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Abstract. In tennis competitions, coaches and athletes are in urgent need of quantifiable indicators 
to comprehensively assess the game situation and make timely tactical adjustments. To meet this 
crucial demand, this article constructed a "momentum" evaluation and prediction model. Initially, this 
article conducted an in - depth analysis to screen out variables that impact a player's on - court 
performance, systematically dividing them into two major categories: game - wide variables and local 
variables. This article placed particular emphasis on local variables, as they capture the essence of 
a player's outstanding plays, such as powerful aces or incredible retrievals, which can significantly 
shift the momentum of the game. This influence is effectively represented through a sophisticated 
weighting mechanism.Based on the robust XGBoost model, this article’s prediction model is not only 
highly efficient in processing and analyzing data but also highly practical for real - time application 
during matches. By quantifying the momentum of both players, it provides valuable support for 
immediate strategy adjustments. Moreover, the model can generate detailed reports and 
suggestions based on the momentum data, offering targeted guidance for athletes' daily training and 
helping coaches formulate more scientific training plans, thus enhancing the overall competitiveness 
of the players. 
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1. Introduction 

Tennis, as one of the important sports events, tennis matches are also highly valued. In some 

competitions, a dramatic competition process may be demonstrated. For instance, a player who is at 

a disadvantage at the beginning gradually gains the upper hand as the competition progresses and 

wins. Therefore, this article speculate that there is something in the game that can reveal the situation 

on the field, which is called momentum. In tennis, momentum can be defined as a measure of a 

player's current performance. To analyze the influence of momentum and momentum in a game, this 

article will analyze a large number of historical data on the wins and losses of matches, including the 

match time, the winning time, the scoring situation in each match, each set, and each game, the serving 

player, the consecutive scoring situation, etc., to quantify these indicators and establish a reasonable 

model to explain the relationship between winning and match time and match state. To provide 

mathematical data basis and suitable models for reasonably arranging the competition sequence of 

team members and winning the game. 

Tennis, as a highly competitive sport, has a profound impact on the outcome of the game due to 

both technical and psychological factors. Through a comprehensive analysis of the literature, we can 

draw the conclusion that momentum and momentum fluctuations [1] in tennis matches are complex 

and multi-dimensional. The beginning of a tennis match is of vital importance, and the serving 

technique [2] plays a decisive role at this stage. A good serve [3] can gain an advantage in the game 

and boost an athlete's momentum. The time pressure [4] also has a significant impact on the 

performance of athletes, affecting their prediction of the landing point [5] when receiving serves. 

Research is conducted on the tactical choices during the rallies [6]. Hitting the diagonal ball has a 

tactical advantage. Compared with the straight ball, it can make the opponent's defense run a longer 

distance. From a physics perspective, the forehand hit of tennis players [7] emphasizes the influence 

of the moment of inertia of the body and the contraction intensity of the muscles on the hitting effect. 
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It provides a theoretical basis for athletes to optimize their hitting by adjusting the swinging of their 

limbs. In addition, the reasonable regulation of psychological states [8] and spatio-temporal 

characteristics [9] is conducive to the stability of momentum. Real-time monitoring of heart rate and 

analysis of facial expressions and other methods provide more comprehensive data support for 

quantifying the impact of momentum and momentum on the game. 

In the research of this article, quantitative analysis [10] of these factors will be conducted to help 

us gain a deeper understanding of athletes' performance and competition results, so as to improve the 

scientificity and accuracy of athletes' training and competition decisions. 

This article proposed the "momentum" prediction model to illustrate and predict the changes in 

the momentum of athletes in tennis matches. Provide advice for athletes on the choice of battle 

strategies. During the model construction process, we use the momentum quantification scoring 

model and the run-length test method to visualize, digitize and verify the relevant information. Based 

on the XGBoost model for prediction, we use the shap model to find the variables that have a strong 

impact on the athletes' momentum, thereby providing strategic suggestions for athletes to seize the 

momentum advantage. Finally, in the memo, we summarized our results, the role of momentum in 

the competition, and provided advice for athletes to choose appropriate strategies in the competition. 

2. The basic principles of XGBoost regression model and shap model 

2.1. Structure of the XGBoost model 

XGBoost (eXtreme Gradient Boosting) is an efficient machine learning algorithm based on the 

gradient boosting framework, which achieves model optimization by integrating multiple decision 

trees. The core idea is to train the weak learner (decision tree) iteratively, gradually reduce the 

prediction error, and finally combine it into a strong learner. XGBoost performs exceptionally well 

in terms of efficiency, accuracy and scalability, and is widely used in classification, regression and 

ranking tasks. The model structure is shown in Figure 1. 

