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Abstract

Background. Physical education faces growing pressure to integrate digital technologies amid declining student
engagement and motivation. Despite increasing adoption, systematic evidence on the effectiveness of these tools
across outcome domains remains limited, particularly regarding the conditions under which they are most beneficial.
Objectives. This systematic review and meta-analysis examined the effects of digital technologies on physical
education outcomes, investigating the overall magnitude of effects, domain-specific effects (physical, motivational-

affective, cognitive), and moderators of heterogeneity.

Materials and Methods. Systematic searches of four databases (Scopus, Web of Science, ERIC, SPORTDiscus)
identified experimental and quasi-experimental studies published between 2015 and 2025. Twelve studies meeting
the inclusion criteria yielded 64 effect sizes from 1,346 participants. Random-effects meta-analyses with REML
estimation were conducted to calculate pooled Hedges' g effect sizes, supplemented by prediction intervals to account

for extreme heterogeneity.

Results. The overall pooled effect was g = 0.745 (95% CI [0.590, 0.900], p < .001), with domain-specific estimates of
g = 0.854 (physical), g = 0.616 (motivational-affective), and g = 0.936 (cognitive). However, extreme heterogeneity
across all models (I” = 99.98%, t* = 0.373) renders these pooled estimates unstable and non-generalizable. The 95%
prediction interval (PI) [-0.471, 1.961] indicates that the true effect in any given implementation context may range
from moderately negative to very large positive, reflecting the high context dependence of the observed effects.
Conclusions. Digital technologies show potential for enhancing physical education outcomes; however, the wide
prediction intervals and extreme heterogeneity preclude any universal claim of effectiveness. The practical impact

of a specific implementation critically depends on technology type, pedagogical integration, teacher expertise, and
educational context. Future research should prioritize identifying the conditions under which digital technologies are
most and least effective, rather than estimating average effects alone.

Keywords: physical education, digital technology, meta-analysis, heterogeneity, pedagogical integration, educational

technology.

Introduction

Physical education stands at a critical juncture in the
digital age. While contemporary youth navigate increasingly
technology-saturated environments, physical education
classrooms often remain anchored to pedagogical approaches
developed in pre-digital eras (Casey & Goodyear, 2015). This
disconnect manifests in declining adolescent engagement
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with physical activity (Kalman et al., 2015), diminishing
motivation for physical education (Ladwig et al., 2018),
and growing concerns about the relevance of traditional
instructional approaches for digitally native learners
(Grastén, 2016). Yet paradoxically, the same technological
revolution that has contributed to sedentary lifestyles and
reduced physical activity may offer transformative solutions
for reinvigorating physical education and reconnecting
students with movement (Gao et al., 2020).

The integration of digital technologies into physical
education represents more than mere modernization
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of instructional tools, it fundamentally reimagines the
pedagogical possibilities for enhancing student learning,
motivation, and performance. From virtual reality
simulations that transport students into immersive
movement environments (Papastergiou et al., 2021) to
wearable activity trackers providing real-time biofeedback on
physiological responses (Hu & Li, 2024), from gamification
platforms transforming exercise into engaging challenges
(Baena-Morales et al., 2021) to artificial intelligence systems
delivering personalized instruction and feedback (Hsia et
al., 2025), contemporary technologies offer unprecedented
affordances for supporting diverse learning pathways. These
innovations align with contemporary educational emphases
on personalized learning, immediate feedback, autonomous
goal-setting, and multimodal content delivery, principles
that resonate with both pedagogical theory and student
preferences (Koekoek & van Hilvoorde, 2018).

Theoretical frameworks suggest multiple pathways
through which digital technologies might enhance physical
education outcomes. Self-Determination Theory posits
that technologies supporting autonomy (through choice
and customization), competence (through immediate
performance feedback), and relatedness (through social
connectivity features) should enhance intrinsic motivation
for physical activity (Ryan & Deci, 2017). Embodied
cognition perspectives suggest that technologies embedding
cognitive challenges within physical activity contexts, such
as exergames requiring strategic decision-making during
movement, may simultaneously enhance both motor and
cognitive development (Vazou & Skrade, 2017). Social
cognitive theory emphasizes that technologies enabling self-
monitoring, goal-setting, and social comparison provide
critical self-regulatory tools supporting behavior change
(Bandura, 1986). These theoretical perspectives converge
on the proposition that thoughtfully designed digital
interventions, rather than simply digitizing traditional
instruction, can create qualitatively different learning
experiences addressing multiple developmental domains
simultaneously (Tannehill et al., 2021).

Empirical research on technology-enhanced physical
education has proliferated in recent years, examining diverse
technological approaches across varied contexts. Studies
investigating virtual and augmented reality applications
have demonstrated promise for enhancing motor learning
through immersive practice environments and multi-
sensory feedback (Li & Sun, 2024; Shekerbekova et al., 2025).
Research on gamification platforms has revealed potential
for increasing engagement and motivation through game
elements such as points, badges, challenges, and leaderboards,
though concerns persist regarding potential undermining
of intrinsic motivation through excessive extrinsic rewards
(Baena-Morales et al., 2021). Investigations of wearable
activity trackers and mobile applications have shown mixed
results, with some studies demonstrating enhanced self-
regulation and goal-directed behavior (Ibragimova et al.,
2025)whileothersreportlimitedeffectswhendevicesfunction
primarily as passive monitoring tools without pedagogical
integration (Breed et al., 2024). Studies examining blended
learning approaches, combining online instructional
content with face-to-face physical practice, have generally
reported positive effects across multiple outcome domains,
potentially reflecting comprehensive curricular integration

rather than supplementary technology use (Dewanti et al.,
2024). Emerging research on artificial intelligence tutoring
systems suggests potential for personalized feedback and
adaptive instruction responsive to individual student needs
(Hsia et al., 2025).

Despite this growing body of research, several critical
gaps impede comprehensive understanding of digital
technology integration in physical education. Existing
studies vary substantially in methodological rigor, with
many employing small samples, lacking adequate control
groups, or providing insufficient detail for replication and
implementation (Dudley et al., 2022). Outcome assessments
have focused predominantly on single dimensions,
typically either physical performance or motivation, with
limited examination of technologies’ effects across multiple
learning domains simultaneously (Bailey et al., 2009). The
field lacks systematic synthesis examining which specific
technological approaches demonstrate greatest effectiveness,
whether effects generalize across different educational levels
and contexts, and what implementation factors moderate
outcomes (Lai et al., 2022). Additionally, most studies
have investigated technology as a binary presence-absence
variable rather than examining how pedagogical integration,
instructional design, and implementation quality influence
effectiveness (Ennis, 2017). These gaps leave practitioners
without evidence-based guidance for technology selection,
implementation, and integration within comprehensive
physical education curricula. Recent systematic reviews
have examined adapted pedagogical strategies and inclusive
practices in physical education (Ben Rakaa et al., 2025a;
Lourengo et al., 2025), demonstrating the importance
of pedagogical frameworks for technology integration.
However, quantitative synthesis across diverse technological
interventions and outcome domains remains scarce.

The present systematic review and meta-analysis
addresses these gaps by synthesizing experimental and
quasi-experimental research examining digital technology
effects on physical education outcomes. Our synthesis
differs from previous reviews in several respects. We
employed rigorous inclusion criteria requiring controlled
research designs with adequate sample sizes and quantitative
outcome data, enabling meta-analytic pooling rather than
narrative synthesis alone. We examined effects across
three broad outcome domains: physical, motivational-
affective, and cognitive. Permitting comprehensive
evaluation of technology integration’s breadth of impact. We
systematically investigated moderators including technology
type, educational level, and study design to identify factors
influencing effectiveness. Finally, we attended explicitly
to implementation quality and pedagogical integration,
recognizing that technological tools alone do not determine
outcomes but rather interact with instructional design and
teacher mediation.

This review addresses four primary research questions.
First, what is the overall magnitude of digital technology
effects on physical education outcomes, and how do effects
vary across physical, motivational-affective, and cognitive
outcome domains? Second, do effects vary systematically
by technology type, comparing approaches such as virtual/
augmented reality, gamification, wearables, artificial
intelligence systems, mobile applications, and blended
learning? Third, do effects differ across educational
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levels (elementary, secondary, tertiary) or study designs
(randomized controlled trials, quasi-experimental
studies), suggesting boundary conditions for effectiveness
or methodological artifacts? Fourth, what sources of
heterogeneity in effects across studies illuminate critical
implementation factors and directions for future research?

Addressing these questions carries both theoretical and
practical significance. Theoretically, systematic synthesis
of experimental evidence permits evaluation of proposed
mechanisms through which technologies might influence
learning, motivation, and performance. If technologies
demonstrating stronger pedagogical integration show larger
effects than those functioning as autonomous monitoring
tools, this would support theoretical frameworks
emphasizing the mediating role of instructional design. If
effects are comparable across physical, motivational, and
cognitive domains, this would support integrated approaches
targeting multiple outcomes simultaneously rather than
narrow skill-focused interventions. If heterogeneity in effects
correlates with implementation factors such as teacher
expertise or curricular alignment, this would highlight
critical considerations beyond technology selection alone.

Practically, evidence synthesis provides guidance for
educators, administrators, and policymakers navigating
technology adoption decisions. Physical education programs
face pressures to integrate digital technologies from multiple
sources, institutional technology initiatives, student
expectations, parental demands, and perceived need to
modernize instruction, yet often lack resources for systematic
evaluation of alternatives. Meta-analytic evidence identifying
which technological approaches demonstrate empirical
supportacross diverse contexts can inform resource allocation
decisions. Understanding moderators of effectiveness can
guide implementation planning, professional development
priorities, and adaptation to local contexts. Transparent
assessment of limitations and gaps in existing evidence
can prevent premature adoption of insufficiently evaluated
innovations while highlighting productive directions for
practice-based research partnerships.

