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Introdution

Theoretical

At the foundational level, artificial neural
networks are designed to mimic the
information-processing capabilities of the
human brain, utilizing interconnected nodes

or neurons to identify patterns within

Abstract

The traditional landscape of sports scouting, long defined by the subjective intuition of seasoned
professionals, is undergoing a profound transformation driven by the proliferation of high-dimensional
data and the sophisticated application of Artificial Neural Networks (ANNs). Historically, talent
identification—the process of recognizing young or unknown athletes with the potential to perform at
the elite level—relied heavily on personal experience, qualitative criteria, and geographic proximity. '
These methods, while culturally entrenched, are inherently prone to cognitive biases, human error, and
the "Relative Age Effect" (RAE), where physical maturity is frequently mistaken for latent talent.! As
professional sports organizations move toward a model of "talent supply chain management," the
integration of computational models provides a mechanism to secure competitive advantages before
rivals discover specific athletes, while simultaneously optimizing the distribution of training resources
and minimizing financial losses associated with unsuccessful development programs.

Framework of Neural received, weighted according to their
Computation in Sports

predictive significance, and transformed via
activation functions to produce a usable
output.! This architecture allows for the
modeling of highly non-linear
relationships—an essential requirement in
the sports domain, where the path from youth
potential to senior-level success is rarely

multivariate datasets that are otherwise
undetectable to human analysts.! The
artificial neuron acts as a formal

mathematical model where signals are The Mathematical Basis of Neuron

characterized by a linear progression of
skills.!
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Activation

The processing of a signal within an
individual neuron involves the reception of
weighted inputs and the application of a bias
term, followed by a transformation through
an activation function. If the input features of
an athlete, such as maximum velocity or heart
variability, represented  as

rate are

Iy, Loy...,L . . z.
1y %25 ==+ 5¥n the pre-activation sum “ is

formulated as:

z:Z(

In this equation, w represents the weights

assigned during the training process, and ~ is
the bias. To introduce non-linearity, which
allows the network to capture complex
physical interactions, an activation function

is applied. In the context of binary
classification—such as determining whether
a youth player will successfully transition to
a professional academy—the Sigmoid
function is frequently utilized:

o(z) =

For deeper architectures where the risk of
vanishing gradients exists, the Rectified
Linear Unit (ReLU) is preferred, defined as

f(z) = max(0, z). These mathematical

constructs enable the network to adjust its
internal parameters through
backpropagation, an algorithm that calculates
the gradient of the loss function with respect
to the network's weights, allowing for
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iterative refinement until the error between

prediction and actual

minimized.'

performance is

Deep Learning Architectures and Their
Functional Applications

The multifaceted nature of athletic data
necessitates a variety of neural architectures.
While simple feedforward networks are
sufficient for processing tabular combine
results, the dynamic nature of sport requires
models capable of interpreting spatial and
temporal sequences.

Convolutional Neural Networks (CNNs)
for Spatial Biomechanics

CNNs have revolutionized the use of visual
data in scouting. By passing video frames
through filters, CNNs
automatically hierarchical
representations—starting  with  low-level
features like edges and and
progressing to complex patterns like joint
angles and gait cycles.! This automated
feature extraction eliminates the need for

learnable
extract

textures

manual video tagging, allowing scouts to
analyze movement patterns across thousands
of hours of footage in minutes.'' In sports like
soccer and basketball, CNNs track the
positioning of athletes relative to the ball and
opponents, providing an objective measure of
"tactical intelligence" that was previously
deemed unquantifiable.

Recurrent Neural Networks (RNNs) and
the Temporal Growth Curve

Unlike standard networks, RNNs and their
advanced counterparts, Long Short-Term
Memory (LSTM) units, possess cyclic
connections that allow them to preserve
internal states over time.! This is critical for
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talent identification, as it enables the tracking
of an athlete's development trajectory over
LSTMs utilize gating
mechanisms to store and forget information,
making them particularly effective at
modeling the "career curves" of young
athletes and identifying those who have not
yet reached their peak height velocity but
show signs of superior technical growth.'

several seasons.'

