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Abstract

Background: Metabolic syndrome (MetS) is a pathological condition characterized by the
co-occurrence of multiple metabolic abnormalities. The affected population is increasingly
shifting toward younger age groups. Emerging digital health technologies, arising from
advances in digital society, offer novel methodological tools for lifestyle-based interven-
tions targeting metabolic risk. This systematic review aims to evaluate the effectiveness
of emerging digital health technologies based on dietary and physical activity regulation
in improving MetS-related outcomes among adolescents, including school-aged children.
Methods: This review followed the PRISMA guidelines, systematically searched PubMed,
Web of Science, Embase, MEDLINE, and Scopus, and screened eligible studies based on
the PICO framework. Results: A total of 12 randomized controlled trials published be-
tween 2012 and 2025 were included in the analysis. Single device interventions (5/12)
and dual device combinations (5/12) were the predominant approaches used in current
digital health technology applications. Intervention content primarily focused on either
physical activity alone (5/12) or combined exercise and nutrition interventions (7/12),
with most programs lasting 3–6 months (7/12). Across the included digital health in-
terventions, 13 MetS-related measures were assessed, including anthropometric/body
composition measures (BMI, BMI z-score, WC, WHR, WHtR, and VFA), blood pressure
measures (SBP/DBP), and biochemical markers (BG, HOMA-IR, TG, TC, HDL-C, and
LDL-C). Conclusions: The available evidence supports the potential of digital health tech-
nologies to improve MetS-related outcomes. Although the selection of biochemical markers
varied across studies, the findings highlight the importance of combined exercise and
nutrition interventions or physical activity of moderate to high intensity in improving MetS.
These results underscore the value of digital health technologies in elucidating the complex
interactions among diet, physical activity, and metabolic responses. Overall, these findings
support integrating digital health technologies into adolescent lifestyle interventions to
facilitate more personalized monitoring and behavior support, and to potentially improve
MetS-related outcomes. By promoting timely improvements in these outcome measures,
such digital health interventions may have potential longer term implications for chronic
disease prevention.
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1. Introduction
Metabolic syndrome (MetS) is a pathological condition characterized by the co-

occurrence of multiple metabolic abnormalities. MetS is widely recognized as an early
indicator of cardiovascular disease, type 2 diabetes, and related complications [1,2]. The
associated chronic diseases increase social and healthcare burdens and may reduce pro-
ductivity and life expectancy in working-age populations, posing a major public health
challenge. As a key early indicator of chronic diseases such as cardiovascular disease and
type 2 diabetes, MetS is typically accompanied by central obesity [3], hypertension [4], im-
paired glucose metabolism [5], and dyslipidemia [6]. In clinical and epidemiological studies,
MetS is not defined by a single measures; instead, it is identified through a comprehensive
assessment of physiological and biochemical markers reflecting adiposity distribution,
hemodynamic status, and glucose lipid homeostasis [7]. Among these markers, body mass
index (BMI) and BMI z-score capture overall adiposity [8]. In contrast, waist circumference
(WC), waist-to-hip ratio (WHR), waist-to-height ratio (WHtR), and visceral fat area (VFA)
reflect visceral fat accumulation and the severity of central obesity [9]. Blood pressure
(BP) reflects vascular load and autonomic regulation [10]. Fasting blood glucose (BG) and
lipid indices, including triglycerides (TG), high-density lipoprotein cholesterol (HDL-C),
low-density lipoprotein cholesterol (LDL-C), and total cholesterol (TC) are used to assess
glucose and lipid metabolism [11]. These outcome measures underpin mainstream diagnos-
tic criteria for MetS and are closely associated with metabolic pathway dysregulation [12],
increased oxidative stress [13], and low grade chronic inflammation [14]. Collectively, they
provide a systematic characterization of an individual’s metabolic risk profile [15].

In recent years, lifestyle changes have been accompanied by a rapid increase in the
prevalence of MetS among adolescents [16], with both MetS and its associated abnormal
outcome measuresshowing a clear shift toward younger age groups. Evidence indicates
that overweight, central obesity, prehypertension, and abnormalities in glucose and lipid
metabolism are no longer confined to middle-aged and older adults but are increasingly ob-
served among adolescents, including school-aged children [17]. This trend is closely linked
to changes in contemporary lifestyles and environmental contexts. From a behavioral
perspective, adolescents commonly exhibit insufficient physical activity and prolonged
sedentary behavior [18,19]. Academic pressure, increased screen time, and urban envi-
ronmental constraints have contributed to a sustained decline in physical activity levels.
Concurrently, adolescents often lack adequate nutritional knowledge regarding healthy
dietary patterns and structure [20]. These behavioral characteristics collectively contribute
to increased consumption of high-calorie foods, refined carbohydrates, and trans fats,
alongside insufficient intake of whole grains, fruits, vegetables, and high-quality fats.
Collectively, these factors result in an imbalance between energy intake and expenditure.
By promoting insulin resistance and dysregulated lipid metabolism [21], these behaviors
accelerate the accumulation of metabolic risk factors [22].

During adolescence, the body undergoes a critical period of metabolic system plas-
ticity. Metabolic dysregulation induced by physical inactivity or unhealthy dietary habits
during this stage may persist into adulthood via a “metabolic memory effect” [23], thereby
increasing the risk of chronic diseases, including cardiovascular disease and type 2 dia-
betes [24]. Therefore, once the relevant outcome measures of metabolic syndrome become
abnormal, timely guidance and intervention are required to support normal metabolic
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function and development in adolescents [25]. Although traditional lifestyle intervention
strategies (e.g., health education, exercise prescriptions, and dietary guidance) have demon-
strated efficacy in improving MetS-related outcome measures [26], they remain largely
dependent on face-to-face delivery. Such approaches have limited reach, make it difficult to
standardize intervention intensity, and lack continuous monitoring and real-time feedback
during individual behavior change. Consequently, intervention adherence tends to decline,
thereby limiting the sustainability of health improvements [27].

With advances in digital society and technology, digital health technologies have introduced
novel methodological tools for lifestyle-based metabolic-related outcome measures interven-
tions [28], offering unprecedented opportunities to implement interventions among adolescents
across diverse settings, including everyday living and learning environments. Emerging digi-
tal health technologies, exemplified by wearable devices [29], mobile health applications [30],
telemedicine [31], and artificial intelligence [32], have been extensively validated for their pre-
cision, adherence, and sustainability in the clinical prevention and management of MetS. The
strength of digital health technologies lies in their ability to integrate behavioral monitoring,
real-time feedback, and personalized adaptations into dynamic intervention systems, thereby
enabling sustained improvements in physical activity and dietary behaviors.

Despite increasing academic interest in applying digital health technologies to MetS-
related outcome measures and lifestyle interventions among adolescents, substantial het-
erogeneity exists in technology types, intervention content, and intervention duration.
Furthermore, inconsistent selection of outcome measures limits the ability to conduct com-
prehensive, multi-measures assessments of MetS. A systematic synthesis of the effects of
digital health technologies on MetS-related outcome measures remains lacking, thereby
constraining a clear understanding of their specific role in metabolic risk management.
Moreover, previous systematic reviews in this field have predominantly focused on specific
populations, including older adults [33], individuals with diabetes [34], cardiovascular
disease [35], mental disorders [36], and pediatric cancer survivors [37]. To date, there
remains a lack of comprehensive and systematic analyses specifically addressing physical
activity and dietary patterns among adolescents.