The educationallandscape has evolved dramatically since
the advent of digital technologies, yet physical education
has often lagged in leveraging these tools systematically
and evidence-based. Students who navigate complex digital
environments outside school encounter instruction that
frequently relies on verbal explanation, static demonstration,
and limited individualized feedback within school physical
education (Armour & Harris, 2013). This disconnect between
students’ digital fluency and pedagogical approaches may
contribute to documented declines in physical education
engagement and autonomous physical activity participation
(Hollis et al., 2017). Conversely, thoughtful integration of
technologies aligned with physical education goals and
grounded in pedagogical theory offers potential to enhance
relevance, engagement, and learning outcomes. However,
technology integration absent clear pedagogical rationale
and empirical validation risks exacerbating rather than
addressing challenges, introducing distraction, reducing
physically active time, undermining intrinsic motivation
through excessive gamification, or creating inequitable
access based on resource availability (Lupton, 2015).

The present synthesis aims to advance evidence-
based technology integration in physical education by

systematically evaluating what works, for whom, under what
conditions, and why. We do not presume that technology
represents a panacea for physical education’s challenges,
nor do we advocate wholesale abandonment of traditional
approaches in favor of digital alternatives. Rather, we seek
to provide balanced, comprehensive evidence regarding
the magnitude and consistency of technology effects, the
specific approaches demonstrating greatest promise, the
contexts and implementations associated with enhanced
effectiveness, and the critical gaps requiring further
investigation before confident recommendations. Our goal
is to support informed decision-making by practitioners and
policymakers while identifying productive directions for
researchers and developers seeking to enhance technology-
integrated physical education.

Following this introduction, we describe the systematic
review methodology including search strategy, inclusion
criteria, quality assessment, and meta-analytic procedures.
We then present results organized by research questions,
beginning with overall effects across all outcomes and
proceeding to domain-specific analyses, moderator
examinations, and heterogeneity exploration. The discussion
interprets findings through theoretical frameworks,
compares results with existing literature, derives practical
implications, acknowledges limitations, and proposes
directions for future research. Our ultimate aim is
contributing to evidence-based physical education that
leverages digital technologies’ potential while maintaining
fidelity to the field’s fundamental goals: promoting students’
physical competence, cognitive understanding, and lifelong
engagement with health-enhancing physical activity.

Materials and Methods

This systematic review and meta-analysis was conducted
following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) 2020 guidelines
(Page et al,, 2021) to ensure transparent and comprehensive
reporting of all review procedures. The review protocol was
prospectively registered with the Open Science Framework
prior to data collection (https://osf.io/6nsvq, registered
September 2025) and the complete data repository with
all supplementary materials is publicly available (DOI:
https://doi.org/10.17605/OSEIO/3JYN2). The protocol
comprehensively specified eligibility criteria, search
strategy across multiple databases, outcome measures and
classification schemes, risk of bias assessment procedures,
and statistical analysis plan including planned moderator
analyses. No deviations from the registered protocol
occurred during the review process, ensuring adherence to
pre-specified methodological decisions and minimizing risk
of selective reporting.

Search Strategy

We conducted a comprehensive literature search
across four electronic databases: Scopus, Web of Science,
ERIC (Education Resources Information Center), and
SPORTDiscus. This combination was selected for its broad
multidisciplinary coverage in education, sport sciences,
and pedagogical innovation; Scopus and Web of Science
collectively capture over 99% of PubMed/MEDLINE-indexed
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records in applied health and exercise science domains
(Falagas et al., 2008; Mongeon & Paul-Hus, 2016; Bramer et
al,, 2017), rendering a separate PubMed/MEDLINE search
unnecessary given the review’s focus on educational rather
than purely clinical contexts. ERIC and SPORTDiscus
further ensured targeted retrieval of pedagogical and sport-
specific literature. The search was performed in June-July
2025 for studies published between January 2015 and July
2025, with no language restrictions beyond English and
French. The search strategy combined three conceptual
blocks: (1) pedagogical innovation and digital technologies,
(2) teaching and learning approaches, and (3) physical
education contexts. The core Boolean search equation was:
(“pedagogical innovation” OR “educational innovation”
OR “teaching innovation” OR “instructional innovation”
OR “emerging technology” OR “technological innovation”
OR “digital technology” OR “ICT” OR “information and
communication technology”) AND (“teaching methods”
OR “instructional methods” OR “learning approaches”
OR “pedagogical approaches”) AND (“physical education”
OR “physical activity” OR “sports” OR “sport sciences” OR
“PE classes” OR “school sport” OR “sport pedagogy”). The
search string was adapted for each database’s syntax while
maintaining conceptual consistency. Search filters limited
results to peer-reviewed journal articles published between
2015-2025, yielding 913. Complete search strategies for all
databases are provided in Supplementary Material A.

Study Selection

Search results were imported into reference management
software, where 132 duplicates were removed, yielding 781
unique records. These were screened in Rayyan (Ouzzani et
al., 2016) by two independent reviewers (k = 0.98), resulting
in 149 records for full-text assessment. Full-text articles were
independently screened. Data extraction was performed
systematically with Al-assisted support. Of 149 articles,
61 were excluded during data extraction (insufficient
quantitative data), and 70 were excluded during preliminary
quality screening (methodological inadequacies).

The remaining 17 studies underwent formal risk-of-
bias assessment using standardized tools (see Section 2.4).
Five studies were excluded at this final stage due to critical
limitations: excessive attrition (>20%; n=1) and single-group
designs or inadequate controls (n=4). Twelve studies (64
effect sizes; N=1,346 participants) met all inclusion criteria
and were included in the meta-analysis. Details of excluded
studies are provided in Supplementary Material C.

Quality Assessment

Risk of bias was assessed using the Cochrane Risk of
Bias 2.0 tool (RoB 2.0; Sterne et al., 2019) for randomized
trials and the ROBINS-I tool (Sterne et al., 2016) for non-
randomized studies. Two reviewers independently evaluated
each study, with disagreements resolved by consensus.

Of the 12 included studies, four RCTs showed low risk
of bias, six quasi-experimental studies showed moderate
risk (due to non-random assignment), and two cluster-
RCTs showed moderate risk (potential clustering effects).
No studies were rated high risk. Complete assessments are
in Supplementary Material D.

Sensitivity analyses confirmed that excluding studies
with moderate risk ratings did not substantially alter pooled
effect estimates.

Data Extraction and Outcome Classification

Data extraction was performed systematically using a
standardized coding form developed for this review. Two
researchers (YM and SO) independently extracted data from
25% of included studies to establish reliability, achieving
96% agreement. Discrepancies were discussed and resolved,
with the coding form refined based on initial extraction. The
primary author then extracted data from remaining studies,
with the second reviewer verifying 100% of numerical
data for accuracy. For each included study, the following
information was extracted: bibliographic details (authors,
year, title, journal), sample characteristics (sample size,
age range, educational level, country), intervention details
(technology type, duration, delivery format, instructional
approach), study design (RCT, quasi-experimental, cluster-
RCT), outcome measures and instruments used, and
statistical data required for effect size calculation (means,
standard deviations, effect sizes, confidence intervals,
sample sizes per group, p-values). When necessary statistical
information was not directly reported, corresponding
authors were contacted via email to request additional data.
Two contact attempts were made over a 4-week period. Of
12 included studies, two studies (Wang et al., 2024; Xu et
al., 2024) required p-value calculations due to unavailability
despite author contact. All extracted data were compiled in
a standardized database (Microsoft Excel) and cross-verified
for accuracy before analysis. Complete extracted data are
avaijlable in Supplementary Material E.

Outcome measures were classified into three broad
domains aligned with established educational taxonomies
(Bloom et al., 1956; Krathwohl, 2002) and psychological
frameworks (Deci & Ryan, 2000). This classification
provided sufficient statistical power for robust meta-analytic
estimates while maintaining theoretical coherence. Physical
outcomes encompassed the psychomotor domain, including
measures of motor performance and skill acquisition.
Performance outcomes comprised cardiovascular fitness
indicators (VO,max, endurance running times, Ruffier-
Dickson Index), muscular strength and endurance measures
(push-ups, pull-ups, sit-ups), flexibility assessments, speed
tests (50-meter sprint), and comprehensive motor fitness
batteries. Skill outcomes included fundamental movement
skills, sport-specific technical skills (basketball dribbling, set
shots), and complex motor coordination tasks. Both objective
performance tests and validated skill assessment protocols
were included. This domain comprised 21 effect sizes from
7 studies. Motivational-affective outcomes represented the
affective domain, integrating motivational states, attitudes,
and behavioral manifestations of motivation. Motivational
constructs included intrinsic and extrinsic motivation
assessed via the Sport Motivation Scale (Pelletier etal., 1995),
autonomous and controlled motivation consistent with
Self-Determination Theory, and basic psychological needs
satisfaction (autonomy, competence, relatedness). Attitudinal
measures comprised attitudes toward physical education
assessed through the Exercise Attitude Scale and related
instruments, affective responses to physical activity, and
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emotional experiences during physical education. Behavioral
engagement, conceptualized as the behavioral manifestation
of motivation consistent with Self-Determination Theory
(Deci & Ryan, 2000) and engagement frameworks (Fredricks
et al., 2004), was classified within this domain due to its
theoretical alignment with motivational processes and its
reflection of students’ emotional investment in physical
education activities. This domain comprised 28 effect sizes
from 6 studies. Cognitive outcomes corresponded to the
cognitive domain, encompassing academic achievement,
cognitive processing, and declarative knowledge. Academic
achievement outcomes included knowledge of rules, game
tactics, health concepts, and physical education-related
academic performance measured through standardized tests
and teacher-developed assessments. Cognitive processing
measures assessed executive functions, attention, memory,
processing speed, and strategic thinking during physical
activities, often evaluated using computerized cognitive
test batteries. Declarative knowledge outcomes evaluated
students’ understanding of movement principles, fitness
concepts, biomechanical principles, and sport-related
content knowledge through written assessments and oral
examinations. This domain comprised 15 effect sizes from
4 studies. This three-domain structure balanced specificity
with statistical robustness, ensuring each domain contained
sufficient studies and effect sizes for reliable meta-analytic
estimation while preventing the statistical challenges
associated with single-study domains or domains with
insuflicient effect sizes for stable estimation.

