perioperative period.
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Abstract

Background: There is strong evidence suggesting that higher levels of cardiorespiratory fitness (CRF) are associated with a
healthier metabolic profile, and that CRF can serve as a powerful predictor of morbidity and mortality. In this context, a smartphone
app based on the 2-km walk test (UKK test) would provide the possibility to assess CRF remotely in individuals geographically
distributed around a country or continent, and even between continents, with minimal equipment and low costs.

Objective: The overall aim of this study was to evaluate the validity and reliability of 2kmFIT-App developed for Android and
iOS mobile operating systems to estimate maximum oxygen consumption (VO2max) as an indicator of CRF. The specific aims
of the study were to determine the validity of 2kmFIT-App to track distance and calculate heart rate (HR).

Methods: Twenty participants were included for field-testing validation and reliability analysis. The participants completed the
UKK test twice using 2kmFIT-App. Distance and HR were measured with the app as well as with accurate methods, and VO2max
was estimated using the UKK test equation.

Results: The validity results showed the following mean differences (app minus criterion): distance (–70.40, SD 51.47 meters),
time (–0.59, SD 0.45 minutes), HR (–16.75, SD 9.96 beats/minute), and VO2max (3.59, SD 2.01 ml/kg/min). There was moderate
validity found for HR (intraclass correlation coefficient [ICC] 0.731, 95% CI –0.211 to 0.942) and good validity found for VO2max
(ICC 0.878, 95% CI –0.125 to 0.972). The reliability results showed the following mean differences (retest minus test): app
distance (25.99, SD 43.21 meters), app time (–0.15, SD 0.94 seconds), pace (–0.18, SD 0.33 min/km), app HR (–4.5, 13.44
beats/minute), and app VO2max (0.92, SD 3.04 ml/kg/min). There was good reliability for app HR (ICC 0.897, 95% CI 0.742-0.959)
and excellent validity for app VO2max (ICC 0.932, 95% CI 0.830-0.973). All of these findings were observed when using the
app with an Android operating system, whereas validity was poor when the app was used with iOS.

Conclusions: This study shows that 2kmFIT-App is a new, scientifically valid and reliable tool able to objectively and remotely
estimate CRF, HR, and distance with an Android but not iOS mobile operating system. However, certain limitations such as the
time required by 2kmFIT-App to calculate HR or the temperature environment should be considered when using the app.

(JMIR Mhealth Uhealth 2021;9(1):e14864)   doi:10.2196/14864
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Introduction

Cardiorespiratory fitness (CRF) indicates the global
cardiovascular, respiratory, and musculoskeletal capacity
required to perform prolonged exercise [1]. There is strong
evidence suggesting that higher levels of CRF are associated
with a healthier metabolic profile [2-4], and that CRF is a
powerful predictor of morbidity and mortality [1,5,6] Given the
well-known relevance of CRF to general health status, its
assessment has been strongly recommended in the recent
American Heart Association scientific statement, proposing the
assessment of CRF as a clinical vital sign [7]. Additionally,
CRF assessment is important for testing the success of an
intervention and for monitoring purposes.

The maximal oxygen consumption (VO2max) is an objective
measure of CRF and has been considered to be its best indicator
[8]. The American College of Sports Medicine provides
guidelines, including different methods for CRF testing and
ergo spirometry conducted during incremental maximal exercise
tests on treadmills or a cycle ergometer, as these methods are
considered the gold-standard measures of CRF [9]. In this
context, the 2-km walk test (UKK test) is a widely used
field-based battery of fitness tests such as the adult version of
the EUROFIT battery and more recently the ALPHA fitness
test battery for adults [10]. The UKK test has a distinct
characteristic from most other field-based tests aiming to
indirectly estimate VO2max (eg, the 6-min walk test). After
completing the exertion (ie, walking 2 km as fast as possible),
the tester records the time spent (which for a given distance is
a measure of performance as an indicator of walk speed) plus
the physiological response to that exertion (ie, the heart rate
[HR]). If either of these two parameters changes, the estimation
of VO2max would also change, making the test very sensitive
to detect small changes in the CRF level, which is important
for assessing the effectiveness of an intervention for monitoring
purposes. Despite these advantages of the UKK test for
measuring CRF, to properly perform this test, a valid and
reliable HR monitor, stopwatch, and instrument (eg, measuring
tape or GPS) are required to measure a 2-km route. It would be
very useful and practical if a valid and reliable smartphone app
could replace all of these instruments. Moreover, if a sports
specialist, clinician, or researcher wants to assess the CRF level
of several individuals, the individuals requiring the test need to
visit the assessment center, which imposes a geographic limit
as to who can be tested.

In this context, an app based on the UKK test would provide
the possibility to assess CRF remotely for individuals who are
geographically distributed around a country or continent, or
even among those living on different continents, with minimal
equipment and costs. The app would require the calculation of
distance traveled, time, and HR at the end of the walk. To our
knowledge, there is no currently validated app to estimate
VO2max through the equations provided by the developers of

the UKK test [11]. We have also not found any fitness app that
integrates a measure of fitness performance (ie, walking speed
estimated from measuring a 2-km distance and the time spent
to complete it) and the HR measured into an estimation of
VO2max using the camera of a mobile phone, which would
remove the need for an additional monitoring device (eg, HR
chest band).

Notably, some authors have demonstrated the validity of apps
for measuring distance or HR in isolation. For instance, Benson
et al [12] and Gordon et al [13] demonstrated the validity of a
GPS-enabled iPhone app to track exercise distance. In addition,
Martinez-Nicolas et al [14] revised the Runkeeper app and
suggested its suitability for tracking distance. Otherwise, over
the last few years, smartphone apps have gained the ability to
measure HR by detecting the pulse using photoplethysmographic
(PPG) imaging [15]. In this sense, Mitchell et al [16] examined
the accuracy of Instant Heart Rate (Azumio) for pulse rate
measurement, which was compared to that of an FT7 Polar HR
monitor. The app was proven to be valid and reliable at rest and
immediately postexercise. Likewise, Poh and Poh [17] showed
strong agreement between HR assessments obtained using the
Cardiio app against a Food and Drug Administration–eared
pulse oximeter at rest and after moderate to vigorous exercise.
Based on this background, we decided to develop an app ad
hoc, named 2kmFIT-App, that can unite the measure of the
distance walked, particularly the 2 km of the UKK test, the time
needed to complete the 2-km walk, and the HR at the end of
the test using the phone camera.

The overall aim of this study was to evaluate the validity and
reliability of 2kmFIT-App developed ad hoc for Android and
iOS mobile operating systems to estimate VO2max, in
comparison with VO2max calculated following the original
instructions and instruments of the UKK test. The specific aims
of the study were to determine the validity of 2kmFIT-App to
track distance and calculate HR versus a measuring wheel and
HR monitor, respectively.

Methods

Development of 2kmFIT-App
We developed 2kmFIT-App (Figure 1), which is able to track
distance through the GPS of the smartphone, time, and HR using
PPG imaging from the phone camera. The app was created to
run on both major mobile operating systems. Android Studio
2.2.3 and Java 1.8_112 were used to develop the Android app,
and the ButterKnife, Timber, AppIntro, DBFlow, Saripaar,
Google Maps, CardView, and MPAndroidChart frameworks
(Android Inc, USA) were used to design the required
functionalities of the Android app. Likewise, Xcode 8.3.3 and
Swift 3 were used for the Mac operating system to develop the
iOS app, and the AVFoundation, MapKit, QuartzCore, Charts,
Realm, and PermissionScope frameworks were utilized to create
the required functionalities of the iOS app.
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Figure 1. Main screens of the 2kmFIT-App Android version.

Different versions of 2kmFIT-App were developed, both for
Android (versions 1 and 2) and iOS (versions 1, 2, and 3),
aiming to enhance precision in measurements. Finally, the app
was programmed with the equations of Oja et al [18] based on
the original UKK test and to estimate the VO2max in both
mobile operating systems. The CRF reference values of
Rodriguez et al [19] were also programmed into the app.
2kmFIT-App has been registered in Intellectual Property
Registry (Safe Creative register number 1904040536262). More
detailed information on the structure and content of
2kmFIT-App can be found in Multimedia Appendix 1.

Validation Protocol

Design
The validation evaluation of 2kmFIT-App was performed in
two phases: in-laboratory validation (phase 1) and field-test
validation and reliability (phase 2). A Samsung Galaxy SIII
Neo (Android 4.4.2) and an iPhone 6s plus (iOS 11.3) were
used for testing 2kmFIT-App during the two phases on the
Android and iOS mobile operating system, respectively.

In-Laboratory Validation (Phase 1)
During this preliminary validation phase, different HR
measurements were taken with 2kmFIT-App using the Android
(version 1 and 2) and iOS (version 1, 2, and 3) versions, at two
different exercise intensities (rest and moderate intensity). The
HR measurement was tested because it is the most novel and
challenging smartphone feature integrated into the app. In
addition, during the UKK test, HR is taken only when the
participant reaches the end of the 2-km walk. The objective of
this first phase was to ensure that 2kmFIT-App could measure
HR at the end of the test with a reasonable margin of error. One
member of the research group examined the accuracy of
2kmFIT-App for HR measurement using both mobile operating
systems under three different conditions: at rest, and with
moderate and high exercise intensities. Additionally, four
commercial iOS-based HR apps available in the App Store
market were also tested to gather information on the accuracy

of existing HR apps and to compare the HR accuracy of our
developed app (see Multimedia Appendix 1 for detailed
information).

Field Test Validation and Reliability (Phase 2)

Operating System

The second phase examined the validity and reliability of
2kmFIT-App using only the Android mobile operating system
(version 2) in field conditions with 20 study participants. The
iOS version of 2kmFIT-App was determined to have poor
accuracy for HR measurement at rest and at medium intensity,
and was therefore not included in phase 2. Accordingly, all
findings presented herein refer only to the app running on the
Android operating system.

Study Design and Participants

In this second phase, we used a cross-sectional design to test
the validity of 2kmFIT-App by comparing the results obtained
through the app data against criterion measures (UKK test).
Additionally, we developed a test-retest design for testing its
reliability in a repeated-measures analysis. A convenient sample
of 20 healthy adults (25% female), who were mainly students
from the University of Granada (Spain), were recruited for this
study. We estimated the sample size needed for detecting
correlation coefficients between the HR and VO2max assessed
with the app and with the criterion methods equal to or higher
than 0.7, with a standard α error of 5%. Our power calculation
model showed that with 17 participants we would have 95%
power to detect the expected correlations between methods. We
finally included 20 participants to have some additional residual
power. The study was approved by the Human Research Ethics
Commission of the University of Granada (ref: 280/CEIH/2017)
and abides by the bioethical principles set out by the Declaration
of Helsinki. Participants received information about the
characteristics of the study and data management. Participants
also provided written informed consent to participate in the
study. Data from the volunteers were included in a database and
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were protected according to Spanish Law 15/1999 of December
13, 1999.

Instruments

A professional TM12 measuring wheel from Top Measure was
considered an accurate criterion measure for distance on the
inner line of an athletic track. Criterion HR measurements were
collected by an RS300X HR monitor from Polar (Kempele,
Finland) and a smartphone was used as a stopwatch reference
(LG G2 Mini, Android version 5.0.2). Weight (kg) and height
(m) were obtained in one step using an electronic scale with an
integrated stadiometer (Seca 769 scale with Seca 220
stadiometer, Hamburg, Germany) without shoes, in light
clothing, and the Frankfort plane. BMI was calculated using

the formula of weight/height2 (kg/m2). 2kmFIT-App was used
during the performance of the UKK test as the instrument to be
validated (see Multimedia Appendix 1 for a full description of
the 2kmFIT-App structure and content).

Testing Protocol

The test was performed by the participant from 9 AM to 5 PM
on an athletics track made of an artificial surface of polyurethane

in an outdoor setting. The weather was mainly sunny, and
temperatures ranged between 8°C and 26°C. All measures were
collected from March 6 to 22, 2017 at the Faculty of Sports
Sciences of the University of Granada (Granada, Spain).
Participants performed the test twice (test-retest) with a 1-week
interval between assessments. Before starting measurements,
the experimental protocol was individually explained to
participants, and then their weight and height were measured
immediately afterward. The participants were then asked to
wear the Polar RS300X watch and the chest strap. A user profile
was created, and the name of the participant, along with their
gender, birth date, weight, and height were entered into the
“users” section of 2kmFIT-App.

HR Instructions

At the starting line of the test, participants were instructed on
how to perform a valid HR measurement with 2kmFIT-App
following the instructions shown in Textbox 1. Once the
participants felt familiar with the process and obtained two valid
HR measures with the app, they were considered to be
sufficiently trained to perform the UKK test.

Textbox 1. Instructions for heart rate (HR) measurement using 2kmFIT-App.

1. Stay standing, relax, and breathe normally.

2. Try not to swallow while measuring.

3. Place the index fingertip vertically on the camera.

4. Try not to move your finger, and apply constant pressure on the camera lens.

5. Do not apply excessive pressure.

6. Tap the button (with your other hand) on the screen to start the HR measurement and at this moment the camera’s flashlight will turn on.

7. Keep the phone stable until the HR measurement ends.

8. When finishing the walked distance, it is recommended to tap the camera lens with the finger as quickly as possible to reduce the time of HR
recovery.

9. If the fingertip or ambient temperature is cold, the use of gloves during the walked distance is recommended.

UKK Test Instructions and Procedures

The tester reminded the participants of the instructions for
performing the test following the original protocols and
recommendations [18]. The app was then initialized (Figure
1A) and the UKK test was started. The distance was tracked
using the app’s GPS feature (Figure 1B). When the participants
approached the 2-km mark (1.8 km), the app emitted three beeps
indicating that the test will soon be complete, and participants
had to get ready for HR measurement using the smartphone
camera. The app then indicated the end of the test with another
audio signal. At this moment, the participants stopped walking
and measured their HR using 2kmFIT-App, as detailed in the
“HR instructions” section (Figure 2). Once 2kmFIT-App
finished the HR measurement, the following outcomes were

collected from the app: time spent to complete the test (ie, as 2
km estimated by the app), HR at the end of the test, and VO2max
calculated by 2kmFIT-App. For the HR measurement, the tester
also noted the outcomes obtained using criterion instruments
on the provided datasheet. The outcomes were the three times
recorded from the stopwatch (T0, T1, T2) and HR measured by
the Polar monitor at three separate moments: P0, at the end of
the walk (at the moment the final beep emitted by the app); P1,
when the app started to measure HR; and P2, when the HR
measurement was completed and shown in the app. 2kmFIT-App
took an average of 25.85 (SD 0.98) seconds to obtain HR
measurements. Finally, the criterion VO2max was calculated
using the original equations of the UKK test and all of the
criterion measures [11].
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Figure 2. Correct placement of the index fingertip on different locations of the camera lens to obtain a correct heart rate measurement by
photoplethysmographic imaging.

Statistical Analysis
For the field-test validation and reliability (phase 2), the data
of the UKK test from the 20 participants in total (2 trials) are
presented as the mean (SD). A one-sample t test was used to
evaluate whether the mean difference (ie, systematic error)
between the app criterion measures was significantly different
(P<.05) from zero (reference). The mean absolute percentage
error (MAPE) was also calculated as the mean difference of the
2kmFIT-App outcome minus the respective criterion outcome
(×100/mean criterion outcome). To complement this analysis,
the intraclass correlation coefficient (ICC) was calculated
between the criterion and 2kmFIT-App measurements, and
between the test and rest. Interpretation of ICC values was based
on standardized guidelines, in which a value less than 0.5
indicates poor reliability, values between 0.5 and 0.75 indicate
moderate reliability, values between 0.75 and 0.9 indicate good
reliability, and values greater than 0.90 indicate excellent
reliability. Additionally, the Pearson product-moment correlation
coefficient was calculated and linear regressions were performed
to analyze the validity of 2kmFIT-App with criterion references
and test-retest reliability. The agreement between the traditional
UKK test and 2kmFIT-App measures was examined using the
Bland and Altman method [20]. The mean difference (error)
and 95% limits of agreement (error, 1.96 SD) were calculated.

Results were graphically examined by plotting the differences
against their mean. Bland-Altman analysis was performed with
SigmaPlot 12.5 for Windows. Statistical analyses were
performed using the Statistical Package for the Social Sciences
software version 23.0 (SPSS Inc, Chicago, IL, USA). The level
of statistical significance was set at P<.05.

Results

Participants’ Characteristics
Twenty participants were included in phase 2 for field-test
validation and reliability analysis. Of note, 6 participants (from
the test and retest) were excluded due to the following reasons:
the participant failed to place the fingertip in the correct position
when measuring (n=1), the smartphone did not provide data
(n=2), or the smartphone froze during the test (n=3). Therefore,
16 men and 4 women ranging in age from 19 to 29 years (mean
24.96, SD 2.33 years) were included in the analysis. Descriptive
characteristics of the participants are shown in Table 1, and
their 2-km walk UKK test and retest results are shown in Table
2. During phase 1, only the Android version of 2kmFIT-App
showed accuracy in HR measurement at medium intensity;
therefore, no data are shown for iOS in phase 2 (see Multimedia
Appendix 1 for these results).
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Table 1. Characteristics of the sample (N=20).

Mean (SD)Characteristic

24.96 (2.33)Age (years)

69.73 (10.52)Weight (kg)

1.74 (0.07)Height (m)

23.03 (2.29)BMI (kg/m2)

Table 2. Test and retest results of the 2-km walk UKK test (N=20).

P valueaRetest, mean (SD)Test, mean (SD)Overall (test and retest), mean (SD)Variable

.00113.20 (4.58)18.40 (4.32)15.80 (3.28)Outside temperature (°C)

.011955.60 (34.91)1929.61 (51.47)1942.60 (38.31)App distanceb (meters)

.038.20 (0.88)8.37 (0.90)8.29 (0.88)Pace (min/km)

Time (minutes)

.0316.39 (1.77)16.75 (1.79)16.57 (1.75)Criterionc

.5016.02 (1.83)16.16 (1.93)16.09 (1.82)Appd

Time (seconds)

.5926.30 (5.89)25.40 (6.48)25.85 (4.99)P0-P2e

.5719.70 (6.34)18.78 (5.87)19.24 (4.95)P1-P2f

Heart rate (beats/minute)

.81141.80 (19.48)142.35 (16.54)142.08 (17.37)Criterion P0g

.53139.15 (19.92)140.65 (16.77)139.90 (17.66)Criterion P1h

.23124.25 (23.89)127.55 (16.84)125.90 (19.78)Criterion P2i

.15121.10 (26.05)125.60 (18.32)123.35 (21.49)Appj

VO2maxk (ml/min/kg)

.00739.27 (5.20)38.16 (5.27)38.71 (5.17)Criterion P0l

.00439.56 (5.35)38.35 (5.29)38.95 (5.25)Criterion P1l

.00641.20 (5.87)39.79 (5.73)40.49 (5.71)Criterion P2l

.1942.67 (6.18)41.75 (6.06)42.21 (5.93)Appm

aPaired-samples t test between test and retest.
bReal distance at which the test measured by means of the app ends.
cEstimated time of the UKK test if mean walking speed up to 2 km as measured by the criterion method would have been maintained.
dTime taken to perform the test measured by the app.
eP0-P2: time difference between the final beep emitted for the app and showing the heart rate on the app screen.
fP1-P2: time difference between the start of heart rate measurement and the end of heart rate calculation by means of the app.
gPolar heart rate immediately when the test finished.
hPolar heart rate when starting the measurement with the app.
iPolar heart rate at the end of the measurement with the app.
jHeart rate measured by the app at the end of the test.
kVO2max: maximum oxygen consumption.
lCriterion VO2max P0, P1, and P2: VO2max estimated with the hypothetical arrival at the UKK test finish line considering walking speed and heart
rate at P0, P1, and P2, respectively.
lVO2max estimated by the app calculation.
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Field Test Validation and Reliability (Phase 2)

Validity
Table 3 shows the mean differences among app minus criterion
measures within the app, along with the ICC and MAPE values,
which express accuracy as a percentage of the error. Of note,

distance, time, and HR were underestimated by the app, and
consequently overestimated VO2max. The systematic error was
significantly different from zero for all studied outcomes
(P<.001) except for HR at P2. In addition, there was moderate
validity found for HR at P0 and good validity found for VO2max
at P0 based on the ICC.

Table 3. Validity of 2km FIT-App (Android version) in comparison with criterion measures (UKK test).

r dICCc (95% CI)MAPEb (%)P aDifference (app – cri-
terion), mean (SD)

Criterion measure
(UKK test), mean
(SD)

2kmFIT-App mea-
sure, mean (SD)

Outcomes

N/Ae–3.52<.001–70.40 (51.47)2000.0 (0.00)1929.6 (51.47)Distance (meters)

0.970.971 (0.928-0.988)–3.58<.001–0.58 (0.44)16.75 (1.79)16.16 (1.93)Time (min)

Heart rate (beats/minute)

0.840.731 (–0.211 to 0.928)–11.77<.001–16.75 (9.96)142.35 (16.54)N/AP2f – P0g

0.860.770 (–0.197 to .0939)–10.70<.001–15.05 (9.56)140.65 (16.77)N/AP2 – P1h

0.900.947 (0.869-0.979)–1.53.28–1.95 (7.83)127.55 (16.84)125.60 (18.32)P2

VO2maxi (ml/min/kg)

0.950.878 (–0.125 to 0.972)9.41<.0013.59 (2.01)38.16 (5.27)N/AP2 – P0

0.940.887 (–0.102 to 0.974)8.88<.0013.40 (2.03)38.35 (5.29)N/AP2 – P1

0.950.948 (0.569-0.986)4.93<.0011.96 (1.89)39.79 (5.73)41.75 (6.06)P2

aOne-sample t test: the intertrial difference was entered as a dependent variable; the P value indicates whether the mean difference is significantly
different from 0 for all measures.
bMAPE: mean absolute percentage error; calculated as ([study outcome – criterion measure]/criterion measure) × 100.
cICC: intraclass correlation coefficient; model two-way mixed and single measures.
dPearson correlation coefficient.
eN/A: not applicable.
fPolar heart rate when the measurement of the app is completed and shown.
gPolar heart rate immediately when the test finished.
hPolar heart rate when starting the measurement with the app.
iVO2max: maximum oxygen consumption; estimated with the hypothetical arrival at the UKK test finish line considering walking speed and heart rate
at P0, P1, and P2, respectively.

Figures 3 and 4, and Figures S1 and S2 in Multimedia Appendix
1 show the Bland-Altman plots used to evaluate the agreement
between the estimated HR and VO2max measured through

2kmFIT-App against criterion measures. The MAPE (Table 3)
revealed that 2kmFIT-App underestimated distance, time, and
HR at P0, and consequently overestimated VO2max at P0.
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Figure 3. Agreement and regression plots for heart rate as measured by the app (2kmFIT-App, Android version) versus criterion. In the Bland-Altman
plot, the central line represents the mean difference (systematic error) and the upper and lower dotted lines represent the 95% limits of agreement (mean
difference, SD 1.96 of the differences). Criterion HR P0: polar HR taken immediately when the test finished; R: Pearson correlation coefficient; R2:
coefficient of determination; bpm: beats per minute.

Figure 4. Agreement between the estimated app (2kmFIT-App, Android version) maximal oxygen consumption (VO2max) versus criterion VO2max.
The central line represents the mean difference (systematic error) between app and criterion measures. Upper and lower dotted lines represent the 95%
limits of agreement (mean difference, SD 1.96 of the differences). R: Pearson correlation coefficient; R2: determination coefficient. Agreement between
app VO2max and (A) criterion VO2max P0 (VO2max estimated to the hypothetical arrival at the UKK test finish line considering walking speed and
heart rate at P0).

Reliability
Table 4 shows the mean differences among app minus test-rest
measures within the app for assessing reliability, along with the

ICC values. The systematic error was significantly different
from zero for distance and pace. There was good reliability as
revealed by the ICC for app HR and excellent reliability for app
VO2max.
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Table 4. Reliability of 2kmFIT-App (Android version) based on test-retest analysis with the app.

rcICCb (95% CI)P valueaDifference (retest
– test), mean (SD)

Retest, mean (SD)Test, mean (SD)Variable

0.560.620 (0.077-
0.848)

.0125.99 (43.21)1955.60 (34.91)1929.61 (51.47)Distance (meters)

0.880.935 (0.839-
0.974)

.50–0.15 (0.94)16.02 (1.83)16.16 (1.93)Time (minutes)

0.930.957 (0.870-
0.984)

.03-0.18 (0.33)8.20 (0.88)8.37 (0.90)Pace (min/km)

0.870.897 (0.742-
0.959)

.15–4.5 (13.44)121.10 (26.05)125.60 (18.32)Heart rate P2d (beats/minute)

0.880.932 (0.830-
0.973)

.190.92 (3.04)42.67 (6.18)41.75 (6.06)VO2max P2e (ml/kg/min)

aOne-sample t test.
bICC: intraclass correlation coefficient.
cr: Pearson correlation coefficient.
dHeart rate P2: Polar heart rate when the measurement of the app is completed and shown.
eVO2max P2: maximum oxygen consumption considering polar heart rate when the measurement of the app is completed.

Discussion

Principal Findings
The objective of this study was to analyze the validity and
reliability of a smartphone app (2kmFIT-App) for measuring
distance, HR, and CRF using Android and iOS mobile operating
systems. 2kmFIT-App was demonstrated to be valid and reliable
with the Android mobile operating system for measuring CRF,
HR, and distance in comparison with CRF estimated by the
UKK test, HR measured by a standard Polar HR monitor, and
distance measured with a measuring wheel, respectively. First,
our validity analysis revealed that 2kmFIT-App (Android,
version 2) underestimated distance (–70.40 meters) and HR
(–1.95 beats/minute), and overestimated VO2max (3.59
ml/min/kg) with an ICC higher than 0.73 for all variables.
Second, test-retest reliability showed that 2kmFIT-App
(Android, version 2) overestimated distance (25.99 meters) and
VO2max (0.92 ml/min/kg), but underestimated HR (–4.5
beats/minute). Third, the iOS version of 2kmFIT-App did not
obtain accurate measures of HR at medium exercise intensity,
thereby its field-test validation and reliability were not further
investigated. Collectively, our investigation highlights the
potential of 2kmFIT-App as a new and portable device for safely
measuring CRF with a low margin of error in the Android
mobile operating system.

In-Laboratory Validation (Phase 1)
One of the major challenges of this investigation was the validity
of 2kmFIT-App iOS versions to measure HR. None of the iOS
versions we developed achieved precise HR measurements at
medium exercise intensities. This lack of accuracy was also
found when we tested other commercially available iOS-based
HR apps (see Multimedia Appendix 1). This finding concurs
with the study of Bouts et al [21] who did not find strong
correlations between an electrocardiogram and two iOS-based
HR apps (Instant Heart Rate: HR monitor; Runtastic Heart Rate
Monitor). More significant bias in HR measurement was found

at medium exercise intensities. Although identifying the
technological reason for this error is complex, we can speculate
a justification for this outcome. The iPhone 6 and later models
include a hybrid infrared radiation filter. This filter is designed
to reflect or block infrared wavelengths and is usually used to
enhance poor lighting conditions. In resting conditions, the
difference between oxygenated (red color) and deoxygenated
(blue color) blood is low; however, during medium or higher
exercise intensities, the contrast becomes higher. Therefore, a
possible hypothesis is that the hybrid infrared filter preprocesses
the finger image captured (diminishing the contrast between
oxygenated and deoxygenated blood), which increases noise in
the measurement of HR. Specifically, it could be assumed that
the more variability in the blood volume, which occurs at higher
frequencies of HR, the greater the measurement error will be.

Field Test Validation and Reliability (Phase 2)
Our results revealed high levels of agreement between
2kmFIT-App and criterion references, with an ICC ranging
from 0.73 to 0.97. Although ICC and r values suggested good
validity, we also found a systematic error. The criterion-related
validity analyses suggested that the app measure of distance
provided lower values than the criterion distance, which could
be interpreted as a slight underestimation. Specifically,
2kmFIT-App underestimated the distance by 70.40 meters,
demonstrating a <4% MAPE from the reference (2 km). Similar
to this finding, Benson et al [12] obtained an underestimation
of 80 meters (trial 1) and 49 meters (trial 2) with the Motion X
GPSTM app against sport-specific global GPS with a criterion
distance of 2.4 km. The systematic error between repeated
measures (reliability) taken through 2kmFIT-App demonstrated
a relatively low error in the distance (25.99 meters). Of note,
our investigation was performed in an open-air area (on an
athletic track); however, some aspects such as the relatively
dense environment (eg, tall buildings, dense vegetation, urban
canyons), the manner of carrying the smartphone (pocket or
arm), and walking in a straight line or making circles might
influence satellite fixing, and therefore precision in distance
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measurement [22]. Despite these variables, the interest in using
apps as stand-alone physical activity monitors is increasing
[23]; thereby, our app has proven accuracy in track distance,
indicating its validity for determining the walked distance.

2kmFIT-App showed a high degree of validity for measuring
HR against Polar RS300X at the end of the UKK test. The
systematic error between the app HR and criterion HR at P2
was –1.95 beats/minute, indicating an underestimation of the
app with a MAPE <2%. The accuracy of 2kmFIT-App was
equivalent regardless of the HR at which the UKK test was
finished. Moreover, it is worth mentioning that absolute
differences over 20 beats/minute were not observed in any
measurement, and only 14.63% (6 measures) reached a
difference of up to 10 beats/minute. These results do not concur
with those of Coppetti et al [24] who found more than 20%
absolute differences at over 20 beats/minutes using some
commercially available apps. Furthermore, in contrast to our
data, Coppetti and colleagues showed an overestimation for the
Instant Heart Rate app (4.52 beats/minute) and Heart Fitness
app (1.96 beats/minute) measured at resting conditions.
Nevertheless, our results are in line with those of Yan et al [25]
who found slight underestimation by the Cardiio smartphone
app at different exercise intensities, thereby confirming our
findings.

The reliability results (retest minus test) indicated the good
reliability of 2kmFIT-App with an ICC of 0.89. Of note, this
study was conducted under uncontrolled light and temperature
conditions, which might have influenced the absorbed and
reflected light by the blood and finger tissues, and in turn
increased the measurement error [26]. Thus, using our app in
relatively controlled light and temperature environments could
achieve more valid results. Although 2kmFIT-App was proven
to be a portable and cost-effective tool for monitoring HR in
resting and postexercise conditions, such influencing factors
should be considered when using the app.

The most salient finding of this study is that the Bland-Altman
graph showed valuable information about the high level of
agreement for app VO2max at P2 against VO2max estimated
by the UKK test, as revealed by the ICC (0.94) and MAPE
(4.93%). Furthermore, the accuracy of the app VO2max at P2
was the same regardless of the VO2max obtained at the end of
the test. In addition, the criterion-related validity analyses
suggested that app VO2max at P2 provides higher values than
the criterion, which was interpreted as an overestimation.
According to the UKK test guide, walking time is the most
important factor affecting the results of the test. In this sense,
2kmFIT-App underestimated the time by an average of 0.58
minutes, which provides one possible explanation for the
overestimation. Another important aspect that likely contributed
to the measurement error of app VO2max is HR. 2kmFIT-App
took an average of 25.85 seconds to measure HR from the end
of the test (time at P0 – time at P2), and during that time the
HR fell 16.18 beats/minute on average with 59.46% variation
(between participants). Thus, the time needed for measuring
HR through 2kmFIT-App is the major drawback to be
recognized in our investigation. Nevertheless, this limitation
could be improved with two actions: decreasing the

measurement time of HR by 2kmFIT-App (ie, improving
smartphone technology) and applying a correction factor to the
equation for estimating app VO2max. In this context, the
equation VO2max corrected=2.24 + 0.89 × X can be used to
solve the overestimation of 2kmFIT-App in determining the
CRF, in which X is the estimated VO2max when using the
criterion methods recommended in the original UKK test.

Moreover, reliability analyses revealed excellent agreement
(ICC=0.93) within trials (retest minus test) of app VO2max.
These results suggest the suitability of 2kmFIT-App for
monitoring changes in intervention studies with a smaller margin
of error, in which precise measurements are needed. Similarly,
Brooks et al [27] demonstrated the reliability of the SA-6MWT
app to measure exertional capacity using the 6-minute walk test.
However, 2kmFIT-App is the only app that is currently able to
estimate VO2max considering a single physiological measure
(HR).

There is no doubt that apps have great potential in clinical and
research settings [28]; however, they may not always have an
acceptable margin of error. Therefore, researchers, clinicians,
and sports specialists should demand scientific validation of
apps. In this context, the risk of CRF testing should also be
considered, especially in maximal tests. Thus, an app using a
submaximal test to estimate CRF is a safer choice, especially
when testing is not supervised. 2kmFIT-App is the first validated
app for this purpose that is capable of being self-administered
and to remotely monitor CRF, making it suitable for most
people. Although 2kmFIT-App is suitable for the general
population, it can be an especially powerful tool for the
prevention and management of cardiovascular disease risk
factors [29].

Limitations and Strengths
A limitation of our study is the time required by 2kmFIT-App
to calculate HR immediately at the end of the 2-km walk. This
fact leads to a decrease in HR (recovery) and results in a slight
overestimation of VO2max. Moreover, there were some
occasional technical issues that should be recognized, such as
app freezing or reduced blood circulation in the fingers when
a colder temperature could influence data collection. In addition,
as a common feature of device-based experiments, the
participants were aware of the device worn and the study design,
and therefore were not blinded. Additionally, 2kmFIT-App was
tested with specific Android hardware, whereas other
smartphones with different hardware but the same operating
system might potentially present different results. The
gold-standard methods to measure HR and VO2max were not
used in this investigation, since our goal was to test whether we
could translate the original UKK test protocol to a smartphone
version, and therefore we followed the instructions of the
original protocol. The validity of the UKK test to estimate
VO2max against gas analyzed in laboratory conditions has been
proven elsewhere [11,18,30,31]. However, to our knowledge,
2kmFIT-App is the first native app capable of estimating CRF,
including a physiological measure (HR), after exercise using
PPG technology. The high reliability shown by 2kmFIT-App
to estimate CRF, HR, and distance should be recognized as a
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strength. The possibility of self-administering this test anywhere
in the world and at any time makes 2kmFIT-App a powerful
tool for public health.

Conclusion
The results of this study provide important messages for sports
specialists and health care professionals. 2kmFIT-App is a new
and scientifically validated tool that is capable of objectively

and remotely estimating CRF, HR, and distance with a low
margin of error in the Android, but not in the iOS, mobile
operating system. Given the high reliability achieved,
2kmFIT-App can be used for measuring and monitoring changes
precisely with an Android phone. The utility of this app would
not only be for the scientific field but also for the millions of
people who currently perform physical exercise at a recreational
level (not professionally) and want to track their level of CRF.
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ICC: intraclass correlation coefficient
MAPE: mean absolute percentage error
PPG: photoplethysmography
UKK test: 2-km walk test
VO2max: maximal oxygen consumption
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Abstract

Background: Multimodal wearable technologies have brought forward wide possibilities in human activity recognition, and
more specifically personalized monitoring of eating habits. The emerging challenge now is the selection of most discriminative
information from high-dimensional data collected from multiple sources. The available fusion algorithms with their complex
structure are poorly adopted to the computationally constrained environment which requires integrating information directly at
the source. As a result, more simple low-level fusion methods are needed.

Objective: In the absence of a data combining process, the cost of directly applying high-dimensional raw data to a deep classifier
would be computationally expensive with regard to the response time, energy consumption, and memory requirement. Taking
this into account, we aimed to develop a data fusion technique in a computationally efficient way to achieve a more comprehensive
insight of human activity dynamics in a lower dimension. The major objective was considering statistical dependency of
multisensory data and exploring intermodality correlation patterns for different activities.

Methods: In this technique, the information in time (regardless of the number of sources) is transformed into a 2D space that
facilitates classification of eating episodes from others. This is based on a hypothesis that data captured by various sensors are
statistically associated with each other and the covariance matrix of all these signals has a unique distribution correlated with
each activity which can be encoded on a contour representation. These representations are then used as input of a deep model to
learn specific patterns associated with specific activity.

Results: In order to show the generalizability of the proposed fusion algorithm, 2 different scenarios were taken into account.
These scenarios were different in terms of temporal segment size, type of activity, wearable device, subjects, and deep learning
architecture. The first scenario used a data set in which a single participant performed a limited number of activities while wearing
the Empatica E4 wristband. In the second scenario, a data set related to the activities of daily living was used where 10 different
participants wore inertial measurement units while performing a more complex set of activities. The precision metric obtained
from leave-one-subject-out cross-validation for the second scenario reached 0.803. The impact of missing data on performance
degradation was also evaluated.

Conclusions: To conclude, the proposed fusion technique provides the possibility of embedding joint variability information
over different modalities in just a single 2D representation which results in obtaining a more global view of different aspects of
daily human activities at hand, and yet preserving the desired performance level in activity recognition.

(JMIR Mhealth Uhealth 2021;9(1):e21926)   doi:10.2196/21926
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Introduction

It is a proven fact that chronic diseases including obesity,
diabetes, and metabolic disorders are highly correlated with
eating behavior and regarding the importance of this issue,
application of wearable sensors for capturing eating-related
activities has been widely studied in the literature [1-6]. These
studies can be categorized into 3 groups, including food intake
detection, food type classification, and food content estimation.
Among these groups, food intake detection has been considered
as the first phase in food intake monitoring, and studies around
it mainly focused on detecting chewing activity (acoustic-based
assessment) [7-10] or hand gestures movement (motion-based
assessment) [11-13] during eating episodes. The majority of
the proposed methods rely on single sensing approaches, for
example, using electromyography sensor, accelerometer sensor,
or microphone [14-17]. However, it is believed that precisely
discriminating eating episodes from other confounding activities
requires processing multiple parameters from several sources.
For this reason, multimodal assessment is a common target of
interest today. Taking as an example, using data from both
accelerometer and gyroscope sensors proposed in [18] reached
an accuracy of 75% in detecting eating activity. These kinds of
sensors quantify specific features of hand-to-mouth gestures as
well as jaw motion associated with dietary intake. Later on,
adding images of food into data captured by accelerometer and
gyroscope was suggested for eating episodes detection [19].
Analysis of these meal images can also extract information of
food content and estimate dietary energy intake. Data taken by
GPS were also added as input parameters to correctly predict
eating activity [20]. Audio signals of chewing sound was a
further option added to a data set of both motion data and meal
images which improve the accuracy of eating periods detection
up to 85% [21]. Therefore, according to the aforementioned
studies, it is valuable to develop algorithms that can take
advantage of multiple data sources for monitoring applications
rather than focusing on a single sensor. The sources of different
modalities will provide richer information in comparison to a
single source.

