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1. Introduction

Basketball is a high-intensity sport characterized by rapid accelerations, abrupt decelerations, frequent jumps, and sudden directional changes,
all of which place significant stress on athletes’ musculoskeletal systems [1, 2]. Also, Basket Ball ranked 7" among the most famous and
loved sport across the world with around 825 Million fans around the globe. The rules of the game is as described in Figure 1. Due to these
physical demands, basketball players are at a heightened risk of acute and overuse injuries, including ankle sprains, anterior cruciate ligament
(ACL) tears, patellar tendinopathy, and muscle strains [3]. Studies indicate that nearly 60% of competitive basketball players sustain at least
one injury per season, with lower extremity injuries accounting for the majority of cases [4]. These injuries not only sideline athletes but also
lead to long-term health consequences, financial burdens, and reduced team performance.

At the professional level (e.g., National Basketball Association), injury rates are well-documented, with studies reporting 3—5 injuries per
1,000 hours of exposure [5]. However, amateur and collegiate players face similarly high risks, with ankle sprains alone accounting for
~ 25% of all basketball injuries [6]. These injuries result in missed games, long-term rehabilitation, and, in severe cases, career-ending
consequences. Beyond physical tolls, injuries impose financial burdens on players, teams, and healthcare systems, emphasizing the need for
proactive injury prevention strategies. Injury risk represents the probability of an athlete experiencing physical harm during athletic activities
[3].

Injuries among basketball players can lead to short-term performance declines, long-term health complications, and substantial financial
burdens on sports organizations and healthcare systems [7]. Despite advances in sports science and injury prevention strategies, the rate of
musculoskeletal injuries - particularly in the lower extremities (ankles, knees) - remains high [8]. Identifying and classifying injury risk
factors is therefore crucial for developing targeted prevention programs, optimizing player performance, and extending athletic careers
Source: [9].
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Figure 1: Image of Standard Basketball Court with rules

Proposes a framework that deals with descriptive, predictive as well as casual measures to underline the misuse of regression techniques
on such biostatistical measures [10]. Shows that Women NBA (WNBA) players’ have higher injury risk over Men NBA, however in both the
cases the top injury spot is “Ankle Sprain” [11]. Suggested age, size and experience won’t have much influence on injury rates [6].

Found sport-specific Countermovement Jump CMJ patterns Figure 2, distinguishing soccer and basketball players via logistic regression
[12]. [11] used LDA to predict ACL injury risk, which eventually lead to better prevention and treatment. [13] found high postural sway
during single-leg standing significantly increases ankle injury risk, balance training may help in such aspect Source: [9].
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Figure 2: Countermovement (CMJ) Jump

Previous studies have explored various biomechanical, physiological, and situational factors contributing to basketball injuries. Studies
have shown that previous injury history, muscle imbalances, fatigue, and improper landing mechanics are key predictors of future injuries
[14, 15]. Additionally, external factors such as playing surface, footwear, and competition level play a significant role [16, 17]. However,
existing injury risk assessment models often rely on isolated variables rather than integrating multiple risk factors into a comprehensive
classification system [15]. This gap limits the ability of coaches, medical staff, and sports scientists to implement personalized injury
prevention strategies effectively.

2. Methodology

2.1. Description of Data

The dataset used in this study has been collected from a secondary source [18], a widely used platform for open-access datasets. The dataset
comprises of Demographic Variables (Age, Gender), Physical Attributes (Height(cm), Weight(kg)), Position (Guard, Forward, Center).
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Training lead (Intensity, Weekly Training hours), Recovery metrics (No. of Days, Rest), Fatigue & Performance Score & Target Variable (“0”
indicates “Not Injured”, “1” indicates “Inured”).

2.2. Binary Logistic Regression

Binary Logistic Regression is a statistical method used to model the relationship between a binary dependent variable and one or more
independent variables(predictors). This technique is specially designed for situations where the outcome variable is binary. The core of
binary logistic regression is the logistic function, which maps any real number into the range [0,1].

Model — Suppose x1,x3,x3,...,%, be “n” independent variables, then logistic regression estimates the probability (P) of an event
occurring:

ePotBrxi -+ Bexi
- 1 4+ ePotBrxi++PBexe

P(Y=1)

where,

¢ P(Y=1) is the probability of a player being injured.
* X1,X2,X3,...,X, are the predictor variables.
By is the intercept, and B, B,,... By are coefficients.

Some important assumptions of Binary Logistic Regression

* The outcome variable should have only two possible categories.

* There should be no multicollinearity (highly correlated) among the independent variables.

