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Abstract:  
Problem Statement and Approach: In basketball, the success of free throws is important in terms of the ball's 
exit angle, its proper position in the air and its optimum speed kinematic features. This study investigates the 
kinematic characteristics of basketball players executing free throws both before and after experiencing fatigue, 
using artificial Intelligence (AI). Materials and Methods: We used various supervised machine learning 
algorithms including: k-Nearest Neighbours (k-NN), Naïve Bayes, Support Vector Machines (SVM), Artificial 
Neural Networks (ANN), Linear Discriminant Analysis (LDA), and Decision Tree. These algorithms were used 
for classifying features derived from motion data collected from players to uncover patterns and variations in 
their shooting mechanics under different levels of fatigue. The elbow, trunk, knee and ankle joint angles are 
measured at the ball release point when the players make successful and unsuccessful shots before and after 
fatigue. There are two used methods for classification of these features: the first one is used directly row data; 
the other is used reduced data by using principal component analysis (PCA). For both, data normalized between 
0-1 before applying to the classifier. Results: We obtained the best classification accuracy as 98.44% by using 
Naïve Bayes classifier for row data. Moreover, the results of ANN with reduction data by using PCA have 
shown the best classification accuracy as 95.31%. The findings reveal distinct patterns and variations in shooting 
mechanics induced by fatigue and highlight the effectiveness of machine learning models in analysing 
biomechanical data. Discussion and conclusion: These results can aid in developing training programs to 
enhance performance and consistency in fatigued states. This research underscores the potential of AI and data-
driven approaches in sports biomechanics to uncover valuable insights into athlete performance and fatigue 
management. 
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Introduction  

The differences between functional skills and skills based-movement patterns have been observed 
in studies conducted across various sports. Evaluating functional skills is more challenging than evaluating 
skill-based movement patterns (Goktepe et al., 2009; Abdelkerim et al., 2007; Chappell et al., 2005). For 
instance, Goktepe et al. (2009) utilized statistical analysis to demonstrate the influence of ankle, shoulder, 
and elbow angles in tennis serves. Abdelkerim et al. (2007) presented computerized time-motion analyses 
for basketball players, while Chappell et al. (2005) examined altered motor control strategies in landing and 
jumping maneuvers during three stop-jump tasks, performed pre- and post-fatigue exercises. Evaluating 
factors such as skill-based contraction, appropriate muscle firing timing, and joint positioning is 
comparatively easier. Notably, differences exist between movement execution and skill acquisition among 
individuals. In basketball free throws, joint angles are fundamental features sufficient to classify shots into 
various categories (Schmidt et al., 2012; Ge, 2024; Zhang & Chen, 2024).  

Fatigue, a natural consequence of human activity, impacts both cognitive and learning capacities 
in athletes during training and competition. While most studies identify fatigue as a critical factor 
influencing performance (Forestier & Nougier, 1998; Apriantono et al., 2006), some indicate no effect of 
fatigue on free throw performance in basketball (Uygur et al., 2010; Rusdiana et al., 2019; Li, 2021; 
Bourdas et al., 2024). For example, Uygur et al. (2010) observed no significant effects of fatigue on free 
throws based on statistical kinematic analysis. Similarly, Rusdiana et al. (2019) analyzed free throw 
kinematic movements using SPSS, while Bourdas et al. (2024) focused on the impact of fatigue on 3-point 
jump shots. Li et al. (2021) examined the kinematic effects of fatigue on female basketball players' 
shooting performance. All these studies employed statistical methods; no AI or soft computing techniques 
have been found in the literature to analyze basketball free throw kinematics. 

Efficient data analysis in recent decades has significantly improved productivity across various 
domains using soft computing methods. However, most studies in sports science have focused on specific 
games to explore the roles of different data sources or machine learning techniques in structural analysis 
and semantic extraction. This study is the first to apply machine learning methods to the kinematic analysis 
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of basketball free throws. Various supervised machine learning techniques are used to assess the impact of 
fatigue on player performance. As shown in Figure 1, data on joint angles (elbow, trunk, knee, and ankle) at 
the ball release point were collected before and after fatigue (Uygur et al., 2010). Results show that Naïve 
Bayes yielded the highest classification accuracy (98.44%) with raw data, while ANN performed best 
(95.31%) with PCA-reduced data. The effect of feature reduction on classification accuracy was also 
analyzed. 

