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Abstract. This paper introduces a research framework for sports science, particularly in competitive
tennis, focusing on momentum as a crucial factor impacting match outcomes. It addresses
controversies surrounding momentum's definition, quantification methods, and its influence on
results, highlighting the lack of research on momentum strategies. The study proposes a paradigm
for calculating potential energy and employs the XGBOOST model optimized with DA to predict
players' potential energy values with high accuracy (R2=0.9836). Through SHAP analysis, it delves
into potential energy fluctuations, identifying factors such as continuous court running, winning shot
execution frequency, stroke distance, intensity, and ball speed as significant influencers, varying
among players. Furthermore, the paper utilizes GA for potential energy optimization, offering tailored
training strategies. It concludes by discussing the model's universality, emphasizing its research
significance. This framework aids in pinpointing match shortcomings in individual players and
devising personalized training plans accordingly.
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1. Introduction

In sports competitions, players' performances are influenced by various factors on the field, thereby
affecting the direction and outcome of the match. It is observed that seemingly dominant players may
experience unexpected changes in their performances due to changes in the environment or
psychological factors.[1] M. Dietl, H., and Nesseler, C. analyzed similar matches and found that
players benefit from controlling certain positive or negative momentum, leading to changes in the
outcome of the game.[2] It is evident that the dynamics of momentum in a match are significant and
cannot be overlooked. Therefore, conducting strategic research based on the fluctuations of player
momentum holds practical significance.

In pursuit of our research objectives, we have employed the XGBOOST model, the Dragonfly
optimization algorithm, the SHAP model, and genetic algorithms. The XGBOOST model iteratively
trains to minimize the error between predicted values and actual values. Ji utilized this model to
enhance sales forecasting accuracy, which is superior to other models.[3] Gu improved the precision
of land subsidence prediction using an enhanced XGBOOST model.[4] Mirjalili introduced the
Dragonfly Algorithm in 2016, which is designed to solve optimization problems swiftly and
accurately.[5] Wang utilized this algorithm to optimize air pollution forecasting, addressing the
deficiency of traditional methods in predicting pollution fluctuations.[6] Nordin employed the SHAP
model to interpret the characteristics of individual suicide attempts.[7] Ziakopoulos utilized the SHAP
model to understand the influencing factors of using mobile phones during driving processes.[8] Chen
utilized genetic algorithms to optimize personalized travel route planning algorithms, resulting in
more targeted recommended routes.[9] Ren improved flood control scheduling for reservoirs by
optimizing it using a genetic algorithm.[10] Li obtained a more optimized financial investment
portfolio based on genetic algorithms.[11] In conclusion, the aforementioned algorithms have been
applied in a wide range of practical scenarios, demonstrating their feasibility for tasks involving
prediction and optimization.

Content from this work may be used under the terms of CC BY-NC 4.0 licence (https://creativecommons.org/licenses/by-nc/4.0/).
v Published by Warwick Evans Publishing.



In this study, a specific match dataset was selected for analysis, and the XGBOOST predictive model
was enhanced with the DA algorithm for parameter optimization. After establishing model evaluation
metrics, both subjective and objective factors in the match were chosen as analysis targets. Using the
SHAP model, the feature importance of different factors on the predictive results was visualized. For
post-match strategy selection, genetic algorithms were employed along with the XGBOOST model
to explore various combinations of subjective factors. By comparing the potential energy levels under
different parameter combinations, the optimal solution for maximizing potential energy was
determined. Additionally, visual analysis was conducted to investigate players' competitive strategies.

2. Calculation of Momentum value

Establishing a momentum prediction model requires us to first quantify and define the players'
momentum. During the game, a player's momentum can be described by their scoring ability at
different time points. Therefore, it is necessary to select indicators that can reflect the player's
performance in various aspects of the game to determine their scoring ability and level, thus
quantifying the player's momentum. Based on the characteristics of tennis matches, we have selected
a total of 6 indicators to gain insight into the player's ability changes, as detailed in Table 1.