However, although using different modalities provides further
opportunities to explore more complementary information, the
growing number of different modalities has brought new
challenges due to increase in the volume and complexity of the
data. For dealing with these high-dimensional data sets and
lowering the computational time, some studies implement
feature selection process including forward features selection
[22], random forest [23], and principal component analysis [24]
to reduce the data size and select important parameters/features.
For combining the information captured by different sensors,
the classification score fusion has been introduced in literature
as an option. Papapanagiotou et al [25] fused support vector
machine scores from both photoplethysmography and audio
signals. Regarding discriminating eating episodes from other
activities, researchers applied different classification tools from
support vector machine [26] to artificial neural network [27].
They also found that appropriate epoch size ranges from 10 to
30 seconds [28]. However, recent advances in machine learning
methods have increasingly captured the attention of many

research groups for distinguishing food intake intervals from
others based on deep learning techniques. Convolutional neural
network has been used for automatically detecting intake
gestures from raw video frames [29]. Convolutional neural
network was also proposed by Ciocca et al [30] for image-based
food recognition.

The aforementioned studies focused on data represented by
features set and its corresponding fusion as well as decision
fusion of classifiers. What remains to be addressed is
investigating the sensor fusion for quantitatively integrating
heterogeneous sources of information. Taking this into account,
this study aimed to combine data derived from disparate sensors
such that the resulting information has lower dimension and yet
maintains the important aspects of original data.

To the best of our knowledge, there is no research focused on
sensor fusion for personalized activity identification using
different data sets collected by wearable devices. The proposed
fusion here is based on a hypothesis that data captured by
multiple sources are statistically correlated with each other and
their 2D covariance representation has a unique distribution
associated with the type of activity.

Methods

Implementation of Sensor Fusion Algorithm
The proposed algorithm automatically transformed data from
different sensors in time into a single 2D color representation
that provides fast effective support for discriminating eating
episodes from others. The idea of this method was on the
hypothesis that data driven by different sensors have correlation
with each other and a covariance matrix of all these
measurements has a unique distribution associated with each
type of activity which can be visualized as a contour plot. With
2D covariance contour as input data sets, deep model–learned
specific patterns in 2D correlation representation related to
specific activity.

The following is a summary of the steps followed in the
proposed method to detect eating episodes:

Step 1
Forming the observation matrix derived from all sensors; the
corresponding covariance matrix can then be formed in 2 ways.
The first way is to calculate pairwise covariance between each
sample across all signals. The second way is to calculate
pairwise covariance between each signal across all samples.
The algorithm steps based on the second way are as follows:

The pairwise covariance calculation between each column
combination:

Cij = cov(H(:, i), H(:, j)) (1)

where H is observation matrix.

The covariance coefficient of 2 columns of i and j can be
calculated as follows:

cov(Si, Sj)=1/(n–1)Σm
k=1(Sik–µi)(Sjk–µj) (2)

Si = M(:, i), Sj = M(:, j)
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where μi is the mean of Si, μj is the mean of Sj, and m is the
number of samples within the window.

Step 2
Obtaining the covariance coefficient matrix of all columns
according to the following equation:

where n is the number of observations.

Step 3
Creating a filled contour plot containing the isolines of obtained
matrix C so that given a value for covariance, lines are drawn
for connecting the (x, y) coordinates where that covariance value
occurs. The areas between the lines were then filled in solid
color associated with the corresponding covariance value.

Step 4
Feeding contour plot to the deep network to classify the
sequences related to each activity. Two different scenarios were
considered for this study. These scenarios were different in
terms of covariance matrix calculation, temporal segment size,
type of activity, wearable device, subjects, and deep learning
architecture. In the first scenario, calculating pairwise covariance
between each sample across all signals was considered. In the
second scenario, calculating pairwise covariance between each
signal across all samples was taken into consideration.

First Scenario for Evaluation of Algorithm
In the first scenario, data were recorded from a single participant
wearing the Empatica E4 wristband on the right hand for 3 days.
The data set includes the following data: (1) ACC—data from
3-axis accelerometer sensor in the range [–2g, 2g] (sampled at
32 Hz); (2) BVP—data from photoplethysmograph (sampled
at 64 Hz); (3) EDA—data from the electrodermal activity sensor
in microsiemens (sampled at 4 Hz); (4) IBI—interbeat intervals,
which represent the time interval between individual beats of
the heart (intermittent output with 1/64-second resolution); (5)
TEMP—data from temperature sensor expressed in the °C scale
(sampled at 4 Hz); and (6) HR—These data contain the average
heart rate values, computed in spans of 10 seconds.

The window length for this scenario was selected to be 500
samples. This analysis was performed on 2954 500-sample
segments after making all signals in the same size with sample
frequency of 64 Hz. Segments were picked so that 1000 of them
contained sleeping intervals, and 1000 of them captured during
working with computer and others were during eating episodes.

The deep learning architecture used in this scenario was a deep
residual network. The proposed deep learning architecture for
image-to-label classification is presented in Figure 1 and
consisted of a deep residual network with 3 2D convolution
layers, followed by batch normalization, ReLU, max pooling,
and fully connected layers. The 2D convolutional layer applied
sliding convolutional filters to the input contour image. The
output of this network is a categorical response, and therefore
a softmax and classification layers were also added as last layers.
There is also a shortcut to jump over some layers.

Figure 1. Deep learning network architecture.

Table 1 provides detailed information about the proposed
network layers. This information includes the sizes of layer
activations. The training parameters of the deep learning model
are given in Table 2. The mini-batch size and the maximum

number of epochs were set to 100 and 10, respectively. Fivefold
cross-validation was also used to check the performance of the
model.
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Table 1. Detailed information about the layers of proposed network.

ActivationsLayer typeNumber

300 × 300 × 3Image input1

300 × 300 × 32Convolution2

300 × 300 × 32Batch normalization3

300 × 300 × 32ReLU4

150 × 150 × 64Convolution5

150 × 150 × 64Batch normalization6

150 × 150 × 64ReLU7

150 × 150 × 128Convolution8

150 × 150 × 128Batch normalization9

150 × 150 × 128ReLU10

150 × 150 × 128Convolution11

150 × 150 × 128Addition12

75 × 75 × 128Max pooling13

1 × 1 × 500Fully connected14

1 × 1 × 10Fully connected15

1 × 1 × 3Fully connected16

1 × 1 × 3Softmax17

—aClassification output18

a—: Not available

Table 2. The model training parameters.

ValueParameter

0.001Initial learn rate

0.1Learn rate drop factor

2Learn rate drop period

100Mini batch size

10Max epochs

PiecewiseLearn rate schedule

Second Scenario for Evaluation of Algorithm
In the second scenario, an open data set associated with the
activities of daily living was considered. The data set was
collected from 10 healthy participants, performing 186 activities
of daily living while wearing 9-axis inertial measurement units
on both left and right arms [31].

The considered activities can be grouped into 4 separate
categories: (1) mobility, including walking, sitting down and
standing up, and opening and closing the door; (2) eating,
including pouring water and drinking from glass; (3) personal
hygiene, including brushing teeth; and (4) housework, including
cleaning the table [31].

The recorded data include quaternions (with resolution of
0.0001), accelerations along the x, y, and z axes (with resolution
of 0.1 mG), and angular velocity along the x, y, and z axes (with
resolution of 0.01 degrees per second) [31].

Data annotation for all the experiments was manually performed
based on videos recorded by an RGB camera [31].

The window length for this scenario was selected to be 50
samples. This analysis was performed on 4478 50-sample
segments. Segments were picked so that 1132 segments
contained walking episodes, 20 segments contained sitting down
episodes, 16 segments contained standing up episodes, 366
segments contained opening the door episodes, 400 segments
contained closing the door episodes, 1208 segments contained
pouring water and drinking from glass episodes, 704 segments
contained brushing teeth episodes, and 632 segments contained
cleaning the table episodes.

As training from the scratch on relatively small-scale data sets
is susceptible to overfitting, a pretrained model for extracting
deep features was suggested in this scenario. The deep learning
architecture used in this section was the InceptionResNetV2
pretrained model. This pretrained classification network has
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already learned on more than 1 million images. As this network
was trained on extremely large data sets, it is capable of being
served as a generic model. Therefore, this section used layer
activation of the pretrained InceptionResNetV2 architecture as
features to train a support vector machine for classifying
different activities. The parallel computing platform of Tesla
P100 PCIe 16 GB was used for implementing this deep structure.
The depth, size, and number of parameters in the pretrained
InceptionResNetV2 network were 164, 209 MB, and 55.9 M,
respectively. Leave-one-subject-out cross-validation was
considered for performance evaluation of classification.

Results

Applying the Proposed Algorithm on the First Scenario
Signals captured from different sensors during eating, sleeping,
and working with computer are plotted in Figure 2. This figure
illustrates how characteristics of data coming from different
sources vary a lot. Figure 3 shows how the values in the
eating-related data captured by different sensors are spread out
in their boxplots, and how their distributions differ from each
other. As these signals cannot be described by the same
distribution, they are said to be heterogeneous. This
heterogeneity brings up the issue of how to integrate the
information from such diverse modalities. This spread in the
range of scales across the various modalities causes a simple
approach to be not enough for reliable activity detection and a
therefore a more sophisticated technique is required.

Figure 2. Time series amplitude of each modality captured during 1 episode of 3 different activities of eating, sleeping, and working with computer
(the number of samples per second is 64).

Figure 3. Distribution of data captured by different sensors for a portion of eating episode.

Figure 4 shows the preprocessing steps performed on the raw
data to prepare input data for a 2D deep residual network. As
shown in Figure 5, covariance coefficients between channels

were first derived and presented in the form of contour map.
The obtained image was fed to a deep network as input image.
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Figure 5 shows examples of covariance coefficients contour
generated from different modalities. The horizontal and vertical
axes represent the sample number. The value of correlation
coefficients is represented by the color, with dark colors

corresponding to low values and bright colors corresponding
to high values. As seen in figures, there is a visible difference
in the color patterns of correlation coefficients contour for
different activities.

Figure 4. Generating covariance coefficients contour for a 500-sample eating episode (pairwise covariance was calculated between each sample across
all signals).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e21926 | p.405http://mhealth.jmir.org/2021/1/e21926/
(page number not for citation purposes)

Bahador et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 5. Examples of covariance coefficients contour for different activities. (A) Eating; (B) Working with computer; (C) Sleeping.

The performance metrics variations including epoch number,
iteration number, time elapsed, mini-batch accuracy, validation
accuracy, and loss function value for the validation data are
plotted in Figure 6. The number of epochs was chosen to be 10
over 200 iterations. The training and testing proportions, being
considered as 70% and 30%, respectively, were randomly
assigned from each label. The training data were also shuffled

before every epoch. Learning rate was reduced over epochs and
its speed was updated by decreasing the learning rate, and
multiplying it by a fractional learn rate drop factor over a
specific number of epochs. According to Figure 6, the small
validation loss allows to conclude that this method has
generalization capability.
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Figure 6. Deep learning model performance over observations in the mini-batch.

Convergence of average accuracy and loss function during
training and validation for 10 epochs was plotted in Figures 7
and 8. The result of the covariance-based model has rapidly
converged to a stable value with no sign of overfitting.

Confusion matrix in Figure 9 shows the results obtained from
validation data sets of covariance coefficients contour.

Figure 7. Accuracy variation in each epoch of deep residual network with input images of covariance coefficients contour.
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Figure 8. Loss function variation in each epoch of deep residual network with input images of covariance coefficients contour.

Figure 9. Confusion matrix for the validation set of deep residual network with input images of covariance coefficients contour.

Applying the Proposed Algorithm on the Second
Scenario
Figure 10 shows an example of covariance map generated from
different modalities in the second scenario.

The visualization of performance of the fusion method applied
on the second scenario is plotted in Figure 11 and shows how
the algorithm is confusing 2 classes.

The elapsed time for the training process of the model was
39.2714 seconds. The latency for making decision on the new
input was 0.1459 seconds. Various statistics calculated from
the confusion matrix for a comprehensive study are listed in
Table 3. Based on classification results, it is possible to find
how well classification of different activities was done by taking
advantage of the proposed sensor fusion.
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Figure 10. Covariance map for a 50-sample walking episode (pairwise covariance was calculated between each signal across all samples was taken
into consideration).

Figure 11. The results of applying pretrained deep learning architecture on the fused data.
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Table 3. Comprehensive study of pretrained deep learning classifier’s performance.

ValuesMetrics of classifier’s performance

0.95083Accuracy

0.80335Precision (positive predictive value)

0.19664False discovery rate

0.02809False omission rate

0.97190Negative predictive value

0.12500Prevalence

0.80335Recall (hit rate, sensitivity, true positive rate)

0.02809False-positive rate (fall-out)

28.5965Positive likelihood ratio

0.19664False-negative rate (miss rate)

0.97190True-negative rate (specificity)

0.20233Negative likelihood ratio

141.334Diagnostic odds ratio

0.77525Informedness

0.77525Markedness

0.80335F-score

0.80335G-measure

0.77525Matthews correlation coefficient

Comparison With Similar Studies
Data captured by different sensors in order to detect eating
intervals have been explored by many studies. These studies
focused on analyzing several types of data captured by different
sensors from accelerometers and gyroscopes to respiratory
inductance plethysmography and oral cavity. However, as seen
in Table 3, the number of modalities involved in detecting food
intake intervals has been up to 2. Therefore, this study
investigated whether eating event detection by simultaneous
processing of 8 different modalities (eg, 3-axis accelerometer
sensor, photoplethysmography, electrodermal activity sensor,

interbeat intervals, temperature sensor and heart rate) is feasible.
The obtained results showed an overall validation accuracy
comparable to the approaches proposed earlier in the literature
(Table 4). Furthermore, the proposed data fusion framework in
this research provided a simple way of integrating multiple data
sources applicable for deep learning methods in human activity
monitoring, while previous studies focused on applying raw
data. When it comes to cloud computing as well as big data for
the purpose of human activity monitoring using wearable
sensor-based technologies, the cost of directly applying
high-dimensional raw data to a deep classifier would be
computationally expensive.

Table 4. Comparison of previous studies on food intake episodes detection.

Accuracy, %MethodModalitiesStudy

85Correlation matchingAcoustic signal[32]

90.6Support vector machine classificationFood image and speech recording[33]

86.6Artificial neural networkElectroglottograph[34]

86Time and amplitude thresholdingPiezoelectricity[35]

85.5Decision tree classifierAccelerometer and gyroscope[36]

77(1) Deep Boltzmann and (2) Machine with deep neural network classifierChewing sound[37]

91.9Convolutional neural networkPiezoelectricity[38]

82.5-96.4Convolutional-recurrent neural networkAcceleration and orientation velocity[39]

Investigating the Effect of Missing Values
The proposed data fusion technique also has the challenge of
data imperfection, which could be overcome by using data
imputation methods. Missing samples can affect the contour

representation of covariance matrix to a great extent which
makes it necessary to be recovered using missing value filling
methods.
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Figure 12 demonstrates how the moving median method (as a
sample of interpolation methods) can recover the contour
representation suffered from the missing data. The moving
median was done over a window of length 20. However, there

is still a huge gap for addressing the issue of data
inconsistencies, which will let the gates open for future studies.

Table 5 shows the impact of missing data without using any
imputation on performance degradation in the second scenario.

Figure 12. Contour representation (A and C) before and (B and D) after applying moving median for missing data.
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Table 5. Impact of missing data on performance degradation.

Missing value percentageMetrics of classifier’s performance

2515.58.332.221.110

0.883260.885010.895330.895910.914000.95083Accuracy

0.533070.540070.581320.583650.656030.80335Precision (positive predictive value)

0.466920.459920.418670.416340.343960.19664False discovery rate

0.066700.065700.059810.059470.049130.02809False omission rate

0.933290.934290.940180.940520.950860.97190Negative predictive value

0.125000.125000.125000.125000.125000.12500Prevalence

0.533070.540070.581320.583650.656030.80335Recall (hit rate, sensitivity, true-positive rate)

0.066700.065700.059810.059470.049130.02809False positive rate (fall-out)

7.991668.219969.719339.8130813.350628.5965Positive likelihood ratio

0.466920.459920.418670.416340.343960.19664False-negative rate (miss rate)

0.933290.934290.940180.940520.950860.97190True-negative rate (specificity)

0.500290.492260.445310.442670.361740.20233Negative likelihood ratio

15.973816.698221.825922.167836.9063141.334Diagnostic odds ratio

0.466370.474370.521510.524180.606890.77525Informedness

0.466370.474370.521510.524180.606890.77525Markedness

0.533070.540070.581320.583650.656030.80335F-score

0.533070.540070.581320.583650.656030.80335G-measure

0.466370.474370.521510.524180.606890.77525Matthews correlation coefficient

Discussion

Principal Findings
Recent advances in biosensor technologies [40,41] and consumer
electronics have led to precise physiological monitoring and
more specifically accurate activity recognition. Activity
recognition based on wearable device is one of the most rapidly
growing research areas in personalization of analyses. Physical
characteristics, health state, lifestyle, moving style, and gender
are parameters that can be highly personalized. Therefore, in
order to consider generalization of prediction or classification
models, the data should be labeled personally, and the focus of
research should be more on personalized analysis [42,43]. One
way to personalize data is automatic identification of human
activities and consequently labeling data based on different
activities.

Regarding human activity recognition, we are facing upcoming
transition from analyzing single modality to processing data
collected from multiple sources with enormous diversity in
terms of information, size, and behavior. This increases the
complexity of classification problems and requires low-level
data fusion to simultaneously integrate significant information
in all modalities, and yet compressing the data directly at the
source. This fusion process is important in a sense that reduction
of communication load to other device or to the cloud requires
local extraction of information from raw data stream in the
sensor level. Therefore, fused raw data in a compressed form
are super important in terms of minimizing the amount of data

needed to be stored or needed to be sent. It is also important in
saving battery power and reducing transmission time.

Regarding the importance of implementing a low-level fusion
method with simple structure, this study presented a general
framework for implementing efficient fusion based on
covariance map. The promising classification results reached
precision of 80.3% and showed that global 2D covariance
representation can reliably quantify the difference between
activities, as it provides a simple abstract representation of
correlation over modalities.

For performance assessment of the proposed algorithm, the
method was implemented on 2 separate scenarios. These
scenarios were different regarding the temporal segment size,
type of activity, wearable device, subjects, and deep learning
architecture. The obtained results showed the ability of the
proposed fusion technique to generalize to other data sets with
different modalities, participants, and tasks.

Limitations in Existing Literature
There are many ways of integrating modalities for activity
recognition task [44-57], with the 3 major groups being
sensor-level [45,49,50], feature-level [44,57], and decision-level
[51-56] fusion. Fusion at the decision level is the most frequently
used method which takes advantage of training machine learning
and deep learning models for each modality. When it comes to
merging scores of these networks for the purpose of data fusion,
the practical applications are limited by their complex process
which lead to more computationally heavy processing and make
them inapplicable for implementing on low-power systems.
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Therefore, such techniques cannot be considered as low-level
data fusion.

There are only a few methods for low-level data fusion, with 2
focused on using Bayesian network for sensor-level fusion
[45,50]. These Bayesian networks usually involve a
time-consuming process of hyperparameter tuning. Correctly
implementing hyperparameter optimization is usually complex
and computationally expensive. A small change in the values
of hyperparameters can highly affect the performance of model.
In this sense, it could be said that the low-level fusion methods
with simple structure can outperform sophisticated ones.

Strengths of the Proposed Method
Unlike complex fusion techniques based on evolutionary
computation [48], machine learning approaches [47,51,53,54],
Bayesian models [44,45,50,55], Kalman filtering [49], and
neural networks [46], the proposed fusion method had very
simple implementing procedure, and yet capable of revealing
the common trends and similarities among recorded modalities.
It was also free of the number and type of sensors used for
collecting data. This could be an important benefit as there is
high diversity in sensor technology deployed for activity
recognition and the choice of sensors vary a lot from one case
to another. The sensors used in activity recognition studies
include vibration and contact sensor [44], tap sensor [45], motion
sensor [46], ventilation sensor [47], heart rate sensor [48],
magnetometer sensor [49], temperature sensor [50],

electrocardiogram sensor [51], accelerometer sensor [52], and
gyroscope [54]. Furthermore, this method is universal in a sense
that it can cover a wide spectrum of problems including tracking
activity of daily living, elderly monitoring, fall detection, smart
home, ambient assisted living, behavior analysis, among others.
It could help in decreasing the final cost of the monitoring
framework by deploying fusion in the first step of classification
process (applying fusion algorithm in the final step needs
independently analyzing data for every single component and
combining the final results which make the implementation
computationally expensive). Providing the possibility of visually
representing the correlation among modalities and reducing
dimension by embedding the sensory data in just a single 2D
representation can be considered as other strengths of the studied
technique.

Future Work
A limitation to this research is that both tested scenarios were
performed on healthy volunteers, which may be far from the
cases including actual patients who suffer from movement
disability or major health problem. This could be included in
future work.

Future research direction will also include implementing the
fusion algorithms for the scenarios in which one or more
modalities are missing. The applicability of the findings will
be also tested for other problems rather than activity recognition.
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Abstract

Background: Despite a range of efforts to increase physical activity participation in Australia, inactivity levels in older adults
have remained high over recent decades, contributing to increased rates of chronic health conditions. Lifestyle interventions,
including telephone counseling (TC), improve physical activity participation and associated health outcomes over the short term;
however, ongoing feedback and support is required to maintain these changes. Newer technologies such as wearable activity
trackers (ATs) may offer an alternative method for providing ongoing support.

Objective: This study aims to investigate whether newer technologies such as wearable ATs assist in providing ongoing support
to maintain physical activity levels and health outcomes.

Methods: Older adults aged >60 years who had just completed a 12-week face-to-face individualized community exercise
program in Tasmania, Australia, participated in the study. They were randomized to receive AT, TC, or usual care (UC). All
groups received a home exercise program and an optional referral to a community-based exercise program. The AT group also
received an AT and text message feedback from an accredited exercise physiologist (AEP). The TC group received phone calls
from an AEP throughout the 12-month intervention. The primary outcome was daily steps measured by an ActivPAL (TM)
accelerometer at baseline and at 3, 6, and 12 months. Secondary outcome measures included body composition, blood pressure,
10-time sit-to-stand (TTSTS) test, timed up and go test, and cardiorespiratory fitness. This trial was approved by the Tasmanian
Health and Medical Human Research Ethics Committee (H0014713).

Results: A total of 117 participants were randomized to the study (AT, n=37; TC, n=38; UC, n=42). At baseline, the participants
(75/117, 64.1% female; mean age 72.4 years, SD 6.4) completed an average of 6136 steps (SD 2985) per day. Although there
were no significant differences between groups, the TC and AT groups maintained daily step counts (mean difference [MD] −79
steps, 95% CI −823 to 663 steps; P=.81; and MD −588 steps, 95% CI −1359 to 182 steps; P=.09), and UC showed a reduction
in daily steps (MD 981 steps, 95% CI −1668 to −294 steps; P=.003) during the 12-month period. Diastolic blood pressure was
significantly higher after AT than after UC (MD 5.62 mm Hg, 95% CI 1.30 to 9.94 mm Hg; P=.01), and TTSTS was significantly
slower on TC compared with UC (MD 2.36 seconds, 95% CI −0.14 to 4.87 seconds; P=.03).

Conclusions: The use of an AT with AEP support or TC is effective at maintaining daily step count in older adults over a
12-month period, suggesting that wearable ATs are as effective as TC. Further research to investigate which option is more
cost-effective would be beneficial.

Trial Registration: Australian New Zealand Clinical Trial Registry ACTRN12615001104549;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=369118
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Introduction

Background
Appropriate and ongoing support is needed to assist older adults
to engage in regular physical activity to minimize the functional
decline and loss of independence associated with aging [1].
Structured lifestyle interventions are effective at increasing
physical activity participation and improving strength and
functional capacity in older adults [2,3]. Traditionally, structured
lifestyle interventions use education sessions, behavior change
techniques (BCTs), and self-monitoring [4]. Although these
methods provide an initial increase in physical activity
participation, physical activity levels tend to revert to
preintervention levels once the structured intervention finishes
[5,6]. As physical activity participation needs to be maintained
to preserve the associated health benefits, effective strategies
to assist older adults to continue to be physically active
following a lifestyle intervention are required.

Several systematic reviews have assessed methods of
maintaining physical activity participation [7,8]. Telephone
counseling (TC) has been shown to be effective as both a booster
strategy [7] and an intervention to provide ongoing support to
promote habitual behavior change [8]. Evidence suggests that
longer duration interventions with more regular phone calls
demonstrate greater effectiveness [8]. Despite the established
benefits of TC, there are significant time and resource barriers
to its implementation in standard practice [9].

Activity trackers (ATs) provide consumers with the ability to
objectively monitor and receive feedback relating to daily
physical activity and can provide health professionals with an
objective measure, allowing for the provision of targeted
feedback and ongoing support [10]. Furthermore, ATs may offer
a less resource-intensive alternative to TC. The use of an AT,
particularly when included as part of a broader behavioral
intervention, has been shown to be effective at increasing
physical activity levels in different populations [11]. There is
a paucity of long-term interventions (>6 months) in relation to
older adults. In addition, few studies have compared the use of
an AT as a stand-alone intervention compared with other
established behavioral or lifestyle interventions [12,13].

Objectives
Consequently, this study aimed to examine the effects of a
commercially available AT with usual care (UC) and an
established method of postintervention follow-up (TC) to assist
older adults in maintaining their daily step count over a
12-month period. It was hypothesized that older adults in both
the AT and TC groups would maintain physical activity levels

over the 12-month intervention compared with those in the UC
group.

Methods

The study was a three-arm, 12-month randomized controlled
trial (RCT) investigating the use of an AT, TC, and UC in the
maintenance of physical activity levels and health outcomes in
older adults. The study was approved by the Tasmanian Health
and Medical Human Research Ethics Committee (H0014713)
and was registered with the Australian New Zealand Clinical
Trials Registry (ACTRN12615001104549). This study was
reported in accordance with the CONSORT-EHEALTH
(Consolidated Standards of Reporting Trials of Electronic and
Mobile HEalth Applications and onLine TeleHealth) checklist
[14].

Recruitment and Randomization
To be eligible, participants had to have completed the 12-week
Strength2Strength (S2S) Tasmania Exercise Treatment Initiative,
be above the age of 60 years, and have or be at risk of
developing a chronic medical condition. The S2S program was
a community-based 12-week exercise and education program
led by accredited exercise physiologists (AEPs) in Tasmania,
Australia. The S2S program provided participants with
individually tailored exercise programs to suit their health
conditions and goals. The primary focus of the exercise program
was strength-based exercises; however, a range of
cardiovascular, strength, and balance exercises were included.
Participants’ exercise prescriptions were reviewed weekly and
progressed as required. In addition to attending the S2S program,
participants were encouraged to complete an adapted version
of their exercises for the home environment at least twice a
week.

The RCT was a community intervention, with assessments
conducted at the University of Tasmania exercise clinic.
Participants were excluded from the study if they chose not to
participate in the S2S program, had an unstable medical
condition that prevented them from participating in regular
physical activity, had a neurological condition, or had a limited
understanding of English, which prevented them from meeting
the self-reporting requirements of the study. All outcome
measures were collected at the start and the end of the S2S
program and at the 3-, 6-, and 12-month follow-up (Figure 1).
Data collected at the start of the S2S program were not included
in this analysis, as they were collected to inform a health
economic analysis that will be reported elsewhere. Additional
details regarding the S2S initiative and the design of the larger
study have been published elsewhere as a protocol paper [15].
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Figure 1. Study design showing time points for recruitment, randomization, and all data collection. All intervention groups included usual care. UC:
usual care.

All participants were provided with information regarding the
study at the beginning of the S2S program. The lead researcher
answered questions and completed the consent process with
interested participants. Randomization was performed using
computer-generated blocks of 15 by a third person not directly
involved in the study and was recorded in sealed opaque
envelopes with envelopes opened sequentially at the end of the
S2S program to reveal the intervention allocation. Participants
from the same household were randomized to the same
intervention group to maintain intervention integrity (a total of
16 participants). Participants were asked to avoid using physical
activity monitoring devices other than those directly provided
by researchers for the duration of the study.

Intervention Groups
The UC group received standard care, which included the
provision of an individualized home-based exercise program.
The home program included similar exercises to those prescribed
during the S2S program but modified for the home environment
and for any equipment that was available to the participant. An
optional referral to a range of community-based physical activity
programs was also offered.

In addition to receiving UC, participants randomized to AT
were provided with a Jawbone UP24 (TM; Jawbone, Inc) AT
and ZTE (TM) mobile device and data plan. Participants who
already had a compatible smartphone could choose to use the
mobile device provided or their own device. No reimbursement
for data costs was provided to those who chose to use their own
smartphone. The device was worn on the nondominant wrist
for the duration of the 12-month intervention. Participants were
provided with an individual information session on how to use,
pair, and charge the device at the time of randomization to the

AT group. Written instructions and telephone support were
provided to troubleshoot any technical issues. A separate
Jawbone account was created for each participant, allowing the
AEP to remotely access each participant’s daily step data. The
Jawbone UP24 (TM) was paired to synchronize with the
Jawbone UP (TM) app on the mobile device. A daily step goal
was individually prescribed for each participant based on their
physical function and current level of physical activity. This
daily step goal was programmed into the UP (TM) app at the
time of randomization, with automated feedback provided by
the tracker and app based on this daily step goal. Participants
were asked to synchronize the tracker with the UP (TM) app at
the end of each day but could check the progress toward their
daily step goal as desired. In addition to daily feedback available
through the UP (TM) app, participants received weekly,
personalized text messages from an AEP. The text message
contained feedback related to average daily steps and a
comparison of their daily step goal with that of the previous
week. The daily step goal was slightly adjusted (±200-500 steps)
during the weekly text message feedback from the AEP based
on the previous week’s step data. The daily step goal in the UP
(TM) app however remained the same, as this could not be
adjusted remotely. If participants continued to significantly
underachieve or exceed their initial daily step goal, the UP (TM)
app was adjusted during their 3-, 6-, or 12-month assessment.
An example of the text messages sent to participants by the
AEP is provided in Multimedia Appendix 1.

Participants randomized to the TC group received UC and a
physical activity counseling phone call once a fortnight for the
first 3 months and once a month for the remaining 9 months of
the intervention. Phone calls were delivered by an AEP
experienced in motivational interviewing techniques [16],
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following set protocols to determine the participants’
self-reported physical activity levels. The protocol allowed the
AEP to offer tailored support and advice regarding exercise
prescription and modification and assist participants to identify
and address any barriers limiting their physical activity
participation [15]. Participants were asked to self-report activity
levels and compliance with their home-based exercise program
and to identify any issues preventing them from being physically
active. Constructs from the Social Cognitive Theory [17],
including the use of goal setting and self-monitoring, the
provision of feedback, and motivational interviewing techniques
(eg, affirming, reflective listening, summarizing, and informing
and advising) to improve self-efficacy were used during phone
calls. Participants in the TC group were asked to refrain from
using a wearable AT for the duration of the intervention.

Outcome Measures
The primary outcome measure was physical activity
participation in the form of a daily step count measured by an
ActivPAL (TM) accelerometer (PAL Technologies Ltd), which
has been shown to be a valid and reliable device for monitoring
physical activity in older adults and individuals with an altered
walking gait. The ActivPAL (TM) was enclosed in a small
flexible sleeve to cover the monitor and fitted to the front of the
thigh using a Tegaderm (TM) film to allow participants to
perform their usual daily activities (including showering or
bathing) with the device in place. The ActivPAL (TM) was
worn day and night for a 7-day period with a minimum of 5
days’ worth of valid data required for inclusion at each
assessment time. Data files from the ActivPAL (TM) were
downloaded from the devices, and event files were created using
a proprietary software (ActivPAL3, version 7.2.38; PAL
Technologies). Event files were analyzed using a custom
software (National Instruments Labview 2017) to determine
daily step counts and total nonstepping time. Only days with
full recordings were considered. Daily step counts were averaged
for each assessment time point. Nonstepping time was calculated
by summing the time spent lying, sitting, and standing over a
24-hour period. Self-reported physical activity (total minutes
of activity and metabolic equivalent [MET] per minute per
week) were obtained using the Active Australia Survey (AAS)
[18]. The AAS assesses leisure time physical activity and
includes the number of sessions and total time spent in planned
walking, vigorous-intensity gardening or housework, and
planned moderate- or vigorous-intensity physical activity. The
AAS has been demonstrated to be valid in community-dwelling
older adults [19]. The secondary outcomes included health risk
factors, functional measures, and quality of life. Health risk
factors were measured using standardized protocols and included
body weight, BMI, and systolic blood pressure (SBP) and
diastolic blood pressure (DBP) [15]. Body fat percentage (BF%)
and lean mass (LM) were assessed using bioimpedance analysis
scales [20]. LM was reported in kilograms rather than percentage
to provide an absolute measure of LM, which may change
relative to other body composition factors. The 10-time
sit-to-stand (TTSTS) test was used to measure functional lower
body strength [21] and the timed up and go (TUAG) test was
used to assess dynamic balance and mobility [22], both of which
relate to the ability to perform activities of daily living. The

6-min walk test (6MWT) [23] was used to assess
cardiorespiratory fitness for participants who had mobility
issues, including walking with aids. This is a self-paced test,
requiring participants to walk as many laps of a 10-meter course
as they can in 6 min. The Modified Shuttle Walk Test (MSWT)
is an externally paced incremental walking test requiring
participants to walk, jog, or run laps of a 10-meter course,
keeping pace with an audio recording until they are unable to
maintain the required pace [24], and was used for the remainder
of the participants. Quality of life was assessed using the
Short-Form 36-Item Health Survey (SF-36) [25]. Participants’
health conditions were provided by the referring practitioner
upon referral to the S2S program and checked with the
participant during their initial assessment before commencing
the S2S program. For ease of reporting, health conditions were
categorized as follows: cardiovascular, metabolic,
musculoskeletal, pulmonary, cancer, and mental health
conditions. The wear time of the AT was calculated as the total
number of days in which the tracker was worn divided by the
total number of available days (365 days). Nonwear days were
defined as days in which zero steps were recorded.

Power Calculation
During the 12-week S2S intervention, participants reported a
mean increase of 450 MET minutes of physical activity per
week, with an SD of 1.5 times the change. The sample size was
calculated on a predicted maintenance of 100% of additional
physical activity in the AT and TC groups and a decrease of
50% of additional physical activity in the UC group over the
12-month intervention. STATA 12 (Stata Corp) was used to
calculate the sample size on the basis of a mean difference (MD)
of 225 MET minutes per week with an SD of the change of 350
MET minutes per week, a power of 80%, and an α level of .05.
This indicated a required sample size of 38 participants per
group. To allow for withdrawals, 50 participants per group were
recruited.

Statistical Analysis
All data were analyzed using STATA version 13.1 (StataCorp
LLC) and graphically represented using GraphPad Prism
(version 7.00 for Windows, GraphPad Software). Comparisons
between the 3 interventions (as change from baseline) were
made using mixed effects, repeated measures linear regression
and replicated with ordered logistic regression adjusted for
repeated measures because the assumptions of linear regression
were not met for most variables. P values for comparison
between groups were adjusted with Holm test for multiple
comparisons. Statistical analysis was first conducted by
completing the missing values through the last observation
carried forward (LOCF) technique [15]. In addition,
intention-to-treat (leaving missing values as blank) and
per-protocol (only for people who completed all assessment
time points) analyses were conducted. Intention-to-treat and
LOCF included all 117 participants. The per-protocol analysis
included 75 participants (UC=26, TC=25, and AT=24). The
results are presented from mixed effects models in
intention-to-treat analyses because it adjusts the maximum
likelihood estimates based on the missing data and provides a
more powerful analysis without ad hoc imputations with the
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LOCF analysis. This technique also retains the sample size
compared with the per-protocol analysis. For ease of
understanding, results comparing the 3 interventions are shown
as MD and 95% CI from mixed effects, repeated measures linear
regression but with P values obtained from logistic regression
analyses adjusted for multiple comparisons.

Results

Between September 2014 and June 2016, 152 people consented
to participate when starting the S2S program, with 117
randomized to one of the study intervention groups on
completion of the S2S program. The average age of the
participants was 72.4 years (SD 6.5; range 60.3-88.7 years).
Figure 2 shows the progression of the participants through the
trial. Baseline characteristics are presented in Table 1.

Figure 2. CONSORT (Consolidated Standards of Reporting Trials) diagram. ITT: Intention to Treat; S2S: Strength2Strength.
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Table 1. Baseline (end of the Strength2Strength program) characteristics of randomized participants.

