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ABSTRACT

In today's sports field, the prevention and management of athletes' injuries have become crucial. Timely and accurate prediction
of athletes' injury risk can not only help the team to make a reasonable training plan, but also greatly reduce the loss caused by
injury. In this study, based on injury_data datasets, a model of athlete injury prediction was constructed by using Logistic
regression model, aiming to achieve the binary classification prediction of athlete injury risk. The injury_data datasets contains
several key pieces of information about athletes, such as type of exercise, intensity of training, prior injury history, etc., which are
critical to predicting whether an athlete is at risk of injury. We ensure that the data used for modeling is of high quality and
accuracy through elaborate pre-processing steps, including missing value processing and outlier detection.In the process of
constructing the Logistic regression model, Maximum Likelihood Estimation (MLE) is used to determine the optimal model
parameters. In order to evaluate the performance of the model, we use the likelihood ratio test as the evaluation criterion of
model fit degree. The experimental results show that our model can effectively predict the injury risk of athletes, and its
prediction accuracy meets the preliminary application requirements.Through this study, we have confirmed the feasibility and
effectiveness of the application of Logistic regression model in the field of athlete injury prediction, and hope that this method
can provide technical reference for subsequent research in similar fields. Future work will focus on introducing more data
features and exploring more advanced prediction models to further improve the accuracy of predictions and help optimize
athlete health management and injury prevention strategies.
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1 Introduction

In competitive sports, the health and safety of athletes are paramount. Injuries not only impact an athlete's career but
can also affect the overall performance of the team. As Leckey et al. (2024) pointed out in their scoping review, the
application of machine learning approaches in predicting sports injuries has shown great potential in enhancing injury
prevention strategies. As the intensity of training increases, the risk of injuries among athletes also rises, making injury
prediction and prevention a key task for sports organizations and coaching teams. Traditional injury prediction methods
rely on the experience of doctors and cannot comprehensively cover potential risks, especially hidden or early-stage
injuries. However, recent studies have shown that integrating physical fitness tests and body composition data can
improve the accuracy of injury prediction. For example, Martins et al. (2022) developed a predictive model for elite
football players based on these factors”. Modern technologies, particularly data analysis and artificial intelligence (Al),
provide new solutions for predicting athlete injuries. By combining algorithms such as Logistic Regression, accurate injury
risk assessments can be made.

The prediction model based on Logistic Regression not only improves the accuracy of injury prediction but also
provides coaches with scientific data to support the formulation of reasonable training plans, thereby reducing athletes'
injury risks. The application of the model also helps sports medicine teams to identify high-risk individuals in advance and
develop personalized protective strategies™. Overall, as the level of competitive sports increases, the combination of
modern computing technology and sports medicine will push injury prediction to higher levels, bringing wide-ranging
social and economic benefits to the sports industry™.

This study aims to analyze athlete injury data through a Logistic Regression model, developing an efficient and
accurate injury risk prediction system to support athlete health management and injury prevention. The structure of the
paper includes an introduction, literature review, dataset description, methodology section, experimental analysis,
discussion, and conclusion, providing a detailed explanation of the research background, methods, experimental results,
and future directions for improvement.

2 Related Work

The field of athlete injury prediction has widely applied statistical and machine learning models, including linear
regression, artificial neural networks (ANN), support vector machines (SVM), and ensemble learning methods. The linear
regression model, due to its simplicity and intuitiveness, is often used for preliminary analysis of injury data. However,
injury occurrences often involve multiple factors and nonlinear relationships, and linear regression has limitations when
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dealing with these complex relationships. Artificial neural networks (ANN) perform exceptionally well in capturing
complex data patterns and are particularly suited for handling large-scale athlete physiological and activity data.
However, their "black-box" nature limits the transparency and interpretability of the model, especially in scenarios where
clear results are required. Support vector machines (SVM) are powerful classification tools that improve classification
accuracy by maximizing the distance between data points and the decision boundary. Although SVM can handle high-
dimensional datasets, selecting the appropriate kernel function and tuning parameters can be complex for beginners.
Ensemble learning methods, such as random forests (RF) and gradient boosting machines (GBM), enhance prediction
performance by combining multiple models. These methods exhibit excellent generalization capabilities and robustness
to noise but increase computational demands and model complexity.