Table 1. Indicators of Player’s Ability and Mathematical Interpretation

Index Player’s Ability Formula Description
. Mastery of the _ Subtracting winning
My, =Wpy =W, .
Winner Game W = TPLTTR2 points for two players
Stratedic Subtracting the number of
Break Points A daptat?ility M gpts = BrPtsp; — BrPtsp, points won by two players
as receivers.
: - Multiply points a player
Serve Scoring Ability Mg_p =SWonx0.1 wins as a server by the
Advantages when in Lead .
serve advantage weighting
Unforced Stability & M — _UnfErr Negative value of players'
Error Mental Quality Unf —Err unforced errors
. Scoring & .
Points . Difference between the
M = Ptspy — Pts
Advantages Pe:girlrirt];/ng Pts=A PLZ P2 scores of the two players
SetWon/ | Understanding of | Mst-won = StWonp; —StWonp, S;g:;igggstc\foau@bts\COOf
Game Won the Game Mc_won = GWonp; —GWonp, olayers

The impact of each indicator on the player's momentum varies. To determine the correlation between
a player's performance and their abilities, we utilize the entropy weight method to calculate the weight
of each indicator. A higher entropy value indicates lower dispersion of the indicator, resulting in a
smaller weight, implying a lesser impact of that indicator on the player's performance. Since no
subjective assignment of weights is required, this method is more objective and accurate compared
to other weighting methods.

Calculating the entropy of indicators first requires all indicator data to be on the same scale. Therefore,
it is necessary to normalize the corresponding indicator values for each time point of the player. The
normalized value x’j; of indicator x;; at time point i is given by Eq. (1):
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After standardizing the indicators, the entropy value e; of each indicator can be calculated, as shown
in Eq. (2):

e; =———3 p(x;)log(p(x'y)) )

Q=

In the equation, n represents the total number of time points for indicator j, and p represents the
probability of its occurrence. After obtaining the entropy of each indicator, the weights of each
indicator can be calculated, as shown in Eqg. (3):

1—ej

= 3
J Zj:l(l_ej) ©

Where m is the total number of indicators, 1-e; represents the redundancy of the indicator j. The
comprehensive score obtained by multiplying the indicator weights at each time point by their
corresponding values and summing them up represents the player's momentum at that time point, as
shown in Eq. (4):

M =2 wj-X; (4)

By calculating the comprehensive score at all time points using Eqg. (4), we can determine the
momentum changes for each player throughout the entire match. A higher score indicates higher
momentum for the player, increasing their probability of winning. Conversely, a lower score suggests
an unfavorable situation for the player, necessitating timely strategic adjustments.

3. Optimizing Tennis Performance Prediction

3.1. Data Acquisition

For this study, we will focus on analyzing the men's singles matches from the 2023 Wimbledon
Championships. The required dataset can be obtained from www.mathmodels.org, specifically the
file named [Wimbledon_featured_matches.csv] [12].

3.2. Data Preprocessing

This article selects the 'match_id' index to analyze all data corresponding to the match '2023-wimbled-
1301". The players involved in the match are 'Carlos Alcaraz' (hereinafter referred to as 'CA') and
'‘Nicolas Jarry' (hereinafter referred to as 'NJ").

To assess the feasibility and accuracy of the predictive model, the following data processing steps are
required:
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3.2.1. Data type query.

Based on the Jupyter Notebook, the following index columns of non-continuous numerical values
can be obtained from the original data, where various fields have significantly different data types,
including multiple text-based data which are often not conducive to analysis, as shown in Table 2.

Table 2. Index query

Index Column Data Type Index Column Data Type
match_id object pl score object
playerl object p2_score object
player2 object winner_shot_type object
return_depth object serve _depth object
elapsed time object serve width object

3.2.2. Missing value handling.

Based on the Jupyter Notebook, a query was conducted to identify missing values in all index columns.
The results indicate that there are 11 missing values in 'speed_mph', one missing value in
'serve_width', and one missing value in 'serve_depth'. However, 'return_depth' has 48 missing values,
which are of text type and are difficult to effectively analyze. Therefore, this column will be removed
from the analysis. Missing values in the remaining index columns will be filled with 0.

