
IJDDT, Volume 16 Issue 54s, 2026 
Page: 441 

RESEARCH PAPER 
 

ATHLETE INJURY PREDICTION USING MACHINE LEARNING (ML) 
Dhruv Rajput1, Uday Suresh Kamdi2, Het Patel3, Om Bhatt4, Dr. Ramchandran P5 
1Parul Institute of Computer Application (IMCA), Parul University, Vadodara, Gujarat | 

Email: rajputdhruv344@gmail.com 
2Parul Institute of Computer Application (IMCA), Parul University, Vadodara, Gujarat | 

Email: udaykamdid@gmail.com 
3Parul Institute of Computer Application (IMCA), Parul University, Vadodara, Gujarat | 

Email: het416901@gmail.com 
4Parul Institute of Computer Application (IMCA), Parul University, Vadodara, Gujarat | 

Email: bhattom599@gmail.com 
5Faculty of IT and Computer Science, Parul University, Vadodara, Gujarat | 

Email: rmc.it86mails@gmail.com 
ABSTRACT 

Against the dynamic backdrop of sports, escalating rates and serious ramifications of sports injuries pose a key 
challenge on all levels of involvement. Athletes, both amateur and professional, incur not only physical strain 
and emotional distress but interrupt their career development, often at a high price of medical interventions 
and lost time. On the organizational front, clubs and teams incur high expenses of treatment, rehabilitation, 
and decreased availability of players, both on-field performance and organizational revenue. Conventional 
prevention strategies founded on historical records and broad-based rules do not always mediate well with 
complex and multifarious dynamics of risk factors varying from one athlete to another. Recognizing these 
deficiencies, a surging trend in the sports science community has been to embrace machine learning (ML) as 
a modern and data-driven solution. ML is a powerful tool for predicting injuries on a personal level with a 
view to uncovering complex dynamics across physical, biomechanical, and environmental variables. This 
review explores in depth the multifarious role of ML in predicting sports-related injuries with various classes 
of injuries, a snapshot of contributing factors, data sources such as wearable sensors and performance analysis 
devices, and diverseness of ML models used—all the way from classical routines to advanced deep learning 
architectures. It also touches on main challenges involving inconsistency of data quality, scaleability 
constraints on various populations of athletes, difficulties in clinical deployment, and opaque complexity of 
advanced architecture limiting interpretability. Additionally, the paper does pose concerns on ethics as well, 
with special focus on data security, personal privacy, and fairness in decision-making by a computer program. 
As technology advances, aggregating responsible robust data governance frameworks as well as transparent 
practices by AI becomes increasingly pivotal. Ultimately, the review points to future emphasis: designing 
standardized data infrastructure, boosting model robustness and interpretability, integrating multi-source 
inputs, and harmonizing ML tools with on-field sport contexts. Closing these divides will hold the key to 
translating innovative research into realizable applications, with ultimate emphasis on maximizing athlete 
longevity and resilience, health, and performance. Coordinated innovation could see machine learning 
revolutionize predictions, prevention, and treatment of sporting injury. Machine learning isn't just transforming 
injury prevention—it's redefining how we understand and preserve athlete performance, health, and longevity 
in sport. 
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I. INTRODUCTION  

Sports-related injuries remain a widespread and multifaceted 
issue across all levels of athletic engagement, from casual 
amateurs to elite performers. These injuries extend far 

beyond immediate physical discomfort, frequently leading to 
serious impairments, long-term psychological consequences, 
and substantial financial costs for both athletes and the 
organizations that support them [1]. The impact is often 
career-altering, with many athletes experiencing at least one 
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injury per season—an alarming statistic in sports such as 
football, where contact intensity drives injury prevalence 
significantly higher. Studies report an average of at least two 
injuries per player in a single season of high-contact sports, 
reinforcing the urgent need for more proactive and precise 
injury prevention strategies [1]. 

Historically, injury mitigation has relied on traditional 
methodologies, typically involving retrospective data 
analysis and subjective interpretation from coaches or 
medical professionals. These approaches, while occasionally 
effective, are limited in their ability to detect individual 
variability in biomechanics, physiological responses, and 
training loads. Such variability is critical, as each athlete 
responds differently to stress and workload, making 
generalized recommendations insufficient. Conventional 
protocols often fail to tailor prevention strategies to the 
unique needs of individuals, thus limiting their efficacy in 
real-world settings [2]. Moreover, the economic 
repercussions of sports injuries—ranging from lost player 
salaries to the costs of medical treatment and rehabilitation—
have created a powerful financial incentive for developing 
more accurate, individualized, and timely prediction systems 
[3]. 

In recent years, the landscape of athlete monitoring has 
undergone a dramatic transformation with the rise of digital 
tracking systems and wearable technologies. These 
innovations have introduced new dimensions to data 
collection, enabling sports practitioners to gather an 
expansive range of physiological and behavioural data, 
including GPS-based movement analytics, self-reported 
wellness scores, ratings of perceived exertion (RPE), and 
even metrics on sleep quality. This evolution in athlete 
surveillance has generated a rich reservoir of real-time and 
longitudinal data that traditional tools simply could not 
provide [4]. As a result, the field has gradually shifted from 
reactive injury prevention to a more predictive and data-
driven paradigm, facilitated largely by the integration of 
machine learning. 

Machine learning (ML), a subfield of artificial intelligence, 
has shown exceptional promise in addressing the complexity 
of sports injury prediction. Unlike traditional statistical tools 
that often oversimplify relationships between variables, ML 
algorithms are capable of identifying hidden, non-linear 
patterns within high-dimensional datasets. ML’s ability to 
process large volumes of multi-modal data—ranging from 
biomechanical movements to subjective mental states—
makes it uniquely suitable for predicting injury risk with 
higher accuracy than conventional methods [3]. This 
transition from empirical, retrospective assessments to 
forward-looking, algorithmically powered prediction 
represents a major shift in sports science, where the focus 
now includes not only understanding injuries after they occur 
but anticipating them before they manifest. 

Contributing to this shift is the diversity of data sources now 
available to ML models. Wearable devices, for example, 
continuously collect physiological and biomechanical 
metrics such as joint angles, acceleration, heart rate 

variability, and fatigue indicators. These wearables enable 
non-invasive, round-the-clock monitoring that captures 
subtle fluctuations in athlete performance which may precede 
injury [5]. Meanwhile, video analysis and motion capture 
technologies enhance ML systems by providing detailed 
assessments of movement technique, body posture, and joint 
alignment—insights that are invaluable in identifying 
biomechanical imbalances [6]. When these data sources are 
integrated, they provide a holistic view of each athlete’s 
physical condition, enabling more accurate, context-aware 
injury predictions. 

Despite these technological advancements, several 
challenges still hinder the full implementation of ML in 
injury prevention. One persistent issue is data quality. Many 
models rely on small or inconsistent datasets that may not 
generalize across sports, populations, or levels of 
competition. Inconsistent injury definitions and collection 
protocols contribute to methodological heterogeneity, 
making it difficult to build universally applicable models [7]. 
Furthermore, even when predictive performance is strong, 
models may lack clinical utility if their outputs are not 
interpretable by practitioners. Complex “black box” models, 
though statistically powerful, often provide little insight into 
why a certain prediction was made, leading to skepticism and 
underutilization in practice. 

This interpretability gap has spurred interest in explainable 
AI—methods designed to make ML models more transparent 
and understandable. Coaches and medical teams need to trust 
that the predictions provided are both accurate and 
actionable. Models must offer not just predictions but 
justifications, especially when those decisions can affect 
athlete careers and health outcomes [4]. Additionally, the 
reliability of these models is heavily dependent on how well 
they are trained and validated. Robust cross-validation 
strategies, careful feature engineering, and the handling of 
class imbalance are all essential to building models that 
perform well in real-world scenarios [3]. 

Ethical concerns further complicate the integration of ML 
into sports environments. With the use of wearable 
technologies and continuous monitoring systems, athletes are 
subject to unprecedented levels of data collection. This raises 
pressing questions about consent, data ownership, and the 
risk of misuse. It is crucial to maintain strict robust data 
governance frameworks that protect athlete privacy while 
still enabling innovation [1]. Moreover, algorithmic bias 
presents another ethical dilemma. Models trained on non-
representative datasets may yield predictions that are less 
accurate—or even harmful—for minority groups, reinforcing 
existing inequalities within the sports domain. Fairness must 
be built into the system design from the outset to prevent 
unintended discrimination [3]. 

Recognizing these challenges, this review aims to explore the 
state-of-the-art applications of machine learning in injury 
prediction, with a particular focus on bridging the gap 
between theoretical research and practical application in elite 
athletic contexts. Various ML algorithms used for predicting 
specific injury types, key methodological practices such as 
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data pre-processing and model validation, and the impact of 
combining multiple data modalities to enhance predictive 
accuracy are examined [8]. It also evaluates the practical 
applications of these models in elite sports settings and 
outlines strategies to improve generalizability, 
interpretability, and ethical compliance. 