Total (N=117)Activity tracker
group (n=37)

Telephone counsel-
ing group (n=38)

Usual care group
(n=42)

Outcome measure

72.4 (6.5)72.3 (7)72.8 (7)71.9 (6.0)Age (years), mean (SD)

Gender, n (%)

75 (64.1)24 (65)22 (58)29 (69)Female

42 (35.9)13 (35)16 (42)13 (31)Male

Physical activity, mean (SD)

6136 (2985)6764 (3244)4996 (2533)6590 (2908)Steps

1088 (118)1093 (107)1099 (138)1073 (109)Nonstepping time (minutes per 24 hours)

183 (239)174 (252)176 (187)200 (279)Self-reported activity (minutes)

652 (855)618 (892)608 (680)730 (994)Self-reported activity (metabolic equivalents per minute)

Body composition, mean (SD)

84.2 (21.5)83.6 (19)84.6 (22.6)84.5 (23.1)Weight (kg)

31.0 (7.4)30.2 (6.1)31.2 (8.2)31.5 (7.8)BMI (kg/m2)

36.7 (9.6)36.9 (9.4)35.3 (10.2)37.9 (9.5)Body fat (%)

48.6 (10.3)48.6 (9.1)49.9 (11.1)47.5 (10.6)Muscle mass (kg)

Blood pressure, mean (SD)

130 (17)129 (13)128 (20)131 (16)Systolic blood pressure (mm Hg)

76 (9)76 (8)77 (10)76 (9)Diastolic blood pressure (mm Hg)

Physical function, mean (SD)

22.2 (7.4)23.7 (8.4)21.5 (6.8)21.7 (7.1)Ten-time sit-to-stand (seconds)

7.5 (2.9)7.8 (3.1)7.5 (2.9)7.2 (2.9)Timed up and go (seconds)

Quality of life, mean (SD)

54 (21)55 (20)55 (20)52 (22)SF-36a physical health summary score

67 (18)68 (18)68 (16)64 (20)SF-36 mental health summary score

Health conditions, n (%)

67 (57)21 (57)21 (55)25 (59)Cardiovascular disease

56 (48)16 (43)14 (37)26 (62)Metabolic disease

79 (67)30 (81)23 (60)25 (59)Musculoskeletal conditions

22 (19)6 (16)9 (24)7 (17)Pulmonary conditions

21 (18)4 (11)9 (24)8 (19)Cancer

18 (15)5 (13)9 (24)4 (9)Mental health conditions

84 (72)27 (73)28 (74)29 (69)≥2 chronic conditions

14 (12)6 (16)4 (10)4 (9)Gait aid

aSF-36: Short-Form 36-Item Health Survey.

Participants in the AT group wore the AT for an average of 84%
of the available days (306 out of 365 days). The number of
nonwear days ranged from 1 to 164 days. The reasons for not
wearing the band included forgetting to put the band on (all
participants on at least one occasion), technical issues (n=20),
illness (n=8), and holidays (n=5). Participants in the TC group
received an average of 12 (SD 2) phone calls. Phone calls lasted
an average of 11.1 min. The primary reason for missed phone
calls was due to participants being away on holidays (n=5).

Over the 12-month intervention period, the UC group showed
a significant reduction in the daily step count (MD 981 steps,
95% CI −1668 to −294 steps; P=.005). In contrast, step counts
for the TC and AT groups did not change (MD −79 steps, 95%
CI −823 to 663 steps; P=.81; and MD −588 steps, 95% CI −1359
to 182 steps; P=.09, respectively). There were no significant
differences in changes in daily step counts between any of the
groups over the 12-month intervention (P≥.14; Figure 3).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e18686 | p.422https://mhealth.jmir.org/2021/1/e18686
(page number not for citation purposes)

Brickwood et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Figure 3. Change in daily steps with standard error of the mean between randomization and 12-month follow-up.

Objectively measured nonstepping time did not change over
the 12-month period, and no differences were observed among
the 3 groups between baseline and 12 months. Self-reported
physical activity levels also did not change over the 12-month
period, and there were no differences among the 3 groups at 12
months (Table 2).

No changes in body weight were observed over the 12-month
period; however, there was a mean increase in BF% observed
in both the TC and AT groups (MD 1.51%, 95% CI
0.43%-2.58%; P=.006; and MD 1.89%, 95% CI 0.82%-2.97%;
P=.001, respectively). For LM, no change was observed between
baseline and 12 months in the AT and TC groups, whereas the
UC group showed a significant reduction in LM over the
12-month period (MD −1.13 kg, 95% CI −2.26 to −0.01 kg;
P=.05).

DBP was significantly reduced over the 12-month period in the
UC group (MD −4.10 mm Hg, 95% CI −7.02 to −1.18 mm Hg;
P=.02), whereas no changes were observed in the TC and AT
groups. SBP remained unchanged during the 12-month
intervention period, and no differences were observed between
the 3 groups. Therefore, there was a significant reduction in
DBP in the UC group when compared with the AT group (MD
5.62 mm Hg, 95% CI 1.30 to 9.94 mm Hg; P=.01). No other

between-group differences for DBP were observed between
baseline and 12 months.

The UC group was the only group to demonstrate an
improvement in TTSTS performance during the 12-month
intervention period (MD −1.10, 95% CI −2.80 to 0.70; P=.03).
The UC group performed the TTSTS significantly faster than
the TC group between baseline and 12 months (MD 2.36
seconds, 95% CI −0.14 to 4.87 seconds; P=.03). The time taken
to perform the TUAG did not change over the 12-month period
for any of the intervention groups nor did the groups differ over
the 12-month follow-up.

Of the 117 participants, a total of 58 participants (UC=19,
TC=21, and AT=18) completed the MSWT, whereas 59
(UC=22, TC=17, and AT=18) completed the 6MWT. No
differences in the distance walked during either the MSWT or
6MWT were observed between the 3 intervention groups or
between baseline and 12 months within any of the intervention
groups.

Self-reported physical function or mental health scores as
measured by the SF-36 did not change during the 12-month
intervention period for the 3 intervention groups, and there was
no difference between groups at 12 months.
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Table 2. Results of the included outcome measures at baseline and at 3, 6, and 12 months with within- and between-group P values.

Between
groups ver-

sus TCb

Between groups

versus UCa
Within-group changes at 12 monthsOutcome measure

P value12 months6 months3 monthsBaseline

Physical activity participation

Steps per day, mean (SD)

N/AN/Ad<.01 c5836 (2422)6968 (3551)7050 (3083)6590 (2908)UC

N/A.14.815080 (2084)5271 (2124)5354 (2192)4996 (2533)TC

.30.45.097091 (3241)7552 (3701)7937 (4324)6764 (3244)ATe

Nonstepping time (minutes per 24 hours), median (IQR)

N/AN/A.071101 (1015-1204)1067 (961-1158)1035 (942-1122)1088 (797-1141)UC

N/A1.00.281106 (1071-1224)1113 (1028-1180)1108 (965-1174)1119 (1021-1203)TC

.99.67.291100 (990-1158)1046 (992-1149)1064 (969-1139)1085 (1034-1151)AT

Self-reported activity (minutes per week), median (IQR)

N/AN/A.27137 (30-230)155 (75-255)175 (106-330)135 (50-265)UC

N/A.95.28120 (60-290)108.5 (40-202)170 (120-260)132.5 (50-400)TC

1.01.0.10207 (90-375)180 (95-295)210 (140-140)270 (112.5-489)AT

Self-reported activity (metabolic equivalents per minute per week), median (IQR)

N/AN/A.34505 (105-871)590 (300-930)625 (109-1215)460 (170-960)UC

N/A.98.42480 (210-1030)388 (145-765)648 9480-965)436.5(200-1330)TC

1.01.0.11760 (345-1425)680 (632-1047)840 (525-1550)982.5 (415-1890)AT

Body composition

Weight (kg), mean (SD)

N/AN/A.3977.7 (17.4)79.3 (19.8)82.8 (24.1)84.5 (23.1)UC

N/A.24.1986.6 (24.5)86.1 (23.1)86.2 (22.8)84.6 (22.6)TC

.19.83.6184.7 (17.2)85.7 (17.6)85.1 (16.6)83.6 (19)AT

BMI (kg/m2), mean (SD)

N/AN/A.6029.9 (6.5)30.1 (6.7)31.2 (7.7)31.5 (7.8)UC

N/A1.0.9331.5 (8.9)31.8 (8.8)31.7 (7.8)31.2 (8.2)TC

1.0.87.4730.5 (5.9)30.8 (6.0)30.9 (5.7)30.2 (6.1)AT

Body fat (%), median (IQR)

N/AN/A.0841.8 (33.5-47.7)39 (32.1-46.8)39.9 (30-47.3)40 (31.9-46.7)UC

N/A.39<.01 c40.7 (30-47.1)40.4 (26.6-44.6)40.3 (28.3-43)37.3 (27.2-44.1)TC

.95.61<.01 c39.6 (32.5-44.2)39.9 (29.4-44.4)38.1 (31.8-44.3)38 (30.4-44.4)AT

Lean mass (kg), mean (SD)

N/AN/A.05 c43.1 (6.2)44.9 (9.2)45.9 (10.3)47.5 (10.6)UC

N/A.53.3649.9 (10.8)50.2 (10.3)50.9 (11.1)49.9 (11.1)TC

.62.49.8449.3 (8.6)50.7 (9.5)49.6 (9.2)48.6 (9.1)AT

Blood pressure

Systolic blood pressure (mm Hg), median (IQR)

N/AN/A.71130 (125-140)129 (120-135)137 (124-140)130 (122-140)UC

N/A.84.95130 (122-135)128 (123-144)129 (120-137)130(120-140)TC
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Between
groups ver-

sus TCb

Between groups

versus UCa
Within-group changes at 12 monthsOutcome measure

P value12 months6 months3 monthsBaseline

.90.94.80129 (125-140)130 (122-135)128 (120-139)128 (120-138)AT

Diastolic blood pressure (mm Hg), median (IQR)

N/AN/A.02 c70 (70-75)73 (65-79)75 (70-80)74(70-80)UC

N/A.36.3575 (70-80)75 (70-80)78 (70-84)76(70-83)TC

.15.01c.1180 (74-80)78 (70-80)76 (73-80)78(70-80)AT

Physical function

Ten-time sit-to-stand (seconds), median (IQR)

N/AN/A.03 c18.3 (14.9-24.0)19.3 (15.9-24.5)18.9 (16.4-22.6)20.3 (16.8-24.1)UC

N/A.02 c.1820.5 (16.5-22.7)20.7 (17.4-24.5)20.3 (18.5-24.4)20.9 (15.9-23.8)TC

.38.14.9721.7 (16.7-28.3)19.7 (16.2-28.0)19.7 (14.9-27.3)21.3 (18.6-27.9)AT

Timed up and go (seconds), mean (SD)

N/AN/A.716.8 (2.6)7.2 (2.5)6.9 (2.6)7.2 (2.9)UC

N/A.83.177.3 (2.3)7.3 (2.4)7.2 (2.2)7.5 (2.9)TC

.93.47.217.9 (3.2)7.5 (3.0)7.9 (3.6)7.8 (3.1)AT

6 -min walk test (meters), median (IQR)

N/AN/A.51350 (335-422)352 (300-384)324 (272-400)345 (299-413)UC

N/A.38.24358 (312-467)338 (294-430)336 (244-430)298 (220-450)TC

.24.72.30291 (244-445)295 (228-410)342 (244-380)375 (240-400)AT

Modified shuttle walk test (meters), median (IQR)

N/AN/A.48450 (415-590)530 (440-660)520 (390-640)460 (360-570)UC

N/A.84.31530 (440-590)555 (440-600)480 (350-570)440 (380-540)TC

.861.0.26555 (450-620)555 (480-630)630 (520-640)490 (390-560)AT

Quality of life

SF-36f physical health summary score, median (IQR)

N/AN/A.4863 (39-71)51 (31-72)51.5 (31.5-77)50 (36-72)UC

N/A.97.7652 (43-69)52 (41-68)49 (68-70)60 (38-72)TC

.51.63.1960 (47-70)61 (36-79)54.5 (40-77)53 (39-73)AT

SF-36 mental health summary score, median (IQR)

N/AN/A.7677 (52-84)67 (42-82)65.5 (54-83)68 (53-84)UC

N/A.96.7377 (55-84)69 (54-78)73 (54-80)72.5 (52-82)TC

1.01.0.3576 (68-82)73 (62-82)71 (53-83)72 (53-83)AT

aUC: usual care.
bTC: telephone counseling.
cStatistically significant.
dN/A: not applicable.
eAT: activity tracker.
fSF-36: Short-Form 36-Item Health Survey.

The results from the LOCF and per-protocol analyses showed
similar results with a few key exceptions. For the LOCF
analysis, the UC group showed a significant increase in
nonstepping time (P=.05) between baseline and 12 months,

whereas the AT group showed a significant decrease in
self-reported minutes of physical activity per week between
baseline and 12 months (P=.04). This was also observed in the
per-protocol analysis (self-reported minutes per week, P=.02;
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self-reported MET per minute per week, P=.01). The previously
observed significant decrease in LM and time taken to perform
the TTSTS between baseline and 12 months for the UC group
was found to be no longer significant following the LOCF
analysis (P=.09 and P=.07, respectively). Following the
per-protocol analysis, a significant decrease in body weight was
observed in the UC group (P=.05), and DBP in the AT group
was found to differ significantly from the TC group (P=.05) in
addition to the UC group, which was observed in the
intention-to-treat analysis.

Discussion

Principal Findings
This study aimed to investigate how wearable ATs may assist
in providing ongoing support to maintain physical activity levels
and health outcomes in older adults compared with TC and UC
over a 12-month intervention. We found that both ATs and TC
were similarly effective at successfully maintaining daily step
count over the 12-month intervention. The UC group maintained
daily step count throughout the 9 months; however, a significant
reduction in daily steps was observed at 12 months. Although
previous research has suggested that the use of ATs either as
part of a broader intervention or as a stand-alone intervention
can significantly improve daily step counts [11], this is the first
study to investigate the use of ATs to assist in the maintenance
of physical activity over a 12-month period following a
structured lifestyle intervention. Previous research has indicated
that wearable ATs can help maintain physical activity
participation (in cancer survivors) in the 3 months following a
lifestyle intervention [26]. Using step count as a proxy for
physical activity, our data demonstrate that, in older adults, this
benefit can last at least a year and is as effective as the next best
alternative, TC.

Interestingly, the results of the LOCF analysis showed a
significant reduction in self-reported physical activity during
the 12-month intervention in the AT group, reporting a mean
decrease of 100 min of activity per week. The AT group was
the only intervention group to consistently self-report performing
at least 150 min of activity throughout the 12-month intervention
and was performing between 70 and 87 min more of physical
activity than both the UC and TC groups at 12 months. As this
is approximately 50% of the recommended levels of physical
activity, the AT group exceeded the minimally important clinical
difference when compared with the TC and UC groups [27].
This suggests that even though a significant decrease in
self-reported physical activity was observed in the AT group,
it is unlikely that it had any significant implications for
participants because of their overall higher levels of activity. It
is also important to consider that results from the LOCF analysis
are unlikely to reflect the true results of the study [28],
particularly because of the high number of participants (15/113,
13.2%) who withdrew before completing the 3-month
assessment. As noted in the Methods section, the LOCF analysis
was completed as it was specified in the published protocol for
this study [15] before the withdrawal of these participants.

Although overall body weight did not change for any of the
included intervention groups, some changes in body composition

were observed. An increase in BF% was observed in all
intervention groups but was significant only in the TC and AT
groups. Although elevated BF increases the risk of
cardiovascular disease [29] and is associated with increased
mortality [30], preservation of physical activity levels reduces
mortality risk, even in individuals with elevated BF [31]. Despite
the significant increase in BF%, this equated to a mean increase
of only 0.3 kg in fat mass for both the AT and TC groups and
therefore unlikely to place them at greater risk of chronic health
conditions. In addition, the UC group showed a significant
decrease in LM, with a reduction of almost 10% in LM between
baseline and 12 months. The few previous studies that examined
the effects of AT use on body composition and have included
LM either reported decreases in LM across all groups potentially
due to the incorporation of dietary intake restrictions or reported
no change [32,33]. A key difference between this study and
previous studies, which may potentially explain why LM was
maintained in the AT and TC groups, is that the participants of
this study were older and less healthy and therefore at an
increased risk of developing sarcopenia. We speculate that the
additional physical activity performed by the AT and TC groups
helped to preserve their LM and subsequently assisted in
delaying obligatory age-related sarcopenia, as has been shown
previously in older adults who exercise [34]. In the long term,
this preservation of LM could also subsequently reduce
functional decline and mortality risk [35,36].

Although unexpected, a significant reduction in DBP and an
improvement in physical function as measured by TTSTS was
observed in the UC group, with significant differences also
observed between the UC and AT groups for DBP and the UC
and TC groups for TTSTS. The reason for the decrease in DBP
observed in the UC group and the observed difference between
the UC and AT groups are potentially related to the 6.8 kg
weight loss in the UC group. Although this finding was not
statistically significant, it did exceed the minimum clinically
important difference for weight loss [37]. As the association
between weight loss and reduction in blood pressure is well
documented in individuals both with and without hypertension
[38], this may have influenced the observed reduction in DBP
in the UC group. In relation to the observed reduction in TTSTS
time at 12 months in the UC group and differences between the
UC and TC groups for the time taken to perform a TTSTS, the
reasons are less clear. It has been suggested that weight loss
alone can result in significant improvements in physical
performance in frail, obese older adults [39]; however, because
of the significant loss in LM observed, this may not fully explain
the results observed. For a 5-time sit-to-stand test, the minimum
clinically important difference is 1.7 seconds [40]. As the MD
between the UC and TC groups was 2.3 seconds (95% CI −0.1
to 4.8 seconds) for the TTSTS, it is unclear if this would have
a clinically meaningful effect. Furthermore, when analyzed
using the LOCF analysis, a significant reduction in TTSTS time
in the UC group was no longer observed. However, the
difference between the UC and TC groups remained.

As ATs and TC were similarly effective in this study, the
advantages and disadvantages of both methods should be
considered to help determine if one is more suitable than the
other and has more potential to encourage increases or
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maintenance in physical activity. ATs have several potential
benefits compared with TC. An AT allows individuals to
self-monitor physical activity, which can improve physical
activity participation [41]. Furthermore, sharing objectively
measured data assists health care professionals in providing
tailored feedback, which improves self-management [42]. In
comparison, TC can be time intensive and resource intensive
[9] and typically relies on subjective self-reported data, which
can be unreliable in older adults [43]. It is important to note that
this study reported that telephone calls lasted an average of 11
min per call, which is significantly less than previously reported
studies [8,44]. The reason for this was most likely that the
telephone calls provided served as a check-in with BCTs used
as required to assist the maintenance of activity levels rather
than as an intervention aimed at increasing physical activity
participation. Currently, as there are limited options available
that allow the sharing of AT data with health care professionals,
it is acknowledged that providing feedback based on an
individual’s AT data can also be time intensive and resource
intensive because of the data mining and interpretation required.
Through improvements in the interoperability of proprietary
and third-party mobile apps, the level of data mining would be
reduced [45]. In addition, the development of a platform to
specifically facilitate patient AT data transfer to health
professionals would further reduce the time and resource burden
of providing ongoing, tailored support.

Strengths and Limitations
A key strength of this study was the long-term intervention
period, as most previous research included interventions of no
longer than 6 months. The study design also allowed for direct
comparison between feedback provided by an AT with TC, an
established method of providing ongoing support. Evaluating
the effect of newer technologies such as ATs is important in
understanding how they can be incorporated into standard
clinical practice. In addition, participants were recruited from
a clinical exercise program, offering a good representation of
the chronic conditions present in community-dwelling older
adults.

A limitation of this study potentially affecting the ability to
interpret results was that the a priori sample size was not met.
A total of 150 participants were recruited at the start of the S2S

program; however, a number of participants did not complete
the S2S program and were not randomized. Owing to the
cessation of the S2S program, additional participants could not
be recruited to account for the withdrawals before the
intervention. Further dropouts occurred during the 12-month
intervention. The primary reason for withdrawal was ill health,
which is not unexpected, given that more than 70% of the study
population had 2 or more chronic conditions. Overall, 5
participants withdrew from the AT group because of feeling
uncomfortable using the device. Although ATs are well accepted
in older adult populations [46], this highlights that ATs may
not be suitable for all older adults. Another consideration relates
to the frequency in which feedback was provided in each of the
intervention groups. Although the AT group received weekly
feedback, the TC group received fortnightly feedback for the
first 3 months and monthly feedback thereafter. It is possible
that more regular feedback for the TC group may have improved
participant outcomes. Finally, it is important to note that the
placement of the ActivPAL (TM) on the front of the thigh means
that some exercises, including the upper body and seated
strength exercises, would not be captured.

Conclusions
Both TC- and AT-based interventions are effective at
maintaining physical activity levels in older adults following a
structured lifestyle intervention. As connected health
technologies improve, ATs may provide an alternative to TC
to assist older adults to remain active. The costs associated with
delivering each intervention and the effects of each intervention
on health utility should also be considered and investigated
further.

Practical Implications
The following practical implications arose from the study
findings:

• A consumer-based wearable AT is an effective alternative
to traditional TC support to assist older adults in maintaining
daily step counts.

• Clinicians should consider the individual needs of patients
to determine whether TC or an AT is better suited to provide
ongoing feedback and support.

 

Acknowledgments
This research was supported by the internal funding provided by the University of Tasmania. In-kind support was provided by
Primary Health Tasmania during the recruitment and data collection phase of this research. AW was supported by a Medical
Research Future Fund Translating Research into Practice Fellowship.

Authors' Contributions
KB completed data collection, data analysis, and interpretation and preparation of the manuscript. KA assisted with data analysis
and interpretation and manuscript revisions. GW assisted with the conception of study design and manuscript revisions. JO assisted
with data interpretation and manuscript revisions. AW assisted with the conception of study design, data analysis and interpretation,
and manuscript revisions.

Conflicts of Interest
None declared.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e18686 | p.427https://mhealth.jmir.org/2021/1/e18686
(page number not for citation purposes)

Brickwood et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Multimedia Appendix 1
Example of weekly text messages sent to AT participants and Jawbone UP app user interface showing progress towards daily
step goal.
[PNG File , 203 KB - mhealth_v9i1e18686_app1.png ]

Multimedia Appendix 2
CONSORT-eHEALTH checklist (V1.6.1).
[PDF File (Adobe PDF File), 1614 KB - mhealth_v9i1e18686_app2.pdf ]
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Abstract

Background: Physical activity is evidently a crucial part of the rehabilitation process for patients with chronic pain. Modern
wrist-worn activity tracking devices seemingly have a great potential to provide objective feedback and assist in the adoption of
healthy physical activity behavior by supplying data of energy expenditure expressed as metabolic equivalent of task units (MET).
However, no studies of any wrist-worn activity tracking devices’have examined criterion validity in estimating energy expenditure,
heart rate, or step count in patients with chronic pain.

Objective: The aim was to determine the criterion validity of wrist-worn activity tracking devices for estimations of energy
expenditure, heart rate, and step count in a controlled laboratory setting and free-living settings for patients with chronic pain.

Methods: In this combined laboratory and field validation study, energy expenditure, heart rate, and step count were
simultaneously estimated by a wrist-worn activity tracker (Fitbit Versa), indirect calorimetry (Jaeger Oxycon Pro), and a
research-grade hip-worn accelerometer (ActiGraph GT3X) during treadmill walking at 3 speeds (3.0 km/h, 4.5 km/h, and 6.0
km/h) in the laboratory setting. Energy expenditure and step count were also estimated by the wrist-worn activity tracker in
free-living settings for 72 hours. The criterion validity of each measure was determined using intraclass and Spearman correlation,
Bland-Altman plots, and mean absolute percentage error. An analysis of variance was used to determine whether there were any
significant systematic differences between estimations.

Results: A total of 42 patients (age: 25-66 years; male: 10/42, 24%; female: 32/42, 76%), living with chronic pain (duration,
in years: mean 9, SD 6.72) were included. At baseline, their mean pain intensity was 3.5 (SD 1.1) out of 6 (Multidimensional
Pain Inventory, Swedish version). Results showed that the wrist-worn activity tracking device (Fitbit Versa) systematically
overestimated energy expenditure when compared to the criterion standard (Jaeger Oxycon Pro) and the relative criterion standard
(ActiGraph GT3X). Poor agreement and poor correlation were shown between Fitbit Versa and both Jaeger Oxycon Pro and
ActiGraph GT3X for estimated energy expenditure at all treadmill speeds. Estimations of heart rate demonstrated poor to fair
agreement during laboratory-based treadmill walks. For step count, the wrist-worn devices showed fair agreement and fair
correlation at most treadmill speeds. In free-living settings; however, the agreement for step count between the wrist-worn device
and waist-worn accelerometer was good, and the correlation was excellent.

Conclusions: The wrist-worn device systematically overestimated energy expenditure and showed poor agreement and correlation
compared to the criterion standard (Jaeger Oxycon Pro) and the relative criterion standard (ActiGraph GT3X), which needs to
be considered when used clinically. Step count measured with a wrist-worn device, however, seemed to be a valid estimation,
suggesting that future guidelines could include such variables in this group with chronic pain.
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Introduction

Chronic pain is defined as “pain that persists past normal healing
time and hence lacks the acute warning function of physiological
nociception” [1,2] and is a leading major public health problem
internationally due to its effects on physical, social, and
emotional functions [3]. Physical activity is a central part of
chronic pain rehabilitation due to the evident health benefits,
which include improved cardiovascular health, prolonged
lifespan [4,5], positive effects on pain intensity, health-related
quality of life, and both physical and psychological functions
[6]. The American Heart Association has provided guidelines
regarding sufficient weekly amounts of physical activity to reap
health benefits for a healthy population, as well as for
populations with chronic conditions [4,7]. For patients with
chronic pain, recommendations are to spend ≥150 minutes/week
engaged in moderate-to-vigorous physical activity (MVPA).
Moderate physical activity is defined as equal to or more than
3 and less than 6 metabolic equivalent task units (MET) [8].
One MET is defined as a resting metabolic rate obtained when
quietly seated [8]. Despite clear guidelines, it seems that
inadequate physical activity levels are common among patients
with chronic pain, which can lead to an increased risk of
physical and mental illness [5]. In rehabilitation settings,
objective estimations of physical activity are rarely used.
Instead, subjective measures are common practice due to their
high degree of acceptance, cost effectiveness, and relatively
low administrative burden [9]. However, despite its perceived
benefits, subjective estimations of physical activity domains
have estimation biases, such as recall bias and reactivity bias
[9]. Several studies [10-14] have indicated the potential of
wrist-worn activity tracking devices as tools that can facilitate
behavior change and increase the degree to which patients follow
individually modulated physical activity levels designed to
improve health. Wearable devices for physical activity tracking
have received increased interest from both the research
community and consumers aiming to quantify domains of
physical activity (eg, frequency and duration) in order to
optimize health behaviors [10,15,16]; however, before the
clinical use of these devices can be introduced, the validity of
each device needs to be established [17]. In the past decade,
there has been an increasing number of studies [18-22] assessing
the validity of wrist-worn tracking devices that measure energy
expenditure by comparison to a criterion standard such as
indirect calorimetry or accelerometry. The majority of these
validation studies were conducted among healthy adult
participants [17,23], with studies reporting somewhat conflicting
findings—both overestimation [20,23] and underestimation
[19,24,25] with Fitbit devices were reported. In a recent
systematic review [23] investigating the accuracy of Fitbit
devices, it was reported that 49% (43 of 88 comparisons)
overestimated energy expenditure, particularly during physical
activity. In an earlier systematic review of the field, Evenson
et al [17] reported a high validity of different brands of wearable

activity tracking devices regarding step count when compared
to various criterion standards made in laboratory settings
[26,27]. Regarding the validity of heart rate estimations from
by wrist-worn activity tracking devices, one study [28] have
shown that the agreement between true rate and the estimated
rate made by a wrist-worn device is higher during rest than
during MVPA in healthy subjects. To our knowledge, there has
been no prior research examining wrist-worn activity tracking
device criterion validity in estimating energy expenditure (using
MET), step count, or heart rate among patients with chronic
pain. This lack of research constitutes a substantial knowledge
gap given how important it is for patients with chronic pain to
achieve adequate amounts of weekly physical activity.
Therefore, the aim of this study was to evaluate the criterion
validity of each of these measures estimated by a wrist-worn
activity tracking device for patients with chronic musculoskeletal
pain in both laboratory and free-living settings.

Methods

Study Design
We conducted a laboratory and field validation study. Data were
collected between March 2019 to June 2020 (Health and Sports
laboratory, Dalarna University). The sample size calculation
was based on intraclass correlation (ICC), the primary statistic
in the study. In order to achieve 80% power to detect an ICC
of 0.80 (excellent agreement) with a 95% distribution (lower
limit 0.6), calculation based on published recommendations
[29] showed a requirement of 26 to 49 participants. This study
was approved by Swedish Ethical Review authority (registration
number 2018-307).

Recruitment and Study Sample
The inclusion criteria were adult age (between 18 and 67 years),
with chronic (>3 months) musculoskeletal (neck or low back)
pain or widespread pain, currently undergoing assessment or
treatment (for chronic pain) in a primary or specialized health
care clinic, and having the ability to understand information in
Swedish. The exclusion criteria were having given birth within
the previous 3 months, pregnant in the second or third trimester,
requiring a walking aid indoors, currently undergoing heart
assessment or investigation, with pain caused by malignancy
or systematic disease, or having a known allergy to plaster or
adhesive tape. Participants were recruited from 8 primary and
specialized health care clinics in Region Dalarna. Patients who
matched the study criteria (age, duration of pain, language) were
asked by clinicians for consent to be contacted by a study
representative, who conducted additional screening for
eligibility. At the test site, for safety reasons, all participants
declared whether they had been diagnosed with or experienced
a heart condition, chest pain, dizziness, high or low blood
pressure, any respiratory disorder, or diabetes before any tests
were performed. Participants’height and weight were manually
measured using a stadiometer (Holtain Limited) and a weighing
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scale (Sartorius AG). A self-rated questionnaire captured date
of birth; biological sex; education level; work status; years lived
with pain; and pharmaceutical, caffeine, and nicotine
consumption in the previous 24 hours. Participants also
completed the Swedish National Board of Health and Welfare’s
questionnaire on physical activity level (minutes per week spent
in exercise and in physical activity) [30,31]. In addition,
participants completed the Multidimensional Pain Inventory (in
Swedish) to describe psychosocial and behavioral consequences
of pain [32].

Equipment
A wrist-worn activity tracker (Fitbit Versa, Fitbit Inc), chosen
for its high degree of user-friendliness, because it can be used
with web or smartphone apps, and it is suitable for water
activities. The Fitbit Versa estimates movement (eg, active
minutes) using a triaxial accelerometer and MET/minutes based
on a combination of basal metabolic rate (adjusted for sex, age,
height, and weight), accelerometry-based activity counts, and
heart rate measured through optical sensors [33,34].

The criterion standard (gold standard) for energy expenditure
in our laboratory setting was indirect calorimetry from
pulmonary gas exchange. Oxygen uptake (VO2) and carbon
dioxide production (VCO2) was measured using a
mixing-chamber system (Jaeger Oxycon Pro) that measures
respiratory gas exchange through a mouthpiece and tube [35].
Jaeger Oxycon Pro provides an assessment of resting energy
expenditure and activity-related energy expenditure based on
type and amount of substrate oxidized and the amount of energy
produced by biological oxidation—MET values are based on
the equation: 1 MET = 3.5 mL/min/kg VO2 [8]. Before the start
of the testing protocol, ambient conditions were recorded, and
automatic volume and gas calibration was performed using a
high-precision gas mixture (Air Liquide AB). The Jaeger
Oxycon Pro has been validated by comparison to the Douglas
bag-method and has been found a reliable criterion standard for
indirect calorimetry [36]. Real-time VO2 and heart rate data
were recorded throughout the entire laboratory protocol.

The relative criterion standard was a research-grade hip-worn
accelerometer: ActiGraph GT3X-BL (ActiGraph LLC) and
appurtenant software Actilife (version 6.13.3; ActiGraph LLC).
The ActiGraph GT3X is a research-based triaxial accelerometer
commonly used as a criterion standard both in free-living and
in laboratory settings, within various populations as it is a valid
and reliable tool to quantify physical activity [11,37,38].

Procedures
According to current guidelines [39,40], in investigations aiming
to evaluate the criterion validity of a wrist-worn activity tracker,
data collection should be conducted in laboratory and free-living
settings. In the laboratory setting, energy expenditure data were
concurrently collected from Jaeger Oxycon Pro and Fitbit Versa
during rest (sitting quietly seated for 10 minutes) and during
treadmill walking (18 minutes). Heart rate data were also
collected with a chest band (Polar HR10). Step count was
estimated by ActiGraph GT3X and Fitbit Versa. The last 2
minutes of each activity (rest, treadmill speed) was included in
data analysis providing data during a steady state environment
[41]. During rest, participants were seated (wearing the facemask
with tube) in an inclined chair with supported arms, under a
blanket to avoid feeling cold. The room temperature was set at
20 °C, and the laboratory was kept quiet during the resting
period. The treadmill walk protocol consisted of 6 minutes at
each speed of 3.0 km/h, 4.5 km/h, and 6.0 km/h. At the end of
each 6 minutes, participants rated perceived exertion according
to (Borg Rating of Perceived Exertion, rating from 6-20) [42],
and after the third final speed, pain intensity was also assessed
using a visual analog scale (0 mm to 100 mm) [43]. In the
free-living setting, step count was concurrently estimated by
Fitbit Versa and ActiGraph GT3X for the subsequent 72 hours
after the laboratory testing [39]. Participants were instructed to
wear the devices simultaneously for at least 10 hours each day,
to remove the devices for sleeping, showering, and bathing, and
to record their wear-time in a logbook. Data collection started
once participants left the laboratory. A schematic overview for
the study procedure is shown in Table 1.
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Table 1. A schematic overview of the study procedure, measurements, and outcomes in both settings.

OutcomesInstruments and devicesDurationActivity

Laboratory setting

WeightSartorius weighting scaleN/AaBaseline measurements

HeightHoltain Stadiometer

Personal characteristics

Pain characteristics

Multidimensional Pain InventoryN/AQuestionnaires

Physical activity levelNational Board of Health and Welfare
questions for physical activity level

Energy expenditure, heart rateJaeger Oxycon Pro10 minutesSeated rest measurements

Energy expenditureActiGraph GT3X

Energy expenditure, heart rateFitbit Versa

Energy expenditure, heart rateJaeger Oxycon Pro18 minutes (6 minutes at 3.0,
4.5, 6.0 km/h each)

Treadmill walk measurements

Energy expenditure, step countActiGraph GT3X

Energy expenditure, heart rate, step
count

Fitbit Versa

Perceived exertionBorg´s RPE scale (6-20)

Pain intensity post–treadmill walkVisual Analogue Scale (0-100)

Free-living setting

Energy expenditure, step countActiGraph GT3X72 hoursFree-living activities

Energy expenditure, step countFitbit Versa

Wear-timeLogbook

aN/A: not applicable.

Experimental Measurement
The Fitbit Versa was initialized, and participants’ age, height,
length, and biological sex were registered. The device was
synchronized to its app (Fitbit Dashboard) and fitted on
participants’nondominant wrist according to the manufacturer’s
recommendations. To retrieve data (energy expenditure, step
count, heart rate) we deployed a web-based application
programming interface [44] with assistance from an experienced
computer programmer. Through such script, Fitbit allows users
to download defined data by minute resolution. After the devices
were returned, they were resynchronized before data was
downloaded.

Criterion Standard
Participants’ biological sex, height, and weight were entered
into the software. Data (energy expenditure, heart rate) retrieved
from Jaeger Oxycon Pro and Polar HR10 were manually
aggregated to minute resolution (from 15 s to 60 s) to correspond
with Fitbit Versa and ActiGraph GT3X data output.

Relative Criterion Measurement
ActiGraph GT3X was initialized at the 30 Hz sample rate and
participants’ date of birth, height, length, and biological sex
were entered. The device was fitted on participants’ waists, to
the right of the spine, using an elasticated belt. Data (counts per
axis, step count) were downloaded in epochs of 60 seconds,
which is commonly used in corresponding research [45]. After
download, we applied a cut-off (combining the Work-Energy

Theorem and the Freedson equation) in Actilife software
(version 6.13.4; ActiGraph LLC) that combines to calculate
energy expenditure [46]. Actilife calculates MET values based
on brand-specific activity counts and chosen cut points. We
applied the Freedson cut-point to score MET per minute [47].

Data Management and Statistics
Frequency analysis of data was performed to identify potential
errors. Manual checking of random samples (20% of the
data)was carried out and deemed satisfactory with <3% error
rate. Descriptive statistics were used to describe participant
characteristics. The Shapiro-Wilk test was used to determine
whether data were normally distributed. The criterion validity
was determined through assessment of agreement as well as
assessment of correlation between estimations and
measurements of primary outcomes energy expenditure, heart
rate, and step count in laboratory and free-living [39,40].
Agreement was assessed with ICC coefficient analysis (2-way
random, average measures, 95% CI, absolute agreement)
[48,49]. An ICC below 0.4 was considered poor, an ICC
between 0.4 and 0.59 fair, an ICC between 0.6 and 0.74 good,
and an ICC above 0.75 was considered as excellent [50].
Analysis of variance (ANOVA) was used to determine any
significant systematic differences between estimations. To
visualize the absolute, unscaled agreement [48,51],
Bland-Altman plots with 95% CI (ie, limits of agreement, LOA)
were calculated. Values beyond ±3 SD were identified as
outliers and were excluded from analysis after sensitivity
analysis. To determine correlation between estimations of energy
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expenditure, step count, and heart rate, Spearman (ρ) bivariate
correlation analysis was used, and ρ<0.2 was considered poor,
0.2≤ρ<0.6 was considered fair, 0.6≤ρ<0.8 was considered
moderate, 0.8≤ρ<0.9 was considered very strong, 0.9≤ρ<1 was
considered perfect [52,53]. In addition, mean absolute
percentage error (MAPE) were calculated as a measure of
accuracy for both measured energy expenditure, steps, and heart
rate as the mean difference between estimations of the
wrist-worn activity tracker and estimations of the criterion
measurement (Jaeger Oxycon Pro or ActiGraph GT3X)
multiplied by 100, divided by the mean of the criterion
measurement (Jaeger Oxycon Pro or ActiGraph GT3X) [27].
An MAPE value <1% was acceptable in the laboratory context
[28,54] and a MAPE <10% of the criterion value was considered
an acceptable rate of error in the free-living setting [9]. Missing
data analysis was performed as recommended by
Fox-Wasylyshyn [55] to evaluate any significant association
between missing data and participant characteristics at baseline.
Our predetermined significance level for P values was .05

Results

Participants
A total of 42 patients (female: 32/42, 76%; male: 10/42, 24%)
participated in the study, but only 41 participants completed the

protocol due to the malfunction of 1 device. The participants’
mean age was 43.8 years (SD 11.8). Participants’ mean BMI
was 29.4 (SD 5.8), 66% of participants (27/41) were
working/studying at the time of the study, and 49% (20/41)
stated that they were physically active 150 minutes/week or
more (Table 2). Most participants (36/41, 88%) completed all
3 treadmill speeds, while the remaining participants (5/41, 12%)
discontinued the treadmill test at the highest speed due to high
physical exertion or increased pain. Missing analysis revealed
1 significant result—all participants who discontinued the
treadmill walk at the highest speed reported being physically
active <150 minutes/week at baseline, while 44% (16/36) among
those who completed all 3 treadmill speeds rated <150
minutes/week (P=.05). The mean ratings of perceived exertion
at the end of each treadmill walk were 9 (SD 2), 12 (SD 2), and
14 (SD 2) for 3.0 km/h, 4.5 km/h, 6.0 km/h. Pain intensity
ranged from 1 mm to 96 mm, mean 43 mm (SD 29 mm) on the
visual analog scale after completion of the treadmill walk.
Within the 24 hours prior to testing, 15 of the 41 participants
(37%) used analgesics, and 2 (<5%) used beta blockers. Because
3 participants did not return their logbooks, data from 38
participants were included in the free-living analyses. The mean
wear-time of the devices during the free-living period was 31
hours and 23 minutes (SD 6 hours and 21 minutes).
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Table 2. Personal and pain characteristics of participants.