Among these methods, the Logistic regression model performs well when dealing with binary classification problems
(such as injury occurrence). However, some studies have shown that machine learning methods can outperform
traditional logistic regression in certain contexts. For instance, Luu et al. (2020) demonstrated that machine learning
models were more effective than logistic regression in predicting NHL player injuries®. It has the advantages of high
computational efficiency and ease of result interpretation, making it useful for providing injury risk predictions for
athletes and coaches. While Logistic regression has less flexibility in handling nonlinear relationships, the probability
estimates it provides are crucial for decision-making and can help assess athletes' injury risks.

However, Logistic regression also has limitations, especially when the feature space is too high-dimensional or the
sample size is small, which may lead to overfitting. To address this issue, researchers often use techniques such as feature
selection, regularization, and model diagnostics to improve the reliability of the model.
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B, X, features, to develop an athlete injury risk prediction system. By using this model, data-driven injury prediction and
prevention strategies can be provided for athletes and coaches.

This study chose the Logistic regression model, specifically using a model with log

3 Methods
3.1 Logistic Regression Model

Logistic regression is a statistical model used for binary classification tasks. Its core idea is to map the output value of
linear regression to the range (0,1) through the nonlinear sigmoid (logistic) function, thereby representing the probability
of a specific category. In this study, a logistic regression model is employed to predict athletes' injury risks, aiming to
compute the probability of an athlete being injured (1) or not injured (0).

Logistic regression extends linear regression by introducing the sigmoid function, which transforms the linear
combination of input features into a probability value. Given a feature vector X =(x, x,,...x, )", where X in R", the goal is to
predict a binary label Y, which can take values of 0 or 1. The model estimates the conditional probability P(Y=1|X), which

can be expressed as":

PIY = 1X)= 0167 X)=————
1+
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where o(z)= -~ represents the sigmoid function, mapping the linear combination results to the (0,1) interval. The

parameter vector 6 =(6,,6,,....6,)", which determines the threshold when all feature values are zero, and weights 6, for x(i>
0), which indicate the importance and direction of each feature in the prediction.
Additionally, the logit function (log-odds function) for logistic regression is given by:

logit(p)=log( P S)=0'X

where p represents the probability of an injury occurring. The logit function transforms probability values into a linear
relationship, making it suitable for parameter optimization using maximum likelihood estimation (MLE).

3.2 Model Training and Optimization

To train the logistic regression model, the optimal parameter 6 needs to be determined. This is typically achieved by
maximizing the likelihood function (MLE), often done by maximizing its log-likelihood form. The log-likelihood function
for logistic regression is given by:

L©®)=} (v;log(p,)+(1 = Y)log(1 —p,))
where P,=0(0"X;) represents the predicted probability of injury given X, and Y, is the observed value. The optimal
parameter 8 is found by maximizing.
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L(6), usually through optimization algorithms such as gradient descent. The gradient update rule is6:=6,-a aaLéG)’
i

where a is the learning rate, controlling the step size of parameter updates. The loss function is defined as the negative
log-likelihood function:

J(©)=-L(©)

Gradient descent optimizesBby iteratively adjusting parameters to minimize J(0), thereby training the model. The
choice of optimization algorithm impacts the convergence rate and stability of the model®. Common algorithms include:

Batch Gradient Descent (BGD): Uses the entire dataset for each update, ensuring stability but requiring high
computational power. Stochastic Gradient Descent (SGD): Updates parameters after each sample, reducing computation
but increasing noise in updates. Advanced Variants (Adam, RMSprop, etc.): Combine momentum-based adjustments to
enhance convergence efficiency.

Parameter selection involves choosing the learning rate a and incorporating regularization terms (L1 or L2
regularization) to prevent overfitting. The learning rate is often fine-tuned through experiments, starting with a larger
value and gradually decreasing to avoid oscillations.

Additional model optimization strategies include: Feature Scaling: Standardizing features to accelerate training
convergence. Learning Rate Decay: Dynamically adjustingato balance exploration and convergence. Momentum
Techniques: Smoothing updates to prevent drastic changes in parameter values.

Training stops when the loss function converges, i.e., when its change falls below a predefined threshold. The final
optimized parameters 6 are then used for injury prediction on new athlete data. By integrating statistical methods such as
MLE for parameter estimation, hypothesis testing for model evaluation, and regularization for overfitting control, the
logistic regression model ensures robustness and interpretability in predicting athlete injuries.

4 Experiment
4.1 Dataset Description

The athlete injury prediction dataset (injury_data) comes from the Hejing community™. This dataset is a
comprehensive athlete injury analysis dataset composed of 1000 simulated data records. It includes information about
athletes' basic physical characteristics and training conditions, such as player age, weight, height, previous injuries,
training intensity, and the correlation of each parameter in predicting the likelihood of injury. The following table outlines
the fields contained in the dataset and their corresponding explanations, providing a foundation for understanding the
dataset structure and subsequent analysis.

