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Background: Digital tools can influence young people’s physical activity both
positively and negatively. This meta-analysis (MA) aims to determine whether
global interventions based on the use of digital tools are effective in
increasing step count and moderate-to-vigorous physical activity (MVPA)
among healthy school-aged children.

Methods: This MA builds upon a previous umbrella review that identified 43
randomized controlled trials evaluating digital tools aimed at increasing step
counts and daily MVPA in healthy children and adolescents aged 6-17 years.
Risk of bias was assessed using the revised Cochrane RoB 2 tool. Effect
estimates were expressed as weighted mean differences (WMDs) with 95%
confidence intervals (Cls). Heterogeneity was assessed using the |2 statistic,
and 7% (tau-squared) was used to calculate prediction intervals. Sensitivity and
subgroup analyses were performed, along with an assessment of small-study
effects to detect potential publication bias. This study was reqistered in
PROSPERO (CRD42024510602).

Results: Data were extracted from 18 step count and 32 MVPA observations.
Although 27.8% of the studies were judged to have a high risk of bias, this did not
significantly affect the overall effectiveness of the interventions. The meta-analysis
found no significant overall effect of digital interventions on daily step count
(WMD: 267.81; 95% Cl. —198.58-734.20), but a significant increase in MVPA
minutes per day was observed (WMD: 2.72; 95% Cl: 0.83-4.61). Subgroup analyses
indicated greater effectiveness when the digital component included a wearable
device or a combination of tools, a non-digital component was integrated into the
intervention design, and the intervention was delivered via a mix of devices.
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Discussion: Globally, digital interventions appear to be effective in increasing
MVPA among school-aged children but not in significantly increasing step
counts. The results of the subgroup analyses indicate that the generalizability of
digital interventions remains limited. To enhance effectiveness, future
interventions should be carefully tailored, taking into consideration specific
factors such as the type of digital tool, the delivery device, and the integration

of supportive non-digital elements.

Systematic Review Registration: PROSPERO CRD42024510602.

KEYWORDS

digital tools, effectiveness, healthy, moderate-to-vigorous physical activity, physical
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Introduction

Regular physical activity (PA) is essential for preventing non-
communicable diseases from early life (1). However, over 80% of
children and adolescents are physically inactive worldwide (2) and
fail to meet the current recommendations for youth aged 5-17 years
of at least 60 min of moderate-to-vigorous physical activity (MVPA),
defined as any activity with a metabolic equivalent of task (MET)
value comprised between 3 and 5.9, and vigorous-intensity physical
activity, which corresponds to PA >6 METs (3-5). Moreover, recent
studies show a decline in MVPA among youth over time (3).

Another common indicator for quantifying PA is represented
by daily number of steps (further indicated as “step count”),
which incorporates both light and moderate-to-vigorous activities
(6). It is commonly accepted that number of steps is associated
with various health outcomes in children and adolescents, such as
risk of mortality and cardiovascular disease (7), BMI, waist
circumference, body fat percentage, and cardiorespiratory fitness
(i.e, VO,max) (8); thus, this behavior could help maintain an
optimal level of health. Many interventions aiming at increasing
PA in youth have focused on the number of steps per day as an
indicator of a correct amount of physical activity (9-11), although
there is no official agreement on the ideal number of steps for
different age groups. According to the study by Tudor-Locke
et al. (12), 60 min of MVPA could be achieved through 13,000
15,000 steps per day in male children, and 11,000-12,000 steps
per day in female children, while 10,000-11,700 steps are needed
for both adolescent boys and girls. A systematic review stated that
young people between the ages of 5 and 19 years old should get
12,000 steps per day (13), and the same evidence was provided by
another study by Colley et al. (14). In everyday practice, the
majority of pedometers provide guidelines as per the 10,000-step
protocol or sometimes reduce the goal to 7,500 steps daily,
indicating as “sedentary” an amount less than 5,000 steps per day.

The main determinants of these low physical activity levels in
children and adolescents are a mix of personal, social, and
environmental factors, with the strongest and most consistent
evidence pointing to intention, self-efficacy, planning, support
from others, age, and some sociodemographic factors (15). For
children, the clearest prospective determinant identified in the
evidence was intention to be physically active (16). For
adolescents, evidence pointed more often to age, ethnicity, and
planning, while other studies found that higher perceived
behavioral control, support for physical activity, and self-efficacy

Frontiers in Digital Health

were linked to smaller declines in activity (17). At a broader
level, inactivity is also associated with social and environmental
influences, including parents who are inactive, and a range of
social, environmental, economic, and sociocultural factors that
affect sports participation (18, 19).

Different interventions have been implemented in the last few
decades to address these determinants, and many of them were
based on digital tools. The most common digital tools used in this
age range to deliver the intervention included gamification
components, apps, text messages, and websites. However,
discrepancies in the effectiveness of such digital tools have emerged
from trials on PA available from the international literature. The
use of digital technologies targeted to youth has been suggested
worldwide as a tool for disease prevention (20), and, in particular,
to increase PA in children and adolescents and improve unhealthy
lifestyles that can lead to obesity and chronic diseases (21, 22).

Digital interventions are theoretically expected to work by
changing these determinants through behavior change techniques.
Common theoretical pathways include increasing intention and
motivation through tailored messages and reminders; improving
self-efficacy and perceived control through feedback, coaching, and
achievable goals; adding social connection through online
interaction, peer support, or coach contact; and reducing access
barriers by delivering activity support at home or in flexible formats
that fit adolescents” schedules and contexts (15, 23, 24). For example,
self-monitoring through pedometers or accelerometers allows users
to track steps or activity minutes, increasing awareness of sedentary
behavior. Feedback loops and real-time progress notifications
reinforce activity, while goal setting provides clear benchmarks that
enhance motivation and self-efficacy. Gamification and social
features, such as points, badges, and challenges, make activity
engaging and foster intrinsic and extrinsic motivation. Finally,
prompts and reminders serve as behavioral cues to interrupt
inactivity. By linking these digital components to mechanisms of
awareness, motivation, reinforcement, and habit formation, such
interventions are theoretically positioned to promote sustained
increases in steps and MVPA, though their effectiveness depends on
which pathways are successfully engaged.

Recent evidence suggests that digital interventions (e.g., mobile
apps, wearables, and web-based programs) lead to small-to-
moderate improvements in physical activity, particularly when they
include behavior change techniques such as goal setting and
feedback. However, their effectiveness is highly variable across
populations and intervention types, and overall effect sizes remain
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modest. This could be ascribed to the different settings considered,
follow-up, population targets, or tools, methods, and procedures
used (25). Some studies used self-reported measures, such as
questionnaires, diaries, or activity logs, that are easy to collect but
provide more biased data; other studies used objective approaches,
like device-based measures collected through tools, such as
wearables, that can be cheap and provide accurate and reliable data
on PA, assisting with behavior change or self-monitoring (26, 27).
The different tools used to measure PA outcomes objectively were
mainly activity trackers and wearables (28). The literature is also
limited by methodological weaknesses, including short follow-up
periods, risk of bias, and declining user engagement over time; in
addition, inequalities in access and use may influence outcomes (29).

Despite a growing body of research on digital interventions,
gaps
quantitative synthesis of studies evaluating the global effect of
wearable-based interventions on objective physical activity

important remain. In particular, there is limited

outcomes, such as step count and MVPA, especially among
youth. Moreover, existing studies often focus on effectiveness
without adequately examining the underlying behavioral
mechanisms through which these interventions may counteract
physical inactivity, such as motivation, self-regulation, social
influence, and environmental constraints.

From a theoretical perspective, digital components, including
real-time feedback, goal setting, and activity tracking, are expected
to influence physical activity by enhancing self-monitoring,
reinforcement, and behavioral awareness, which in turn may
lead to increases in daily steps and MVPA. However, the extent
to which these mechanisms translate into measurable and
sustained behavioral changes remains unclear.

Taken together, although digital interventions show promise
for promoting physical activity, the evidence base is fragmented,
and difficult to
heterogeneous designs and populations. This underscores the
need for a rigorous and up-to-date meta-analysis to quantify

variable in quality, synthesize across

overall effects, explore sources of heterogeneity, and provide
clearer guidance for research and practice. Addressing these
gaps through a rigorous meta-analysis (MA) will provide a more
precise estimate of intervention effects and help clarify both
their effectiveness and the pathways through which they operate.

To provide a clearer research landscape and fill this knowledge
gap, we conducted a meta-analysis to assess whether worldwide
digital-based interventions are effective in increasing step count
and MVPA among healthy children and adolescents.

Methods
Study design

This MA was conducted on randomized controlled studies
(RCTs) that were selected in a previous systematic review (SR)
of reviews and meta-analyses (30). The review is registered in
PROSPERO (CRD42024510602), where full methodological
details are available. The identification of RCTs followed a two-
phase process: first, systematic reviews and meta-analyses were
selected through a systematic review; second, these reviews were
identify RCTs that met the
eligibility criteria.

screened  to predefined
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A manual search was conducted alongside the main search by
screening the reference lists of included reviews and consulting
relevant websites and grey literature sources. For articles not
accessible online, the authors were contacted to request full-
text copies.