Ultimately, the goal is to highlight how interdisciplinary 
collaboration—between data scientists, clinicians, coaches, 
and ethicists—can enable the responsible deployment of 
machine learning systems in sports. When built with care, 
tested with rigor, and guided by ethical principles, these 
systems have the potential to redefine how injuries are 
understood and prevented. The promise is not just fewer 
injuries but longer careers, healthier athletes, and smarter 
sports environments, making machine learning not merely a 
tool but a catalyst for safer and more sustainable athletic 
performance. 

II. METHODOLOGY 

The methodology underpinning machine learning-based 
sports injury prediction is a multi-stage framework, 
beginning with comprehensive data collection and pre-
processing and extending through advanced feature 
engineering, model training, and validation. Each phase is 
structured to transform raw, heterogeneous data into 
actionable predictions that inform athlete safety decisions. 

A. Data Acquisition and Preprocessing 

The methodology starts with assembling diverse datasets, 
typically sourced from wearable sensors, self-reports, and 
environmental logs. As shown in Table 1, these include 
physiological signals (e.g., HR, HRV), biomechanical data 
(e.g., joint angles, impact forces), external/internal training 
loads, demographic attributes, and contextual variables like 
playing surface or weather [1]. 

In practice, the quality and integrity of these data sources are 
critical to downstream model performance. Raw data 
collected from multiple devices often vary in sampling 
frequency, unit standards, and synchronization accuracy. Pre-
processing tasks such as timestamp alignment, missing value 
imputation, and noise filtering are essential to ensure 
consistency across data streams. Additionally, standardizing 
units (e.g., converting all distances to meters or velocities to 
m/s) and scaling continuous features allows for better model 
convergence.  

 

Figure 1: Overview of key data sources in athlete 
monitoring systems." 

Table 1: Data Types and Collection Methods for Injury 
Prediction 

Data Type Examples Collection tools 
Physiological HR, HRV, lactate, 

oxygen 
consumption 

Wearable sensors, 
ECG monitors 

Biomechanical Acceleration, gait 
patterns, joint 
angles 

IMUs, motion 
capture, video 
analysis 

Training Load Distance, sprints, 
decelerations, RPE 

GPS, wearables, 
questionnaires 

Athlete-specific Age, BMI, prior 
injuries, sleep 
quality 

Surveys, medical 
records 

Environmental Weather, surface 
type, equipment 
usage 

Weather APIs, 
manual logs 

After data acquisition, pre-processing operations include 
cleaning noisy entries, treating outliers, and standardizing or 
normalizing variables to ensure model convergence. These 
steps are crucial for improving model robustness and 
preventing biased learning from skewed or unbalanced inputs 
[2]. 

B. Feature Engineering and Extraction 

Raw sensor data undergoes domain-specific transformations 
to create features that reveal patterns relevant to injury 
prediction. Feature extraction from time-series signals is 
typically categorized into: 

 Time-domain features: Metrics like mean, peak 
amplitude, impulse, rate of force development 
(RFD), and waveform length are directly calculated 
from raw sensor outputs for computational 
efficiency [3]. 

 Frequency-domain features: Using 
transformations like Fast Fourier Transform (FFT), 
this category isolates patterns such as power spectral 
density or dominant frequency bands [3]. 
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 Time-frequency features: Combining both 
domains, methods like Short-Time Fourier 
Transform (STFT) and wavelets are used to 
understand how movement signatures evolve over 
time [3]. 

 

Figure 2: Conceptual overlap of time-domain, frequency-
domain, and time-frequency features. 

 

GPS and IMU-derived metrics further enrich the dataset. For 
instance, decelerations and player load obtained from GPS 
have shown strong correlations with future injury risk, 
especially in football [4]. IMUs contribute orientation, 
rotational acceleration, and joint-specific dynamics such as 
pelvis movement or knee velocity [5]. 

One noted challenge in this domain is the dependency on 
expert knowledge for extracting meaningful features. This 
reliance has prompted interest in deep learning approaches, 
particularly convolutional neural networks (CNNs), which 
can learn high-value features automatically from raw sensor 
input [6]. However, when multidimensional time-series data 
is condensed into static, one-dimensional vectors, it often 
leads to the loss of critical spatial and temporal relationships. 
Since injury risk evolves dynamically, methods that retain 
sequence information—such as recurrent neural networks 
(RNNs) or long short-term memory networks (LSTMs)—are 
seen as better suited for model these temporal dependencies 
[6]. 

 

Figure 3: Machine Learning Pipeline for Sports Injury 
Prediction 

 

C. Class Imbalance Handling 

Injury events are rare compared to normal, healthy training 
days. As a result, most datasets are heavily skewed toward 
the non-injury class, a condition called class imbalance. To 
counter this, methods like oversampling (e.g., SMOTE, 
synthetic minority creation) or under sampling (e.g., cluster-
based reduction of majority class) are used exclusively during 
training to avoid bias in performance metrics [7]. 

However, the success of these methods is not guaranteed. 
Certain studies—especially for specific injuries like ACL 
tears—report negligible or even adverse effects from such 
balancing, highlighting the importance of customizing 
methods per dataset and model [7]. 

D. Model Selection and Training 

 
Both traditional ML and deep learning models are used in 
injury forecasting. As summarized in Table 2, commonly 
used models include decision trees, random forests, support 
vector machines (SVM), and logistic regression, while 
advanced setups employ CNNs, RNNs (LSTMs), and hybrid 
frameworks like IPE-DL [8]. 
Table 2: Common Machine Learning Models for Injury 
Prediction 
 

Category Model Description & 
Strengths 

Traditional ML Random Forest Handles high-
dimensional 
input, robust to 
noise 

 SVM Effective for 
classification 
with complex 
boundaries 
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 Logistic 
Regression 

Easy to interpret, 
ideal for binary 
classification 

Deep Learning CNN Learns spatial 
features from 
sensor arrays 

 LSTM Tracks temporal 
dependencies in 
time-series 

Hybrid IPE-DL High-
performance 
model blending 
entropy with 
deep nets. 

These models are typically trained using K-fold cross-
validation, with stratified folds ensuring injury samples are 
preserved in each partition. Repeated runs (e.g., 100-fold) are 
encouraged to account for randomness in splits and better 
estimate true model generalizability [9]. 
 

E. Evaluation Metrics 

Performance metrics used to evaluate models go beyond 
simple accuracy, especially in imbalanced settings. 
 
Table 3: Performance Metrics Used in Model Evaluation 
 

Metric Definition Application 
Insight 

Accuracy Overall correct 
predictions 

Misleading in 
imbalanced 
datasets 

AUC-ROC Discrimination 
ability between 
classes 

Good general 
metric but not 
minority-specific 

Sensitivity True positives 
over actual 
positives 

Crucial for injury 
class detection 

Specificity  

True 
negatives 
over 
actual 
negatives 

 

Ensures non-
injury cases 
aren’t falsely 
flagged 

Precision True positives 
over predicted 
positives 

Measures 
correctness of 
injury flags 

F1-score Harmonic mean 
of precision and 
recall 

Balanced view in 
imbalanced 
settings 

GMEAN Square root of 
Sensitivity × 
Specificity 

Combines both 
class 
performances 

 

 
Figure 4: Heatmap of performance metrics and their 

strengths for imbalanced injury datasets. 
 

F. Advanced Modeling Considerations 

Standard machine learning pipelines often compress time-
series data into static vectors, causing a loss of temporal 
continuity. To address this, advanced architectures like 
Recurrent Neural Networks (RNNs) and LSTMs are 
deployed to maintain chronological sequences, capturing 
dynamic injury risks [6]. Emerging techniques such as time-
series image encoding or entropy-based feature learning 
(e.g., IPE-DL) offer additional predictive power by 
translating raw biomechanical patterns into high-dimensional 
learned representations [10]. 

III. MACHINE LEARNING APPROACHES FOR INJURY 

PREDICTION 

 

A. Introduction to ML in Sports Injury Prediction 

 
Machine Learning (ML) refers to the development of 
algorithms that can learn patterns from historical data and 
apply this learned behavior to predict future outcomes. In the 
context of sports science, ML is increasingly being used to 
anticipate injury risk by evaluating complex, non-linear 
interactions between physiological, biomechanical, 
psychological, and contextual variables [1]. This represents a 
significant leap from traditional regression-based models, 
which often fail to capture the multivariate and dynamic 
nature of injury risk. 
 
