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Machine Learning Approaches to Injury Risk Prediction in Sport
Iftikhar Khan', Hafsa Ali’, Menahil Faheem Siddiqui® and Gopika Mohanakumaran Nair Geetha*

ABSTRACT

Injury prediction has emerged as a priority within sports
science and performance management to limit athlete
downtime and enhance performance results. Machine
learning (ML) has transformed the field in the short term
by enabling the detection of complex patterns and risk
factors from diverse data sources related to athletes.
This narrative review provides an overview of the cur-
rent knowledge on ML methods, key results, and the
challenges encountered when applying them to injury
risk prediction in various sports. This is among the first
review articles to bring together and examine how ML is
used for predicting injuries across various sports and
different types of models. This review offers practical
guidance for sports scientists and clinicians looking to
incorporate simple-to-understand ML models into their
athlete monitoring and injury prevention efforts. A thor-
ough literature search was conducted using databases
such as PubMed, Scopus, and Google Scholar, with key-
words including “injury prediction,” “machine learning,”
“sports analytics,” and “athlete monitoring.” Tree-based
methods, especially Random Forests and XGBoost vari-
ants, consistently performed best, effectively managing
non-linear and multi-factorial inputs. Deep and hybrid
models remain promising, particularly for multi-modal
data sets; however, poor interpretability constraints lim-
it their widespread use. Training load, sleep quality, and
previous injury status were key predictive features. How-
ever, unbalanced datasets, inconsistent injury defini-
tions, and broad prediction windows further undermine
these present attempts in terms of generalizability and
clinical relevance. Although accuracy measures reported
by some models are very high, their utility in real-world
settings is limited due to small sample sizes and high
method heterogeneity. Designated data protocols need
to be instituted; the explainability of the model in injury
risk prediction must be enhanced; and ethical frame-
works for data use must be established, considering the
practical application of ML.

Keywords: Injury risk prediction, Machine learning
models, Sports analytics, Athlete monitoring, Random
Forest and XGBoost

Highlights

e Machine learning (ML) techniques, particularly
Random Forest and XGBoost, are leading tools for
predicting the risk of sports injuries.

e (ritical predictors across studies include training
load, sleep quality, and a history of previous inju-
ries.

e Deep learning and hybrid models offer advanced ca-
pabilities but require improved interpretability for
clinical adoption.

e Future progress requires standardized methodol-
ogies, ethical data practices, and athlete-centered
model validation.

Introduction

Youth and young athletes have high participation rates
in sports, which is why sports are a leading cause of
injury. A cross-sectional and review article indicates
that around 20% of school children miss one day of
school due to a sports injury, and about one in three
seek medical attention for a sports injury.”” To prevent
these injuries, a four-step model called Mechelen’s
Model has been used for over 25 years. The model in-
volves monitoring injury rates, identifying risk factors,
developing prevention strategies, and assessing their
effectiveness. Another key approach used is conduct-
ing Randomized Controlled Trials (RCTs) to examine
and understand the efficacy of prevention methods.
The present study was designed to utilize case-con-
trol and cohort studies, which can also be employed.
Therefore, the most efficient strategy is the one that
can be readily adopted and produce realistic and effi-
cient results.’

The consequences of sports injuries have a profound
effect on athletes. Injured athletes are prone to suffer
mental health issues, including disordered eating,
anxiety, depression, and suicidal thoughts. Further-
more, sports injuries can lead to career termination,
negative behavior towards their colleagues, family
members, and disturb athletes’ physical and emotion-
al well-being.?

The traditional approach to preventing sports in-
juries incorporates evidence from public health and
medical research. The research study is usually de-
signed following RCTs, and building reviews on them.
Moreover, two more approaches are used, namely “evi-
dence-based practice” and “practice-based evidence.”
Evidence-based practice involves making decisions
in a specific situation based on available data and re-
search. Conversely, practice-based evidence involves
addressing everyday medical emergencies, rather than
implementing interventions and evaluating their effec-
tiveness.” Though there are certain setbacks in the tra-
ditional method, these include the “research-practice
gap,” where all the solutions provided for a specific
injury are considered in an ideal situation. This ideal
scenario, as mentioned in the article, is not often ob-
served. Another setback is that practitioners trained to
prevent or overcome sports injuries have different pro-
fessional experiences (full-time professional coaches
vs. part-time volunteer community coaches), which
disrupts the implementation of research-based solu-
tions.”