 

Figure 1. XGBoost Model 

The general model of XGBoost is composed of three basic elements, namely: 

(1) Input data: As the input layer of the model, it contains various feature data used for training 

and prediction. These characteristic data will serve as the basis for the model to make decisions and 

predictions. 

(2) Regression tree set: The core processing unit of the model is composed of multiple regression 

trees. Each regression tree splits the samples through nodes based on different features, divides the 

samples into different child nodes, and finally gives the predicted values at the leaf nodes. The 

prediction results of multiple trees jointly determine the final output. 

(3) Objective function: It includes the loss function and the regularization term. The loss function 

measures the difference between the predicted values of the model and the true values; The 

regularization term is used to prevent overfitting and limit the complexity of the model. 

 L = ∑ ln
i=1 oss(yi, yî) + ∑ RK

k=1 (fk)                               (1) 
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∗ = −

Gj
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                                          (3) 

The model mainly consists of three parts: input data, multiple regression trees and the objective 

function. The input layer data features are processed through multiple regression trees. The tree nodes 

split the samples based on the features, and the leaf nodes output the predicted values. The objective 

function consists of a loss function and a regularization term. The former measures the difference 

between the predicted value and the true value, while the latter avoids overfitting. 

During its working process, the predicted values are initialized first, the residuals are calculated 

and a regression tree is constructed accordingly, and the objective function is optimized through 

gradient descent. During training, tree pruning and feature subsampling are carried out to prevent 

overfitting. Finally, the prediction results of multiple trees are weighted and integrated to obtain the 

final prediction, completing the model training and prediction. 

2.2. SHAP Model Structure 

SHAP (SHapley Additive exPlanations) is a model interpretation method based on game theory, 

aiming to quantify the contribution of each feature to a single prediction result. The core idea is to 

fairly distribute the "benefits" of the prediction results through Shapley values to ensure the fairness 

and consistency of feature contributions. The SHAP model is applicable to the interpretation of any 

machine learning model, and its structure is shown in Figure 2. 

 

Figure 2. Structure of shap model 

The general model of shap is composed of three basic elements, namely: 

(1)Shapley value calculation mechanism: Based on the fair distribution principle of cooperative 

game theory, by considering all possible addition or removal sequences of features, the marginal 

contribution of features to the model's prediction results is calculated to measure the importance of 

each feature. 

(2)Feature attribution: For each predicted sample of the model, the prediction result is decomposed 

into the sum of the contributions of each input feature, plus a base value (usually the mean of the 

predicted values of all samples). The SHAP value of each feature represents the magnitude and 

direction of the influence of that feature on the final prediction result. A positive value indicates that 
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the feature increases the predicted value, while a negative value indicates that it decreases the 

predicted value. 

(3) Background dataset: A collection of partial samples extracted from the original training data, 

used to reflect the overall distribution characteristics of the data, serving as a reference benchmark 

for calculating feature contributions and simulating various possible scenarios for feature values. 

For a model with a feature, the calculation formula of its Shapley value is as follows: 

 ϕi = ∑
|S|!(|N|−|S|−1)!

|N|!S⊆N∖{i}                                   (4) 

 y = w0 + ∑ wj
n
j=1 xj                                    (5) 

The model mainly consists of three parts: the background data set, the calculation mechanism of 

Shapley values, and feature attribution. The background data set is used to reflect the data distribution 

and serves as the calculation benchmark; The calculation mechanism of the Shapley value is based 

on the fair distribution principle of game theory to measure the contribution of features to the 

prediction results. Feature attribution breaks down the prediction results into the sum of the 

contributions of each feature and the fundamental values to achieve the interpretation of the model. 

During its working process, the background data set is selected first. Then, for the samples to be 

explained, all feature combinations are considered to simulate the changes in the model's predicted 

values when features are added or removed. The SHAP values of each feature are obtained by 

weighted summation using the Shapley value calculation method. Finally, the importance of the 

features is determined by ranking the absolute values of the SHAP values. Finally, feature 

contributions are presented through various visualizations to complete the global or local 

interpretation of the model. 

3. Results 

3.1. Analysis of the first model results 

This article obtained the preliminary test results through XGBoost regression on the data. The 

average absolute percentage error of the training set was 0.169, and that of the test set was 0.194. The 

average absolute error was 0.006563508127583203. Clearly, by comparing the average absolute 

percentage errors of the test sets of the three models, the XGBoost model has better predictive ability, 

as shown in Figure 3. 

 

Figure 3: True vs.Predict 1 
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This article will use the prediction model we have built to provide competition advice for athletes. 