Injury prediction is most often formulated as a supervised 
learning problem. In such cases, models are trained on 
labeled datasets comprising training inputs (e.g., 
accelerometry, decelerations, joint load, sleep quality) and 
corresponding outputs (injury or no injury). With sufficient 
exposure, these models not only recognize patterns 
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associated with injuries but also gain insight into how injury 
risk accumulates over time [1]. 
 

B. Traditional ML Algorithms 

 
1) Random Forest (RF) 

 
Random Forest, a widely used ensemble algorithm, builds 
multiple decision trees and aggregates their outputs. In injury 
prediction, RF has proven robust in handling noise, 
imbalanced datasets, and missing data, while also offering 
feature importance rankings [3]. It has been used in elite 
sports to model various musculoskeletal injuries by 
integrating training load, subjective wellness, and historical 
injury data. 
 

2) Support Vector Machine (SVM) 
 

SVM is ideal for binary classification problems with high-
dimensional input. Its use of kernel functions allows it to 
model both linear and non-linear relationships. In injury risk 
modeling, SVM has been applied to small but feature-rich 
datasets with strong outcomes in muscle strain and fatigue 
classification [3]. 
 

3) XGBoost 
 

This gradient boosting algorithm has gained attention due to 
its strong performance in structured datasets. It has been 
successfully used to detect high-risk sessions in football 
training data by capturing interactions among sprint count, 
RPE, and high-intensity efforts [3]. 
 

4) Logistic Regression (LR) 
 

Logistic Regression, while limited to linear relationships, 
remains a benchmark due to its interpretability. It has shown 
effectiveness in basic binary injury classification but 
struggles when applied to more complex, real-world datasets 
involving overlapping features and non-linear dependencies 
[4]. 

C. Deep Learning Techniques 

 
1) Convolutional Neural Networks (CNNs) 

CNNs are commonly used in biomechanical injury analysis 
where the input takes the form of time-series sensor data or 
motion images. Their ability to identify spatial patterns 
makes them well-suited for analyzing joint angles, running 
mechanics, and posture deviations—frequent indicators of 
injury [5]. 

2) Recurrent Neural Networks (RNNs) and LSTM 
 

RNNs and especially Long Short-Term Memory (LSTM) 
networks are tailored to sequential data. These architectures 
are ideal for time-series data like heart rate, fatigue signals, 
or accelerometry, which evolve over time. They have been 

used to predict overuse injuries and chronic fatigue 
syndromes by capturing long-range dependencies [5]. 
 

3) Artificial Neural Networks (ANNs) 
 

ANNs can model complex, nonlinear relationships across 
multiple input features. Their flexibility makes them a 
popular option in injury risk models that incorporate both 
physical load and psychological stress data [5]. 
 

4) Intrinsic Permutation Entropy Deep Learning (IPE-
DL) 

 
The IPE-DL model is a hybrid deep learning architecture that 
integrates CNNs, LSTMs, and entropy features. It achieved 
92% accuracy, 89% sensitivity, and 94% specificity in a 
large-scale athlete dataset spanning more than 100,000 
sessions [2]. It is particularly effective in identifying 
dynamic, irregular signal patterns that indicate underlying 
risk. 

D. Feature Engineering and Extraction 

Traditionally, effective prediction has required careful 
preprocessing and feature design. 

 Time-domain features (e.g., peak force, time-to-
peak) offer direct interpretations of load and 
intensity. 

 Frequency-domain features (e.g., power spectral 
density) capture recurring biomechanical rhythms. 

 Time-frequency features (e.g., wavelet 
transforms) provide temporal resolution on how 
performance evolves during a session [3]. 

 GPS-derived metrics (e.g., high-speed runs, 
decelerations) have been linked to high injury risk, 
particularly in football where frequent start-stop 
motion is common [4]. 

 IMU-based features like knee flexion velocity or 
pelvis rotation acceleration are also increasingly 
used to detect abnormal motor patterns [3]. 

Deep learning minimizes the need for manual feature design 
by learning directly from raw data. However, in many 
settings, expert-designed features still outperform end-to-end 
models due to limited data availability [4]. 

 

E. Hybrid and Sport-Specific Models 

Hybrid ML models—combinations of traditional and deep 
learning techniques—allow for more comprehensive model. 
One study implemented a stacked model integrating Random 
Forest, SVM, and Logistic Regression, achieving an injury 
prediction accuracy of 74.22% in a professional football team 
setting [9]. 

Another notable hybrid, IPE-DL, combines permutation 
entropy features with CNN and LSTM layers to quantify the 
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unpredictability of physiological signals. Its predictive 
strength was validated on complex multivariate datasets in 
elite sport [2]. 

Sport-specific customization further enhances prediction. 
For instance, models trained on sprint-based sports tend to 
underperform in endurance disciplines due to differences in 
movement patterns and injury types. Similarly, injury 
prediction for defenders may require distinct variables 
compared to attackers, such as jump counts, aerial duels, or 
body load from tackles [12]. 

F. Temporal Modeling and Class Imbalance 

 
Time-aware models like LSTM are particularly effective 
when modeling cumulative stress, which is critical in sports 
like football or marathon running. In contrast, reducing time-
series data to summary features risks losing essential context. 
Preserving temporal structure has shown to improve 
predictions of soft-tissue injuries and delayed-onset fatigue 
[6]. 
 
Class imbalance remains one of the greatest challenges. 
Injuries are rare—making up less than 5% of sessions in 
many datasets. This results in models that are overly biased 
toward predicting “no injury.” Techniques like SMOTE, 
under-sampling, and cost-sensitive learning help rebalance 
training data. However, their effectiveness depends on the 
quality of minority-class features. In some cases, over-
sampling has even degraded model performance [3]. 
 
To further improve prediction in temporal sequences, 
advanced techniques such as attention-based LSTM models 
and temporal convolutional networks (TCNs) are now being 
explored. These models allow the network to focus on key 
time windows—such as peak fatigue periods or abnormal 
movement bursts—when the injury risk is highest. 
Additionally, balancing strategies must be customized per 
injury type; while oversampling may benefit soft tissue injury 
prediction, it may introduce noise in datasets involving 
sudden-impact injuries like fractures or ligament tears. Thus, 
there is growing consensus that both temporal learning and 
class balancing must be adaptive, data-specific, and context-
aware to optimize predictive accuracy. 
 

 
Figure 5: Comparison of ML Models for Injury Prediction 

 

G. Evaluation Metrics 

 
Evaluation requires a nuanced approach. Accuracy alone is 
insufficient. Injury prediction demands metrics that highlight 
the model’s ability to detect rare but important events. 
 

Metric Definition Relevance 
Accuracy Total correct 

predictions / all 
predictions 

 
Can be 
misleading 
when 
injury data 
is scarce 

 

Precision  
TP 
/ 
(TP 
+ 
FP) 

 

Measures the 
reliability of a 
predicted injury 

Recall TP / (TP + FN) Measures how 
well the model 
detects actual 
injuries 

F1-score Harmonic mean 
of precision and 
recall 

Balanced metric 
for imbalanced 
data 

AUC-ROC Area under the 
ROC curve 

Indicates general 
discrimination 
ability 

GMEAN √(Sensitivity × 
Specificity) 

 
Indicates 
balanced 
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performance 
across both 
classes 

 

 

H. Challenges, Interpretability, and Future Directions 

 Interpretability: Without transparency, ML models 
face resistance from coaches and clinicians. Tools 
like SHAP and LIME explain the influence of each 
feature on a model’s decision, making AI outputs 
more trustworthy. 

 Data Limitations: Heterogeneous datasets, 
inconsistent injury definitions, and poor-quality 
records limit transferability and scalability of 
models. 

 Ethical Concerns: Athlete monitoring using 
wearable sensors raises concerns about data privacy, 
consent, and bias. Ethical design frameworks must 
be incorporated into future ML applications in 
sports. 

 Recommendations: 
o Promote standardized data definitions and 

injury taxonomies. 
o Encourage interdisciplinary collaborations 

between data scientists, physiologists, and 
sports professionals. 

o Support development of open-source 
injury prediction datasets. 

IV. KEY FINDINGS AND APPLICATIONS IN ATHLETE INJURY 

PREDICTION 

 

A. High-Performing Predictive Models 

 
Among the most successful implementations of machine 
learning in injury forecasting is the Intrinsic Permutation 
Entropy Deep Learning (IPE-DL) model, which combines 
convolutional and recurrent neural network layers with 
entropy-based features. This architecture was trained on over 
100,000 athlete sessions and demonstrated 92% accuracy, 
89% sensitivity, and 94% specificity. Its performance 
demonstrates the advantage of integrating temporal 
complexity into deep learning for injury detection, especially 
in high-volume datasets from professional sports settings 
[44]. 
 
In parallel, traditional ensemble models like Random Forest 
and XGBoost have consistently performed well, especially in 
structured datasets where features such as sprint volume, 
deceleration frequency, and load ratios are known predictors 
of musculoskeletal injury. These models are especially 
valuable in scenarios requiring interpretable outputs and 
rapid feedback, such as in training environments for team 
sports [43]. 
 