 
Figure 1. Joints angles elbow, trunk, knee and ankle for expert basketball player [ Uygur,2010] 
 
Materials and Methods 

Machine learning is used and serves to decision-making, which faces uncertainty, incomplete 
knowledge, problems, and complex datasets, and the imperfection of the heterogeneous multiple 
participants (e.g., decision- makers, diagnosis classifiers, etc.). However, machine learning is used to 
analyze the kinematics of players in many kinds of sports and human activities as an effective method 
(Fukuchi et al., 2011; Smeeton et al., 2004; Begg et al., 2005). Fukuchi et al. (2011) proposed a support 
vector machine (SVM) method for detection of age-related changes in running kinematics. Smeeton et al. 
(2004) have presented if skilled and less skilled players could transfer pattern recognition skills across 
similar and dissimilar sports. Begg et al. (2005) have proposed different types of SVM models that are able 
to map the underlying data structure relating to young and aging populations and discriminate between 
young and elderly kinematics in walking. 

A learning algorithm can modify current and future instructions with prior knowledge to improve 
performance. The best bet for choosing a machine learning algorithm for a classification problem is to test 
several different algorithms and select the best one through validation. Also, in measurement-based studies, 
it may be necessary to apply appropriate data reduction techniques to eliminate erroneous measurements. 
 
Data description 

The data were collected in a previous study from eight basketball players before and after fatigue, 
categorized into four groups: (pre-successful, pre-unsuccessful, post-successful and post-unsuccessful) 
(Uygur et al., 2010). Each player attempted eight free throw shots: two successful and two unsuccessful 
shots before fatigue, as well as two successful and two unsuccessful shots after fatigue. Consequently, the 
dataset comprises 64 samples, with four input features for classification and four corresponding outputs. 
The outputs indicate whether the shot was successful or unsuccessful, both before and after fatigue. Each 
sample includes four features which are; the elbow, trunk, knee, and ankle joint angles at the ball release 
point, as summarized in Table 1. 
Table 1. Data description. 

Shots Pre-fatigue  Post-fatigue 

Successful 16 16 
Unsuccessful 16 16 
Total 32 32 

Data Normalization  

           Data normalization enhances modeling and prevents numerical complexity. Various normalization 
methods exist, including Min-Max, outlier assessment, histogram trend analysis, and Exponential Moving 
Average. Min-Max normalization is particularly effective as a linear scaling algorithm. It transforms the 
original dataset into a new range, typically between 0 and 1, which accelerates the learning process in 
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machine learning applications (Jain and Bhandare, 2011). Additionally, it preserves all relationships among 
data values. In this study, Min-Max normalization was applied, and the data were normalized between 0 
and 1. The differences between the data before and after normalization are presented in Table 2. 
Table 2. The differences between data before and after normalization 

Features 
Before-Normalization  After-Normalization  

Average Average 

Elbow-angle  97.141 +/- 16.827  0.453 +/- 0.181 
Trunk-angle  178.125 +/- 9.221  0.504 +/- 0.266 
Knee-angle  159.625 +/- 11.598  0.647 +/- 0.186 
Ankle-angle  71.281 +/- 6.973  0.452 +/- 0.273 

 
Data Reduction with Principal Component Analysis 

         Principal component analysis (PCA) is used to analyze data, recognize patterns, and reduce dimensionality 
in a dataset while minimizing information loss (Karlik et al., 2021). PCA can also reduce parameter estimation 
errors and the computational costs by reducing the number of dimensions in the feature space and extracting a 
subspace that defines the data effectively. In this study, based on cumulative variance, when the variance 
threshold is set at 95%, principal components selected are sufficient to explain most of the variance, as shown in 
Table 3. Consequently, we reduced the number of features from four to two using PCA. 
Table 3.  Principal component analysis, SD, Proportion of Variance and Cumulative variance when the variance 
threshold is 95% 
 

 

 

 
 
 

 

Used Machine Learning Algorithms 

Machine learning, a subset of Artificial Intelligence (AI), focuses on learning to make predictions 
based on samples of target behaviors or past observations of data. Numerous machine learning algorithms 
are available. In this study, we utilized well-known and effective supervised machine learning algorithms, 
including Naïve Bayes, Support Vector Machines (SVM), k-Nearest Neighbors (k-NN), Artificial Neural 
Networks (ANN), Linear Discriminant Analysis (LDA), and Decision Trees. The RapidMiner tool was 
employed for developing machine learning algorithms and conducting data mining experiments in this 
study. 
Artificial Neural Network  