In modern times, Al is having a substantial positive
impact on the prevention of sports injuries. It can help
enhance machine learning (ML) by collecting data on
the history of injuries, training loads and techniques,
body measurements, health history, as well as genetic
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history, to create training programs tailored to each in-
dividual, thereby reducing injury risk and optimizing
athlete performance. Moreover, Al is evolving to mon-
itor future incoming data based on current data, alert-
ing athletes and their associated colleagues to potential
future injuries and health emergencies that may impact
performance efficiency. This goal is being met through
wearable devices that provide immediate feedback for
decision-making during sports. Moreover, Al supports
automation in training, performance tracking, and in-
jury prevention by utilizing chatbots and motion sen-
sors to guide athletes through exercises.’

In the following sections, we describe the methodol-
ogy used to identify and select relevant studies on ML
applications in sports injury prediction. The Methods

Identification

Records identified from*:
Databases (PubMed, Scopus,
Google Scholar, IEEE

Explore)

Registers (n = 410 Studies)

Records removed before
screening:
Duplicate records removed
(n=30)

\4

J (

Screening
Records screened

(n = 380)

Records excluded**
(n =290)

v

Reports sought for retrieval

(n =90)

Reports not retrieved
(n=79)

\4

Reports assessed for eligibility

(n=11)

\ 4

Reports excluded: (n = 0)

s

Included
Studies included in this review

(n=11)

Fig 1 | PRISMA-style flow diagram of study selection process

Note: This PRISMA diagram is adapted for use in a narrative review

Table 1 | Summary of evidence certainty by ML model (GRADE-narrative assessment)

ML Model Evidence Risk of Consistency Imprecision Publication  Certainty
Base Bias Bias of Evidence

Random Forest 5 studies ~ Moderate  Moderate Serious Suspected Low
(RF)
XGBoost 3 studies  Moderate  Low Serious Suspected  Very Low
Support Vector 4 studies  Low Moderate Moderate Undetected ~ Moderate
Machine (SVM)
Deep Learning 2 studies  Serious Low Serious Likely Very Low
(bL)
Hybrid/ 3 studies  Moderate  Moderate Moderate Suspected  Low
Ensemble

2

detail our systematic search strategy, inclusion crite-
ria, and evidence appraisal approach. The Results
summarize findings across various ML models, sports,
and performance metrics. Finally, the Discussion crit-
ically evaluates the model’s strengths and limitations,
practical challenges, and ethical considerations, and
provides future research directions.

Methodology

This review has been conducted in accordance with
the PRISMA 2020 guidelines for systematic reviews.® A
comprehensive literature search was performed using
multiple databases, including PubMed, Scopus, Goo-
gle Scholar, and IEEE Xplore.

The following Boolean search strategy was used
across databases:

(“injury prediction” OR “injury risk”) AND (“ma-
chine learning” OR “artificial intelligence”) AND
(“sports” OR “athletes” OR “sports analytics” OR “ath-
lete monitoring”)

Searches were restricted to articles published be-
tween January 2010 and March 2025, ensuring the
inclusion of contemporary ML methodologies.

Language filters were applied to include studies
published in English and Spanish only.

Inclusion criteria encompassed observational stud-
ies evaluating ML techniques for sports injury predic-
tion. No restrictions were applied regarding the age,
gender, level of play (from amateur to professional), or
type of injury of the athletes. Studies were selected in
a multi-step process: initial title and abstract screen-
ing was followed by full-text assessment for eligibili-
ty. Discrepancies were resolved by consensus among
reviewers.

As illustrated in Figure 1, a PRISMA 2020 flow dia-
gram adapted for the study selection process is provid-
ed. A total of 40 articles were ultimately included after
screening 380 records.

Evidence Appraisal

To assess the certainty of evidence in the included stud-
ies, we applied the GRADE-Narrative approach, adapt-
ed for narrative reviews.” This method evaluates the
quality of evidence across key outcomes based on study
limitations, inconsistency, indirectness, imprecision,
and publication bias. Each outcome was rated as high,
moderate, low, or very low certainty of evidence.

Studies were grouped by ML model type and
sport-specific application, and quality was synthe-
sized narratively. The results of this grading are sum-
marized in Table 1.

This table summarizes the certainty of evidence for
various ML models applied in sports injury prediction,
assessed using the GRADE-Narrative approach. Fac-
tors considered include risk of bias, consistency, im-
precision, and potential publication bias.

