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RESEARCH ARTICLE

Effectiveness of a Just-In-Time Adaptive App to
Increase Daily Steps: An RCT

Anne L. Vos, PhD,1 Gert-Jan de Bruijn, PhD,2 Michel C.A. Klein, PhD,3 Sophie C. Boerman, PhD,4

Josine M. Stuber, PhD,5 Edith G. Smit, PhD1

Introduction: Addressing the public health problem of physical inactivity, this study evaluates
SNapp, a just-in-time adaptive app intervention to promote walking through dynamically tailored
coaching content. It assesses SNapp’s impact on daily steps and how users’ perceptions regarding
ease of use and usefulness moderated its effectiveness.

Methods: SNapp was evaluated in an RCT from February 2021 to May 2022.This trial was preregis-
tered in the Dutch Trial Register (NL7064). Analyses were conducted in November 2022. A total of 176
adults (76% female, mean age of 56 years) were randomized to a control group receiving a step counter
app (n=89) or an intervention group receiving the app plus coaching content (n=87). SNapp’s coaching
content encompasses individually tailored feedback on step counts and advice to engage in more walk-
ing, taking preferences regarding behavior change techniques into account. Additionally, SNapp pro-
vides contextualized content calling attention to suitable walking locations in the user’s environment.
The primary outcome was daily step count as recorded by the step counter app. User perceptions
regarding ease of use and usefulness were assessed via survey at 3-month follow-up.

Results: Mixed models indicated that the intervention did not significantly impact step counts on
average over time (B= −202.30, 95% CI= −889.7, 485.1), with the coefficient indicating that the
intervention group walked fewer steps per day on average, though this difference was not statisti-
cally significant. Perceived ease of use did not moderate the intervention effect (B group £ perceived

ease of use=38.60, 90% CI= −276.5, 353.7). Perceived usefulness significantly moderated the interven-
tion effect (B group £ perceived usefulness=344.38, 90% CI=40.4, 648.3).

Conclusions: SNapp increased steps only in users who deemed the app useful, underscoring the
importance of user perceptions in app-based interventions.
Am J Prev Med 2025;68(1):154−163. © 2024 The Authors. Published by Elsevier Inc. This is an open access arti-
cle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

INTRODUCTION

P hysical inactivity is a global public health problem,
contributing to the prevalence of noncommunica-
ble diseases, including diabetes, cancer, and cardio-

vascular disease.1−4 This issue is pressing in areas of low

socioeconomic position (SEP), as residence in socioeco-
nomically disadvantaged neighborhoods has been associ-
ated with lower physical activity (PA) levels.5−7 Moreover,
health interventions often fail to reach all population seg-
ments, which can reinforce socioeconomic health
disparities.8,9 Therefore, it is vital to find effective
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approaches to increase population-level PA across socio-
economic groups.
Increasing walking is considered a viable solution to

physical inactivity for individuals of various ages and
population segments. Generally, walking is a simple,
safe, and free activity that can be performed anywhere
and anytime.10 Nonetheless, this may not apply to every-
one, including those with health issues, living in unsafe
areas, or facing time and financial barriers. Walking has
been shown to provide health benefits, including the
reduction of risks associated with chronic diseases.11

Apps have attracted attention as promising tools for
delivering walking interventions on a large scale.12 Built-
in sensor functionalities allow smartphones to monitor
step counts unobtrusively. Apps can use this information
to provide real-time feedback on walking behavior to
many users at a low cost.13 These benefits make apps
attractive for providing interventions to increase popula-
tion-level PA.14

Apps allow the design of interventions that offer the
right support at the right time. Such interventions are
referred to as just-in-time adaptive interventions
(JITAIs15−17). The distinction between JITAIs and stan-
dard interventions is that they account for an individu-
al’s changing states of need and opportunity for
behavior change to provide appropriate support when
needed. To do this, JITAIs often rely on data from
smartphone sensors. For example, an app-based JITAI
can use smartphone sensors to automatically provide
support at moments that facilitate opportunities to
engage in PA based on the user’s location, such as a
nearby park. Although a recent meta-analysis has dem-
onstrated the short-term efficacy of JITAIs in various
domains,18 research into JITAIs for PA promotion is still
in its early stages, and more evidence on their effective-
ness is needed.15,16