The work was conducted according to rigorous, peer-
reviewed protocols designed to ensure an unbiased assessment
of the evidence. This process comprehensive
literature searches, critical evaluations of study quality, and a

involved

quantitative synthesis of findings to generate clear, evidence-
based conclusions.

Eligibility
Study eligibility was determined based on the Population,
Intervention, Comparison, Outcome, and Study type

(PICOS) criteria.

Population: Healthy individuals aged 6-17 years, including
overweight/obese participants without diagnosed diseases.

Intervention: Digital approaches to increase physical activity,
including devices, wearables, apps, social media, messaging
tools, web-based platforms, and gamified or coached programs.

Comparison: Any intervention or no intervention.

Outcome: Physical activity as a primary or secondary
outcome.

Study type: Systematic reviews and meta-analyses of RCTs.
without PA outcomes, interventions,

Reviews non-digital

measurement-only tools, or targeting specific or clinical

populations were excluded.

Search strategy

The search was performed by following the PRISMA-S
(Preferred Reporting Items for Systematic review and Meta-
Analysis literature search extension) checklist (31). Five
databases were explored: Scopus (Elsevier), PubMed/MEDLINE
(NCBI), Web of Science (Clarivate), the Cochrane Database of
Systematic Reviews via the Cochrane Library (Wiley), and
SPORTDiscus via EBSCOhost. Publications were limited to the
years after 2017. This timeframe was selected based on evidence
that (e.g.
smartphones and wearable devices) have increased markedly

studies on  second-generation technologies
since 2013 (32); consequently, a review published from 2018
onward would likely capture a broader range of these tools.

Search keywords combined terms related to digital tools and
physical activity outcomes, including apps, wearables, social
media, messaging, exergames, digital assistants, and devices such
as pedometers or accelerometers. No language restrictions
were applied.

Two independent reviewers screened titles and abstracts first,
followed by full texts. Disagreements were resolved through
discussion or, if needed, consultation with a third reviewer.

A total of 62 RCTs assessing the effect of digital interventions
on PA among schoolchildren were extracted from the selected
reviews. Studies presenting measures of step counts and of
MVPA as outcomes were further selected, resulting in a total of
43 trials that were included in the MA (33-77).
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Data extraction

Step count was defined as the daily average number of steps,
and MVPA was defined as the daily average of minutes of
moderate-to-vigorous activity. Data on step count and MVPA,
with their standard deviations (SDs), were extracted by two
independent authors, and discrepancies were resolved through
the intervention of a third.

The following information was first registered on an Excel
database and then exported to the statistical software for the
analyses: authors; publication year, classified into two categories
(<2018 and >2018); country (Europe, USA, Australia/New
Zealand, Asia); task of the
intervention (PA only, PA and other outcomes, weight, other

type of intervention; focus
tasks such as health, diet, etc.); theoretical foundation; setting of
implementation (home, school, and community other than
school: hospital, clinics, military service); school age of the
target population (elementary, middle, high); special populations
considering different weight status (underweight, overweight,
obese), physically inactive, or samples with only males or
females; sample dimension; follow-up duration (<9 weeks, 9-20
weeks, >20 weeks); number of intervention arms; intervention
group (IG) and control group (CG) treatments; type of digital
component for intervention delivery (gamification, app, text
messages, web, social media, wearable, mix of the previous);
digital device type with the model for intervention delivery
(pedometer,
etc.); use of non-digital components for intervention delivery

accelerometer, console, computer, smartphone,
(e.g., incentives, goals, etc.); outcome measure (number of steps
or MVPA); and means and SDs of the step count and of MVPA

both for the IGs and CGs.

Data analysis

Meta-analyses were performed separately for the data on steps
and MVPA.

Since all selected data were derived from objective
measurement tools, we used the mean differences weighted by
the inverse of variance (WMD) as the outcome measure to
estimate the overall effect.

Initially, a fixed effects model using the method of Mantel and
Haenszel was run; when the assumption of study homogeneity was
not reasonable for our data (due to high heterogeneity of the
studies), a random effects model using the method of
DerSimonian and Laird was performed (78), with weights
inversely related to the total variance.

Heterogeneity was estimated using the I-square statistic (I%),
which is the percentage of the total variability in a set of effect
sizes due to true heterogeneity. Different metrics have been
used in the literature to define the level of heterogeneity (low,
moderate, and high) (79, 80); in the present study, that of
Deeks et al. (80) was considered, proposing 0%—40% as non-
important heterogeneity, 30%—60% moderate heterogeneity,
50%—-90% 75%—-100%
considerable explained

substantial  heterogeneity, and

heterogeneity. Heterogeneity was
through subgroup and sensitivity analyses. However, only
using the I was not considered sufficient, since it is a

proportion rather than an absolute value; this means that it
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could give information on what proportion of the observed
variance is likely to remain if we could somehow remove the
sampling error (81), but does not inform on how much the
effect varies between studies. Thus, the tau-squared )
statistic, which is the SD of the between-study variation on the
scale of the original outcome, was further calculated (80) to
estimate the prediction interval (PI). A PI is the “interval
within which the effect size of a new study would fall if this
study was selected at random from the same population of the
studies already included in the meta-analysis” (82). Therefore,
in order to better predict the impact of between-study
heterogeneity, alongside the summary effect size and the 95%
confidence interval (CI), PIs of the overall estimate were
obtained; they were undefined if fewer than three studies were
included in the subgroup analysis.

Possible outliers were identified through the leave-one-out
method, which performs multiple meta-analyses by excluding
one study at each analysis, thus detecting the infl\uence of each
study on the overall effect-size estimate.

As suggested by Sterne et al. (83), a small study effect was
estimated to identify the potential tendency of the intervention
effect to be more beneficial in smaller studies. This was
performed using funnel plots, displaying the standardized
mean differences (SMDs) on the x-axis and the standard error
of the SMDs on the y-axis. When funnel plot asymmetry was
detected, this possibly explained publication or other reporting
biases using Egger’s linear regression test (84). The Duval and
Tweedie non-parametric “trim-and-fill” method was also used
to account for publication bias and estimate the number of
unpublished studies (85); this is a simple way to handle
missing studies in a meta-analysis, as it identifies missing
values and recalculates the effect size, thus helping correct for
publication bias.

STATA/MP 12.1 (Stata-CorpLP, College Station, TX, USA)
was used for the statistical analysis, with the specific commands
“metan” for the meta-analysis, “metabias” for small study effect,
and “metatrim” for the trim-and-fill method.

Quality and risk of bias

The risk of bias of each study was assessed using the five
of the Rob 2
randomized trials (86). The classification of individual studies

dimensions revised Cochrane tool for
was based on an algorithm that calculated the risk of bias in
the various domains, with studies classified at “low risk,”
“high risk.” This
performed by two authors independently, with a third author

“some concerns,” or assessment was

resolving possible disagreements.

Results
Study characteristics

Out of the retrieved 43 studies, a total of 19 RCTs reported
step counts and/or MVPA as mean number/day (and SD) and/

or mean minutes/day (and SD), respectively (Supplementary
Material 1) (33-37, 41, 44, 49, 51, 53-55, 58, 61, 68, 69, 73-75).
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A total of 10 studies relied on foundation theories, such as the
Theory of Planned Behavior, the Self-Determination Theory, the
Social Cognitive Theory, and the Transtheoretical Model of
Behavior Change. (87-89).

Figure 1 shows the frequency distribution of the characteristics
of the RCTs that assessed step counts (SC studies) and/or MVPA
(MVPA studies).