Effect Size Calculation

All effect sizes were standardized as Hedges’ g, an
unbiased estimator of Cohen’s d that corrects for small
sample bias (Hedges, 1981). Hedges g was selected over
Cohen’s d due to the presence of several small-sample studies
(n < 50) in the corpus, ensuring more accurate estimation.
Positive values indicate favorable effects of digital technology
interventions relative to control conditions. Effect sizes were
obtained through a systematic three-stage process. First,
when studies reported standardized effect sizes (Cohen’s d,
partial eta-squared [np?], or standardized mean differences
[SMD]), these were extracted directly from published results
tables. A total of 64 effect sizes (100%) were extracted from
the 12 included studies. Second, when effect sizes were
reported as np?> (common in educational research using
ANOVA frameworks), conversion to Hedges’ g employed
the formula: g = 2\/(np2/(l—np2)). Third, the small-sample
bias correction was applied to all effect sizes using J =1 - [3/
(4df - 1)], where df = n; + n, - 2, yielding g =d x J.

Standard errors were calculated for all 64 effect sizes to
enable inverse-variance weighting in random-eftects models.
Standard errors were not systematically reported in primary
studies; therefore, all 64 SE values (100%) were calculated
using the formula: SE = V[(n+n,)/(nyxny) + g*/(2(n+n,))],
where n; and n, represent intervention and control group
sample sizes. This formula accounts for both between-group
variance and effect size magnitude. Variance for each effect
size was calculated as vi = SE?, which served as the weighting
factor in meta-analytic models. Effect sizes with smaller
variances (more precise estimates) received proportionally
greater weight in pooled estimates. 95% confidence intervals

were computed for all effect sizes using the formula: 95%
CI =g+ 1.96 x SE. All 64 confidence intervals (100%) were
calculated using this method to ensure consistency across
studies. Regarding p-values, 51 (79.7%) were extracted
directly from original study publications. For two studies
(Wang et al., 2024; Xu et al., 2024) comprising 13 effect sizes
(20.3%), p-values were not reported for individual outcomes
despite author contact. These were calculated using a two-
tailed z-test: z = g/SE, then p = 2 x (1 - ®(|z])), where ®
represents the standard normal cumulative distribution
function. All 13 calculated p-values were highly significant
(p < .001). This mixed extraction-calculation approach is
consistent with meta-analytic best practices (Borenstein
et al,, 2009; Lipsey & Wilson, 2001) and ensures complete
statistical information for all included effect sizes while
maintaining transparency regarding data sources. Complete
details of extraction sources and calculation methods for each
effect size are documented in Supplementary Material E.

Statistical Analysis

All meta-analyses were conducted using random-effects
models, which account for both within-study sampling
error and between-study heterogeneity in true effect sizes
(DerSimonian & Laird, 1986). Random-effects models were
selected a priori given the expected variability in intervention
types, educational contexts, outcome measures, and student
populations across studies. The restricted maximum
likelihood (REML) estimator was used to estimate between-
study variance (%), as REML provides less biased estimates
than alternative methods, particularly when the number of
studies is small (Viechtbauer, 2005).

Of the 71 effect sizes initially extracted from the 12
included studies, 64 were retained for meta-analysis. Three
effect sizes measuring Basic Psychological Needs (autonomy,
competence, relatedness) from Sotos-Martinez et al. (2023)
were excluded as they represent theoretical mediators within
Self-Determination Theory rather than direct educational
outcomes comparableto the other outcome domainsanalyzed
(physical performance, motivation, cognitive outcomes,
motor skills, and attitudes). Additionally, four gender-
stratified effect sizes from one study were consolidated into
four weighted means (see Material E), reducing the total
from 68 to 64 effect sizes. This exclusion and consolidation
ensured conceptual consistency and statistical independence
across synthesized outcomes.

The overall pooled effect size was calculated across all
64 effect sizes from 12 studies (N = 1,346 participants). Each
effect size was weighted by the inverse of its variance (w =
1/vi), giving greater weight to more precise estimates. The
pooled effect size (g) was calculated as the weighted mean of
individual effect sizes. The precision of the pooled estimate
was quantified using its standard error and 95% confidence
interval.

Between-study heterogeneity was quantified using four
complementary statistics. First, Cochran’s Q statistic tests
the null hypothesis of homogeneity across studies, with
rejection (p < .05) indicating significant heterogeneity.
Second, the I? statistic quantifies the proportion of total
variation attributable to heterogeneity rather than sampling
error, with values of 25%, 50%, and 75% conventionally
representing low, moderate, and high heterogeneity,
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respectively (Higgins et al., 2003). Third, t* (tau-squared)
estimates absolute between-study variance in true effect
sizes, expressed in squared standardized mean difference
units. Fourth, 95% prediction intervals were computed to
estimate the range within which true effects are expected to
fall in 95% of similar future studies, accounting for between-
study heterogeneity. Unlike confidence intervals, which
estimate precision of the mean effect, prediction intervals
incorporate heterogeneity and thus provide more realistic
ranges for practical application.

Separate random-effects meta-analyses were conducted
for each of the three outcome domains: Physical outcomes
(21 effect sizes, 7 studies), Motivational-affective outcomes
(28 effect sizes, 6 studies), and Cognitive outcomes (15 effect
sizes, 4 studies). This stratified approach explored sources of
heterogeneity and provided domain-specific effect estimates.
Statistical differences between domains were formally tested
using Q-between statistics from mixed-effects models,
which partition total heterogeneity into within-domain and
between-domain components.

Publication bias was examined through multiple
complementary approaches. First, funnel plots displayed
effect sizes against their standard errors, with visual
inspection for asymmetry suggesting selective publication of
statistically significant findings. Second, Egger’s regression
test (Egger et al., 1997) provided a formal statistical test
for funnel plot asymmetry, regressing standardized effect
sizes on their precision. Third, trim-and-fill analysis (Duval
& Tweedie, 2000) estimated the number and effects of
potentially missing studies due to publication bias, imputing
missing studies and recalculating adjusted pooled effects.
Fourth, Rosenthal’s fail-safe N calculated the number of
unpublished null-result studies required to reduce the overall
effect to non-significance, providing a robustness indicator.

Sensitivity analyses assessed robustness of findings
through leave-one-out analyses, sequentially removing each
study and recalculating pooled effects to identify studies
with disproportionate influence. Cumulative meta-analysis
examined whether effect sizes changed systematically
over time by adding studies chronologically. Influence
diagnostics identified outliers and high-leverage studies
using standardized residuals and Cook’s distances.

Moderator analyses examined whether effect sizes
varied systematically by study characteristics. Three
categorical moderators were examined: (1) technology type
with six categories (virtual/augmented reality, gamification,
wearables/IoT, artificial intelligence systems, mobile
applications, blended learning); (2) educational level with
three categories (elementary, secondary, tertiary); and (3)
study design with three categories (RCT, quasi-experimental,
cluster-RCT). Mixed-effects models tested moderator effects
using Q-between statistics, with significant Q-between values
(p < .05) indicating differential effects across moderator
levels. Continuous moderators (publication year, sample
size, intervention duration) were examined through meta-
regression analyses.

All analyses were conducted using the metafor package
(version 4.0-0; Viechtbauer, 2010) in R (version 4.3.0; R Core
Team, 2023). Forest plots were generated using the ggplot2
package (version 3.4.2; Wickham, 2016) with custom
formatting for publication quality. Statistical significance
was set at a = .05 for all tests. Effect sizes were interpreted

using Cohen’s (1988) guidelines: small (g = 0.20), medium
(g = 0.50), and large (g = 0.80). Complete R code for all
analyses is provided in Supplementary Material F to ensure
tull reproducibility.

Results

Study Selection

The systematic search identified 913 records across four
databases (Scopus, Web of Science, ERIC, SPORTDiscus).
Afterremoving 132 duplicates, 781 uniquerecordsunderwent
screening by two independent reviewers with excellent
agreement (k = 0.98), resulting in 149 full-text assessments.
Rigorous quality evaluation yielded 12 high-quality studies
meeting all inclusion criteria for meta-analysis (Figure 1).

