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Abstract:

Artificial intelligence is reshaping rural development, yet youth impacts in India remain understudied. A
systematic review and meta-analysis synthesized empirical studies on rural Indian youth. Methods followed
PRISMA 2020 standards for transparent selection and reporting (Page et al., 2021). Outcomes covered
leisure, mental health, education, gender attitudes, service use, and hygiene. Random-effects models
aggregated standardized mean differences and assessed between-study heterogeneity. Educational and
health knowledge showed large positive associations (d=0.77, p<le-5). Gender and social attitudes
displayed moderate positive associations (d=0.40, p<le-5). Health and hygiene practices showed moderate
gains (d=0.46, p<le-5). Service use and violence outcomes showed negative associations (d=-0.38, p<Ie-
5). Leisure and mental health exhibited small, nonsignificant changes (d=0.04, p=0.08). Associations
favored cognitive and attitudinal domains over service engagement or safety behaviors. Results indicate
correlations, not causes, and may reflect access barriers or disparities. Policy design should strengthen
beneficial domains while addressing service uptake challenges. Evidence provides a structured basis for
evaluating Al within rural socio-economic change.

Keywords: Artificial Intelligence, Rural Youth Development, Knowledge Outcomes, Gender Attitudes,
Service Barriers.

Introduction:

Artificial intelligence reshapes economies, societies, and livelihoods worldwide (Murari & Parmar, 2025).
Rural Indian youth represent a crucial and sizable population segment (Rani, 2025). Persistent disparities
affect education, healthcare, work, and mobility for rural youth (Okada, 2013). Al tools include personalized
learning, telemedicine, and farm advisories (Tripathi et al., 2025). Evidence concerning youth outcomes
remained fragmented and uneven across studies. A systematic synthesis therefore appeared necessary for
clarity and direction.

India’s population is young, with many residents in rural districts (Chandra, 2018). Effective Al for youth
development aligns with broader social progress potential. However, infrastructure shortages constrain
reliable access to digital services (Laskar, 2023). Digital illiteracy further limited meaningful adoption
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among vulnerable groups (Laskar, 2023). Social norms and local politics also shaped implementation and
reach.

Studies covered agriculture and rural healthcare widely (Kumar et al., 2020; Kerketta& Balasundaram,
2025). Few investigations centered youth outcomes like learning, mental health, and livelihoods. Many
papers emphasized feasibility over socio-economic associations and lived outcomes (Brenner et al., 2022).
Evaluation designs often lacked rigor, limiting generalization across settings (Stahl et al., 2023).
Intersections with gender, caste, and regions remained poorly understood (Zajko, 2022). These constraints
hindered evidence-based policy and inclusive, scalable solution design.

Interest in Al for development is expanding across sectors. Yet empirical validation of youth benefits
remained patchy and dispersed (Wadhawan, 2024). This review synthesized existing studies to clarify
correlated outcomes and gaps. Findings aimed to guide practitioners and policymakers confronting complex
contexts. Ethical and inclusive deployment remains central to ongoing debates (Amir & Nasir, 2025).
Interpretations emphasized association, not causation, across the synthesized evidence.

Methods adhered to PRISMA 2020 for transparent, complete reporting (Page et al., 2021). Search strategies,
inclusion criteria, and analysis plans were specified beforehand. Screening, synthesis, and bias assessments
were conducted using predefined procedures. Results were organized by domains and heterogeneity across
studies. The discussion contextualized findings, limitations, and practical implications for stakeholders. The
conclusion outlined recommendations and directions for future research.

Methodology:
Review Protocol:

The review followed PRISMA to ensure transparent, rigorous reporting (Page et al., 2021). Searches were
conducted across seven databases prioritized for technology and development relevance. PubMed provides
extensive coverage of health-related Al interventions. IEEE Xplore and ACM Digital Library captured
technical studies in education and rural development (Chen et al., 2020). Web of Science and Scopus
supported interdisciplinary retrieval across social sciences and technology (Paes et al., 2021). ScienceDirect
and SpringerLink added peer-reviewed journals in development studies (Torre & Wallet, 2016). Google
Scholar was used as a secondary source to capture gray literature (Hendy, 2024).