» The relationship between the independent variables and the log-odds of the dependent variable should be linear.
» Data Points should not be dependent on each other.

2.3. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) is a widely used technique in machine learning and statistics, primarily for classification tasks and
reducing the complexity of data. Developed by Ronald Fisher in the 1930s [19, 20] LDA helps separate different categories or classes by
finding the best linear combination of features. Unlike methods such as logistic regression, which directly predict class probabilities, LDA
assumes that the data follows a normal distribution and that different classes share similar variability patterns [20].

Given a dataset (X,y), where each sample x; € R” belongs to one of K classes, the data is partitioned into K groups m, each with n;
samples. LDA seeks a linear transformation ¢; = G7 x;, mapping the data to a lower-dimensional space R” with r<p [21].

The class mean of class k is defined as:

1

= — sz‘

and the between-class scatter matrix is:

K

So =Y m(u— 1) (e — )
k=1

T

After projection, the scatter matrices become:
S =GTSwG.S, =G'S,G

The LDA optimization problem is formulated to maximize the Fisher criterion, which is the ratio of the between-class scatter to the
within-class scatter:

s 1676l
Sol ~ 167546l

Assuming Sy, is non-singular, the optimal transformation G* is obtained by selecting the top r eigenvectors corresponding to the largest
eigenvalues of the matrix Sg,ISb [22].

Alternative formulations, like large margin LDA [23], maximize the minimal distance between each class center and the overall mean,
requiring non-convex optimization but sometimes solvable through sequences of convex quadratic programs.
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2.4. Model Evaluation
Area Under ROC Curve (AUC)

AUC measures the area under the Receiver Operating Characteristic (ROC) curve, which plots the True Positive Rate (TPR) against the False
Positive Rate (FPR) at various threshold settings. Mathematically [24],

FP

TPR =
FP+TN

=_—~ _ FPR
TP+FN

AUC is computed as the integral of TPR over FPR:
1
AUC = / TPR(FPR)d(FPR)
0
It ranges from O to 1, where 1 indicates perfect classification and 0.5 indicates random guessing.

Precision (Positive Predictive Value)

Precision quantifies how many of the instances predicted as positive are actually positive [25]:

TP

Precision = —————
recision TP+FP

A high precision means few false positives.
Sensitivity

Sensitivity measures the proportion of actual positives correctly identified [25]:

TP

Sensitivity = m

High sensitivity means few false negatives.
F1-Score

The F1-score is the harmonic mean of precision and sensitivity, balancing both metrics [26]:

Precision X Sensitivit
F1—Score =2 x 4

Precision + Sensitivity
It’s useful when you want a single metric that balances false positives and false negatives.
Accuracy

Accuracy gives the overall proportion of correctly classified instances (both positive and negative) [25]:

TP+TN
TP+TN+FP+FN

Accuracy =
It’s a general measure but can be misleading if the dataset is imbalanced.

3. Results and Discussion

The study included data from [135 basketball players] basketball players, with 46.5% male and 53.5% female athletes. Basic player
characteristics such as age, height, and weight showed no significant differences between injured and non-injured groups Table 1.

Table 1: Descriptive Statistics of Participant Variables

Variables Mean+Sd Range
Age 21.17+1.99 18-24
Fatigue 4.9 £2.55 1-9
Training 5.10+£2.49 1-9
Height 180.8+11.5 160-199

Weight 67.8+12.2 40-95
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3.1. Binary Logistic Regression

Since, the indicator variable is binary (Injured or Not Injured) hence, this variable is taken as the dependent variable and the rest other
variables are considered to be independent variables. The fitted model under-scores various important points as the factor Fatigue-Score
significantly increased injury odds, as a unit raise in Fatigue have a huge impact on injury risk (specifically by 3.5 units), indicates how
crucial is the recovery for the athletes. However, the rest days per week showed a strong precautionary measure, as each added rest day
reduced the injury odds by 92%. Also, the impact of training hours per week slightly increases the injury risk by 29%, shows the importance
of workload management.

*Only the significant factors have been shown in the Table 2.

Table 2: Logistic Regression Results

Predictors Estimate (Std. Error) Odds-Ratio 95% CI P-Value
Training Intensity 0.46089 (0.21553) 1.585 (1.039-2.418) 0.032
Training hrs/week 0.25677 (0.12202) 1.293 (1.018-1.642) 0.035
Recovery Days -2.54538 (0.79553) 0.078 (0.016-0.373) 0.001
Fatigue Score 1.25840 (0.40627) 3.520 (1.587-7.806) 0.002

Figure 3 visually represents the odds ratio along-with their 95% Confidence Interval.
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Figure 3: Forest Plot for Odds Ratios and 95% CI for Significant Predictors

The performance metrices for the Binary Logistic Regression Model Table 3.