The majority of the SC studies were recently published
(62.5%), while the MVPA studies were published before 2018
(66.7%); both types of studies were conducted mainly in Europe
(37.5% and 26.7%, respectively). The SC studies had PA as the
primary and unique focus task (62.5%), while the MVPA studies
focused mainly on PA and other variables, such as diet, weight,
cardiorespiratory fitness, and psychological aspects. Half of the
SC studies were conducted at school (50%), while a majority of
the MVPA studies were conducted at home (53.3%). The main
target population was children from elementary and/or middle
school (75% and 66.7%). Their follow-up was mostly brief, i.e., 8
weeks or less for 62.5% of the SC studies and 53.3% of the
MVPA studies. The main digital component used to deliver the

10.3389/fdgth.2026.1701301

SC interventions was a mix of tools (50%), such as
website + app + text messaging, wearable + website, app or text
messaging, followed by the use of only a wearable (37.5%),
which was a pedometer in general (25%); as a consequence, the
main digital devices used for delivering the interventions were
composed of a mix of tools, such as computer + wearable or
smartphone + wearable. the MVPA the
preferred digital component used was gamification (60%), which

included

For interventions,

exergames, role-playing videogames, and games
included in immersive apps; this was followed by the use of a
mix of tools (40%), i.e., wearable + website, text messaging, or
social media, gamification + website + wearable. The most used
device models were Yamax pedometers (50%) for steps and
Actigraph accelerometers (80%) for MVPA. A non-digital
component was added in 50% of the SC studies and consisted
of goals, incentives, PA advices, step diaries, program for
activities, rewards, group education, practical sessions, resources
as tasks or folders, sports skills programs, and sport equipment
packs; a similar proportion was found for the MVPA studies

(46.7%) for the addition of incentives; education sessions; social

Digital component
and First author, Weeks at

publication year follow-up IG-CG

pedometer

Allafi, 2020 1 IG(usefinfo ped+rewards)-CG(use/no info ped)
Allafi, 2020 1 IG(usefinfo ped)-CG(use/no info ped)
Baldursdéttir, 2017 4 IG(ped+step diary)-CG(no ped, no step diary)
Guagliano, 2020 8 IG(PED ped)-CG(FAM website)
Guagliano, 2020 8 IG(PED ped)-CG(no int)
Guagliano, 2020 52 IG(PED ped)-CG(FAM website)
Guagliano, 2020 52 IG(PED ped)-CG(no int)
Thompson, 2016 12 1G(ped)-CG(no int)

Subgroup, DL (2 = 87.8%, p <0.001)
with estimated 95% predictive interval

web
Ezendam, 2012 16 IG(web+info+feedback)-CG(no int)
Ezendam, 2012 96 1G(web+info+feedback)-CG(no int)

Effect
(95% Cl)

1338.00 (1182.13, 1493.87)
564.00 (401.31, 726.69)
717.65 (-833.13, 2268.43)
1567.28 (-224.28, 3358.84)
-79.72 (-1671.38, 1511.94)
2886.57 (1254.13, 4519.01)
-65.14 (-1588.18, 1457.90)
37.00 (-1041.85, 1115.85)
840.13 (301.66, 1378.60)
(-662.54, 2342.80)

-1512.00 (-2635.63, -388.37)
1469.15 (296.65, 2641.65)

ERiE

with estimated 95% predictive interval

Guagliano, 2020 8 1G(FAM website)-CG(no int) —_— -1647.00 (-2887.43, -406.57)
Guagliano, 2020 52 IG(FAM website)-CG(no int) —_— -2951.71 (-4296.47, -1606.95)
Subgroup, DL (2 = 88.9%, p < 0.001) -1145.25 (-2968.18, 677.69)
with estimated 95% predictive interval : (-9682.13, 7391.64)

1
mix !
Jake-Schoffman, 2018 12 IG(Tech+=web-+app+ped)-CG(Tech=no int) : 89.00 (-3672.93, 3850.93)
Morgan, 2019 8 |G(DADEE=app+ped)-CG(no int) ——— 1141.00 (303.80, 1978.20)
Morgan, 2019 36 |G(DADEE=app+ped)-CG(no int) :—0— 1275.00 (437.82, 2112.18)
Thompson, 2016 12 IG(ped+prompts)-CG(no int) —_—— 360.00 (-753.21, 1473.21)
Thompson, 2016 12 IG(ped+prompts+SDT texts)-CG(no int) —_—— 340.00 (-737.74, 1417.74)
Subgroup, DL (1 = 0.0%, p = 0.525) +o— 879.03 (412.38, 1345.69)
with estimated 95% predictive interval 1 (121.31, 1636.75)

1
gamification :
Robertson, 2018 5 IG(phone game)-CG(no int) - |! -868.00 (-1437.34, -298.66)
Subgroup, DL (I? = 0.0%, p < 0.001) <> -868.00 (-1437.34, -298.66)

1
Heterogeneity between groups: p = 0.000 !
Overall, DL (12 = 89.6%, p < 0.001) —<b— 267.81 (-198.58, 734.20)

(-1522.64, 2058.27)

-10000

FIGURE 1

and adherence, and pediatric weight management program.

Digital intervention reduces step count

Frequencies of the RCT characteristics of studies measuring step counts and studies measuring MVPA. *For steps: diet; for MVPA: diet, weight,
cardiorespiratory fitness, and psychological aspects. *For steps: energy balance and sleep; for MVPA: health, obesity, and body composition. AFor
steps: website + app + text messaging, wearable + website, and app or text messaging; for MVPA: wearable + website, text messaging, or social
media and gamification + website + wearable. #For steps: computer + wearable and smartphone + wearable; for MVPA: smartphone + iPod touch,
computer + wearable, and smartphone/mobile phone + wearable. "For steps: goals +incentives, PA advice + step diary, program for activities,
goals + rewards; group education + practical sessions, daughters resources (tasks, folders), sports skills program, and sport equipment pack; for
MVPA: incentives + education + social networking/forums/messaging + program for activities; goals + rewards, school program, information about
increasing PA, healthy eating, or weight loss, encourage to meet current PA recommendations, booklet with instructions, calculate compliance

o

10000
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networking/forums/messaging; program for activities; goals;
rewards; school programs (sport, interactive seminars, nutrition
workshops, lunch-time PA
handbooks, and parent newsletters);
increasing PA, healthy eating, or weight loss; encouragement to

sessions, PA and nutrition

information about
meet current PA recommendations; booklet with instructions;
calculating compliance and adherence; and pediatric weight
management programs (sessions on foods and drinks, reduction
of screen time, goal setting, and increasing PA). The trials were
mainly organized with a two-arm design (62.5% for the SC
studies and 73.3% for the MVPA studies), with CG treatment
represented by no intervention in the majority of cases (75%
and 60%, respectively).

Risk of bias assessment results

Figure 2 shows the risk of bias assessments of the included 43
studies. A total of 31.9% of the studies showed a low overall risk
of bias (41, 46, 47, 49, 64, 71, 74), while some concerns were
found for 40.3% of the included studies (33-37, 43, 45, 48, 50,
51, 54, 60, 61, 65, 67, 69, 73, 76, 77) and 27.8% had a high
risk of bias rating (38-40, 42, 44, 52, 53, 55, 56, 58, 63, 66, 68,
70, 72, 75). The most critical items were possible deviations in
the intended
outcome, since participants or assessors were often not
blinded. As stated by other authors (90), the limitation of not
being able to blind staff and participants derives from the

interventions and the measurement of the

nature of the intervention, since a device to measure PA needs
to be worn by the participants.

Step count meta-analysis

Eight RCTs focusing on step count measures were selected for
the MA (33, 34, 44, 49, 51, 61, 68, 74). Considering that different
follow-up periods were indicated and/or different intervention
groups were tested against a control group in each study, a total
of 18 observations was obtained from these eight RCTs and
included in the MA.

Average daily step count across studies ranged between 2,655
and 11,892. The combination of the retrieved studies allowed for a
population sample of 1,723 to be obtained (879 for the IG, 844
for the CG).

After applying a fixed effects model in the MA, a
positive overall effect was found, with step number significantly
increasing in the IG compared to the CG (WMD 833.06, 95%
CI: 728.88-937.25), even though high heterogeneity was present
(> 89.6%, p-value=0.000). Considering the presence of
heterogeneity between the studies, a random effects model was
used, but it did not show overall effectiveness in the IG over the
CG (WMD 267.81, 95% CI: —198.58-734.20).

After running subgroup analyses, the publication date, follow-
up period, school age, setting, device for measurement, and the
overall risk of bias did not explain the heterogeneity, and
differences were not observed between the subclasses in the
increase in number of daily steps.

A positive pooled effect, instead, was found when a pedometer
(WMD 840.13, 95% CI: 301.66-1,378.60; PI: —662.54-2,342.80) or a
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mix of components (including pedometers) were used as an
intervention delivery method, such as pedometer together with
the Internet, an app, or text (WMD 879.03, 95% CI. 412.38—
1,345.69; PI: 121.31-1,636.75); in this last case, the heterogeneity
was annulled (I 0.0%, p-value = 0.525) and the PI did not cross
the null line (Figure 3). Interventions were also found to be
effective when non-digital components were added to digital ones
(WMD 754.22, 95% CI 184.38-1,324.05; PI: —1,136.75-2,645.18),
in regions such as Asia and Oceania (WMD 951.37, 95% CI:
192.86-1,709.87, and WMD 1,208.00, 95% CI: 616.02-1,799.98,
respectively), and when the Yamax pedometer model was used
for step outcome measurement (WMD 789.91, 95% CI: 261.28—
1,318.55; PI: —849.14-2,428.96) (Supplementary Material 2).

Since the use of gamification was reported in just one study
and was not effective, and also the use of the Internet to deliver
the intervention was not effective, we decided to deeply
investigate the 13 observations that resulted in effectiveness, in
which a pedometer or a mix of tools that included a pedometer
was used (33, 34, 49, 51, 61, 74), thus excluding the studies of
(44) and Robertson et al. (68) and two
observations from Guagliano et al. (49).

