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and that its depth should align with the practical stakes of 
decision-making in TID. 

Looking ahead, future research should prioritize 
larger, longitudinal, and multi-sport datasets that allow for 
robust model development and both statistical and ecolog-
ical external validation. In addition to conventional hold-
out or cross-cohort testing, ecological external validation 
involves evaluating model performance across different 
clubs, regions, and competition levels to ensure contextual 
robustness and ecological realism. Such cross-setting vali-
dation helps determine whether predictive patterns reflect 
genuine developmental principles or context-specific arti-
facts, bridging methodological rigor with the complex, 
adaptive nature of sport environments. Standardized re-
porting of ML pipelines - including feature engineering, 
calibration assessment, validation strategies, and interpret-
ability methods - would improve transparency and compa-
rability across studies. Greater integration of multidimen-
sional data is also needed to capture the complexity of tal-
ent development. Moreover, collaboration between sport 
scientists, data scientists, and practitioners will be essential 
to ensure that models are not only accurate but also inter-
pretable, ethically sound, and practically relevant. By em-
bracing open science practices and methodological rigor, 
the field can move beyond optimism bias toward a more 
cumulative, self-correcting body of evidence that meaning-
fully informs talent identification and development sys-
tems. 

To enhance reproducibility and comparability, fu-
ture ML studies in talent identification should adopt, at 
minimum, clearly describe their data partitioning strategy, 
including whether splits were performed at the athlete or 
trial level; outline steps for leakage control to prevent in-
formation overlap between training and testing sets; report 
how class imbalance was handled within validation folds; 
and include both discrimination and calibration metrics 
(e.g., AUC, Brier score, calibration slope). In addition, 
transparency around fairness auditing - such as assessing 
model performance across relative-age quartiles, sex, or 
maturation status - will improve interpretability and ethical 
accountability. Consistent reporting of these elements 
would substantially strengthen the methodological quality, 
transparency, and applied trustworthiness of ML research 
in youth talent identification. 

To promote equitable predictions across subpopula-
tions, we propose a minimal fairness framework specifying 
main covariates that should be recorded, modeled, and au-
dited in youth TID, as exemples, birth quarter/relative age, 
biological maturation status (e.g., PHV indicators), and so-
cio-economic background (e.g., school type or deprivation 
index), alongside sex and playing context (e.g., region/club 
resource level). These variables should be (i) pre-specified 
in protocols, (ii) considered as features or stratification fac-
tors where appropriate, and (iii) subjected to subgroup and 
intersectional audits reporting discrimination, calibration, 
and error-rate parity at a stated operating point. If dispari-
ties are detected, studies should apply bias-mitigation pro-
cedures (e.g., reweighting, stratified sampling, threshold 
adjustment, post-hoc recalibration) and re-report subgroup 
metrics. 

From a practical standpoint, the findings of this re-
view suggest that ML may have potential to complement, 
rather than replace, traditional talent identification and de-
velopment practices. Current evidence indicates that ML 
models can highlight patterns across large, multidimen-
sional datasets and may assist coaches and scouts in refin-
ing their decisions or monitoring athlete development. 
However, given the frequent limitations of small sample 
sizes, context-specific data, and limited external validation, 
these tools should be viewed as exploratory decision-sup-
port aids rather than definitive selection instruments. Prac-
titioners are advised to use ML outputs in conjunction with 
expert judgment, holistic evaluation of athletes, and aware-
ness of potential biases (e.g., relative age, socio-cultural in-
fluences). This complementary role can be understood 
along two interconnected pathways, namely an operational 
pathway, in which ML assists practitioners with data-
driven screening, workload monitoring, and early flagging 
of developmental trends to enhance decision efficiency, 
and a discovery pathway, where ML identifies novel, inter-
action-based patterns among physical, technical, and psy-
chosocial constraints that can inform longitudinal experi-
mentation and theory development. These pathways illus-
trate that the value of ML lies not in replacing human ex-
pertise but in augmenting it - bridging empirical discovery 
with applied decision-making in youth talent systems. 
Careful integration in practice may enhance efficiency and 
provide additional perspectives, but overreliance on unval-
idated models risks reinforcing existing inequalities or pro-
ducing misleading conclusions. 