Table 1 Variable Descriptions

Field Description
Player_Age Age of the player (in years)

Player_Weight Weight of the athlete (in kg)

Player_Height Height of the player (in cm)
Previous_Injuries Whether the player has had prior injuries (Yes: 1, No: 0)
Training_Intensity Training intensity (range: [0, 1])

Recovery_Time Days required to recover from an injury (range: 1-6 days)

Likelihood_of_Injury Probability of injury (1 = Injury, 0 = No injury)

4.2 DataProcessing

The data under study may consist of nonlinear datasets, specifically binary classification (nonlinear) problems. The
water safety data studied here is a binary classification issue. The following shows the distribution of previous injuries
(Previous_Injuries).

Previeus Injuries Distributien
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Figure 3-3 Distribution of Previous Injuries
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Based on Figure 3-3, the distribution analysis of categorical variables for 1000 athlete samples shows that more than
500 athletes have no previous injuries (non-injury group), while fewer than 500 athletes reported having experienced at
least one sports-related injury (injury group).

In this study, we performed data cleaning, missing value handling, feature selection, and standardization by loading a
dataset containing athletes' injury history™. "Age" and "Training_Intensity" were chosen as the key features for injury risk
prediction. The dataset was split into training and test sets to evaluate model performance, and data was standardized to
ensure consistency of features. The preprocessed data is shown below:

intercept Player_Age Player_Weight Player_Height Previous_Injuries Training_Intensity Recover
24 66.251933 175.732429
37 78.996271 174.5815650
32 B8.893781 186.329618
28 B7.473271 175.504248
B4 . 659228 198.175612
I8 75.8208549 286. 631824
24 78.1260850 177.044588
36 79.838206 181.523155

0.457929
0.226522
8.613970
8.252858
0.577632
0.359289
8.823552
8.8286%6
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Figure 4-1 Preprocessed Data

Additionally, one of the data preprocessing steps in this study is feature selection, which is a critical step in building an
efficient machine learning model. The purpose of feature selection is to identify the most influential features from the
original dataset that affect the prediction of the target variable (in this case, "Likelihood_of_Injury"). This can not only
improve model performance but also reduce the computational resources and time required for model training. The
correct choice of features also improves model interpretability, allowing non-technical stakeholders to better understand
the reasons behind model predictions.

In the feature selection step of this study, we specifically focused on "Player_Age" and "Training_Intensity"®. The
choice of these two features is based on the following considerations:

Business Knowledge: Based on prior research and expertise, we know that an athlete's age and training intensity are
important factors affecting the likelihood of sports injuries. Younger athletes and high-intensity training are considered
key indicators of higher injury risk.

Data Exploration: Initial data exploration analysis showed that "Player_Age" and "Training_Intensity" are significantly
correlated with the target variable "Likelihood_of _Injury." This further validated the reasonableness of using these two
features as inputs for the prediction model.

Model Simplification: In machine learning, the "Occam's Razor" principle is followed, which suggests simplifying the
model as much as possible while achieving similar performance. By focusing on a small number of influential features, we
can build an efficient model that is also easier to understand and maintain,

Based on the above considerations, these two features were selected as input variables (X) for the subsequent model
training and testing, while "Likelihood_of_Injury" was set as the output variable (Y). After feature selection, we further
split the dataset into training and test sets, with 80% of the data for training and 20% for testing. This split ratio ensures
that the model has enough data for learning while reserving some data for evaluating the model's generalization ability.

4.3 Model Training

During the training of the generalized linear model (GLM) using Python's statsmodels library, especially for the binary
classification problem using the logistic regression model, we first created a GLM model instance by passing the dataset
and selected model family as parameters. Here, we used sm.families.Binomial() to indicate that we are dealing with a
binomial distribution problem, i.e., a typical binary classification issue. Then, by calling the .fit() method, the model starts
training on the provided data, automatically optimizing the parameters to find the best model fit.

After training, we obtained an object containing all training results and model parameters with results = glm _fit(). Here,
results.params provided the specific values for each model parameter, including the intercept and coefficients for each
feature™, These parameters helped us understand how each independent variable influences the target variable and
whether the influence is positive or negative.