            An Artificial Neural Network (ANN) is a distributed and parallel information processing system modeled 
after human biological neural networks. It is a computational method based on the interaction of multiple fully 
connected processing elements (Bucak &Karlik, 2011). Typically, the Multi-layer Perceptron (MLP) 
architecture, as shown in Figure 2, consists of one input layer, two hidden layers, and one output layer, which are 
used to separate convex regions of input data. It employs the Back-Propagation (BP) training algorithm, with the 
tanh activation function being the most effective for all units (Karlik & Karlik, 2021). As illustrated in Figure 2, 
the presence of hidden units enables these networks to solve the computational complexity of associations 
between patterns. In our application, the optimal coefficients for the ANN (learning rate and momentum) were 
found to be 0.3 and 0.2, respectively, after 500 iterations. The output layer consists of four neurons labeled as 
pre-fatigue successful shot, pre-fatigue unsuccessful shot, post-fatigue successful shot, and post-fatigue 
unsuccessful shot. The input layer contains the kinematic features derived from joint angles. 

 
Figure 2. Used MLP architecture 

Component SD Proportion of Variance Cumulative variance 

PC 1 0.323 0.490 0.490 
PC 2 0.223 0.233 0.723 
PC 3 0.198 0.185 0.908 
PC 4 0.140 0.092 1.000 
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Naïve Bayes 

  Naïve Bayes is a statistical supervised learning classifier that is simple and extremely fast compared to 
other more sophisticated machine learning techniques. The decoupling of the class conditional feature 
distributions allows each distribution to predict the value of the data independently, as a one-dimensional 
distribution. As a supervised learning method, the Naïve Bayes classifier is highly efficient in solving complex 
problems due to the precise nature of its probability-based approach (Karlik & Oztoprak, 2012). Additionally, 
the Naïve Bayes classifier assumes that the presence of a specific feature in a class is independent of the 
presence of other features. The results of the simple distribution of features for each movement in our application 
are shown in Figure 3. 
Support Vector Machines 

 As a well-known statistical classification technique, Support Vector Machines (SVM) is associated with 
a supervised learning algorithm. SVM performs the task of finding an optimal separating hyperplane that 
maximizes the margin of separation between two classes. SVM analyzes data to recognize patterns used for 
classification and regression analysis. It provides a robust solution for multiclass art classification problems that 
are not linearly separable. In this study, the SVM model used consists of 53 support vectors for classifying the 
dataset. The parameters used are defined in Table 4. 

 
Figure 3. Simple distribution of features elbow, trunk, knee and ankle angles where (red line: pre-unsuccessful 
shots, yellow line: pre-successful shots, green line: post-unsuccessful shots, blue line: post-successful shots). 
Table 4. Parameters used with SVM 
 
 
 
 
 
K-Nearest Neighbors 

            K-Nearest Neighbors (K-NN) is a statistical supervised learning classifier that uses the training dataset 
for classification by comparing each member of a "target" dataset. The data structure includes a classification 
variable of interest and several predictor variables. As a non-parametric classification method, K-NN calculates 
class memberships based on the k-nearest training examples. The main advantage of K-NN is that it requires 
fewer iterations for both training and testing. Moreover, it is an effective algorithm for problems with a low 
number of classes (Karlik & Hayta, 2014). In our study, the K-NN classification refers to the k value that 
represents the closest data points. We achieved the best accuracy when using one nearest neighbor. 
 Decision Tree 

           The Decision Tree Classifier is used in many diverse areas and is one of the possible approaches to 
multistage decision-making. The most important feature of a Decision Tree is its ability to break down a 
complex decision-making process into a series of simpler decisions, thus providing a solution that is often easier 
to interpret. Decision tree models are particularly useful in the field of data mining because they achieve 
acceptable accuracy and are relatively inexpensive to compute (Mienye & Jere, 2024). In this study, the 
minimum split size is 4, and the leaf size is 2. Figure 4 shows the structure of the Decision Tree used in this 
study based on our dataset. 

         Parameters              Values 
Kernel Type Linear 
Epsilon 0,001 
Gamma 0 
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Figure 4. Structure of used Decision tree 
 
Linear Discriminant Analysis 

          Linear Discriminant Analysis (LDA) is a well-known and useful algorithm for both data classification and 
dimensionality reduction. LDA effectively handles cases where within-class frequencies are unequal, and its 
performance is analyzed using randomly generated test data (Yilmaz et al., 2019). However, the lowest 
classification accuracy was obtained using this method for both datasets. 
 