ML Techniques in Injury Prediction

ML Methods Overview

Supervised Learning

This section outlines the key ML paradigms and vari-
ables used in injury risk prediction models. ML models

DOI: https://doi.org/10.70389/PJCS.100012 | Premier Journal of Computer Science 2025;4:100012


https://doi.org/10.70389/PJCS.100012
https://doi.org/10.70389/PJC.100001

PREMIER JOURNAL OF COMPUTER SCIENCE REVIEW

can be broadly categorized into supervised, unsuper-
vised, and DL approaches. Supervised learning in-
volves labeled datasets and includes algorithms such
as RFs, SVMs, and logistic regression.®® Unsupervised
learning, such as clustering and principal component
analysis, identifies hidden patterns in unlabeled data.’
DL models, including neural networks and recurrent
architectures, are particularly effective for process-
ing complex, multimodal inputs like video or sensor
data.'®"" Each model was selected based on its fit for
the dataset characteristics, interpretability, and perfor-
mance in prior literature.

DL

Another type of ML is DL. This is based on neural net-
work models, which are inspired by the principles of
how the human brain functions. Unlike other types
of ML, DL can extract data from raw data (images and
videos). DL further includes Back Propagation, an ef-
fective technique that modifies the model’s internal pa-
rameters through a process known as gradient descent
to aid in learning. This enables the training of deep
neural networks even with massive datasets."

In many domains, DL has enhanced performance.
For instance, DL models now outperform conventional
ML techniques in human activity recognition, such as
assessing movement using wearable sensors or videos.
These advancements have been particularly evident
in fields that utilize computer vision and inertial mea-
surement units, resulting in more accurate identifica-
tion and analysis of human movement. Additionally,
recurrent neural networks (RNNs), which retain past
neural inputs for future predictions, have also demon-
strated significant improvements.'!

Each algorithm applied in the literature was selected
based on the nature of available data, the dimension-
ality of features, and the need for interpretability. For
instance, RF and XGBoost were often favored for their

capacity to handle non-linear data and imbalanced
datasets. At the same time, SVMs excelled in smaller
sample contexts due to their margin maximization
strategy. However, DL, despite offering the best per-
formance on multimodal inputs such as video or GPS
data, often lacks transparency and requires large data-
sets to prevent overfitting.

Results

This review aimed to identify ML strategies to predict
the risk of injury in multiple sports. Most studies have
focused on sports with a high risk of injury, such as
football, soccer, rughy, and basketball. We identified a
total of five studies reporting the use of ML in predict-
ing football (soccer) injuries. The studies (Table 2) by
Anne Hecksteden et al., Nikki Rommers et al., Diogo
Nuno Freitas et al., Ifaki Ruiz-Pérez et al, Jon L. Oli-
ver et al., and Reza Saberisani et al. included 88, 734,
34, 206, 355, and 25 football players, respectively.
Four studies were prospective, and one was a longi-
tudinal design.'”®® Two studies on basketball players,
by Juri Taborri et al. and Susanne Jauhiainen et al.,
were analyzed, reporting on 39 basketball players and
314, including those from basketball and floorball.”*
Furthermore, one retrospective study by Arie-Willem
de Leeuw et al. included 14 volleyball players.'' The
remaining two studies involved 122 and 880 general
athletes, as Maria Henriquez et al. and Susanne Jauhi-
ainen et al. reported, respectively.'""?

Among the assessed models, high efficacy was con-
sistently observed in the RF and XGBoost models. RF
models help handle features with a range of distribu-
tions, as they have no official distribution assumptions.
They can also manage multimodal data, allowing for
the interpretation of meaningful relationships between
features and outcome variables. Maria Henriquez et al.
used the performance metric receiver operating char-
acteristic (ROC) area under the curve (AUC) to evalu-
ate the performance of their RF machine models."" The

Table 2 | Summary of all the ML studies with details about sample size, ML model used, and performance metric

Author Sport Sample Size  Study Design ML Models Performance  Key Findings
Metrics

Anne Hecksteden et al. Football 88 Not specified Gradient Boosting ROC AUC Gradient boosting was used; performance
was evaluated via the ROC AUC.

Nikki Rommers et al. Football 734 Prospective XGBoost F1-score High-performing XGBoost model; used
F1-score.

Diogo Nuno Freitas etal. ~ Football 34 Not specified SVMs, FNNs, AdaBoost ROCAUC Reported 74.22% overall accuracy, 71.43%
sensitivity, 74.19% specificity.