In this context, SNapp was developed, an app-based
JITAI aiming to stimulate walking. SNapp was designed
to engage users by leveraging smartphone capabilities,
such as location tracking, to detect and encourage
opportunities for walking in real-time.19 SNapp was
implemented in a 12-month RCT in 12 municipalities in
the Netherlands to evaluate its effectiveness.20,21 Smart-
phone users aged 30−80 years were recruited from
socially disadvantaged areas to promote increased inclu-
sivity of all population segments within the trial. This
study’s primary objective is to evaluate SNapp’s effec-
tiveness in increasing step counts.
Its second objective is to investigate the moderating

role of user perceptions on the intervention’s effect. This
study, informed by the Technology Acceptance Model,22

examines the influence of perceived ease of use—the
degree to which app use is seen as free of effort—and

perceived usefulness—the extent to which app use is
seen as beneficial. Prior research has demonstrated that
these perceptions are associated with increased app use
and higher intentions to continue use.23−25 This study
hypothesizes that more positive perceptions of ease of
use and usefulness will enhance SNapp’s impact on daily
steps, marking a novel approach in examining the effect
of user perceptions on JITAIs’ health behavior effects in
a longitudinal real-life setting.

METHODS

SNapp was part of the Supreme Nudge trial, which
aimed to improve lifestyle behaviors through a super-
market intervention and app-based PA coaching. The
supermarket intervention involved implementing nudg-
ing and pricing strategies, with the goal of improving
diet quality and purchasing patterns among regular
shoppers. Details of the Supreme Nudge trial have been
described elsewhere.20,21,26,27 The study protocol was
approved by the Medical Ethics Review Committee of
the VU University Medical Center (2019.334). The study
was preregistered in the Dutch Trial Register (NL7064).
Conducted across 12 municipalities in the Nether-

lands, the Supreme Nudge trial initially enrolled partici-
pants from 8 municipalities in winter 2021 and
expanded to 4 additional municipalities in autumn 2021
due to low enrollment rates. The trial lasted 12 months
for the initial municipalities and 6 months for the subse-
quent ones, constrained by funding limits. The trial had
a randomized controlled design consisting of a control
arm (n=6 municipalities) and an intervention arm (n=6
municipalities) receiving the supermarket intervention.
Additionally, SNapp was randomized at the participant
level. Participants were randomized to a control group
receiving a step counter app or an intervention group
receiving a step counter app plus coaching content (fur-
ther explained below). A research assistant carried out
randomization using Castor Electronic Data Capture. A
variable block randomization method was employed
with blocks of 2, 4, and 6, ensuring equal representation
in each group. Participants were informed about their
group assignment as it required them to install specific
app features.

Study Population
Participant recruitment employed passive (e.g., flyers)
and active methods (e.g., on-site recruitment). Details
are outlined elsewhere.28 Participants were informed of
a grocery box reward upon study completion. Eligibility
criteria included residency in a low SEP neighborhood,
as determined by postal code SEP-scores,29 age between
30 and 80 years, Dutch proficiency, ambulatory status,
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experience with text messaging, and ownership of a
smartphone with a mobile data plan and Android 8, iOS
13, or more recent versions installed. There was no racial
or gender bias in the selection of participants.
Individuals willing to participate signed up via web-

site, phone, or mail and were screened for eligibility
through an online questionnaire. Eligible candidates
received study details and an informed consent form.
After obtaining informed consent, participants were ran-
domly assigned to an experimental condition and
received an invitation to complete an online baseline
questionnaire. Participants also received instructions for
installing SNapp and guidelines on using its features.
They were informed that the aim of the study was to
measure step counts and were asked to keep the app
running on their smartphones and to carry their phones
on their bodies. Participants authorized their step count
and geolocation data to be captured for the study. There
was a 7-day baseline period where the app only collected
step counts. After this period, the intervention group
began receiving coaching content. Follow-up question-
naires were administered at 3, 6, and 12 months. Mid-
way through the study, participants were reminded to
keep the app running and to carry their phones on their
bodies.