Value (n=41)Characteristic

Demographic characteristic

Sex, n (%)

31 (76)Female

10 (24)Male

43.8 (11.8)Age (years), mean (SD)

29.4 (5.8)BMI, mean (SD)

Education level, n (%)

1 (2)Elementary

28 (68)Secondary

12 (29)University

1 (2)Other unspecified

Working/studying, n (%)

27 (66)Yes

14 (34)No

Treatment, n (%)

33 (80)Primary health care

8 (20)Specialized

Pain characteristics

Multidimensional pain inventory, Swedish version (0-6), part 1, mean (SD)

3.6 (1.1)Pain intensity

3.7 (0.8)Pain interference

3.4 (1.0)Life control

2.9 (0.9)Affective distress

3.6 (1.3)Social support

14.0 (9.5)Number of pain locations (0-36)

Years lived with pain, n (%)

20 (49)0-5a

5 (12)6-10

15 (37)<10

Pharmaceutical consumption last 24 hours, n (%)

15 (37)Analgesics

2 (<5)Beta blockers, n (%)

Physical activity levelb

Exercisec (minutes/week), n (%)

15 (37)0-30

11 (27)31-90

11 (27)91-120

4 (10)>120

Physical activityd (minutes/week), n (%)

8 (20)0-60

13 (32)61-150
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Value (n=41)Characteristic

7 (17)151-300

13 (32)>300

aAll participants had experienced pain >3 months.
bNational Board of Health and Welfare's questions for physical activity level.
cStructured physical activity requiring physical effort and aims to improve health and fitness.
dAny bodily movement produced by skeletal muscles that requires energy expenditure.

Criterion Validity
The mean energy expenditure, heart rate, and step count of the
criterion standard (Jaeger Oxycon Pro), the relative criterion
measure (ActiGraph GT3X), and the experimental measure

(Fitbit Versa) are presented in Table 3. The ICC (95% CI), mean
difference with upper and lower LOA, Spearman correlation,
and MAPE for all statistical calculations are presented in Table
4 and Table 5. The Bland-Altman plots for energy expenditure,
step count, and heart rate are shown in Figures 1-5.

Table 3. Energy expenditure, heart rate, and step count during treadmill walking and in free-living setting.

Free-living set-
ting

Treadmill walkSeated restMeasure

Overall6.0 km/h4.5 km/h3.0 km/h

Energy expenditure

MET/minute, mean (SD)

N/Ac3.80 (0.33)b5.10 (0.42)b3.50 (0.37)2.76 (0.36)0.73 (0.17)aJaeger Oxycon Pro

2.53 (0.52)d3.56 (0.84)b5.48 (1.07)b3.91 (1.40)1.31 (0.40)1.00 (0.00)ActiGraph GT3X

3.73 (0.86)d6.56 (0.64)e7.56 (1.17)b6.41 (0.58)a5.73 (0.56)b1.0 (0.02)Fitbit Versa

P value

N/A<.001<.001<.001<.001<.001Jaeger Oxycon Pro–Fitbit Versa

<.001<.001<.001<.001<.001N/AActiGraph GT3X–Fitbit Versa

Heart rate

bpm, mean (SD)

N/A113.53 (16.14)b132.14 (19.48)b109.61 (14.89)a99.15 (15.54)a71.25 (9.82)aJaeger Oxycon Pro

N/A110.85 (7.05)b121.95 (9.63)b108.67 (8.18)101.83 (10.92)a72.11(11.55)Fitbit Versa

P value

N/A0.34.002.77.37.81Jaeger Oxycon Pro–Fitbit Versa

Step count

Steps/minute

18.64 (8.51)d108.61 (6.11)e124.93 (6.52)e110.83 (7.08)92.70 (8.78)aN/AActiGraph GT3X

11.34 (5.87)f103.95 (5.62)e114.20 (11.09)e106.72 (7.05)91.89 (8.75)N/AFitbit Versa

P value

<.001<.001<.001<.001.53N/AActiGraph GT3X–Fitbit Versa

an=40.
bn=39.
cN/A: not applicable.
dn=38.
en=36.
fn=37.
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Table 4. Comparison between experimental measurement (Fitbit Versa) and the criterion standard (Jaeger Oxycon Pro) in the laboratory setting.

Jaeger Oxycon Pro vs Fitbit Versa (n=41)Test and measure

Energy expenditure–step
count

Energy expendi-
ture–heart rate

Heart rate–heart rateEnergy expenditure–energy
expenditure

Seated resta

N/AN/Ac0.99 (0.98 to 0.99)0.003 (–0.16 to 0.20)ICCb (95% CI)

N/AN/A0.09 (–4.35 to 4.52)0.27 (–0.07 to 0.61)Mean difference (LOAd)

0.27 (.09)0.96 (<.001)–0.03 (.86)ρ (P value)

N/AN/A2.2428.46MAPEe

Treadmill walk

3.0 km/hf

N/AN/A0.09 (–0.72 to –0.52)0.01 (–0.04 to 0.04)ICC (95% CI)

N/AN/A–2.68 (–39.01 to 33.65)2.97 (1.61 to 4.34)Mean difference (LOA)

–0.04 (.82)0.10 (.53)0.24 (.14)–0.14 (.39)ρ (P value)

N/AN/A11.5451.52MAPE

4.5 km/hg

N/AN/A0.20 (–0.55 to 0.58)–0.03 (–0.09 to –0.07)ICC (95% CI)

N/AN/A0.75 (–30.73 to 32.22)2.91 (1.39 to 4.43)Mean difference (LOA)

–0.19 (.24)–0.11 (.51)0.16 (.33)–0.31 (.05)ρ (P value)

N/AN/A10.1944.80MAPE

6.0 km/hh

N/AN/A0.40 (–0.09 to 0.68)–0.05 (–0.19 to –0.16)ICC (95% CI)

N/AN/A10.19 (–25.56 to 45.95)2.46 (–0.11 to 5.03)Mean difference (LOA)

0.01 (.97)0.17 (.34)0.44 (.01)–0.11 (.51)ρ (P value)

N/AN/A12.1031.59MAPE

Overall speedsi

N/AN/A0.19 (–0.58 to 0.59)–0.03 (–0.08 to 0.08)ICC (95 % CI)

N/AN/A–2.68 (–35.30 to 29.95)2.76 (1.21 to 4.31)Mean difference (LOA)

0.07 (.71)–0.05 (.75)0.23 (.17)–0.22 (.20)ρ (P value)

N/AN/A10.5635.39MAPE

an=40.
bICC: intraclass correlation.
cN/A: not applicable.
dLOA: limits of agreement.
eMAPE: mean absolute percent error.
fn=39 for energy expenditure–energy expenditure; n=40 for heart rate–heart rate and energy expenditure–heart rate.
gn=40 for energy expenditure–energy expenditure and heart rate–heart rate.
hn=36 for energy expenditure–energy expenditure; heart rate–heart rate, and energy expenditure–heart rate; n=39 for energy expenditure–step count.
in=35 for energy expenditure–energy expenditure and energy expenditure–step count; n=36 for energy expenditure–heart rate and heart rate–heart rate.
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Table 5. Comparison between the experimental measurement (Fitbit Versa) and the relative criterion measurement (ActiGraph GT3X) in both settings
(laboratory and free-living).

ActiGraph GT3X vs Fitbit Versa (n=41)Test and measure

Step count (ActiGraph
GT3X)–energy expendi-
ture (Fitbit Versa)

Energy expenditure
(ActiGraph GT3X)–step
count (Fitbit Versa)

Step count–step countEnergy expenditure–energy
expenditure

Seated rest

N/AN/AN/AN/AbICCa (95% CI)

N/AN/AN/A0.00 (–0.33 to 0.34)Mean difference (LOAc)

N/AN/AN/AN/Aρ (P value)

N/AN/AN/A0.36MAPEd

Treadmill walk

3.0 km/he

N/AN/A0.71 (0.44 to 0.84)–0.01 (–0.03 to 0.04)ICC (95% CI)

N/AN/A0.84 (–15.73 to 17.40)4.43 (2.92 to 5.94)Mean difference (LOA)

0.42 (.01)–0.08 (.60)0.66 (<.001)–0.26 (.11)ρ (P value)

N/AN/A5.3976.86MAPE

4.5 km/hf

N/AN/A0.69 (0.29 to 0.85)0.02 (–0.12 to 0.21)ICC (95% CI)

N/AN/A4.11 (–8.13 to 16.35)2.55 (–0.36 to 5.45)Mean difference (LOA)

0.60 (<.001)0.07 (.66)0.66 (<.001)0.11 (.51)ρ (P value)

N/AN/A4.9839.44MAPE

6.0 km/hg

N/AN/A0.05 (–0.51 to 0.35)–0.14 (–0.50 to 0.24)ICC (95% CI)

N/AN/A10.79 (–15.02 to 36.61)2.08 (–1.30 to 5.45)Mean difference (LOA)

0.37 (.03)0.23 (.18)0.09 (.60)–0.07 (.67)ρ (P value)

N/AN/A11.1525.01MAPE

Overall speedsh

N/AN/A0.60 (0.03 to 0.82)–0.04 (–0.13 to 0.12)ICC (95% CI)

N/AN/A–4.98 (–16.68 to 6.71)3.02 (0.78 to 5.26)Mean difference (LOA)

0.31 (.07)0.28 (.11)0.51 (<.002)–0.10 (.56)ρ (P value)

N/AN/A5.4139.41MAPE

Free-living

Overall daysi

N/AN/A0.70 (–0.21 to 0.91)0.46 (–0.16 to 0.80)ICC (95% CI)

N/AN/A–7.12 (–16.25 to 2.00)1.20 (0.17 to 2.24)Mean difference (LOA)

0.55 (<.001)0.41 (.01)0.87 (<.001)0.79 (<.001)ρ (P value)

N/AN/A82.4531.11MAPE

aICC: intraclass correlation.
bN/A: not applicable.
cLOA: limits of agreement.
dMAPE: mean absolute percent error.
en=39 for energy expenditure–energy expenditure; n=40 for step count–step count, n=38 for energy expenditure–step count.
fn=40 for energy expenditure–energy expenditure and step count–energy expenditure.
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gn=36 for energy expenditure–energy expenditure; n=34 for step count–step count; n=35 for energy expenditure–step count and step count–energy
expenditure.
hn=35 for energy expenditure–energy expenditure; n=34 for step count–step count; n=35 for energy expenditure–step count; n=34 for step count–energy
expenditure.
in=38 for energy expenditure–energy expenditure and step count–energy expenditure; n=37 for step count–step count and energy expenditure–step
count.

Figure 1. Bland-Altman plot visualizing agreement of energy expenditure (MET) estimated by Fitbit Versa and criterion measurement Jaeger Oxycon
Pro during overall treadmill walk. The middle green line shows the mean difference (bias) between devices. The dashed lines indicate upper (+1.96
SD) and lower (–1.96 SD) limits of agreement and the black line represents the regression line illustrating association between estimations.
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Figure 2. Bland-Altman plot visualizing agreement of heartrate estimated by Fitbit Versa and criterion measurement Jaeger Oxycon Pro during overall
treadmill walk. The middle green line shows the mean difference (bias) between devices. The dashed lines indicate upper (+1.96 SD) and lower (–1.96
SD) limits of agreement and the black line represents the regression line illustrating association between estimations.

Figure 3. Bland-Altman plot visualizing agreement of energy expenditure (MET) estimated by Fitbit Versa and relative criterion measurement ActiGraph
GT3X during overall treadmill walk. The middle green line shows the mean difference (bias) between devices. The dashed lines indicate upper (+1.96
SD) and lower (–1.96 SD) limits of agreement and the black line represents the regression line illustrating association between estimations.
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Figure 4. Bland-Altman plot visualizing agreement of step count estimated by Fitbit Versa and relative criterion measurement ActiGraph GT3X during
overall treadmill walk. The middle green line shows the mean difference (bias) between devices. The dashed lines indicate upper (+1.96 SD) and lower
(–1.96 SD) limits of agreement and the black line represents the regression line illustrating association between estimations.

Figure 5. Bland-Altman plot visualizing agreement of step count estimated by Fitbit Versa and relative criterion measurement ActiGraph GT3X during
free-living. The middle green line shows the mean difference (bias) between devices. The dashed lines indicate upper (+1.96 SD) and lower (–1.96 SD)
limits of agreement and the black line represents the regression line illustrating association between estimations.

Fitbit Versa versus Jaeger Oxycon Pro
In the laboratory setting we found that Fitbit Versa showed poor
agreement of estimated energy expenditure with corresponding

estimations by Jaeger Oxycon Pro in the overall treadmill walk
(ICC –0.03, 95% CI –0.08 to 0.08). There were also significant
systematic differences between estimations in all treadmill
speeds as well as in the overall treadmill walk (P≤.001). In
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addition, the Bland-Altman plot showed a broad range for
energy expenditure estimation, also indicated the overestimation,
with a mean difference of 2.76 MET, LOA 1.21 to 4.31 for
overall speeds (Table 4, Figure 1). A narrow mean difference
was found during rest, 0.27 MET, LOA –0.07 to 0.61. In
addition, the correlation of energy expenditure estimated by
Fitbit Versa and Jaeger Oxycon Pro was weak at all measured
timepoints. Overall treadmill speed MAPE for energy
expenditure was 35.39 and ranged from 31.59 at 6 km/h to 51.52
at 3.0 km/h.

There was poor agreement between Fitbit Versa’s estimation
of heart rate compared to Jaeger Oxycon Pro at overall treadmill
(ICC 0.19, 95% CI –0.58 to 0.59). At the specific treadmill
speeds ICC ranged from poor (ICC 0.09, 95% CI –0.72 to 0.52)
at 3.0 km/h to fair (ICC 0.40, 95% CI –0.09 to 0.68) at the final
treadmill speed (6 km/h). However, agreement of estimations
was excellent (ICC 0.99, 95% CI 0.98 to 0.99) and correlation
very strong (ρ=.96, P≤.001) during seated rest. ANOVA results
showed no systematic differences between estimations of heart
rate during rest (P=.81), at 3 km/h (P=.37), at 4.5 km/h (P=.77),
or during the overall treadmill walk (P=.34). This was also
confirmed by the Bland-Altman plot; the mean difference of
heart rate estimation during the overall treadmill walk were
–2.68 bpm, LOA –35.30 to 29.95 bpm. It ranged from –2.68
bpm, LOA –39.01 to 33.65 at 3.0 km/h to a broader range, 10.19
bpm, LOA –25.45 to 46.57 at 6 km/h (Table 4, Figure 2).
Corresponding MAPE ranged from 2.24 at seated rest to 12.10
at 6 km/h, with the overall treadmill walk at 10.51.

We found only weak correlations between energy expenditure
by Jaeger Oxycon Pro and heart rate by Fitbit Versa, and
between energy expenditure by Jaeger Oxycon Pro and step
count by Fitbit Versa, during both seated rest and during all
treadmill speeds (Table 4).

In accordance with findings of poor agreement between Fitbit
Versa and the criterion measurement’s (Jaeger Oxycon Pro)
estimations of energy expenditure, we also found poor
agreement between corresponding estimations by Fitbit Versa
and the relative criterion measurement ActiGraph GT3X, at all
treadmill speeds (Table 4). For the overall treadmill walk, the
agreement was poor (ICC –0.04, 95% CI –0.13 to 0.12) as it
also was at specific treadmill speeds (Table 5).

Fitbit Versa versus ActiGraph GT3X
Due to zero variation in data, ICC calculations of energy
expenditure estimated by ActiGraph GT3X and Fitbit Versa
during seated rest were not possible to perform. The
Bland-Altman plot provided a mean difference of 0.00 MET,
LOA –0.33 to 0.34 to for seated rest indicating a high agreement
in estimations of heart rate between the devices (Table 4). Also,
there were minimal individual differences between
measurements during rest (MAPE 0.36) but greater differences
(MAPE 76.86) at 3.0 km/h, however they decreased as treadmill
speed increased (MAPE 39.44 at 4.5 km/h, MAPE 25.01 at 6
km/h) (Table 5).

Findings suggest a fair agreement (ICC 0.54, 95% CI 0.02 to
0.78) and a strong significant correlation (ρ=0.51, P≤.001) of
step count estimations by Fitbit Versa and ActiGraph GT3X at

the overall treadmill level (Table 5, Figure 3). At specific
treadmill speeds, the agreement was good at both 3.0 km/h (ICC
0.71, 95% CI 0.44 to 0.84) and at 4.5 km/h (ICC 0.69, 95% CI
0.29 to 0.85), but decreased at 6 km/h (ICC 0.05, 95% CI –0.51
to 0.35) (Table 5).

There was fair and significant correlation in step count between
devices in 2 out of 3 treadmill speeds (3.0 km/h, 4.5 km/h) and
the overall treadmill walk (ρ=0.51, P≤.001). The ANOVA
results were significant for the overall treadmill walk and at the
2 higher treadmill speeds (P≤.001) while the Bland-Altman
plots showed a mean difference at the overall speed by –4.98
steps, LOA –16.68 to 6.71 (Table 5, Figure 4). MAPE ranged
from 5.39 at 3.0 km/h to 11.15 at 6 km/h, with 5.41 for the
overall treadmill walk (Table 5). The correlation between
ActiGraph GT3X estimations of energy expenditure and Fitbit
estimations of step count were weak for the treadmill walk in
the laboratory setting. However, the correlation between
ActiGraph GT3X estimations of step count and Fitbit
estimations of energy expenditure were significant and fair for
the slowest (ρ=0.42, P=.01) and fastest (ρ=0.37, P=.37)
treadmill speed. Moderate and significant correlation (ρ=0.60,
P≤.001) was found at 4.5 km/h (Table 5).

In the free-living setting, we found fair agreement between Fitbit
Versa and ActiGraph GT3X’s estimations of energy expenditure
(ICC 0.46, 95% CI –0.16 to 0.80), and a significant and strong
correlation (ρ=0.79, P≤.001). ANOVA results show no
systematic differences between estimations (P≤.001), which is
confirmed by the Bland-Altman plot mean difference by 1.20
MET, LOA 0.17 to 2.24 MET and MAPE 31.11 (Table 5). The
agreement between Fitbit Versa and ActiGraph GT3X’s
estimations of step count were good (ICC 0.70, 95% CI –0.21
to 0.91) and the correlation between estimations was strong
(ρ=0.87, P≤.001). ANOVA results showed no systematic
differences between step count estimations (P≤.001).
Bland-Altman plot showed a mean difference with –7.12 steps,
LOA –16.25 to 2.00 confirming an agreement (Figure 5).
MAPE, on the other hand, was 82.45, indicating great individual
bias (Table 5).

The correlation between ActiGraph GT3X estimations of energy
expenditure and Fitbit Versa estimations of step count were
significant and fair (ρ=0.41, P=.01). A corresponding association
was found (ρ=0.55, P≤.001) between ActiGraph GT3X’s step
count, and Fitbit Versa’s estimation of energy expenditure
(Table 5).

Discussion

Principal Findings
To our knowledge, this is the first study that has evaluated
criterion validity of Fitbit Versa’s estimations of energy
expenditure, step count, and heart rate for patients with chronic
pain. Evaluations of criterion validity wrist-worn outputs of
energy expenditure, heart rate, and step count is essential before
any clinical application may be implemented [39]. Poor
agreement (ICC, mean difference and LOA, MAPE) as well as
poor correlation were found between the criterion measurement
(Jaeger Oxycon Pro) and the experimental measurement (Fitbit
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Versa) regarding energy expenditure for the overall treadmill
walk as well as the 3 specific treadmill speeds (Table 4).
However, good agreement and fair correlation emerged between
estimations of step count by Fitbit Versa and ActiGraph GT3X
for the majority of the treadmill walk as well as the overall
treadmill walk (Table 5). Good agreement and correlation were
shown for the estimation of heart rate during seated rest as well,
but this decreased during all treadmill speeds.

Comparison With Previous Studies
Findings suggest that Fitbit Versa systematically overestimated
energy expenditure across the full range of the testing protocol
when compared to both the criterion (Jaeger Oxycon Pro) and
the relative criterion measurement (ActiGraph GT3X). A strict
comparison of our study findings with other research within
this population was not possible due to the lack of such studies.
On the other hand, studies have been conducted aiming to
evaluate criterion validity in wrist-worn activity trackers among
an elderly population [56] as well as among populations
suffering from chronic cardiac conditions [57,58]. These reports
also suggest an overestimation of energy expenditure. Herkert
et al [57] studied the accuracy of Fitbit Charge 2 among patients
with chronic heart conditions and compared estimations of
energy expenditure with indirect calorimetry (Oxycon Mobile)
during several household activities and a treadmill walk (4.0
km/h, 5.5 km/h, 4.0 km/h + 5% slope). While their findings are
not strictly applicable to our sample, both samples included
patients with physically impairments and findings suggested a
clear overestimation of energy expenditure [57].

The results of other studies [19,24], conducted primarily among
healthy participants and examining the validity of other Fitbit
models’ ability to estimate energy expenditure, contradict our
results—certain Fitbit models (Fitbit, Fitbit Ultra/Fitbit Zio,
Fitbit Flex) underestimated energy expenditure and step count
when data were compared to the criterion measurements.
Furthermore, we found good agreement between step count by
Fitbit Versa and ActiGraph GT3X for the first 2 treadmill
speeds, as well as fair agreement for the overall treadmill test,
but agreement decreased at 6 km/h. In the free-living setting,
we found good agreement and excellent correlation between
step count estimation by Fitbit Versa and ActiGraph GT3X.
This corresponds to the findings of a study [59] that compared
step count estimation of healthy participants in a free-living
setting using a Fitbit device (Fitbit One) and ActiGraph GT3X,
and reported excellent agreement between the 2 measurements.

The overestimation of energy expenditure found in our study
could be explained by the proprietary algorithms applied by
Fitbit, which are not tailored to specific populations. In the
specific population related to this study, altered movement
patterns is indicated due to changed motor control and
kinematics as well as due to a fear of pain causing a protective
avoidance in movement and activity [60-62]. Fitbit’s estimation
of energy expenditure is based on both body composition metrics
as well as (if available in the device) estimated heart rate [33,34],
which requires a valid heart rate measurement. Our findings
indicate a poor to fair criterion validity in estimations of heart
rate for all treadmill speeds, which is consistent with previous
studies [28,63]. Another important factor that may have

influenced our findings is the placement of devices on the body.
Our experimental device was placed on participants’ wrists
according to the manufacturer’s instructions, and the relative
criterion measurement device were placed around participants’
waists, near their right hip (also according to the manufacturer’s
instructions). Feehan with colleges concludes that placing
devices on the wrist generally leads to an overestimation of
energy expenditure which may be explained by the waist sensor
being placed closer to the center of the body [23].

Strengths and Limitations
Data collection was performed in both a laboratory, limiting
many confounding variables, and in a natural free-living context,
increasing the ecological validity, which is in line with current
recommendations for validity studies examining wearable
monitors for physical activity [39,40]. In this study, conventional
statistics were applied in order to conduct a comprehensive
evaluation of the criterion validity and report findings in a
standardized manner [54]. Equivalence testing is also
recommended as it provides both a risk evaluation of
measurement agreement and zones of equivalence between
estimations is established by consensus [54]. This method was
not applied in this study, which may be a limitation, as
knowledge of statistically significant risk of misclassified
physical activity–level would certainly contribute to the
interpretation of the results. The sample size was in accordance
with the initial sample size calculation and equivalent to
corresponding research studies [20,22,57,59,64]. Furthermore,
when conducting validation studies, guidelines state that one
should perform measurements in a large range of physical
activity intensities [39]. In this study, treadmill speed was set
to a maximum of 6 km/h which may be interpreted as a low
intensity; however, we suspected that a higher speed could have
been problematic for some participants. The fact that 5 of the
41 participants were unable to complete the treadmill walk at
6 km/h indicates that a higher treadmill speed could have
resulted in a higher number of discontinuations. A possible
source of bias in validation studies is pharmacological use of
beta blockers because it affects heart rate and possibly biases
evaluation of physical activity intensity level. In this study, only
2 participants (<5%) reported taking beta blockers within the
last 24 hours which may have affected participants perceived
exertion during treadmill use. However, we estimate this having
a very little impact on our results.

Our sample included 76% women (31/41), which is in line with
other studies describing people with chronic pain in Sweden
[65,66] and other countries [67]. Patients in our sample had
lived with pain for a shorter time than what is described in other
studies of this population [68,69], and they rated their pain
severity at baseline as equal to what have been reported in
another study [70] describing patients participating in primary
care management of low back pain patients. In our study, 37%
of participants reported an exercise level of >90 minutes/week
and 49% reported being physically active >150 minutes/week.
A previous study [71] reported that that 38% of participating
men and 37% of participating women with chronic pain were
physically active >60 minutes/week. Since almost half of our
participants report reaching the recommended weekly amounts
of physical activity, it seems that our sample is slightly more
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physically active than the population with chronic pain, in
general. In all, we believe that the external validity can be
extended to the major group of individuals with chronic pain
seeking care in primary and specialist care.

Conclusions
This study provides new knowledge on the criterion validity of
Fitbit Versa’s estimations of energy expenditure, heart rate, and
step count in patients with chronic pain. Findings show that
Fitbit Versa overestimates energy expenditure when compared

to criterion estimations in a controlled laboratory setting as well
as in free-living settings, which needs to be considered when
used clinically for patients with chronic pain. Step count
measured from the wrist, however, seems to provide a valid
estimation, suggesting that future guidelines should include this
variable in this major patient group. Findings may contribute
to the solicited documentation of estimation properties of
wrist-worn activity tracking devices within specific patient
groups and may therefore guide future application in further
clinical research.

 

Acknowledgments
The authors would like to thank all our study participants who kindly devoted their time to the study. We are also truly grateful
to all the involved staff at the primary and specialized health care clinics in Region Dalarna for their invaluable support in the
recruitment process. We want to acknowledge Linnea McCarthy, MSc, at Dalarna University for her support with cross-checking
data, and to Anton Westman, PhD, for his initial support with the Actilife software.

The study was funded by the Swedish Research Council for Health, Working Life and Welfare (registration number 2017-00491
and 2017-00177), the Swedish Research Council (registration number 2018-02455 and 2015-02512), and research funding from
Dalarna University. Sponsors had no part in study design, data collection, data analysis, data interpretation, writing of the report,
or the decision to submit for publication.

Authors' Contributions
LV and BÄ are responsible for the conception and design of the study. VS and JW contributed to study design, recruited participants,
and collected all data. VS conducted data management, data reduction, and all statistical analyses with guidance from AM, BÄ,
RLM, and LV. VS, JW, LV, and BÄ had full access to all data. BÄ was the principal investigator and was involved in all
methodological decisions. RLM assisted with the retrieval of data from the commercial activity tracker and provided valuable
insights regarding the interpretation of the results. MH contributed with field expertise throughout all stages of data collection,
statistical analysis, and writing of the manuscript. VS drafted the manuscript. All authors reviewed and approved the final
manuscript.

Conflicts of Interest
None declared.

References
1. IASP terminology. International Association for the Study of Pain (IASP). URL: https://www.iasp-pain.org/

terminology?navItemNumber=576 [accessed 2020-08-18]
2. Merskey H, Bogduk N. The present classification. In: Classification of Chronic Pain. Descriptions of Chronic Pain Syndromes

and Definitions of Pain Terms. Seattle: IASP Press; 1994:11-11.
3. Geneen LJ, Moore RA, Clarke C, Martin D, Colvin LA, Smith BH. Physical activity and exercise for chronic pain in adults:

an overview of Cochrane Reviews. Cochrane Database Syst Rev 2017 Apr 24;4:CD011279 [FREE Full text] [doi:
10.1002/14651858.CD011279.pub3] [Medline: 28436583]

4. Piercy KL, Troiano RP. Physical activity guidelines for Americans from the US Department of Health and Human Services.
Circ Cardiovasc Qual Outcomes 2018 Nov;11(11):e005263. [doi: 10.1161/CIRCOUTCOMES.118.005263] [Medline:
30571339]

5. Warburton DER, Bredin SSD. Health benefits of physical activity: a systematic review of current systematic reviews. Curr
Opin Cardiol 2017 Sep;32(5):541-556. [doi: 10.1097/HCO.0000000000000437] [Medline: 28708630]

6. Ambrose KR, Golightly YM. Physical exercise as non-pharmacological treatment of chronic pain: why and when. Best
Practice & Research Clinical Rheumatology 2015 Feb;29(1):120-130. [doi: 10.1016/j.berh.2015.04.022]

7. Gatchel RJ, McGeary DD, McGeary CA, Lippe B. Interdisciplinary chronic pain management: past, present, and future.
Am Psychol 2014;69(2):119-130. [doi: 10.1037/a0035514] [Medline: 24547798]

8. Ainsworth BE, Haskell WL, Whitt MC, Irwin ML, Swartz AM, Strath SJ, et al. Compendium of physical activities: an
update of activity codes and MET intensities. Med Sci Sports Exerc 2000 Sep;32(9 Suppl):S498-S504. [Medline: 10993420]

9. Shepard R, Tudor-Locke C. A history of physical activity measurement in epidemiology. In: Shephard RJ, Tudor-Locke
C, editors. The objective monitoring of physical activity: Contributions of Accelerometry to Epidemiology, Exercise,
Science and Rehabilitation. The Objective Monitoring of Physical Activity: Contributions of Accelerometry to Epidemiology,
Exercise Science and Rehabilitation. 1st edition. Switzerlandpringer International Publishing; 2016:39-83.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24806 | p.446http://mhealth.jmir.org/2021/1/e24806/
(page number not for citation purposes)

Sjöberg et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://www.iasp-pain.org/terminology?navItemNumber=576
https://www.iasp-pain.org/terminology?navItemNumber=576
http://europepmc.org/abstract/MED/28436583
http://dx.doi.org/10.1002/14651858.CD011279.pub3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28436583&dopt=Abstract
http://dx.doi.org/10.1161/CIRCOUTCOMES.118.005263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30571339&dopt=Abstract
http://dx.doi.org/10.1097/HCO.0000000000000437
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28708630&dopt=Abstract
http://dx.doi.org/10.1016/j.berh.2015.04.022
http://dx.doi.org/10.1037/a0035514
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24547798&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10993420&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


10. Wright SP, Hall Brown TS, Collier SR, Sandberg K. How consumer physical activity monitors could transform human
physiology research. Am J Physiol Regul Integr Comp Physiol 2017 Mar 01;312(3):R358-R367 [FREE Full text] [doi:
10.1152/ajpregu.00349.2016] [Medline: 28052867]

11. Bai Y, Welk GJ, Nam YH, Lee JA, Lee J, Kim Y, et al. Comparison of consumer and research monitors under semistructured
settings. Med Sci Sports Exerc 2015 Jul 6. [doi: 10.1249/MSS.0000000000000727] [Medline: 26154336]

12. Ferguson T, Rowlands AV, Olds T, Maher C. The validity of consumer-level, activity monitors in healthy adults worn in
free-living conditions: a cross-sectional study. Int J Behav Nutr Phys Act 2015;12:42 [FREE Full text] [doi:
10.1186/s12966-015-0201-9] [Medline: 25890168]

13. Brickwood K, Watson G, O'Brien J, Williams AD. Consumer-based wearable activity trackers increase physical activity
participation: systematic review and meta-analysis. JMIR Mhealth Uhealth 2019 Apr 12;7(4):e11819 [FREE Full text]
[doi: 10.2196/11819] [Medline: 30977740]

14. Le Hello C, Trombert B, Morel A, Chieh A, Brouard B, Boissier C. Performance analysis of walking of 10,000 regular
users of a connected activity tracker. J Med Vasc 2018 Jul;43(4):231-237. [doi: 10.1016/j.jdmv.2018.04.001] [Medline:
29981731]

15. Almalki M, Gray K, Sanchez FM. The use of self-quantification systems for personal health information: big data management
activities and prospects. Health Inf Sci Syst 2015;3(Suppl 1 HISA Big Data in Biomedicine and Healthcare 2013 Con):S1
[FREE Full text] [doi: 10.1186/2047-2501-3-S1-S1] [Medline: 26019809]

16. Lobelo F, Kelli HM, Tejedor SC, Pratt M, McConnell MV, Martin SS, et al. The wild wild west: a framework to integrate
mhealth software applications and wearables to support physical activity assessment, counseling and interventions for
cardiovascular disease risk reduction. Prog Cardiovasc Dis 2016;58(6):584-594. [doi: 10.1016/j.pcad.2016.02.007] [Medline:
26923067]

17. Evenson KR, Goto MM, Furberg RD. Systematic review of the validity and reliability of consumer-wearable activity
trackers. Int J Behav Nutr Phys Act 2015;12(1):159 [FREE Full text] [doi: 10.1186/s12966-015-0314-1] [Medline: 26684758]

18. Diaz KM, Krupka DJ, Chang MJ, Peacock J, Ma Y, Goldsmith J, et al. Fitbit®: An accurate and reliable device for wireless
physical activity tracking. Int J Cardiol 2015 Apr 15;185:138-140. [doi: 10.1016/j.ijcard.2015.03.038] [Medline: 25795203]

19. Adam NJ, Spierer DK, Gu J, Bronner S. Comparison of steps and energy expenditure assessment in adults of Fitbit Tracker
and Ultra to the Actical and indirect calorimetry. J Med Eng Technol 2013 Oct;37(7):456-462. [doi:
10.3109/03091902.2013.831135] [Medline: 24007317]

20. Gusmer R, Bosch T, Watkins A, Ostrem J, Dengel D. Comparison of FitBit® Ultra to ActiGraph™ GT1M for assessment
of physical activity in young adults during treadmill walking. TOSMJ 2014 Apr 04;8(1):11-15. [doi:
10.2174/1874387001408010011]

21. Stahl ST, Insana SP. Caloric expenditure assessment among older adults: criterion validity of a novel accelerometry device.
J Health Psychol 2014 Nov;19(11):1382-1387 [FREE Full text] [doi: 10.1177/1359105313490771] [Medline: 23818504]

22. Wahl Y, Düking P, Droszez A, Wahl P, Mester J. Criterion-validity of commercially available physical activity tracker to
estimate step count, covered distance and energy expenditure during sports conditions. Front Physiol 2017;8:725 [FREE
Full text] [doi: 10.3389/fphys.2017.00725] [Medline: 29018355]

23. Feehan LM, Geldman J, Sayre EC, Park C, Ezzat AM, Yoo JY, et al. Accuracy of Fitbit devices: systematic review and
narrative syntheses of quantitative data. JMIR Mhealth Uhealth 2018 Aug 09;6(8):e10527 [FREE Full text] [doi:
10.2196/10527] [Medline: 30093371]

24. Imboden MT, Nelson MB, Kaminsky LA, Montoye AH. Comparison of four Fitbit and Jawbone activity monitors with a
research-grade ActiGraph accelerometer for estimating physical activity and energy expenditure. Br J Sports Med 2017
May 08. [doi: 10.1136/bjsports-2016-096990] [Medline: 28483930]

25. Dannecker KL, Sazonova NA, Melanson EL, Sazonov ES, Browning RC. A comparison of energy expenditure estimation
of several physical activity monitors. Med Sci Sports Exerc 2013 Nov;45(11):2105-2112 [FREE Full text] [doi:
10.1249/MSS.0b013e318299d2eb] [Medline: 23669877]

26. Case MA, Burwick HA, Volpp KG, Patel MS. Accuracy of smartphone applications and wearable devices for tracking
physical activity data. JAMA 2015 Feb 10;313(6):625-626. [doi: 10.1001/jama.2014.17841] [Medline: 25668268]

27. Kooiman TJM, Dontje ML, Sprenger SR, Krijnen WP, van DSCP, de GM. Reliability and validity of ten consumer activity
trackers. BMC Sports Sci Med Rehabil 2015;7:24 [FREE Full text] [doi: 10.1186/s13102-015-0018-5] [Medline: 26464801]

28. Boudreaux BD, Hebert EP, Hollander DB, Williams BM, Cormier CL, Naquin MR, et al. Validity of wearable activity
monitors during cycling and resistance exercise. Med Sci Sports Exerc 2018 Mar;50(3):624-633. [doi:
10.1249/MSS.0000000000001471] [Medline: 29189666]

29. Zou GY. Sample size formulas for estimating intraclass correlation coefficients with precision and assurance. Stat Med
2012 Dec 20;31(29):3972-3981. [doi: 10.1002/sim.5466] [Medline: 22764084]

30. Bästa frågan till patienter om fysisk aktivitet. GIH. URL: https://www.gih.se/OM-GIH/Press-och-media/Pressmeddelanden/
Basta-fragan-om-fysisk-aktivitet-till-patienter/ [accessed 2020-08-20]

31. Forskningsstudie om validering av indikatorfrågor till patienter om fysisk aktivitet. Socialstyrelsen. 2013. URL: http://www.
hfsnatverket.se/static/files/1185/forskningsstudie_validering_av_indikatorfragor_till_patienter_om_fysisk_aktivitet.pdf
[accessed 2020-08-20]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24806 | p.447http://mhealth.jmir.org/2021/1/e24806/
(page number not for citation purposes)