 
 

B. Injury-Type-Specific Prediction Outcomes 

 
Different injury types respond differently to machine learning 
approaches. Hamstring strain prediction, particularly in 
return-to-play scenarios, has shown high success rates using 
models that include anatomical location, prior injury history, 
and positional workload data. The use of regression-based 
and ensemble models has yielded accurate recovery 
timelines, particularly when distinguishing between central 
and free tendon injuries [44]. 
 
However, ACL injury prediction remains significantly 
more complex. A study utilizing Support Vector Machines 
(SVM) applied to data from 880 athletes achieved an AUC-
ROC of only 0.63. Although statistically significant, the 
model struggled with generalization, likely due to the 
multifactorial and non-linear nature of ACL injury 
mechanisms such as poor landing kinematics, joint 
instability, and fatigue [40]. 
 
In contrast, non-contact lower limb injuries have 
demonstrated far better results. When multi-modal datasets—
including player load, sleep quality, and training exposure—
were fed into ensemble models, detection rates reached up to 
85% for soft-tissue injuries, highlighting the benefits of 
feature diversity and cross-domain integration [44]. 
 

C. Wearables and Injury Risk Monitoring 

 
Wearable technology continues to be a foundational element 
in injury risk monitoring. Devices such as GPS units, inertial 
measurement units (IMUs), and heart rate monitors collect 
time-series data on biomechanical load, speed zones, 
acceleration profiles, and physiological stress. When 
analyzed through machine learning algorithms, these signals 
provide valuable insight into chronic load accumulation and 
fatigue, improving early detection of overuse-related injuries 
[42]. 
 
That said, these technologies have clear limitations. While 
they excel in managing overuse injuries, they have not 
shown statistically significant impact in predicting acute 
injuries caused by unpredictable contact or trauma. This 
distinction underscores the importance of combining 
wearable data with contextual, environmental, and 
psychological features for more robust predictive modeling 
[42]. 
 

D. Real-World Implementation: Elite Sports Case Studies 

 
A prominent real-world case comes from the Portuguese 
first-division football club, where a hybrid ensemble 
model—composed of SVM, Feedforward Neural Networks, 
and AdaBoost—was trained using GPS data and session 
descriptors. This system reached 74.22% accuracy and 
provided red/yellow alerts based on individualized injury 
probabilities, significantly improving decision-making for 
coaching and medical staff [41]. 
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Another elite example is the FC Barcelona women’s 
football team, where a survival analysis-based system was 
deployed. This framework integrated match schedules, 
fatigue metrics, and player status into a probabilistic 
calibration model. It successfully forecasted player 
availability and was flexible enough to adapt across 
competitive environments, proving scalable and effective in 
practical team operations [44]. 

 

Figure 6: Deployment Workflow – Case Study: FC 
Barcelona 

E. Holistic Athlete Profiling 

 
The trend in recent research is moving beyond pure 
physiological or mechanical data, toward holistic injury 
modeling. Models now incorporate sleep quality, mood, 
previous injuries, player role, match type, surface conditions, 
and psychological load. These factors are not only added as 
features but dynamically adjusted over time to reflect 
fluctuations in risk, allowing for more nuanced, personalized 
injury prevention strategies [42]. 
 
Such personalization has shown to significantly enhance the 
ability of models to distinguish between transient fatigue and 
elevated injury risk, improving both performance outcomes 
and health management at the individual level [44]. 
 
To further enhance prediction reliability, some models now 
implement adaptive baseline frameworks, where each 
athlete’s normal variability is learned over time. Instead of 
comparing players to team-wide averages, these systems 
detect deviations specific to the individual. For instance, a 
minor drop in sleep quality or heart rate variability may be 
negligible for one athlete but highly indicative of risk for 
another. This athlete-specific modeling enables precise risk 
flagging and supports truly individualized intervention 
strategies, optimizing both prevention and performance [44]. 
 
 
 
 
 

F. Summary Table of Key Outcomes 

 
Focus Area Key Result 
IPE-DL Deep Learning 92% Accuracy, 89% 

Sensitivity, 94% 
Specificity 

Hamstring Injury 
Modeling 

Return-to-play predicted 
using anatomical and 
positional data 

ACL Injury Prediction 
(SVM) 

AUC-ROC 0.63; limited 
clinical transferability 

Lower-Limb Injury 
Detection 

85% accuracy via multi-
modal ML feature fusion 

Wearables – Overuse 
Risk 

Effective for load tracking 
and fatigue management 

Wearables – Acute 
Injury 

Poor predictive 
performance for sudden-
impact events 

FC Barcelona 
Framework 

Bayesian-survival model 
improved availability 
forecasts 

Portuguese Team ML 
Deployment 

Hybrid stack model 
achieved 74.22% accuracy 
and practical use in 
training 

Holistic Athlete Modeling Personalized features 
enhanced detection of 
subtle risk shifts 

 

G. Practical Implications and Future Directions 

 
Explainability is critical for the deployment of these 
systems. Coaches, clinicians, and sports scientists require not 
just accurate predictions but transparent reasoning behind 
them. Techniques like SHAP (Shapley Additive Planations) 
and LIME (Local Interpretable Model-Agnostic 
Explanations) are being integrated to ensure interpretability 
of ML decisions in the sports context [43]. 
 
Injury prediction frameworks are also becoming increasingly 
sport-specific, recognizing that injury mechanisms differ 
across domains. For example, concussion predictors in rugby 
will differ from hamstring injury indicators in football. As 
such, future research emphasizes cross-sport validation and 
standardized dataset benchmarks for model 
generalizability [42]. 
 
Furthermore, with the growing use of personal and biometric 
data, ethical considerations such as data privacy, consent, 
and fairness are crucial. Models must be designed with clear 
policies for athlete data governance, transparency, and 
equitable risk profiling [43]. 
 

V. CHALLENGES AND LIMITATIONS IN ML-BASED INJURY 

PREDICTION 

 
Despite the rapid integration of machine learning (ML) into 
sports science, particularly for injury risk forecasting, several 
critical challenges hinder its full-scale implementation and 
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effectiveness. These challenges span from technical, clinical, 
and operational concerns to ethical and regulatory issues. 
Understanding these barriers is essential to advancing 
research and enabling ML’s safe and sustainable integration 
into high-performance environments. 
 

A. Incomplete, Inconsistent, and Sparse Data 

 
The accuracy of machine learning systems is highly 
dependent on the volume and quality of input data. 
Unfortunately, most sports injury datasets suffer from being 
small, fragmented, or poorly labeled. Many studies are 
based on limited athlete samples, collected under non-
uniform protocols, or use varying injury definitions—making 
cross-study comparisons and model generalization almost 
impossible [10]. Some teams collect subjective data like RPE 
or wellness metrics daily, while others only log injuries 
retrospectively, creating large disparities in dataset reliability 
[2]. 
 
More critically, the absence of standardized taxonomies 
for injuries and the lack of consensus on what constitutes an 
"injury" (e.g., time-loss vs. medical-attention injuries) further 
muddy model training. A model trained with one team’s 
criteria may drastically misfire when applied to another. 
Without interoperable data structures and shared repositories 
across sports, ML cannot deliver on its promise of universal 
injury prediction [10]. 
 
Furthermore, the temporal misalignment of collected data 
significantly impairs the ability of models to capture cause-
effect relationships in injury development. In many cases, 
performance or training data is logged without 
synchronization to clinical injury reports, making it difficult 
to determine whether certain patterns truly precede injuries or 
occur coincidentally. This lack of temporal precision 
prevents models from learning injury "onset signatures" and 
forces reliance on assumptions rather than verified sequences 
of events. Without longitudinal datasets that align training 
load, wellness scores, and confirmed injury diagnoses 
over extended periods, even advanced models risk drawing 
spurious correlations or overlooking key warning signals 
[10]. 
 

B. Poor Model Generalization and Overfitting Risks 

 
A recurring issue in sports ML models is overfitting—where 
the algorithm learns the training data too well, including noise 
or athlete-specific quirks, and performs poorly on new or 
external data. This is often a consequence of small sample 
sizes, short monitoring periods, and lack of cross-sport 
validation [32]. For example, a model trained on male 
professional footballers may misclassify risk in female or 
youth athletes due to differing physiological load-response 
dynamics [36]. 
 

Furthermore, many injuries are non-linear and cumulative, 
emerging after weeks or months of minor strain 
accumulation. Traditional supervised learning models may 

not capture these latent risk factors unless specifically 
designed to retain temporal correlations, like with LSTM or 
RNN models [31]. Therefore, even when models demonstrate 
high AUC or accuracy on internal validation, they often falter 
when applied outside their original domain [34]. 