Starting from the adjustable variables of the athletes, we will predict by adjusting different variable 

combinations to find the combination that can increase the momentum the most and thereby enhance 

the athletes' momentum. Taking the data at "0:01:31" in the "2023-wimbledon-1301" match as an 

example, after substituting the data at this moment into the XGBoost model, since the values of the 

nine variables are only "0" or "1", we can simulate different combinations of the nine variables to 

seek the combination that maximizes the increase in momentum. After solving with the XGBoost 

model, this article can get this result: 

The optimal combination is p1_ace:1,p1_winner:0,p1_double_fault:0, p1_unf_err:0, p1_net_pt:0, 

p1_net_pt_won:0, p1_break_pt:1, p1_break_pt:1. p1_break_pt_missed:0 

By substituting the other competition data that have been given into the established model, the 

accuracy of our model is evaluated through indicators such as MSE (Mean Square Error), RMSE 

(Root Mean Square Error), MAE (Mean Absolute Error), and MAPE (Mean Absolute Percentage 

Error). 

This article evaluated the model by substituting the data of the three matches, 2023-wimbledon-

1302, 2023-wimbledon-1304, and 2023-wimbledon-1305, from the match data into the model we 

created. The evaluation results are as show in Table.1, Table.2 and Table.3: 

Table.1. the result of 2023-wimbledon-1302 

 MSE RMSE MAE MAPE R² 

Training set 0 0.001 0.001 17.94 1 

Test set 0 0.001 0.001 18.108 1 

 

Table.2. the result of 2023-wimbledon-1304 

 MSE RMSE MAE MAPE R² 

Training set 0 0.001 0.001 12.26 1 

Test set 0 0.001 0.001 12.194 1 

 

Table.3. the result of 2023-wimbledon-1305 

 MSE RMSE MAE MAPE R² 

Training set 0 0.013 0.01 16.059 1 

Test set 0 0.013 0.01 16.075 1 

 

From the above three examples of data, it can be concluded that the evaluation result of the model 

we established is good, and it can predict the change value of the momentum on the competition field 

relatively accurately. If more data are used further, the evaluation of our model will be even more 

accurate. 

3.2. Analysis of the second model results 

In the future, due to the limited number of influencing variables provided by the data, there is a 

probability that the model will perform poorly in the future. At this point, we can consider several 

factors that have a significant impact on the prediction model as analyzed by the previous shap 

model.The result is shown in Figure 4. 
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Figure 4. the factors in the eigenvalue analysis graph 

As shown in Figure 4, the eigenvalue analysis graph indicates that p1_distance_run and 

p2_distance_run are the most critical factors. Consequently, when predicting model failure, we should 

prioritize examining variables associated with these two metrics, such as the proportion of front-field 

running versus back-field running. This approach helps clarify whether a player tends to stay near the 

baseline or actively advance toward the net. For instance, the frequency of short-distance sprints can 

effectively reflect a player's explosive power and ability to handle critical moments. Furthermore, 

these factors may all serve as potential indicators of momentum changes in the game.  

Secondly, when the model performance is not very ideal, this article can also introduce more other 

variables, such as the different types of competitions causing the contestants to be unaccustomed to 

the competition system, or the relationship between the contestants and their opponents. If the 

contestants lose to their opponents in previous competitions, it may cause psychological pressure on 

them when they compete again, thereby affecting the contestants' performance in the competition. 

4. Conclusions 

In this paper, this article has improved the traditional XGBoost model to adapt to the rapidly 

changing court situation, identified the key factors for analysis, and provided a direction for 

subsequent model optimization.This article’s model mainly has two parts of functions, namely 

prediction and decision-making. The prediction results of the XGBoost model are input into the 

decision-making model. Output the decision-making results this article needs for the players to adjust 

their tactics. Finally, this article evaluated the prediction model and decision-making model this 

article established, providing guidance for the optimization direction and main ideas of the models. 

When conducting self-evaluation, the "momentum" prediction model of this paper has many 

advantages but also some shortcomings. For example: Large requirement for the quantity of available 

data: Since the main component of this model is the XGBoost model, it also has the defect of 

excessive demand for computing resources at the same time; Sensitive to outliers: When this model 

is in use, data preprocessing is required to handle outliers; otherwise, the probability of prediction 

errors will increase. For these deficiencies, this article will also continue to improve and perfect our 
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model. To address the above shortcomings, future improvements will focus on three aspects: At the 

data level, multi-source fusion will be used to expand samples, adaptive cleaning algorithms will be 

introduced to handle outliers, and small-sample technologies such as transfer learning will be 

integrated to reduce reliance on massive data. At the model level, XGBoost will be lightweighted 

through feature selection, and federated learning will be combined to enable distributed computing, 

reducing resource consumption. For robustness, noise-resistant loss functions will be adopted, and a 

multi-model collaborative mechanism will be built to enhance tolerance to outliers and prediction 

stability. 
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