Sjöberg et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://journals.physiology.org/doi/10.1152/ajpregu.00349.2016?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1152/ajpregu.00349.2016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28052867&dopt=Abstract
http://dx.doi.org/10.1249/MSS.0000000000000727
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26154336&dopt=Abstract
http://www.ijbnpa.org/content/12//42
http://dx.doi.org/10.1186/s12966-015-0201-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25890168&dopt=Abstract
http://mhealth.jmir.org/2019/4/e11819/
http://dx.doi.org/10.2196/11819
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30977740&dopt=Abstract
http://dx.doi.org/10.1016/j.jdmv.2018.04.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29981731&dopt=Abstract
http://europepmc.org/abstract/MED/26019809
http://dx.doi.org/10.1186/2047-2501-3-S1-S1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26019809&dopt=Abstract
http://dx.doi.org/10.1016/j.pcad.2016.02.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26923067&dopt=Abstract
http://www.ijbnpa.org/content/12/1/159
http://dx.doi.org/10.1186/s12966-015-0314-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26684758&dopt=Abstract
http://dx.doi.org/10.1016/j.ijcard.2015.03.038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25795203&dopt=Abstract
http://dx.doi.org/10.3109/03091902.2013.831135
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24007317&dopt=Abstract
http://dx.doi.org/10.2174/1874387001408010011
http://europepmc.org/abstract/MED/23818504
http://dx.doi.org/10.1177/1359105313490771
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23818504&dopt=Abstract
https://dx.doi.org/10.3389/fphys.2017.00725
https://dx.doi.org/10.3389/fphys.2017.00725
http://dx.doi.org/10.3389/fphys.2017.00725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29018355&dopt=Abstract
http://mhealth.jmir.org/2018/8/e10527/
http://dx.doi.org/10.2196/10527
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30093371&dopt=Abstract
http://dx.doi.org/10.1136/bjsports-2016-096990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28483930&dopt=Abstract
http://europepmc.org/abstract/MED/23669877
http://dx.doi.org/10.1249/MSS.0b013e318299d2eb
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23669877&dopt=Abstract
http://dx.doi.org/10.1001/jama.2014.17841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25668268&dopt=Abstract
http://europepmc.org/abstract/MED/26464801
http://dx.doi.org/10.1186/s13102-015-0018-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26464801&dopt=Abstract
http://dx.doi.org/10.1249/MSS.0000000000001471
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29189666&dopt=Abstract
http://dx.doi.org/10.1002/sim.5466
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22764084&dopt=Abstract
https://www.gih.se/OM-GIH/Press-och-media/Pressmeddelanden/Basta-fragan-om-fysisk-aktivitet-till-patienter/
https://www.gih.se/OM-GIH/Press-och-media/Pressmeddelanden/Basta-fragan-om-fysisk-aktivitet-till-patienter/
http://www.hfsnatverket.se/static/files/1185/forskningsstudie_validering_av_indikatorfragor_till_patienter_om_fysisk_aktivitet.pdf
http://www.hfsnatverket.se/static/files/1185/forskningsstudie_validering_av_indikatorfragor_till_patienter_om_fysisk_aktivitet.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/


32. Bergström G, Jensen IB, Bodin L, Linton SJ, Nygren AL, Carlsson SG. Reliability and factor structure of the Multidimensional
Pain Inventory--Swedish language version (MPI-S). Pain 1998 Mar;75(1):101-110. [doi: 10.1016/s0304-3959(97)00210-8]
[Medline: 9539679]

33. How does my Fitbit device calculate calories burned? Fitbit. URL: https://myhelp.fitbit.com/articles/en_US/Help_article/
1141#calories [accessed 2020-08-30]

34. How does my Fitbit device calculate active minutes? Fitbit. URL: https://help.fitbit.com/articles/en_US/Help_article/1379.
htm [accessed 2020-08-30]

35. Haugen HA, Chan L, Li F. Indirect calorimetry: a practical guide for clinicians. Nutr Clin Pract 2007 Aug;22(4):377-388.
[doi: 10.1177/0115426507022004377] [Medline: 17644692]

36. Rietjens GJ, Kuipers H, Kester AD, Keizer HA. Validation of a computerized metabolic measurement system (Oxycon-Pro)
during low and high intensity exercise. Int J Sports Med 2001 May;22(4):291-294. [doi: 10.1055/s-2001-14342] [Medline:
11414673]

37. Tucker JM, Welk GJ, Beyler NK. Physical activity in U.S.: adults compliance with the Physical Activity Guidelines for
Americans. Am J Prev Med 2011 Apr;40(4):454-461. [doi: 10.1016/j.amepre.2010.12.016] [Medline: 21406280]

38. Sasaki JE, John D, Freedson PS. Validation and comparison of ActiGraph activity monitors. J Sci Med Sport 2011
Sep;14(5):411-416. [doi: 10.1016/j.jsams.2011.04.003] [Medline: 21616714]

39. Bassett DR, Rowlands A, Trost SG. Calibration and validation of wearable monitors. Med Sci Sports Exerc 2012 Jan;44(1
Suppl 1):S32-S38 [FREE Full text] [doi: 10.1249/MSS.0b013e3182399cf7] [Medline: 22157772]

40. Keadle SK, Lyden KA, Strath SJ, Staudenmayer JW, Freedson PS. A framework to evaluate devices that assess physical
behavior. Exercise and Sport Sciences Reviews 2019;47(4):206-214. [doi: 10.1249/jes.0000000000000206]

41. Dowd KP, Harrington DM, Donnelly AE. Criterion and concurrent validity of the activPAL™ professional physical activity
monitor in adolescent females. PLoS One 2012;7(10):e47633 [FREE Full text] [doi: 10.1371/journal.pone.0047633]
[Medline: 23094069]

42. Borg G. Perceived exertion as an indicator of somatic stress. Scand J Rehabil Med 1970;2(2):92-98. [Medline: 5523831]
43. Bijur PE, Silver W, Gallagher EJ. Reliability of the visual analog scale for measurement of acute pain. Acad Emerg Med

2001 Dec;8(12):1153-1157. [Medline: 11733293]
44. Web API reference. Fitbit Platform. URL: https://dev.fitbit.com/build/reference/web-api/ [accessed 2021-01-04]
45. Redenius N, Kim Y, Byun W. Concurrent validity of the Fitbit for assessing sedentary behavior and moderate-to-vigorous

physical activity. BMC Med Res Methodol 2019 Feb 7;19(1). [doi: 10.1186/s12874-019-0668-1]
46. Lyden K, Kozey SL, Staudenmeyer JW, Freedson PS. A comprehensive evaluation of commonly used accelerometer energy

expenditure and MET prediction equations. Eur J Appl Physiol 2011 Feb;111(2):187-201 [FREE Full text] [doi:
10.1007/s00421-010-1639-8] [Medline: 20842375]

47. Freedson PS, Melanson E, Sirard J. Calibration of the Computer Science and Applications, Inc. accelerometer. Med Sci
Sports Exerc 1998 May;30(5):777-781. [Medline: 9588623]

48. Barnhart HX, Haber MJ, Lin LI. An overview on assessing agreement with continuous measurements. J Biopharm Stat
2007;17(4):529-569. [doi: 10.1080/10543400701376480] [Medline: 17613641]

49. Liljequist D, Elfving B, Skavberg Roaldsen K. Intraclass correlation - a discussion and demonstration of basic features.
PLoS One 2019;14(7):e0219854 [FREE Full text] [doi: 10.1371/journal.pone.0219854] [Medline: 31329615]

50. Cicchetti DV. Guidelines, criteria, and rules of thumb for evaluating normed and standardized assessment instruments in
psychology. Psychological Assessment 1994;6(4):284-290. [doi: 10.1037/1040-3590.6.4.284]

51. Bland JM, Altman DG. Statistical methods for assessing agreement between two methods of clinical measurement. Lancet
1986 Feb 8;1(8476):307-310. [Medline: 2868172]

52. Akoglu H. User's guide to correlation coefficients. Turk J Emerg Med 2018 Sep;18(3):91-93 [FREE Full text] [doi:
10.1016/j.tjem.2018.08.001] [Medline: 30191186]

53. Chan YH. Biostatistics 104: correlational analysis. Singapore Med J 2003 Dec;44(12):614-619 [FREE Full text] [Medline:
14770254]

54. Welk GJ, Bai Y, Lee J, Godino J, Saint-Maurice PF, Carr L. Standardizing analytic methods and reporting in activity
monitor validation studies. Medicine & Science in Sports & Exercise 2019;51(8):1767-1780. [doi:
10.1249/mss.0000000000001966]

55. Fox-Wasylyshyn SM, El-Masri MM. Handling missing data in self-report measures. Res Nurs Health 2005 Dec;28(6):488-495.
[doi: 10.1002/nur.20100] [Medline: 16287052]

56. Tedesco S, Sica M, Ancillao A, Timmons S, Barton J, O’Flynn B. Accuracy of consumer-level and research-grade activity
trackers in ambulatory settings in older adults. PLoS ONE 2019 May 21;14(5):e0216891. [doi: 10.1371/journal.pone.0216891]

57. Herkert C, Kraal JJ, van Loon EMA, van Hooff M, Kemps HMC. Usefulness of modern activity trackers for monitoring
exercise behavior in chronic cardiac patients: validation study. JMIR Mhealth Uhealth 2019 Dec 19;7(12):e15045 [FREE
Full text] [doi: 10.2196/15045] [Medline: 31855191]

58. Vetrovsky T, Siranec M, Marencakova J, Tufano JJ, Capek V, Bunc V, et al. Validity of six consumer-level activity monitors
for measuring steps in patients with chronic heart failure. PLoS One 2019;14(9):e0222569 [FREE Full text] [doi:
10.1371/journal.pone.0222569] [Medline: 31518367]

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24806 | p.448http://mhealth.jmir.org/2021/1/e24806/
(page number not for citation purposes)

Sjöberg et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1016/s0304-3959(97)00210-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9539679&dopt=Abstract
https://myhelp.fitbit.com/articles/en_US/Help_article/1141#calories
https://myhelp.fitbit.com/articles/en_US/Help_article/1141#calories
https://help.fitbit.com/articles/en_US/Help_article/1379.htm
https://help.fitbit.com/articles/en_US/Help_article/1379.htm
http://dx.doi.org/10.1177/0115426507022004377
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17644692&dopt=Abstract
http://dx.doi.org/10.1055/s-2001-14342
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11414673&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2010.12.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21406280&dopt=Abstract
http://dx.doi.org/10.1016/j.jsams.2011.04.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21616714&dopt=Abstract
http://europepmc.org/abstract/MED/22157772
http://dx.doi.org/10.1249/MSS.0b013e3182399cf7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22157772&dopt=Abstract
http://dx.doi.org/10.1249/jes.0000000000000206
http://dx.plos.org/10.1371/journal.pone.0047633
http://dx.doi.org/10.1371/journal.pone.0047633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23094069&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=5523831&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11733293&dopt=Abstract
https://dev.fitbit.com/build/reference/web-api/
http://dx.doi.org/10.1186/s12874-019-0668-1
http://europepmc.org/abstract/MED/20842375
http://dx.doi.org/10.1007/s00421-010-1639-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20842375&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9588623&dopt=Abstract
http://dx.doi.org/10.1080/10543400701376480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17613641&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0219854
http://dx.doi.org/10.1371/journal.pone.0219854
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31329615&dopt=Abstract
http://dx.doi.org/10.1037/1040-3590.6.4.284
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=2868172&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2452-2473(18)30216-4
http://dx.doi.org/10.1016/j.tjem.2018.08.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30191186&dopt=Abstract
http://www.sma.org.sg/smj/4412/4412bs1.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14770254&dopt=Abstract
http://dx.doi.org/10.1249/mss.0000000000001966
http://dx.doi.org/10.1002/nur.20100
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16287052&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0216891
https://mhealth.jmir.org/2019/12/e15045/
https://mhealth.jmir.org/2019/12/e15045/
http://dx.doi.org/10.2196/15045
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31855191&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0222569
http://dx.doi.org/10.1371/journal.pone.0222569
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31518367&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


59. Gomersall SR, Ng N, Burton NW, Pavey TG, Gilson ND, Brown WJ. Estimating physical activity and sedentary behavior
in a free-living context: a pragmatic comparison of consumer-based activity trackers and ActiGraph accelerometry. J Med
Internet Res 2016 Sep 07;18(9):e239 [FREE Full text] [doi: 10.2196/jmir.5531] [Medline: 27604226]

60. Meulders A. From fear of movement-related pain and avoidance to chronic pain disability: a state-of-the-art review. Current
Opinion in Behavioral Sciences 2019 Apr;26:130-136. [doi: 10.1016/j.cobeha.2018.12.007]

61. Burnett AF, Cornelius MW, Dankaerts W, O'sullivan PB. Spinal kinematics and trunk muscle activity in cyclists: a
comparison between healthy controls and non-specific chronic low back pain subjects-a pilot investigation. Man Ther 2004
Nov;9(4):211-219. [doi: 10.1016/j.math.2004.06.002] [Medline: 15522646]

62. Vlaeyen JW, Linton SJ. Fear-avoidance and its consequences in chronic musculoskeletal pain: a state of the art. Pain
2000;85(3):317-332. [doi: 10.1016/s0304-3959(99)00242-0]

63. Nelson BW, Allen NB. Accuracy of consumer wearable heart rate measurement during an ecologically valid 24-hour period:
intraindividual validation study. JMIR Mhealth Uhealth 2019 Mar 11;7(3):e10828 [FREE Full text] [doi: 10.2196/10828]
[Medline: 30855232]

64. Sushames A, Edwards A, Thompson F, McDermott R, Gebel K. Validity and reliability of Fitbit Flex for step count,
moderate to vigorous physical activity and activity energy expenditure. PLoS One 2016;11(9):e0161224 [FREE Full text]
[doi: 10.1371/journal.pone.0161224] [Medline: 27589592]

65. Tseli E, Vixner L, LoMartire R, Grooten WJA, Gerdle B, Äng BO. Prognostic factors for improved physical and emotional
functioning one year after interdisciplinary rehabilitation in patients with chronic pain: Results from a national quality
registry in Sweden. J Rehabil Med 2020 Feb 27;52(2):jrm00019 [FREE Full text] [doi: 10.2340/16501977-2648] [Medline:
31995224]

66. Gerdle B, Björk J, Cöster L, Henriksson K, Henriksson C, Bengtsson A. Prevalence of widespread pain and associations
with work status: a population study. BMC Musculoskelet Disord 2008 Jul 15;9:102 [FREE Full text] [doi:
10.1186/1471-2474-9-102] [Medline: 18627605]

67. Macfarlane GJ, Morris S, Hunt IM, Benjamin S, McBeth J, Papageorgiou AC, et al. Chronic widespread pain in the
community: the influence of psychological symptoms and mental disorder on healthcare seeking behavior. J Rheumatol
1999 Feb;26(2):413-419. [Medline: 9972978]

68. Breivik H, Collett B, Ventafridda V, Cohen R, Gallacher D. Survey of chronic pain in Europe: prevalence, impact on daily
life, and treatment. Eur J Pain 2006 May;10(4):287-333. [doi: 10.1016/j.ejpain.2005.06.009] [Medline: 16095934]

69. Gerdle B, Boersma K, Åsenlöf P, Stålnacke B, Larsson B, Ringqvist Å. Influences of sex, education, and country of birth
on clinical presentations and overall outcomes of interdisciplinary pain rehabilitation in chronic pain patients: a cohort
study from the Swedish Quality Registry for Pain Rehabilitation (SQRP). J Clin Med 2020 Jul 25;9(8) [FREE Full text]
[doi: 10.3390/jcm9082374] [Medline: 32722367]

70. Johansson E, Lindberg P. Low back pain patients in primary care: Subgroups based on the multidimensional pain inventory.
Int J Behav Med 2000 Dec;7(4):340-352. [doi: 10.1207/S15327558IJBM0704_05]

71. Nilsen TIL, Holtermann A, Mork PJ. Physical exercise, body mass index, and risk of chronic pain in the low back and
neck/shoulders: longitudinal data from the Nord-Trondelag Health Study. Am J Epidemiol 2011 Aug 01;174(3):267-273.
[doi: 10.1093/aje/kwr087] [Medline: 21633119]

Abbreviations
ANOVA: analysis of variance
ICC: intraclass correlation coefficient
LOA: limits of agreement
MAPE: mean absolute percent error
MVPA: moderate-to-vigorous physical activity

Edited by G Eysenbach; submitted 06.10.20; peer-reviewed by J Kraal, B Boudreaux; comments to author 28.10.20; revised version
received 06.12.20; accepted 12.12.20; published 12.01.21.

Please cite as:
Sjöberg V, Westergren J, Monnier A, Lo Martire R, Hagströmer M, Äng BO, Vixner L
Wrist-Worn Activity Trackers in Laboratory and Free-Living Settings for Patients With Chronic Pain: Criterion Validity Study
JMIR Mhealth Uhealth 2021;9(1):e24806
URL: http://mhealth.jmir.org/2021/1/e24806/ 
doi:10.2196/24806
PMID:33433391

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24806 | p.449http://mhealth.jmir.org/2021/1/e24806/
(page number not for citation purposes)

Sjöberg et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.jmir.org/2016/9/e239/
http://dx.doi.org/10.2196/jmir.5531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27604226&dopt=Abstract
http://dx.doi.org/10.1016/j.cobeha.2018.12.007
http://dx.doi.org/10.1016/j.math.2004.06.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15522646&dopt=Abstract
http://dx.doi.org/10.1016/s0304-3959(99)00242-0
http://mhealth.jmir.org/2019/3/e10828/
http://dx.doi.org/10.2196/10828
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30855232&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0161224
http://dx.doi.org/10.1371/journal.pone.0161224
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27589592&dopt=Abstract
https://www.medicaljournals.se/jrm/content/abstract/10.2340/16501977-2648
http://dx.doi.org/10.2340/16501977-2648
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31995224&dopt=Abstract
https://bmcmusculoskeletdisord.biomedcentral.com/articles/10.1186/1471-2474-9-102
http://dx.doi.org/10.1186/1471-2474-9-102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18627605&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9972978&dopt=Abstract
http://dx.doi.org/10.1016/j.ejpain.2005.06.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16095934&dopt=Abstract
https://www.mdpi.com/resolver?pii=jcm9082374
http://dx.doi.org/10.3390/jcm9082374
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32722367&dopt=Abstract
http://dx.doi.org/10.1207/S15327558IJBM0704_05
http://dx.doi.org/10.1093/aje/kwr087
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21633119&dopt=Abstract
http://mhealth.jmir.org/2021/1/e24806/
http://dx.doi.org/10.2196/24806
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33433391&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


©Veronica Sjöberg, Jens Westergren, Andreas Monnier, Riccardo Lo Martire, Maria Hagströmer, Björn Olov Äng, Linda Vixner.
Originally published in JMIR mHealth and uHealth (http://mhealth.jmir.org), 12.01.2021. This is an open-access article distributed
under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in JMIR mHealth and
uHealth, is properly cited. The complete bibliographic information, a link to the original publication on http://mhealth.jmir.org/,
as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 1 | e24806 | p.450http://mhealth.jmir.org/2021/1/e24806/
(page number not for citation purposes)

Sjöberg et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


Original Paper

Physical Activity Monitoring Using a Fitbit Device in Ischemic
Stroke Patients: Prospective Cohort Feasibility Study

Irene Katzan1,2, MD, MSc; Andrew Schuster1, BA; Tyler Kinzy1, MSc
1Neurological Institute Center for Outcomes Research and Evaluation, Cleveland Clinic, Cleveland, OH, United States
2Cerebrovascular Center, Cleveland Clinic, Cleveland, OH, United States

Corresponding Author:
Irene Katzan, MD, MSc
Neurological Institute Center for Outcomes Research and Evaluation
Cleveland Clinic
9500 Euclid Avenue, S80
Cleveland, OH, 44195
United States
Phone: 1 12164452616
Email: katzani@ccf.org

Abstract

Background: Continuous tracking of ambulatory activity in real-world settings using step activity monitors has many potential
uses. However, feasibility, accuracy, and correlation with performance measures in stroke patients have not been well-established.

Objective: The primary study objective was to determine adherence with wearing a consumer-grade step activity monitor, the
Fitbit Charge HR, in home-going ischemic stroke patients during the first 90 days after hospital discharge. Secondary objectives
were to (1) determine accuracy of step counts of the Fitbit Charge HR compared with a manual tally; (2) calculate correlations
between the Fitbit step counts and the mobility performance scores at discharge and 30 days after stroke; (3) determine variability
and change in weekly step counts over 90 days; and (4) evaluate patient experience with using the Fitbit Charge HR poststroke.

Methods: A total of 15 participants with recent mild ischemic stroke wore a Fitbit Charge HR for 90 days after discharge and
completed 3 mobility performance tests from the National Institutes of Health Toolbox at discharge and Day 30: (1) Standing
Balance Test, (2) 2-Minute Walk Endurance Test, and (3) 4-Meter Walk Gait Speed Test. Accuracy of step activity monitors was
assessed by calculating differences in steps recorded on the step activity monitor and a manual tally during 2-minute walk tests.

Results: Participants had a mean age of 54 years and a median modified Rankin scale score of 1. Mean daily adherence with
step activity monitor use was 83.6%. Mean daily step count in the first week after discharge was 4376. Daily step counts increased
slightly during the first 30 days after discharge (average increase of 52.5 steps/day; 95% CI 32.2-71.8) and remained stable during
the 30-90 day period after discharge. Mean step count difference between step activity monitor and manual tally was –4.8 steps
(–1.8%). Intraclass correlation coefficients for step counts and 2-minute walk, standing balance, and 4-meter gait speed at discharge
were 0.41 (95% CI –0.14 to 0.75), –0.12 (95% CI –0.67 to 0.64), and 0.17 (95% CI –0.46 to 0.66), respectively. Values were
similarly poor at 30 days.

Conclusions: The use of consumer-grade Fitbit Charge HR in patients with recent mild stroke is feasible with reasonable
adherence and accuracy. There was poor correlation between step counts and gait speed, balance, and endurance. Further research
is needed to evaluate the association between step counts and other outcomes relevant to patients, including patient-reported
outcomes and measures of physical function.

(JMIR Mhealth Uhealth 2021;9(1):e14494)   doi:10.2196/14494

KEYWORDS

physical activity; accelerometer; ischemic stroke; step activity monitor

Introduction

Stroke is a leading cause of long-term disability in adults [1].
Ambulation difficulties contribute substantially to long-term

disability and health care utilization poststroke [2]. Because of
the importance of the ability to ambulate to perform routine
activities, ambulatory ability is frequently included as part of
the assessment of physical functioning of patients with stroke
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[3]. In addition, ambulation is recommended for stroke survivors
because it has a wide range of benefits that support recovery
and cardiovascular health [4].

The ability to passively capture and track continuous ambulatory
activity over time in real-world settings for patients with stroke
has many potential uses. For example, such tracking may be
able to detect relevant changes in a patient’s ability to ambulate
more accurately and efficiently than other common strategies,
which include self-reported ambulation questionnaires or
mobility performance test [5,6]. Self-reported ambulation
questionnaires have poor accuracy [7-9]. Performance tests such
as gait speed require measurement by a trained assessor,
typically in a clinical setting, and they are resource intensive
and not always feasible [5]. Another potential use of tracking
ambulatory activity in real-time is to provide greater insight
into the trajectories of an individual’s recovery after stroke and
the effectiveness of new therapies. The use of clinical
information derived from real-world settings has been advocated
as an avenue for comparative effectiveness research in the field
of stroke and other conditions [10]. In addition, passive tracking
of ambulatory activity may be able to identify slower recovery
patterns of stroke patients who would benefit from targeted
interventions; this use has been previously postulated in patients
recovering from orthopedic surgery [11,12]. Further, monitoring
ambulatory activity can also be used to encourage greater
physical activity and physical fitness, which has previously
been demonstrated to be effective in studies of people with
diabetes [13], and in patients who have recently undergone knee
and hip arthroplasty [14].

Step counts can be monitored using step activity monitors. The
devices developed for research settings have been expensive
and difficult to use [15]. Consumer-oriented step activity
monitors are being used more broadly, as they have become
more robust and comfortable to wear, with more available
features. One in six (15%) consumers in the US currently use
health care wearables, including smart-watches or fitness bands
[16]. Earlier versions of consumer-oriented step activity
monitors were pedometers consisting of mechanical sensors or
uniaxial accelerometers, which measure acceleration. These
had lower step count accuracy than research-grade devices;
many that are currently available now contain more accurate
triaxial accelerometers [17,18]. Step counts of newer step
activity monitors, including several tested Fitbit devices, have
excellent correlation with research-grade accelerometers
[15,19,20].

Despite the theoretical potential for the use of easy-to-wear step
activity monitors to improve the clinical care and outcomes of
patients poststroke, the feasibility and utility of using
consumer-oriented step activity monitors in stroke patients are
poorly known. The consumer-oriented step activity monitors,
Fitbit Charge HR and Garmin Vivosmart, were found to
accurately measure step count in 37 patients attending either
inpatient or outpatient therapy for stroke who wore the step
activity monitors 5 to 10 hours per day for 2 days [15]. In
addition to accuracy, other central aspects of the feasibility of
using a step activity monitor as part of research or clinical care
include adherence, patient experience, and the ability of step
counts to serve as a correlate of other outcome measures [21].

Understanding the fluctuations in step counts, specifically in
patients with stroke who may have different ambulatory patterns
compared to other patient groups, will also be helpful to assess
the feasibility of identifying changes or trends in ambulatory
activity.

Therefore, we performed a prospective cohort pilot study to
assess feasibility of monitoring step counts in ambulatory
patients with recent mild ischemic stroke using a consumer step
activity monitor, the Fitbit Charge HR. The primary study
objective was to determine adherence with wearing a Fitbit
Charge HR in home-going ischemic stroke patients during the
first 90 days after hospital discharge. Secondary objectives were
to (1) determine accuracy of step counts of the Fitbit Charge
HR compared with a manual tally; (2) calculate correlations
between the Fitbit step counts and the mobility performance
scores at discharge and 30 days after stroke; (3) determine
variability and change in weekly step counts over 90 days; and
(4) evaluate patient experience with using the Fitbit Charge HR
poststroke.

Methods

Procedures

Overview
All admissions to the stroke service were monitored by a trained
research coordinator to identify potentially eligible patients.
Prior to hospital discharge, participants were given a Fitbit
Charge HR step activity monitor and instructed to wear this
continuously throughout the day for 90 days. Participants were
asked to complete a diary of their physical activity for the first
7 days postdischarge (See Multimedia Appendix 1: Participant
Activity Diary). No recommendations were given on amount
of physical activity and there were no daily step targets.
Participants underwent mobility performance testing of balance,
walking endurance, and gait speed shortly before hospital
discharge and then again at 30 days postdischarge. They were
reimbursed $30 for their time completing the performance
testing at the follow-up visit, provided a $10 parking voucher,
and were allowed to keep the Fitbit Charge HR for their own
personal use at the end of their study participation. Participants
were contacted by phone on Day 14 and Day 90 (study end) to
be asked about issues with the step activity monitor and the
presence of any adverse events stemming from its use. They
were then sent a voluntary participant experience survey at the
conclusion of the study and asked to mail back the completed
survey.

Informed consent was obtained from all patient participants.
The study was approved by the Cleveland Clinic Institutional
Review Board.

Participants
Participants were recruited through daily screening of the
inpatient stroke service at Cleveland Clinic. All patients who
met eligibility criteria were approached for consent. Initial
inclusion criteria were the following: (1) admission to the Stroke
Service with an admission diagnosis of ischemic stroke; (2)
reside within Cuyahoga County or 5 surrounding counties; (3)
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informed consent obtained from the patient, caregiver, or a legal
representative; (4) discharged home; (5) mild stroke
operationalized as mild disability at discharge as defined by a
modified Rankin scale score of 1 to 2; and (6) ambulatory at
the time of hospital discharge. The modified Rankin scale is a
1-item clinician-reported scale with scores ranging from 0
(representing no symptoms) to 6 (death) [22]. Patients with
modified Rankin scale scores of 1 to 2 have residual symptoms
but are able to ambulate without assistance from another person.
Exclusion criteria were the following: (1) aged <18 years; (2)
prisoners; (3) ischemic stroke due to vasculitis, moya-moya,
complication from surgical procedure, or trauma; (4)
non-English speaking patient with no available proxy; (5)
residing in hospice or receiving palliative care prior to
enrollment; (6) active recreational drug use; and (7) a medical
condition that would impair the patient's ability to participate
in this study in the opinion of the investigator.

Most patients discharged home after stroke from the inpatient
stroke service had few neurological deficits as assessed by the
clinician-reported National Institutes of Health Stroke Scale
[23], a commonly used scale of severity of deficits in patients
with stroke. To include participants with slightly greater deficits,

the inclusion criteria were modified in the final 2 months of the
recruitment period to include stroke patients discharged from
inpatient rehabilitation units.

A total of 55 individuals were approached to participate in the
study. Of these, 11 declined participation and 29 no longer met
the inclusion criteria after initial interest in participating (Figure
1). Reasons these patients failed to meet inclusion criteria were
(1) not having an internet-facing electronic device that could
link to the Fitbit and upload step count data through the internet
(n=10); (2) nonstroke final diagnosis (n=8); (3) poor medical
compliance (n=3); (4) cognitive deficits (n=4); (5) unavailable
prior to hospital discharge (after first contact) (n=2); and (6)
already had Fitbit account on their personal device precluding
synchronization of their device with a research account required
for study participation (n=2). A total of 17 patients were enrolled
in the study; one participant died due to factors unrelated to this
study approximately 2 weeks postdischarge, and another
participant dropped out of the study shortly after completing
the assessment at hospital discharge because she felt the Fitbit
Charge HR was uncomfortable on her wrist. These 2 patients
were not included in the analyses.

Figure 1. Study enrollment and retention.
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Step Activity Monitor Data
The Fitbit Charge HR was provided to patients at the time of
enrollment. It is a wrist-worn device with a triaxial
accelerometer marketed as a consumer device that displays step
count and wirelessly synchronizes with smartphones. Fitbit
devices have been shown to provide step counts similar to those
provided by research grade accelerometers [19,20], including
in patients with stroke [15]. MyInertia platform (Motion
Connected LLC, Green Bay, WI) was used for administrative
access to the Fitbit total daily step count tallies of study
participants. The MyInertia platform did not provide a more
precise timing of steps within a 24-hour period, so we were
unable to determine when patients ambulated or wore the Fitbit
within a 24 hour period. A MyInertia account linked to each
patient’s Fitbit device was activated at the beginning of the
study and deactivated at the end of the study period.

Mobility Performance Tests
We administered 3 mobility performance tests that are part of
the National Institutes of Health (NIH)Toolbox at discharge
and at a return visit on Day 30: (1) Standing Balance Test, (2)
2-Minute Walk Endurance Test, and (3) 4-Meter Walk Gait
Speed Test. The NIH Toolbox is comprised of numerous
standardized royalty-free measures in neurological and
behavioral health. It is designed for use in people ages 3 to 85
to allow for comparison of data across multiple studies [24].
The tests are administered through a downloaded application
onto an iPad and each provides automated scoring. Balance has
been shown to be independently associated with step counts
[25], and the 2-Minute Walk Endurance Test and 4-Meter Walk
Gait Speed Test are standard performance tests in stroke. The
National Institutes of Neurological Disorders and Stroke
(NINDS) Stroke Clinical Data Elements (CDE) Project considers
walking speed a “highly recommended” outcome measure in
patients with stroke [26].

The NIH Toolbox balance test involves the participant
maintaining 5 poses for 50 seconds each. Postural sway is
recorded for each pose using an accelerometer worn by the
participant which synchronizes with the NIH Toolbox app.
Normative scores are provided that adjust for age, sex, ethnicity,
and education. The average score of the normative population
is 50 (SD 10), with higher scores indicating better balance.

The 4-Meter Gait Speed Test measures the time required to
walk 4 meters, which is then transformed into gait speed in
meters per second. The 2-Minute Walk Endurance Test records
the distance that the participant is able to walk back and forth
on a 50-foot course in 2 minutes, which is converted to
normative scale scores. As with balance scores, higher scores
indicate better performance. To determine accuracy of the step
activity monitor, we manually counted the number of steps
during the 2-Minute Walk Endurance Test using a hand counter
at both discharge and Day 30 assessments.

Clinician-Reported Measures
The National Institutes of Health Stroke Scale [23] is the
standard scale for measuring neurological impairment. It consists
of 15 items with scores ranging from 0 to 42, with higher scales
indicating greater impairment. The modified Rankin scale is a

1-item measure of global disability, with scores ranging from
0 to 6 where 0 represents no symptoms [22]. These measures
were part of the study inclusion criteria and were used to
describe the study participants.

Participant Experience Survey (Secondary Objective 4)
Questions were adapted from those used in previously published
research [27-30] with the addition of new questions specific to
our study (See Multimedia Appendix 2: Participant Experience
Survey).

Statistical analysis

Primary Objective: Adherence With Wearing a Step
Activity Monitor
The MyInertia system used to access step count data for this
study only provided daily step counts. Participant adherence
was defined as having a daily step count of 100 or more. This
threshold was chosen to minimize the chance of incorrectly
classifying participants as nonadherent. Available data from the
literature indicates that stroke survivors are sedentary [4,6]. Our
study participants were recently discharged home after a hospital
admission for stroke, and it was possible they would not be very
physically active, especially in the first few days after discharge.

Adherence was summarized descriptively and modeled using
a logistic Generalized Estimating Equation. A first-order
auto-regressive (AR(1)) correlation structure was used to take
into account the dependent nature of consecutive days. The
intercept of the Generalized Estimating Equation model provided
the population-level probability of adherence. This approach to
calculating adherence allowed more accurate estimates of error
around adherence rate [31].

Secondary Objectives

Secondary Objective 1: Determine Fitbit Accuracy

To determine accuracy of the Fitbit, we performed a manual
count of the number of steps taken during the 2-Minute Walk
Endurance Test using a hand tally counter at both discharge and
Day 30 assessments. We performed an analysis of differences
in the number of steps recorded on the Fitbit during 2-Minute
Walk Endurance Tests and manual tally by calculating mean
and median differences and mean absolute difference.
Differences between device and manually counted steps were
graphically displayed using Bland-Altman plots for repeated
measures [32]. Accuracy of step counts was considered
“acceptable” if variance between the manual tally and Fitbit
step count was within 10% in either direction [33-35].

Secondary Objective 2: Calculate Correlation Between Step
Counts and Mobility Performance Scores

Spearman rank correlations were used to examine the
relationship between step counts and mobility performance test
scores for the weeks following discharge and the Day 30 visit.
The mean daily steps of the 7-day period following assessments
was used to summarize step counts. Confidence intervals were
estimated using the bootstrap with 10,000 repetitions. As per
standard NIH Toolbox scoring procedures, these mobility
performance tests were adjusted for age, sex, and education to
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provide normative data for patients falling within similar age,
sex, and educational attainment categories [36].

Secondary Objective 3: Determine Variability in Step Counts

Variability in steps-per-day was measured over the 90-day study
period and for each 7-day period. Previous studies have found
that a 7-day monitoring period is required to obtain a stable and
representative average of levels of walking activity in healthy
people [37] and those with neurological impairment [38].
Variability was assessed using a mixed effects model with a
subject-level random intercept. Between-subjects variability
was estimated using the subject-level random effect variance.
Within-subject variability was indirectly assessed by calculating
the intraclass correlation defined here as the proportion of total
variance explained by between-subjects variability; the higher
the intraclass correlation coefficient value, the greater the
between-subjects variability.

Secondary Objective 4: Evaluate Participant Experience

Descriptive statistics were used to summarize participant survey
responses.

Sensitivity Analyses for Definition of Daily Adherence
The suitability of the definition of daily adherence used in our
analysis was evaluated using self-reported daily diaries during
the first 7 days of monitoring. Daily diary entries were
considered adherent if a patient reported wearing the device for
more than 12 hours per day. Diary entries indicating that the
Fitbit was not worn for 12 or more hours were categorized as
nonadherent. Agreement between the diaries and adherence was
summarized as a percentage. In a sensitivity analysis, the
percentage of participants identified as “adherent” was
calculated for different daily step count thresholds.

In addition, a sensitivity analysis was conducted to evaluate the
effect of varying adherence thresholds on correlations between
mobility performance scores and step counts. This was done by
computing a series of average daily step counts over the 7-day
period immediately following the performance measure
assessment using only the days where the total step count was
at or above specific thresholds (no step count restriction, ≥100,
≥500, ≥1000, ≥2000, ≥3000, ≥4000, and ≥5000 steps).
Correlations between the mobility performance scores and each
series of daily step counts was then calculated.

Sample Size Calculations
Sample size calculations were based on simulations to determine
power required for the primary objective. We assumed that the
percentage of adherent days could vary from 50% to 96%
[37,39-41] with an average of 76%. With a sample size of 15
participants and 90 days of data from each participant, the
estimated power was greater than 73% to detect a 1% or greater
difference above the null hypothesis adherence rate of 75%
[37,41].

Power for secondary objective 2, the correlation between
mobility performance scores and step counts, was estimated
using 1000 simulations of bivariate normal distributed data with
correlations of 0.65. Power for a sample size of 15 was estimated
to be greater than 60% to detect a correlation greater than zero.

All computations were done in R, version 3.4.1 [42]. All tests
were two-sided and P values less than .05 were considered
statistically significant.

Results

Characteristics of Participants
Participants had a mean age of 54.4 years (SD 12.1, range 34-81
years) and 60% (9/15) were male. Most had at least some college
education (11/15, 73.3%). Participants were 60% (9/15)
non-Hispanic White. Discharge National Institutes of Health
Stroke Scale score was 0 or 1 in 73% (11/15) of participants
(Table 1). Of the 15 participants, 3 (20%) indicated they used
a cane at the Day 30 visit, although no ambulatory assistance
devices were used during performance measure testing. The
number of mean daily steps during the first week of monitoring
was 4368 (SD 3968), with individual participants means ranging
from 1140 to 14610. The majority of participants (12/15, 80%)
could be classified as sedentary (ie, mean daily step count under
5000 [43]).