Intervention
The intervention included a step counter app and
dynamically tailored coaching content. SNapp’s develop-
ment is detailed elsewhere.19 The step counter app func-
tioned by continuously quantifying steps using the
smartphone’s pedometer or accelerometer sensor and
was designed to run in the background when the phone
was carried on the body. It also periodically checked the
participant’s location against a database of green spaces
suitable for walking (e.g., parks), recording the type of
space when within 300 meters, without storing precise
coordinates. This privacy-aware app, compatible with
Android and iOS, had a user-friendly interface featuring
the daily step count. The app’s accuracy was validated
against standard step counter apps and GT3X ActiGraph
accelerometers among a convenience sample of 20 par-
ticipants, showing acceptable Spearman’s correlation
coefficients of 0.62 and 0.66, respectively.28

The intervention group additionally used Telegram
Messenger to receive coaching content. After registering
their user ID with the SNapp Telegram account, partici-
pants received daily push notifications with coaching
messages. These messages were generated by a server-
based Python program that utilized databases with user
data and a message library, applying logical rules to
select messages to send based on relevant conditions (e.
g., time of day). Coaching messages were classified into

3 types: feedback on current step counts, contextual
prompts when users were near green spaces, and mes-
sages reflecting individual behavior change technique
preferences (e.g., action planning) identified through the
baseline questionnaire. Examples of SNapp’s coaching
messages are provided elsewhere.19

Measures
The primary outcome, daily step count, was recorded by
the app and updated hourly in a database over the
course of the 12-month intervention period. The col-
lected data were examined to identify unusual values.
Based on previous studies,30−33 days with less than 100
or more than 30,000 steps were considered outliers. Step
count values below 100 were removed, and values above
30,000 were truncated. The number of steps taken per
day was averaged over a 7-day baseline period to calcu-
late participants’ baseline step counts.
Additionally, 2 user perception variables were mea-

sured in questionnaires administered at 3, 6, and 12
months. To measure the app’s perceived ease of use, par-
ticipants responded to 3 items on a 7-point Likert scale
ranging from strongly disagree (1) to strongly agree (7).34

An example item was How the user environment of the
walking app works, is easy for me to understand (Cron-
bach’s a=0.97). As most participants completed the first
follow-up questionnaire, these scores were used in the
analyses. This decision was further supported by the fact
that a repeated measures ANOVA confirmed that there
were no significant differences between scores measured
at 3, 6, and 12 months (F[2, 140]=0.12, p=0.885). The
average score at 3 months was 4.89 (SD=1.81).
Four items were used to assess the app’s perceived

usefulness.34 An example item was The walking app is
valuable for me to track progress toward my daily walking
goal (Cronbach’s a=0.97). Response options ranged
from strongly disagree (1) to strongly agree (7). In line
with previous reasoning, the perceived usefulness scores
used in the analyses were also measured 3 months post-
baseline. It was confirmed with a repeated measures
ANOVA that there were no significant differences
between scores measured in the other follow-up ques-
tionnaires (F[2, 140]=1.63, p=0.200). The average score
at 3 months was 3.31 (SD=1.88).