To better understand and present the model parameters, we organized and transformed them into an easily
interpretable model equation. By iterating through each parameter in results.params, we constructed a model equation
string of the form y = B,+ B3, X, + B, X, + ..+B,X,. This equation visually demonstrates the linear relationship of the model,
where B, represents the intercept, and S,,8,,8,..8, correspond to the coefficients of each independent variable. This
representation not only facilitated the interpretation of the model but also made the validation and optimization process
clearer.

Through these steps, we completed the training and parameter estimation of the logistic regression model, enabling
us to directly extract and interpret these parameters, making it easier to demonstrate the relationships between the
response variable and the independent variables. This method provides a powerful tool for deeper data analysis and
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model explanation. The following is the summary result of the generalized linear model:

coef std err z P>|z]
const -1.1714 1.273 -0.928 0.358
Player_Age -0.8011 0.e1e -08.111 0.912
Player_Weight -0.0011 0.006 -0.163 0.871
Player_Height 0.8053 0.8686 0.814 0.416
Previous_Injuries B8.1601 B.127 1.256 0.209
Training_Intensity B.6250 B.224 2.792 0.0685
Recovery_Time -0.0152 B8.838 -0.406 0.685

Figure 6-1 Model Summary Results
From the results above, we obtained the final model:

f )=n=-1.174—-0.0011*Player_Age — 0.0011*Player_Weight + 0.0053*Player_Height

log( T-p

+0.1601* Pr evious_Injuries + 0.625 + Training_Intensity — 0.0152* Re cov er_Time

4.4 Model Evaluation

For evaluating binary classification problems, common metrics used for logistic regression include accuracy, recall,
precision, and F1 score. These metrics comprehensively reflect the model's performance in various aspects and help in the
overall evaluation and selection of the best model. The evaluation results are shown below:

HBUFETREES © ©.5350
tEEE : ©.5714

TEE: 8.4571
F1 #7&%: 8.5079

Figure 6-2 Evaluation Results

From the evaluation results in Figure 6-2, the Logistic Regression model performed reasonably well in the athlete injury
prediction task. The accuracy was 53.50%, meaning the model correctly predicted about half of the samples, slightly
better than random guessing, but this performance level may not be sufficient for most applications. Precision was
57.14%, indicating that when the model predicted a sample as positive, there was about a 57% chance it was indeed
positive, showing the model's capability in judging positive samples, though it is not very strong. Recall was 45.71%,
revealing that the model's ability to capture actual positive samples was limited, with more than half of the positive
samples not being correctly identified. The F1 score was 50.79%, reflecting the balance between precision and recall,
which was not well balanced. Overall, these performance indicators highlight that the model has some shortcomings in
prediction accuracy, positive sample recognition, and false positive handling, which may need to be addressed through
data preprocessing, feature engineering, trying different models, and adjusting model parameters to further improve
performance. Additionally, it is recommended to use more comprehensive model evaluation metrics to further analyze
and improve the model.

5 Conclusion

This study uses the Logistic regression model to analyze and predict athlete injury risks. Through detailed model
training and evaluation, several important findings were made. First, the model's performance was moderate, with an
accuracy of 53.50%, precision of 57.14%, recall of 45.71%, and an F1 score of 50.79%. These metrics indicate the model's
applicability in handling athlete injury prediction tasks. The study shows that age and training intensity are two key
factors affecting athlete injury risk, and the model's results further confirm that increases in both age and training
intensity lead to higher injury risks.

Additionally, the Logistic regression model has strong interpretability, providing clear contributions of each feature to
the injury risk. This offers data support for personalized injury prevention measures. These findings are of significant
importance for coaches and medical teams in developing precise training and prevention programs, while also providing
a scientific basis for athlete health management and advancing research in sports medicine and sports science.

However, there are some limitations to this study. First, the simulated nature of the dataset may not fully reflect the
real-world conditions of athletes, limiting the generalizability of the conclusions. Second, the Logistic regression model
has certain limitations when handling complex nonlinear relationships. Future research could explore the use of more
advanced machine learning methods, such as deep learning and ensemble learning, to improve prediction
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performance". Moreover, this study only considered age and training intensity, omitting other potential factors such as
sleep quality, nutritional status, and psychological condition that could also influence injury risk. Therefore, future studies
should expand the dimensionality of the dataset, attempt more complex models, and incorporate additional influencing
factors to enhance prediction accuracy.

Overall, although the model's performance is moderate, this study provides valuable preliminary insights and scientific
evidence for the field of sports medicine, particularly with its broad potential applications in personalized injury
prevention and health management. Future research can further optimize injury risk assessment methods with more
precise data and stronger models, contributing to the continued development of athlete health management and sports
medicine
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