Ifaki Ruiz-Pérez et al. Football 206 Longitudinal Decision Tree, AD Tree, ROC AUC, A combination of tree-based and SYM

SVMs F-score Models was used.

Jon L. Oliver et al. Football 355 Not specified Decision Tree ROCAUC Applied decision trees to predict injury.

Reza Saberisani et al. Football 25 Not specified Decision Tree ROCAUC Small sample study using decision trees.

Juri Taborri et al. Basketball 39 Not specified Landing Error Score F1-score Injury risk is classified using biomechanics.

System
Susanne Jauhiainen etal. ~ Basketball & 314 Not specified RF, Logistic Regression ROCAUC Very high performance noted (AUC 0.98).
Floorball (0.98)

Arie-Willem de Leeuw Volleyball 14 Retrospective Subgroup Discovery Not specified ~ Small sample, subgroup-based pattern

etal. mining.

Maria Henriquez et al. Mixed Athletes 122 Not specified RF ROCAUC Used ROC AUC; mainly false positives

(0.689) reported.

Susanne Jauhiainen etal.  Mixed Athletes 880 Not specified RF, SVM ROCAUC Applied multiple ML models in a large

cohort.
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final ROC AUC accuracy metric was 68.90%, with er-
rors primarily resulting from false positives rather than
false negatives."" Susanne Jauhiainen et al. also used
RF, and the training ROC AUC values were high (AUC
0.98). ROC-AUC of 1 indicates a very accurate pre-
diction, while a value of 0.5 implies a purely random
prediction.'® The AUC range for the RF plot was 0.78~
0.98, suggesting better model performance.'>'""* The
SVM also demonstrated high performance, with an
AUC ranging from 0.85 to 0.96.>*'° XGBoost was also
perceived as a high-performing model, as evidenced
by studies that reported a precision of 84% for injury
prediction.” A study reported that SVM, Feedforward
Neural Networks (FNNs), and Adaptive Boosting (Ad-
aBoost) showed a good accuracy in detecting injuries,
obtaining a resulting sensitivity of 71.43%, specificity
of 74.19%, and overall accuracy of 74.22%.’

Discussion

The current review aims to analyze the integration of
ML in sports such as football, volleyball, basketball,
and floorball to predict injuries that players may expe-
rience.

Model Performance

A comparative summary of strengths, limitations, and
optimal applications of various ML models is provided
in Table 3. This table identifies the likelihood of injury,
enabling coaches to adjust training intensity and tech-
niques to prevent potential injuries. Gradient boosting
and AdaBoost are also ML algorithms that are trans-
parent and simpler to implement.'*

Challenges

There are certain challenges; for instance, some stud-
ies had a very small sample size, ranging from 14 to
122.%*%'" Furthermore, interpreting and explaining
data are significant barriers; coaches and doctors may
be discouraged from adopting tools they do not under-
stand. Technical experts would be required to decipher
the results, which could lead to increased costs. How-
ever, emerging Al tools like SHapley Additive exPla-
nations (SHAP) provide actionable and interpretable
output that is easier to understand.” SHAP is a type
of model clarification and explainability framework
that can be integrated with ML to offer understanding
into the model decision process.'” Furthermore, mea-
sures such as AUC may not be the best option for as-
sessing ML performance, as they only consider black
and white outcomes, that is, whether an individual
is injured or not. Conversely, other methods, such as
Brier Score and the Logarithmic Loss, can determine
the exact predicted probability of injury.® Presently,
many ML models are also regarded as ‘black boxes’,
making them less transparent, impeding independent
evaluation of model performance, uses, and compre-
hensibility."

Many studies have employed cost-sensitive models
for detecting injuries, an approach adopted due to the
disparity between injury and non-injury data.’ How-
ever, some studies did not use this model.>®'" Other

PREMIER JOURNAL OF COMPUTER SCIENCE REVIEW

studies only reflected the first injury, not the multiple
injuries sustained throughout the season.” Moreover,
from a practical perspective, the increasing number
of confounding variables is a limitation to finding the
actual risk of injury using ML models. For example, an
athlete might have a very high risk of injury, but not
get injured due to the lack of playtime, while other
players with a low risk of injury might face harm due to
confounding factors.!' GPS-based models can be inac-
cessible for many practitioners due to the high costs in
applied sports settings (250 euros per unit).*