Statistical Analysis
For the Supreme Nudge trial, a sample of 352 partici-
pants was deemed sufficient to detect a significant differ-
ence between intervention and control groups with 80%
power and a 0.05 significance level, factoring in a 25%
dropout rate. The recruitment target was 360 partici-
pants, with an expectation to randomize around 300
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participants to SNapp’s experimental groups. Details of
the sample size calculations are reported elsewhere.20,21

Statistical analyses were conducted in November 2022
using IBM SPSS Statistics, version 27. Linear mixed models
with maximum likelihood estimation and a 2-level struc-
ture were applied to assess intervention effects, using the
experimental group as the independent variable and daily
step count as the outcome variable, with a random inter-
cept at the participant level to account for the hierarchical
structure of the data. Residuals were inspected to confirm
approximate normal distribution. Models were adjusted
for baseline step count to take regression to the mean into
account. Smartphone operating system and sensor type
were included as covariates in the models, as both were
found to be relevant confounders of the main intervention
effect. Given no differences between adjusted and unad-
justed models, only the adjusted models are reported.
Missing data were not imputed due to mixed models’ abil-
ity to handle these.35 Medians and interquartile ranges
were used to report step counts due to non-normality.
To assess whether the intervention’s effect on step

counts varied over time, interaction terms between the
experimental group and time points were added. Time
points were set in 28-day blocks from the start of each
participant’s intervention, labeled sequentially. This
method allowed the comparison of step counts over con-
sistent periods without being affected by the varied trial
start dates of participants. Moderation effects of per-
ceived ease of use and perceived usefulness on the inter-
vention’s effect were investigated by introducing separate
interaction terms between the experimental group and
each moderator into the model. Significant interaction
was identified by the exclusion of 0 within the 90% CIs,
acknowledging the study was not initially powered for
detecting subgroup differences.

RESULTS

Participants’ flow from randomization to analysis is
illustrated in Figure 1. A total of 326 participants were
randomized in the study. Of these, 72 were excluded
for reasons listed in Figure 1. The remaining 254 par-
ticipants completed the baseline period. Afterward, 78
participants were lost to follow-up for reasons listed in
Figure 1. A total of 176 participants were included in
the analyses, of which 87 were part of the intervention
group and 89 were included in the control group.
Baseline participant characteristics are presented in
Table 1.
Throughout the intervention period, a total of 15,327

daily step count data points were collected. Observed
data points per experimental group per time point are
presented in Appendix Table 1 (available online). Given

the study duration and the number of participants, the
total possible number of data points was 51,366. There-
fore, the collected data points represent approximately
30% of the total possible data points. This level of adher-
ence highlights the challenges in ensuring consistent app
usage in real-world settings, which will be further
addressed in the Discussion. The proportion of days
with recorded steps was similar for the intervention
(29.9%) and control group (29.8%), indicating compara-
ble levels of app use adherence across both groups. Over
time, the frequency of missing step counts increased in
both experimental groups, comprising both intermittent
absences and losses due to dropouts. While mixed mod-
els accommodate missing data, the implications of this
will be reviewed in the Discussion.
A mixed model analysis was conducted to evaluate

whether SNapp’s coaching content influenced daily step
counts in comparison to a control condition. Results
showed that the intervention did not significantly affect
step counts on average over time (B=−202.30, 95% CI=
−889.7, 485.1). Additionally, no statistically significant
differences in step counts were observed at individual
time points during the intervention, with the exception
of the final time point, which will be addressed in the
Discussion. The median step counts and on average dif-
ferences between experimental groups per time point are
detailed in Table 2.
It was additionally investigated whether user percep-

tions influenced the effect of the intervention on daily
step counts. The results indicated no significant interac-
tion effect between the experimental group and per-
ceived ease of use (B group £ perceived ease of use=38.60, 90%
CI= −276.5, 353.7). For perceived usefulness, there was
a significant interaction effect (B group £ perceived usefulness