Hybrid CNN-LSTM Frameworks

A significant advancement in sports video
analysis is the fusion of CNN and LSTM

21(2): 609-621, 2026

www.thebioscan.com

architectures. This hybrid approach uses a
CNN (often a pre-trained backbone like
VGG16 or ResNet) to extract spatial features
from each frame, which are then fed into an
LSTM to capture the temporal progression of
the movement.'” This model is particularly
effective for "action spotting"—the ability to
localize specific events like a shot on goal or
a defensive block—and for analyzing the
"kinetic chain" of a baseball pitch or a tennis
serve, where the sequence of movements is
more important than any single snapshot. '

Architecture Type Key Mechanism Best Use Case Performance
Benchmark
0 18
Feedforward Linear signal flow Tabular physical 86.5% Accuracy
(FFNN) tests
0
Convolutional Spatial filters Biomechanical 4% . Expert
(CNN) analysis Agreement
0 0 8
Recurrent (LSTM) | Gating mechanisms | Career trajectory 15\/? If)) 598'12 70> basic
0 16
Hybrid CNN- | Spatiotemporal Action recognition 91.8% Accuracy
LSTM fusion
0 20
Random Forest | Ensemble bagging Injury risk 98% Accuracy
(RF)

Data Collection, Preprocessing, and Dimensionality Reduction

The effectiveness of an ANN s
fundamentally tied to the quality and
relevance of its training data. In modern
sports, this involves synthesizing "multi-
modal" datasets that combine performance

611

metrics, physical attributes, video footage,
and physiological signals.'

Multi-modal
Fusion

Integration and Sensor
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Scouts now leverage five primary categories
of data: box score statistics, optical tracking
(spatial coordinates), wearable sensor data
(internal/external loads), contextual
environmental data, and longitudinal
development metrics.””> Wearables like the
Polar H10 or Whoop sensors provide
granular physiological data, including heart
rate  variability (HRV) and oxygen
consumption (VO2max), which serve as
indicators of an athlete's biological
capacity.'®

A critical step in preparing this data for an
ANN is normalization. Because physical
metrics vary across age groups and positions,
raw scores can be misleading. Min-max
scaling and Z-score standardization are used
to ensure that all input features reside on a
comparable scale, preventing variables with
larger numerical ranges (like heart rate) from
dominating variables with smaller ranges
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(like reaction time) during the weight-
adjustment phase of training.'

Principal Component Analysis (PCA) and
Feature Engineering

Given the "curse of dimensionality," where
an excess of features can lead to overfitting,
researchers utilize PCA to reduce the
complexity of datasets.! In a systematic
review of soccer, basketball, and rugby, PCA
found to reduce data sets by
approximately 75% while still explaining
80% of the total variance.? For young soccer
players, the most relevant variables identified
through PCA include weight, height, and
skinfold measures, alongside technical
variables like ball control and pass
accuracy.” In basketball, PCA highlights
relative distance covered at high speed and

was

the frequency of maximum accelerations as
key indicators of performance readiness.”’

Feature Category Specific Metrics Importance Impact on
Weight (%) Selection

. oqe ]8

Biomechanical FMS Pattern | 13.7% High (Durability)
Scoring
Psychological Dedication/Grit 11.5% Moderate  (Long-
term) '

- 18

Explosive Max Acceleration 10.2% High (In-game)
e

Physical Height/Wingspan Variable Sport-specific

Performance Evaluation and Model Validation Strategies

A robust research framework for talent
identification must utilize rigorous validation

612

metrics to ensure that the developed ANNs
generalize well to unseen athletes. Standard
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benchmarks include accuracy, precision
(proportion of positive identifications that are
correct), recall (the ability to identify all
promising individuals), and the Fl-score,
which provides a harmonic mean of precision
and recall.!

The Role of AUC-ROC and Precision-
Recall Curves

In the context of elite scouting, goal-scoring
observations or "top-tier" talents are often
rare, leading to extreme class imbalances
(sometimes 17.6:1 in soccer datasets).?
Accuracy alone is a poor metric in these
scenarios, as a model could achieve 94%
accuracy by simply predicting that no player
is elite. Consequently, researchers prioritize
the Area Under the Receiver Operating
Characteristic  (AUC-ROC) curve and
Precision-Recall (PR) curves. For instance,
an integrated hybrid model assessing 480
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athletes achieved a 90% accuracy (

2 _
R® = 0'90), significantly outperforming
traditional multiple linear regression models

(R2 — 0714)18

Training and Optimization: Loss vs.
Accuracy Curves

The convergence of an ANN is monitored
through loss and accuracy curves over
numerous epochs. A "generalization gap"—
the difference between training loss and
validation loss—indicates if a model is
overfitting, a state where it has memorized
the training data rather than learning the
underlying patterns of talent.! Effective
models demonstrate a steady decrease in
training loss while validation loss remains
close, indicating that the model will perform
reliably on new, real-world scouting data.”®

Model Variant | Accuracy (%) Precision (%) Recall (%) F1-Score

18
Linear 75.2 73.8 74.1 0.739
Regression

18
Random 84.6 83.9 84.3 0.841
Forest

18
XGBoost 87.3 86.8 87.1 0.869

18
Neural 86.5 85.9 86.2 0.860
Network

18

Integrated 91.7 91.3 N/A N/A
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Hybrid