To operationalize these findings, practitioners could 
adopt tiered decision protocols in which ML models are 
first used for broad early screening - prioritizing high sen-
sitivity to avoid missing potential talent - followed by 
structured expert evaluation emphasizing context, adapta-
bility, and psychosocial maturity. Such hybrid frameworks 
can combine algorithmic efficiency with human interpre-
tive depth, ensuring that automated outputs inform but do 
not dictate selection. In this way, ML functions as an evi-
dence-based triage tool that supports individualized moni-
toring, facilitates ongoing re-evaluation, and helps direct 
coaching resources toward athletes with emerging poten-
tial rather than early advantage. 

From a practitioner perspective, the implementation 
of ML in TID can also be conceptualized as a sequential 
decision pathway encompassing model development, vali-
dation, deployment, and monitoring. During development, 
multidisciplinary teams should ensure data representative-
ness, apply rigorous leakage control, and use nested cross-
validation to optimize model tuning. Validation should 
progress from internal to independent external testing to 
evaluate transportability and calibration before any opera-
tional use. In deployment, ML outputs should serve as de-
cision-support tools within structured selection frame-
works - for instance, as high-sensitivity screening aids that 
prompt subsequent expert evaluation. Finally, ongoing 
monitoring is essential to detect model drift, reassess fair-
ness across athlete subgroups, and recalibrate performance 
metrics as data and populations evolve. This cyclical pro-
cess ensures that ML models remain methodologically 
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sound, contextually relevant, and ethically aligned with the 
developmental principles of youth sport. 

 
Conclusion 
 
This systematic review found that research applying ML in 
sport talent identification remains limited in scope but ex-
panding. The majority of available studies focused on se-
lection prediction tasks, particularly in soccer and other 
team sports, where algorithms were used to forecast admis-
sion, progression, or draft success. A smaller but growing 
body of work addressed performance prediction, leverag-
ing physiological, anthropometric, or cognitive markers to 
estimate test results or in-game performance. Fewer studies 
explored team formation and positional classification, and 
an emerging set of contributions examined broader appli-
cations such as profiling, maturation, and scouting support. 
Across domains, Random Forest, gradient boosting meth-
ods, and neural networks were the most frequently applied, 
often achieving moderate to high internal accuracy. How-
ever, very few studies provided external validation, and 
most were conducted on relatively small, single-sport or 
academy-specific datasets, limiting generalizability. 

The findings suggest that while ML offers clear po-
tential to enrich talent identification and development sys-
tems, its current role should be viewed as exploratory and 
complementary rather than decisive. The predominance of 
selection-focused studies highlights a narrow evidence 
base, with underrepresentation of longitudinal designs, fe-
male athletes, and diverse sporting contexts. Moreover, in-
terpretability methods - although increasingly adopted - re-
main inconsistently applied, and socio-cultural or psycho-
logical factors are still less frequently integrated than phys-
ical and technical measures. Future progress will depend 
on larger, multi-sample datasets, standardized reporting of 
algorithms and metrics, and collaborative efforts to embed 
interpretability and equity within predictive pipelines. Un-
til such methodological and theoretical maturity is 
achieved, the use of ML in practice should remain cautious, 
serving as a support to - not a substitute for - expert judg-
ment and holistic athlete evaluation. Ultimately, in youth 
TID, transparency, transportability, and theoretical coher-
ence are the pillars upon which meaningful ML applica-
tions must be built. 
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Key points 
 
 Machine learning (ML) can identify complex talent patterns 

across physical, technical, and psychological data, but it 
should complement—not replace—expert judgment. 

 Most studies show moderate accuracy but lack external val-
idation, making their generalizability and real-world relia-
bility limited. 

 Current research is constrained by small samples and bias, 
highlighting the need for larger, multi-sport, and longitudi-
nal datasets with standardized reporting and validation. 
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