Accordingly, this systematic review addresses the following core question: “How do digi-
tal health technologies based on dietary and physical activity regulation improve MetS-related
outcomes among adolescents, including school-aged children?” This review systematically
synthesizes evidence from randomized controlled trials to evaluate how different digital health
technologies regulate physical activity and dietary behaviors and influence MetS-related mea-
sures, including BMI, BMI z-score, WC, WHR, BP, BG, and lipid profiles. Ultimately, this
review aims to provide evidence-based guidance and practical implementation pathways for
the prevention of early-onset metabolic syndrome in adolescent populations.

2. Materials and Methods
This systematic review was conducted in accordance with the Preferred Reporting

Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines [38]. The review
protocol was prospectively registered in the PROSPERO database (CRD420251265901).

2.1. Search Strategy

On 10 October 2025, we conducted a comprehensive search of PubMed, Web of
Science, Embase, MEDLINE, and Scopus. Peer-reviewed articles published in English
were eligible for inclusion, with no restrictions on publication year. We excluded reviews,
meta-analyses, and grey literature (e.g., commentaries, guidelines, editorials, letters to the
editor, conference abstracts, working papers, and policy papers), as well as non-randomized
or uncontrolled studies. The complete search strategy is detailed in the Supplementary
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Materials File S1 and Table S1–S4. All retrieved records were exported to spreadsheets, and
duplicate entries were removed. The study selection process is summarized in Figure 1.

Figure 1. PRISMA Flow Diagram for Study Search and Screening.

2.2. Eligibility Criteria

We included only original, peer-reviewed articles published in English. We excluded
reviews, meta-analyses, and grey literature (e.g., commentaries, guidelines, editorials,
letters to the editor, conference abstracts, working papers, and policy papers), as well as
non-randomized or uncontrolled studies. The detailed inclusion and exclusion criteria are
summarized in Table 1.

Table 1. Detailed Inclusion and Exclusion Criteria.

CATEGORY INCLUSION CRITERIA

Population School-aged children and adolescents, including college students (aged 8–22 years)

Study design Randomized controlled trials (RCTs)

Intervention

Digital health-based interventions targeting diet and/or physical activity,
including mobile health applications, wearable activity trackers, telemedicine

platforms, social network-based interventions, clinician-oriented digital tools, and
VR-assisted exercise programs

Comparator
Usual care, standard lifestyle advice, no digital intervention, wait-list control,

non-digital exercise or dietary programs, or alternative non-technological
interventions

Outcomes MetS-related outcomes, including BMI, BMI z-score, WC, WHR, BP, BG, lipid
profile, or composite cardiometabolic health measures

Language English
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Table 1. Cont.

CATEGORY EXCLUSION CRITERIA

Population Non-adolescent populations aged >22 years or <8 years

Study design

Observational studies, cross-sectional studies, qualitative studies, study protocols,
reviews, meta-analyses, editorials, conference abstracts, commentaries, guidelines,

letters to the editor, working papers, policy papers and non-randomized or
uncontrolled studies

Intervention Interventions not involving digital health technologies or not related to dietary or
physical activity regulation

Outcomes Studies that did not report any MetS-related outcome measures

Missing data Studies with incomplete or unclear key metabolic outcome data that could not be
obtained from the authors

2.3. Data Collection and Screening Process

All retrieved records were extracted into a Microsoft Excel spreadsheet using a stan-
dardized data extraction format. Key information extracted from each included study
comprised titles, authors, publication year, journal, study design (randomized controlled
trial), data sources, intervention characteristics, sample size, and outcome measures.

Based on the predefined eligibility criteria, two independent reviewers (H.Z. and
R.D.Y.) screened titles and abstracts. Following the initial screening, the full texts of poten-
tially eligible articles were assessed for final inclusion. Any disagreements were resolved
through consultation with a third reviewer (Y.F.Q.). Data extraction was independently
performed by two reviewers (H.Z. and R.D.Y.) using standardized extraction forms. The
primary statistical methods used to assess changes in outcome measures included tests of
normality and homogeneity of variance (e.g., Shapiro–Wilk, Kolmogorov–Smirnov, and Lev-
ene tests); between-group comparisons (e.g., independent-samples t-tests, chi-square tests,
and Wilcoxon signed-rank tests); repeated-measures and group × time interaction analyses
(e.g., repeated-measures ANOVA and two-factor mixed-design MANOVA/ANOVA); anal-
ysis of covariance (ANCOVA) to adjust for covariates (e.g., maturity, sex, and intervention
type); and corrections for multiple comparisons (e.g., Bonferroni correction).

Due to several methodological limitations, a quantitative meta-analysis was not per-
formed. First, most included studies did not provide access to raw data, precluding
reanalysis or data pooling. Second, MetS was assessed using heterogeneous outcome
measures spanning multiple dimensions (e.g., BP and central obesity), rather than a sin-
gle quantitative measures. In addition, heterogeneity in sample characteristics, reporting
formats, and statistical methods further limited comparability across trials [39].

2.4. Risk of Bias Assessment

Two independent reviewers (H.Z. and R.D.Y.) independently conducted the risk of
bias assessment. Any disagreements were resolved through consultation with a third
reviewer (Y.F.Q.). The risk of bias of included studies was assessed using the Cochrane
Risk of Bias tool for randomized trials (RoB 2.0). The RoB 2.0 tool evaluates potential
sources of bias in randomized controlled trials across five domains. These domains include:
(1) bias arising from the randomization process; (2) bias due to deviations from intended
interventions; (3) bias due to missing outcome data; (4) bias in measurement of the outcome;
and (5) bias in selection of the reported result. Each domain was judged as having low risk,
some concerns, or high risk of bias.
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3. Results
3.1. Study Selection

The systematic search of PubMed, Web of Science, Embase, MEDLINE, and Scopus
yielded 1028 records. After removal of 74 duplicates and 3 records deemed ineligible,
951 records remained. Title and abstract screening of the 951 records identified 111 articles
for full-text assessment. Of the 111 full-text articles assessed for eligibility, 99 were ex-
cluded for the following reasons: (1) ineligible population (non-adolescent cohort) (n = 32);
(2) outcomes not aligned with MetS assessment (e.g., no reference to MetS diagnostic
criteria) (n = 34); (3) ineligible study design (non-randomized, uncontrolled, or qualitative
research) (n = 6); (4) questionable data integrity (data authenticity could not be verified and
additional information could not be obtained from authors) (n = 8); (5) no use of digital
health technologies (n = 13); and (6) major methodological flaws (e.g., unclear control group
or protocol deficiencies) (n = 6). Ultimately, 12 studies met the inclusion criteria and were
included in this systematic review.

3.2. Study Characteristics

The key characteristics included in the study and the associated risk assessments are
summarized in Supplementary Materials. The included trials were published between
2012 and 2025: one in 2012 [40], one each in 2016, 2017, 2021, and 2023 [41–44], five in
2024 [45–49], and two in 2025 [50,51]. The studies were conducted across diverse geographic
regions. The majority of studies were conducted in the United States (n = 6) [41–45,49].
The remaining studies were conducted in Spain (n = 2) [46], Portugal (n = 1) [51], China
(n = 1) [48], Australia (n = 1) [40], and Egypt (n = 1) [50]. Overall, the studies were dis-
tributed across North America (United States), Europe (Spain and Portugal), Asia (China),
Oceania (Australia), and Africa (Egypt). Sample sizes ranged from 18 participants [48] to
430 participants [46], totaling 1633 participants across all included studies. Study popula-
tions included generally healthy adolescents, adolescents with overweight or obesity, those
with prolonged sedentary behavior, and those at elevated risk of cardiovascular disease.