=344.38, 90% CI=40.4, 648.3). To visualize the trend of
step counts on average over time in relation to perceived
usefulness, participants were classified into groups with
low (scoring ≤4, n=115, M=2.17, SD=1.15) or high levels
of perceived usefulness (scoring >4, n=61, M=5.44,
SD=0.85). There were no statistically significant differ-
ences in demographic characteristics between the two
groups.
Figure 2 illustrates these trends. In the low perceived

usefulness group, both control and intervention
groups showed similar step count trends initially, but
from the sixth time point, the intervention group’s
step count decreased compared to the control group.
For participants with low perceived usefulness, the
median step count was 3,636 [IQR: 3,524] in the
intervention group and 4,368 [IQR: 4,402] in the
control group, with a median difference of −732
steps (90% CI= −100.4, 2,519.7). Conversely, in the
high perceived usefulness group, the intervention
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group consistently outperformed the control group in
terms of step counts throughout the intervention
period. For participants with high perceived useful-
ness, the median step count was 5,218 [IQR: 4,687]

in the intervention group and 3,958 [IQR: 3,032] in
the control group, with a median difference of 1,260
steps (90% CI: −3,243.7, 1,298.2). However, these
median differences were not statistically significant.

Table 1. Baseline Characteristics of SNapp Participants

Characteristics Total (N=176) Intervention (n=87) Control (n=89) p

Age (years), M (SD) 56.4 (10.9) 55.2 (11.0) 57.5 (10.6) 0.161

Gender (female), n (%) 134 (76.1) 69 (79.3) 65 (73.0) 0.395

Educational level, n (%) 0.985

Low 2 (1.1) 1 (1.1) 1 (1.1)

Medium 98 (55.7) 49 (56.3) 49 (55.1)

High 76 (43.2) 37 (42.5) 39 (43.8)

Operating system, n (%): 0.165

Android 118 (67.0) 54 (62.1) 64 (71.9)

iOS 58 (33.0) 33 (37.9) 25 (28.1)

Sensor type, n (%): 0.065

Step detector 20 (11.4) 6 (6.9) 14 (15.7)

Step counter 156 (88.6) 81 (93.1) 75 (84.3)

Baseline daily step count, median [IQR] 3,594 [3,431] 3,605 [3,400] 3,512 [3,905] 0.612

Note: Low educational level: no education and primary education; medium educational level: secondary educational attainments; high educational
level: tertiary educational attainments.

Figure 1. Flow diagram of participants in the SNapp intervention.
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Nevertheless, the results from the mixed model analy-
sis indicated a significant interaction effect between the
experimental group and perceived usefulness on step
counts. This suggests that the intervention had a signifi-
cantly moderated effect on daily step counts, being more
effective on average over time for participants with
higher levels of perceived usefulness compared to those
with lower levels of perceived usefulness. While trends
in median step counts align with this finding, the median
differences were not statistically significant, indicating
that individual variations play a crucial role in the inter-
vention’s overall impact.

DISCUSSION

The first objective was to evaluate the effectiveness of
SNapp, a JITAI aiming to stimulate walking by using
smartphone sensors to collect step count data and pro-
vide dynamically tailored coaching content. This study
examined whether the addition of SNapp’s JITAI ele-
ments was more effective in increasing daily step counts
compared to a control condition using a self-monitoring
app. The second objective was to investigate whether the
app’s perceived ease of use and usefulness moderated
intervention effects. Findings showed that while SNapp

Table 2. Median Daily Step Counts and Average Differences Between Experimental Groups per Time Point

Time point
Step count, median [IQR]

(intervention, n=87)
Step count, median [IQR]

(control, n=89)
Between-group difference

(B [95% CI])

1 3,864 [6,465−2,567] 4,149 [6,401−2,872] −419.62 [−1,154.5, 315.3]
2 3,893 [6,494−2,596] 3,820 [6,071−2,543] −61.32 [−812.7, 690.1]
3 4,100 [6,701−2,803] 3,942 [6,193−2,665] 23.54 [−741.2, 788.3]
4 4,284 [6,885−2,987] 3,707 [5,959−2,430] 442.36 [−350.2, 1,234.9]
5 4,524 [7,125−3,227] 4,063 [6,315−2,786] 326.08 [−523.4, 1,175.5]
6 4,177 [6,779−2,881] 3,836 [6,088−2,559] 207.07 [−680.9, 1,095.1]
7 3,740 [6,342−2,444] 3,767 [6,019−2,490] −161.44 [−1,032.6, 709.7]
8 3,424 [6,026−2,128] 3,778 [6,029−2,501] −488.00 [−1,366.9, 390.9]
9 3,527 [6,128−2,230] 4,076 [6,328−2,799] −684.27 [−1,538.9, 170.4]
10 3,870 [6,471−2,573] 4,299 [6,550−3,022] −563.28 [−1,426.8, 300.2]
11 4,029 [6,630−2,732] 4,418 [6,670−3,141] −523.88 [−1,410.8, 363.1]
12 4,355 [6,956−3,058] 4,835 [7,086−3,558] −614.06 [−1,532.6, 304.4]
13 3,098 [5,700−1,802] 4,581 [6,833−3,304] −1,617.33 [−2,582.7, −652.0]