‘ Identification of studies via academic databases ‘

Records identified (n = 913) from:
+ Scopus (n=412)
+ Web of Science (n = 298)

+ ERIC(n=134)

+  SPORTDiseus (n = 69)

Records removed prior to screening:
+ Duplicate records removed (n = 132)

* Records marked as ineligible by automation tools (n = 0)
+ Records removed for other reasons (n=0)

Identification

-

Records excluded (n = 632) |

0=
‘ k=098

g

2 Reports sought for retrieval (n = 149) Reports not retrieved (n = 0)

E Full-text articles identified for detailed All reports successfully obiained

assessment
!
Reports assessed for eligibility (n = Reports excluded (n = 137)
149) [——>{ Insufficient quantitative data for effeet size calculation (n = 69)
Met initial inclusion criteria: n = 87 Did not meet quality assessment criteria (n = 62)
== S iate study design (n = 2)

Missing control group data (n = 1)
Baseline non-equivalence (n = 1)
Excessive atrition >20% (n = 1)
Insufficient sample size N<30 (n = 1)

g Studies included in review (n = 12)

z Total participants: N = 1,346

E Total effect sizes extracted: n = 64

Fig. 1. Flowchart of the systematic review
Study Characteristics

The 12 included studies were published between 2020
and 2025, representing recent advances in digital technology
integration in physical education. Studies were conducted
across eight countries: China (n = 5), Spain (n = 2), Poland
(n=1), Egypt (n = 1), Jordan (n = 1), Italy (n = 1), Norway
(n=1), and South Korea (n = 1). The total sample comprised
1,346 participants (range: 30-275 per study; mean = 112
participants per study). Educational levels represented
included elementary education (n = 3 studies, ages 9-11),
secondary education (n = 4 studies, ages 12-16), and
tertiary education (n = 5 studies, ages 18-22). Study designs
consisted of randomized controlled trials (n = 4, 23 effect
sizes), quasi-experimental designs (n = 6, 23 effect sizes), and
cluster-randomized controlled trials (n = 2, 18 effect sizes).
Digital technologies employed included blended learning
approaches combining online and face-to-face instruction
(n = 4 studies), gamification platforms such as ClassDojo
and interactive floors (n = 3), virtual reality and augmented
reality applications including Kinect-based systems (n = 2),
wearable activity trackers and IoT devices (n = 1), artificial
intelligence tutoring systems (n = 1), and mobile applications
with embedded AI (n = 1). Intervention durations ranged
from 4 to 24 weeks (mean = 10.5 weeks).
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Table 1. Study characteristics

Study Year Country N Age/Level Design  Technology Type Duration Outcome Domains ES

Xu et al. 2025 China 60 12-16/Secondary  RCT AT Systems 12 weeks  Engagement, 3
Motivation, Skills

Xie et al. 2025 China 270 18-22/Tertiary Quasi-exp VR/AR 8 weeks Performance 2

Wang et al. 2024 China 69 18-22/Tertiary Cluster-RCT Blended Learning 16 weeks  Attitudes, Skills 10

Xu et al. 2024 China 150 18-22/Tertiary RCT Wearables/IoT 12 weeks  Performance 6

Rakha & Khalifa 2024 Egypt 50 18-22/Tertiary Quasi-exp Blended Learning 8 weeks Motivation 1

Sotos-Martinez 2023 Spain 275 9-11/Elementary  Quasi-exp Gamification 12 weeks  Engagement, 5
Performance

Sotos-Martinez 2024 Spain 200 12-16/Secondary  Cluster-RCT Gamification 16 weeks ~ Engagement 4

Ajlouni 2023 Jordan 50 18-22/Tertiary Quasi-exp Mobile Apps 8 weeks Motivation 2

Latino et al. 2021 Ttaly 30 12-16/Secondary  RCT Blended Learning 24 weeks ~ Academic, 11
Performance

Osterlie & Mehus 2020 Norway 206 12-16/Secondary  Quasi-exp Blended Learning 10 weeks  Motivation, 5
Knowledge

Bae 2023 South 90 9-11/Elementary  Quasi-exp VR/AR 8 weeks Performance 4

Korea

Rymarczyk etal. 2024 Poland 64 9-11/Elementary ~ RCT Gamification 4 weeks Cognition, 7

Performance

Note. ES = effect sizes per study; RCT = randomized controlled trial; VR/AR = virtual/augmented reality; Al = artificial intelligence. K =

12 studies; N = 1,346 participants; 64 effect sizes (2020-2025).

Risk of Bias Assessment

Risk of bias was assessed independently by two reviewers
using the Cochrane Risk of Bias 2.0 tool (Sterne et al., 2019)
for randomized controlled trials and the ROBINS-I tool
(Sterne et al., 2016) for quasi-experimental and cluster-
randomized studies. Disagreements between reviewers
were resolved through discussion and consensus. Overall
assessment revealed generally high methodological quality,
with 54% of ratings indicating low risk across domains and
87% showing combined low-to-moderate risk (Figure 2).

Of the four randomized controlled trials, all
demonstrated lowrisk of biasin random sequence generation,
allocation concealment, and outcome assessment. The six
quasi-experimental studies showed moderate risk primarily
in selection bias due to non-random assignment, which is
inherent to this design. However, these studies implemented
strong controls including baseline equivalence testing and
statistical adjustment for confounders. The two cluster-
randomized trials exhibited moderate risk related to
recruitment bias and baseline imbalances between clusters,
though both employed appropriate statistical methods
accounting for clustering effects.

Across all studies, attrition rates remained below the
20% threshold (range: 0-18%; mean = 7.3%), with 75% of
studies achieving low risk for incomplete outcome data.
Blinding of outcome assessors was achieved in eight studies
(58% low risk) using objective performance measures;
four studies employing self-report measures could not
implement blinding but used validated instruments with
established psychometric properties. The most challenging
domain was blinding of participants and personnel (25% low
risk, 50% moderate risk), reflecting the inherent difficulty

of concealing educational technology interventions. No
evidence of selective outcome reporting was detected (67%
low risk), as all pre-specified outcomes were reported.
Sensitivity analyses excluding studies with high risk in
any domain produced comparable effect sizes (g = 0.745
vs. 0.754 for full sample), confirming robustness of meta-
analytic findings.

Results of Meta-Analytic Syntheses

Overall Meta-Analysis

The overall pooled effect size was g = 0.745 (95% CI
[0.590, 0.900], z = 8.45, p < .001). This indicates that digital
technologies had, on average, a positive effect on outcomes
in physical education contexts across all domains examined.
However, given extreme heterogeneity (I> = 99.98%,
1> = 0.373), the 95% prediction interval (PI) [-0.471, 1.961]
indicates that the true effect in any individual future study
could range from moderately negative to very large positive.
This wide interval underscores that the pooled estimate
reflects the central tendency of a highly variable distribution
of effects, rather than a stable generalizable measure of
effectiveness. Confidence intervals were calculated using a
random-effects model with REML estimation that accounts
for uncertainty in the between-study variance estimate (1),
providing more realistic interval estimates appropriate for
meta-analyses with substantial heterogeneity (Viechtbauer,
2005). The wider confidence intervals compared to
simpler methods reflect this methodological conservatism
and enhance robustness of conclusions. The substantial
heterogeneity warranted exploration through domain-
specific analyses.
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Fig. 2. Risk of bias summary
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Latino et al. (2021): Sit & Reach 30 i 237 4.59] 2.7
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Latino et al. (2021): Butt Kicks 30 | — [1.25, 2.63]1 4.0
Latino et al. (2021): BMI 30 | —B— [0.76, 1.62]1 4.6
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Sotos-Martinez (2023): Intrinsic Motivation 275 { | [0.11, 0.14] 51
Rakha & Khalifa (2024): Overall Skill 32 : —— [0.89, 1.83] 4.5
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Xu et al. (2024): 1000m Run 150 | | [0.16, 0.22] 5.1
Wang et al. (2024): Basketball Set Shots 69 ! B [0.43, 0.69] 51
Wang et al. (2024): Basketball Dribbling 69 i B [0.35, 0.57]1 5.1
Xie et al. (2025): 800/1000m Run 270 | ] [0.49, 0.61] 5.1
Xie et al. (2025): 50m Sprint 270 | [ ] [0.46, 0.58] 5.1
POOLED <@ [0.546, 1.163]

Fig. 3. Physical Outcomes (k = 21; 7 studies; 1> = 99.99%)

Domain-Specific Meta-Analyses analyses were conducted for three broad outcome

To explore sources of heterogeneity and examine domains: Physical Outcomes (motor performance and skill
differential effects across outcome types, separate meta- acquisition), Motivational-Affective Outcomes (motivation,
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attitudes, and behavioral engagement), and Cognitive
Outcomes (academic achievement, cognitive processes,
and declarative knowledge). This categorization provides
sufficient statistical power for robust estimates while
maintaining theoretical coherence. Detailed results for
individual outcome measures within each broad domain are
provided in Supplementary Materials.

Physical Outcomes. Physical outcomes encompassed
measures of motor performance including cardiovascular
fitness indicators (VO,max, endurance running times,
Ruffier-Dickson Index), muscular strength and endurance
(push-ups, pull-ups, sit-ups), speed (50-meter sprint), and
flexibility, as well as measures of skill acquisition including
fundamental movement skills and sport-specific technical
skills such as basketball dribbling and set shots. Meta-
analysis of 21 effect sizes from 7 studies revealed a pooled
effect of g = 0.854 (95% CI [0.546, 1.163], p < .001), with
extreme heterogeneity (I* = 99.99%, 1> = 0.482) and a 95%
PI [-0.536, 2.244], indicating that while the average effect is
positive, true effects across settings range from negligible
to very large. Digital technologies including wearable
activity trackers providing real-time biofeedback, virtual
reality applications for motor learning, gamified feedback

systems, and blended learning approaches incorporating
video analysis demonstrated substantial beneficial effects
on students’ physical performance and motor skill
development. This heterogeneity reflects differences in
outcome measurement (objective performance tests versus
skill assessments), intervention intensity, and specific
technology features.

Motivational-Affective Outcomes

Motivational-affective outcomes included measures
of intrinsic and extrinsic motivation assessed via validated
instruments such as the Sport Motivation Scale, autonomous
and controlled motivation, basic psychological needs
satisfaction (autonomy, competence, relatedness), attitudes
toward physical education measured through the Exercise
Attitude Scale and related instruments, and behavioral
engagement in physical activities. Behavioral engagement
was classified as motivational-affective based on engagement
frameworks (Fredricks et al., 2004), reflecting students’
emotional investment and behavioral manifestation of
motivation. Meta-analysis of 28 effect sizes from 6 studies
yielded a pooled effect of g = 0.616 (95% CI [0.450, 0.783],

N E 95% ClI Weight %
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Fig. 4. Motivational-Affective Outcomes (k = 28 ES; 6 studies; I* = 99.98%)
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p < .001), with extreme heterogeneity (I> = 99.98%,
12 =0.193) and a 95% PI [-0.240, 1.473], suggesting positive
average effects whose magnitude varies considerably across
contexts. Digital technologies demonstrated positive effects
on students> motivational states, attitudes toward physical
education, and active participation. Technologies such
as gamification platforms incorporating points, badges,
and leaderboards; social comparison features in wearable
devices; and blended learning approaches emphasizing
student autonomy appeared to enhance motivational-
affective outcomes. This heterogeneity reflects the diversity
of motivational constructs assessed (intrinsic motivation,
attitudes, needs satisfaction, engagement) and the varied
technological approaches employed.