Most studies enrolled school-aged children or adolescents with overweight or obesity,
whereas a minority included college students or adolescents at elevated cardiovascular
risk. Specifically, eight studies enrolled school-aged children [40,42,43,46,47,49–51], two
targeted college students [41,48], and two included both age groups [44,45]. Mean partic-
ipant age ranged from 13.18 years [40] to 19.7 years [41]. Intervention duration ranged
from 8 weeks [48,50] to 18 months [44]. Interventions were delivered primarily in school,
community, or clinical settings, highlighting the potential for digital health technologies to
be implemented across diverse real-world contexts.

3.3. The Regulation of Physical Activity and Diet by Different Digital Health Technologies

Across the 12 included studies, digital health interventions varied in (1) technology
modality, (2) intervention content, and (3) protocol design. This heterogeneity may limit
comparability across studies.

Regarding technology modality, the included studies were highly heterogeneous.
Overall, interventions were categorized as single device (5/12) [41,43,46,47,50], dual device
(5/12) [40,44,45,48,51], or multi-component hybrid approaches (2/12) [42,49]. Step-tracking
applications were the most common single technology component. Wearable devices
(e.g., Fitbit), email, and virtual reality (VR) devices were also used as standalone tools in
some trials. Several trials combined core technologies with additional components such as
remote video visits [44], text message support [40], and social network interventions [51] to
target physical activity and dietary behaviors. In more integrated school or clinical settings,
multi-component hybrid interventions incorporated elements such as electronic health
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records, online educational modules, and cardiovascular health visualization tools [42,49].
Step-tracking apps and wearables (e.g., Fitbit) constituted the core technologies used
across studies. These technologies were used either alone or combined with additional
modules. Other trials extended these approaches by incorporating additional modalities to
address different implementation contexts and intervention needs. Some trials combined
telemedicine modalities (e.g., remote video visits and private social network-based group
CBT) with self-monitoring to support changes in physical activity and diet. Kepper et al.
implemented the digital counseling tool PREVENT in a clinical setting [49]. Abd El-
Khalek et al. incorporated VR games within a gamified intervention to enhance exercise
engagement [50]. Overall, mHealth and wearable technologies were most frequently
used, complemented by clinical digital tools and immersive technologies, with several
interventions integrated into school or healthcare settings (Table 2).

Table 2. Basic characteristics included in the study (specific digital health technology usage, regulatory
content, and intervention duration).

Study Population Age
(Years)

Intervention
(Digital Health Technology)

Intervention
(Content) Duration

Lubans et al.,
2012 (Australia) [40]

Adolescent girls
(low SES) 12–14

Multi-component lifestyle
intervention (pedometer +

text message support)

Combined
intervention 1

12
months

Schweitzer et al.,
2016 (USA) [41] College students 18–20 Email-based intervention Combined

intervention 2
24

weeks

Chen et al.,
2017 (USA) [42]

Overweight/obese
adolescents 13–18

Wearable devices + online
courses and text message

intervention

Combined
intervention 2

6
months

Bowen-Jallow et al.,
2021 (USA) [43]

Obese adolescents
(clinic-based) 12–18 Wearable device

(Fitbit)
Physical activity

only intervention 3
18

weeks

Ptomey et al.,
2023 (USA) [44]

Adolescents with
intellectual

disabilities and
over-

weight/obesity

13–21
Remote video sessions +
digital self-monitoring

(Fitbit and mobile application)

Combined
intervention 4

18
months

Bicki et al.,
2024 (USA) [45]

Youth at
cardiovascular risk 8–30 Wearable device (Fitbit) +

email or telephone contact
Physical activity

only intervention 3
6

months

Gómez-Cuesta et al.,
2024 (Spain) [46]

Secondary school
adolescents 12–16 Step-tracking application Physical activity

only intervention 5
10

weeks

Mateo-Orcajada et al.,
2024 (Spain) [47]

General adolescent
population 12–16 Step-tracking application Physical activity

only intervention 5
20

weeks

Sun et al.,
2024 (China) [48]

Sedentary
adolescents ~18

Wearable metabolic system
(K5 Wearable Metabolic

System) +
heart rate monitor

(Polar OH1 Model 2L)

Physical activity
only intervention 6

8
weeks

Kepper et al.,
2024 (USA) [49]

Adolescents with
obesity 12–18 Digital counseling tool

(PREVENT)
Combined

intervention 2
3

months

Abd El-Khalek et al.,
2025 (Egypt) [50]

Obese adolescent
females 12–17 Virtual reality (VR) Combined

intervention 7
8

weeks

Ramalho et al.,
2025 (Portugal) [51]

Overweight/obese
adolescents 13–18 Social network (Facebook) +

web-based self-monitoring
Combined

intervention 2
6

months

Note: 1. Nutrition workshops plus physical activity monitoring; 2. Dietary guidance plus physical activity
monitoring; 3. Step-tracking device; 4. Enhanced traffic light diet plus physical activity monitoring; 5. Step-
tracking application; 6. High-intensity interval training (HIIT) and moderate-intensity continuous training (MICT);
7. Dietary guidance plus aerobic exercise and virtual reality-based games.
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Regarding intervention content, studies were categorized as physical activity–
only interventions (5/12) or combined exercise–nutrition interventions (7/12). Five
trials targeted physical activity alone, primarily using step-tracking apps and wear-
able devices. In some trials, participants were encouraged to increase activity levels
through progressively increasing step goals [46,47]. Beyond step counting, Sun et al.
incorporated additional training modalities, such as high-intensity interval training
(HIIT) [48]. Specific components in this category included step-goal setting [45] and
self-monitoring [43]. The most frequently used approach was the combined exercise–
nutrition intervention, which typically paired dietary guidance with physical activity
monitoring. In these combined interventions, physical activity components were often
emphasized, whereas dietary components were commonly delivered via personal-
ized guidance or self-monitoring. Abd El-Khalek et al. augmented the combined
intervention by integrating aerobic exercise with VR exercise games alongside dietary
guidance [50]. None of the 12 studies evaluated dietary regulation as a standalone
intervention, suggesting that dietary components were typically used as adjuncts
rather than primary digital health intervention targets. The earliest dietary component
was delivered through nutrition workshops [40], with later studies shifting toward
personalized guidance supported by digital technologies. Later studies shifted toward
digitally supported, personalized guidance [44] (Table 2).

Regarding protocol design, interventions were categorized as short-term (8–10 weeks)
[46,48,50], medium-term (3–6 months) [41–43,45,47,49,51], or long-term (≥12 months) [40,44].
Most trials implemented medium-term protocols (3–6 months; 7/12), whereas fewer used
short-term (3/12) or long-term (2/12) protocols. Short-term protocols were more common
in physical activity-focused programs and may be suitable for initiating behavior change
(e.g., increasing daily activity). Medium-term protocols frequently combined wearables
with telemedicine and/or social platforms and provided a practical observation window
for behavior change and improvements in metabolic measures. Long-term protocols also
used combined approaches and often incorporated enhanced dietary strategies and nutrition
workshops, which may support more sustained improvements in health behaviors and
metabolic outcome measures (Table 2).

3.4. The Impact of Digital Health Technology Interventions on MetS-Related Outcomes

Across the 12 included studies, the primary MetS-related outcomes assessed in
digital health interventions included BMI, BMI z-score, WC, WHtR, WHR, VFA, BP, BG,
HOMA-IR, TG, TC, HDL-C, and LDL-C. These outcome measures are commonly used
in pediatric and adolescent definitions and assessments of MetS. BMI and BMI z-scores
are widely used screening measures for assessing overall obesity levels, providing an
indirect reflection of metabolic disorder risk among adolescent populations [52–54]. WC
and related indices (e.g., WHR) are markers of central adiposity [55], and are included
in diagnostic criteria for MetS by organizations such as the International Diabetes Fed-
eration (IDF) [56]. BP and BG are routinely assessed in this context and can indicate
alterations related to insulin resistance and impaired glucose metabolism [57,58]. Ac-
cordingly, these measures provide complementary information on cardiometabolic risk
profiles in adolescents [59]. MetS is commonly accompanied by dyslipidemia [60], which
is assessed using lipid measures such as TG and cholesterol fractions [61]. Collectively,
these outcome measures were reported across the 12 studies and were used to eval-
uate changes in MetS-related outcome measures following digital health technology
interventions (Tables 3 and 4).
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Table 3. Coverage of metabolic syndrome components across the included studies.