Note: Boldface indicates statistical significance (p<0.05).

Figure 2. Daily step counts on average over time per experimental group and perceived usefulness group.
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did not have a statistically significant main effect, it’s
JITAI-elements proved more effective in increasing step
count compared to a control condition for participants
with higher levels of perceived usefulness, but not for
participants with lower levels of perceived usefulness.
These findings extend research showing that per-

ceived usefulness positively influences app adoption and
intention to continue using apps.23−25 This study shows
that perceived usefulness is also an important factor
influencing behavioral effects. Hence, it is essential for
apps to be perceived as useful to effectively improve
users’ activity levels. A key question is what determines
whether users find an app useful. On the one hand, per-
ceived usefulness likely depends on offered functionali-
ties. On the other hand, perceived usefulness may also
depend on user characteristics such as health conscious-
ness and motivation to achieve activity goals.36 Addi-
tionally, social determinants of health, like economic
stability and the built environment,37 significantly
impact perceptions of digital health technology.
Although SNapp’s database included 153 parks, forests,
and walking trails near the participants’ municipalities,
suggesting general safe access to green spaces, personal
circumstances likely varied. Factors like limited time
availability and ease of accessibility of green spaces
might have constrained some participants more than
others, affecting the perceived usefulness of the walking
app. Future research should explore which factors most
influence usefulness perceptions of PA apps.
Results showed that SNapp’s JITAI elements had no

statistically significant main effect on daily step counts
on average over time compared to a control condition.
This lack of a main intervention effect may be explained
by the fact that this study compared the effect of SNapp’s
JITAI elements to a control condition using an app that
enabled participants to self-monitor step counts. Hence,
the control condition included one behavioral change
technique that was also embedded in the intervention
condition. Previous research has shown that self-moni-
toring is one of the most effective strategies for increas-
ing PA.38−40 Therefore, the use of a self-monitoring app
could have influenced the activity levels of participants
in the control group and may explain why no significant
overall effect was found.
Additionally, the possibility that the lack of a signifi-

cant main effect might be explained by a lack of expo-
sure to SNapp’s coaching content cannot be ruled out.
Limitations of this study include the inability to check
the extent to which participants read the coaching mes-
sages and relatively low app use adherence rates. Factors
such as participant burden and preferences for other PA
types may have contributed to this low adherence. Lack
of long-term user engagement is an issue that has been

reported before,41,42 and can considerably limit app
impact. Moreover, higher perceived usefulness could
correlate with longer wear time and subsequently higher
step counts, suggesting that the observed interaction
effect might be due to higher usage adherence, rather
than genuinely higher activity levels. However, this study
could not capture running time of the app, which is a
limitation in assessing true engagement and its effect on
step counts. Future work needs to consider these
limitations by tracking app usage statistics and imple-
menting strategies to enhance engagement.43 Practical
approaches could include implementing analytics to
monitor user interactions with the app, such as message
open rates, device wear time, and time spent on app fea-
tures. To enhance engagement, future studies could con-
sider using reminders and incentives. Additionally, in-
app surveys could be used to assess user satisfaction and
identify reasons for app (non-)use. Future research is
needed to identify ways to improve app engagement in
the long term.44