Scores for the Standing Balance Test, 2-Minute Walk Endurance
Test, and 4-Meter Gait Speed Test measured at discharge and
Day 30 are presented in Table 2. Fully-corrected T-scores were
adjusted for age, education, race, and sex, and have a mean of
50 (SD 10) in the normative population.
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Table 1. Participant characteristics (N=15).

ValueVariable

Age, years

54.4 (12.1)Mean (SD)

34-81Range

NIHSSa, n (%)

6 (40)0 

5 (33.3)1 

3 (20)3 

1 (6.7)4 

9 (60)Male, n (%)

9 (60)White Non-Hispanic, n (%)

Marital status, n (%)

9 (60)Married

1 (6.7)Divorced

1 (6.7)Widowed

4 (26.7)Single

Discharge Modified Rankin Scale, n (%)

2 (13.3)0

8 (53.3)1

5 (33.3)2

9 (60)Received PTb and/or OTc post-discharge, n (%)

3 (20)Use of ambulatory assistance deviced, n (%)

Education, n (%)

4 (26.7)High School

6 (40)Some college

3 (20)Associate's degree

1 (6.7)Bachelor’s degree

1 (6.7)Master's degree

15 (100)Right-handed, n (%)

aNIHSS: National Institutes of Health Stroke Scale.
bPT: physical therapy.
cOT: occupational therapy.
dUsed a cane at Day 30 visit.
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Table 2. Mobility performance tests at Discharge and Day 30. Scores adjusted for age, sex, race/ethnicity, and education. Average T-Score is 50; higher
scores indicate better performance. 2-Minute Walk Test is a measure of endurance; 4-Meter Distance Test is a measure of gait speed.

DifferenceDay 30 follow-upDischargeMeasure

P valueaRangeMean (SD)RangeMean (SD)RangeMean (SD)

.01–3.52 to 19.715.60

(7.38)

19.39 to 48.7533.53 (8.09)14.52 to 45.1627.94

(9.78)

2-minute walk

T-Score

.83–19.6 to 17.40.64

(10.85)

22.96 to 63.6840.55 (12.98)24.47 to 64.2640.75 (13.67)Balance T-Score

.04–16.34 to 28.346.95

(11.86)

27.68 to 72.6750.15 (15.23)24.95 to 61.9443.2

(13.46)

4-meter distance

T-Score

.004–20.42 to 83.8225.49 (29.31)79.25 to 180.98130.92 (33.08)31.9 to 164.59105.43 (40.9)2-minute distance (m)

.01–0.24 to 0.750.22

(0.28)

0.67 to 1.791.16 (0.36)0.2 to 1.430.94

(0.35)

4-meter speed (m/sec)

aP value from paired-samples t test with unequal variance.

On average, participants performed worse than the general
population after adjustment for education, sex, and age on all
3 tests, especially on the 2-Minute Walk test. Participant scores
for both mobility tests were significantly improved at the Day
30 follow-up; balance test scores were similar at both time
points.

Primary Objective: Adherence With Wearing the Step
Activity Monitor
Using the adherence definition of ≥100 steps, participants were
adherent 83.6% of days (approximately n=75) during the 90
day study period. An intercept-only logistic Generalized
Estimating Equation using an AR(1) correlation, which adjusts
for the correlation of adjacent daily observations, estimated the
probability of adherence as 0.83 (95% CI 0.73-0.90). Three
participants with low-adherence reported difficulties with the

device: the wristband broke, step activity monitor was lost when
traveling, the charger was lost. We replaced 2 of these devices.
Removing these days from the calculations, probability of
adherence was 0.86 (95% CI 0.78-0.92).

Secondary Aims

Secondary Objective 1 : Determine Fitbit Accuracy
While individual observation step counts recorded by the Fitbit
displayed variability in comparison to manual tallies, the overall
mean difference was only –4.8 steps (–1.8%). Mean absolute
difference was higher, at approximately 21.7 steps (10.9%). A
Bland-Altman plot showing percent difference between Fitbit
and manual counts versus manual count appears in Figure 2.
Observations were within an acceptable margin of error, defined
as a 10% difference from manual counts, 73.3% of the time.

Figure 2. Bland Altman plot of accuracy of step activity monitor step counts compared to manual counts. Percent difference between Fitbit and manual
step counts (y-axis) versus the manual step counts (x-axis). Each participant had 2 trials. The shaded region represents the “acceptable” range of error
(10% in either direction), while dotted lines depict the mean percent difference and their 95% confidence intervals. Participants 2, 6, and 8 used a cane
for ambulation, but no ambulatory assistance devices were used during gait testing.
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Secondary Objective 2: Calculate Correlations Between
Step Counts and Mobility Performance Scores
Correlations between step counts and mobility performance
scores at both time points were very poor. Values for 95%
confidence intervals all straddled zero. Correlations with
endurance (2-Minute Walk Endurance Test v2.0), balance
(Standing Balance Test v2.0), and gait (4-Meter Walk Gait
Speed Test v2.0) at discharge were 0.44 (95% CI –0.14 to 0.75),
–0.12 (95% CI –0.67 to 0.64), and 0.17 (95% CI –0.46 to 0.66),
respectively. Correlations at Day 30 were 0.22 (95% CI –0.45
to 0.71), –0.30 (95% CI –0.83 to 0.41), and 0.21 (95% CI –0.48
to 0.76) respectively.

Secondary Objective 3: Determine Variability in Step
Counts
Intraclass correlation showed moderate within-subject
correlation (intraclass correlation coefficient=0.47) in step
counts. Table 3 depicts intraclass correlation and
between-subject variability (expressed as standard deviation)
for 7 day periods over the course of the study. Values suggest
moderate to large between-subject and within-subject variability.
As the study progressed, between-subject variability decreased
while within-subject variability increased, as shown by lower
intraclass correlations.

Table 3. Variability in weekly step counts.

Between-subject variability, standard deviation

(95% CI)b
Within-subject variability, intraclass correlation

coefficient (95% CI)a
Week

3338.02 (1997.56-5218.09)0.73 (0.49-0.84)1

2367.04 (1539.35-3639.75)0.48 (0.18-0.66)2

2089.70 (1294.69-3372.90)0.39 (0.10-0.60)3

2967.29 (2011.54-4377.15)0.68 (0.40-0.81)4

2016.81 (1281.03-3175.19)0.40 (0.13-0.61)5

2504.30 (1665.16-3766.31)0.54 (0.26-0.70)6

1859.55 (1143.88-3022.99)0.34 (0.09-0.53)7

2222.68 (1435.35-3441.88)0.53 (0.21-0.71)8

2040.17 (1242.61-3349.64)0.41 (0.10-0.61)9

2252.09 (1445.39-3509.02)0.48 (0.18-0.66)10

2196.83 (1354.26-3563.62)0.45 (0.14-0.65)11

1978.23 (1185.71-3300.49)0.36 (0.07-0.57)12

1639.84 (972.28-2765.7450.39 (0.04-0.62)13c

a95% confidence interval estimated using semiparametric bootstrap with 10,000 resamples.
b95% confidence interval calculated using the Wald-type test.
c6-day period from day 85 to 90. Over time, between-subject variability decreased while within-subject variability increased, as shown by lower
intra-class correlations.

Secondary Objective 4: Evaluate Participant Experience
Of the 15 participants, 10 (67%) completed the participant
experience survey. All felt comfortable wearing the Fitbit
device, thought it was easy to remember to wear, and planned

to continue to use it (Figure 3). None of the respondents minded
having their step count activity monitored by others. The
majority (9/10, 90%) felt they had a better understanding of
their physical activity levels and would recommend a step
activity monitor to other people that have had a stroke.
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Figure 3. Participant experience survey responses (n=10).

Sensitivity Analyses for Definition of Daily Adherence
The suitability of the definition of daily adherence used in our
analysis was evaluated using self-reported daily diaries during
the first 7 days of monitoring. Of the 15 participants, 8 (53.3%)
filled out daily diaries of physical activity for the first 7-day
period that they wore their Fitbit. These participants reported
complete adherence (>12 hours/day Fitbit use) for that 1-week
time period. During that 1-week period, step counts for these 8
participants were over 100 steps per day; thus, there was 100%
agreement between the diary and step counts using definition
of adherence of 100 or more steps. The minimum daily tally
during the 7-day period was 346 steps. The percentage
agreement for adherence decreased to 96.2% when using 1000
steps as a threshold, as 2 of the 8 participants (25%) had a single
daily step count entry with less than 1000 steps.

An additional sensitivity analysis was performed to evaluate if
the use of different thresholds affected the correlations between
mobility performance scores and daily step counts. Altering the
thresholds did not improve correlations consistently between
the different mobility performance measure scores and average
7-day step count (See Multimedia Appendix 3: Spearman rank
correlations between performance evaluations and different
daily step count thresholds).

Discussion

Principal Findings
Our study demonstrated that wearing a consumer-grade step
activity monitor after stroke is feasible in patients with recent
mild acute ischemic stroke. Participants were adherent 83.6%
of days over the 90-day study period, which included several
instances of device malfunction or misplacement. We defined
adherence a priori as ≥100 steps per day, although varying the
step-counts thresholds had little effect either on the percentage
of days participants were labeled adherent or with the correlation

between step counts and participant performance on mobility
tests. Studies of adherence with step activity monitors are sparse,
and the differences in definition of adherence, populations
studied, and duration of monitoring make comparisons across
studies difficult. A recent clinical trial of step activity monitor
use in patients with rheumatoid arthritis [44], which monitored
step counts over a 21-week period, demonstrated an adherence
rate of 88.8% per study day, similar to our study. That study
defined adherence as the proportion of study days that steps
were recorded.

The accuracy of step activity monitors is a critical consideration
when choosing a device, especially in patients with neurological
impairment. This study suggests that the Fitbit Charge HR
provides reasonably accurate step counts in patients with mild
stroke who have similar gait speeds to those in our study. While
observed step counts of individuals displayed high variability
in accuracy, overall mean error was only –4.8 steps (–2.4%).
The mean gait speed of participants in our study was 0.94 m/sec
and the accuracy of the Fitbit Charge HR in patients with slower
gait speeds than observed in our study is unclear [45].

Approximately 58% (15/26) of eligible patients completed the
study. Almost 20% of patients approached to participate (10/55)
were ineligible because they did not have an internet-facing
electronic device that could link to the Fitbit, an important factor
to consider when planning future studies of step counts in stroke.
This rate is likely to decline with time but could be a significant
factor limiting recruitment over the next few years. Acceptability
of wearing the Fitbit was quite high. The majority of participants
who responded to the survey indicated they would continue to
use the devices to monitor their physical activity after the study
ended. The respondents also indicated they would not mind
having this information be available to providers.

There are several advantages to using consumer-grade step
activity monitors to monitor ambulation in patients with stroke
and other conditions. Designed for the consumer, they may be
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more intuitive for patients to use, provide user-friendly displays,
and often collect other data such as sleep time and heart rate.
These factors may have contributed to the high adherence rates
and acceptability of the device in our study. Healthcare
wearables, such as step activity monitors, have been predicted
to grow from 1 million purchases in 2015 to 97.6 million by
2021 [46]. More stroke patients will already own and wear their
own step activity monitor in the coming years, another
significant advantage. In addition, several electronic health
record companies are developing conduits to pull in
patient-generated heath data from commonly used consumer
devices making them easier to incorporate into providers’
clinical care workflows.

Although this study did not directly assess the clinical utility
of step activity monitors for patients with mild stroke, the results
provide some useful insights for the design of future studies
that address this question. First, most of the participants in our
study were sedentary, walking less than 5000 steps per day. Our
findings are consistent with others who found that many stroke
survivors have low levels of physical activity [4,6] and
highlights the merit of research regarding the effectiveness of
step targets in increasing the ambulation of persons with stroke.
Second, there was wide variability in weekly step counts both
within and across study participants, which has implications for
determining sample sizes of future studies that aim to identify
trends. A significant trade-off between sensitivity and specificity
to detect change may be required when using step activity
monitors in stroke survivors.

A notable and somewhat unexpected finding in our study was
the dismal correlation between step counts and performance
measures for gait speed, endurance, and balance. The endurance
and gait speed tests are standard performance tests in stroke
[26] and, along with the balance test, have been shown to be
independently associated with step counts [5,6,25,47]. Testing
was performed using tools in the NIH Toolbox, which are
validated and recommended for use in clinical trials to allow
for standard assessment. The low correlations highlight
important distinctions between step counts and mobility
performance measures that, in light of these findings, may be
especially pertinent in patients recovering from mild stroke.
Performance measures assess what a patient is capable of doing
in ideal conditions, whereas step count measures activity in
real-world conditions. Patients’ habits, social environment, and
attitudes towards engaging in physical activities affect the
number of steps taken apart from their physical abilities. Low
mood, for example, can contribute to lower physical activity
levels [6]. It is possible that there is a stronger association
between step counts and patient-reported outcomes, which are
also impacted by patient environment and attitudes. It will be
important to assess the relationship between step counts in stroke
patients and patient-reported and other outcome measures to
provide clinical relevance and interpretation of step count values.

Strengths and Limitations
An important strength of our study included the 90-day
monitoring period. A 7-day protocol for step activity monitors
is commonly used in research protocols [48-51]. Assessment
of adherence over 90 days provides information on the feasibility

of using step activity monitors during the initial 3 month period
after stroke (the timeframe in which the most rapid recovery
occurs [52]) and for studies of behavioral intervention that may
last months rather than weeks. Another strength is the collection
of performance measures across 2 time points, which allowed
assessment of whether correlations between step count and
mobility performance tests varied according to the time since
stroke.

This study also has several limitations. Patient participants had
overall mild degree of disability and findings from our study
may not be generalizable to stroke survivors with more severe
deficits. Our initial target population consisted of patients
discharged home after stroke admission, since ambulation in
the acute rehabilitation setting can be constricted [53]. We
modified the protocol to include patients discharged from acute
rehabilitation to assess step counts in patients with greater
deficits. The feasibility study included 15 participants and
findings would be more compelling with a larger sample size.
In addition, only two-thirds (10/15) of the participants completed
the participant experience survey. Another important limitation
is that we were unable to evaluate within-day variability,
intensity, and patterns of step counts. A recent study of patients
with Parkinson’s disease [54] found that intensity of physical
activity, but not step counts, declined over time, suggesting that
intensity or type of activity could be more sensitive to detect
change in physical function. The lack of detailed step count
activity within a 24-hour period also constrained our assessment
of adherence. However, benefits of using daily step counts
include their measurement simplicity and higher likelihood of
being available within a patient’s electronic health record.
Identifying when a participant is not wearing the step activity
monitor is difficult even when detailed step activity data is
available within a 24-hour period [55]. An important avenue of
further research is to determine the optimal definition of
adherence when only daily step count totals are available. One
approach may be individualization of step count threshold for
each person based on their baseline step counts and activity
patterns.

There are also drawbacks with using consumer-grade devices
in general. The algorithms used to measure steps and other
metrics are typically proprietary and may not be available to
investigators [56]. Consumer-grade devices such as the Fitbit
Charge HR are often worn on the wrist, and these are not
suitable for monitoring step counts in patients using rollator
ambulation aids [15].

Conclusions
The use of patient-generated health data in clinical care and
research is part of an evolving paradigm shift in health care.
Wearable technologies such as step activity monitors offer an
excellent mechanism for gathering data from patients effectively,
continuously, and in real time. This evaluation represents one
of the first applications of patient-generated health data from
consumer wearable devices in patients with stroke. The results
of this study suggest that the use of the consumer-grade Fitbit
Charge HR in patients with recent mild stroke is feasible with
reasonable adherence, accuracy, and high level of acceptability.
There was poor correlation between step counts and gait speed,
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balance, and endurance as assessed using the mobility
performance tests in the NIH Toolbox. Further research is
needed to evaluate the association between step counts and other
outcomes of relevance to patients, including patient-reported

outcomes and measures of physical function. This feasibility
study will serve as important groundwork for further studies of
the use of step activity monitors to optimize the care and
outcomes of patients with stroke.
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Abstract

Background: Wearable activity trackers are popular devices used to motivate behavior change. Wearable activity trackers are
especially beneficial for encouraging light physical activity such as walking, which is an ideal behavior for older adults or
individuals who cannot be physically active at moderate and vigorous levels. A common problem is that people do not continue
to use these wearable devices, with initial behavioral change gains eroding as people disengage. Limited research is available
regarding the continued use of wearable activity trackers. The habit formation literature may provide insights into the long-term
use of wearables and other health informatics devices.

Objective: This study aims to uncover the mechanism underlying the long-term continued use of wearable devices among older
adults through the theoretical lens of habit formation.

Methods: In-depth interviews were conducted with 20 participants who were aged 65 years or older and had used wearable
activity trackers for more than 6 months to understand their experiences and the strategies they employed to support continued
use.

Results: Thematic analysis of data revealed 8 themes related to habit formation, including aspects in initiation and goal setting,
use of contextual cues, action planning, and coping planning. Long-term users tended to have meaningful initiation of wearable
activity trackers. They usually started with a small behavioral change goal and gradually increased it. They used consistent time
and locational cues to make the use of wearable activity trackers routine. Long-term users also used creative contextual cues and
reminders to facilitate action planning, engaged in coping planning to deal with anticipated problems, and had a positive mindset
and inventive strategies for managing unfulfillment and lapses.

Conclusions: The results of this qualitative study of long-term users of wearable activity trackers suggest specific ways to
enhance long-term habit formation among older adults. These best practices by long-term users can inform the future design of
technology-based behavior interventions.

(JMIR Mhealth Uhealth 2021;9(1):e22488)   doi:10.2196/22488
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habits; action planning; coping planning; activity trackers; fitness trackers; continued use; mobile phone; older adults; health
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Introduction

Long-term Use of Health-Related Devices
A multitude of devices and gadgets, from the early pedometer
to the wearable activity tracker, have been developed over the
past few decades to help individuals change from a sedentary
existence to a more active and healthier lifestyle. Wearable
activity trackers are sensor-enabled devices used for monitoring
physical activity, sleep, and other fitness and health-related
states to facilitate behavioral change and improve health [1].
Examples of wearable activity trackers include commercial
products such as Fitbit, Garmin, or Apple Watch. Studies have
shown that using these devices can be effective in motivating
and facilitating physical activity increases [2-6]. Wearable
activity trackers have the potential to facilitate and sustain
behavior change to help individuals be more physically active
[5-9]. If individuals have continued engagement with wearable
activity trackers, it is more likely that these devices can
positively affect behavior change.

However, the problem is that many people start using the devices
but abandon them quickly. For instance, wearable activity
trackers have not lived up to expectations, with most people
discontinuing their use within 6 months of starting [10-12].
Most of the empirical research focuses on identifying reasons
why people did not use or continue to use personal informatics
devices, such as forgetting to put it on, inconsistency between
users’ anticipations and the real functionalities of the device,
mismatch between devices and the user’s self-concept,
difficulties in managing the device over time, reaching saturation
in knowledge from the monitoring, or achieving behavior change
goals and thus losing the sense of benefit from wearable activity
trackers [13-19].

Limited research is available regarding continued use of these
devices [20-23]. Without the continued use of wearable activity
trackers, their benefits cannot be fully achieved. Therefore,
understanding why individuals continue to use wearable activity
trackers and what strategies they employ to do so is critical for
wearable activity trackers to reach their full potential for health
promotion.

Habit Formation and Maintenance
The habit formation literature provides insights into the
long-term use of wearable activity trackers and other health
informatics devices [24-27]. Habit is defined as “behavioral
patterns enacted automatically in response to a situation in which
the behavior has been performed repeatedly and consistently in
the past [28],” following what is commonly accepted in the field
of psychology. Once a habit is formed, individuals engage in
action automatically without requiring much cognitive effort
[29]. People do not need to remember to engage in the action;
they do so out of second nature [30]. A meta-analysis revealed
a moderate to strong effect size (random effect r=0.46) for the
correlation between the behaviors of healthy eating and physical
activity and the self-reported habit index [31]. A 12-week
randomized control trial found that habit formation was
significantly related to taking more steps per day and adherence
to the intervention [27]. The critical issue is to understand the
process of habit formation and maintenance. Therefore, the aim

of this study is to investigate how long-term users of wearable
activity trackers develop the habit of using wearable activity
trackers to manage their physical activity.

Habits are acquired through the repetition of behavior in a
consistent context [32,33]. The habit formation process involves
3 progressing phases: initiation, learning, and stability. In the
initiation phase, decisions are made to perform a behavior and
the context in which it will be performed is selected. Instilling
sufficient motivation, setting small and realistic goals, and
choosing a simple action that will help individuals move toward
the goal are essential in this phase [34]. Before actions are
repeated in a consistent context, intention to act, action planning,
and coping planning are needed to prepare the initiation of habit
formation. Action planning involves detailed specification of
the features of situations and intended responses to the situation.
One example of action planning is the if-then rule; if situation
X happens, then one will do Y [35]. Action planning helps to
establish a link between contextual cues and behaviors.
Reminders can help people remember their plans [36]. Another
type of planning, coping planning, deals with anticipating
difficulties that might hinder the action and creating concrete
plans to overcome potential obstacles [37].

The second phase is the learning phase in which the behavior
is repeated to strengthen the context-behavior association. The
critical factor for habit formation is the consistent context cue:
repetition must occur in association with the same event triggers,
similar time and location, or similar people or objects. For
instance, people usually form a habit of closing their garage
door when they drive out of the garage. Through numerous
repetitions of pushing the button to close the garage door at the
same event of driving out of the garage (ie, a contextual cue),
people do not need to think of pushing the button deliberately.
Sometimes, people cannot remember whether they have closed
the garage door or not and just return to find out that the garage
door is indeed closed—they did it out of habit automatically.

When a new action is performed, a mental association between
the situation (contextual cues) and the action is created. Through
repetition, the association of contextual cues and behaviors
strengthens; dependence on conscious attention or motivational
process to perform an action is reduced, and only the contextual
cues are sufficient for the action. Behavior achievement
promotes continued repetition [28].

The third phase of habit formation is the stability phase in which
the behavior persists over time with minimal effort and
deliberation [34]. At this stage, the habit has formed, and its
strength has peaked and plateaued. Once the habit is formed,
even after conscious motivation or interest fades away, the
action or behavior may still be performed when contextual cues
are present. The habit concept yields potential for health-related
behavior change, which is typically a long-term process
characterized by the initiation of new behavior and maintenance
(ie, repetition) over time [28].

In this study, we focus on the first 2 phases, as initiation and
learning phases bring most insights to individuals whose habit
has not formed. We propose to study how long-term power
users developed the habit of using a wearable activity tracker
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regularly to manage physical activity via the following research
questions (RQ):

• RQ1: How did long-term users initiate the use of wearable
activity trackers?

• RQ2: How did long-term users set goals in the context of
tracker use?

• RQ3: What consistent contextual cues did long-term users
use to form the habit of wearing wearable activity trackers?

• RQ4: How did long-term users engage in action planning
and coping planning to support the continued use of
wearable activity trackers?

Methods

Overview
We adopted a qualitative approach in this study because limited
evidence exists to examine the habit formation process and
specific strategies for continued use, particularly for older adults.
Our qualitative approach with long-term users has the benefit
of gaining an in-depth understanding of the habit of continued
technology use and behavior maintenance. This study was
approved by the institutional review board of Michigan State
University (IRB# x16-1583eD).

Participants
This study is situated in the context of wearable activity tracker
use among older adults. In-depth interviews were conducted
with 20 older adults (aged 65 years and above) who had used
wearable activity trackers for more than 6 months. Older adults
were selected for this study for several reasons. First, previous
research has found that wearable activity trackers are beneficial
for enhancing physical activity among older adults [3,38,39].

Wearable activity trackers typically track step counts, and
walking is a significant contributor to physical activity in older
adults [40]. Increasing physical activity in older adults can help
stave off chronic disease development and progression. The
very act of wearing a wearable activity tracker that monitors
and encourages movement may remind older adults to be more
proactive in increasing their physical activity. This study focused
on long-term power users or individuals who have used
behavioral modification technology over 6 months. Previous
research on technology-based behavioral interventions primarily
investigated efficacy and barriers while missing the opportunity
to identify successful strategies employed by power users. These
best practices by long-term users can inform the future design
of technology-based behavior interventions.

Long-term wearable activity tracker users were recruited in
January 2017 by distributing a survey to a Qualtrics panel of
older adults (aged 65 years and above) who had an experience
with wearable activity trackers. A total of 314 respondents
completed the survey, of which 163 indicated that they had used
wearable activity trackers for more than 6 months. Among the
163 long-term power users, 71 stated that they were interested
in our follow-up interview study exploring their experiences
with wearable activity trackers. Of the 71 participants, 20 were
randomly chosen for the in-depth phone interview, which took
place from February to April 2017. Among the 20 participants,
the average age was 67.95 years (SD 2.01) and 55% (11/20)
were female. The average length of the wearable activity tracker
used in the sample was 31.9 months (SD 25.64), with 15
reporting that they used a Fitbit. Other devices reported by the
participants included Garmin, Miband, and a cell phone.
Detailed demographic information of the interviewees is listed
in Table 1.
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Table 1. Participant demographic information (n=20).

StateRace or ethnicityAge (years)GenderParticipant ID

MinnesotaWhite67Female1

OregonWhite66Female2

HawaiiAsian67Male3

MichiganWhite68Female4

PennsylvaniaWhite65Male5

AlabamaWhite66Male6

ArkansasWhite68Female7

North CarolinaWhite70Male8

New JerseyWhite68Male9

OhioWhite67Female10

ColoradoWhite71Female11

GeorgiaWhite70Female12

TexasHispanic or Latino66Male13

CaliforniaWhite69Female14

TennesseeWhite72Female15

TexasWhite66Female16

IndianaWhite69Male17

MarylandWhite65Male18

WisconsinWhite70Female19

NevadaWhite68Male20

Procedure
The 20 randomly selected participants were contacted via
telephone by a researcher to confirm the availability and length
of the wearable activity tracker use. We sent an informed
consent document a week in advance and then read an
abbreviated version over the phone and obtained verbal consent.
At the end of the first interview, the participants were asked to
use their smartphones to take photographs that provided insights
into the use of wearable activity trackers in their lives. As the
participants were long-term users of wearable activity trackers
and their habit of use had already developed, these photos helped
the participants recall and become more conscious of certain
automatic behaviors for the interview discussion. The
participants then texted or emailed the photos with annotation
to the research team. The photo-taking and sharing exercise
lasted for a week, and then a follow-up interview was conducted.
After completing the first interview, participants received a US
$30 Target, Walmart, or Amazon gift card via mail or email.
After completing the photo-taking exercise and the second
interview, the participants received a US $50 gift card to the

store of their choice. This study reports the elements in the
interviews that pertain to habit formation for the continued use
of wearable activity trackers.

Interview Materials
Semistructured interviews were conducted. The interview guide
was developed based on the habit formation literature
[32-34,41]. For the first interview, researchers began with the
consent process. Once individuals agreed to participate,
researchers started with ice-breaker questions. Then the
participants were asked questions related to general use, habit
formation, and data usage of the wearable activity tracker.
Example questions are included in Table 2. At the end of the
interview, researchers explained that they would participate in
a photo-taking task for about a week to capture what, where,
when, and why they used their trackers and strategies for
long-term use of the trackers. The second interview included
questions about the photos taken by each participant, the context
of tracker use, benefits of wearable activity trackers, and
successful strategies of long-term use. Table 2 summarizes the
interview guide topics and provides examples of questions.
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Table 2. Interview guide and example questions.

Example questionsInterview

First interview

Interview topics

Can you describe how you use your tracker on a typical day?Icebreaker

General use • What features do you use the most and least and why?
• Did you set a goal for yourself when using the wearable activity tracker?
• How do you feel when you don’t reach your goals?

Habit formation • Tell me the story of when you started using your tracker. What made you decide to start using one?
• Why have you continued to use your tracker for so long?
• What got you in the habit of using your tracker?
• Are there times of the day you use or notice your activity tracker more than other times of the day?
• What makes it difficult to use the activity tracker on those days? How do you deal with the difficul-

ties?
• If a friend wanted to use an activity tracker every day for a year, what are the three main pieces of

advice you would tell your friend?

Tracker data usage • How often do you check your tracker data?
• Do you share your tracker data?
• How do you use the data provided by the tracker?

Second interview

Interview topics

What physical activity were you doing when you took this photo?Photo diary opening question

Where were you when you took this photo?Context

Benefits of wearable activity
trackers

• How did you feel physically while doing this activity?
• How do you see the wearable activity tracker contributed to your physical health?
• Were you with anyone when you used the activity trackers?
• How do you see the wearable activity track contributed to your social life?

Please explain to us the successful strategies you employed to continue using the wearable activity
tracker, which are captured in these photos.

Successful strategies of long-term
use

Data Analysis
Both rounds of interviews were recorded and transcribed
verbatim with the use of a web-based transcription service, Rev.
The transcribed interview data were systematically approached
by applying the principles of thematic analysis [42-45].
Thematic analysis is a flexible, efficient, and accessible method
that is widely used in qualitative psychology to generate rich
data that provide social and psychological interpretations of
phenomena and illuminate unpredicted insights relevant to the
topic of the study [42]. While acknowledging the subjective
nature of collected data, we used a postpositivist empirical
approach to data analysis, which implies that the reality can be
known through the accounts of humans—in our case,
experiences and voices of long-term users of wearable activity
trackers [42,43]. This approach is described as essentialist and
experiential [42,43]. Furthermore, we used a mix of inductive
and deductive techniques in data coding and theme generation.
Data coding was predominantly an inductive, data-driven
process to identify a wide array of patterns in participants’
descriptions of long-term tracker use. Aggregating the codes
within each theme was approached both inductively and
deductively; we applied the literature of habit formation
(deduction) and accounted for unanticipated findings (induction)
to define themes [42,43].

Thematic analysis of the transcripts was performed in 5 stages,
as suggested by previous literature [42,43]. These stages
included (1) becoming familiar with the transcribed interview
data, (2) coding, (3) outlining initial themes, (4) reviewing and
revising themes, and (5) defining final themes [42,43]. First,
each author read the transcripts to become familiar with the data
(stage 1). Then, the transcripts were iteratively analyzed by 4
researchers using NVivo 10 and NVivo 11 software (QSR
International) for qualitative data analysis [46,47]. All 4
researchers analyzed the same 3 randomly selected transcripts
to generate nodes (stage 2). The researchers were then divided
into 2 groups, and each group analyzed half of the transcripts.
After completing the initial coding, the researchers reviewed
the nodes and discussed disagreements and discrepancies. If 2
researchers coding the same transcript could not come to an
agreement, a third researcher was invited to resolve the
disagreement. The nodes were iteratively compared and revised
during the coding process. Throughout the discussions of nodes,
the initial theme formation started (stage 3). Themes were then
generated, reviewed, and finalized based on the final nodes
identified, and most relevant quotes were selected in support
of the themes (stages 4 and 5). As the scope of the interviews
was broader than in this study, only nodes and themes relevant
to the RQs in this study are reported.
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Trustworthiness and consistency of the findings were established
through a number of procedures. The instrument for the
interview was developed and refined by all members of the
research team and reflected the goals of this study. The
interviewers were properly trained to recruit participants and
conduct telephonic interviews. As the data collection continued,
the researchers met weekly to discuss the study progress and
the highlights of the interviews. A codebook was established
to analyze the data and derive nodes. Multiple coders coded the
transcripts and met regularly to discuss progress and resolve

inconsistencies and disagreements. Finally, quote relevance was
carefully assessed to support the final themes [45].

Results

Overview
A total of 8 themes were identified to answer the 4 RQs. Table
3 summarizes the themes with exemplary quotes from the
participants.

Table 3. Summary of identified themes.

Example quotesThemesRQa

“She [The physician] laid it out to me there, end of February: ‘You’re going to have a
choice. We’re going to give you injections, or it’s borderline [diabetes]. Exercise and
eating right can reduce it.” (Participant 20)

Meaningful initial startRQ1: How did long-term
users initiate the use of
wearable activity trackers?

“The tracker came preset with the 10,000 step goal. I think that’s what the American
Heart Association recommends. I didn’t really push my steps for that goal because if I
was walking, I would still have some pain in my chest……After I had that stress test after
a year is when I really started picking up the pace and doing a lot more and working on
the 10,000 steps every single day. There have been days where it’s tracked 15,000 so I
would be significantly over the goal some days. It did take me a while to work up to it.”
(Participant 4)

Goal setting: start with a
small goal and gradually in-
crease

RQ2: How did long-term
users set goals?

“If you develop a routine and a habit by having a place you put it every night, an agreement
with yourself that it’s the first thing you do when your feet hit the ground in the morning
is put it on, then it will become a habit. Anything you do for 15 days in a row becomes
a habit. If you can do it for 15 days, you probably will continue to do it.” (Participant 15)

Consistent cues: use time
and locational cues to make
it a routine

RQ3: What consistent con-
textual cues did long-term
users use to form the habit
of wearing wearable activity
trackers?

RQ4: How did long-term
users engage in action plan-
ning and coping planning to
support the continued use of
wearable activity trackers?

•• “While we were talking, I’ve been walking some because I knew I still lacked a few
steps. And so, that’s right. Anytime I talk on the phone, you know, since we all have
the cell phones, I walk while I talk.” (Participant 9)

Action planning: cre-
ative contextual cues

• Action planning: use
reminders • “When you set up the account you can turn on the alerts and the alerts can go to

your phone and can go to also your email. That is... I did both and it’s a duplicate
because the email goes to the phone, too, but...whatever gets my attention at the
moment, that’s fine. And then I go and charge. And it doesn’t take long to charge.”
(Participant 10)

• Coping planning: antic-
ipate problems and
have a plan to deal
with it • “I carry one with me. I have it in my bag that I carry to work, but I do have two

chargers. So that’s probably a good idea, too, to have more than one. I know one
person I know has it in their car. Charges it in their car.” (Participant 7)

• Coping planning:
mindset for managing
unfulfillment and laps-
es

• “Put it on and don’t be discouraged the first few days or even weeks or months you
don’t reach what you want, because it’s like everything else. It’s something new.
It’s something you’ve never done before.” (Participant 1)• Coping planning: try to

have fun and try some-
thing new

• “Maybe in the spring so you can hear the birds and just do something like that to
motivate you and look at the other side of town. When you walk over and say, hey
I haven’t been down in this area for quite a while. You've got to come up with
something that motivates you to walk or to see something different, or whatever.”
(Participant 19)

aRQ: research questions.

Meaningful Initial Start
Some long-term users have been physically active for a long
time, and wearable activity trackers are just another tool for
them to monitor their physical activity automatically. However,
many of our long-term users became physically active after they
started to use wearable activity trackers. Most of the participants
indicated that they took it very seriously when they started using
the wearable activity tracker to increase their physical activity
levels. Although some purchased the wearable activity tracker
on their own and some received it as a gift, the majority of
participants experienced significant events in their life that made

them realize that they must do something to change their
lifestyles. The primary event was declining health. Some
participants experienced a gradual decline, followed by a
significant health event such as surgery. Some participants were
given either severe warning or gentle encouragement from their
health providers to exercise to address the health issue:

Anyhow, but so what I’m saying is over those years
my health had been declining without me really
recognizing it because it wasn’t just an abrupt thing.
With the heart surgery, that being an abrupt event in
my life, I realized that I definitely needed to do more
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to try to get the exercise and the sleep, everything
that I needed as well as diet. [Participant 4]

She [The physician] laid it out to me there, end of
February: ‘You’re going to have a choice. We’re
going to give you injections, or it’s borderline
[diabetes]. Exercise and eating right can reduce it.
[Participant 20]

The aforementioned quotations were from individuals facing
severe health challenges. Although not all participants had such
dramatic life-threatening events that triggered them to begin
using wearable activity trackers to help them exercise more,
they mentioned other health-related reasons such as weight loss
or weight management, better diet, increased physical activity
and metabolism, and general preventative practice for healthy
retirement life. It seems that for individuals to start forming a
habit of long-term use, they needed to see a meaningful purpose
behind the action to make up their mind and be determined to
make a change.