Study BMI/BMI-z Central Obesity BP BG BL

Lubans et al., 2012 [40] ✔ 1,2 ✗ ✗ ✗ ✗

Schweitzer et al., 2016 [41] ✔ 1 ✔ 3,5 ✔ 7 ✗ ✗

Chen et al., 2017 [42] ✔ 1,2 ✔ 5 ✔ 7 ✗ ✗

Bowen-Jallow et al., 2021 [43] ✔ 1 ✔ 3 ✗ ✗ ✗

Ptomey et al., 2023 [44] ✔ 1 ✔ 3 ✗ ✗ ✗

Bicki et al., 2024 [45] ✗ ✗ ✔ 7 ✗ ✗

Gómez-Cuesta et al., 2024 [46] ✔ 1 ✔ 4 ✗ ✗ ✗

Mateo-Orcajada et al., 2024 [47] ✔ 1 ✔ 3,5 ✗ ✗ ✗

Sun et al., 2024 [48] ✔ 1 ✔ 3,5,6 ✔ 7 ✔ 9 ✔ 10,11,12,13

Kepper et al., 2024 [49] ✔ 2 ✗ ✔ 7 ✔ 8 ✔ 11

Abd El-Khalek et al., 2025 [50] ✔ 1 ✔ 3,5 ✗ ✗ ✗

Ramalho et al., 2025 [51] ✔ 2 ✗ ✗ ✗ ✗

Note: ✔ This measure was not analyzed in the study; ✗ This measure was not analyzed in the study; 1. BMI:
Body mass index; 2. BMI z-score; 3. WC: Waist circumference; 4. WHtR: Waist-to-height ratio; 5. WHR: Waist-
to-hip ratio; 6. VFA: Visceral fat area; 7. BP: Blood pressure; 8. BG: Blood glucose; 9. HOMA-IR: Homeostatic
model assessment of insulin resistance; 10. TG: Triglycerides; 11. TC: Total cholesterol; 12. HDL-C: High-density
lipoprotein cholesterol; 13. LDL-C: Low-density lipoprotein cholesterol.

Table 4. Intervention-related changes in metabolic syndrome components across the included studies.

Study
Intervention

Group
(n)

Control
Group (n)

Outcome
Sample

(n)
Main Outcomes Effect Size

Lubans
[40]

Combined
intervention

(n = 178)

Usual
PE

(n = 179)

IG
(n = 141)

CG
(n = 153)

BMI: The intervention group showed a downward
trend, but neither within-group nor between-group

differences were statistically significant.
BMI z-score: A downward trend was observed in the

intervention group, but within-group and
between-group differences were not significant.

BMI: AMD = −0.19
(95% CI −0.70 to 0.33)

BMI z-score: AMD = −0.08
(95% CI −0.20 to 0.04)

Schweitze
[41]

Combined
intervention

(n = 99)

Usual
guidance
(n = 49)

IG
(n = 68)

CG
(n = 38)

BMI: No significant changes were observed in either
group over 24 weeks (p = 0.80).

WC and WHR: No significant between-group
differences were observed (p = 0.41 and p = 0.21).

BP (SBP/DBP): No significant between-group
differences were observed (p = 0.92 and p = 0.80).

BMI: NR
WC and WHR: NR
BP (SBP/DBP): NR

Chen
[42]

Combined
intervention

(n = 23)

Single
physical
activity
(n = 17)

IG
(n = 21)

CG
(n = 15)

BMI: The intervention group showed a significantly
greater reduction than the control group (p = 0.001).

BMI z-score: The intervention group showed a
significantly greater reduction than the control group

(p = 0.001).
WHR: No significant change was observed (p > 0.05).

BP: Overall BP decreased significantly in the
intervention group compared with the control group

(p = 0.001), whereas SBP showed no significant
difference.

BMI: Cohen’ s d = 0.62
BMI z-score: Cohen’s d = 0.34

WHR: Cohen’ s d = 0.22
BP: SBP: Cohen’ s d = 0.06

DBP: Cohen’ s d = 0.21

Bowen-
Jallow

[43]

Physical
activity

intervention
(n = 18)

Usual
care

(n = 30)

IG
(n = 10)

CG
(n = 23)

BMI: No significant between-group difference was
observed (p = 1.00).

WC: No significant between-group difference was
observed (p = 0.83).

BMI: SD = 9.39
WC: SD = 22.8

Ptomey
[44]

Combined
intervention

(n = 36)

Usual
diet

(n = 74)

IG
(n = 30)

CG
(n = 58)

BMI: The intervention group showed a significantly
greater reduction than the control group (p = 0.03).

WC: The intervention group showed a significantly
greater reduction than the control group (p = 0.002).

BMI: MD = −1.5
WC: MD = −4.7

Bicki
[45]

Physical
activity

intervention
(n = 42)

Usual
care

(n = 21)

IG
(n = 26)

CG
(n = 18)

SBP: Over 6 months, SBP decreased by −2.3 mmHg in
the intervention group (95%CI, −6.5 to 1.8), with no

significant between-group difference (p = 0.12).

SBP: −2.3 mmHg (95% CI
−6.5, 1.8)
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Table 4. Cont.

Study
Intervention

Group
(n)

Control
Group (n)

Outcome
Sample

(n)
Main Outcomes Effect Size

Gómez-
Cuesta

[46]

Physical
activity

intervention
(n = 280)

Usual
PE

(n = 182)

IG
(n = 270)

CG
(n = 160)

BMI: The intervention group showed no significant
change (p = 0.344), the control group showed a

significant change (p = 0.001)
WHtR: No significant changes were observed in either

group (p = 0.129 and p = 0.187).

BMI: η2 = 0.002, 0.027
WHtR: η2 = 0.006, 0.005

Mateo-
Orcajada

[47]

Physical
activity

intervention
(n = 300)

Usual
PE

(n = 165)

IG
(n = 216)

CG
(n = 141)

BMI and WC: No significant between-group
differences were observed at any time point (p = 0.09,

p = 0.61).
WHR: The intervention group showed a significantly

greater reduction than the control group (p = 0.02).

BMI: ηp2 = 0.009
WC: ηp2 = 0.001

WHR: ηp2 = 0.017

Sun
[48]

Physical
activity

intervention
(n = 6)

MICT
(n = 6)

IG
(n = 6)

CG
(n = 6)

BMI: No significant change was observed (p > 0.05).
WHR: A significant reduction was reported in the

intervention group (p = 0.033).
VFA: Both the intervention and control groups

decreased significantly respectively (p = 0.001 and
p = 0.003).

BP: SBP and DBP decreased significantly in the
intervention group respectively (p = 0.018 and

p = 0.008).
BL: TG decreased significantly in the intervention
group (p = 0.004), whereas TC, HDL-C, and LDL-C

showed no significant changes (p > 0.05).
BG: No significant between-group difference was

observed for BG, and HOMA-IR showed a
non-significant downward trend in the intervention

group.