Another factor that limits generalization is the lack of 
diversity in the training feature sets, where models are 
frequently optimized using a narrow set of variables—such 
as total distance covered or number of sprints—without 
accounting for contextual or psychosocial influences. This 
feature homogeneity fails to reflect the complex, multi-
dimensional nature of injury causation in sport. Without 
incorporating variables like training context, recovery 
conditions, player role, and mental readiness, models become 
overly dependent on physical workload metrics alone. As a 
result, when exposed to unfamiliar settings or broader athlete 
populations, they misinterpret risk patterns and produce 
unreliable predictions [32]. 

C. Limited Clinical Utility Despite High Predictive Scores 

 

While many models report impressive statistical performance 
metrics—like >90% accuracy or 0.85+ AUC—they often 
lack clinical relevance. Predictions might only indicate “high 
risk” without identifying injury type, severity, or the 
timeframe in which it may occur [36]. From a coach or 
medical professional’s perspective, such vague warnings are 
not actionable. For instance, some models identify 
biomechanical surrogates (e.g., elevated knee abduction 
moment) instead of predicting actual injury events. This 
creates a cascade of uncertainty because even the surrogate 
has a non-zero false positive rate [52]. Moreover, the lack of 
probability calibration—where the model’s output score 
corresponds to real-world likelihood—leaves practitioners 
unsure of what to do with the results [50]. High prediction 
does not necessarily translate into better decisions unless risk 
thresholds are well defined and tested in operational settings. 

Compounding this issue is the absence of standardized 
intervention protocols linked to prediction outputs, which 
leaves practitioners uncertain about the appropriate course of 
action when a high-risk flag is triggered. Without validated 
action pathways—such as specific load reductions, targeted 
rehabilitation, or mandatory rest—medical teams are left to 
interpret each model warning subjectively. This not only 
introduces variability in response but can also undermine 
trust in the system, especially if injury outcomes occur 
despite adherence to recommendations. For ML to be 
genuinely useful in clinical settings, it must be embedded 
within decision-support frameworks that translate model 
outputs into tailored, evidence-based interventions [50]. 
 

D. The Black-Box Nature of Complex Models 

 
Deep learning-based architectures like CNNs and LSTMs 
have been extremely promising when handling GPS, IMU, 
and videos. These are, though, usually opaque in their 
mechanisms, and hence their rationale for making a certain 



ATHLETE INJURY PREDICTION USING MACHINE LEARNING (ML) 

IJDDT, Volume 16 Issue 54s, 2026 
Page: 451 

prediction cannot always be deciphered. This “black box” 
characteristic becomes a concern in high-performance sports, 
wherein transparency, accountability, and traceability are 
important [21]. 
 
If a model produces a risk alert for a particular player but does 
not identify which variables triggered the forecast, coaches 
and clinicians will not trust or act on such information. 
Developments in Explainable AI (XAI) have only recently 
started addressing this, but most sports ML models lack 
inherent interpretability [6]. Lacking explainable predictions, 
a trust gap between data scientists and ground-level 
practitioners exists. 
 
This ambiguity not only influences day-to-day decision-
making, but also impedes post-injury audit and litigation. In 
high-level sports applications, wherein financial, medical, 
and contractual consequences are large, practitioners are 
forced to justify their decisions using clear explicit evidence. 
If a model produces a prevention plan that underperforms, yet 
cannot provide a rationale for its original risk classification, 
its performance cannot be reviewed or improved. Thus, 
adoption of interpretable models or integration of visual and 
user-friendly explanation tools—such as SHAP plots or 
feature-attribution dashboards—is imperative to bridge this 
interpretability gap and foster responsible, evidence-based 
decision-making [6]. 
 

E. Operational and Cultural Resistance to Adoption 

 
Even when a model performs well, adoption remains low in 
real sports environments, especially outside elite settings. 
Many clubs, particularly at amateur or grassroots levels, lack 
the infrastructure, budget, or staff required to maintain ML 
pipelines. Costly sensors, cloud infrastructure, and dedicated 
data analysts are often needed—resources only accessible to 
top-tier teams [4]. 
 
Furthermore, psychological resistance from coaches and 
players—rooted in a fear of data replacing human expertise—
can stall or even reverse deployment efforts. Many 
practitioners still prefer traditional intuition-based 
approaches over algorithmic systems. If a model is not 
integrated seamlessly into existing workflows or cannot 
justify its outputs in clear terms, it risks being sidelined 
altogether [2]. 
 
The lack of cross-disciplinary collaboration between data 
scientists and sports practitioners contributes to resistance. 
Often, machine learning tools are developed in isolation from 
the coaches, trainers, and medical staff who will ultimately 
use them. This disconnect leads to solutions that are either too 
technical, impractical for field settings, or misaligned with 
day-to-day routines. Without regular communication and 
mutual feedback during the development process, models 
may fail to reflect the real-world constraints, priorities, or 
language of the sporting environment. Building trust and 
usability requires a co-development approach that includes 
end users from the outset and emphasizes education, 
transparency, and adaptability [4]. 
 

F. Temporal Drift and Lack of Long-Term Model Stability 

 
Athlete physiology is not static. An algorithm trained during 
preseason might perform poorly mid-season due to changes 
in conditioning, match load, or injury status. This 
phenomenon, known as data drift, makes injury prediction a 
moving target [1]. 
 
Long-term performance of ML models deteriorates if they are 
not retrained periodically or updated with new data. 
However, constant model updating requires technical 
expertise and reliable data pipelines, which many 
organizations lack. This often leads to performance 
degradation and erosion of stakeholder confidence in the 
system. 
 
Seasonal transitions and unforeseen events—such as 
tournament scheduling, injury recovery, or changes in team 
tactics—can rapidly shift the data distribution that models 
rely on. These non-stationary conditions introduce 
unpredictability that static algorithms are ill-equipped to 
handle. Without mechanisms for detecting and adapting to 
temporal shifts, predictions can quickly become outdated or 
misleading. Implementing continual learning frameworks or 
automated model retraining pipelines is therefore essential to 
preserve relevance and reliability over time, especially in 
dynamic, high-performance sports environments [1]. 
 

G. Ethical Concerns: Data Privacy, Consent, and Fairness 

 
ML-based injury prediction systems rely on highly personal 
and sensitive data, including biometric readings, sleep 
habits, emotional states, and medical history. If these datasets 
are not stored securely or shared without proper consent, they 
pose serious privacy violations [13]. 
 
Moreover, informed consent in ML is complex. Athletes 
must understand not just what data is collected, but how it 
will be processed, for what purpose, and who will have 
access. Many models lack transparency, and few sports 
organizations offer detailed disclosures on ML system use. 
 

There is also the growing risk of algorithmic bias. If a model 
is trained predominantly on data from male athletes, it may 
systematically underperform for female athletes, youth 
players, or those from minority backgrounds. This could lead 
to unequal treatment, skewed assessments, and loss of 
playing opportunities—all of which have profound ethical 
implications [57]. 

H. Lack of Interdisciplinary Collaboration 

 
The development and deployment of ML systems often occur 
in silos—engineers build models without input from 
physiotherapists or strength coaches, while practitioners 
struggle to implement tools they didn’t help design. This lack 
of interdisciplinary collaboration undermines both model 
relevance and adoption. 
 



ATHLETE INJURY PREDICTION USING MACHINE LEARNING (ML) 

IJDDT, Volume 16 Issue 54s, 2026 
Page: 452 

Effective injury prediction tools require co-creation, where 
sports scientists, coaches, medical staff, and data experts 
work together from the outset. Otherwise, models may focus 
on irrelevant variables, miss practical constraints, or fail to 
answer questions that actually matter in the field [2]. 
 

I. Absence of Benchmark Datasets and Validation 
Standards 

 
The current research landscape is saturated with studies that 
use proprietary datasets under different injury definitions, 
model architectures, and validation schemes. As a result, 
comparing findings across studies—or replicating results—
becomes virtually impossible [10]. 
 
There is a pressing need for shared benchmark datasets and 
consensus on performance metrics, just like in computer 
vision or NLP research. Without this standardization, even 
high-performing models cannot be objectively ranked, and 
progress in the field remains fragmented and slow. 
 

VI. ETHICAL CONSIDERATIONS AND DATA GOVERNANCE 

 
As machine learning (ML) tools become embedded in sports 
science and injury prevention, the ethical landscape becomes 
increasingly complex. From athlete privacy to algorithmic 
fairness, each element of model design and deployment 
carries risks and responsibilities. Addressing these issues 
through structured data governance is essential to ensure 
trust, compliance, and long-term adoption of AI systems in 
sport. 