Mitigating Systemic Bias: The Case of the Relative Age Effect

One of the most profound benefits of ANN
implementation in talent scouting is the
ability to quantify and correct for the Relative
Age Effect (RAE). RAE is a pervasive bias in
youth sports where children born early in the
selection year are physically more mature
than their peers born later in the year, leading
to their over-representation in
pathways.?

elite

Global Statistical Disparities

Research across Europe's top ten leagues
reveals that professional footballers born in
the first trimester (QIl: January-March)
account for approximately 30-31% of rosters,
while those born in the last trimester (Q4:
October-December) account for only 19-
20%.% In youth academies, this bias is even
more extreme; players born in the first three
months of the year can be twice as numerous
as those born in the last three.** This creates

a "vicious circle" where physically mature
youth receive better resources, coaching, and
competition, further widening the gap that
was originally just a matter of birth timing.

Al-Driven
banding

Correction through Bio-

ANNs can mitigate RAE by integrating
biological maturation data (bio-banding) into
the selection model. Instead of comparing a
child born in January directly to one born in
December, the network can normalize their
performance scores based on their percentage
of predicted adult height or skeletal age.>* By
analyzing movement patterns and decision-
making through "blind scouting"
techniques—where physical identifiers are
removed—AI systems can identify late-
maturing athletes whose technical ceiling
may be higher than their early-maturing
peers.?*

League/Region Q1 (Early Born) | Q4 (Late Born) | Key Cut-off Date
Rep. Rep.
33
UEFA Top 10 30.3% 20.5% January st
i ' ' January 1st *?
Serie A (Italy) High Bias Low Rep.
32
Premier League ~27.1% 23.4%, September 1st
. 32
Japan (J-League) Low (Apr-Jun) High (Jan-Mar) April 1st

Injury Prediction and Maintenance of Player Assets

614
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Talent identification is meaningless if the
identified  athlete maintain
professional availability. Injuries account for
20-37% of player
professional soccer, impacting both a club's
performance and its financial stability.*®
ANNs have shifted the focus from reactive
treatment to proactive injury risk analysis.

cannot

unavailability in

Internal vs. External Load Modeling

By processing data from Global Positioning
Systems (GPS) for external load and Rate of
Perceived Exertion (RPE) for internal load,
ANNs can identify the "sweet spot" of
training  intensity.®® In  professional
Australian Football (AFL), ANNs achieved
an 82.9% accuracy in predicting the onset of
injuries, with 94.5% of all muscle injuries

21(2): 609-621, 2026
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being correctly predicted before they
occurred.’” These models track cumulative
stress over four-week windows, flagging
imbalances in load that are not always visible

to the human eye.*®

Dynamic Risk Thresholds

Advanced systems utilize Monte Carlo
simulations to generate individualized risk
probabilities. Players are classified into risk
bands—Low (80%+ injury-free probability),
Medium (65-79.9%), and High (below
65%).> This allows coaches to customize
training regimens, reducing the intensity for
high-risk players while maintaining peak
conditioning for others, thereby increasing
the overall longevity of elite talent.

Risk Level

Threshold (%)

Operational
Recommendation

IV

Low Risk

Standard performance-
oriented training **

Medium Risk 65 —

Modified load, focused

recovery attention 2*

High Risk <

Immediate
intervention/Rehabilitation
focus >

Explainable AI (XAI) and the Trust Paradigm in Scouting

As ANNs become more complex, their
"black box" nature can become a liability.
Coaches and decision-makers often resist
recommendations from models they do not
understand.*!  Explainable Al  (XAI)
addresses this by making the decision-
making process of an algorithm transparent.

615

SHAP vs. LIME in Player Evaluation

The two primary methods used in scouting
are SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-Agnostic
Explanations (LIME). SHAP, grounded in
cooperative game theory, provides a
mathematically rigorous attribution of how
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each feature (e.g., sprint speed vs. pass
completion) contributes to a final prediction.*
SHAP values allow scouts to deconstruct a
player's valuation into monetary or
performance terms, identifying which
specific traits are driving the model's high
rating.* In contrast, LIME builds simple,
local surrogate models to explain specific
predictions, making it a fast and intuitive tool
for real-time scouting reports.*