BMI: NR
WHR: ES = 0.43

VFA: ES = 0.35, 0.49
BP: ES = 0.84, 1.76

TG: ES = 1.33
BG: NR

Kepper
[49]

Combined
intervention

(n = 18)

Usual
care

(n = 18)

IG
(n = 10)

CG
(n = 15)

BMI z-score: Both groups showed downward trends,
but changes were not statistically significant (95% CI

−0.31, 0.20 and 95% CI −0.18, 0.10).
BP: SBP decreased significantly in the intervention

group (within-group p = 0.009; between-group
p = 0.001). DBP decreased significantly within the

intervention group (within-group p = 0.009), but the
between-group difference was not significant.
BG and TC: Downward trends were reported;
however, due to high missingness, statistical

significance testing was not performed.(95% CI −36.83,
20.08 and 95% CI −21.46, 21.29, 95% CI −366.45, 389.27

and 95% CI −46.92, 58.32)

BMI z-score:
IG: (95% CI −0.31, 0.20),
CG: (95% CI −0.18, 0.10)

SBP:
IG: (95% CI −18.46, −2.98),
CG: (95% CI −5.06, 15.17)

DBP:
IG: (95% CI −12.86, −2.19)
CG: (95% CI −12.07, 2.68)

BG:
IG: (95% CI −36.83, 20.08),
CG: (95% CI −21.46, 21.29)

TC:
IG: (95% CI −366.45, 389.27),
CG: (95% CI −46.92, 58.32)

Abd El-
Khalek

[50]

Combined
intervention

(n = 50)

No VR
equipment

(n = 50)

IG
(n = 50)

CG
(n = 50)

BMI: Both groups decreased significantly
post-intervention (within-group p < 0.001), and the

reduction was significantly greater in the intervention
group (between-group p = 0.001).

WC and WHR: Both groups improved significantly
(within-group p < 0.001), but between-group

differences were not significant.

BMI: Cohen’ s d = 1.73
WC: Cohen’ s d = 0.23

WHR: Cohen’ s d = 0.32

Ramalho
[51]

Combined
intervention

(n = 69)

Usual
guidance
(n = 66)

IG
(n = 38)

CG
(n = 39)

BMI z-score: Both groups decreased significantly over
time (p = 0.006), with no significant group-by-time

interaction.
BMI z-score: ηp2 = 0.116

Across all 12 studies, BMI or BMI z-score was included as a primary anthropometric
outcome. Most trials prioritized BMI/BMI z-score, and five reported significant reduc-
tions in at least one of these measures [42,44,46,50,51]. For Gómez-Cuesta et al., they
demonstrated a statistically significant increase in BMI values within the control group
(p = 0.001), whereas no significant change was observed in the intervention group over
10 weeks [46]. In Ptomey et al., the combined intervention resulted in a significantly greater
reduction in BMI than the control group (p = 0.03) [44]. Similarly, Chen et al. reported
significantly greater reductions in both BMI and BMI z-score in the intervention group
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compared with the control group (p = 0.001 for both) [42]. In Abd El-Khalek et al., BMI
decreased significantly within both groups (within-group p < 0.001), with a significantly
greater reduction in the intervention group (between-group p = 0.001) [50]. Although
Ramalho et al. observed significant reductions in BMI z-scores over time in both groups
(p = 0.006), no significant group-by-time interaction was detected [51]. Furthermore, some
studies reported no significant changes or merely showed a downward trend.

Central adiposity is a key component of MetS assessment and reflects body fat distri-
bution and visceral fat accumulation. Eight studies assessed central adiposity outcomes,
including WC, WHtR, WHR, and VFA [41–44,46–48,50]. Two studies reported significant
reductions in WC [44,50], two reported significant improvements in WHR [48,50], and one
reported a significant reduction in VFA [48]. Ptomey et al. reported a significantly greater
reduction in WC in the intervention group compared with the control group (p = 0.002) [44].
Sun et al. found a significant reduction in WHR in the intervention group (p = 0.033), while
VFA decreased significantly in both the intervention and control groups (p = 0.001 and
p = 0.003, respectively) [48]. For Abd El-Khalek et al., WC and WHR improved significantly
within both groups (within-group p < 0.001), but between-group differences were not
significant [50]. Multiple other studies failed to observe significant inter-group differences
in central obesity measures.

BP is commonly assessed as an early cardiometabolic risk marker. Five of the 12 studies
reported improvements in BP outcomes [41,42,45,48,49]. Specifically, two studies reported
significant reductions in both systolic blood pressure (SBP) and diastolic blood pressure
(DBP) [48,49]; one reported a significant reduction in DBP [42]; and one reported a sig-
nificant reduction in SBP [45]. Sun et al. observed significant decreases in both SBP and
DBP within the intervention group (p = 0.018 and p = 0.008, respectively) [48]. Chen et al.
reported that overall blood pressure decreased significantly in the intervention group
compared with the control group (p = 0.001), although SBP alone showed no significant
difference [42]. Kepper et al. reported a significant reduction in SBP in the intervention
group (within-group p = 0.009; between-group p = 0.001), while DBP decreased significantly
within the intervention group (within-group p = 0.009) but not between groups [49]. By con-
trast, Schweitzer et al. reported no significant between-group differences in SBP/DBP [41],
and Bicki et al. observed a non-significant between-group difference despite a −2.3 mmHg
change in SBP (95% CI, −6.5 to 1.8) over 6 months [45].

Only two of the 12 studies measured BG [48,49], and neither reported statistically
significant changes. Although Sun et al. reported no significant change in BG, HOMA-IR
showed a downward trend [48]. Kepper et al. also reported a downward trend in BG;
however, due to substantial loss to follow-up, no significance testing was performed [49].

BL outcomes were measured in two of the 12 studies [48,49]. In Sun et al., TG decreased
significantly in the intervention group (p = 0.004), whereas TC, HDL-C, and LDL-C showed
no significant changes; BG showed no significant between-group difference and HOMA-IR
exhibited a non-significant downward trend. In Kepper et al., downward trends were
reported for BG and TC; however, statistical significance testing was not performed due to
high missingness.

3.5. The Impact of Differently Designed Digital Health Technology Interventions on MetS-Related
Outcomes

Across the 12 studies, intervention duration was categorized as short term (8–10 weeks)
[46,48,50], medium-term (3–6 months) [41–43,45,47,49,51], or long-term (≥12 months) [40,44].
Most studies used medium-term interventions (3–6 months; 7/12), whereas fewer used short-
term (3/12) or long-term (2/12) interventions. Except for long-term interventions, short-
and medium-term protocols targeted either physical activity alone or combined exercise and
nutrition (Table 5).
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Table 5. Intervention designs across studies sorted by intervention timing.