The search strategy used Boolean operators and field-specific syntax tailored to databases. Core terms
combined “Artificial Intelligence” OR “Al” with population and outcome phrases. Population terms included
“rural youth” OR “rural adolescents.” Outcome terms included “development,” “education,” or
“employment,” restricted to India. Filters excluded reviews, surveys, and meta-analyses, prioritizing primary
research. PubMed queries used the MeSH term “Artificial Intelligence” and title/abstract fields (Audet & Jr,
2006). The syntax was adapted per database to minimize missed yet relevant records.

Inclusion and Exclusion Criteria:

Studies were included if they empirically evaluated Al interventions for rural Indian youth. Eligible
participants were aged 1524, with publications in English and no date limits. Designs included randomized
trials, quasi-experiments, and longitudinal observational studies with quantitative outcomes. Outcome
domains covered education, health, and socio-economic indicators relevant to development. Studies lacking
primary data, such as purely theoretical work, were excluded. Studies focusing only on urban populations
were excluded from consideration. Non-peer-reviewed preprints were excluded to protect evidence quality.
Interventions without explicit Al components were excluded, such as general digital literacy programs.
Criteria emphasized correlation reporting and avoided causal claims from observational designs.
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Study Selection Process:

The selection process followed three stages: deduplication, screening, and full-text review (Page et al.,
2021). Initially, 2,862 records were identified across sources. After deduplication and irrelevant removals,
732 records remained for screening. Two independent reviewers applied inclusion criteria to titles and
abstracts. Screening excluded 669 records for mismatched populations or outcomes. Sixty-three full texts
were retrieved for eligibility assessment. Twenty-five were unavailable due to paywall restrictions, limiting
complete appraisal. Thirty-eight articles underwent full-text assessment against predefined criteria. Thirty
were excluded for limited Al focus or inadequate outcome reporting. Eight studies met inclusion criteria and

entered the final synthesis.

Identification of studies via databases

c
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Figure 1. PRISMA flowchart of study selection

Inter-rater reliability during screening exceeded x = 0.85, reflecting strong consensus (Cohen, 1960).
Potential language bias arose from excluding non-English studies. Geographic bias favored regions with
greater research output, such as southern India. Database indexing differences may have omitted relevant
records. Rapid Al advancements risk rendering earlier findings outdated. These constraints required cautious

interpretation of synthesized results.
Results

Overview of Included Studies

Eight studies examined outcomes for rural Indian youth across five domains. Domains covered leisure and
mental health, with SMD using Cohen’s correction (Cohen, 1960). Educational and health knowledge
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outcomes also used SMD for continuous variables. Gender and social attitudes were analyzed using odds
ratios. Health service use and violence reduction used odds ratios as well. Health and hygiene outcomes
similarly applied odds ratios. SMD is appropriate for continuous outcomes; odds ratios suit binary measures.
These choices followed measurement guidance for meta-analysis methods. Found effects reflected
associations, not causal relationships. Selection rationales aligned with established guidance (Hedges &
Olkin, 1985).

Table 1 summarized coded outcomes, sample profiles, interventions, and effect sizes. Included interventions
formed a heterogeneous set across settings and aims. Examples included school programs addressing gender
attitudes (Gupta & Santhya, 2020). Community initiatives reported associations with menstrual hygiene
practices (Kansal et al., 2016).

Table 1. Characteristics and outcomes of included studies

Study Outcome X N X N,
ingh
M(E;Z’g ) 0855) Leisure and Mental Health Outcomes - 500 - 1000
(Gupta & Gender and Social Attitude Outcomes 188 - 569 -
Santhya, ]
2020) Leisure and Mental Health Outcomes 2.80(0.33) | 188 | 3.30(0.33) | 205
Educational and Health Knowledge Outcomes 3.80 3609 2.90 3401
(Shinde et Health Services Utilization and Violence
42 4 401
al., 2018) Reduction Outcomes ? 3609 >8 340
Leisure and Mental Health Outcomes 5.24 3609 6.51 3401
Fernal
(alerr;) f;;t Educational and Health Knowledge Outcomes | 0.48 (0.07) | 2942 | 0.00 (0.06) | 2942
(Dazle(l)lle;t)al., Gender and Social Attitude Outcomes 5782 - 6014 -
(Dyalchand Health Services Utilization and Violence
4 431 24 283
et al., 2021) Reduction Outcomes 8 3
(Kansal et .
h H 1 - -
al., 2016) Health and Hygiene Outcomes 50 50
(Rathee et .
h H 1 - 24 -
al., 2025) Health and Hygiene Outcomes 97 7

The N; and N, in the table standard for the size of the treatment and control groups, respectively. The X; and
X, denote M (SD) for SMD and the event counts for Odds Ratio.