Data availability also poses a significant challenge
for ML, as it relies on the nature and features of the
data for efficient working. It needs constant availabili-
ty of data. This data availability can be costly."> Newer
studies have suggested that wearable devices and mo-
bile applications can overtake older laboratory motion
data collection methods.>*

Comparative Appraisal of ML Models

RF

RF models are robust to noise and missing values,
making them suitable for real-world sports data. They
consistently rank high in AUC scores (0.78-0.98),
particularly in football and multi-sport datasets. How-
ever, their “black-box” nature hinders clinical accep-
tance due to low interpretability. Moreover, their per-
formance may degrade in high-dimensional datasets
with many irrelevant variables unless feature selection
is optimized.

XGBoost, known for its computational efficien-
cy and superior handling of imbalanced datasets,
achieved precision scores of up to 84%. It is particu-
larly effective in football and elite youth cohorts. How-
ever, it demands extensive parameter tuning and may
overfit on smaller datasets.

SVMs

SVMs demonstrated strong performance, with AUCs
ranging from 0.85 to 0.96, in small to mid-sized data-
sets. Their strength lies in handling high-dimensional
spaces; however, the kernel trick complicates both in-
terpretability and scalability. They are best suited for
controlled settings, such as basketball or volleyball.

DL

DL models, such as RNNs and FNNs, have demonstrat-
ed high accuracy, particularly when processing video
or wearable sensor data. However, their need for large
annotated datasets and poor explainability limits their
broader use. These models are more promising in elite
teams with access to rich, continuous monitoring.

Hybrid Models and Ensembles

Techniques combining SVM, RF, and AdaBoost showed
balanced performance (e.g., 74.2% overall accuracy),
benefiting from ensemble robustness. However, com-
putational load and difficulty in identifying which
component drives prediction hinder real-time applica-
tion.
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Table 3 | Comparative appraisal of ML models in sports injury prediction

ML Model Strengths Limitations Best Use Case/Sport  Performance Metrics Interpretability
RF Robust to noise; handles non-linear, Less interpretable (“black-box”); Football, multi-sport ~ AUC: 0.78-0.98 Low
multi-factorial data; works with performance can drop with high- datasets
unbalanced datasets. dimensional irrelevant variables.
XGBoost High efficiency; excels with Requires extensive parameter Youth football, elite Precision: ~84% MediumX
imbalanced data; regularization helps  tuning; computationally intensive  training groups
prevent overfitting. on large datasets.
SVM Excellent for small, high-dimensional ~ Low scalability; complex Basketball, volleyball ~ AUC: 0.85-0.96 Medium
datasets; strong generalization with kernel configurations reduce
kernel tricks transparency
DL Powerful with multimodal inputs Requires large labeled datasets, Wearables, elite Varies (often high but Low
(video, GPS, sensor); learns from raw high training cost, and poor teams with rich data  dataset-dependent)
data automatically. interpretability
Hybrid/ Combines the strengths of multiple Difficult to interpret which Research settings: Accuracy: ~74.2%, Low—Medium
Ensemble algorithms; resilient to noise and component drives predictions; diverse sports Sensitivity: ~71.4%,
Models overfitting higher computational demands Specificity: ~74.2%

Table 2 summarizes the performance metrics of
these ML models in prior studies and contextualizes
their real-world usability in sports injury prediction.

Ethical Considerations

Ethical considerations are also essential when designing,
governing, and implementing machine-based models,
including factors such as honesty, truthfulness, transpar-
ency, privacy, and safety. Al-related ethical issues must
be disclosed to health professionals and athletes before-
hand to ensure compliance with ethical standards."” The
introduction of biases is another direct ethical problem
that needs to be taken into consideration, as these bias-
es can lead to incorrect decisions. They show a greater
tendency to discriminate based on race, which is a cru-
cial factor in healthcare and its delivery. For example, a
heart-related mortality algorithm by the American Heart
Association showed that if two patients present with sim-
ilar symptoms. Still, one is White and the other is Black,
the prediction indicated that the white patient is at higher
risk, encouraging the doctors to allot more resources to
the white patient. Such issues are even more substan-
tial if they are undetected by medical professionals, as
they would not be able to stop algorithms from learning
or integrating such bias."'® Major security challenges
also pose a threat; multiple new research studies have
acknowledged the susceptibility of ML systems to adver-
sarial ML attacks. These attacks have been noticed on
medical systems that employ ML."