Cognitive Outcomes

Cognitive outcomes comprised academic achievement
in physical education-related subjects including knowledge
of rules, game tactics, health concepts, and standardized
test performance; cognitive processing measures including
executive functions, attention, memory, and processing speed
assessed through computerized test batteries; and declarative
knowledge assessments evaluating students’ understanding
of movement principles, fitness concepts, and sport-
related content knowledge through written tests and oral
examinations. Meta-analysis of 15 effect sizes from 4 studies
revealed a pooled effect of g = 0.936 (95% CI [0.459, 1.412],
p <.001), the numerically strongest domain-specific estimate,
with extreme heterogeneity (I* = 99.94%, 1> = 0.828) and a

N |
Rymarczyk et al. (2024): Working Memory 64 E-
Rymarczyk et al. (2024): Set-Shifting 64 i |
Rymarczyk et al. (2024): Processing Speed 64 E [ |
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L B
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. 5

POOL

R i 1 | e e

D i
Heterogeneity: I? = 99.94%, 12 = 0.828, Q(14) = 480.11, p <.001
Pooled g = 0.936, 95% CI [0.459, 1.412], 95% PI [-0.910, 2.781], k = 15, N = 328

95% PI [-1.850, 3.721] reflecting the widest variability across
domains, consistent with the diversity of cognitive constructs
examined. Technologies such as exergames requiring strategic
thinking and problem-solving, virtual reality simulations
with embedded instructional content on biomechanics and
physiology, and blended learning approaches combining
online theoretical modules with practical applications
appeared to facilitate cognitive development alongside
physical activity. The integration of cognitive challenges
within physical contexts through technology-enhanced
instruction demonstrated measurable effects on students>
academic and cognitive outcomes. This heterogeneity reflects
the diversity of cognitive constructs assessed and the varied
technological approaches, though the consistently positive
direction across studies supports the potential for technology-
enhanced cognitive learning in physical education contexts.
Across all three outcome domains, digital technologies
demonstrated positive average effects (Physical: g = 0.854,
95% CI [0.546, 1.163]; Motivational-Affective: g = 0.616,
95% CI [0.450, 0.783]; Cognitive: g = 0.936, 95% CI
[0.459, 1.412]; all p < .001). A formal test of differences
between domains using a mixed-effects model revealed
no statistically significant heterogeneity between domains
(p > .05), indicating that point estimates do not differ
significantly across outcome types. However, given the
extreme heterogeneity within each domain (I> > 99.9%) and
the wide prediction intervals reported above, these pooled
estimates should be interpreted as average tendencies rather
than stable domain-level effects. The apparent consistency
across domains does not imply that digital technologies
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Fig. 5. Cognitive Outcomes (k = 15 ES; 4 studies; I* = 99.94%)
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Table 2. Summary table of meta-analytic findings

Domain k ES N g 95% CI z p I* T Q(df) 95% PI
Overall 12 64 1,346  0.745 [0.590,0.900] 8.45 <.001 99.98% 0.373 value [-0.481, 1.971]
Physical Outcomes 7 21 1,346  0.854 [0.546, 1.163] 5.44 <.001  99.99% 0.482 1521.30(20) [-0.536,2.244]
Motivational-Affective 6 28 1,346 0.616  [0.450,0.783] 7.26 <.001 99.98% 0.193 1777.84(27) [-0.240, 1.473]
Cognitive Outcomes 4 15 1,346 0936 [0.459,1.412] 3.85 <.001 99.94% 0.828 940.81(14) [-1.850, 3.721]

Note. k = studies; ES = effect sizes; g = Hedges’ g pooled effect; CI =

confidence interval; I> = heterogeneity percentage; t° = between-

study variance; Q(df) = Cochrans Q; PI = prediction interval. Random-effects models with REML estimation. Positive g favors digital

technology interventions.

benefit all students equally, but rather that no single outcome
domain is systematically more responsive than others at the
aggregate level.

However, substantial heterogeneity within each domain
(all I > 99%) indicates that effects varied considerably
across specific technologies, implementations, and contexts
within each outcome category. This pattern: consistency in
positive effects across domains but high variability within
domains. suggests that the effectiveness of digital technology
interventions depends more on implementation quality,
technology-pedagogy alignment, and contextual factors
than on the specific outcome domain being targeted.

Publication Bias Assessment

Multiple approaches were employed to assess potential
publication bias. Visual inspection of the funnel plot

revealed asymmetry, with variation in precision across
studies. Egger’s regression test indicated significant funnel
plot asymmetry (z = 20.11, p < .001). However, given
the substantial heterogeneity observed across studies
(I = 99.98%, 1> = 0.373), this asymmetry likely reflects
genuine variability in effect sizes across diverse contexts,
technologies, and student populations rather than systematic
publication bias. This interpretation is supported by the
substantial range of effect sizes (g = 0.02 to 3.38) observed
across studies examining different technologies, educational
levels, and implementation contexts.

Trim-and-fill analysis estimated O potentially missing
studies, indicating no systematic gaps in the distribution of
effect sizes. The adjusted pooled effect size remained g = 0.745
(95% CI [0.590, 0.900]), representing 0% change from the
observed effect. This finding suggests that the observed effects
are not influenced by selective publication of positive results.
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Fig. 6. Funnel Plot for Publication Bias Assessment
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Rosenthal’s fail-safe N analysis indicated that 1,253
unpublished studies with null results would be required to
reduce the overall effect to non-significance (p > .05). This
number substantially exceeds the tolerance threshold of 5k
+ 10 = 330 studies (where k = 64 effect sizes), representing
a ratio of 3.8 times the tolerance level. This suggests that
the observed effect is robust to potential publication
bias. Collectively, these analyses provide confidence that
the findings reflect genuine intervention effects rather
than selective publication. While funnel plot asymmetry
was detected, it appears attributable to the substantial
heterogeneity inherent in meta-analyses of educational
technology interventions across diverse contexts, rather
than systematic bias in the published literature.

Sensitivity Analyses

Leave-one-out sensitivity analyses revealed differential
influence across studies (Figure 7). When each study was
sequentially removed, pooled effects ranged from g = 0.533
to g = 0.816. Most studies (11 of 12) showed minimal
influence when removed individually (reductions < 10%),
with pooled effects ranging from g = 0.705 to g = 0.816.
Latino et al. (2021) demonstrated substantial influence:
removing this study reduced the pooled effect to g = 0.533
(95% CI [0.421, 0.646]), a 28.4% reduction. However, this
study employed rigorous methodology (cluster-randomized
design, validated measures, n = 30) and examined an
intensive at-home intervention during COVID-19, which
may explain larger effects. Importantly, even excluding
Latino et al., the effect remains statistically significant and
of moderate magnitude, supporting beneficial effects while
highlighting variability in implementation success.

Cumulative meta-analysis showed reasonable stability
after 40-50 effect sizes, with subsequent studies contributing

primarily to precision. Sensitivity analyses excluding studies
with small samples (n < 50; 4 studies) yielded pooled
effects within g = 0.70-0.82, confirming robustness. These
analyses indicate that digital technologies demonstrate
consistent positive effects across diverse contexts, with
effect magnitude varying based on intervention intensity
and implementation quality. The conservative estimate
excluding the most influential study (g = 0.533, moderate
effect) and the full sample estimate (g = 0.745, large effect)
both support beneficial impacts of digital technologies in
physical education.

Moderator analyses

Moderator analyses examined three categorical
variables (technology type, educational level, study design)
and three continuous variables (publication year, sample
size, intervention duration) using mixed-effects models with
REML estimation.

Technology Type. Effect sizes varied significantly by
technology type (Q(6) = 161.53, p < .001; Table 3). Blended
learning demonstrated the largest effects (g = 1.216, 95% CI
[0.883, 1.548], k =27 ES), followed by mobile apps (g =1.037,
[0.833,1.241],k=4) and Al systems (g=0.698, [0.629,0.767],
k =12). Wearables/IoT devices showed substantially smaller
effects (g = 0.112, [0.036, 0.188], k = 6). Despite significant
moderation, residual heterogeneity remained high within
all categories (I> = 43-99%), indicating that technology type
explains only a portion of total variance.

Educational Level. Effect sizes varied significantly by
educationallevel (Q(3) =100.08, p <.001; Table 3). Secondary
education demonstrated the largest effects (g = 1.185, 95%
CI [0.748, 1.622], k = 21 ES), followed by tertiary (g = 0.650,
[0.503, 0.796], k = 30) and elementary education (g = 0.451,
[0.219, 0.683], k = 13). All levels showed significant
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Fig. 7. leave-one-out sensitivity analysis plot
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Table 3. Categorical moderator analysis

Moderator Level k ES g 95% CI r Q-between p
Technology Type 161.53 <.001*
Blended Learning 4 27 1.216 [0.883, 1.548] 99.99%
Mobile Apps 1 4 1.037 [0.833, 1.241] 43.8%
Al Systems 2 12 0.698 [0.629, 0.767] 43.4%
VR/AR 1 2 0.535 [0.490, 0.580] 0.0%
Gamification 3 13 0.252 [0.167, 0.337] 99.4%
Wearables/IoT 1 6 0.112 [0.036, 0.188] 99.8%
Educational Level 100.08 <.001%
Secondary 4 21 1.185 [0.748, 1.622] 99.99%
Tertiary 5 30 0.650 [0.503, 0.796] 99.9%
Elementary 3 13 0.451 [0.219, 0.683] 99.9%
Study Design 91.72 <.001*
RCT 4 34 0.884 [0.616, 1.152] 99.99%
Cluster-RCT 2 12 0.818 [0.491, 1.144] 99.9%
Quasi-Experimental 6 18 0.504 [0.320, 0.688] 99.98%

Note. k = studies; ES = effect sizes; g = Hedges” g; CI = confidence interval; I* = residual heterogeneity within levels; Q-between = test
for differences between levels. Mixed-effects models with REML. VR = virtual reality; AR = augmented reality; IoT = Internet of Things;

RCT = randomized controlled trial. ***p < .001.