Table 3: Performance of the BLR model” to be included

AUC PRECISION SENSITIVITY F1-SCORE ACCURACY
0.78  68.4% 65.2% 66.7% 2%

The model performance measures achieved good discriminative ability with AUC value as 0.78, precision of 68.4% indicating reliable
positive predictions. Sensitivity score of 65.2% indicating two-third of the injured players were correctly identified, similar to F1-score and
an accuracy of 72% signifies solid overall performance of the model. The visual inspection has been carried out by the following ROC curve.
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Figure 4: ROC Curve for Binary Logistic Regression

Figure 4 carries out the ROC analysis validates the model’s capacity to identify players at elevated risk of injury with acceptable accuracy.
While further optimization and validation using a larger or more diverse dataset are warranted, the current findings establish a foundation for
the integration of predictive analytics in sports injury prevention protocols.

To understand the pattern of the curve, further smoothed curve has been given in the following, to get a clear picture about the ROC
behavior Figure 5.
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Figure 5: Smoothed ROC Curve for Binary Logistic Regression

3.2. Linear Discriminant Analysis

To further investigate injury prediction, we applied Linear Discriminant Analysis (LDA) to the same dataset. The LDA model aimed to
classify players as either “injured” or “not injured” based on the available predictors. Below, we present the key results, including the
discriminant coefficients, the classification table, and visual plots showing group separation and model performance. These outputs help
assess which variables most effectively separate the two groups and how well the model performs compared to logistic regression Figure 6.
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Figure 7: ROC curve for Linear Discriminant Analysis Model

The ROC curve Figure 7 with an AUC of 0.57 in Table 4 indicates the LDA model has limited predictive power for injuries - only
performing slightly better than random chance (AUC=0.50). The nearly diagonal curve shape shows the model can’t reliably differentiate
between injured and uninjured athletes. While there’s a minimal improvement over guessing, this performance level isn’t strong enough for
practical use in injury prevention. To make the model clinically or operationally useful, you’d need to improve its accuracy by adding more
relevant features, collecting additional data, or trying alternative modeling techniques that might better capture the injury risk patterns.

The feature importance plot Figure 8 reveals key insights into injury risk factors based on the logistic regression model. The strongest
predictors of higher injury risk are playing in the Forward position, being Male, and having an elevated ACL_Risk_Score, as indicated by
their large positive coefficients. Conversely, more Recovery_Days_Per_Week, better Performance Score, and higher Team Contribution
Score appear protective, showing negative associations with injury. Interestingly, while Fatigue Score moderately increases risk, factors like
Age and Training_Intensity show relatively weaker effects. Notably, Height_cm and Loa_Balance_Score have minimal influence, as their
coefficients hover near zero. These findings highlight that positional demands, biological sex, and ACL risk are critical injury determinants,
while recovery time and performance metrics may help mitigate risk. The model suggests targeted injury prevention should prioritize load
management for forwards and male athletes, while maintaining adequate recovery periods.

Table 4: Performace of the models

Model AUC Precision Sensitivity F1 Accuracy
BLR 0.78  68.4% 65.2% 66.7%  12%
LDA 0.57  40% 35% 37% 60%
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Figure 8: Feature Importance Plot

4. Conclusion

This study showed that using a binary logistic regression model can help identify which basketball players are more likely to get injured,
based on key factors like fatigue, rest, and training load. We found that fatigue greatly increased the risk of injury, while adding rest
days reduced that risk significantly. Interestingly, female players were found to have a higher chance of injury compared to male players,
suggesting that injury prevention programs may need to be tailored by gender. Surprisingly, common characteristics like age, height, and
weight were not strong predictors of injury risk.

Overall, the model worked fairly well, correctly identifying injured players about 65% of the time and healthy players about 78% of the
time, with an AUC score of 0.726, showing it could reliably separate high-risk from low-risk players. Other models we tested, like LDA and
QDA, performed worse.

These findings suggest that injury prevention efforts in basketball should focus more on managing player fatigue, ensuring enough rest,
and carefully monitoring training intensity. While the model is a good start, it could be improved by adding more detailed information, such
as past injury records or real-time movement data, possibly using wearable devices. By using data in smarter ways, we can help players stay
healthier, play longer, and enjoy the game more safely.
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