There are also concerns regarding the dehumaniza-
tion of clinical decision-making due to over-reliance on
healthcare professionals. This could also lead to physi-
cians neglecting patients’ values and past experiences
when deciding on an intervention and relying solely on
algorithms. This also might limit intervention choices.'®
Transparent reporting standards, such as TRIPOD-AI
and PROBAST-AI, are being developed to enhance eth-
ical compliance in model development and validation.*

Research Gaps and Implications for Practice
Despite promising results, current research exhib-
its several gaps. Most studies rely on single-center
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datasets with small sample sizes, which limits their ex-
ternal validity and reproducibility. There is also a lack
of standardized injury definitions and uniform data
collection protocols, which hinders meta-analysis and
model comparison. Additionally, few studies account
for recurrent injuries or dynamic player conditions
across a season.

This review offers novelty by consolidating and
critically examining ML approaches across a diverse
range of team sports, including underrepresented
fields like floorball. We also uniquely highlight mod-
el interpretability, real-world adoption barriers, and
ethical dimensions that are often overlooked in prior
reviews. Our integration of emerging concepts such as
SHAP, adversarial ML, and federated learning adds for-
ward-looking value to the current literature.

Using the GRADE-Narrative method, we observed
that most studies offer very low to low certainty of
evidence, mainly due to small sample sizes, heteroge-
neity in ML models, lack of standardized injury defini-
tions, and high risk of publication bias. For example,
while RF and XGBoost models showed high predictive
metrics, the absence of external validation in most
studies reduced overall confidence. Studies applying
SVMs and hybrid models demonstrated slightly higher
consistency in reporting; however, the limited inter-
pretability of DL models and inconsistent follow-up
protocols in the included research further downgraded
certainty ratings.

Future Directions

To enhance practical relevance, future research should
prioritize multicenter, longitudinal studies that rep-
resent diverse athletic populations. Techniques like
federated learning can be employed to aggregate data
from multiple sources without compromising priva-
cy.”! Transfer learning may also allow knowledge shar-
ing across different sports or populations with limited
data.”” Explainable Al methods, such as SHAP and
LIME, should be integrated to improve understand-
ing and facilitate real-world adoption by coaches and
sports medicine professionals.’
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Practitioners should note that ML tools are most effec-
tive when used in conjunction with expert knowledge
and experience.” ** For maximum benefit, interdisci-
plinary collaboration is crucial, and end-users must
be trained to interpret model outputs effectively. The
translation of model predictions into actionable train-
ing and rehabilitation strategies will determine the ac-
tual impact of ML on athlete health.”**’

Injury prediction in sports presents unique challeng-
es that necessitate the development of tailored ML mod-
els. No single model universally outperforms others;
rather, model selection should be context-dependent,
balancing accuracy with interpretability and resource
availability. Future studies should focus on compara-
tive validations across different sports using unified
datasets to establish model benchmarks.*®*°

Conclusion

In this review, we showed that ML is proving to be a
transformative force in sports injury prediction, of-
fering promising solutions for early detection, athlete
monitoring, and performance optimization. This re-
view emphasized that tree-based models such as RF
and XGBoost currently lead the field due to their adapt-
ability, ability to handle nonlinear data, and overall ro-
bustness. DL models, while powerful for multimodal
data such as videos and sensor outputs, remain con-
strained by interpretability issues that limit their clin-
ical applicability. Despite promising accuracy metrics,
real-world implementation remains challenging. Com-
mon barriers include small sample sizes, heteroge-
neous methodologies, inconsistent injury definitions,
and limited generalizability.**

Furthermore, ethical considerations, particularly
data privacy, transparency, and informed consent,
must be embedded within future ML applications in
sports. Cost constraints, lack of standard data proto-
cols, and a reliance on ‘black-box’ algorithms further
reduce model trust and adoption by practitioners and
coaches. To move forward, future research should fo-
cus on developing explainable models using frame-
works such as SHAP, standardizing injury definitions,
and building multicenter datasets for improved model
validation and generalization. Collaboration between
sports scientists, medical professionals, data analysts,
and ethicists will be critical in transforming ML tools
into practical, athlete-centered solutions. Finally, in-
tegrating ML into routine athlete care must prioritize
accuracy, interpretability, fairness, and ethical use,
ensuring that technological innovation genuinely
serves to protect and enhance the well-being and per-
formance of athletes.
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