A. Athlete Data Privacy and Confidentiality 

With continuous monitoring through wearables and 
biometric systems, athletes now produce high-frequency, 
deeply personal data. These inputs—ranging from heart rate 
variability and fatigue scores to movement kinematics—
construct a digital health fingerprint for each individual. If 
not properly protected, this information may be exposed to 
unauthorized access or misused for performance decisions, 
contract evaluations, or disciplinary actions. The need for 
secure storage protocols, encryption, and role-based data 
access has never been more urgent [10]. 

 

Figure 7: Ethical challenges and safeguards in AI-powered 
athlete monitoring. 

B. Informed Consent and Transparency 

In sports environments, genuine informed consent extends 
beyond paperwork. Athletes must understand how their data 
will be processed by ML models, what insights will be 
generated, and who will use the results. Transparency about 
data usage—especially when AI is involved in decision-
making—is critical for ethical integrity. This includes 
explaining model goals, performance limitations, and risks 
associated with false predictions. Teams should implement 
education programs that demystify AI to help athletes feel 
more in control of their own data [1]. 

 

C. Bias, Fairness, and Equity in Model Outcomes 

 

Bias in ML systems arises when training data does not 
represent the diversity of the population it intends to serve. In 
sports, models developed from elite male athlete data may 
underperform for female, youth, or minority athletes, 
potentially misclassifying their injury risks or omitting them 
from proactive interventions altogether. This raises questions 
of fairness and equitable access to injury prevention 
technologies. A fairness-by-design approach must be 
adopted, requiring deliberate inclusion of underrepresented 
groups and bias testing during model development [1]. 

D. Governance Frameworks and Implementation Standards 

 
Effective data governance is not just about avoiding misuse; 
it’s about managing the entire data lifecycle—from collection 
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and processing to deployment and retirement. Teams and 
institutions must define clear roles and responsibilities, 
ensure traceability of consent, and create audit trails for all 
ML-based decisions. Governance should also include 
guidelines for explainable AI tools and procedures for 
ongoing monitoring, model updates, and performance audits 
to ensure sustained reliability [1]. 
 

E. Building Trust Through Ethical AI Design 

For ML to be accepted in high-performance environments, it 
must be perceived as transparent, inclusive, and human-
centric. Stakeholders—including athletes, coaches, and 
clinicians—must be involved early in model development to 
provide practical feedback and build alignment between 
system design and day-to-day operations. 

VII. FUTURE DIRECTIONS AND RECOMMENDATIONS 

 
The field of athlete injury prediction through machine 
learning (ML) is on the brink of major advancements, but its 
current limitations necessitate a strategic push across multiple 
domains. To elevate predictive models from research tools to 
real-world decision-making assets, future efforts must focus 
on data harmonization, robust algorithm design, 
interpretability, and practical deployment. 
 

A. Advancing Data Collection and Standardization 

 
One of the most pressing needs is establishing standardized 
data collection protocols across different sports 
organizations. At present, the landscape of injury-related data 
is fragmented and inconsistent, often collected through varied 
methods and lacking interoperability. This inconsistency 
hampers the development of scalable models. The creation of 
cross-sport, longitudinal databases would resolve many of 
these issues by enabling larger sample sizes, more balanced 
data, and the ability to generalize across diverse athlete 
populations. 
 
Additionally, encouraging the use of synchronized and 
validated wearable technology can significantly enhance the 
richness of real-time physiological and biomechanical data. 
Devices that continuously monitor training load, heart rate 
variability, and neuromuscular activity contribute to a better 
understanding of cumulative strain—a known precursor to 
injury. Harmonizing such sensor-based datasets across 
organizations would dramatically improve data volume and 
quality. 
 

B. Improving Model Robustness and Transferability 

 
To ensure broader usability, future models must account for 
the inter-individual variability in injury mechanisms. 
Personalized models that adapt to each athlete's unique 
movement patterns and training histories are essential. This 
involves incorporating advanced algorithms capable of 
learning from time-dependent and context-rich features, such 

as recurrent neural networks or transformers that preserve 
temporal and spatial nuances. 
 
Moreover, model validation should evolve beyond single-
dataset testing. Employing techniques like repeated k-fold 
cross-validation, bootstrap aggregation, and domain 
adaptation ensures robustness. These methods help confirm 
that a model performs reliably across different subsets, sports 
disciplines, and demographic groups. 
 

C. Enhancing Interpretability and Trust 

 
For ML systems to gain traction among coaches, medical 
staff, and athletes, transparency is key. Current “black-box” 
models offer high accuracy but lack explainability, making 
them less trustworthy for clinical decision-making. Future 
research must emphasize the integration of Explainable AI 
(XAI) to clarify how variables influence risk predictions. By 
visually representing contributing features—like a sudden 
spike in high-intensity sprints or a prolonged period of low 
recovery—ML can provide intuitive insights that align with 
practitioners' experience. 
 
XAI frameworks such as SHAP (SHapley Additive 
exPlanations) and LIME (Local Interpretable Model-
Agnostic Explanations) should be embedded into all future 
ML tools in this field. These interpretability layers bridge the 
gap between abstract probabilities and actionable insights, 
helping teams make informed decisions on load management 
and recovery planning. 
 

D. Embracing Multi-Modal Data Fusion 

The complexity of injury mechanisms demands models that 
can integrate heterogeneous data types—such as 
psychological assessments, environmental conditions, and 
player-specific factors—alongside traditional physiological 
data. Multimodal fusion techniques, often powered by deep 
learning, allow for the synthesis of these diverse inputs into 
unified predictive frameworks. 

For instance, combining GPS-derived workload metrics with 
self-reported fatigue and historical injury logs can yield a 
more holistic view of risk. Future architectures should 
prioritize not only accuracy but contextual richness by 
drawing from multiple data streams. 
 

E. Bridging Research and Real-World Integration 

 
Despite promising results in controlled settings, many ML 
models fail to translate into usable tools for sports 
organizations. To address this, future work must prioritize the 
design of systems with practical utility—ones that are user-
friendly, offer real-time outputs, and integrate seamlessly 
with existing workflows. Involving end-users such as sports 
scientists, coaches, and physiotherapists in the development 
phase through participatory design approaches will enhance 
adoption and impact. 
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Investment in educational programs that demystify AI for 
non-technical stakeholders is also vital. As trust increases, so 
does the willingness to adopt new tools. Real-time 
dashboards with intuitive visuals—highlighting injury 
likelihood and suggested interventions—could significantly 
increase daily use by performance teams. 
 

F. Interdisciplinary Collaboration and Policy Frameworks 

 
ML-based injury prediction exists at the intersection of sports 
medicine, data science, and ethics. Therefore, ongoing 
collaboration across disciplines is non-negotiable. Input from 
ethicists ensures that systems respect privacy and mitigate 
bias. Sports scientists and clinicians bring domain-specific 
insights critical for refining model objectives. Data scientists, 
in turn, can translate these needs into technical features and 
workflows. 
 
Policymakers must also be involved in shaping regulatory 
frameworks to oversee the ethical deployment of AI in sports, 
ensuring fairness, accountability, and inclusivity across all 
levels—from elite to grassroots. 
 

VIII. CASE STUDIES ON MACHINE LEARNING IN SPORTS INJURY 

PREDICTION 

This section delineates three distinct case studies, showcasing 
the practical implementation and profound impact of machine 
learning (ML) models in addressing critical challenges within 
sports injury prediction and the broader domain of athlete 
performance management. These examples draw upon 
insights from contemporary research to illustrate the 
transformative potential of data-driven approaches. 
 

A. Case Study 1: Real-time Injury Risk Assessment in Elite 
Football 

 
Challenge Addressed:  
Professional football clubs frequently encounter substantial 
financial and performance setbacks due to the incidence of 
sports-related injuries. Traditional injury prevention 
methods, often rooted in retrospective data and generalized 
guidelines, consistently fall short in accounting for the 
individualized and multifaceted nature of injury 
susceptibility inherent to each player. This deficiency is 
particularly pronounced in high-contact sports, where 
athletes typically sustain multiple injuries per season, 
underscoring the imperative for advanced, proactive, and 
precise prevention strategies. 
 
Methodological Approach:  
A prominent Portuguese first-division football club 
implemented a sophisticated hybrid ensemble machine 
learning framework to forecast individualized injury 
probabilities. This framework integrated several robust 
algorithms, including Support Vector Machines (SVM), 
Feedforward Neural Networks, and AdaBoost. The training 
data comprised real-time physiological and biomechanical 
metrics derived from GPS units and comprehensive session 
descriptors, such as player load, speed zones, and 

acceleration profiles. The overarching aim was to transition 
from a reactive injury management paradigm to a predictive, 
data-informed operational model. 
 