Study Duration Intervention
(Content) Main Outcomes

Sun et al.,
[48]

8
weeks

Physical activity only intervention
(HIIT)

BMI 1,5,6

WHR 3

VFA 3,4

BP 3

BL: TG 3, (TC, HDL-C, and LDL-C) 1,3,4

BG: BG 1,3,4, HOMA-IR 7

Abd El-Khalek et al.,
[50]

8
weeks

Combined intervention
(Dietary guidance plus aerobic exercise and

virtual reality-based games)

BMI 2,3,4

WC and WHR 1,3,4

Gómez-Cuesta et al.,
[46]

10
weeks

Physical activity only intervention
(Step-tracking application)

BMI 3

WHtR 1,3,4

Kepper et al.,
[49]

3
months

Combined intervention
(Dietary guidance plus physical activity

monitoring)

BMI z-score 8

BP: SBP 2,3, DBP 3

TC 8

BG 8

Bowen-Jallow et al.,
[43]

18
weeks

Physical activity only intervention
(Step-tracking device)

BMI 1

WC 1

Mateo-Orcajada
et al.,
[47]

20
weeks

Physical activity only intervention
(Step-tracking application)

BMI 1

WC 1

WHR2

Schweitzer et al.,
[41]

24
weeks

Combined intervention
(Dietary guidance plus physical activity

monitoring)

BMI 5,6

WC and WHR 5,6

BP (SBP/DBP) 5,6

Ramalho et al.,
[51]

6
months

Combined intervention
(Dietary guidance plus physical activity

monitoring)
BMI z-score 3,4

Chen et al.,
[42]

6
months

Combined Intervention
(Dietary guidance plus physical activity

monitoring)

BMI 2

BMI z-score 2

WHR 5,6

BP: Overall BP 2, SBP 1

Bicki et al.,
2024 (USA) [45]

6
months

Physical activity only intervention
(Step-tracking device) SBP 1,7

Lubans et al.,
[40]

12
months

Combined intervention
(Nutrition workshops plus physical activity

monitoring)

BMI 1,6,7

BMI z-score 1,6,7

Ptomey et al.,
[44]

18
months

Combined Intervention
(Enhanced traffic light diet plus physical

activity monitoring)

BMI 2

WC 2

Note: 1. No significant difference between groups; 2. Significant differences between groups; 3. Significant changes
within the intervention group; 4. Significant changes within the control group; 5. No significant changes occurred
within the intervention group; 6. No significant changes occurred within the intervention group; 7. Intervention
group showed a downward trend but this was not statistically significant; 8. Two groups showed a downward
trend but this was not statistically significant.

Among the three short-term studies (8–10 weeks), two used physical activity-only
interventions and reported improvements in overall and/or central adiposity. These
studies reported reductions in WHR and WHtR in intervention groups, but between-group
differences were not statistically significant [46,48]. One combined exercise–nutrition study
reported that adding VR gaming to dietary guidance and aerobic exercise produced a
greater reduction in BMI than the same program without VR (between-group p = 0.001) [50].
Sun et al. reported that higher exercise intensity was associated with a significant within-
group reduction in VFA (p = 0.001) after 8 weeks, along with decreases in SBP (p = 0.018)
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and DBP (p = 0.008) and a reduction in triglycerides (p = 0.004). However, blood glucose
did not change significantly, and insulin resistance indices showed only nonsignificant
downward trends [48]. Similar changes in physiological and biochemical measures were
not observed in the short-term interventions by Abd El-Khalek et al. and Gómez-Cuesta
et al., which did not include higher-intensity training components.

Among the seven medium-term studies (3–6 months), most used combined exercise
and nutrition interventions (4/7). Physical activity only interventions were less common in
this timeframe and generally yielded modest effects. Among physical activity-only inter-
ventions, Bowen-Jallow et al., Bicki et al., and Mateo-Orcajada et al. targeted step counts.
Bowen-Jallow et al. reported no significant between-group differences in BMI or WC after
the intervention (p = 1.00 and p = 0.83, respectively) [43]. Bicki et al. reported a nonsignif-
icant between-group difference in SBP (−2.3 mmHg; 95% CI, −6.5 to 1.8; p = 0.12) [45].
Mateo-Orcajada et al. reported no significant between-group differences in BMI or WC
(p = 0.09 and p = 0.61), but WHR improved significantly in the intervention group compared
with the control group (p = 0.02) [47]. Compared with physical activity-only interventions,
Chen et al. reported significant between-group differences in BMI, BMI z score, and BP after
a 6-month combined intervention that integrated dietary guidance with physical activity
monitoring (all p = 0.001) [42]. Ramalho et al. reported significant within-group reductions
in BMI z scores over 6 months (p = 0.006), but no significant group × time interaction [51].
In a 3-month clinical intervention using the PREVENT counseling tool, Kepper et al. re-
ported downward trends in BMI z score, TC, and BG across groups. SBP and DBP decreased
significantly within the intervention group (both p = 0.009) [49]. In contrast, Schweitzer
et al.’s 24-week combined intervention did not yield significant between-group differences
in BMI, WC, WHR, SBP, or DBP (p = 0.80, 0.41, 0.21, 0.92, and 0.80, respectively) [41].

Two long-term studies (≥12 months) used combined exercise and nutrition inter-
ventions, but intervention content differed. Lubans et al. delivered nutrition workshops,
lunchtime activities, and self-monitoring and reported only nonsignificant downward
trends in BMI and BMI z score [40]. By contrast, Ptomey et al. implemented an 18-month
program (6 months of weight reduction followed by 12 months of maintenance) that in-
corporated an enhanced traffic-light diet and physical activity monitoring. They reported
significant within-group reductions in BMI and WC in the intervention group (p = 0.03 and
p = 0.002, respectively) [44].

4. Discussion
4.1. Key Findings on Digital Health Technologies for Regulating MetS-Related Outcomes

This review, including 12 randomized controlled trials, suggests that emerging digital
health technologies may improve 13 MetS-related measures in school-aged children and
adolescents. Across included studies, outcomes encompassed anthropometric measures,
central adiposity indices, and blood-based physiological and biochemical markers. For
anthropometric outcomes, five trials reported significant improvements in BMI and/or
BMI z score following digital health interventions. hese interventions ranged from single-
component physical activity programs to combined exercise–nutrition programs and in-
cluded short-, medium-, and long-term durations. This pattern suggests that digital health
interventions offer flexibility in protocol design for anthropometric measures such as BMI
and BMI z score, consistent with Lister et al. [62]. This may be because anthropometric
measures are relatively stable and easy to obtain compared with other markers [63,64], and
adolescence is a sensitive period for changes in adiposity-related measures [65]. Conse-
quently, statistically significant changes in BMI and BMI z score may be easier to detect
within typical trial designs. Future studies should extend follow-up while maintaining
intervention intensity to determine whether improvements in anthropometric measures
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translate into sustained reductions in central adiposity and improvements in physiologi-
cal/biochemical markers.

For central adiposity outcomes, five studies reported significant improvements in WC,
WHR, WHtR, and VFA. However, only two studies reported significant changes in WC, and
more than half of the included trials found no significant between-group differences. WHR
and WHtR are derived from WC, whereas VFA is assessed separately. Moreover, increases
in visceral fat often correspond to greater WC [66], underscoring WC as a key measures of
MetS-related risk. WC is important not only as a marker of abdominal obesity [67] but also
because greater visceral adiposity is linked to insulin resistance [68], chronic low-grade
inflammation [69] and dysregulated lipid metabolism [70]. These processes may contribute
to the clustering of abnormalities such as hyperglycemia, dyslipidemia, and elevated blood
pressure [71]. Accordingly, changes in WC are often viewed as an outcome measures
of whether digital health interventions affect central adiposity within the MetS pathway.
Therefore, the limited improvements in WC suggest that, with current evidence, digital
health interventions may show earlier effects on overall anthropometric measures (e.g.,
body weight) than on central adiposity. Achieving sustained reductions in visceral fat
and abdominal obesity may require longer interventions and/or higher-intensity physical
activity. Several factors may contribute to this pattern. First, inconsistent breathing during
measurement may introduce random error [72,73]. Second, during growth spurts, increases
in height and changes in fat distribution may attenuate absolute changes in WC, making
improvements harder to detect [74]. Third, some studies may have delivered insufficient
intervention intensity/dose or used active control conditions (e.g., routine physical activity
and health education). This may have reduced between-group behavioral contrasts, thereby
attenuating observable effects on WC [75]. Taken together, these considerations suggest
that improvements in central adiposity may require longer interventions and/or moderate-
to-high-intensity exercise. Consistent with this interpretation, Rajjo et al. reported that
longer, higher-intensity exercise interventions may be more beneficial for improving central
adiposity [76]. Future studies should extend follow-up, better standardize and monitor
exercise dose, and report central adiposity indices (e.g., WHR and VFA) where feasible.
This approach would enable a more accurate assessment of the effects of digital health
interventions on central adiposity.