3.2.3. One-hot encoding processing.

Based on the data query, it is found that there are multiple categorical variables. To facilitate
subsequent model training, it is necessary to perform one-hot encoding processing on them. One-hot
encoding is a commonly used method in data processing to convert categorical variables into binary
vectors. This method can transform multiple abstract values under a single feature into a single
concrete value (e.g., 1, with all other values being 0) and ultimately obtain a binary sequence.

For example, in the "p2_score” column, there are 11 categorical values such as "15", *30", "40", etc.
Encoding processing will create 11 columns for it. In each column, the corresponding value will be
transformed to "1", while all other values not in the column will be "0". Finally, the binary columns
will be arranged in the original order.

The same method will be applied to the "pl_score”, "winner_shot type", "serve width", and
"serve_depth" index columns. The encoded index data will then be integrated with the retained data
from the source file.

3.2.4. Incremental Difference Sequence.

Taking "CA" as an example, to effectively quantify his on-court performance, this article constructs
a differential sequence that represents the momentum increment and decrement.

With a step length of I, i.e., taking the difference between the momentum value at the current moment
and the previous moment, the resulting value represents the current moment's momentum increment
or decrement, where a positive value indicates growth and a negative value indicates weakening.
Following the chronological order, a complete sequence of momentum fluctuations is obtained
sequentially. This sequence will serve as the independent variable Y for model training and prediction.
Moreover, this sequence can continuously reflect the player's momentum fluctuations on the court.
The formula for lagged features is as follows:

AX; represents the current moment's energy-momentum, where X:is the energy value at the current
moment, and X:. is the energy value at the moment | units ago with a step length of | being 1 unit.
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3.2.5. Selection of Adjustable Metrics under Optimized Competitive Strategy.

To ensure that players can effectively respond to various types of matches and achieve outstanding
results, it is necessary to develop a real-time adaptable game strategy that continuously adjusts oneself
to unleash maximum momentum and gain a competitive advantage in the match.

After one-hot encoding, the index columns have expanded from the original 42 to 69. Using Jupyter
Notebook, all index column information is filtered, removing 32 objective factors, and selecting the
remaining 9 subjective factors. These factors represent information that "CA" or "NJ" can control on
the court by adjusting themselves, as shown in Table 3.

Table 3. Controllable Variable of “CA”

Ac | Winn | Double fa | Unf e | Net_ | Net pt w | Break_ | Break_pt w | Break_pt_mis
e er ult ff pt on pt on sed
al a2 a3 a4 as a6 ar a8 a9

3.3. Energy Change Prediction and Interpretable Model
3.3.1. Establishment of XGBOOST Model after DA Optimization.

This article employs the Dragonfly Algorithm (DA)[5] to optimize parameters for the XGBOOST
model. Known for its strong global search capability and fast convergence speed, DA is well-suited
for a variety of optimization problems, particularly continuous ones. The algorithm mimics the
behavior of a population of dragonflies searching for prey. After fine-tuning, key parameters such as
"max_depth,” "min_weight,” "learning_rate," and "n_estimators™ are optimized within a range over
a maximum of 100 iterations. Optimal parameters obtained using the DA algorithm include
"max_depth" of 6, "min_weight" of 3, "learning_rate" of 0.1, and "n_estimators” of 100. These
optimized parameters enhance the performance of the XGBOOST model, which is further integrated
with the differential sequence model for improved efficacy, represented by the following formula:

Yt = f(AX{,AXy,AX3,..., AX) (6)

In this context, f represents the mapping function of the machine learning model; Ytrepresents the
dependent variable of the model output, i.e., the potential energy value at future time steps; AX,
represents the potential state at the current time step.

3.3.2. Data Set Splitting.

The data set will be divided into a 7:3 ratio, with 70% of the data used as the training set and the
remaining 30% for the test set.

3.3.3. Selection of Evaluation Metrics.
To evaluate model performance, we choose the following metrics:

® Root means square error (RMSE): used to measure the deviation between the predicted value and
the actual value.

® Mean absolute error (MAE): measures the average absolute value of the prediction error.
® R2 score: Evaluates the model’s ability to explain price changes.
3.3.4. Construction of Global Feature Importance.