Ezendam et al

The random effects model found a significant increase of
831.62 steps (95% CI 425.11-1,238.16; 95% PI. —366.49—
2,029.73), even though heterogeneity was high (I* 80.2%).

When subgroup analyses were performed, the effect was larger
when an alternative digital intervention was used in the CG
(WMD 1,252.21, 95% CI: 567.80-1,936.63; 95% PI: 1,573.38—
4,077.80). In RCTs non-digital
intervention or no intervention in the CG, an increase of 643.55
steps per day was observed (WMD 643.55, 95% CI: 257.02—
1,030.09; 95% PI: —177.21-1,109.90) (Figure 4), and, notably,
the heterogeneity was annulled (I* 0.0%, p-value=0.534) and
the PI was very short and did not cross the null line.

that used an alternative

In interventions in which pedometers were also used as step-
measuring devices (beyond being used to deliver the intervention),
the children in the IG had a significant increase of 1,006.25 steps
(95% CI: 539.30—-1,437.74; PI: —292.08-2,305.11) compared to the
CG, while the studies that used an accelerometer were ineffective
(Figure 5). A detailed investigation on the model of the devices
evidenced how the Yamax model was the only effective model

(WMD 1,019.19, 95% CI. 488.59-1,549.79; PI. —784.75—
2,823.13) compared to the Walkdlife and ACCUSPLIT
pedometers or the Actigraph accelerometer (Figure 5).

Interventions that were targeted to younger pupils were effective
in increasing steps by 1,026.59 (95% CI: 538.36-1,514.82; PI:
—333.48-2,386.66), even though these were quite
heterogeneous. Studies conducted on older students were found
to be ineffective but homogeneous (I* 0.0%, p-value = 0.000, PI:
—969.30-1,590.07) (Figure 5). The same results were obtained in
the subgroup analysis of the publication year, since the

studies

subgroups were composed of the same RTCs as the age group
subgroup analysis. The studies that were published more
recently were more effective compared to those published before
2019. Interventions were more effective in the short term (12
weeks or less) (WMD 719.45, 95% CI: 271.80-1,167.11; PI:
—536-1,975.09) compared to the long-term measurements,
which did not show any step increase (Figure 5).

A table summarizing the PIs for the RCT's that showed effects on
step count and MVPA is presented in Supplementary Material 3.
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PUBLICATION DATE
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PA and other*
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SCHOOL ATTENDANCE
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FOLLOW UP
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INTERVENTION ARMS
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Yamax pedometer

Actigraph accelerometer
Walk4Life pedometer

New Lifestyles accelerometer
Accusplit pedometer

Polar Active activity monitor

FIGURE 2
Risk of Bias 2 (RoB-2) results in percentages.
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FIGURE 3
Forest plot of the subgroup analysis of the 18 retrieved RCTs by the digital component used to deliver the intervention to increase step count. Pls are
shown together with 95% Cls. CG, control group; DL, Der Simonian-Laird estimate; |G, intervention group; int, intervention; ped, pedometer; SDT,
Self-Determination Theory.

CG treatment and

First author, Weeks at Effect
publication year  follow-up IG-CG (95% Cl)
alternative digital intervention
Allafi, 2020 1 IG(use/info ped+rewards)-CG(use/no info ped) I | - 1338.00 (1182.13, 1493.87)
Allafi, 2020 1 IG(usefinfo ped)-CG(use/no info ped) - : 564.00 (401.31, 726.69)
Guagliano, 2020 8 IG(PED ped)-CG(FAM website) —— 1567.28 (-224.28, 3358.84)
Guagliano, 2020 52 IG(PED ped)-CG(FAM website) : —— 2886.57 (1254.13, 4519.01)
Subgroup, DL (12 = 94.1%, p < 0.001) < 1252.21 (567.80, 1936.63)
with estimated 95% predictive interval : (-1573.38, 4077.80)

1
alternative non-digital intervention or no intervention :
Baldursdottir, 2017 4 |G (ped+step diary)-CG(no ped, no step diary) —_— 717.65 (-833.13, 2268.43)
Guagliano, 2020 8 IG(PED ped)-CG(no int) . -79.72 (-1671.38, 1511.94)
Guagliano, 2020 52 IG(PED ped)-CG(no int) _: -65.14 (-1588.18, 1457.90)
Jake-Schoffman, 2018 12 |G(Tech+=web+app+ped)-CG(Tech=rro-ry 89.00 (-3672.93, 3850.93)
Morgan, 2019 8 IG(DADEE=app+ped)-CG(no int) + 1141.00 (303.80, 1978.20)
Morgan, 2019 36 IG(DADEE=app+ped)-CG(no int) —_—— 1275.00 (437.82, 2112.18)
Thompson, 2016 12 1G(ped)-CG(no int) D—,— 37.00 (-1041.85, 1115.85)
Thompson, 2016 12 1G(ped-+prompts)-CG(no int) ———— 360.00 (-753.21, 1473.21)
Thompson, 2016 12 IG(ped+prompts+SDT texts)-CG(no int) ——F—:— 340.00 (-737.74, 1417.74)
Subgroup, DL (12 = 0.0%, p = 0.534) -O- 643.55 (257.02, 1030.09)
with estimated 95% predictive interval : (177.21, 1109.90)

1
Heterogeneity between groups: p = 0.129 !
Overall, DL (12 = 80.2%, p < 0.001) ——o— 831.62 (425.11, 1238.13)
with estimated 95% predictive interval (-366.49, 2029.73)

I I

-5000

FIGURE 4

intervention; ped, pedometer; SDT, Self-Determination Theory.

Digital intervention reduces step count

Forest plot of the subgroup analysis of the 13 RCTs using wearables and a mix of tools for intervention delivery to increase step count, by control
group treatment. Pls are shown together with 95% Cls. CG, control group; DL, Der Simonian-Laird estimate; IG, intervention group; int,

0 5000

Digital intervention increases step count

Small study effect in studies assessing step
counts

A small study effect was not found (Egger’s test coefficient:
—1.527, SE 0.905, p-value: 0.111) and no asymmetry was present
in the funnel plot (Figure 6). The trim-and-fill method showed
that one study was missing at the bottom left of the funnel plot
to obtain symmetry (Figure 6). The recalculated pooled estimate
after including the missed study was not significantly different
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(819.2, 95% CI: 715.3-923.2). These results suggested that there
was no publication bias.

MVPA meta-analysis
Overall, 32 measures extracted from 15 RCTs were

analyzed, for a total of 3,436 people (35-37, 41, 49, 51, 53-55,
58, 68, 69, 73-75).

frontiersin.org


https://doi.org/10.3389/fdgth.2026.1701301
https://www.frontiersin.org/journals/digital-health
https://www.frontiersin.org/

Tabacchi et al.

10.3389/fdgth.2026.1701301

FIGURE 5

(A) By device type for step measurement

Device for step
measurementand First  Weeks at

author, publication year follow-up

Podometer
Alafi, 2020 1
Alafi, 2020 1
Baldursdotir, 2017 4
Guagiiano, 2020 8
Guagliano, 2020 8
Guagiiano, 2020 52
Guagiiano, 2020 52
Jake-Schofiman, 2018 12
Morgan, 2019 8
Morgan, 2019 36

‘Subgroup, DL (1 = 83.8%, p < 0.001)

Accelorometer
Thompson, 2016 2
Thompsan, 2016 12
Thompsan, 2016 12

Subgroup, DL (¥ = 0.0%, p = 0.899)

Heterogeneity between groups: p = 0.056
Overall, DL (1 = 80.2%, p < 0.001)

16-CG.