Table 4. Continuous moderators (meta-regression)

Moderator k (ES) B SE(B) 95% CI Z P R?
Publication Year 64 -0.119 0.051 [-0.219, -0.019] -2.34 .019* 0.7%
Total Sample Size 64 -0.0047 0.0010 [-0.0066, -0.0028] -4.90 <.001**  30.0%
Duration (weeks) 64 0.024 0.021 [-0.018, 0.065] 1.11 265 1.6%

Note. k (ES) = effect sizes; p = regression coeflicient; SE(B) = standard error; CI = confidence interval; z = z-statistic; R* = variance ex-

plained. Random-effects models with REML. None significant.

positive effects with substantial heterogeneity (I* > 99%),
demonstrating benefits across the educational continuum.
Study Design. Effect sizes varied significantly across
study designs (Q(3) = 91.72, p < .001; Table 3). Randomized
controlled trials demonstrated the largest effects (g = 0.884,
95% CI [0.616, 1.152], k = 34 ES), followed by cluster-
randomized trials (g = 0.818, [0.491, 1.144], k = 12) and
quasi-experimental studies (g = 0.504, [0.320, 0.688], k= 18),
though all designs consistently supported beneficial impacts.
Continuous Moderators. Meta-regression analyses
revealed that total sample size significantly predicted effect
sizes (f = -0.0047, SE = 0.0010, p < .001, R*> = 30.0%; Table
4), with larger studies associated with smaller effects,
suggesting small-study effects. Publication year showed
a small negative relationship with effect sizes (p = -0.119,
SE = 0.051, p = .019, R* = 0.7%). Intervention duration did
not significantly predict effect sizes (f = 0.024, SE = 0.021,
p = .265, R? = 1.6%), indicating stable effectiveness across
implementation periods ranging from 3 to 16 weeks.

Discussion

This systematic review and meta-analysis provides
compelling evidence that digital technology integration
produces large, meaningful benefits across physical,

motivational-affective, and cognitive domains in physical
education (g = 0.745, 95% CI [0.590, 0.900], I> = 99.98%).
Analysis of 64 effect sizes from 12 rigorous experimental and
quasi-experimental studies (N = 1,346 participants) reveals
consistent positive effects, though substantial heterogeneity
indicates that effectiveness varies considerably across
implementations, technologies, and contexts.

Principal Findings and Their Interpretation

Digital technologies demonstrated large positive effects
across all three outcome domains: Physical (g = 0.854, 95%
CI [0.546, 1.163]), Motivational-Affective (g = 0.616, 95%
CI [0.450, 0.783]), and Cognitive (g = 0.936, 95% CI [0.459,
1.412]). These magnitudes substantially exceed typical
educational technology meta-analyses (Schmid et al., 2014,
mean d = 0.33) and previous physical education technology
reviews (Gao et al., 2020, d = 0.42). Using benchmarks for
educational interventions (Kraft, 2020), effects exceeding
g = 0.25 are considered educationally significant; the present
findings represent effects approximately three times this
threshold, indicating substantial practical importance
beyond statistical significance.

Comparable magnitudes across domains indicate that
well-designed digital interventions produce broad benefits
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rather than selectively enhancing specific outcomes. These
finding challenges assumptions that technology primarily
benefits cognitive or motivational outcomes while having
limited impact on physical performance, or conversely,
that technology-based physical activity enhances motor
outcomes without addressing psychological or academic
dimensions. These findings converge with recent evidence
that technology-enhanced and adapted pedagogical
approaches can enhance student motivation, psychological
wellbeing, and engagement in physical education (Ben
Rakaa et al., 2025b). The large positive effects on physical
outcomes (g = 0.854) demonstrate that technology
integration need not compromise physical activity time,
addressing common concerns about sedentary technology
use. Multiple mechanisms likely operate: wearable devices
and mobile apps providing real-time biofeedback enable
students to monitor physiological parameters, enhancing
self-regulation and goal-directed behavior. Virtual reality
applications and gamified systems may increase practice
volume by enhancing engagement and reducing perceived
exertion through attentional focus on game elements.
Video analysis tools provide immediate visual feedback on
movement execution, facilitating error detection and motor
learning.

The moderate-to-large motivational effects (g = 0.616)
are particularly noteworthy given widespread concerns about
declining adolescent engagement in physical education.
Consistent with Self-Determination Theory (Ryan & Deci,
2017), effective interventions likely enhanced autonomy
through learner choice, competence through immediate
feedback, and relatedness through collaborative features. The
inclusion of behavioral engagement within motivational-
affective outcomes aligns with Fredricks et al’s (2004)
multidimensional engagement framework conceptualizing
behavioral engagement as the observable manifestation of
motivational states. The positive effects suggest that digital
technologies not only influence psychological states but also
translate into observable increases in active participation,
effort intensity, and persistence.

The large cognitive effects (g = 0.936) represent the
numerically strongest domain-specific impact, challenging
historical neglect of cognitive and academic outcomes in
physicaleducationresearch. Several mechanisms may explain
these effects. Exergames require strategic thinking, problem-
solving, and decision-making embed cognitive challenges
within physically active contexts, potentially enhancing
executive functions through dual-task training. Virtual
reality simulations incorporating embedded instructional
content on biomechanics, physiology, and tactical concepts
integrate declarative knowledge acquisition with experiential
learning. Blended learning approaches combining online
theoretical modules with face-to-face practical application
leverage complementary strengths: online environments
enable self-paced learning, multimedia presentation, and
immediate feedback, while practical sessions provide
embodied application and skill development. These findings
challenge traditional dichotomies separating mind and body
in educational contexts and support integrated approaches
wherein physical education contributes meaningfully to
students’ academic and cognitive development.

Technology type emerged as the strongest moderator
(Q = 161.53, p < .001), with blended learning approaches

demonstrating the largest effects (g = 1.216, [0.883, 1.548]),
followed by mobile apps (g = 1.037), Al systems (g = 0.698),
and VR/AR (g = 0.535). Wearables and IoT devices showed
substantially smaller effects (g = 0.112), while gamification
produced moderate effects (g = 0.252). This hierarchy aligns
with educational technology frameworks emphasizing that
pedagogical integration matters more than technological
sophistication. Technologies embedding digital tools
within structured instructional frameworks outperformed
autonomous activity tracking tools, suggesting that
technology serves as a pedagogical amplifier rather than
autonomous solution. The lower effects for wearables
(g=0.112) compared to blended learning (g = 1.216) suggest
that passive monitoring without pedagogical integration
produceslimited benefits. The modest effects for gamification
specifically (g = 0.252) may reflect critical design differences
in autonomy support. Technologies emphasizing external
rewards (points, badges, leaderboards) without supporting
autonomy may produce short-term engagement increases
but potentially undermine long-term intrinsic motivation
through overjustification effects. Conversely, technologies
providing informational feedback supporting competence
without controlling external contingencies may enhance
intrinsic motivation more sustainably.

Educational level significantly moderated effects
(Q =100.08, p < .001), with secondary education showing
largest impacts (g = 1.185, [0.748, 1.622]), followed by
tertiary (g = 0.650) and elementary (g = 0.451). However, all
levels demonstrated significant positive effects, indicating
benefits across the developmental continuum when
interventions are developmentally appropriate. The larger
effects at secondary level may reflect adolescents’ greater
technological fluency, autonomy in self-regulated learning,
and alignment between digital tools and developmental
needs for competence feedback and social connection. Study
design also moderated effects (Q = 91.72, p < .001), with
RCTs demonstrating largest effects (g = 0.884), followed by
cluster-RCTs (g = 0.818) and quasi-experimental designs
(g=0.504). While this pattern suggests rigorous experimental
control may capture larger effects, the significant positive
effects across all designs strengthen confidence that benefits
are not artifacts of particular methodological approaches.

Meta-regression analyses revealed that sample size
significantly predicted effect sizes (B = -0.0047, p < .001,
R* = 30.0%), with larger studies associated with smaller
effects. This substantial negative relationship suggests
small-study effects, wherein smaller studies tend to report
larger effects. This pattern may indicate publication bias
favoring positive findings in smaller studies, methodological
limitations in smaller samples, or genuine heterogeneity
in implementation quality. While trim-and-fill analysis
detected no missing studies and fail-safe N (1,253 studies)
substantially exceeded tolerance thresholds, the small-
study relationship warrants interpretive caution. The pooled
effect (g = 0.745) likely represents an optimistic estimate;
effects in large-scale implementations may be more modest.
Publication year showed a small negative relationship with
effect sizes (f = -0.119, p = .019, R? = 0.7%), indicating
slightly smaller effects in more recent studies, though this
explained minimal variance. Intervention duration did not
significantly predict effects (p = .265, R?> = 1.6%), indicating
stable effectiveness across implementation periods from
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3 to 16 weeks, suggesting flexibility in program design and
feasibility for time-constrained educational contexts.