Based on the research needs of competitive strategy, this study aims to determine which factors have
the greatest impact on a match. To achieve this, a SHAP model is established to interpret the input
parameters of the XGBOOST model.
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The main or objective factors from ""2023-Wimbledon-1301" are selected as the subjects of analysis,
with each sample's global feature importance denoted as S;. Within each sample, there are n feature
values, denoted as Sj;. The global feature importance can be calculated using the following formula:

n
o Zi:]_' SIJ | (7)
J n
Taking the absolute values of each feature value, summing them up, and then averaging them provides
an effective measure to assess the contribution of the j factor to the prediction results. This approach
disregards the positive or negative effects, thereby mitigating the instability introduced by directly
using the XGBOOST model for feature selection, i.e., the instability caused by "feature_importances”.

3.4. Dynamic Adjustment Strategy Model for Optimal Momentum

This study aims to maximize the competitive advantage of players in the future by exploring how
competition strategies should be adjusted or optimized based on the difference between maximum
momentum and original momentum. Therefore, utilizing nine subjective indicators that can be
adjusted [12], with "CA" as the subject, an objective programming problem is established and solved.
Combined with the momentum prediction model, the optimal momentum values are repeatedly
calculated to design a set of strategies for this player to face "NJ" in matches. The relevant calculations
are as follows:

3.4.1. Definition of Unit Time Adjustment of Momentum(M).

Players can compensate for disadvantages during matches by adjusting their strategies, offensive and
defensive tactics, focusing on hitting, and other series of on-court strategies. The unit time momentum
will be composed of nine subjective factors through some functional relationship, expressed as
follows:

M = f(al,a2,a3,a4,ab5,a6,a7,a8,a9) (8)

Among them, al: number of shots; a2: number of winning points; a3: number of errors; a4: number
of unforced errors; a5: attempts at net points; a6: successful net points; a7: number of breakpoints;
a8: number of successful breakpoints; a9: number of failed break points.

3.4.2. Definition of Maximum Momentum per Unit Time(M,,,4)-

The optimal competitive strategy stems from the player's maximum burst of momentum at the current
moment. This momentum value can be regarded as the optimal function combination of the nine
subjective factors. Based on the calculation formula of unit time momentum(M,,,,,), an objective
programming model can be established to ultimately obtain a parameter structure for when the
momentum is maximized.

ST.M. = f(al,a2,a3,a4,a5,a6,a7,a8,a9) 9
al,a2,a3,a4,a5,a6,a7,a8,a9>0 ©)

3.4.3. Unit Time Maximum Momentum Prediction Model Based on Genetic Algorithm (GA).

The selection of the nine subjective factors involves a large number of parameter combinations. This
study aims to find a combination from this vast set that maximizes the current momentum, termed as
the optimal combination. Genetic Algorithm (GA) is widely used for such problems and has
demonstrated good solving performance, making it effective for addressing this problem.
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The current momentum is predicted by the established XGBOOST model. By combining the
XGBOOST model with the GA model, a composite model is formed. This composite model compares
momentum values for multiple input combination parameters. When the momentum is maximized,
denoted as M,, ., the nine input parameters represent the optimal combination. The composite model
exhibits both the rapid convergence of the GA algorithm and the good momentum prediction ability.

4. Strategies for Enhancing Athlete Potential Based on Prediction Model Insights

4.1. Model Performance
4.1.1. Comparison of Individual Models.
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Figure 1. Comparison between Formal and Lateral Model

For the prediction of momentum values for player "CA," the initial performance of the XGBOOST
model was poor during testing on the test set. However, after optimization using the Differential
Evolution (DA) algorithm, the model's performance improved significantly, as shown in Figure 1.
Based on evaluation metrics, it can be observed that the model's performance increased from 0.6886
to0 0.9836, indicating a substantial improvement in both generalization and learning abilities, as shown
in Table 4.