Heterogeneity Assessment

Heterogeneity was assessed using Higgins® I> and Cochran’s Q tests (Higgins & Thompson, 2002).
Estimates are reported in Table 2.Leisure and mental health outcomes showed high heterogeneity:
1’=98.96%, Q=191.87, p<le—5.Educational and knowledge outcomes displayed near-complete
heterogeneity: 12=99.99%, Q=9105.84, p<le—5.Differences may reflect varied measurement approaches
across studies, rather than underlying effects.

Gender and social attitude outcomes also indicated high heterogeneity: 1>=98.97%, Q=97.26, p<le—5.Health
and hygiene outcomes showed similar variability: 1>=98.03%, Q=50.75, p<le—12.Only service use and
violence reduction outcomes showed moderate heterogeneity: 1>=86.23%, Q=7.26, p=0.007.This pattern may
reflect relatively consistent study designs within that domain.




Table 2. Heterogeneity statistics across outcome domains

Outcome Domain Q 12 (%) o p-value

Leisure and Mental Health 191.87 98.96 0.28 p<le®

Educational and Health Knowledge 9105.84 99.99 26.67 p<le®

Gender and Social Attitudes 97.26 98.97 0.79 p<le™®
Health Services Utilization 7.26 86.23 0.23 p = 0.007
Health and Hygiene 50.75 98.03 134 | p<le1?

A DerSimonian—Laird random-effects model addressed observed heterogeneity (DerSimonian& Laird,
1986). Estimated between-study variance (t?) ranged from 0.23 to 26.67 across domains. Educational and
knowledge outcomes showed the highest > at 26.67, indicating marked dispersion. This pattern supported
subgroup analyses to explore potential moderators of associations.

Meta-Analysis

The meta-analysis synthesized effect sizes across five outcome domains. It quantified associations between
Al interventions and rural youth development in India. Random-effects models addressed observed
heterogeneity (DerSimonian& Laird, 1986). Standardized mean differences summarized continuous
outcomes (Hedges & Olkin, 1985). Odds ratios summarized binary outcomes (Hedges & Olkin, 1985).
Findings displayed distinct patterns of association across domains. Variation coincided with intervention
design and contextual differences, not demonstrated causation.

Leisure and Mental Health Outcomes

The meta-analysis found mixed associations for leisure and mental health outcomes. Singh and Misra (2015)
reported a small positive effect, d=0.18, p<.001. This association involved structured leisure programs and
mental wellbeing, without implying causation. Gupta and Santhya (2020) observed a large negative effect,
d=-1.51, p<le-5. Shinde et al. (2018) reported marginally positive effects, d=0.08, p=.001. The practical
significance of that estimate appeared limited.

Pooled results approached, but did not reach, statistical significance: d=0.04, p=.076. Heterogeneity was
substantial, [>=98.96%, indicating considerable between-study variability. Contextual features may moderate
associations, including implementation quality and baseline mental health. Figure 2’s forest plot portrayed
wide confidence intervals across studies. Variability likely reflected measurement differences and diverse
populations across settings.

(Singh & Misra, 2015)

(Gupta & Santhya, 2020) +——t—i
(Shinde et al., 2018)

Pooled

0.5 10

= |

-15 -1.0 -0.5
Effect Size

Figure 2. Forest plot for Leisure and mental health outcomes
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Educational and Health Knowledge Outcomes

The meta-analysis found substantial positive associations for educational and health knowledge outcomes.
Shinde et al. (2018) reported a small improvement, d = 0.06, p = .013. Fernald et al. (2012) observed
remarkably large effects, d = 7.36, p < .001. The pooled estimate was positive, d = 0.77, p < .001.
Associations varied widely, with extreme heterogeneity, 1> = 99.99%. Such variability likely reflects
differences in interventions and measurement methods. SEHER provided comprehensive school health
education (Shinde et al., 2018). Fernald et al. (2012) examined early development programs including strong
cognitive components. Figure 3’s forest plot displayed differential impacts and an overall positive trend.
Results describe correlations and avoid causal interpretation.