Findings from Interpretable Machine
Learning

21(2): 609-621, 2026
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Research into player valuation using SHAP
has shown that "Contract Remaining" and
"Team Rating" are significantly more
predictive of an athlete's market value than
technical markers like "Expected Goals"
(xG).* This reveals a critical insight for
scouts: an athlete's "scouted talent" often
includes a "star premium" or market factors
that must be decoupled from their actual on-
field contribution if a club wants to identify
undervalued assets.*

Feature (Soccer Valuation) | SHAP Importance Value Influence on Predicted
Value
. ; .
Contract Remaining 0.317 High (Economic leverage)
. .
Team Rating 0.304 High (Club status bias)
Age 0.196 yoderate (Future potential)
Composure 0.110 Mc')der ate  (Psychological
trait) 4
Ball Control 0.099 Low-to.-Mode‘rate
(Technical skill) *

Emerging Horizons: Digital Twins and Federated Learning

The next phase of talent scouting (2025-
2030) involves even more immersive and
technological integrations,
specifically through Digital Twins and
Federated Learning.

securc

Digital Twins of Athletes

A Digital Twin is a virtual replica of an

616

athlete, created from real-time and historical
data to monitor, simulate, and predict
performance.* Coaches can use a digital twin
to simulate thousands of tactical scenarios—
for example, how a new midfielder might
interact with an existing defensive line—
finalized.*  This
hyper-personalized

transfer is
enables

before a
technology
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and is

training regimens projected to
revolutionize  injury rehabilitation by
allowing athletes to test their limits in a
virtual environment without physical risk.*

Privacy-Preserving Federated Learning

One of the most significant barriers to sports
Al is the sensitivity of athlete data. Federated
Learning (FL) allows multiple organizations
to collaboratively train an ANN while
keeping their raw data local and private.*®
Instead of centralizing data, the model is sent
to each club, trained on their internal records,
and only the updated model parameters
(weights/gradients) are returned to a central
server for aggregation.*® This "Compliance
by Design" approach ensures that clubs can
benefit from global-scale data on rare injuries
or while
maintaining strict data sovereignty and
adhering to regulations like GDPR.*

elite performance archetypes

Ethical Paradoxes and Socio-Technical
Risks

The data-driven revolution in talent
identification  creates  several ethical
paradoxes. While AI can empower

overlooked athletes by providing an objective
discovery platform, it also risk exploiting
them through continuous surveillance and

data commodification.”

Empowerment vs. Surveillance

"Blind scouting" platforms like aiScout allow
young athletes in rural or under-resourced
areas (e.g., Senegal) to be measured and
benchmarked via smartphone video, bypass
traditional "talent hubs" and gatekeepers.?’
However, this democratization comes at the
cost of player privacy. The collection of
biometric, medical, and psychological data

21(2): 609-621, 2026
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on minors raises profound questions about
data sovereignty: Who owns an athlete's
digital representation, and how can it be used

commercially or punitively?.**

The Human Element in a Data-Rich
Environment

There is also a risk that extensive ANN
analysis could erode the human elements of
sport that make it compelling—intuition,
creativity, and unpredictability.** While
technology can reduce unreliable human
distortions, such as RAE or scout bias, a
critical balance must be maintained between
Al-driven insights and the expert "human
factor" that understands the nuances of
character and team chemistry.*"

Synthesis and Conclusion

The integration of Artificial Neural Networks
into talent identification and scouting has
effectively redefined the search for athletic
excellence. By leveraging architectures such
as CNNs for spatial biomechanics and
LSTMs for temporal growth trajectories,
sports organizations can now identify latent
potential with over 90% accuracy, far
exceeding traditional subjective methods.?
These computational systems provide the
only viable means for mitigating deep-seated
systemic biases like the Relative Age Effect
and for shifting injury management from
reactive to predictive paradigms.”!

The future of the field lies in the "Human-in-
the-Loop" model, where Explainable Al tools
like SHAP bridge the trust gap between data
scientists and coaching staff.* As emerging
technologies like Digital Twins and
Federated Learning mature, the ability to
simulate athlete trajectories and collaborate


http://www.thebioscan.com/

mentay,
sz,
\
3
E S’ﬂ&, %,
5 Labcasv
¥ ANINTERNATIONAL QUARTERLY JOURNAL OF LIFE SCENCES

securely across organizations will move from
the experimental phase to the industry
standard. The transition toward data-driven
scouting is not merely a technological
upgrade but a fundamental shift in the ethical
and strategic landscape of professional
sports—one that rewards organizations
capable of synthesizing vast, multi-modal
datasets into actionable, human-centered
insights. In the final analysis, the most
successful organizations will be those that
view Artificial Neural Networks not as a
replacement for the human scout, but as a
high-precision instrument that elevates the
artisanal craft of talent identification into a
rigorous, global-scale science.
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