Key Outcomes:  
The deployed hybrid ensemble model achieved a notable 
predictive accuracy of 74.22% in identifying injury risk. A 
crucial functional output of this system was its capacity to 
generate real-time "red" or "yellow" alerts, conveying 
individualized injury probabilities directly to the coaching 
and medical staff. This immediate, actionable intelligence 
significantly augmented decision-making processes 
regarding player training load management and the 
implementation of timely preventative interventions. 
 
Discussion:  
This case study vividly demonstrates the tangible advantages 
of integrating advanced ML models into elite sports 
environments. The successful deployment of a hybrid model, 
powered by real-time wearable sensor data, highlights the 
profound potential for data-driven insights to underpin 
proactive injury prevention strategies. While the reported 
accuracy is commendable, it also underscores the inherent 
complexity of sports injury prediction and the continuous 
need for iterative model refinement to achieve even higher 
predictive precision and clinical utility within dynamic, high-
stakes athletic contexts.  
 

B. Case Study 2: Comprehensive Athlete Profiling and 
Player Availability Forecasting in Elite Women's 

Football 

 
Challenge Addressed:  
Effective player management and performance optimization 
in elite sports necessitate a holistic understanding of an 
athlete's complete physiological and psychological state, 
extending beyond purely physical or biomechanical 
indicators. Conventional methodologies frequently neglect 
the intricate interdependencies among diverse factors 
influencing injury vulnerability and overall player 
availability, leading to suboptimal intervention strategies and 
potentially compromised team performance. 
 
Methodological Approach:  
FC Barcelona's women's football team adopted a 
sophisticated survival analysis-based system engineered for 
forecasting player availability. This framework embraced a 
comprehensive, multi-modal approach to injury modeling by 
integrating a broad spectrum of heterogeneous data types. 
These included objective metrics such as match schedules, 
fatigue indicators, and player status, alongside more 
subjective and contextual factors like sleep quality, mood, 
prior injury history, player role, match type, and prevailing 
environmental conditions. The system was meticulously 
designed to dynamically adjust risk assessments over time, 
thereby accurately reflecting fluctuations in an athlete's 
condition, and demonstrated remarkable adaptability across 
varying competitive environments. 
 
Key Outcomes:  
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The survival analysis-based system successfully forecasted 
player availability with enhanced precision. By incorporating 
a rich array of personalized and dynamic features, the model 
significantly improved its capability to differentiate between 
transient fatigue states and genuinely elevated injury risk. 
This comprehensive approach contributed directly to 
improved performance outcomes and the implementation of 
highly individualized health management strategies. The 
integration of adaptive baseline frameworks, which learn 
each athlete's unique physiological and performance 
variability over time, further facilitated precise risk flagging 
and the development of tailored intervention protocols. 
 
Discussion:  
This case study exemplifies the evolving paradigm of holistic 
athlete profiling in injury prediction. The seamless 
integration of multi-modal data, encompassing both objective 
physiological measures and subjective psychological factors, 
provides a far more nuanced and personalized understanding 
of an athlete's readiness and injury risk. The success of this 
system underscores the critical importance of flexible and 
adaptive ML frameworks for effectively managing athlete 
well-being and optimizing performance in complex, real-
world sporting contexts. 
 

C. Case Study 3: AI-Enhanced Denoising of Head Impact 
Kinematics for Traumatic Brain Injury Prediction 

 
Challenge Addressed:  
Accurate measurement of head impact kinematics is 
fundamentally crucial for reliable assessment of traumatic 
brain injury (TBI) risk in athletes, particularly in contact 
sports. However, data acquired from instrumented 
mouthguards are inherently susceptible to significant noise, 
primarily stemming from the imperfect interface between the 
device and the human anatomy. This intrinsic noise 
substantially compromises the precision and reliability of 
TBI risk evaluations, potentially leading to misdiagnosis or 
delayed intervention. 
 
Methodological Approach:  
Zhan et al. (2024) introduced an advanced deep learning 
methodology employing one-dimensional convolutional 
neural networks (1D-CNN) to effectively denoise head 
impact kinematics data. The primary objective of this 
approach was to enhance the accuracy of these 
measurements, thereby improving the fidelity and 
trustworthiness of TBI risk assessment. The 1D-CNN 
architecture was specifically designed to process and mitigate 
the inherent noise present in sensor-based data obtained from 
mouthguards, leveraging its capability to learn complex 
patterns from sequential data. 
 
Key Outcomes:  
Rigorous experimental validation was conducted using a 
comprehensive dataset comprising 163 laboratory dummy 
head impacts, 118 on-field football impacts, and 413 post-
mortem human subject (PMHS) impacts. The 1D-CNN 
model demonstrated substantial improvements in data 
accuracy, achieving a 36% reduction in root mean squared 
error and an impressive 82% decrease in brain injury criteria 

errors in the denoised kinematics. The study conclusively 
established that the 1D-CNN model significantly 
outperformed conventional filtering techniques in its noise 
reduction capabilities. 
 
Discussion:  
This case study highlights the transformative potential of 
deep learning, particularly CNNs, in refining raw sensor data 
for more precise and reliable injury monitoring. The effective 
denoising of head impact kinematics by the 1D-CNN model 
presents a highly promising avenue for enhancing real-world 
TBI risk assessment and prevention strategies. Nevertheless, 
a critical limitation remains: the necessity for further rigorous 
validation using real-human kinematics data before 
widespread clinical deployment, underscoring the ongoing 
challenges in translating cutting-edge research advancements 
into practical, deployable solutions that directly impact 
athlete safety. 

IX.  LITERATURE REVIEW 

The contemporary landscape of sports science is increasingly 
defined by the strategic integration of machine learning (ML) 
to confront the persistent challenge of athletic injuries and to 
refine performance optimization strategies. A growing body 
of scholarly work underscores ML's transformative capacity, 
shifting the paradigm from conventional, generalized 
prevention methods to individualized, data-driven insights. 
This transition represents a significant departure from 
historical approaches that often relied on retrospective 
analysis and human intuition, offering a more nuanced and 
predictive understanding of athlete well-being. 

A significant contribution to this domain is exemplified by 
Zhan et al. (2024), who elucidated the application of deep 
learning, particularly one-dimensional convolutional neural 
networks (1D-CNNs), for enhancing traumatic brain injury 
(TBI) risk assessment through refined sensor-based data. 
Their investigation highlighted the superior efficacy of 1D-
CNNs in denoising head impact kinematics, surpassing 
traditional filtering techniques and consequently elevating 
the accuracy of TBI risk evaluation. This research 
underscores the pivotal role of artificial intelligence in 
bolstering data fidelity for critical injury surveillance. 

The concept of personalized injury prediction consistently 
emerges as a central theme within the literature. Naglah et al. 
(2018) introduced a hierarchical ML framework designed to 
forecast non-contact injuries by integrating training load 
measurements derived from wearable devices and subjective 
questionnaire data. Their findings identified the acute-
chronic workload ratio as a critical prognostic indicator, 
facilitating the generation of individualized risk profiles. 
Concurrently, Worsey et al. (2021) reinforced the imperative 
for athlete-specific models in movement pattern analysis, 
demonstrating their pronounced superiority in workload 
prediction and injury avoidance over generalized, athlete-
independent approaches. 

The integration of advanced technological infrastructure, 
such as the Internet of Things (IoT), further enriches the data 
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acquisition landscape for ML models. Bhatia (2021) 
presented an IoT and fog computing-inspired framework for 
comprehensive athlete performance evaluation, leveraging 
real-time sensor data to compute "probability-of-
performability" and "form index" values, thereby fostering 
evidence-based decision-making. Similarly, Goud et al. 
(2019) emphasized the profound significance of wearable 
technology in providing real-time physiological and 
performance data for ML-driven analysis across diverse 
sports disciplines, signaling a potential transition from 
conventional coaching methodologies to more data-centric 
feedback mechanisms. This continuous, high-resolution data 
stream from wearables captures subtle fluctuations in athlete 
performance and physiological states that often precede 
injury, enabling non-invasive, round-the-clock monitoring. 

Various ML algorithms have been rigorously investigated for 
their predictive capabilities. Minh et al. (2022), in their 
assessment of different ML algorithms for forecasting 
athletic fitness from mobile health data, observed that 
XGBoost consistently exhibited superior accuracy. Zhao et 
al. (2023) applied ML to predict tennis player scores, 
pinpointing key performance determinants and identifying 
LightGBM and Multilayer Perceptrons (MLP) as highly 
accurate models. The utility of Support Vector Machines 
(SVM) was highlighted by Alvarez et al. (2019) for 
classifying athlete dehydration based on heart rate variability 
(HRV), underscoring its potential to furnish valuable insights 
for medical personnel. These traditional ML algorithms, 
including Random Forest and Logistic Regression, are valued 
for their robustness, ability to handle high-dimensional data, 
and in some cases, their interpretability, making them suitable 
for various classification and regression tasks in sports injury 
prediction. 