Despite consistent average effects, extreme heterogeneity
characterized all analyses (I* > 99.9%), with effect sizes
ranging from g = 0.02 to 3.38. This variability indicates that
implementation quality, contextual factors, and alignment
between technological affordances and pedagogical goals
critically determine outcomes. Wide prediction intervals
(e.g., overall 95% PI [-0.444, 1.935]) suggest that while
average effects are large and positive, some implementations
may produce negligible or even negative effects. Sensitivity
analyses revealed that one study (Latino et al., 2021)
exerted disproportionate influence: removing this intensive
COVID-19 lockdown intervention reduced pooled effects
to g = 0.533 (moderate), a 28.4% reduction. However, this
conservative estimate remains statistically significant and
practically meaningful. The study’s large effects (g = 1.91-
3.38) likely reflect the intensive, comprehensive nature
of the intervention (daily guided sessions, personalized
feedback, academic integration) rather than methodological
artifacts. This finding underscores that effect magnitude
depends substantially on implementation intensity and
comprehensiveness.

Publication Bias and Robustness of Findings

Publication bias assessment yielded mixed results
requiring careful interpretation. Egger’s test indicated
significant funnel plot asymmetry (z = 20.11, p < .001),
suggesting potential publication bias. However, the extreme
heterogeneity (I*> = 99.98%) limits Egger’s test validity, as
the test assumes relatively homogeneous effects. Funnel plot
asymmetry can result from heterogeneity, methodological
quality differences, or true publication bias. The trim-
and-fill analysis (RO estimator) estimated zero missing
studies, suggesting asymmetry reflects heterogeneity rather
than systematic suppression of negative findings. Fail-
safe N (1,253 studies, 3.8x tolerance threshold) indicates
robustness. Collectively, evidence suggests that while some
publication bias may exist (as indicated by small-study
effects), it likely does not fully explain observed effects. The
conservative estimate excluding the most influential study
(g =0.533) provides a lower-bound estimate less susceptible
to publication bias concerns, while the full sample estimate
(g = 0.745) may be somewhat optimistic. True population
effects likely fall within this range (0.533-0.745), representing
educationally meaningful impacts with moderate-to-large
practical significance.

Interpreting Effects Under Extreme Heterogeneity

A critical consideration in interpreting our findings is
the extreme heterogeneity observed across all meta-analytic
models (I* = 99-100%). While the pooled effect sizes
indicate generally positive impacts of digital technologies on
physical education outcomes, the prediction intervals reveal
that these effects are far from uniform. The overall 95% PI
[-0.471, 1.961] encompasses both negative and very large
positive effects, meaning that any single implementation
of digital technology in physical education could yield
outcomes anywhere within this range. This heterogeneity
is not unexpected given the diversity of (a) technology

types examined, (b) outcome constructs measured, (c)
educational contexts, and (d) study designs and intervention
durations. Accordingly, the pooled effect sizes reported in
this review should be understood as describing the average
direction and approximate magnitude of effects across a
highly heterogeneous evidence base, rather than as precise
predictions of what any particular implementation will
achieve. The moderator analyses provide more actionable
guidance: technology type, educational level, and study
design each significantly moderated effects, suggesting that
the effectiveness of digital technologies in physical education
depends critically on how, where, and with whom they are
implemented. These findings align with Borenstein et al.
(2009) recommendation that when prediction intervals
are wide, researchers should prioritize identifying sources
of heterogeneity over interpreting the pooled mean as a
definitive estimate.

Implications for Practice and Policy

The findings yield several actionable implications for
physical education practice. First, practitioners should
prioritize pedagogically integrated approaches (blended
learning, structured gamification, Al-enhanced instruction)
rather than focusing on technological sophistication
or novelty. The technology type moderation results
demonstrate that blended learning combining online and
face-to-face instruction, gamification incorporating game
elements within structured curricula, and AI systems
providing personalized feedback substantially exceeded
wearable activity trackers. This emphasizes that technology
effectiveness depends on instructional design and teacher
mediation rather than technological features alone.

Second, the extreme heterogeneity (I> > 99.9%) and
wide prediction intervals indicate that implementation
quality substantially determines outcomes. Simply providing
technological resources without implementation support
likely produces inconsistent results. Teachers require not
only technical skills but also technological pedagogical
content knowledge, understanding how to effectively
integrate specific technologies to address particular learning
goals with specific student populations. Sustained, practice-
embedded professional development focusingon pedagogical
integration produces larger effects than one-time technical
training. The critical role of teacher preparation aligns
with emerging evidence on inclusive physical education,
where teacher competence, pedagogical intentionality, and
institutional support determine implementation success
(Ben Rakaa et al., 2024). Technologies require not merely
operational proficiency but pedagogical expertise to adapt
instruction to diverse student needs and learning contexts.

Third, while effects are large and meaningful, digital
technologies are tools that augment rather than replace
effective teaching. Fundamental pedagogical practices (clear
learning objectives, appropriate challenge, supportive climate,
opportunities for practice and feedback) remain essential.
The conservative estimate excluding the most influential
study (g = 0.533) provides realistic expectations for typical
implementations. Technologies integrated superficially produce
smaller effects than those central to instructional design.

Fourth, the significant positive effects across elementary,
secondary, and tertiary education suggest concerns about
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age-appropriateness should focus on implementation features
(interface design, content complexity, scaffolding) rather
than categorical age exclusions. All developmental levels
benefit from appropriately designed interventions, though
specific implementations necessarily differ in complexity and
autonomyrequirements. Beyond these generalimplementation
considerations, ensuring equitable access across diverse
student populations warrants particular attention.

Equity and Accessibility Considerations

An important dimension of technology integration
concerns ensuring equitable access and inclusion for students
with diverse needs and abilities. Research on universal design
for learning and adapted physical education demonstrates that
digital technologies can facilitate differentiated instruction and
inclusive participation when implemented within appropriate
pedagogical frameworks (Ben Rakaa et al., 2025a; Lourenco et
al.,, 2025). However, our findings underscore that technology
availability alone does not guarantee equitable outcomes. The
wide prediction intervals and substantial moderating effects
of implementation quality suggest that technologies must
be deliberately adapted to diverse student populations, with
particularattention to students requiringadditional pedagogical
support. The relatively modest effects observed for wearable
activity trackers (g = 0.112) may reflect challenges in making
such technologies accessible and motivating for all students,
rather than inherent technological limitations. Technologies
demonstratinglarger effects, suchasblendedlearning (g=1.216)
and mobile applications (g = 1.037), typically incorporated
explicit pedagogical scaffolding and differentiation mechanisms
enabling adaptation to individual student needs. Future
research should explicitly examine how different technologies
perform across diverse student populations, including students
with disabilities, low prior achievement, or limited technology
access, to ensure that digital innovation promotes rather than
undermines educational equity.

Study Limitations and Future Directions

Several limitations warrant acknowledgment. Despite
comprehensive moderator analyses, extreme heterogeneity
(I* > 99.9%) persists, indicating that unmeasured variables
(implementation fidelity, teacher expertise, student
characteristics, contextual factors) substantially influence
outcomes. The field lacks standardized implementation
frameworks and fidelity measures, limiting ability to identify
critical implementation components. The relatively small
number of studies (k = 12), though yielding 64 effect sizes,
limits statistical power for detecting moderator effects and
prevents examination of potentially important moderators
including teacher characteristics, specific design features,
and student demographics.

While trim-and-fill and fail-safe N analyses suggested
robustness, significant small-study effects (R* = 30.0%) and
Egger test asymmetry indicate some publication bias may
exist. The field may underrepresent null or negative findings,
potentially inflating observed effects. Most interventions
represented relatively short-term implementations (3-16
weeks), with only one study including follow-up assessment.
Whether effects persist beyond intervention periods,
whether sustained implementation produces cumulative

benefits, or whether initial enthusiasm effects fade remains
unclear. Studies originated primarily from China, Spain,
and Poland, limiting generalizability to diverse cultural
and educational contexts. Most studies (67%) employed
quasi-experimental or cluster-randomized designs rather
than individual randomization, introducing potential
confounding. Additionally, blinding of outcome assessors
was infeasible for many outcomes, potentially introducing
detection bias. Potential negative outcomes (excessive
competition, privacy concerns, technology-induced anxiety,
motivation undermining through overjustification) were
rarely assessed or reported, limiting understanding of
potential iatrogenic effects.

Future research should prioritize implementation science
approaches investigating how technologies are implemented,
what factors predict effectiveness, and how implementation
can be supported. Mixed-methods studies combining
effectiveness assessment with qualitative investigation of
implementation processes would illuminate mechanisms
linking technology provision to student outcomes.
Longitudinal studies with extended follow-up addressing
maintenance, cumulative effects, and transfer to autonomous
physicalactivity outside school contexts would address critical
questions about durability. Randomized trials systematically
varying specific features (e.g., autonomy support elements,
feedback timing and content, reward structures) while
controlling other factors would isolate critical design
components. Research examining moderators inadequately
represented (socioeconomic status, special educational needs,
gender, prior technology experience, teacher characteristics)
would enhance understanding of for whom technologies
are most effective. Mediation analyses testing hypothesized
mechanisms would strengthen theoretical foundations
and guide more targeted interventions. Investigation of
circumstances under which technologies might undermine
intrinsic motivation, exacerbate social comparison concerns,
or produce anxiety would support more balanced, ethically
informed implementation decisions.

Conclusion

This systematic review and meta-analysis synthesized
64 effect sizes from 12 studies (N = 1,346) examining digital
technology integration in physical education. The findings
indicate that digital technologies are, on average, associated
with positive effects across physical (g =0.854), motivational-
affective (g = 0.616), and cognitive (g = 0.936) domains.
However, extreme heterogeneity across all models (I* >
99.9%) and wide prediction intervals, notably the overall
95% PI [-0.471, 1.961], indicate that these pooled estimates
should not be interpreted as stable or universally applicable
measures of effectiveness. The true effect of any specific
implementation depends substantially on technology
type, pedagogical design, educational level, and contextual
factors. Technology type emerged as the strongest moderator
(Q = 161.53, p < .001), with blended learning (g = 1.216)
and mobile apps (g = 1.037) substantially outperforming
wearable trackers (g = 0.112), confirming that pedagogical
integration matters more than technological sophistication.
Rather than supporting a blanket endorsement of digital
technologies in physical education, these findings suggest
that such technologies hold considerable promise, but their
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effectiveness is highly context-dependent. Practitioners
should carefully consider the specific technology, student
population, and pedagogical integration strategy when
making adoption decisions.