1G(usefinto pedsrewards)-CG(use/no info ped)
IG(usefinfo ped)-CG(use/no info ped)
1G(peds+step diary)-CG(no ped, no step diary)
IG(PED ped)-CG(FAM websie)

IG(PED ped)-CG(no int)

IG(PED ped)-CG(FAM website)

IG(PED ped)-CG(no int)
1G(Tech+=web+app+ped)-CG(Tech=no int)
IG(DADEE=app+ped)-CG(no int)
1G(DADEE=app+ped)-CG(n0 nt)

1G(ped)-CG(no int)
1G(pedsprompts)-CG(no int)
1G(pedsprompls+SDT texts)-CG(no int)

RS . —
R

—_—
-

Efioct
(95% CI)

1338.00 (1182.13, 1493.67)
564.00 (401,31, 726.69)
717,65 (-833.13, 2268.43)
1567.28 (-224.28, 3358.84)
7972 (1671.38, 1511.94)
288657 (1254.13, 4519.01)
+65.14 (1588.18, 1457.90)
89.00 (-3672.93, 3850.93)
1141.00 (303.80, 1976.20)
1275.00 (437.82, 2112.18)
1006.52 (539.30, 1473.74)

37.00 (-1041.85, 1115.85)
360,00 (:753.21, 1473.21)
340,00 (:737.74, 1417.74)
243,37 (-385.69, 872.43)

831,62 (425.11, 1238.13)

(B) By device model for step measurement

Device model for step
measurementand First  Weeks at

author, publication year  follow-up

Yamax
Alafi, 2020 1
Alaf, 2020 1
Baldursdottr, 2017 4
Morgan, 2019 8
Morgan, 2019 36
Subgroup, OL (= 91.3%, p < 0.001)

WalkaLife
Guagliano, 2020 8
Guagliano, 2020 8
Guagliano, 2020 52
Guagliano, 2020 52

Subgroup, OL (F = 67.3%, p = 0.027)

other
Jake-Schaftman, 2018 12
Subgroup, DL (= 0.0%,p <0.001)

Actigraph GT3X+
Thompson, 2016 12
Thompson, 2016 12
Thompson 2016 12

Subgroup, DL (1 = 0.0%, p = 0.899)

Heterogeneity between groups: p = 0.291
Overall, DL (1 = 80.2%, p < 0.001)

16-CG

1G(use/info pedsrewards)-CG(use/no info ped)
1G(usefinfo ped)-CG(use/no info ped)
1G(pedsstep diary)-CG(no ped, no step diary)
IG(DADEE=app+ped)-CG(no int)
IG(DADEE=app+ped)-CG(no int)

IG(PED ped)-CG(FAM website)
IG(PED ped)-CG(no int)
IG(PED ped)-CG(FAM website)
IG(PED ped)-CG(no int)

1G(Tech+=web+app+ped)-CG(Tech=no int)

1G(ped)-CG(no int)
1G(pod+prompts)-CG(no int)
1G(ped+prompts+SOT texts)-CG(no int)

°

Digitalintervention reduces step count

Digitalintervention increases step count

Effect
(95% CI)

1338.00 (1182.13, 1493.87)
564.00 (401.31, 726.69)
717.65 (:833.13, 2268.43)
1141.00 (303.80, 1978.20)
1275.00 (437.82, 2112.18)
1019.19 (488.59, 1549.79)

1567.28 (-224.28, 3358.8¢)
+79.72 (1671.38, 1511.94)
288657 (1256.13, 4519.01)
-65.14 (-1588.18, 1457.90)
1052.09 (-373.10, 2477.29)

.93, 3850.93)

.93, 3850.93)

37.00 (-1041.85, 1115.85)
36000 (-753.21, 1473.21)
34000 (-787.74,1417.74)
243,37 (:385.69, 872.4)

831,62 (425.11, 1238.13)

0
Digal ntervention reduces step count Digital ntervention increases step count
(C) By age
AgeanaFstaunor,  Weeksat Efect
publcason year olowp 1606 w5501
Youngers
At 2020 1 IG(uselto podsrewaids)CG(uselno o ped) L - 13300 (118219, 1499.87)
Avat, 2020 1 1G(usafnfo pod) CG(usain info pad) - 56400 (401.31,726.69)
Guaglano, 2020 s 1G(PED poc) COIFAM wobsice)
Guagiano, 2020 8 IG(PED ped)-CGnont) _— 7972 (1671.38, 1511 94)
Guaglano, 2020 52 IG(PED pod)-CG(FAM website) | — 288657 (1254.13, 4519.01)
Guagland, 2020 s 1G(PED 500y CG(oo ) —_— 465.14 (158,18, 1457.90)
i 2 T 8000 (367295, 385099
Morgan, 2019 8 IG(DADEE=app+ped)-CG(no int) ———— 1141.00 (303.80, 1978.20)
Morgan, 2019 % 1G(DADEE=app+pad)-CGiro ) —_— 127500 (43782, 2112.18)
Subgroup, DL (F = 856%, p < 0.001) B 1026.59 (538,36, 1514.82)
i
Ouors |
Baldursdens, 2017 4 IG(padsstop Gy C(00 od.no 10 dary) —_— 71765 (833,13, 2268.43)
Thompson, 2016 2 616001 CG(00im) — 700 (104185, 11585
Thompson, 2016 2 1G(pedsprompis)-CG(no int) —Tae 36000 (75321, 147321)
Thompson, 2016 2 1G(pedsprompissSOT texts)-C(no i) —_—— 34000 (79774, 1417.74)
Stroun, DL (7= 00%,p0916) P s100 (272548903
'
Heorogonaty botween groups: p = 0065 I
Overat, OL ¢ = 802%, p<0.001) <> 9162 625.1,1238.13)
T T

Digal intervention reduces stop count

Digial intervention incroases siop count

Forest plot of the subgroup analysis of the 13 RCTs using wearables and a mix of tools for intervention delivery to increase step count, by device type
(a) and model (b) for step measurement, age (c), and follow-up CG, control group; DL, Der Simonian-Laird estimate; IG, intervention group; int,
intervention; ped, pedometer; SDT, Self-Determination Theory.

In the fixed effects model analysis, an overall effectiveness of
digital interventions in increasing MVPA was found (WMD
3.40, 95% CI: 2.68-4.13), but high heterogeneity was found (I*
The random effects model of MA incorporated
heterogeneity, showing a significant overall increase in minutes

76.6%).
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of MVPA after the digital interventions (WMD 2.72, 95% CI:
0.83—4.61) and a large PI (95% PI: —5.44-10.88).

We first tried to identify outliers by checking that the
intervention’s confidence interval did not overlap with the
confidence interval of the pooled effect, but since seven outliers
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Egger graph (A) and filled funnel plot (B) of the 18 observations of the step-count studies included in the MA. The filled funnel plot was obtained using
the trim-and-fill method; the empty circles represent the included observations, while an empty circle surrounded by a square represents a

were identified based on this criterion, we did not consider it
correct to exclude all of them. Second, we omitted the two
studies from Guagliano et al. (49) that were the only ones that
revealed a pooled effect favorable to the control (they used the
web-based family tool for the intervention). This omission led
to an increase in daily MVPA of 0.62min (from 2.72 to
3.34 min), an amount that we considered insufficient to justify
the possible exclusion of these two observations from the meta-
analysis, also considering that the quality of the study was high.
Since the primary objective of this study was to detect whether
digital interventions are effective in comparison to non-digital
interventions, we tried to identify through sensitivity analyses which