Lastly, findings showed no significant interaction
effect between experimental group and perceived ease of
use. This can be explained by overall high levels of
smartphone ownership and digital proficiency in Dutch
adults,45,46 which engenders increasing experience with
apps. Previous research has identified conditions under
which perceived ease of use is more or less important in
influencing technology use.47 For example, for more
experienced user groups and less complex mobile tech-
nologies perceived ease of use is not the most influential
factor. Other user perceptions may play a greater role,
such as perceived enjoyment, which is the extent to
which technology use is perceived as enjoyable in its
own right.48 Future studies should examine other user
perceptions to improve understanding of the factors
influencing app use and health behaviors.

Limitations
This study has limitations. Firstly, the recruitment strat-
egy, aimed at diverse socioeconomic inclusion by engag-
ing participants from socially disadvantaged areas,
primarily attracted highly educated individuals. This
constrains the generalizability of the intervention’s effec-
tiveness to a low-SEP demographic. Consequently,
future research should employ more far-reaching
recruitment strategies to better represent low-SEP
population segments. Future studies could consider
including more diverse venues to recruit participants
such as public libraries, faith-based organizations,
and community centers.49 Additionally, future
research should consider sampling through interper-
sonal contacts and opinion leader outreach to better
reach those of lower SEP.49
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Secondly, while mixed models provide unbiased
estimates if data are missing (completely) at random
(MCAR or MAR), missing data may bias estimates if
missing not at random.35 Real-life longitudinal data-
sets inherently contain a mix of missing data mecha-
nisms that cannot be fully disentangled.35 This study
acknowledges this limitation, noting that while MAR
is assumed, this assumption may not hold, potentially
impacting validity. This might explain stable step
counts during the intervention, followed by a drop at
the final time point, particularly for the intervention
group (Figure 2). Future research should address
missing data and potential missing not at random
mechanisms.
Thirdly, although the validity of the app was accept-

able, its accuracy can be improved. In line with studies
regarding the accuracy of step counter apps,50−53 the
app was found to sometimes underestimate step counts,
mainly because it required users to carry their phones
on their bodies. The correlation between the step counts
recorded by the app and those measured by the Acti-
Graph accelerometer was lower than the ideal standard
in validation studies.54 While the app’s measurements
were not perfect, they were deemed sufficient for detect-
ing relative differences between groups in this real-world
intervention. However, inaccurate step counts could
lead to misinformed tailored feedback. Enhancing mea-
surement accuracy is therefore essential, and app devel-
opers should prioritize this. Researchers, too, are advised
to assess the validity of apps before their deployment in
interventions.
Fourthly, SNapp’s development was conducted with-

out user feedback on perceived ease of use and useful-
ness. This is a limitation, as the findings indicate that
apps need to be perceived as useful to foster behavioral
effects. Given SNapp’s relatively low usefulness scores, it
is advisable for developers to use an iterative process
with shorter cycles of designing and testing components.
This approach allows early resolution of issues, improv-
ing adoption and continuous use. Involving the target
population during these cycles (e.g., using co-design
principles55) is recommended. Additionally, incorporat-
ing qualitative and mixed-methods research during
development can help evaluate user perceptions and
ensure the intervention is well-received.
Lastly, the study’s design allowed testing the effects of

the complete intervention but not the effects of single
intervention components. Future research should inves-
tigate the efficacy of individual intervention components
by, for example, conducting micro-randomized trials
that repeatedly randomize participants to different JITAI
versions or vary the presence and absence of interven-
tion components.56

CONCLUSIONS

This study showed that SNapp’s JITAI elements only
had a significant positive effect on daily step count on
average over time compared to a control condition for
participants with higher levels of perceived usefulness,
but not for participants with lower levels of perceived
usefulness. Based on these findings, it can be concluded
that JITAIs have the potential to effectively stimulate
PA, provided they are considered beneficial by their
users. App developers and intervention researchers are
therefore advised to consider user perceptions regarding
usefulness during the development of new apps and
JITAIs.
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