Goal Setting: Start With a Small Goal and Gradually
Increase
Goal setting was one of the most mentioned technological
features of wearable activity trackers that assisted users in
becoming long-term users. Before a habit is formed, goal setting
is important. Different wearable devices on the market have a
goal-setting feature and the goal is typically set at 10,000 steps
for everyone by default. However, this goal target of 10,000
steps may not work for everyone, especially older adults or
individuals who are relatively sedentary to start. Our participants
did not always follow the default goal suggested by the device
and instead set realistic goals based on their conditions and
gradually modified their goals. Each round of goal setting and
goal accomplishment increased participants’ confidence and
self-efficacy in using wearable activity trackers to monitor
physical activity. It likely helped them form a habit and become
long-term users. Participants acknowledged the importance of
starting with a reasonable step count. Health problems often
limited participants; however, gradually increasing their goal
enabled the participants to meet their goals:

She [My daughter] has set it 10,000, which I found
was just a little bit too much for me, so I changed it
down to 4,000... Well, get it down to where it’s more
reasonable to start out with, and then move up... I
would say set your goals realistically. Don’t set them
because you think this is what you should do.
[Participant 1]

The tracker came preset with the 10,000 step goal. I
think that’s what the American Heart Association
recommends. I didn’t really push my steps for that
goal because if I was walking, I would still have some
pain in my chest...After I had that stress test after a
year is when I really started picking up the pace and
doing a lot more and working on the 10,000 steps
every single day. There have been days where it’s
tracked 15,000 so I would be significantly over the
goal some days. It did take me a while to work up to
it. [Participant 4]

Consistent Cues: Use Time and Locational Cues to
Make It a Routine
It sounds effortless: “just put it on.” However, many individuals
stop using wearable activity trackers because they cannot
remember to put it on [19]. What are the tricks among the
long-term wearable activity tracker users? As the habit formation
literature predicts, volitional goal setting is the first step before
the autonomous habit is formed, and consistent cues that trigger
behaviors repeatedly move individuals toward habituation.
Commonly discussed temporal cues are morning and night
routines. Long-term users typically put on the wearable activity
trackers the first thing in the morning. A time cue of going to
bed reminds some users to plug in the wearable activity tracker
to charge so that it is available for use the next day:

If you develop a routine and a habit by having a place
you put it every night, an agreement with yourself
that it’s the first thing you do when your feet hit the
ground in the morning is put it on, then it will become
a habit. Anything you do for 15 days in a row becomes
a habit. If you can do it for 15 days, you probably
will continue to do it. [Participant 15]

Another essential contextual cue is the location. Participants
leave the wearable activity trackers at the same location at night
or for charging, usually a place where they can easily spot, for
example, nightstand, besides the clothes. Time and locational
cues enabled participants to develop the habit of wearing a
wearable activity tracker. Consistent cues regarding time and
location provided the older adults a framework on which to
develop a habit. As many of the participants had previously
worn watches, the process of developing a routine for wearing
a wearable activity tracker was identified as similar to wearing
a watch. Many of the participants recognized that once they
were able to develop the habit of wearing the wearable activity
tracker, it became an automatic process:

It’s just right there on the, where I lay my clothes out,
so it’s like okay, this is part of it. It’s like putting your
earrings in. This is just what you do. [Participant 9]

You don’t take it off except to charge it or take a bath
or shower; you put it in a spot where you’re gonna
put it right back on if you do have to take it off. Just
do it all the time and it becomes a habit. [Participant
7]

I would say that the most important thing is the issue
of getting into a regimen. They can get on an
automatic thing like I do. Basically in the morning
you just put it on. You don’t even think about. It’s like
putting on my watch. It’s an automatic thing. That’s
number one. [Participant 18]

Action Planning: Creative Contextual Cues
Action planning helps establish the link between contextual
cues and behaviors. Action planning involves detailed
specification of the features of situations and intended responses
to the situation, creating an if-then rule. Because long-term users
have planned ahead of time what to follow once the contextual
cues are triggered, they could easily engage in the planned
actions. The long-term users in the study had a number of
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creative contextual cues, such as commercial breaks, phone
conversations, and ice and snow outside. For instance, if there
was a commercial break or if participants were having a phone
conversation, they would get up and walk. Wearable activity
trackers most likely did not help participants plan action or
create if-then rules; however, the devices provided the concrete
behavior consequence (eg, step count), which is a way to
validate their action planning:

At night or when I start watching TV in the evening,
I get up during the commercials. All the commercials
I walk. [Participant 12]

While we were talking, I’ve been walking some
because I knew I still lacked a few steps. And so,
that’s right. Anytime I talk on the phone, you know,
since we all have the cell phones, I walk while I talk.
[Participant 9]

In the winter, because of the ice and snow, I don’t get
as much activity, steps and stuff like that, but I will
walk around the house to try and get to my, the
number of steps. If somebody would drive by and look
in the window, they’d see me back and forth, back
and forth, like I’m pacing. [Participant 17]

Action Planning: Use Reminders
Long-term users also acknowledged that it was easy to forget
to put on the wearable activity trackers when they first started,
especially after they took it off for charging. One of the
strategies they adopted was using reminders, for example, on
their phones. Some participants used the alert feature available
from the wearable activity tracker website to alert their phone
or email regarding the need to charge the tracker. Participants
tried to avoid charging the tracker last minute as often they
would forget to put on the tracker. They actively planned to
charge the tracker while engaging in sedentary behaviors and
use reminders:

When you set up the account you can turn on the
alerts and the alerts can go to your phone and can
go to also your email. That is... I did both and it’s a
duplicate because the email goes to the phone, too,
but...whatever gets my attention at the moment, that’s
fine. And then I go and charge. And it doesn’t take
long to charge. [Participant 10]

Coping Planning: Anticipate Problems and Have a
Plan to Deal With It
Coping planning, anticipating difficulties, and developing plans
to overcome challenges was also a common practice among
long-term users. They anticipated potential obstacles that might
prevent them from wearing the wearable activity tracker and
planned for how to deal with them. Once wearing wearable
activity trackers becomes a daily routine, or in the participants’
words, “becoming automatic,” the long-term wearable activity
tracker users are challenged to maintain a certain level or even
increase physical activity levels. One participant identified
coping planning to address the potential of a dead battery:

I carry one with me. I have it in my bag that I carry
to work, but I do have two chargers. So that’s

probably a good idea, too, to have more than one. I
know one person I know has it in their car. Charges
it in their car. [Participant 7]

Coping Planning: Mindset for Managing Unfulfillment
and Lapses
Adopting a new behavior does not always mean that the
behavior will be continuously maintained. Throughout behavior
change, maintenance, and dealing with occasional lapses are
essential [48]. Sometimes, people can be discouraged when
lapses happen, and they stop using wearable activity trackers
altogether [15]. The long-term tracker users shared that they
were prepared for occasional unfulfillment and lapses with a
positive mindset. The expectation of ups and downs helped
prevent users from quitting at the beginning of forming the
habit:

Put it on and don’t be discouraged the first few days
or even weeks or months you don’t reach what you
want, because it’s like everything else. It’s something
new. It’s something you’ve never done before.
[Participant 1]

Besides the positive mindset to view early road bumps as
inevitable and prepare for it, long-term users also tried to find
a positive angle to view lapses. For instance, they focused on
the larger picture, such as a weekly goal achievement, rather
than on a 1-day relapse:

I think just consistency is the most important thing.
Wear it every day and there might be some days when
you can’t achieve your goal but if you look at it on a
weekly basis, and say ‘Okay, my goal for the week is
70,000 steps, every day it’s 10,000. If something
happens, if you’re sick one day or you have business
there or whatever and you only get in the 5,000, if
you get in 12,000 two other days or 12,500, then
you’re still at your goal for the week.’ That’s one
thing I kept in mind is that you look at the goal on a
weekly basis as well as on a daily basis. [Participant
4]

Coping Planning: Try to Have Fun and Try Something
New
Engaging in the same behavior over and over again can be dull,
even after one has already established as a habit. Most of our
long-term users wear wearable activity trackers to track walking
steps as a way to monitor their activity level. Taking the same
route for walking every day certainly is a good way of keeping
the number of step counts; however, it also can make wearing
the wearable activity tracker unnecessary as today’s step count
would not be much different from yesterday’s. One reason for
the abandonment of a wearable activity tracker is that it is no
longer needed once users have gauged their routine activity
level [15]. The participants tried to explore new routes or new
environments, making physical activity more interesting and
justifying the need to wear the wearable activity tracker to gauge
step counts:

Maybe in the spring so you can hear the birds and
just do something like that to motivate you and look
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at the other side of town. When you walk over and
say, hey I haven’t been down in this area for quite a
while. You've got to come up with something that
motivates you to walk or to see something different,
or whatever. [Participant 19]

Discussion

Summary of Findings
This qualitative study obtained valuable insights from 20
long-term wearable activity tracker users who were at least 65
years old to inform future development of interventions to
increase wearable activity tracker use and physical activity
among older adults. The value of this study is in its focus on
factors that contribute to the long-term use of wearable activity
trackers among older adults, explored through the theoretical
framework of habit formation. Numerous studies have focused
on the initial stages of health-related technology use [19,49,50],
often neglecting the issue of long-term, sustainable engagement.
Existing studies examining the continued use of wearable
activity trackers and other personal informatics devices primarily
focus on reasons for abandonment rather than long-term use
strategies [21-23]. Studying sustainable wearable activity tracker
use in the older adult population is seen as especially beneficial,
as this particular group may greatly benefit from physical
activity [40,51]. Older adults are susceptible to developing
chronic diseases such as diabetes, cardiovascular diseases, and
obesity, which could be protected against by regular physical
activity [52]. Factors contributing to long-term use, in particular,
successful strategies to support habit formation and long-term
use, have implications not only for wearable activity tracker
use but also for other information technology facilitated behavior
change.

Our qualitative results confirmed 4 types of strategies, consistent
with the habit formation literature, which were used by our
participants to become long-term users of wearable activity
trackers. Specifically, they set up realistic and adaptive goals
in the early phase of habit formation and creatively relied on
contextual cues to trigger goal-related behaviors automatically.
They engaged in action planning, a form of mental stimulation
for how to act when contextual cues are triggered, translating
intentions, and goals to action. Finally, they deliberately did
coping planning, another type of mental stimulation to anticipate
obstacles and alternative behaviors to overcome those obstacles.

Goal Setting
Among the features that are available in wearable activity
trackers, goal setting was one of the most mentioned helpful
features. Goal setting, as an important step in the early phase
of habit formation, is common in most wearable activity
trackers. The default goal of 10,000 steps is not always
obtainable for older adults, especially those who are struggling
with health issues. One of the suggestions to help form sustained
wearable activity tracker use habits that came from the
interviewees was to start with realistic goals. If one wants to
make a change, the desired outcome is achievable [34]. This
approach not only encourages older adults to move but also
boosts their self-efficacy as they achieve their daily activity
goals [28,34]. Previous research on health apps has also shown

that the ability to set customizable goals helps boost
individuality, which contributes to the sustained motivation of
improving physical fitness or weight loss [53]. For older adults
who prioritize positive emotions and emotionally meaningful
goals in life, adaptive goals that are attainable at different stages
of behavior change may be especially important for their sense
of meaning and well-being [54]. Designers of personal health
informatics devices may consider realistic and adaptive goal
setting based on users’ initial use data rather than providing a
default goal for everyone. For instance, when users start using
the wearable activity tracker, it is crucial to analyze their age,
current activity level, and health status to craft a realistic goal
and then adaptively modify the goal based on the daily step
count data from the user.

Consistent Contextual Cues
Automaticity emerged as the core element of the habit formation
process. Most of the tricks to maintain use of wearable activity
trackers revolved around making wearable activity tracker use
routines less effortful or noticeable. Repetition and consistency
play an important role [26]. To get into the habit, one must put
the wearable activity tracker on at the same time every day.
Participants tended to keep their wearable activity trackers in
the same place, put them on as part of a grooming routine, or
charge them at the same time. These consistent contextual cues
helped them establish a routine of wearing wearable activity
trackers that were incorporated into their everyday lives.
Specifically, these time and location cues are the bases for action
planning as they signal when and where actions should take
place. Most recently, the HeartSteps study found that
contextually tailored activity suggestions can be helpful for
users to increase their step counts [55]. By using an
Android-based mobile health app to send users actionable
activity prompts tailored for their current context, including the
time of day, day of the week (weekday or weekend day),
location (home, work, and other), and weather (suitable for
walking outside or not), delivered at common times when
individuals can participate in physical activity, such as during
commute, midafternoon, or after dinner, researchers found that
delivering activity walking suggestions (vs providing no
suggestions) increased the subsequent 30 min step count by
14% to 24% on average. In light of these findings, delivering
activity suggestions on wearable activity trackers may have a
more substantial effect on physical activity, considering that
individuals have more immediate and constant access to them.
The HeartSteps study also found that the effects of contextually
tailored activity suggestions decreased as the study duration
increased. Nevertheless, the study was a 6-week intervention,
which may not be enough time to keep users engaged and form
the habits of participating in physical activity.

Most existing wearable activity trackers do not have built-in
features that facilitate the establishment of consistent contextual
cues for habit formation. Long-term users in our study
established these contextual cues based on their routines.
Designers of future wearable activity trackers or personal health
informatics devices may consider adding in features to facilitate
users to establish contextual cues to enable habit formation and
later use an automatic process. For instance, GPS is available
in many wearable activity trackers, and smart wearable activity
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trackers can use location data to infer location cues. If wearable
activity trackers send push notifications to invite users to
annotate these contextual cues, future push notifications can be
sent as reminders when the contextual cues are triggered. In
addition, contextual cues are very much individualized. In other
words, each individual may have different when and where cues
that are meaningful for them. Wearable activity trackers may
offer a list of cues to action for users to identify personally
feasible cues.

Action Planning
Action planning uses the so-called if-then rules to establish the
link between contexts and behaviors. It includes specific
situational parameters (when, where) and a sequence of actions
(how). When such links are repeated over time, behaviors might
be elicited automatically when relevant situational cues are
encountered. Our participants engaged in action planning to use
creative contextual cues and reminders for prolonged use of
wearable activity trackers, adding empirical evidence for the
theory of the habit formation process [28]. There is already
evidence showing the effectiveness of action planning for
behavior change in multiple domains, including physical activity
[37,56]. Action planning should be explored further as a strategy
for the continued use of wearable activity trackers or other health
informatics devices.

Action planning was done mainly by long-term users without
any assistance from their wearable activity trackers, which is a
gap where designers of future wearable activity trackers or
health informatics devices can fill. The strategies used by those
long-term users may be programmed into wearable activity
trackers to facilitate habituation and continued use. For instance,
wearable activity trackers may send push notifications
suggesting planned behavioral enactment if the when and where
contextual cues are triggered. For instance, one example of
action planning among our participants was to get up and walk
some steps when television commercials were on. A television
commercial is a when contextual cue that triggers the if-then
rule for walking behavior. Future wearable activity trackers
may prompt the users to choose a few from a list of if-then rules
that are personally relevant to them for action planning. As
evidenced by the HeartSteps study, along with similar
just-in-time interventions delivered at critical decision points
that are most suitable for facilitating individuals’health behavior
change [57], there is great potential for integrating action
planning with contextual cues in initiating and maintaining the
process of habit formation as we move toward the future of
precision health [58].

Next-generation wearable activity trackers or health informatics
may even be equipped with smart sensors to detect the when
and where contextual cues and provide just-in-time information
to nudge the users to engage in the planned behavior. For
instance, a smartwatch equipped with sound sensors can detect
television sounds and send just-in-time prompts that it is time
to walk when the commercial is on. It should be noted here that
these suggested action planning scenarios are not about wearing
wearable activity trackers but about increasing physical activity.
Nevertheless, the primary goal of any wearable activity tracker
is to increase physical activity, and the discussed scenario cannot

be implemented if the user is not wearing a wearable activity
tracker.

Coping Planning
Coping planning is a mental simulation of overcoming
anticipated barriers to action. Good intentions or well-set goals
are more likely to be translated into action when people develop
success scenarios and preparatory strategies for approaching
difficult tasks. A systematic review shows that coping planning
is an effective technique for promoting health-related behavior
change, especially in combination with action planning [59].
Relapse and barriers to action are always expected. The key is
how to deal with them when they happen. Our participants
stressed that disruptions in wearable activity tracker use should
not be a reason to stop using wearable activity trackers. They
noted the importance of continuing to use wearable activity
trackers even if step levels were lower than desired or
individuals had forgotten to use the wearable activity tracker
for a while. This insight suggests that behavioral disruptions
are to be expected; however, getting back on the horse and
resuming wearable activity tracker use are integral to continued
long-term wearable activity tracker use. This finding is also
consistent with previous evidence that occasional deviation of
behavior does not seriously impair habit formation as long as
additional repetition continues [41].

Nevertheless, coping planning before disruption or relapse is
essential for habit formation. Coping planning ensures the
continuance of the habit formation process and the effectiveness
of other elements, including goal setting, environmental cues,
and action planning, for habit formation. The lack of
premeditations or deliberate mental efforts inherent in the coping
planning process may constitute a critical reason that people
fail to stick with the usage of wearable activity trackers.
Nevertheless, coping planning is also the most often neglected
component among studies on the habitual use of wearable
activity trackers [27,60]. Considering its significance in helping
participants bridge the gap between their intentions and actions
to engage in health behaviors [59], lack of support for coping
planning is a weak spot of existing wearable activity trackers
and health informatics devices. Designers may consider
incorporating coping planning, especially coupling coping
planning with different contexts that can be sensed by wearable
activity trackers (eg, lack of data for several days) or contextual
data (eg, weather information) to better facilitate habituation.
For instance, when the weather forecast indicates snow for the
next 5 days and the GPS of the wearable activity tracker shows
that the user is mostly walking outside, a push notification may
be programmed to send to the user to plan for indoor walking
before snowfall.

It is sometimes difficult for individuals to anticipate barriers
and devise coping planning ahead of time. Another approach
might be to monitor behaviors and obstacles and plan for coping
strategies when the same obstacles occur in the future. For
example, a wearable activity tracker might detect that the user
did not wear a wearable activity tracker for several days or did
not log the targeted steps for several days. The wearable activity
tracker could then send a push notification to the user to annotate
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why this happened and how to deal with this if this happens
again in the future.

Limitations
Although the results of our study provide suggestions for
enhancing long-term wearable activity tracker use habit
formation, our study is not without limitations. First, we
interviewed 20 older adult long-term wearable activity tracker
users from across the United States to discern how they formed
long-term wearable activity tracker use habits. Although the
participants were geographically dispersed across the United
States, they were skewed to younger older adults, with an
average age of approximately 68 years. Older adults in their
80s and beyond are likely to be different from those in their
upper 60s in terms of wearable activity tracker use and long-term
wearable activity tracker use. In addition, 18 out of 20
participants of our sample were White. We know little about
how the patterns identified in these interviews might differ
among a more diverse racial and ethnic sample. Future research
is needed that follows a diverse sample of older adults over time
as they begin to use wearable activity trackers to determine how
habits are formed in wearable activity tracker use. Second, our
study relied on self-report, which may be subject to recall bias
given that the average time of wearable activity tracker use for
our long-term wearable activity tracker users was almost 3 years,
although we implemented a photo diary to facilitate recall,
especially recall of habitual behaviors. Third, we relied on habit
formation literature to examine the continued use of wearable
activity trackers. However, there are other models available that
predict continued use of technology, such as the
expectation-confirmation model [61], which may be adopted
in future research regarding the continued use of wearable
activity trackers and other health informatics devices. Fourth,
the focus of this study is on the continued use of wearable
activity trackers, not necessarily habitual physical activity.
Nevertheless, some participants equated wearing wearable
activity trackers with physical activity, and some participants
noted that wearing a wearable activity tracker was the first step
in behavior change. We deliberately only included interview
results about wearing wearable activity trackers; however,
wearing wearable activity trackers and engaging in physical
activities were intertwined in some interviews. Fifth, further
advancement of wearable technology in the population of older
adults may uncover additional barriers to continuous technology
use. For example, advanced wearable activity trackers may
require older adults to share personal information with the
technology owners, which may create privacy-related concerns.
Sixth, although the participation incentive was US $80 in total,
it matched with the level of time commitment and effort because
the participants needed to engage in 2 interviews that lasted for

60 to 90 min each and they also needed to keep a photo diary
of wearable activity tracker use. The possibility that the financial
incentives would introduce a potential bias toward keeping up
the appearance of long-term users is low because only long-term
users identified by the Qualtrics survey received recruitment
information for the interview study. In other words, participants
disclosed their length of wearable activity tracker use in the
Qualtrics survey before they were aware of the interview study
and its incentives. Finally, as this study focuses mainly on the
behavioral factors that are conducive for forming habits of using
wearable activity trackers, we did not consider the personality
and motivational aspects of habit formation. Research has found
that self-control, self-determination [62-64], conscientiousness,
and a growth mindset [65] are predictive of healthy habit
formation, which, in turn, is predictive of physical activity or
exercise behaviors. For example, the positive relationship
between trait self-control and physical activity is mediated
through behavioral automaticity, a key component of habit [62].
The positive relationships between self-control and positive life
outcomes, such as healthy eating and consistent sleep, are also
mediated through beneficial habits [66]. Another study found
that self-determined motivations are more predictive of
behavioral automaticity than nonself-determined motivations
across 12 common daily behaviors [63]. Even though we did
not directly study physical activity, it is arguable that these
personality and motivational factors may also have similar
effects on the habit of wearing wearable activity trackers, which
is a necessary tool for facilitating behavior change. We suggest
that these relationships should be explored in more detail in
future research.

Conclusions
The results of this study shed light on a range of factors that
may contribute to long-term wearable activity tracker use among
older adults. Although contextual factors, such as where the
wearable activity tracker is placed and how often it is charged,
and technological factors, such as build-in goals and reminders,
are important. Participants also noted the importance of
self-initiated actions and coping planning for forming wearable
activity tracker use habits. The results of this study provide
practical recommendations for behavior change interventions.
In summary, the results of this qualitative study of long-term
power users of wearable activity trackers suggest specific ways
to enhance long-term habit formation for wearable activity
tracker use among older adults. The findings add rich qualitative
insights into the emerging literature on habit formation.
Strategies identified by long-term power users could be useful
in the design of next-generation wearable activity trackers or
technological devices to facilitate behavior change.
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In “The Digital Marshmallow Test (DMT) Diagnostic and
Monitoring Mobile Health App for Impulsive Behavior:
Development and Validation Study” (JMIR Mhealth Uhealth
2021;9(1):e25018) the authors noted one error.

In the originally published article, in the subsection
“Measurement of Impulsive Behavior,” a URL was inadvertently
inserted following the sentence “At the same time, trait-based
studies can be confounded by other factors, including
environment, mood, cognition, and social setting [2,28,29], and

are heavily influenced by current state and context.” This URL
was unrelated to the article and has been removed from the
corrected version.

The correction will appear in the online version of the paper on
the JMIR Publications website on January 26, 2021, 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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Abstract

Background: As smartphone has been widely used, understanding how depression correlates with social behavior on smartphones
can be beneficial for early diagnosis of depression. An enormous amount of research relied on self-report questionnaires, which
is not objective. Only recently the increased availability of rich data about human behavior in digital space has provided new
perspectives for the investigation of individual differences.

Objective: The objective of this study was to explore depressed Chinese individuals’ social behavior in digital space through
metadata collected via smartphones.

Methods: A total of 120 participants were recruited to carry a smartphone with a metadata collection app (MobileSens). At the
end of metadata collection, they were instructed to complete the Center for Epidemiological Studies-Depression Scale (CES-D).
We then separated participants into nondepressed and depressed groups based on their scores on CES-D. From the metadata of
smartphone usage, we extracted 44 features, including traditional social behaviors such as making calls and sending SMS text
messages, and the usage of social apps (eg, WeChat and Sina Weibo, 2 popular social apps in China). The 2-way ANOVA
(nondepressed vs depressed × male vs female) and multiple logistic regression analysis were conducted to investigate differences
in social behaviors on smartphones among users.

Results: The results found depressed users received less calls from contacts (all day: F1,116=3.995, P=.048, η2=0.033; afternoon:
F1,116=5.278, P=.02, η2=0.044), and used social apps more frequently (all day: F1,116=6.801, P=.01, η2=0.055; evening: F1,116=6.902,
P=.01, η2=0.056) than nondepressed ones. In the depressed group, females used Weibo more frequently than males (all day:
F1,116=11.744, P=.001, η2=0.092; morning: F1,116=9.105, P=.003, η2=0.073; afternoon: F1,116=14.224, P<.001, η2=0.109; evening:
F1,116=9.052, P=.003, η2=0.072). Moreover, usage of social apps in the evening emerged as a predictor of depressive symptoms
for all participants (odds ratio [OR] 1.007, 95% CI 1.001-1.013; P=.02) and male (OR 1.013, 95% CI 1.003-1.022; P=.01), and
usage of Weibo in the morning emerged as a predictor for female (OR 1.183, 95% CI 1.015-1.378; P=.03).

Conclusions: This paper finds that there exists a certain correlation between depression and social behavior on smartphones.
The result may be useful to improve social interaction for depressed individuals in the daily lives and may be insightful for early
diagnosis of depression.

(JMIR Mhealth Uhealth 2021;9(1):e19046)   doi:10.2196/19046
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Introduction

Depression is a mental disorder that is widespread in the world,
with more than 300 million people affected [1]. Subthreshold
depressive symptoms are far more common, causing significant
impairment in people’s lives and putting them at risk for future
mental health concerns [2]. Depression is not only associated
with decreased quality of life [3], decreased work productivity
[4], and physical illnesses such as cardiovascular problems [5]
and Alzheimer disease [6], but also increases the mortality and
suicide rate [7,8]. The World Health Organization estimates
that depression will be the leading cause of disease burden by
2030 [9].

Although depression is treatable using different methods,
including antidepressants and psychotherapy, only fewer than
half of those eligible received treatment [10,11]. One of the
main obstacles is the difficulty of diagnosing depression. For
instance, guideline-concordant care for depressed patients
seeking treatment is typically initiated by primary care
physicians [12,13], whereas primary care physicians might fail
to identify most patients with depressive symptoms [14,15].
Because early treatment and intervention are shown to be
associated with a better prognosis [16], more efficient methods
of identifying depression could significantly improve the
delivery of services to those in need.

Currently, smartphone has led to an enormous increase in
personal convenience and effectiveness, with more than 3 billion
users worldwide [17]. Despite the many uses and advantages
of smartphones, they also bring many negative effects on the
mental health of individuals (eg, depression). There has been
evidence that general and problematic smartphone usage
commonly co-occur with depression. On the one hand, some
studies found that depression can cause smartphone addiction,
because depressed individuals take their smartphones as a coping
method to deal with their depressive emotion [18,19]. On the
other hand, some studies found that high smartphone usage is
associated with subsequent stress, sleep di culties, and
depression [20,21]. Furthermore, some studies found a
bidirectional relationship between smartphone usage and
depression [22]. Specifically, depressed individuals may be
driven to excessively use their smartphone to get rid of negative
emotions, but this excessive smartphone usage consequently
elicits more sleep problems, depression, irritability, and stress.

Communication and interpersonal interaction are among the
most important functions of smartphones, and much research
has been conducted on the relationship between depression and
social behaviors on smartphones. While a smartphone is
essential for communication and interpersonal interaction, it
may make people less engaged with their real-life social
environment [23-25]. Several studies found that depressed users
have been reported to make fewer calls, but send more SMS
text messages [26-28]. Kim et al [22] found that depressed users
may rely on smartphones to alleviate their negative feelings and
spend more time on communication, which in turn can

deteriorate into problematic outcomes. Tamura et al [29] found
that smartphone usage of 2 hours or more per day for social
network services and online chats is associated with a higher
risk of depression.

However, the majority of relevant studies measured smartphone
usage using a self-report methodology. And self-reported
smartphone usage did not correlate robustly with objectively
measured smartphone usage [30,31]. Only recently, the
increased availability of smartphone-based passive sensing data
has provided new perspectives for the investigation of physical,
individual differences, or mental health [32-34]. For instance,
Saeb et al [35] found that both smartphone usage duration and
frequency are positively associated with depression by analyzing
daily life behavioral markers obtained using smartphone GPS
and usage sensors. Using a smartphone-based self-monitoring
system, Faurholt et al [36] found that depressive state in patients
with bipolar disorder was related to more screen time, while
manic state was related to frequent smartphone usage.
Furthermore, it has been demonstrated that behavior data
collected via smartphone can be used for monitoring individual
depressive states [37], detecting social rhythms in bipolar
disorder [38], and mobile intervention for depression [39].
Therefore, we aim to conduct research on depressed users’social
behavior in digital space through metadata collected via
smartphones.

To gain deeper insights, we include a broad range of behaviors
based on previous studies which have reported on behavioral
manifestations of depression in various types of behavior. For
example, traditional communication behaviors (eg, making
calls, sending SMS text messages) have been shown to be
associated with depressive symptoms in many studies
[23,27,28]. Moreover, as Baker et al [40] reviewed, there is a
complex relationship between online social networking and
depressive symptoms. Given that 99.1% of internet users are
mobile internet users in China [41], usage of social apps on
smartphones may be also associated with depression.

In addition, gender differences exist not only in depression but
also in smartphone usage. Specifically, males with depression
show impairment at lower symptom levels than females [42],
and report consistently fewer symptoms than females [43]. As
for gender differences in smartphone usage, several studies
found that female users’ smartphone usage is typically related
to sociability, interpersonal relationships, and the creation of
new relationships [44,45], but for male users, smartphone usage
is simultaneously based on SMS text messages and voice
conversations [46,47]. Furthermore, virtually all the studies
indicate that females have higher levels of dependence and
problematic usage than males [48,49]. Therefore, gender
differences may also exist in the social behaviors on
smartphones of depressed users.

By analyzing smartphone usage, this paper aims to examine the
correlation between depression and social behavior on
smartphones through metadata collected via smartphones.
Specifically, we hypothesized that nondepressed and depressed
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users may have differences in social behaviors on smartphones,
and there are gender differences in social behavior among
depressed users.

Methods

Study Procedure
In this study, a 2-step procedure was conducted: (1) data
collection and (2) data analysis. In order to collect metadata of
smartphone usage automatically, we developed an Android app
named MobileSens [50,51]. MobileSens consists of 2 modules,
one is for collecting metadata of smartphone usage, and the
other is for filling the questionnaire, which can get smartphone
usage data and the corresponding questionnaire results at the
same time.

Data Collection

Participants
We recruited participants in Beijing, China, who own Android
smartphones and also use smartphones in daily life by
advertising on social networks. During this study, all participants
were instructed to install MobileSens on their smartphones, and
use it for more than 1 month. Given psychological measurement
scales are composed of retrospective questions, participants
were asked to fill out the corresponding questionnaires on the

last day of metadata collection to ensure consistency between
metadata and participants’ psychological state. To encourage
participants to take part in our study, we offered them a
monetary reward depending on the number of days the
smartphone usage data was uploaded. In particular, if
participants finished uploading 30 days’ data and completed
the questionnaires, we rewarded them with RMB 200 (US $30).
However, if participants dropped out of the study after finishing
questionnaires and uploading data for less than 30 days, we
provided experimental rewards based on the number of days
the data were uploaded. This study was approved by the Review
Board of Institute of Psychology, Chinese Academy of Sciences,
H09036. Signed informed consent was obtained from each
participant. Finally, we acquired data from a total of 120
participants (73 males, 47 females) with a mean age of 23.57
(SD 3.09).

Metadata of Smartphone Usage
MobileSens ran in the background to collect designated
metadata. After participants installed MobileSens into their
smartphone, most of their interactions with the smartphone were
recorded and no sensitive personal data, such as the specific
content of the SMS text messages, were collected. This app
sensed a total of 15 categories of smartphone interaction events,
as listed in Table 1. All the data would be uploaded via the
internet to a remote central data server.

Table 1. Details on smartphone log data.

Record contentCategory

App creation/resume/launch/stop/exitApp activity log

App package uninstallation/installation/replacement/change/data
cleanup/restart

App package log

Number, contact name, and direction of callCall log

Use of camera buttonCamera log

Contacts addition/deletionContact log

Change system date and timeDate change log

User’s locale, altitude, latitude, longitude, and direction of movementGPS log

Plug in/off headsetHeadset log

Change locationLocation changed log

Connect/disconnect the powerPower connected log

Power on/offPower log

Screen on/offScreen log

Service app creation/resume/launch/stop/exitService app log

Number, contact name, and direction of SMS text messageSMS text message log

Change wallpaperWallpaper log

Questionnaires
On the last day of the study, each participant was required to
complete an online assessment using MobileSens, consisting
of a demographic questionnaire and a depression measurement
scale. Depressive symptoms (minor depression) were evaluated
using the Center for Epidemiological Studies-Depression Scale
(CES-D) [52], which is widely used to measure depressive

symptoms severity in the general population and is applicable
to different ethnic contexts [53]. The CES-D measures the
frequency of 20 depressive symptoms over the past week on a
4-point Likert scale. The total score may range from 0 to 60,
with higher scores indicating higher levels of depression. In this
study the Chinese version of questionnaire was implemented,
and their validity and reliability have been proved previously
[54].
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Data Analysis

Feature Extraction
Among the metadata of smartphone usage sensed by
MobileSens, the analyses of this work focused on call log, SMS
text message log, and app activity log. These metadata are
directly or, in some cases, indirectly related to individuals’
social behavior on smartphones. For instance, call log and SMS
text message log are the direct output of individuals’
communication behavior; app activity log belonging to social
apps can reflect individuals’ online social activities, although
social apps also have entertainment and information acquisition
functions. Specifically, we designed 2 categories of social
behaviors on metadata:

Traditional Communication Behavior

We mainly focused on the frequency of usage of calls and SMS
text messages. In particular, we designed 4 kinds of behaviors
related to traditional communication behavior from the metadata
(making calls, receiving calls, sending SMS text messages, and
receiving SMS text messages). In order to analyze the
communication behavior between individuals and acquaintances
(eg, contacts on smartphones), we designed another 4 kinds of
communication behaviors that occur between contacts, which
included making calls to contacts, receiving calls from contacts,
sending SMS text messages to contacts, and receiving SMS text
messages from contacts. Finally, we obtained a total of 8
behaviors.

Usage of Social Apps

We analyzed the frequency of usage of social apps from the
following 2 aspects. First, we analyzed the frequency of usage
of all social apps. Specifically, using a web crawler, we crawled
an app classification framework from the Wandoujia app store
(one of the most popular Android app stores in China), and got
a list of all the social apps. Then, we extracted from metadata
the usage records of all social apps for social apps’ usage
behavior. Second, we analyzed the frequency of usage of
WeChat and Sina Weibo, 2 popular social apps in China,
respectively. Finally, we designed a total of 3 behaviors.

After designing the above 2 categories of social behaviors, we
extracted features from each category of behavior. Specifically,
after calculating the frequency of all behaviors per day for each
participant, we used the mean of the frequency of these
behaviors as the feature of social behavior on smartphone all
day (0:00 to 24:00). In addition, social activity represents the
most important factor disrupting circadian rhythms after
alternation of light/dark cycle [55], meaning that individuals’
social behavior may differ between day and night. Moreover,
circadian rhythms have repeatedly been linked to individual
depression [56,57]. Thus, it may make sense to analyze
individuals’ social behaviors on smartphones during the day
and at night. Further, some studies have found that many people
with depression show a regular daily pattern of symptoms,
usually with more severe symptoms in the morning [58,59]. To

explore this difference, after dividing a day into day and night,
we divided the day into morning and afternoon (morning: 6:00
to 12:00; afternoon: 12:00 to 18:00; evening: 18:00 to 6: 00).
And then we calculated the average frequency of smartphone
social behavior in different periods as the final features. Finally,
we extracted a total of (8 + 3) × (1 + 3) = 44 behavior features.

Depressive Symptoms
To examine differences in social behaviors on smartphones
between depressed and nondepressed users, we divided
participants into 2 groups based on their scores on CES-D. The
score of 16 has been traditionally used as a cutoff point for
determining whether a person has symptoms of depression not
only in Western countries [60], but also in China [54]. In this
study, the cutoff point of 16 was used to distinguish individuals
considered to be depressive from those classified as
nondepressed.

Statistical Analysis
Descriptive statistics were computed as the mean and SD for
continuous variables and absolute frequencies and percentage
for categorical variables. The chi-square test and independent
t-test were used to compare demographics between 2 groups.
The 2-way ANOVA of depressive symptom (nondepressed
group vs depressed group) × gender (male vs female) was
conducted to examine the differences in social behaviors.
Multiple logistic regression analysis with dichotomous
depressive symptoms (nondepressed vs depressed) as dependent
variables was used to find predictors of depressive symptoms.
In this analysis, variable selection was performed using stepwise
forward selection, subsequently including one by one the
variables that were not statistically significant (α=.05). To
improve the chances of retaining meaningful predictor variables,
demographics that differed between the groups at P<.1, and
behavior features that differed in the main effect of depressive
symptoms in 2-way ANOVA at P<.1 were analyzed as
independent variables via multiple logistic regression analysis
[61]. For further data exploration of gender differences, multiple
logistic regression models adjusted for gender were conducted.
All statistical tests were performed using SPSS version 23 for
Windows (IBM). The level of significance was set at .05.

Results

Demographics and Questionnaire Scores of CES-D
Of the 120 participants who formed the study sample, 71
participants were divided into the nondepressed group and 49
participants were divided into the depressed group.
Demographics of participants are summarized in Table 2. The
results of the chi-square test and independent t-test on
demographics between the nondepressed and depressed groups
showed no significance (gender: P=.76; education: P=.34; living
place: P=.99; occupation: P=.75; marital status: P=.36; and age:
P=.31).
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Table 2. Demographics of participant versus depressive symptoms.

P-valueχ2 (df) or t (df)Depressed group (N=49)Nondepressed group (N=71)Characteristic

.76a0.10 (1)Gender, n (%)

20 (41)27 (38)Male

29 (59)44 (62)Female

.34a2.16 (2)Education, n (%)

0 (0)3 (4)Below university diploma

21 (43)28 (39)University diploma

28 (57)40 (56)Above university diploma

.99a0.02 (2)Living place, n (%)

26 (53)37 (52)City

9 (18)13 (18)Town

14 (29)21 (30)Country

.75a0.10 (1)Occupation, n (%)

45 (92)64 (90)Student

4 (8)7 (10)Others

.36a0.83 (1)Marital status, n (%)

18 (37)32 (45)Single/windowed

31 (63)39 (55)Married/in a relationship

.31b1.01 (118)23.92 (3.54)23.34 (2.74)Age, mean (SD)

aChi-square test.
bIndependent t-test.

Differences in Social Behaviors on Smartphone
To examine differences in social behavior features between the
nondepressed and depressed groups, we conducted 2-way
ANOVA of depressive symptom (nondepressed group vs
depressed group) × gender (male vs female). All social behavior
features with significant results are shown in Table 3.

For “usage of traditional communication functions,” 2
behavioral features had significant differences. Specifically, in
terms of “receiving calls from contacts all day,” the main effect
of depressive symptom was significant (F1,116=3.995,

P=.048,η2=0.033). The frequency of receiving calls from
contacts all day was significantly higher in the nondepressed
group than in the depressed group (P=.048). By contrast, the
main effect of gender and the interaction effect of depressive
symptom and gender were not significant (F1,116=0.005, P=.94,

η2=0.000; F1,116=0.010, P=.92, η2=0.000). As for “receiving
calls from contacts in the afternoon,” the main effect of
depressive symptom was significant (F1,116=5.278, P=.02,

η2=0.044). The frequency of receiving calls from contacts in
the afternoon was significantly higher in the nondepressed group

than in the depressed group (P=.02). However, the main effect
of gender and the interaction effect of depressive symptom and

gender were not significant (F1,116=0.004, P=.95, η2=0.000;

F1,116=0.006, P=.94, η2=0.000).