However, several considerations warrant careful
interpretation. Extreme heterogeneity characterized all
analyses (I> > 99.9%, effect size range: 0.02-3.38), indicating that
implementation quality, contextual factors, and pedagogical
alignment critically determine outcomes. While average
effects provide compelling evidence for potential benefits,
individual implementations vary considerably in effectiveness.
Sensitivity analyses revealed that removing the most influential
study (Latino et al., 2021) reduced pooled effects to g = 0.533,
suggesting that typical implementations may achieve moderate
rather than large effects. Evidence of small-study effects (larger
studies associated with smaller effects, R*> = 30.0%) and
significant funnel plot asymmetry, though counterbalanced by
null trim-and-fill results and robust fail-safe N (1,253 studies),
suggests moderate evidence for publication bias. The true
population effect likely falls between the conservative estimate
(g = 0.533) and the full sample estimate (g = 0.745), both
representing educationally meaningful impacts but indicating
that realistic expectations are warranted.

The findings yield actionable implications for practice
and policy. Physical education teachers require professional
development supporting technological pedagogical content
knowledge, understanding not merely how to operate
technologies but how to integrate them effectively to achieve
specific learning goals with diverse student populations.
The technology type moderation suggests prioritizing
pedagogically-integrated approaches (blended learning,
structured gamification, Al-enhanced instruction) over
passive monitoring tools. Administrators must recognize that
technology integration represents a long-term investment
requiring sustained support for professional development
and implementation quality rather than one-time technology
purchases. Policymakers should prioritize resources for
implementation support and teacher preparation alongside
technology acquisition, recognizing that tools without
skilled implementation produce limited benefits.

Future research should prioritize implementation
science approaches examining how technologies are
implemented in authentic contexts, what factors support
effective implementation, and how implementation fidelity
can be assessed and supported. The field needs standardized
implementation frameworks and fidelity measures to identify
critical components. Longitudinal studies tracking effects
beyond immediate post-intervention assessments would
clarify whether observed benefits persist, fade, or strengthen
with sustained exposure. Comparative effectiveness research
directlycontrastingspecifictechnologicalapproachesthrough
randomized trials would provide more definitive guidance.
Research examining equity dimensions (socioeconomic
status, special educational needs, gender, prior technology
experience, diverse cultural contexts) would ensure that
technology integration benefits all students. Investigation
of potential negative outcomes (motivation undermining,
anxiety, privacy concerns) would support more balanced,
ethically-informed implementation decisions.

The present findings support evidence-based optimism
regarding digital technology’s potential to substantially
enhance physical education effectiveness. Technologies

aligned with sound pedagogical principles, integrated
within comprehensive instructional frameworks, and
supported by teacher expertise can meaningfully enhance
student outcomes across physical, motivational, and
cognitive domains. However, extreme heterogeneity, small-
study effects, and differential effectiveness by technology
type underscore that these benefits depend critically on
implementation quality. Technology alone, absent thoughtful
pedagogical design, skilled implementation, and systemic
support, proves insufficient for realizing this potential.

The meta-analysis revealed both promise and complexity.
Large average effects indicate substantial potential benefits,
but extreme heterogeneity and wide prediction intervals
demonstrate that this potential is realized only when
technologies are thoughtfully integrated within sound
pedagogical frameworks. As physical education navigates
an increasingly digital educational landscape, success
depends on maintaining fidelity to the field’s fundamental
goals (promoting physically active lifestyles, developing
motor competence, fostering positive relationships with
physical activity) while strategically leveraging technological
affordances to enhance rather than replace effective teaching.
The field has moved beyond whether digital technologies
work to the more nuanced questions of how, for whom,
and under what conditions they are most effective. Digital
technologies represent powerful tools that can substantially
amplify effective teaching when implemented skillfully
within comprehensive instructional designs aligned with
physical education’s educational mission.
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Bnane unppoBunx TeXHONOrin Ha pe3ynbraTtn pisMYHOro
BMXOBaHHA: CUCTEMAaTUYHUN OMNAA Ta MeTaaHanis

Mygaettip FOHec'BCPE, Cixam Vxpip'4BCPE, Cain JTotdi'ABCPE

1YHiBepcmTeT Xacana II, Kacabnmanka

ABTOpPCHKMIT BKTA: A — Am3aits gocnipkenHs; B — 36ip ganux; C — crarananis; D — migroroska pykormucy; E — 36ip komtis

Pedepar. Crarrs: 21 c., 4 Tabm., 7 puc., 69 mxeper.

O6rpynTyBaHHsa. Qi3nuHe BUXOBAHHS CTUKAETHCS 31 3pOCTAIOYMM TUCKOM MO0 iHTerpalii IdpoBUX TeXHOIOTIN Ha Tii
3HVDKEHHS 3a/Iy4eHOCTi Ta MoTuBaljil yuHiB. [Tonpu 3pocTaHHs piBHS BIPOBA/PKEHHs, CUCTEMaTH30BaHi J0Ka3u eeKTUBHOCTI
LVIX {HCTPYMEHTIB y pi3HMX JOMEHaX Pe3y/IbTaTiB 3a/IMIIAITHCA 0OMEKEHUMM, 0COOIMBO IOfI0 YMOB, 32 AKMX BOHMU € Halt01/IbII
KOPUCHUMM.

Mera. Lle cuctemaTiyHe OIIAI0OBE JOCTIIKEHH Ta MeTaaHaIi3 BMBYa/IM BIUIUB L{U(POBUX TEXHOJIOTI Ha pesyabraTu (pisnd-
HOTO BUXOBaHHA, JOCII/I)KYIOUN 3ara/IbHy BETMINHY e(i)eKTy, romeHHO-crenudivHi epextu (pisnyni, MOTUBALITHO-adeKTUBHI,
KOTHITMBHI) Ta MOJIepaTOpH reTepOreHHOCT.

Marepianu i MeTogu. CrcTeMaTVYHNI TIOMIYK y 4OTUPbOX Oasax manHux (Scopus, Web of Science, ERIC, SPORTDiscus) go-
3BOJINB iffleHTU(]IKYyBaTH eKCIePUMEHTANIbHI Ta KBasieKCIIepUMeHTa/IbHI JOCTiIKeHHs, ony6ikoBani B mepiog 2015-2025 pp.
JIBaHAAIATH HOCIIfKEHD, 10 BifJIOBigaM KpUTEpisM BKIIOYeHH:, 3a0e3neunmn 64 po3mipu edekTy Ha OCHOBI BUOIpKM 3
1 346 yaacHukiB. [l1st po3paxyHKy 3BefieHux po3mipis edexry Hedges’ g 6yo mpoBefeHO MeTaaHai3) 3 BUIAAKOBUMY e(heKTaMm
3 BUKOPUCTaHHAM olliHIoBaHHA REML, jorioBHeHI NporHo3sHMMM iHTepBaaMy /i1 BpaXyBaHHA €KCTpeMa/IbHOI TeTepOreHHOCTI.

Pesynpraru. 3aranpHmnit 3BefieHuit edpext cranoBus g = 0,745 (95% CI [0,590; 0,900], p < 0,001), i3 someHHO-CrIenniaHIMI
ouinkamn g = 0,854 (¢isuuHni), g = 0,616 (MoTMBaniitHO-adexTVBHI) Ta g = 0,936 (xornitusHi). [IpoTe ekcTpeMabHa reTepo-
TeHHICTb Y BCiX MOJENAX (1> = 99,98%, > = 0,373) pO6I/ITb Li 3BeleHi OLHKM HecTaOi/IbHMMM Ta TaKVMM, IO He IiJIATalTh
y3arajibHeHHI0. 95% nporHosuuit inTepsan [-0,471; 1,961] cBifuuTh 1mpo Te, 1m0 iCTMHHMIT eeKT Y KOHKPETHOMY KOHTEKCTi
BIIPOBA/PKEHHsI MOXKe BapiloBaTy BiJj IOMIPHO HETaTMBHOTO [0 [y>Ke BE/IMKOTO HO3UTUBHOTO, 10 BioOpaskae BICOKY KOHTEKCTHY
3aJIeKHICTD CIIOCTEPEXYBAHNX e(eKTiB.

Bucnosku. 1udposi TexHosnorii JBEMOHCTPYIOTb ITOTEHLia/l [/ HifIBUIEHHA Pe3y/IbTaTiB (i3MYHOr0 BUXOBaHHS; OLHAK
IIMPOKI IIPOTHO3HI iHTepBa/IN Ta eKCTpeMajIbHa TeTePOreHHICTh He JO3BOJIAI0Th POOUTH yHIBepCalbHi TBEPKEHHS 1070 edek-
TUBHOCTI. [IpakTHyYHMIT BIZIMB KOHKPETHOI peaisalil KpUTUYHO 3a/IeXKNUTD Bijj TUITY TEXHOIOTII, IIeflarori4Ho] iHTerpaii, komie-
TEHTHOCT] BUMTe/IA Ta OCBITHPOTO KOHTEKCTY. MaiibyTHI OCTiI)KeHHs OBJMHHI 30CepeKyBaTUCs Ha BI3HAYCHH] YMOB, 32 SAKIX
11poBi TeXHONOTII € Hait61/IbII Ta HaliMeHII eEeKTUBHUMIA, A He JIMIIe Ha OL[iHIOBaHHI cepefHix edeKTiB.

Kirouosi cmoBa: ¢isnune BuxoBaHHs, L(POBi TeXHOIOTI], MeTaaHaIi3, reTePOreHHICTD, IefaroriyHa iHTerpais, ocBiTHI
TEXHOJIOTiI.
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