 Discussion and Conclusion 

In basketball, free throws, especially in the last minutes of the game, are very important as they 
play a role in determining whether the team wins or loses. In this context, all players must have good free 
throw concentration and, more importantly, good shooting mechanics. To be successful in free throws in 
basketball, the ball must have the appropriate kinematic characteristics with the angle of its exit from the 
hand, the appropriate position in the air, and optimum speed (Olteanu et al, 2023).  In this study, we 
presented a classification of optimum Free Throw Shooting before and after fatigue using different AI 
(machine learning) techniques. We then evaluated the effects of principal component analysis (PCA) on 
classification accuracies. For this purpose, Artificial Neural Networks, Naïve Bayes, Support Vector 
Machines, K-Nearest Neighbors, Decision Trees, and Linear Discriminant Analysis were used as 
supervised machine learning classifiers. Before classification, Min-Max normalization was applied to 
preserve the relationships among the original data values. A problem may occur if the value of an unseen 
data point falls outside the [0, 1] range. PCA was then used to reduce the dimensions of the dataset with 
minimal loss of information. 

As shown in Table 5, classification accuracies were obtained using 10-fold cross-validation to 
evaluate the accuracy of all the machine learning techniques. Additionally, the effects of feature reduction 
using PCA on classification accuracies were compared with normal data, as seen in Table V. Based on 
cumulative variance, three principal components cover more than 98% of the total variability in the 
continuous data space. Finally, the performance results for each machine learning technique were 
compared. Naïve Bayes achieved the best classification accuracy (98.44%) using raw data. However, ANN 
showed the best classification accuracy (95.31%) when data reduction with PCA was used. We obtained 
the same accuracy for both datasets using SVM. These findings emphasize the importance of selecting the 
right machine learning technique for sports performance analysis, particularly when considering the 
complexity of player fatigue, which significantly affects shooting performance. This work contributes to 
the growing body of research in sports science that utilizes AI and machine learning to evaluate and predict 
athletic performance under varying conditions. 
Table 5. Classification accuracies of used algorithms 

Classifier 
Classification accuracies 
Normal data PCA data 

ANN 92.19% 95.31% 
NAÏVE BAYES 98.44% 81.25% 
SVM 92.19% 92.19% 
K-NN 95.31% 92.19% 
DECISION TREE 90.62% 76.56% 
LDA 81.25% 75% 
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Table 6 summarizes the error rates and class precision based on the confusion matrix using the 
Naïve Bayes classifier for normal data and ANN for PCA-reduced data. As described in Table 6, high 
accuracy values and low error rates were observed. On the other hand, the highest rates of True Positives 
(TP) and True Negatives (TN) indicate that fatigue affects the kinematics of free throw shooting in 
basketball. 
Table 6. Error rates and class precision based on confusion matrix where (TP: true positive, FP: false positive, 
FN: false negative, TN: true negative, P: class precision, ER: error rates). 

   Method Shots TP FP FN TN P ER 

N
A

ÏV
E

 
B

A
Y

E
S

 
for 

norm
al 

data 

Post-s 16 0 0 48 100% 0.00 

Post-u 15 0 1 48 100% 0.02 

Pre-s 16 1 0 47 94.12% 0.02 

Pre-n 16 0 0 48 100% 0.00 

A
N

N
 

for 
P

C
A

 
data 

Post-s 15 0 1 48 100.00% 0.02 

Post-u 16 3 0 45 84.21% 0.05 

Pre-s 14 0 2 48 100.00% 0.03 

Pre-n 16 0 0 48 100.00% 0.00 

           The practical implications of this research are substantial for basketball coaching and training, as it 
offers a data-driven approach to assess players' shooting mechanics and the effects of fatigue on their 
performance. Understanding how fatigue alters the kinematics of free throw shooting can help coaches and 
sports scientists develop targeted training programs that focus on optimizing joint angles and improving 
shooting consistency, particularly for players who are prone to fatigue, such as pivots. 
            Furthermore, the theoretical contribution of this study extends the application of machine learning 
to sports biomechanics, presenting a novel approach for analyzing kinematic data in basketball. Future 
research could focus on refining the models by incorporating additional features, such as player posture or 
the influence of psychological factors on shooting performance for multiple players. Additionally, 
exploring the specific joint angles that are most critical for successful free throws could lead to the 
development of personalized training protocols. 
          In conclusion, this study not only advances the use of AI in sports performance analysis but also 
provides practical insights into how fatigue affects basketball players' shooting mechanics. The findings 
have significant implications for coaching, player development, and future research, offering a foundation 
for more precise, data-driven decisions in sports training and performance enhancement. 
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