Frontiers in Digital Health

kind of digital tool and what CG treatment was considered to better
understand the degree of contribution of each study to the effect.
Thus, a first subgroup analysis of CG treatment was
conducted, and when an alternative non-digital intervention or
no intervention was used in the CG, the overall effect was an
increase in MVPA (WMD 297, 95% CI: 0.61-5.33, 95% PI:
—5.68-11.62), while using a digital tool in the IG was not
effective compared to the use of an alternative digital
component (WMD 2.22, 95% CI: —0.92-5.36, 95% PI: —6.91—
11.35) (Figure 7). For example, using active videogames in the
IG compared to non-active videogames or web-based games in
the CG (35, 36), or using a PlayStation in the IG compared to
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CG treatment and
First author, Weeks at Effect
publication year follow-up IG-CG (95% Cl)
alternative digital intervention
Baranowski, 2011 1 |IG(Diab)-CG(web diet/PA knowledge-based games) —0—|— -1.00 (-6.54, 4.54)
Baranowski, 2011 1 IG(Nano)-CG(web diet/PA knowledge-based gamess) T 5.00 (-0.54, 10.54)
Baranowski, 2011 8 IG(Diab+Nano)-CG(web diet/PA knowledge-based games) ——— 0.00 (-5.54, 5.54)
Baranowski, 2012 1 |IG(active video games)-CG(inactive video games) —-D—:— 0.59 (-7.58, 8.71)
Baranowski, 2012 6 IG(active video games)-CG(inactive video games) —_—— 0.69 (-7.19, 8.57)
Baranowski, 2012 7 IG(active video games)-CG(inactive video games) —_—T -4.18 (-11.78, 3.42)
Baranowski, 2012 12 |IG(active video games)-CG(inactive video games) —V-:— 0.36 (-6.15, 6.87)
Guagliano, 2020 8 IG(PED=ped only)-CG(FAM website) I—ﬁ— 12.80 (3.47, 22.13)
Guagliano, 2020 52 IG(PED=ped only)-CG(FAM website) | —_—— 20.50 (8.40, 32.60)
Maddison, 2011 12 IG(PlayStation upgraded)-CG(normal videogame+no info) —_—— -0.50 (-9.18, 8.18)
Maddison, 2011 24 IG(PlayStation upgraded)-CG(normal videogame-+no info) —_—t—— 1.10 (-6.83, 9.03)
Subgroup, DL (12 = 50.5%, p = 0.027) <<> 2.22(-0.92, 5.36)
1
alternative non-digital intervention or no intervention |
Baranowski, 2019 12 IG(Diab+Nano)-CG(no int) —O-E— 1.11 (-2.69, 4.91)
Baranowski, 2019 20 IG(Diab+Nano)-CG(no int) -1 1.22 (-2.81, 5.25)
Direito, 2015 8 IG(Zombies run app)-CG(no int) —_— 2.50 (-10.35, 15.35)
Direito, 2015 8 IG(Get running app)-CG(no int) —_— -7.20 (-17.99, 3.59)
Guagliano, 2020 8 IG(FAM website)-CG(no int) —_—— : -9.10 (-16.95, -1.25)
Guagliano, 2020 8 IG(PED=ped only)-CG(no int) —_—— 3.70 (-4.09, 11.49)
Guagliano, 2020 52 IG(FAM website)-CG(no int) —_—— -12.20 (-22.91, -1.49)
Guagliano, 2020 52 IG(PED=ped only)-CG(no int) . 8.30 (-2.00, 18.60)
Jake-Schoffman, 2018 12 |IG(Tech+=program+web-+app+ped)-CG(Tech=program) : 4 14.30 (-7.14, 35.74)
Lau, 2016 12 1G(Xbox 360)-CG(no int) ——— 5.62 (-0.33, 11.57)
Leinonen, 2017 26 IG(MOPO=PA monitor+gamified web mobile)-CG(no int) | —— 11.00 (6.11, 15.89)
Lubans, 2012 48 IG(NEAT girls=ped-+text messaging)-CG(no int) —P- 0.20 (-3.87, 4.27)
Robertson, 2018 5 IG(phone game)-CG(no int) —— : -5.50 (-8.80, -2.20)
Ruotsaleinen, 2015 12 IG(FB counselling+self-monitoring)-CG(no int) T -4~ 19.50 (-0.47, 39.47)
Ruotsaleinen, 2015 12 IG(FB counselling)-CG(no int) I + 24.80 (5.57, 44.03)
Staiano, 2018 24 1G(GameSquad)-CG(no int) —1—4— 10.90 (-0.02, 21.82)
Thompson, 2016 12 IG(ped)-CG(no int) ——IO_ 3.43 (-5.84, 12.70)
Thompson, 2016 12 IG(ped+prompts)-CG(no int) r—— 9.07 (-0.47, 18.61)
Thompson, 2016 12 IG(ped+prompts+SDT texts)-CG(no int) —t————— 5.58 (-3.69, 14.85)
Trost, 2014 8 IG(program+active gaming)-CG(program) :-0- 4.10 (2.93, 5.27)
Trost, 2014 16 IG(program-+active gaming)-CG(program) - 6.40 (4.96, 7.84)
Subgroup, DL (I? = 78.5%, p < 0.001) é 2.97 (0.61, 5.33)
1
Heterogeneity between groups: p = 0.708 !
Overall, DL (I? = 73.4%, p < 0.001) ¢ 2.72 (0.83, 4.61)
I I
-50 0 50
Digital intervention reduces MVPA Digital intervention increases MVPA
FIGURE 7
Forest plot of the subgroup analysis of the 32 observations from the RCTs assessing the effectiveness of digital interventions on MVPA increase, by CG
treatment. CG, control group; DL, Der Simonian—Laird estimate; |G, intervention group; int, intervention; ped, pedometer; SDT, Self-Determination
Theory

regular videogames in the CG (58), did not increase overall
effectiveness. In contrast, interventions involving gamification,
apps, wearables (e.g., pedometers), or a combination of tools,
compared to CGs receiving no intervention, such as in the
MOPO, NEAT, and other programs (37, 41, 49, 53-55, 68, 69,
74), or to CGs treated with a non-digital tool (51, 75), were
effective in increasing MVPA.

Effective results were also highlighted in the following
subgroup analyses (Supplementary Material 4). Studies from
Australia and New Zealand were more effective (WMD 3.11,
95% CI: 0.74-5.48; 95% PI: —3.04-9.26) compared to those from
European or American countries. Interventions targeting high
school students were significantly more effective than those
targeting younger children, with an average increase of
approximately 4-5 min/day of MVPA (WMD 4.53, 95% CI:
0.35-8.70; 95% PI: —7.93-16.98). The sensitivity analysis showed
that in the two studies using web-based interventions (Web
FAM) compared to no intervention in the CG, MVPA levels
were actually reduced in the intervention group, and these
studies involved younger children. When they were excluded,
the overall MVPA increase rose by almost 3.5 min.

Digital interventions were efficient when they specifically
targeted normal-weight people (WMD 3.44, 95% CI: 0.76-6.11;
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95% PI: —6.06-12.94), but high heterogeneity was found (I*
81.3%, p-value <0.001). The RCTs focusing on overweight/obese
people only were not effective overall; however, these studies
showed low heterogeneity (I* 29.6%, p-value =0.164) and a 95%
PI of —4.47-7.68. The effect disappeared for studies conducted
in a school environment compared to the home setting (WMD
2.50, 95% CI: 0.12-4.88; 95% PI: —6.96-11.96). Efficacy was
found in trials with a medium follow-up between 9 and 20
weeks (WMD 4.27, 95% CI: 1.68-6.87; 95% PIL: —2.53-11.07)
and not in those with a short (8 weeks or less) or a long
duration (20 weeks or more). When the digital device for
intervention delivery was a console, an overall effectiveness was
evidenced (WMD 3.59, 95% CI: 1.60-5.59, 95% PI: —1.18-8.37).
Effectiveness was also found when a mix of devices were used
(WMD 6.42, 95% CI: 0.24-12.60, 95% PI: —14.67-27.51).
Examples Tech+, which combines programmatic
recommendations, email newsletters, a mobile app, pedometer-

include

based self-monitoring, a website for food and step tracking, and
apps (51); MOPO, which uses a wrist-worn PA monitor with
feedback and access to a gamified web-based mobile platform
(54); NEAT (56), which includes sports sessions, seminars,
handbooks, pedometers, newsletters,
facebook-delivered PA counseling and self-monitoring, as used

and text messages;
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in Ruotsalainen et al. (69); and the pedometer-based intervention
with goal prompts and theory-informed messages in the study by
Thompson et al. (74). The use of computers and smartphones did
not seem to be successful in increasing MVPA. Among the
different models used to measure MVPA, the interventions
using Actigraph GT3X were effective overall (WMD 3.20, 95%
CI: 1.13-5.27, 95% PI: —3.52-9.92) and the same was found for
those using the Polar Active (WMD 13.64, 95% CI: 6.58-20.70,
95% PI. —48.24-75.51).

Another subgroup analysis was conducted, stratifying the
studies by the digital component used to deliver the intervention.
This allowed us to highlight how two observations from the study
of Guagliano et al. (49), which used a FAM web-based tool, had
a contrary effect, i.e., reducing MVPA, in the IG compared to the
CG that received no intervention. The use of wearables and of a
mix of tools had a large effect in increasing MVPA (WMD 8.92,
95% CI: 3.16-14.68; and WMD 7.57, 95% CIL 1.71-13.43,
respectively), with the 95% PIs crossing the null line (—7.81-

10.3389/fdgth.2026.1701301

25.65, and —9.46-24.60, respectively). The use of social media was
only investigated in one study (69) and was highly effective
(WMD 24.80, 95% CI: 5.57—-44.03). In contrast, only gamification
was ineffective overall (WMD 1.40, 95% CI: —0.65-3.45) (Figure 8).

This last result induced us to deeply investigate the aspects
that could influence the lack of efficacy of this gamification tool
in this age range. We further meta-analyzed 18 observations
from 9 studies (35-37, 41, 53, 58, 59, 68, 73, 75), adding the
study from Leinonen et al. (54) that used a mix of tools,
including a gamified portal, for a total of 2,615 subjects. The
subgroup analyses of these 19 observations revealed that the lack
of efficacy of gamification was not found for a follow-up longer
than 20 weeks (WMD 7.97, 95% CI: 1.19-14.40, 95% PI:
—62.18-77.77) or in comparison to an alternative non-digital
intervention or no intervention in the CG (WMD 3.10, 95% CI
0.29-5.91, 95% PI —5.89-12.09). Moreover, the use of a console
as a device to deliver the gamification intervention was
efficacious (WMD 3.59, 95% CI: 1.60-5.59, 95% PI: —1.18-8.37)