For blood-based outcomes, three studies reported significant improvements in blood
pressure, one reported significant improvements in blood glucose, and one reported sig-
nificant improvements in lipid outcomes following digital health interventions. These
findings suggest that blood pressure may be more responsive, whereas evidence for im-
provements in blood glucose and lipids remains limited. Some studies reported reductions
in both systolic and diastolic blood pressure or in one component, suggesting that digital
health interventions may affect blood pressure by increasing physical activity, improving
cardiorespiratory fitness, and supporting vascular regulation. By contrast, evidence for
blood glucose and lipid outcomes was less consistent. Only a few studies reported decreas-
ing trends in insulin resistance-related markers or significant reductions in triglycerides,
whereas most blood glucose and other lipid parameters did not change significantly. This
may reflect that blood glucose and lipid parameters change relatively slowly and are influ-
enced by multiple factors, including baseline metabolic status, hormonal fluctuations, and
energy intake [77,78]. In addition, infrequent measurement, variable sampling conditions,
and heterogeneous laboratory protocols may reduce sensitivity to change; detectable im-
provements may therefore require longer interventions and follow-up [79,80]. Among lipid
parameters, TG, TC, HDL-C, and LDL-C appeared more responsive to higher-intensity
physical activity than to lower-intensity combined programs, with significant changes re-
ported more often in the former. This pattern suggests sensitivity to exercise intensity [81].
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Future studies should better prescribe and monitor exercise intensity and dose, strengthen
continuous monitoring and support for dietary behaviors, and extend intervention duration
to more accurately evaluate effects on blood glucose and lipid outcomes.

This review found that digital health interventions primarily relied on step-tracking
apps and Fitbit wearables and could be categorized as single device (5/12), dual de-
vice (5/12), or multi-component hybrid approaches (2/12). This pattern may reflect the
combined influence of device characteristics, implementation contexts, and feasibility
considerations. From a technical perspective, compared with immersive modalities such
as VR and AR, step-tracking apps and Fitbit wearables offer simpler operation, lower
cost, and intuitive data visualization. These features may better align with adolescents’
typical digital literacy and usability preferences. In addition, their applicability across
school, home, and clinical settings, together with real-time monitoring and feedback, may
partially mitigate limitations of traditional interventions, such as difficulty quantifying
physical activity and delays in feedback delivery [82]. However, across the 12 studies,
most digital health approaches relied primarily on monitoring, feedback, and guidance.
In contrast, Abd El-Khalek et al. incorporated VR-based games to increase engagement in
adolescent interventions [50]. Moreover, most interventions prioritized promoting physical
activity. Even in combined exercise–nutrition interventions, dietary components were
often delivered via conventional digital channels (e.g., online videos, web-based courses,
and social media) rather than through continuous dietary monitoring. As digital tech-
nologies evolve, adolescents may increasingly prefer more engaging modalities [83], and
real-time feedback on dietary behaviors may represent an important unmet need. Based
on these findings, future research could explore incorporating immersive, motion-sensing
modalities (VR, AR, and extended reality [XR]) alongside newer digital health tools (e.g.,
smartwatches and wearable glasses) that may enable real-time dietary behavior logging
and feedback, provided feasibility and safety are rigorously evaluated. In summary, future
work could prioritize more continuous monitoring and feedback for dietary behaviors and
evaluate multi-technology approaches over appropriate intervention durations to improve
MetS-related outcomes in adolescents.

4.2. Mechanisms of Digital Health Technologies in Combined Exercise and Dietary Interventions

Among the 12 randomized controlled trials included in this review, seven implemented
combined exercise–nutrition interventions, whereas five focused on physical activity alone.
No trials evaluated dietary interventions as a standalone strategy. This pattern suggests
that, within adolescent digital health research, combined interventions are more commonly
adopted to address MetS-related measures. This may reflect the challenge of sustain-
ing dietary change in real-world settings, where eating behaviors are strongly shaped
by environmental and social influences [84]. In contrast, digitally supported physical
activity promotion may produce more readily observable short-term changes. Hodder
et al. reported that exercise interventions typically increase moderate-to-vigorous physical
activity but show limited evidence for sustained dietary improvement [85]. This suggests
that increasing physical activity may be more feasible than sustaining dietary change in
real-world settings, consistent with conclusions drawn by Li et al. [86]. Accordingly, no
standalone dietary intervention trials were identified among the included studies. Com-
pared with physical activity-only programs, combined interventions used more diverse
technology configurations. Examples included enhanced traffic light dietary guidance
paired with activity monitoring, dietary counseling integrated with online self-tracking,
nutrition consultations combined with VR-based aerobic exercise, and electronic health
record-enabled cardiovascular health visualization linked to dietary guidance. Overall,
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core technologies still centered on step-tracking apps and Fitbit wearables, with dietary
components commonly delivered as personalized guidance [87].

The primary reason why combined interventions are favoured by most studies likely
lies in their greater alignment with the underlying logic that metabolic syndrome stems
from long-term imbalances between energy intake and expenditure, leading to metabolic
abnormalities [21]. Digital health technologies that integrate exercise and nutrition may
help address this challenge. Energy balance is a key target for precision lifestyle interven-
tions. Compared with traditional approaches, digital health technologies can use wearables
to monitor physical activity (energy expenditure) in real time and deliver dietary guidance
to support management of energy intake. This approach may help mitigate metabolic
compensation associated with binge eating or excessive dietary restriction [88,89], thereby
attenuating adverse metabolic consequences of energy imbalance. Advances in digital
technology have enabled more integrated monitoring and feedback, which may strengthen
behavioral engagement and relevance. Many combined interventions integrate dietary and
physical activity data through applications. Ramalho et al. used an online self-monitoring
system integrating physical activity and dietary records, thereby shifting behavior-change
processes toward the individual level. This approach may enhance motivation and support
behavior change through self-monitoring and self-regulation [51]. In addition, supple-
mentary features such as text reminders, online courses, and social support can provide
additional resources for dietary planning and physical activity implementation. These
features may partially reduce the gap between dietary and physical activity guidance and
lower implementation barriers that are common in traditional combined interventions.
Intervention duration may also influence the magnitude of observed effects. A medium-
term intervention (3–6 months) may provide sufficient time for coordinated development
of dietary and physical activity behaviors, consistent with findings from a meta-analysis
of weight loss among adults with type 2 diabetes [90]. Moschonis et al. also reported
that longer-term interventions (12–18 months) with sustained digital support may help
consolidate healthy habits and reduce short-term relapse [91]. Notably, much of the sup-
porting evidence is derived from different populations and study designs. Therefore, these
inferences require validation in adolescent populations with MetS using appropriately
designed studies.