Table 4. Comparison of Evaluation Indicators

Model. RMSE. MAE. R2.
DA+XGB 0.9391 0.0215 0.9836
XGB 0.6210 0.0609 0.6886

4.1.2. Comparison of Multiple Models.

Continuing with the evaluation of the test set, comparisons were made between the optimized
XGBOOST model and other models including Random Forest, Multilayer Perceptron, and Linear
Regression. By comparing the metrics data of multiple models, a visual representation was obtained
to observe the performance of each model.
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Figure 2. Model Performance of Different Algorithm.

(a. Extreme Gradient Boosting (XGBOOST). b. Random Forest (RF). ¢ Linear Regression (LR). d.
Multilayer Perceptron (MLP).)

Based on Figure 2, the following observations can be made: the light blue dots represent the positions
of the original data, the green lines represent the distribution of the data, and the purple lines represent
the results obtained from fitting the model. The predicted purple dots can be compared with the
positions of the original data points. It can be observed that after optimization using the algorithm
proposed in this study, the purple lines essentially overlap with the green lines, indicating a close fit
between the predicted results and the data distribution. However, other models exhibit relatively
poorer performance compared to this model, as shown in Table 5.

Table 5. Comparison of Evaluation Indicators

Model. RMSE. MAE. R2.
DA+XGB 0.9391 0.0215 0.9836
RFR 0.7562 0.0586 0.8185
LR 0.3834 0.0891 0.2123
MLP 0.1867 0.1568 -2.9849

By establishing the RMSE, MAE, and R2 indicators, the performance of the four models can be more
intuitively evaluated. The accuracy of the model proposed in this study reached 0.9836, which is the
highest score.

In summary, the optimized XGBOOST model performs excellently in terms of both prediction error
and accuracy, demonstrating a high degree of fit to the observed values. Therefore, it is evident that
this model is suitable for predicting and analyzing the momentum of player "CA."

4.2. Explanation Using SHAP Model

To understand the contribution and relevance of different factors to the performance of players on the
field, this study selected a total of 69 factors related to "CA" and "NJ" as samples and calculated their

1221



global feature importance. These factors were then sorted based on their values. Figure 4 displays the
top 20 factors contributing the most to the momentum of "CA" on the field.

pl_distance_run Rax- - oi_distance_run [
wosdron (e ——
point_no t!’-x.- e e point_no _
p2_score_15 "t ee p2_score_15 _
game_victor Titm s se e game_victor _
serve_depth_CTL il awese erve_depth_CTL [
server :"- server _
pl_score_30 emee = pl_score_30 _
serve_width_C P serve_width_G _
ral ly_count P . ral ly_count -
winner_shot_type_0 Eﬂ - winner_shot_type_0 -
p1_score_40 P o pl_score o [N
serve_width_BC — e serve_width_BC ||
p2_points_won ai-- . p2_points_won -
pl_winner - pl_winner -
pl_games - pl_games -
winner_shot_type_F - winner_shot_type_F -

Sum of 50 other features

I 1 I 1
0000 0025 005 0075

SHAP value (impact on model output)

] 1 I 1
0. 100 0.125 0.150 0.175

pi_net_pt

'
0. 000 0.002

mean (|SHAP value|) (average impact on model output magnitude)

' ' '
0.010 0.012 0.014

Figure 3. Global Feature Importance Ranking

As shown in Figure 3, the larger the global feature importance of a sample, the higher its contribution.
It can be observed that the fluctuation in "CA's" momentum is not only related to their performance
but also to the situation of the opponent and the choice of strategies. For the sake of clarity, this paper
will discuss these 20 factors divided into subjective and objective categories.