Digital component
and First author,
publication year

Weeks at
follow-up IG-CG
Gamification

Baranowski, 2011

4
Baranowski, 2011 1 IG(Nano)-CG(web diet/PA knowledge-based gamess) ——— 5.00 (-0.54, 10.54)
Baranowski, 2011 8 IG(Diab+Nano)-CG(web diet/PA knowledge-based games) —_— 0.00 (-5.54, 5.54)
Baranowski, 2012 1 IG(active video games)-CG(inactive video games) —_— 0.59 (-7.58, 8.71)
Baranowski, 2012 6 IG(active video games)-CG(inactive video games) —DJ'— 0.69 (-7.19, 8.57)
Baranowski, 2012 7 IG(active video games)-CG(inactive video games) —*——I' -4.18 (-11.78, 3.42)
Baranowski, 2012 12 IG(active video games)-CG(inactive video games) PI—- 0.36 (-6.15, 6.87)
Baranowski, 2019 12 IG(Diab+Nano)-CG(no int) : 1.11 (-2.69, 4.91)
Baranowski, 2019 20 IG(Diab+Nano)-CG(no int) 1.22 (-2.81, 5.25)
Direito, 2015 8 IG(Zombies run app)-CG(no int) — 2.50 (-10.35, 15.35)
Direito, 2015 8 IG(Get running app)-CG(no int) —_— -7.20 (-17.99, 3.59)
Lau, 2016 12 1G(Xbox 360)-CG(no int) ——— 5.62 (-0.33, 11.57)
Maddison, 2011 12 IG(PlayStation upgraded)-CG(normal videogame+no info) —e -0.50 (-9.18, 8.18)
Maddison, 2011 24  |G(PlayStation upgraded)-CG(normal videogame+no info) —'F: 1.10 (-6.83, 9.03)
_

Robertson, 2018 5 IG(phone game)-CG(no int)

1
Staiano, 2018 24 1G(GameSquad)-CG(no int) [ — 10.90 (-0.02, 21.82)
Trost, 2014 8 IG(program+active gaming)-CG(program) > 4.10 (2.98, 5.27)
Trost, 2014 16 IG(program+active gaming)-CG(program) g 6.40 (4.96, 7.84)
Subgroup, DL (12 = 74.0%, p < 0.001) (? 1.40 (-0.65, 3.45)
Web .
Guagliano, 2020 8 IG(FAM website)-CG(no int) —_—— ! -9.10 (-16.95, -1.25)
Guagliano, 2020 52 IG(FAM website)-CG(no int) —_— : -12.20 (-22.91, -1.49)
Subgroup, DL (I2 = 0.0%, p = 0.647) _ | -10.18 (-16.52, -3.85)
Wearable I
Guagliano, 2020 8 IG(PED=ped only)-CG(FAM website) :—+— 12.80 (3.47, 22.13)
Guagliano, 2020 8 IG(PED=ped only)-CG(no int) —_—— 3.70 (-4.09, 11.49)
Guagliano, 2020 52 IG(PED=ped only)-CG(FAM website) | —_— 20.50 (8.40, 32.60)
Guagliano, 2020 52 IG(PED=ped only)-CG(no int) B T T — 8.30 (-2.00, 18.60)
Thompson, 2016 12 IG(ped)-CG(no int) —_— 3.43 (-5.84, 12.70)
Subgroup, DL (12 = 44.4%, p = 0.126) o 8.92 (3.16, 14.68)

1

Mix !
Jake-Schoffman, 201812 IG(Tech+=program+web-+app+ped)-CG(Tech=program) g 14.30 (-7.14, 35.74)
Leinonen, 2017 26 IG(MOPO=PA monitor+gamified web mobile)-CG(no int) | ——— 11.00 (6.11, 15.89)
Lubans, 2012 48 IG(NEAT girls=ped-+text messaging)-CG(no int) — 0.20 (-3.87, 4.27)
Ruotsaleinen, 2015 12 IG(FB counselling+self-monitoring)-CG(no int) : + 19.50 (-0.47, 39.47)
Thompson, 2016 12 |G(ped-+prompts)-CG(no int) —_—— 9.07 (-0.47, 18.61)
Thompson, 2016 12 IG(ped+prompts+SDT texts)-CG(no int) ——— 5.58 (-3.69, 14.85)
Subgroup, DL (12 = 65.4%, p = 0.013) — 7.57 (1.71, 13.43)

Social media
Ruotsaleinen, 2015 12
Subgroup, DL (12 = 0.0%, p <0.001)

IG(FB counselling)-CG(no int)

Heterogeneity between groups: p = 0.000
Overall, DL (12 = 73.4%, p <0.001)

IG(Diab)-CG(web diet/PA knowledge-based games)

Effect
(95% Cl)

.

-1.00 (-6.54, 4.54)

-5.50 (-8.80, -2.20)

*

24.80 (5.57, 44.03)
24.80 (5.57, 44.03)

2.72(0.83, 4.61)

—

Digital intervention reduces MVPA

FIGURE 8

Forest plot of the subgroup analysis of the 32 observations from the RCTs assessing the effectiveness of digital interventions on MVPA increase, by the
digital component used to deliver the intervention. CG, control group; DL, Der Simonian-Laird estimate; |G, intervention group; int, intervention; ped,

pedometer; SDT, Self-Determination Theory.

Digital intervention increases MVPA
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compared with gamified interventions delivered through a
computer or smartphone (Supplementary Material 5).

Small study effect in studies assessing MVPA

The small study effect analysis found funnel plot asymmetry
(Egger’s test Coeff: 4.86, SE 1,070, p-value <0.001), thus
indicating a small-study effect (small studies in favor of the
control are missing on the left bottom side of the funnel plot)
and suggesting publication bias.

The trim-and-fill method added three studies that were

10.3389/fdgth.2026.1701301

these, the random overall effect was 0.85 (95% CI. —1.176—
2.872) (Figure 9).

Discussion

Our meta-analysis revealed that, on a global scale, digital
interventions show a differentiated impact on physical activity
outcomes in school-aged populations, appearing to be more
effective in increasing MVPA than in promoting overall step
count. This discrepancy likely reflects the distinct behavioral

missing on the bottom left side of the graph, and, after inserting  mechanisms targeted by such interventions, which often
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FIGURE 9
Egger graph (A) and filled funnel plot (B) of the 32 observations included in the MA of RCTs aimed at increasing MVPA. The filled funnel plot was
obtained using the trim-and-fill method; the empty circles represent the included observations, while an empty circle surrounded by a square
represents a missing observation.
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emphasize intensity, structured activity, or short bursts of
movement rather than total daily volume. The increase of
approximately 3 min per day in MVPA that was found in this
study is modest and unlikely to be clinically meaningful at the
individual level, particularly for outcomes such as adiposity,
cardiorespiratory fitness, or cardiometabolic risk, which typically
require larger changes in activity volume or intensity (91, 92).
However, two considerations temper this interpretation. First, at
the population level, even small shifts in MVPA can translate
into a meaningful public health impact when applied across
large groups of children. Second, such changes may represent
early behavioral movement, especially in predominantly inactive
populations, and could be a stepping stone toward larger
increases if interventions are sustained or intensified.

A high level of heterogeneity was observed across the studies,
highlighting the variability in intervention design, populations,
and measurement approaches. While this limits the
generalizability of the it also underscores the
importance of identifying specific components that may enhance
intervention effectiveness.

findings,

Digital tools used for intervention delivery

The subgroup analyses conducted both on the SC and MVPA
highlighted the of
Interventions incorporating pedometers and accelerometers

studies crucial role self-monitoring.
appear to facilitate significant daily steps and MVPA increases
by reinforcing participants’ awareness of their activity levels; this
real-time feedback may promote self-regulation and encourage
throughout the (93, 94). The

effectiveness of these tools is further amplified when combined

more active choices day

with additional digital components, such as mobile applications,
web platforms, or messaging systems. This suggests that

multimodal interventions can enhance engagement and

reinforce behavioral change through multiple channels,

representing a key strategy for achieving health-related goals
(95). It that
interventions not only be included in future experimental

is therefore recommended wearable-based
studies but also promoted as a beneficial daily habit for
all children.

Contrary to expectations, the gamification component did not
consistently lead to greater overall MVPA. However, a closer
examination of the studies incorporating gamified elements
suggests that these interventions may be more effective in
sustaining behavior change over the long term rather than
producing immediate increases in MVPA. This pattern appears
to differ from the findings reported by Mazeas et al. (96), but is
in line with other previous studies (97, 98). A possible
explanation is that in the short term, gamified interventions
often leverage novelty effects, rewards, and feedback loops to
increase motivation and participation, but these mechanisms
may not immediately translate into higher MVPA, especially in
children and adolescents whose activity levels are also
constrained by contextual factors such as school schedules,
opportunities for sport, and parental or environmental support.
Over time, however, gamification may become more effective by
fostering habit formation, intrinsic motivation, and sustained

engagement with the intervention platform; as users become
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familiar with the system, the initial novelty may fade, but
persistent behavioral cues (e.g., goal setting, progress tracking,
social comparison, or rewards) can support longer-term
adherence to PA behaviors (99, 100). This could explain why
some studies report more stable or delayed effects rather than
immediate increases in MVPA. Additionally, as previously
noted, gamified interventions were effective when the CG
received no intervention or a non-digital intervention, rather
than another digital tool, and when devices other than
computers or smartphones were used to deliver the intervention.
These aspects should be carefully reconsidered in future
interventions involving gamification tools. In particular, the
choice of components, such as the CG design, appears to be
critical, as interventions using alternative digital tools in the CG
seem less effective. Another recommendation would be to
increase the number of intervention sessions, allowing the
effects to sustain over time.