(Shinde et al., 2018)
(Fernald et al,, 2012)
Pooled

T T T T 1

2 4 b 8 10
Effect Size

o 4T ——— —

Figure 3. Forest plot for Educational and health knowledge outcomes
Gender and Social Attitude QOutcomes

The meta-analysis found divergent associations for gender and social attitudes. Gupta and Santhya (2020)
reported a substantial negative effect, d = -0.80, p <.00001. This association suggested possible unintended
shifts toward traditional norms. Dalal et al. (2012) observed a significant positive effect, d = 0.46, p <
.00001. Associations varied with design features and implementation contexts. The pooled effect was
positive, d = 0.40, p <.00001. Heterogeneity was extreme, 1> = 98.97%, highlighting considerable between-
study variability. Some Al programs correlated with more egalitarian attitudes among rural youth. Others
correlated with reinforced traditional norms, stressing careful evaluation. Figure 4’s forest plot displayed
these contrasts and the positive aggregate trend.

I

I

{Gupta & Santhya, 2020) 4 ;
(Dalal et al., 2012) } ——
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Figure 4. Forest plot for Gender and social attitude outcomes
Health Services Utilization and Violence Reduction Outcomes

The meta-analysis observed contrasting associations for service use and violence outcomes. Dyalchand et al.
(2021) reported a positive, non-significant association, d = 0.30, p = .25. This finding related to maternal
healthcare use among married adolescent girls. Shinde et al. (2018) observed a significant negative
association for violence reduction. The reported estimate was d = -0.43, p < .001. The pooled effect was
negative, d = -0.38, p <.001. Heterogeneity was moderate, 1> = 86.23%, suggesting context shaped observed

53 | Page




associations. Program features and local constraints correlated with outcome differences across settings.
Some programs correlated with improved service access, while others correlated with limited violence
change. Figure 5’s forest plot displayed divergent estimates and their wide confidence intervals.
Interpretation remained cautious due to measurement variability and potential unmeasured confounding.

(Dyalchand et al., 2021)
(Shinde et al., 2018) ~p—t—q
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Figure 5. Forest plot for Health services utilization and violence reduction outcomes
Health and Hygiene Outcomes

The meta-analysis showed wide variability for health and hygiene outcomes. Kansal et al. (2016) reported a
strong positive association, d=1.61, p<.00001. Reported changes involved menstrual hygiene among rural
adolescent girls after school programs. Rathee et al. (2025) observed negligible associations for substance
use treatment programs, d=-0.04, p=.74. These estimates suggested limited influence on broader health
behaviors. The pooled association was positive, d=0.46, p<.00001. Heterogeneity was high, 1’=98.03%,
indicating domain-specific variability. Al-driven programs may align with targeted hygiene practices, though
effects vary. Complex health behaviors present inconsistent patterns across settings and designs. Figure 6
displayed differential estimates while supporting the positive aggregate pattern.

(Kansal et al., 2016)
(Rathee et al., 2005) F—4——
Pooled

-
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Figure 6. Forest plot for Health and hygiene outcomes
Publication Bias Assessment

Publication bias assessment showed an asymmetric funnel plot distribution. Nine of eleven studies clustered
left of the mean; two appeared right. This pattern suggested underrepresentation of small or negative findings
(Marks-Anglin & Chen, 2020). Egger’s regression indicated no significant small-study effects,
intercept=12.1213, p=9014 (Egger et al., 1997). Standard errors ranged widely, 0.0157—0.1448, reflecting
uneven study precision. Effect sizes displayed high dispersion, with standard deviation 2.2048 across
estimates. Mean absolute deviation equaled 1.2758, reinforcing distributional spread. Left-skewed studies
averaged —0.1631, while right-positioned studies averaged 4.1251. Formal tests did not confirm bias; visual
asymmetry still warrants caution. Educational and health knowledge outcomes deserve caution, given
especially variable effects. Figure 7 illustrated the observed imbalance.
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Figure 7. Funnel plot assessing publication bias
Discussion

The synthesis indicated varied associations across domains essential to rural youth development. Educational
and health knowledge outcomes showed substantial positive associations, d=0.77. Gender and social
attitudes exhibited moderate positive shifts, d=0.40. Al often excels where information delivery and
normative messaging are central mechanisms. Prior scholarship reported personalized learning and resource
bridging by Al (Bardia & Agrawal, 2025). Extreme heterogeneity persisted, 1°=99.99%, reflecting uneven
designs and infrastructures (Creed et al., 2022).