Table 6. SHAP Values of Subjective Factors

P1 distance run Speed mph Serve width P1 score
0.011499 0.008425 0.007324 0.005845
P1 winner P1 games P1 net pt Serve_depth
0.002669 0.002667 0.001847 0.001569

Based on Table 6, among the top four subjective factors, the highest is "pl_distance_run," with a
feature importance of 0.011499, followed by the feature importance of ball speed, with a value of
0.008425, "CA's" serve width, with a value of 0.007324, and finally the feature importance of
"pl_score,” with a value of 0.005845. This indicates that "CA's" contribution to momentum on the
field is most significant in terms of running distance, hitting intensity, hitting technique, and
cumulative score. Therefore, it can be seen that "CA" possesses good physical fitness, which is his
advantage. Additionally, he excels in employing effective hitting techniques and can control the
hitting intensity appropriately, demonstrating strong scoring ability. Moreover, "CA's" number of
winning points, number of games won in a set, whether "CA" serves into the net, and "CA's" serving
distance all contribute to his momentum to some extent.
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Table 7. SHAP Values of Objective Factors

Game_Victor P2 distance run Game_no P2 score
0.02594 0.01368 0.008869 0.008511
Point_no Rally count server Point_victor
0.007063 0.004345 0.002879 0.002284

P2 Break pt missed P2_winner Winner_Shot_Type P2 unf err
0.001875 0.001884 0.001681 0.001506

In objective factors, as shown in Table 7, the winning player of the current set, the opponent's running
distance, the number of games in a set, and the opponent's cumulative score have a significant impact
on the player's performance. This suggests that "CA" experiences greater pressure and shows less
stable performance when he is at a disadvantage or when there are many games in a set. The
cumulative score of all games in a set, the number of consecutive rallies, the serving side, and the
player winning the points also have a certain contribution. However, factors such as the opponent's
missed opportunities to win points, whether the opponent hits winning shots, and the opponent's
unforced errors have a relatively smaller impact.

From both perspectives, it can be concluded that the player "CA" possesses strong endurance and
scoring ability. However, he also needs to improve his mental toughness and tactical skills to adapt
to matches more quickly or to create more attacking opportunities.

5. Model discussion

The strategy choice is heavily influenced by the selected player, "CA," as evident from this study's
analysis process. Results vary with changes in the subject of analysis, highlighting the player-specific
nature of offensive and defensive strategies. Additionally, environmental unpredictability adds
complexity to strategy selection. The study's significance lies in its ability to develop personalized
strategy plans for individual players through its analysis methods. To broaden the application of the
optimization strategy model established here across different sports or competitions, validation can
be approached from two perspectives:

® Discussion on the universality of model design framework: The modeling process of this study
is primarily derived from various scientific theories and mathematical methods, such as the
XGBOOST algorithm, to accomplish the task of momentum prediction. Therefore, not only tennis
matches but also table tennis can utilize the same modeling approach for problem-solving. Moreover,
the SHAP model, as an analysis method not restricted by the playing field, yields highly reliable
analysis results.

® Discussion on the universality of model training: Since the dataset used in this study lacks
universality, the model built based on this data is also not universally applicable. However, because
various sports have their unique competitive characteristics, models need to analyze each feature of
each sport specifically, making the modeling process unique. This makes it challenging to apply well-
trained models to other domains. However, the research approach and process of this study are
universal, allowing it to serve as a reference for exploring strategies in other ball sports.

6. Conclusion

Six indicators reflecting athletes' competition abilities were selected, and their weights were
determined using the entropy weight method. These weights were aggregated to formulate the
momentum calculation formula. Employing quantitative definitions, we utilized the XGBOOST
model optimized with Differential Evolution (DA) to develop a momentum prediction model. VVarious
models, including Random Forest, were also assessed and compared with the optimized XGBOOST
model. Results demonstrated that our proposed model achieved superior prediction accuracy,
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confirming its feasibility and effectiveness. Using the SHAP model, this study analyzed 68 indicators
for two athletes to interpret momentum values. Taking the "CA™ athlete as an example, the top 20
indicators contributing most to the game were subjectively and objectively analyzed. Findings
revealed that the athlete's momentum relies heavily on continuous field running, winning shot
production and frequency, appropriate hitting distance, intensity, and ball speed. Additionally, the
impact of these factors varies among athletes due to individual differences, suggesting athletes should
not only focus on common influencing factors but also consider the unique influence of specific
factors on their performance when evaluating their on-field performance.

In conclusion, this study enables athletes to grasp their momentum shifts, pinpoint performance
shortcomings in competitions, and craft tailored training plans to enhance their competitiveness and
future winning prospects.
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