In “usage of social apps,” 6 behavioral features had significant
results. Specifically, in terms of “usage of social apps all day,”
the main effect of depressive symptom was significant

(F1,116=6.801, P=.01, η2=0.055). The frequency of usage of
social apps was significantly higher in the depressed group than
in the nondepressed group (P=.01). By contrast, the main effect
of gender and the interaction effect of depressive symptom and

gender were not significant (F1,116=0.675, P=.41, η2=0.006;

F1,116=1.654, P=.20, η2=0.014). As for “usage of social apps in
the evening,” the main effect of depressive symptom was

significant (F1,116=6.902, P=.01, η2=0.056). People in the
depressed group used social apps more frequently than people
in the nondepressed group in the evening. However, the main
effect of gender and the interaction effect of depressive symptom

and gender were not significant (F1,116=0.095, P=.76, η2=0.001;

F1,116=1.964, P=.16, η2=0.017).
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Table 3. Differences in smartphone usage among participants with different depressive symptoms.a

Pinterac-

tion value
Finterac-

tion (df)
Pgender

value
Fgender

(df)
Pgroup

value
Fgroup

(df)
Depressed groupNondepressed

group
Behavioral feature

FemaleMaleFemaleMale

Traditional communication behavior,
mean (SD)

.920.010
(1, 116)

.940.005
(1, 116)

.0483.995
(1, 116)

0.09
(0.40)

0.05
(0.20)

0.48
(1.61)

0.49
(1.38)

Receiving calls from contacts all day

.940.006
(1, 116)

.950.004
(1, 116)

.025.278
(1, 116)

0.02
(0.07)

0.01
(0.02)

0.20
(0.64)

0.20
(0.53)

Receiving calls from contacts in the
afternoon

Usage of social apps, mean (SD)

.201.654
(1, 116)

.410.675
(1, 116)

.016.801
(1, 116)

105.56
(120.28)

158.72
(172.41)

73.84
(107.88)

62.34
(114.24)

Usage of social apps all day

.161.964
(1, 116)

.760.095
(1, 116)

.016.902
(1, 116)

60.90
(88.05)

86.42
(115.56)

42.61
(69.62)

26.30
(40.08)

Usage of social apps in the evening

.0097.118
(1, 116)

.016.642
(1, 116)

.016.689
(1, 116)

25.49
(34.78)

6.34
(13.08)

6.31
(14.79)

6.64
(14.79)

Usage of Weibo all day

.025.932
(1, 116)

.034.765
(1, 116)

.0048.838
(1, 116)

6.11
(8.58)

1.94
(4.40)

1.23
(2.90)

1.46
(3.27)

Usage of Weibo in the morning

.0067.764
(1, 116)

.0038.918
(1, 116)

.016.370
(1, 116)

8.19
(10.81)

1.58
(3.17)

2.11
(5.57)

1.88
(4.59)

Usage of Weibo in the afternoon

.025.731
(1, 116)

.034.889
(1, 116)

.044.531
(1, 116)

11.19
(17.93)

2.82
(5.97)

2.97
(6.73)

3.30
(7.40)

Usage of Weibo in the evening

aData for descriptive statistics are the mean (SD) of the frequency of social behavior on smartphone. F values of 2-way ANOVA are represented by
Fgroup, Fgender, and Finteraction. P values of 2-way ANOVA are represented by Pgroup value, Pgender value, and Pinteraction value.

In addition, Weibo was the only app with significant results
among the 2 popular social apps. Under “usage of Weibo all
day,” the main effect of depressive symptom, the main effect
of gender, and the interaction effect of depressive symptom and

gender were significant (F1,116=6.689, P=.01, η2=0.055;

F1,116=6.642, P=.01, η2=0.054; F1,116=7.118, P=.009, η2=0.058,
respectively). Simple effect analyses showed that in the
depressed group, females used Weibo more frequently all day

than males (F1,116=11.744, P=.001, η2=0.092; Figure 1).
However, in the nondepressed group, there were no significant

differences (F1,116=0.005, P=.94, η2=0.000). As for “usage of
Weibo in the morning,” the main effect of depressive symptom,
the main effect of gender, and the interaction effect of depressive
symptom and gender were significant (F1,116=8.838, P=.004,

η2=0.071; F1,116=4.765, P=.03, η2=0.039; F1,116=5.932, P=.02,

η2=0.049, respectively). Simple effect analyses showed that in
the depressed group, the frequency of usage of Weibo among
females in the morning was significantly higher than that of

males (F1,116=9.105, P=.003, η2=0.073; Figure 1). However, in
the nondepressed group, no significant gender differences

existed (F1,116=0.039, P=.85, η2=0.000).

Concerning “usage of Weibo in the afternoon,” the main effect
of depressive symptom, the main effect of gender, and the
interaction effect of depressive symptom and gender were

significant (F1,116=6.370, P=.01, η2=0.052; F1,116=8.918,

P=.003, η2=0.071; F1,116=7.764, P=.006, η2=0.063,
respectively). Simple effect analyses showed that in the
depressed group, females used Weibo more frequently in the

afternoon than males (F1,116=14.224, P<.001, η2=0.109; Figure
1). However, in the nondepressed group, no significant gender

differences existed (F1,116=0.024, P=.88, η2=0.000). In terms
of “usage of Weibo in the evening,” the main effect of gender
and the interaction effect of depressive symptom and gender

were not significant (F1,116=4.531, P=.04, η2=0.038;

F1,116=4.889, P=.03, η2=0.040; F1,116=5.731, P=.02, η2=0.047,
respectively). Simple effect analyses showed that in the
depressed group, females used Weibo more frequently than

males in the evening (F1,116=9.052, P=.003, η2=0.072; Figure
1). However, in the nondepressed group, no significant gender

differences existed (F1,116=.020, P=.89, η2=0.000).
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Figure 1. Interactions between depressive symptom and gender on usage of Weibo in different periods.

Predictors of Depressive Symptoms
The following 11 variables were entered into the multiple
logistic regression model: “receiving calls from contacts all
day,” “receiving calls from contacts in the afternoon,” “receiving
calls from contacts in the evening,” “usage of social apps all
day,” “usage of social apps in the morning,” “usage of social
apps in the evening,” “usage of Weibo all day,” “usage of Weibo
in the morning,” “usage of Weibo in the afternoon,” “usage of

Weibo in the evening,” and “usage of WeChat in the evening.”
Of the 11 variables, “usage of social apps in the evening”
remained a significant independent predictor (P=.02) of
depressive symptoms in the model established on the whole
sample (Table 4). In addition, “usage of social apps in the
evening” emerged as a significant factor for male (P=.01), and
“usage of Weibo in the morning” emerged as a significant factor
for female (P=.03).

Table 4. Multiple logistic models of depressive symptoms.

P valueOdds ratio (95% CI)Behavioral feature

Total

.061.089 (0.996-1.191)Usage of Weibo in the morning

.021.007 (1.001-1.013)Usage of social apps in the evening

.130.032 (0.000-2.705)Receiving calls from contacts in the afternoon

Male

.011.013 (1.003-1.022)Usage of social apps in the evening

Female

.031.183 (1.015-1.378)Usage of Weibo in the morning
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Discussion

Principal Findings
Our results supported the hypothesis that nondepressed and
depressed users have differences in social behaviors on
smartphones, and there were gender differences in social
behavior among depressed users. Specifically, we used
MobileSens to obtain metadata of smartphone usage on 120
participants, and extracted social behavior features to investigate
the social behavior of nondepressed and depressed users. The
results found depressed users received less calls from contacts
(all day, in the afternoon) and used social apps more frequently
(all day, in the evening) than nondepressed users. In the
depressed group, females used Weibo more frequently than
males (all day, in the morning, in the afternoon, in the evening).

Traditional Communication Behavior of Depressed
Users
The results show that depressed users receive fewer calls from
contacts throughout the day than nondepressed users. Consistent
with our results, a cross-sectional study involving 6105 adults
aged 18-84 years found that low frequency of contacts with
friends and parents was a significant factor associated with
depression [62]. In particular, social interactions with strong
ties (eg, family, friends) play an important role in satisfying
people’s need for social connectedness [63-66]. Furthermore,
meta-analyses have also shown that interventions for depression
by addressing social relationships, including couples therapy
and peer support, may be effective in reducing depressive
symptoms [67,68]. Therefore, it is plausible that social
interactions with strong ties via calls can satisfy psychological
needs essential for reduction of depression and human
flourishing. In addition, the result can be supplemented by one
of the major assumptions of the behavioral theory of depression,
namely, that a low rate of response-contingent positive
reinforcement acts as an eliciting stimulus for depression
[69-71]. Response-contingent positive reinforcement is defined
as pleasurable or positive outcomes that follow an individual’s
behavior within his or her environment and increase the
likelihood of those behaviors. Under such an assumption, social
interactions with friends through calls could be perceived as a
positive response contingent, whereas lack of social interaction
with friends or family will increase depression.

Notably, only in the afternoon did the 2 groups differ
significantly in the frequency of calls received from contacts
over all periods (P=.02). Previous studies have found a circadian
rhythm of positive affect in healthy individuals, peaking in the
afternoon [72,73]. Moreover, this positive affect was positively
related to the number of interactions in which participants
engaged, and the amount of time spent engaged in social contact
[74]. According to the social enhancement model [75], those
who already have good mental state enjoy more benefits from
social interactions, while problems are only compounded for
those who have psychological deficits. Thus, people who are
already in good mental states have more willingness to engage
in social interactions, which may encourage others to call them.
However, unlike healthy individuals, the diurnal variation of
positive affect in depressed patients showed an inverse-U shape

with a steeper overall increase from morning lows to evening
highs [76]. Thus, it is not surprising that difference exists in the
number of receiving calls in the afternoon between the 2 groups.

Usage of Social Apps of Depressed Users
We found that depressed users use social apps throughout the
day more frequently than nondepressed ones. There might be
several reasons. First, depressed people expect that interpersonal
interaction via the internet can alleviate their psychological
problems, because they believe that it is less risky and easier to
get support and build relationships online than face to face
[77,78]. Given that 99.1% of internet users are mobile internet
users in China [41], the positive association between depression
and internet overuse would be replicated for a smartphone.
Second, deficiency in self-regulation is a common manifestation
among those with depression [79], which makes it difficult for
them to maintain a healthy level and amount of smartphone use.
Therefore, depressed users use social apps more frequently than
nondepressed ones.

As for “usage of social apps in the evening,” we found that it
is a predictor for depression on both the overall data (all
participants) and male data (male participants), and the usage
frequency of depressed users is higher than nondepressed ones.
Previous studies have found that depression symptoms tend to
be relatively more active during the evening and night
[59,80-82], which may exacerbate the usage of social apps.
Additionally, people prefer to spend time on social media rather
than face-to-face activities [83-85], but the quality of
communication over social media has been highlighted as a
potential limiting factor in building strong, emotionally intense
relationships [86-88]. Furthermore, frequent smartphone usage
can make people vulnerable to negative outcomes, such as
interpersonal isolation [89]. Therefore, the usage of social apps
not only fails to lessen their negative emotions, but also actually
worsens these outcomes.

In the usage of top 2 social apps, at any time, the depressed ones
used Weibo more frequently than the nondepressed ones. In the
depressed group, females used Weibo more frequently than
males. As we discussed above, the depressed ones use social
apps more than the nondepressed ones, so this conclusion applies
equally to Weibo. What deserves our attention is the gender
differences in Weibo usage in the depressed group. Similar to
Twitter, but unlike WeChat, Weibo focuses on sharing of
opinions and information exchange rather than on social
interaction [90], and offers some anonymity in online
communication [91]. A previous study found that females are
more likely to report Weibo usage for communicating with
peers, passing time, and entertainment, whereas male users are
more likely than females to report Weibo use for social
compensation and social identity gratifications [92]. So
depressed females are more likely to overuse Weibo than
depressed males. Given a worsening of symptoms in the
morning hours and early morning waking are characteristics of
depression [58], depressed females may try to eliminate
psychological problems by using Weibo. This could explain
the usage of Weibo in the morning, which could serve as a
predictor of depression in females.
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Limitations and Future Work
One limitation of this study is that we only use
questionnaire-based scales to measure depression. Although
the validity of the questionnaires as a screening tool in accessing
depression severity has been well proven in the literature, the
questionnaire score itself cannot be used as diagnostic. Second,
the sample in this study was composed of healthy individuals
rather than clinical patients, which means that there were few
“real” patients with depression disorders in our sample. So our
results are applicable to individuals with minor depression, and
their applicability to patients with confirmed moderate to severe
depression has not been verified. Moreover, given the
convenience sampling method of this study and the majority of
participants were students, the extent to which sampling bias
affected the results cannot be determined. Therefore, replication
and extension of this research using larger, more representative
samples are desirable in future work.

Although the results found that depressed users used social apps
more frequently than nondepressed ones, the psychological
mechanism behind it is still unclear. For instance, because
deficiency in self-regulation is a common manifestation among

those with depression [79], future work could explore the
mediating effect of self-regulation in the relationship between
depression and social behavior on smartphones. Additionally,
our results showed that compared with nondepressed users,
depressed users received fewer calls from acquaintances. Future
studies may need to pay closer attention to whether it is the
reason that depressed users use social apps frequently.
Furthermore, our result found gender differences in some social
behaviors among depressed users (eg, the usage of Weibo),
which suggests that social-based features should be treated as
a personalized feature that should be assessed in a within-subject
analysis in future studies.

Conclusions
In summary, by analyzing metadata of smartphone usage
acquired by MobileSens, we found that relationships exist
between depression and social behavior on smartphones, which
means we may be able to implement an early diagnosis system
of depression through smartphone usage. Besides, the results
of this study provide useful suggestions to those who are
depressive in daily lives.
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Abstract

Background: Older adults who experience pain are more likely to reduce their community and life-space mobility (ie, the usual
range of places in an environment in which a person engages). However, there is significant day-to-day variability in pain
experiences that offer unique insights into the consequences on life-space mobility, which are not well understood. This variability
is complex and cannot be captured with traditional recall-based pain surveys. As a solution, ecological momentary assessments
record repeated pain experiences throughout the day in the natural environment.

Objective: The aim of this study was to examine the temporal association between ecological momentary assessments of pain
and GPS metrics in older adults with symptomatic knee osteoarthritis by using a smartwatch platform called Real-time Online
Assessment and Mobility Monitor.

Methods: Participants (n=19, mean 73.1 years, SD 4.8; female: 13/19, 68%; male: 6/19, 32%) wore a smartwatch for a mean
period of 13.16 days (SD 2.94). Participants were prompted in their natural environment about their pain intensity (range 0-10)
at random time windows in the morning, afternoon, and evening. GPS coordinates were collected at 15-minute intervals and
aggregated each day into excursion, ellipsoid, clustering, and trip frequency features. Pain intensity ratings were averaged across
time windows for each day. A random effects model was used to investigate the within and between-person effects.

Results: The daily mean pain intensities reported by participants ranged between 0 and 8 with 40% reporting intensities ≥2.
The within-person associations between pain intensity and GPS features were more likely to be statistically significant than those
observed between persons. Within-person pain intensity was significantly associated with excursion size, and others (excursion
span, total distance, and ellipse major axis) showed a statistical trend (excursion span: P=.08; total distance: P=.07; ellipse major
axis: P=.07). Each point increase in the mean pain intensity was associated with a 3.06 km decrease in excursion size, 2.89 km

decrease in excursion span, 5.71 km decrease total distance travelled per day, 31.4 km2 decrease in ellipse area, 0.47 km decrease
ellipse minor axis, and 3.64 km decrease in ellipse major axis. While not statistically significant, the point estimates for number
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of clusters (P=.73), frequency of trips (P=.81), and homestay (P=.15) were positively associated with pain intensity, and entropy
(P=.99) was negatively associated with pain intensity.

Conclusions: In this demonstration study, higher intensity knee pain in older adults was associated with lower life-space mobility.
Results demonstrate that a custom-designed smartwatch platform is effective at simultaneously collecting rich information about
ecological pain and life-space mobility. Such smart tools are expected to be important for remote health interventions that harness
the variability in pain symptoms while understanding their impact on life-space mobility.

(JMIR Mhealth Uhealth 2021;9(1):e19609)   doi:10.2196/19609

KEYWORDS

ecological momentary assessment; smartwatch app; life-space mobility; pain; knee osteoarthritis; global positioning system

Introduction

The world population of adults aged 65 years or older is rapidly
growing [1]. This phenomenon, unprecedented in history,
highlights a need to maintain and promote programs that manage
chronic diseases and symptoms causing increased risk of loss
of mobility and disability. The National Center for Health
Statistics [2] reports that, of adults 65-75 years old, 30% and
14.3% have physical impairments and difficulty walking one
quarter-mile (approximately 400 m), respectively. Rates are
higher in those older than 75 years—48.6% have physical
impairments, and 27.7% have difficulty walking one
quarter-mile (approximately 400 m). These impairments have
a significant negative impact on life-space mobility—the daily
activities and geographical area in which people engage. As a
result, many older adults anchor to their houses [3].
Osteoarthritis is the most common age-related joint disease in
the United States, affecting over 30 million US adults [4]. Pain
associated with osteoarthritis is accompanied by a reduction in
daily functioning, limitations in walking, and increased risk of
overt disability. Pain experiences have within- and
between-person variability due to physiological, medical,
behavioral, and environmental differences [5]. This variability
is complex and cannot be captured with traditional recall-based
pain surveys. As a solution, ecological momentary assessments
(EMA) record repeated pain experiences throughout the day in
a person's natural environment. It minimizes retrospective [6,7]
and recent-experience bias [8,9]. However, there are drawbacks
as the EMA tools that utilize paper surveys or dedicated digital
boxes tend to be intrusive, cannot be easily customized, and are
not wearable. In prior work [10], microinteraction EMAs—in
which people are prompted with questions, similar to those of
ROAMM, that can be understood at a glance and answered in
a few seconds—were developed on smart watches and compared
to less frequent EMA prompts on smartphones; researchers
found that although prompts on the watch were 8 times more
frequent than those on the phone, participants adhered 35%
more to microinteraction EMAs on the watch. Participants also
responded to EMAs in less time and reported the EMAs to be
less distracting on the watch than those on the phone [11].
Therefore, EMAs on a smartwatch might serve as an excellent
approach for enhancing adherence.

Mobility within the perspective of life-space can be described
as the habitual movement of individuals [12-14]. Life-space
mobility includes spatial size and frequency of interaction with
the surrounding environment. The construct is influenced by

physical function and spatial extent of movement, but also the
cognitive, psychological, social, and environmental disposition
of an individual. Life-space mobility has been measured using
various methods [12,13,15,16]. Life-Space Diary, introduced
by May et al [13] in 1985, was the first measure. It asked
participants to report daily their zone out of 5 predefined
concentric zones, referenced to their bedrooms. Similarly,
Life-Space Questionnaire, introduced by Stalvey et al [14] in
1999, consisted of 9 yes or no questions asking whether a
participant was in a certain region within their environment in
the last 3 days. Life-Space Assessment, introduced by Baker et
al [12] in 2003, added another perspective by documenting how
far and how often an individual travels to predefined regions
within their environment, while also considering any assistance
needed during mobility. However, there remain issues with
life-space mobility assessment—paper-based and recall of
information are an added burden on participants and introduce
more challenges related to adherence and recall bias.

The use of personal devices such as smartphones and
smartwatches is growing rapidly in both young and older adult
population groups. According to the International Data
Corporation Worldwide Quarterly Wearable Device Tracker,
smartwatches accounted for 44.2% of the wearable market in
2018; this is expected to rise to 47.1% by 2023 [17]. The
widespread use of wearables and their high computational and
sensory capabilities provide a platform to reach and interact
with a large share of population, particularly individuals with
medical conditions. This is highly significant due to the ability
to monitor individuals continuously and intervene whenever
and wherever medical conditions occur [18]. It also opens new
opportunities to link complex states in a temporal manner.

In this demonstration study, we used a custom-designed
smartwatch platform called Real-time Online Assessment and
Mobility Monitor (ROAMM) that synchronizes EMA of pain
experiences with GPS data to examine their temporal
associations in older adults with symptomatic knee osteoarthritis.
We hypothesized that higher pain experiences would be
associated with lower life-space mobility features.

Methods

Study Population
This study was approved by the University of Florida
institutional review board (UFIRB 201601858), and written
informed consent was obtained from all participants. We
enrolled 19 older adults. Inclusion criteria were age ≥65 years
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and diagnosis of unilateral or bilateral symptomatic knee
osteoarthritis. Exclusion criteria were failure or inability to
provide informed consent; diagnosis of dementia; and being
unable to communicate because of severe hearing loss or speech
disorder. A convenience sample was drawn from a population

of older adults with knee osteoarthritis. Two participants were
not interested in participating after being informed about the
study. Each participant received compensation of a US $50 gift
card. Table 1 shows the descriptive characteristics of
participants.

Table 1. Participants’ descriptive characteristics.

Value (n=19)Characteristics

73.1 (4.8)Age (years), mean (SD)

Gender, n (%)

6 (32)Male

13 (68)Female

28.23 (4)BMI (kg/m2), mean (SD)

Ethnicity, n (%)

15 (79)White

3 (16)African American

1 (5)Asian

Education, n (%)

10 (53)Graduate

6 (32)College

2 (10)High school

1 (5)Declined to respond

Live alone, n (%)

4 (21)Yes

15 (79)No

Housing, n (%)

16 (84)Single Family Home

1 (5)Other

2 (11)Other (mobile home, boat)

Ecological Momentary Assessment of Pain Using
ROAMM
ROAMM was developed at the University of Florida to enable
real-time capture of patient-generated information—wearable
sensor data collected simultaneously with symptom EMAs. For
this study, EMA of pain was evaluated using the 11-point Box
Scale (0=no pain, 1-2=mild pain, 3-5=moderate pain, 6=severe
pain, 7-9=very severe pain, 10=worst possible pain), a valid
and reliable numerical rating scale [19,20]. Participants were
instructed about the anchors.

Participants were prompted about their pain intensity at random
times in the morning (8 AM to noon), afternoon (noon to 4 PM),
and evening (4 PM to 8 PM). The smartwatch application also
captures GPS coordinates (latitude and longitude) every 15
minutes throughout the day. Data were transferred every 15
seconds and stored securely in a remote server. The application
interface was developed after holding a focus group as explained
by Manini and colleagues [21]. ROAMM architecture is
explained in detail in our published papers [22,23] (Figure 1).
shows ROAMM app for answering a pain prompt on a
smartwatch (Samsung Gear 3, Samsung Group).
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Figure 1. ROAMM app on Samsung Gear 3. Participants rotate the bezel on the watch to select the intensity on a scale from 0 to 10 and the color
changes accordingly.

GPS Data Collection and Feature Extraction
In this demonstration study, there were some technical
difficulties during the initial phase of data collection. These
difficulties included weak GPS signal coverages in some places
and data transmission problems. The watch required manual
checks on mobile networks, roaming, and location services.
These issues were discovered and solved during the data
collection process. However, data quality checks during the
analysis revelated that insufficient GPS data for 9 out of 28
participants. Participants with missing data were similar age
(mean 73.3, SD 6.1 years old) and female proportion (7/9,
77.8%) compared to the 19 participants in our paper. Thus, we
believe the missing data were randomly lost and did not cause
a selection bias.

GPS, the global positioning system, is a navigation utility that
furnishes the position of a receiver by measuring its distance
from a number of satellites. GPS has been used in the health
care domain in behavior [24,25] and gerontological research
[26].

Excursion features included excursion size, excursion span, and
total distance. Excursion size is the farthest distance an
individual travels from home within a specific time window.
Excursion span is the farthest distance between all locations
away from home. These features provide an individual’s travel
pattern that can be generally described as (1) compact and away
from home; (2) sparse and away from home; (3) compact and
close to home; and (4) sparse and close to home (Figure 2).
Total distance provides overall view of mobility by summing
between all the location points.

Ellipsoid features used a spanning ellipsoid (or ellipsoid hull),
which is defined as the minimum area that encompasses all
points in 2 dimensions. We used this method to draw an ellipse
such that all GPS coordinates lie inside or on the boundary of
the ellipse. We aggregated 3 features from the ellipse: (1) ellipse
minor axis, which is the shortest diameter passing through the
center of the ellipse; (2) ellipse major axis, which is the longest
diameter passing through the center of the ellipse, and (3) area
of the ellipse (Figure 3).

Figure 2. Illustration of possible travel patterns using excursion size and span features. The solid line represents excursion size, and the dashed line
represents excursion span.
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Figure 3. An illustration of the ellipse encompassing all the GPS coordinates for a participant during a 1-day time frame. The dashed line passing
through the center represents the ellipse minor axis, and the solid line passing through the center represents the ellipse major axis.

Clustering features provided information on where individuals
spend most of their time. This is essential to understand the
variability in locations. We used a distance-based clustering
mechanism, where nearby locations are clustered together. Each
cluster has a centroid, and the distance from the centroid
determines the membership of a coordinate in that cluster. We
used an adaptive k-mean algorithm to cluster locations, which
does not require a predefined number of clusters that the
conventional k-mean algorithm requires. Before providing GPS
coordinates to the adaptive k-mean clustering algorithm, we
classified them into stationary and moving coordinates by
calculating the time derivative at each location. When the time
derivative was <1 km/h), the GPS coordinate was considered
stationary. Only stationary points were considered as input to
the clustering algorithm. We ran a simulation to find the optimal
number of clusters, with a threshold of 500 m from the cluster’s
centroid as an inclusion criterion for each cluster. We started
with one cluster and gradually increased the number of clusters

until all GPS coordinates were assigned to a specific cluster.
After clustering all points, we aggregated 2 relevant features:
number of clusters and entropy. The number of clusters is simply
a count of the generated clusters. The entropy provides
information on the distribution of time in different clusters.
Entropy measures the degree of disorder or the level of
uncertainty in the information theory. In our analysis, entropy
was used to measure the level of uncertainty in the time spent
in different clusters. Entropy is calculated using the following
formula:

where pi is the percentage of time a participant spends at cluster
i, and pi is between (0,1].

A low entropy value means a lower level of uncertainty and
that the participant spent most of the time at one location, which
is an indication of lower life-space mobility (Figure 4).
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Figure 4. Illustration of clustering for a participant’s coordinates within a 1-day time frame. A total of 4 clusters are shown on the map, where each
cluster contains a collection of GPS coordinates.

Frequency of trips and homestay percentage provided
information about the number of trips away from home and
time spent at home, respectively. First, we classified the GPS
coordinates as home or away from home, then calculated the 2
features accordingly. Homestay is represented as a fraction
between 0 and 1. It is the ratio of the number of GPS coordinates
within the home radius (ie, 100 m) to the total number of
coordinates. Homestay is considered 0 (or 0% when all the GPS
coordinates are outside home in a given time period of interest,
and 1 (or 100%) when all the GPS coordinates are within the
home radius. A trip is calculated when a sequence of GPS
coordinates—home, away from home, home—occurs
chronologically. The number of trips occurring within a specific
time window are summed to yield the frequency of trips.

Statistical Analysis
We evaluated the relationship between EMA of pain (predictor)
and the measures of life-space mobility using GPS features
(outcomes). Pain intensity ratings were averaged across
day-windows. This was done to better connect to the day-based
frequency of measurement for the GPS features. In addition to
that, we graphically expressed pain intensities into 2 groups:
low pain (<2) and high pain (≥2), but statistical comparison was
not performed.

A 2-level random effects model (participant and day) was used
to account for repeated measurements. The model was fit after
disaggregating the within and between-persons effects. Parceling
these effects allows a more in-depth understanding about the

association between GPS features and EMA pain. The approach
used person-mean centering around the grand mean
(between-person effect) and the within person effect (each
person-specific mean for the time varying covariate) [27-29].
We used the xtcenter command (Stata/MP; version 16.0 for
Windows; StataCorp LLC) and entered terms for within-person
and between-person effects into the model. The model was also
adjusted for age, living alone, and gender covariates as fixed
effects. An independent-covariance structure, which was
confirmed as the most efficient without loss of model fit using
the Akaike information criterion, was used in all models. All
analyses were conducted using Stata/MP. Statistical significance
was confirmed at the P≤.05 level. Because this study is a
demonstration project, P≤.10 was considered as a trend effect.

Results

Participants wore the smartwatch for a mean of 13.16 (SD 2.94)
days and responded to a mean of 82% of pain prompts. Figure
5 shows the distribution of reported pain intensities by all
participants. A pain intensity rating of 0 was the most common
intensity and the highest was 8. The mean pain intensity for the
low pain group was 0.26 (SD 0.44) and for the high pain group
was 2.78 (SD 0.93). Descriptive characteristics of the life-space
mobility features are listed in Table 2. Multimedia Appendix 1
shows that some GPS features were intercorrelated—there were
strong correlations between excursion features and ellipsoid
features and weak correlations between the remaining features.
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Figure 5. Histogram showing pain distribution.

Table 2. Descriptive characteristics of life-space mobility features.

KurtosisMedianSDMeanFeatures

17.8718.9918.9711.35Excursion size (km)

15.344.7219.7311.33Excursion span (km)

10.438.6738.2123.14Total distance (km)

42.398.00342.11104.89Ellipse area (km2)

5.871.494.653.41Ellipse minor axis (km)

16.757.3423.4214.59Ellipse major axis (km)

8.4624.202.88Frequency of trips

–0.310.740.310.66Homestay percentage

0.8621.082.02Number of clusters

0.050.200.340.30Entropy

The median and mean of the daily GPS features of the low pain
group were generally higher than those of the high pain group
for excursion features (Figure 6) and ellipsoid features (Figure
7). The results of the mixed-effect model are shown in Table
3. There were no between-person effects of pain intensity on
GPS features (Figure 8 and Figure 9), but within-persons
association were predominant. The majority of GPS features (7

out of 10) indicated that having high pain was associated with
a lower value (ie, life-space mobility). Among these GPS
features, within-person pain intensity was significantly
associated with excursion size, and others (excursion span, total
distance, and ellipse major axis) showed a statistical trend
(P<.10).
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Figure 6. Distance features including excursion size, excursion span, and total distance for each pain group.

Figure 7. Ellipse minor axis, ellipse major axis, and ellipse area for each pain group.
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Table 3. Mixed effect association between pain and GPS features adjusted for age, living alone, and gender covariates.

95% CIP>|z|SECoefficientGPS features and mixed-model effectsa

Excursion size

–12.65, 5.06.404.52–3.79Between

–6.16, 0.04.051.58–3.06Within

Excursion span

–12.41, 6.05.504.71–3.18Between

–6.11, 0.35.081.65–2.89Within

Total distance

–29.94, 5.95.199.16–11.92Between

–11.93, 0.51.073.17–5.71Within

Ellipse area

–228.07, 111.62.5086.66–58.23Between

–85.65, 22.81.2627.67–31.42Within

Ellipse minor axis

–3.43, 0.82.231.08–1.31Between

–1.21, 0.28.220.38–0.47Within

Ellipse major axis

–15.78, 6.06.385.57–4.86Between

–7.50, 0.22.071.97–3.64Within

Frequency of trips

–0.47, 1.49.310.500.51Between

–0.38, 0.49.810.220.05Within

Homestay percentage

–0.08, 0.08.940.04–0.003Between

–0.01, 0.06.150.020.03Within

Number of clusters

–0.35, 0.58.630.240.11Between

–0.14, 0.19.730.080.03Within

Entropy

–0.18, 0.10.530.07–0.04Between

–0.05, 0.05.990.03–0.0003Within

aValues represent the within- and between-person effect.
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Figure 8. Clustering features including number of clusters and entropy for each pain group.

Figure 9. Frequency of trips and homestay percentages for each pain group.

Discussion

This study used a customized smartwatch app for EMA of pain
and life-space mobility as a demonstration project. Previously,
these constructs have not been coupled into a single platform
that permits synchronizing of symptoms with objective measures
of mobility in the natural environment. The results suggest that
EMA of pain is negatively associated with most but not all
life-space mobility features. Importantly, within-person effects,
but not between-person effects, were more likely to be
statistically significant. In general, older adults with confirmed
knee osteoarthritis had lower life-space mobility, when pain
intensity exceeded 2 out of 10. The results confirm the feasibility
and analytic procedures for using smartwatch technology to
harnesses sensor data alongside EMA of clinically relevant
symptoms.

Chronic pain, such as pain from symptomatic knee osteoarthritis,
is dynamic [30]. The variability of pain within and between
days makes it hard to fully capture pain experience [5]. There
has been long-standing interest in understanding daily pain
[5,31]. Earlier endeavors relied on patient recall of pain, which
is susceptible to recall bias and lack of ecological validity of
the assessment [32]. EMA is an alternative tool to allow

researchers to capture and assess a person's pain multiple times
in the person's natural environments. Electronic handheld
devices have provided additional features to EMA research via
their ability to capture moment-by-moment data generated by
their built-in sensors, allowing an in-depth understanding of the
impact that pain experiences have on mobility patterns (eg,
life-space mobility). Studies [33-36] have used handheld devices
(eg, smartphones and iPod) for EMA of pain; however, the use
of these devices was limited to electronically record participants’
diaries without utilizing the built-in sensors, and no studies have
used smartwatches for data collection.

In our study, 10 semantically meaningful features were extracted
from the GPS coordinates according to previous work [24-26]
and redefined as life-space mobility metrics. We chose to
separate within- and between-person effects to study the
associations of pain intensity ratings on GPS features. This was
done because typical coefficients from random effects models
represent a blend of both [37]. The within-person associations
demonstrate that pain and life-space mobility relate to each
other on an individual level. This is important because previous
research demonstrates that life-space mobility is lower in people
reporting higher levels of pain [37]. The within-person
associations found in this study not only support the previous
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between-person findings, they also support the notion that
pain-related interventions are likely to have an impact on an
individuals’ life-space mobility. Specifically, excursion features
were negatively associated with pain intensity. Among these
features, within-person pain intensity was significantly
associated with excursion size, and showed a statistical trend
(P<.10) with excursion span and total distance. Each point
increase in the mean pain intensity was associated with a 3.06
km decrease in excursion size, 2.89 km decrease in excursion
span, and 5.71 km decrease in total distance. This suggests
overall travel patterns are closer to home and more compact
when older adults are experiencing a higher mean pain intensity.

The spanning ellipsoid, which summarizes the GPS coordinators
into 2 dimensions, was negatively associated with within-pain
intensity. The ellipsoid features represent a close approximation
of the life-space concept (ie, reaching circular levels away from
home). Ellipse major axis, which indicates the maximum
distance across life-space, was significantly associated with
pain intensity. Each point increase in the mean pain intensity

was associated with 31.4 km2 decrease in ellipse area, 0.47 km
decrease in ellipse minor axis, and 3.64 km decrease ellipse
major axis. Notably, the ellipse tends to have a smaller area,
length, and width with higher pain intensity, which is similar
to our observation about excursion features. Point estimates
suggest that higher intensities of pain may constrain individuals
to their home and limit the number of places they can visit.

Location clustering provides information about the distribution
of places individuals spend outside of their homes. The number
of clusters and entropy both contribute to understanding the
variability of places visited by participants. While not
statistically significant, the directionality of the coefficients
indicated that higher pain intensities were associated with a
higher number of places an individual stays at (stationary
places). In other words, higher pain appears to be associated
with spending more time at a lower number of locations, but
this needs to be confirmed in larger samples.

The directionality of the point estimates demonstrated that the
frequency of trips was higher when pain intensity was high.
Although this may seem counterintuitive, coupled with the other
results, it appears that these frequent trips were close to home.
Similarly, point estimates for homestay percentage were
positively associated with pain intensity. Given the weak
associations of these features, trip frequency and homestay
percentage may not be useful features for understanding the
impact of pain on life-space mobility.

The association between pain and life-space mobility has not
been widely studied, and more research is needed in this regard
[38,39]. Despite the lack of relevant research, our results agree
with those of Rantakokko et al [38] and Liddle et al [40], where
life-space mobility was found to be negatively associated with
pain. Rantakokko et al [38] examined the association between
life-space mobility and multiple outcomes, including pain, in
patients with Parkinson disease. They followed a paper-based

questionnaire and assessed life-space mobility using life-space
assessment. They found that life-space mobility is negatively
associated with pain [38]. Similarly, Liddle et al [40] examined
life-space mobility among patients with Parkinson disease using
GPS on smartphones. They found that people with more
symptoms spend more time at home and travel shorter distances.

Other studies have found strong associations between life-space
mobility and depression [25], visual impairment [41], and
personal and social characteristics [42,43] using GPS. Among
these studies, only Cornwell et al [42] used smartphones for
GPS tracking and EMA collection to examine the social
environments relevant to older adults’ everyday lives, where
they found that certain activities such as exercising, shopping,
socializing, and social activities were likely to take place outside
of residential tracts. These studies [25,41-43] show the important
role GPS features play, when coupled with other outcomes, in
understanding individuals’ behavior and their experience in
natural environment and the importance of wearables in linking
complex states in a temporal manner.

This demonstration study provided insights on the potential
relationship between life-space mobility and pain in older adults
with symptomatic knee osteoarthritis by utilizing smartwatches.
Our results demonstrate that a custom-designed smartwatch
platform was effective at simultaneously collecting rich
information about ecological pain and life-space mobility.
ROAMM could potentially help clinicians in assessing pain or
other patient-reported outcomes in patients’ natural
environments, while continuously collecting relevant sensory
data. Though our results point to interesting insights in
understanding the relationship between life-space mobility and
EMA of pain, our study had limitations. The sample size was
not large enough to generalize and infer causality between
life-space mobility and pain. Additionally, the overall pain
reported by participants was low, with the majority reporting a
pain intensity less than 4. In the future, we aim to recruit a larger
sample size with more diversity in terms of pain intensity.

The major goal of this study was to demonstrate that a
smartwatch platform—ROAMM—could be used to collect
EMA of pain with concurrent mobility tracking via GPS for
life-space mobility assessment in older adults with symptomatic
knee osteoarthritis. Point estimates from other life-space
mobility features confirm that the directionality of associations
is plausible and provides initial evidence for their utility in
future studies. In general, it appears that higher intensities of
pain intensity tend to limit their life-space mobility by either
constraining them to their residence or limiting their excursion
lengths. This area of research is still in its infancy, but with apps
similar to ROAMM, the demand for these tools is expected to
increase remote health endeavors that are gaining significant
momentum in health care. Such connected technologies have
a potentially important role giving practitioners information
about their patients' behaviors, symptoms, and health condition
sequalae in their patients' natural environments.
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