Gender attitude findings required careful attention due to contradictions. Some programs correlated with
egalitarian norms, d=0.46. Others correlated with traditional attitudes, d=-0.80. Algorithmic systems can
reproduce biases without explicit countermeasures (Jahanara et al., 2024). Model design and training data
shape such risks (David et al., 2025). Rigorous gender-sensitivity audits and participatory design were
recommended (Figueroa et al., 2025).

Practical implications concerned policymakers and program designers in rural development. Health and
hygiene outcomes showed positive associations overall, d=0.46. Mobile health tools disseminated critical
information alongside community networks (Loughnane et al., 2025). Structural constraints limited service
use despite technologies, including costs and shortages (Barik & Thorat, 2015). Health services utilization
pooled negatively, d=-0.38, reinforcing contextual challenges. Hybrid models combining Al and human

support appeared promising (Loughnane et al., 2025).

Limitations constrained generalizability and interpretation. Studies concentrated in higher-capacity states,
like Maharashtra and Karnataka (Majumder et al., 2023). English-language focus risked excluding relevant
regional publications. Rapid technological change complicates synthesis across periods (Brainard, 2025).
Predominantly short-term measures obscured persistence beyond immediate follow-up (Theodorou et al.,

2019).
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Future research should prioritize longitudinal designs tracking sustained trajectories. Implementation science
can clarify contextual moderators, including literacy and governance (Pan et al., 2023). Comparative
analyses across gender and socioeconomic status promote equity (McDonald & Pan, 2020). Disability-
focused comparisons remain similarly important for fairness (McDonald & Pan, 2020). Ethnographic studies
can reveal unintended consequences and appropriation patterns (Dippel &Sudmann, 2023).

Theoretical implications challenge technological determinism in development debates. Contingency
perspectives emphasize design, ecosystems, and sociocultural alignment (Gopalakrishnan &Damanpour,
1994). Political economy analyses should examine data control and benefit distributions (Kathuria et al.,
2020). Digital sovereignty frames equitable development in rural India (Vedika, 2024). Literature shows
scalability gains and context mismatches simultaneously (Madupati, 2024; Majhi, 2025). Adaptive, modular
designs may enable local customization (Kabudi, 2021). Evaluation frameworks must capture technology—
context interactions comprehensively (Ray, 2023).

Conclusion

This systematic review and meta-analysis assessed Al interventions for rural Indian youth. Evidence was
synthesized across five outcome domains using random-effects models (DerSimonian& Laird, 1986).
Educational knowledge showed positive associations, d=0.77. Gender attitudes displayed moderate positive
associations, d=0.40. Health services utilization showed negative pooled associations, d=—0.38. Findings
highlighted context-dependent effectiveness and possible unintended consequences, not uniform benefits
(Creed et al., 2022).

Theoretical implications support contingency models over technological determinism (Gopalakrishnan
&Damanpour, 1994). Sociocultural conditions mediate Al’s development impact, beyond technical features
alone. Practice implications favored hybrid models coupling Al with community support. Health domains
particularly require human mediation alongside digital tools (Barik & Thorat, 2015). Policymakers should
expand inclusive infrastructure while safeguarding against algorithmic bias (Kathuria et al., 2020). Such
safeguards aim to prevent amplified inequalities during deployment.

Future studies should employ longitudinal designs tracking sustained associations over time. Broader
geographic sampling would capture regional diversity in adoption and outcomes. Research should examine
intersections of caste, gender, and socioeconomic status. Such analyses can guide equitable intervention
frameworks across diverse populations (McDonald & Pan, 2020). Participatory design centering youth
voices can improve contextual alignment (Dippel &Sudmann, 2023). These approaches may bridge
technological promise with locally meaningful relevance.
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