The evolution of predictive modeling also encompasses deep 
learning architectures specifically tailored for sequential data. 
Zhang (2022) explored Recurrent Neural Networks (RNNs) 
and Long Short-Term Memory (LSTM) networks for athlete 
performance forecasting, emphasizing their inherent capacity 
to model long-term dependencies within time-series data—a 
crucial aspect for optimizing training regimens. These 
networks are particularly adept at predicting overuse injuries 
and chronic fatigue syndromes by tracking subtle changes 
over extended periods. Radhakrishnan et al. (2022) 
introduced a hybrid Grey Wolf Optimization-Convolutional 
Neural Network (GWO-CNN) model for analyzing athletic 
performance, showcasing the benefits of AI in real-time 
health monitoring and personalized training protocols. 
Furthermore, Artificial Neural Networks (ANNs) with their 
layered structures can model highly complex, non-linear 
relationships between various injury risk factors, adapting to 
new data and generating personalized prevention strategies. 
The novel Intrinsic Permutation Entropy Deep Learning 
(IPE-DL) framework, synergizing permutation entropy with 
deep learning architectures (e.g., CNN-LSTM models), has 
shown exceptional performance in quantifying the 
complexity and regularity of physiological and 
biomechanical time-series data, capturing inherent non-linear 
dynamics for superior injury prediction. 

Effective machine learning pipelines necessitate meticulous 
data preprocessing and sophisticated feature engineering. 
Raw sensor data, encompassing accelerometry, gyroscopy, 
and GPS, provides a rich source of continuous time-series 
information. From these signals, features can be extracted in 
time-domain (e.g., mean, standard deviation, peak 
amplitude), frequency-domain (e.g., power spectral density), 
and time-frequency domains (e.g., Short-Time Fourier 
Transform, Wavelet analysis). GPS-derived metrics such as 
total distance covered, high-speed runs, accelerations, and 
decelerations are crucial for quantifying external training 
load, with decelerations showing particularly high predictive 
power for football injuries. Inertial Measurement Units 
(IMUs) contribute data on 3D acceleration, angular velocity, 
and estimated orientation, leading to derived metrics like 
knee flexion/extension velocity. While expert knowledge has 
traditionally been vital for feature engineering, deep learning, 
especially CNNs, offers promising avenues for automatically 
learning relevant features from raw sensor data, potentially 
uncovering novel, non-obvious indicators. However, a 
critical observation is that transforming complex multivariate 
time-series data into one-dimensional feature vectors can lead 
to a "loss of temporal and spatial correlation," which is 
detrimental given the dynamic nature of injury development. 
This emphasizes the need for methods that preserve these 
correlations, such as RNNs and innovative time-series image 
encoding. 

Sports injury datasets are inherently characterized by severe 
class imbalance, with significantly more "non-injury" 
instances than "injury" events due to the infrequent nature of 
injuries. This disparity poses a substantial challenge for ML 
models, often leading to excellent prediction of non-injuries 
but poor performance on the critical, rare injury events. To 
mitigate this, techniques like oversampling (e.g., SMOTE) 
and undersampling are employed, though their effectiveness 
can vary depending on the dataset and injury type. Rigorous 
model training, validation, and performance evaluation are 
paramount. K-fold cross-validation, particularly stratified 
cross-validation for imbalanced datasets, is considered the 
gold standard. Repeated cross-validation runs are essential to 
account for stochasticity and obtain robust performance 
estimates. Performance metrics extend beyond simple 
accuracy to include Area Under the Receiver Operating 
Characteristic Curve (AUC-ROC), Sensitivity (Recall), 
Specificity, Precision, F1-score, and Geometric Mean 
(GMEAN), with a strong emphasis on per-class metrics for 
the minority (injury) class to ensure clinical utility. 

Despite these significant advancements, the existing 
literature consistently identifies several impediments, 
including inconsistent data quality, limitations in model 
generalizability across diverse athlete populations and sports, 
the "black-box" nature of complex models, and operational 
resistance to their widespread adoption. The prevailing 
discourse frequently emphasizes the critical need for 
standardized data taxonomies, fostering robust 
interdisciplinary collaboration, and implementing rigorous 
validation methodologies to bridge the chasm between 
theoretical research and practical implementation, thereby 
ensuring ethical data governance and equitable outcomes. 
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Addressing the "black-box" nature through Explainable AI 
(XAI) techniques like SHAP and LIME is crucial for building 
trust and enabling actionable insights for practitioners. 
Furthermore, practical barriers such as technical complexity, 
budgetary constraints, and psychological resistance from 
coaches and athletes must be overcome for successful real-
world deployment. The non-static nature of athlete 
physiology also introduces temporal drift, necessitating 
continuous model retraining and adaptive frameworks to 
maintain long-term stability and relevance. 

X. CONCLUSION 

In summation, the pervasive and increasingly sophisticated 
integration of machine learning within the dynamic sphere of 
sports science represents a truly transformative leap forward. 
This paradigm shift is fundamentally reshaping the proactive 
stewardship of athletic well-being and the meticulous 
optimization of performance across all competitive tiers. This 
comprehensive exploration has vividly illuminated how an 
array of highly sophisticated analytical models, 
encompassing cutting-edge deep learning architectures such 
as Convolutional Neural Networks (CNNs), Recurrent 
Neural Networks (RNNs), and Long Short-Term Memory 
(LSTM) networks, are now furnishing invaluable, data-
driven insights. These insights are critical for both precise 
performance assessment and, more importantly, the crucial 
domain of injury preemption, allowing for interventions 
before issues escalate. The concurrent advent of advanced 
Internet of Things (IoT)-enabled smart sports solutions, 
synergistically coupled with game-theoretic decision-making 
frameworks, has profoundly refined the granular tracking of 
athlete activities and the probabilistic estimation of their 
physical exertion, offering unprecedented levels of detail and 
real-time feedback. Furthermore, the consistent and robust 
application of potent algorithms like XGBoost, LightGBM, 
and Support Vector Machines (SVM) has demonstrably 
enhanced predictive accuracy across a diverse spectrum of 
applications, ranging from the precise classification of 
dehydration states to comprehensive injury risk evaluation 
and the nuanced recognition of dynamic sports activities. 
Crucially, this study emphatically underscores that the 
successful development of truly robust, universally 
applicable, and clinically relevant predictive models 
fundamentally necessitates not only access to extensive, 
high-quality, and diverse datasets but also the meticulous 
crafting of highly specialized, athlete-centric modeling 
approaches that account for individual variability. 

The horizon of sports science is now being brilliantly 
illuminated by emerging methodologies, including cutting-
edge knowledge-aware systems (KAN) and transformative 
AI-driven stress and wellness management frameworks. 
These pioneering approaches are actively paving the way for 
groundbreaking solutions that promise to meticulously refine 
training protocols, strategically detail tactical approaches, 
and significantly improve prognostic capabilities within the 
athletic domain. Such advancements hold immense potential 
to transition sports management from a predominantly 
reactive stance—addressing injuries after they occur—to a 
truly predictive and preventive paradigm, fostering sustained 

athlete health and peak performance. Nevertheless, despite 
these considerable and exciting strides, a number of persistent 
and significant challenges continue to impede their full-scale 
and seamless implementation in real-world settings. These 
notably concern the paramount importance of data security 
and individual privacy, the inherent complexities of model 
scalability across vastly diverse athletic populations and 
sports disciplines, and the non-negotiable imperative for 
rigorous, real-world validation to ensure practical utility and 
trustworthiness. Addressing the "black-box" nature of some 
advanced models through explainable AI (XAI) techniques is 
also vital to build confidence among practitioners. 

Consequently, future research endeavors must strategically 
prioritize the continuous refinement and ethical deployment 
of AI-based methodologies. This requires a concerted and 
collaborative focus on the judicious utilization of diverse, 
representative, and longitudinally collected datasets, 
fostering enhanced model generalization to ensure 
applicability beyond narrow training contexts, and, critically, 
guaranteeing their seamless integration as reliable, 
actionable, and user-friendly tools within the dynamic and 
demanding operational environments of professional and 
amateur sports. This includes developing intuitive user 
interfaces, clear interpretability mechanisms, and robust 
feedback loops to foster trust and facilitate adoption among 
coaches, medical staff, and athletes. Furthermore, 
establishing standardized data collection protocols and 
fostering interdisciplinary collaboration among data 
scientists, sports physiologists, clinicians, and ethicists will 
be paramount. Ultimately, the relentless and continuous 
evolution of artificial intelligence and machine learning is 
poised to profoundly reshape the very fabric of the sports 
industry, grounding critical decisions in empirical data, 
thereby systematically mitigating injury risks, extending 
athletic careers, and consistently elevating overall athletic 
achievement to unprecedented levels, fostering a safer and 
more sustainable future for athletes worldwide. 
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