Although both physical activity-only and combined exercise–nutrition interventions
are mechanistically plausible, some outcomes did not reach statistical significance. Compar-
ing design and implementation across studies suggests several contributors to null findings,
including inadequate control of confounding, suboptimal study design, and insufficient
exercise intensity. First, small sample sizes, high dropout rates, and missing outcome data
likely reduced statistical power. In some studies, this precluded formal hypothesis testing
and may have obscured modest effects. Kepper et al. reported that analyses of BG and
TC were precluded by limited sample size and high dropout [49]. Bowen-Jallow et al.
noted that small sample size, unequal allocation ratios, and dropout limited the ability
to detect between-group differences in BMI and WC [43]. Ramalho et al. reported that
missing data precluded more complex models, limiting analyses to within-group changes
in BMI z scores [51]. Second, control groups often received routine physical activity or
health education; in some studies, shared intervention exposure may have diluted between-
group differences. In Schweitzer et al., the control group received feedback and goal-setting
prompts after baseline dietary and physical activity assessments. Inadequate adjustment for
potential confounding may have contributed to nonsignificant between-group differences
in BMI, WC, WHR, and BP [41]. Similarly, in Kepper et al., control participants received
routine care that included counseling on physical activity and nutrition. This may have
reduced the contrast between groups, contributing to nonsignificant differences in BMI z
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score [49]. Third, intervention dose may have been insufficient, particularly with respect to
exercise intensity, program content, and dietary guidance. This may have limited the extent
of physiological change achievable within the study period. For physical activity–only
interventions, exercise intensity and program content are likely critical determinants of
effect. Sun et al. reported improvements across multiple outcomes (e.g., WHR, VFA, BP,
and TG) after an 8-week physical activity-only intervention that incorporated HIIT [48].
Bicki et al. reported no significant between-group improvement in SBP after a 6-month
pedometer intervention. This may reflect limited personalization and insufficient engage-
ment to motivate changes in activity patterns [45]. Gómez-Cuesta et al. reported that a
short-term intervention using step-tracking apps improved BMI [46]. This contrasts with
Bowen-Jallow et al. and Mateo-Orcajada et al., who relied primarily on step tracking and
reported limited effects despite longer intervention durations [43,47]. This difference may
reflect clearer daily activity targets in Gómez-Cuesta et al., lower adherence in Bowen-
Jallow et al., and limited control of activity frequency/intensity in Mateo-Orcajada et al.
These findings suggest that physical activity-only interventions may require sufficient
intensity to produce measurable effects. For interventions lasting >3 months, engaging
and enjoyable content may be needed to support adolescent motivation and adherence.
Exercise intensity may also be important in combined interventions. For example, Abd
El-Khalek et al. reported within-group improvements in central adiposity measures in a
short-term program combining aerobic exercise with VR games [50]. This contrasts with
Schweitzer et al. and Chen et al. [41,42], possibly because interventions relying mainly
on online guidance may have delivered lower exercise intensity than supervised aerobic
exercise combined with VR games. To better estimate intervention effects, future studies
should define and quantify exercise dose, minimize contamination in control groups, and
use objective tools for continuous behavioral monitoring. This approach would clarify the
effects of digital health interventions across MetS-related outcome domains.

These mechanistic considerations provide potential implications for clinical and public
health practice. Future interventions for adolescents with MetS could adopt a combined
framework centered on physical activity monitoring and supplemented by dietary guid-
ance. Priority could be given to platforms capable of monitoring and providing feedback
on both dietary intake and energy expenditure, thereby enhancing coordination between
intervention components. Intervention duration could be planned around a 3–6-month
cycle, with follow-up as appropriate. For subgroups with chronic conditions (e.g., obesity
or cardiovascular disease), longer intervention periods may be considered to support main-
tenance of behavior change. In summary, digital health-enabled combined interventions
may improve MetS-related outcomes by targeting mechanisms such as energy balance,
offering a promising avenue for the prevention of MetS in adolescents. Future research
should optimize exercise intensity, intervention duration, and alignment between tech-
nology features and individual behavior to improve the effectiveness of digital health
interventions for MetS-related outcomes in adolescents.

4.3. Advantages and Limitations

This review has three main strengths: population focus, analytical framework, and out-
come selection. (1) Population focus: To inform interventions for the increasingly younger
onset of MetS, we focused on school-aged children and adolescents aged 8–22 years. Com-
pared with prior reviews that focused primarily on older adults or clinical populations (e.g.,
individuals with diabetes), this review synthesizes evidence on digital health technologies
targeting diet and physical activity in adolescents, Provide evidence to guide the prevention
of MetS. (2) Analytical framework: We summarized the statistical methods used to evaluate
outcome changes, which improves transparency in interpreting findings. In addition, we
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organized findings across three dimensions: technology modality (single device, dual de-
vice, multi-component hybrid), intervention content (physical activity–only vs. combined
exercise–nutrition), and duration (short-, medium-, and long-term). This structure may
inform technology selection and program design in practical settings. (3) Outcome selection:
We emphasized commonly used MetS-related outcome measures, including overall adipos-
ity (BMI/BMI z-score), central adiposity (WC and WHR), and cardiometabolic markers (BP,
BG, and lipid measures). By mapping outcomes to intervention types, this synthesis helps
identify which targets are most frequently addressed by different technologies and may
guide optimization of future intervention protocols.

This review has several limitations. (1) Population and sample size: Most included
studies enrolled adolescents with overweight or obesity, and sample sizes varied sub-
stantially (18–430 participants). The limited statistical power of small-sample studies
(e.g., n = 18) may have reduced the precision and stability of some estimates. (2) Analyt-
ical heterogeneity: The included studies used heterogeneous statistical approaches (e.g.,
independent-samples t-tests and repeated-measures ANOVA). In addition, raw data were
unavailable for several studies, precluding a quantitative meta-analysis and limiting this
work to narrative synthesis. As a result, overall effect sizes and consistency across trials
could not be formally quantified. (3) Risk of bias and blinding: All included trials required
wearable-based monitoring for physical activity components. This design makes blinding
participants and personnel challenging and may introduce performance and detection
bias in outcome assessment. (4) Publication bias: Our exclusion of grey literature (e.g.,
conference abstracts, dissertations, and trial registries) were not captured, which may have
influenced our overall conclusions.

Future studies could conduct multicenter, adequately powered randomized controlled
trials to improve representativeness across regions and health profiles. Standardized
reporting (e.g., consistent outcome definitions and data formats) would facilitate future
meta-analyses. With ongoing technological advances, future research may also evaluate
emerging modalities such as artificial intelligence and AR/VR. Where feasible, future trials
could incorporate additional biochemical and physiological markers, extend intervention
and follow-up durations, standardize measurement protocols, develop scalable programs
across settings, and tailor interventions to specific subgroups.

5. Conclusions
The evidence synthesized in this review suggests that digital health technologies, par-

ticularly when applied in combined exercise and nutrition programs or in physical activity
interventions of moderate to high intensity, may improve MetS-related outcome measures
among adolescents. These technologies show potential to improve overall adiposity, cen-
tral adiposity, and selected cardiometabolic markers through single device, dual device,
or multi-component hybrid models, particularly in medium-to-long-term interventions.
Combined exercise–nutrition approaches may strengthen the link between behavior change
and metabolic health by enabling coordinated targeting of energy intake and expenditure.
Although improvements in biochemical outcomes were not consistently observed across
studies, the findings underscore the value of digital health technologies for capturing
complex interactions among diet, physical activity, and metabolic responses.

From public health and clinical perspectives, these findings support integrating digital
health technologies into interventions targeting the prevention and treatment of metabolic
syndrome in adolescents. Such approaches may be particularly well suited to youth
given high metabolic plasticity and may help address limitations of traditional programs,
including limited reach and delayed feedback. They also provide evidence to inform more
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personalized chronic disease prevention strategies and may facilitate a shift from purely
face-to-face delivery toward scalable digital approaches.

Overall, these approaches hold promise for translating digital health technologies
into more effective and sustainable prevention and intervention programs for adolescent
populations at risk of metabolic disorders. Such efforts may help counter the trend toward
earlier onset of metabolic abnormalities and reduce future cardiometabolic disease risk,
including cardiovascular disease and type 2 diabetes.
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