Currently, the most appealing digital tools for young people
include gamification features, wearables, social media, and
smartphone apps (98, 101-103). Therefore, when designing
interventions targeting this age group, it is essential to align the
tools used with their digital preferences.

The observed differences in MVPA outcomes across different
device models are likely attributable to methodological and
measurement-related factors rather than true differences in
intervention effectiveness. The larger effect associated with the
Polar Active device (approximately 13.5 min/day) should be
interpreted cautiously, as it is based on limited evidence (two
trials, three effect estimates) (54, 69), making it particularly
sensitive to study-specific characteristics such as intervention
design, sample composition, or implementation context. In
small datasets, such factors can disproportionately influence
pooled estimates and potentially inflate observed effects. In
addition, devices differ in how MVPA is operationalized and
derived. The Polar Active relies on proprietary, often heart-
rate-informed or zone-based algorithms, which may be more
responsive to changes in physiological effort and thus yield
higher estimates of moderate-to-vigorous activity (104, 105).
Conversely, the Actigraph GT3X, which is widely used and
extensively validated pediatric  populations, applies
standardized accelerometer cut-off points that tend to be more
classifying  MVPA  (106).
increases in PA may be partially allocated to lighter intensity

in

conservative in Consequently,
categories, resulting in smaller estimated effects (approximately
3 min/day) despite similar underlying behavioral changes.
Taken together, these findings suggest that the magnitude of
observed effects is influenced not only by intervention efficacy
but also by device-specific sensitivity and analytic conventions.
Therefore, comparisons across devices should be interpreted
with and future studies would benefit from
harmonized measurement protocols or calibration studies to

caution,

improve comparability across accelerometer-based and

proprietary monitoring systems.
Addition of non-digital components

that
goal

Additionally,  studies

such

incorporated  non-digital

components, as setting, educational sessions,
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incentives, or structured activities with peers or guided by

teachers, alongside digital tools tended to show greater
effectiveness in  increasing PA  outcomes. Non-digital
components  likely enhance outcomes by  providing

accountability, facilitating the understanding and use of digital
content, and strengthening motivation and self-efficacy (107). In
children and adolescents, interaction with teachers,
parents, and peers plays a central role in shaping adherence, as

social

engagement often depends on external support. These findings
suggest that digital tools operate within a broader social context,
and their effects may reflect a synergy between technological
and human elements rather than purely technological efficacy.
Future research should clarify the contribution of human
involvement to better inform intervention design.

Measurement devices (pedometers vs.
accelerometers)

In terms of measurement devices, the discrepancy between
the higher efficacy in the step increase of interventions using
pedometers as a measurement tool compared to
accelerometers may be due to differences in how the data are
exported and processed, sometimes automatically via the
cloud, and other times manually reported by children or their

parents (108).

CG treatment

The CG treatment is another determinant of observed
SC and MVPA. tend
demonstrate stronger effects when compared against inactive or
with
alternative digital interventions often yield attenuated or non-

effectiveness  for Interventions to

non-digital control conditions, whereas comparisons
significant results, as reported in previous studies (96, 109). For
example, gamified interventions had greater effects when
compared with inactive control groups than when compared
with active control groups receiving non-gamified interventions
(96). When interventions are compared to inactive or non-
digital control conditions (e.g., wait-list, usual care), larger effect
sizes are typically observed because these comparators do not
provide any structured stimulus to change behavior (110, 111).
In such cases, the contrast between groups reflects both the
specific effect of the intervention and the absence of any
competing behavioral influence in the control arm. In contrast,
when interventions are evaluated against active or alternative
digital control conditions, the difference between groups is often
(112). This

behaviorally relevant components such as self-monitoring,

reduced is because both arms may include
feedback, or goal setting, even if delivered through different
platforms or with different intensity. As a result, the incremental
benefit of the intervention under study becomes smaller and
may not reach statistical significance, not necessarily due to a
lack of efficacy, but rather due to a “dilution” of effects caused
by an active comparator. This highlights the need for careful
consideration of comparator conditions in future trials, as they
can substantially influence the interpretation of intervention

efficacy.
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Country, age, weight status, setting, follow-
up duration

Other factors influencing intervention effectiveness include
the country of origin of the study, participant age and weight
status, setting, and follow-up duration.

Regarding the geographic origin, interventions conducted in
Europe were found to be ineffective in increasing PA outcomes.
This may be due to the high heterogeneity among European
studies (e.g., variations in follow-up durations were observed).
Therefore, future European studies should strive for greater
methodological consistency, which would reduce heterogeneity
and enable more reliable comparisons.

Another key finding is that the age of the target population is
a moderator of intervention effectiveness. Interventions targeting
younger children appeared to be more successful in increasing
step counts, whereas those focusing on older students showed
greater improvements in MVPA. Although there is no clear
evidence in the literature, this likely reflects developmental
differences in activity patterns. Younger children engage
primarily in unstructured, ambulatory activity, making total
movement more responsive to change, with a consequent
simple accumulation of movement that easily influences step
counts. In contrast, older youth participate more in structured
and intensity-based activities (sports, training) that are more
likely to affect MVPA rather than total steps (113). Overall,
these findings suggest the need to
according to developmental stage, emphasizing movement

tailor interventions

volume in younger children and activity intensity in
older populations.

Another key question is why digital interventions have
generally been ineffective in overweight or obese children.
Subgroup analyses did not reveal significant differences by
weight status, except when a mix of digital devices was used,
which proved more effective. Although these findings are based
on only two observations from the same study (69), they suggest
that more targeted, condition-specific interventions may be
required for overweight or obese children.

Simple interventions involving active video games or
pedometers may be insufficient for this population. Instead,
multidisciplinary approaches are recommended that combine
digital tools with other behavior change strategies such as
nutritional guidance or alternative leisure-time physical
activities. Researchers should take this into account when
designing interventions for children with
or obesity.

With regard to the setting of the intervention, this MA

found that school-based RCTs were not effective overall, in

overweight

contrast to those conducted in home environments.
A plausible explanation is that home contexts may offer
greater flexibility, autonomy, and family support, all of which
can facilitate sustained engagement in PA. In contrast,
school-based interventions may be constrained by structural
factors such as limited time, competing academic priorities,
and reduced individualization (114). These findings have
important implications for both policy and school-based
The of

interventions in school settings suggests that their impact

interventions. limited  effectiveness digital

may be constrained by structural factors such as limited
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autonomy, time restrictions, or competing curricular demands
(115, 116). In contrast, their greater effectiveness in home
environments indicates that digital tools may be better suited
to contexts where children and adolescents can engage more
flexibly and self-direct their activity (117). Therefore, public
health strategies should consider prioritizing the use of
digital settings,
school, they may need to be complemented by structured,

interventions in out-of-school while in
supervised, and context-specific approaches to effectively
promote PA.

The duration of the intervention also appears to play a critical
role. Medium-term interventions showed greater effectiveness
compared to both short- and long-term programs. In the short
term, interventions may be insufficient to establish stable
behavioral habits (118), while in the long term, the novelty and
appeal of digital tools may diminish, leading to reduced
engagement (119). These findings that
interventions should carefully balance duration and intensity,

suggest future
potentially incorporating strategies to maintain user interest
over time. The ultimate goal should be to encourage young
people to engage in free-time activities that combine digital
engagement with physical movement, fostering an active
lifestyle throughout childhood, adolescence, and ideally
into adulthood.

Strengths

One major strength of this meta-analysis is the inclusion of
detailed sensitivity and subgroup analyses, which provide
deeper insights into how different factors influence the
effectiveness of digital tools in promoting physical activity.
This adds originality and practical value to the study.
Furthermore, the inclusion of PIs alongside CIs is rare in
meta-analyses (120, 121).

While the CI reflects the precision of the mean effect, the PI
estimates the range within which the effect of a future study
may fall. This distinction can help researchers and policymakers
better plan future interventions and design more effective
strategies to promote physical activity in youth.

Limitations

One limitation of this MA is the lack of gender-specific data in
the extracted RCTs, preventing analysis by sex. Future studies
should aim to report outcomes by gender, as intervention effects
may differ between males and females.

A small study effect was only detected in RCTs evaluating
MVPA as the outcome. This suggests a potential publication
bias due to a lack of small studies favoring the control group,
possibly inflating the estimated MVPA effect by 0.85 min/day.
As a result, these findings should be interpreted with caution.

Conclusions

Opverall, these findings suggest that digital interventions can be

effective tools for promoting physical activity in young
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populations, particularly when they are designed as multifaceted,
context-sensitive programs that integrate technological and
human elements. Future research should aim to disentangle the
these components, optimize
intervention design for different population subgroups, and

relative  contributions  of

explore  strategies to  sustain long-term  engagement

and effectiveness.
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