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ABSTRACT: Tennis’ popularity, along with its global viewership, is increasing. However, there has not been an abundance of 
analysis surrounding predictions of player matchups or a focus on significant statistics affecting game play in tennis. This paper 
describes a program that can determine the probability of a player winning against his opponent based upon the list of selected 
top-performing players. Moreover, this paper provides the logistic regression model used to calculate these winning probabilities; 
this summary demonstrates which variables were significant in predicting the outcome of a tennis match. For data, players were 
selected from the top 10 performers in men’s tennis from 2015-2019. The individual and match statistics for the top ten players 
were utilized in developing this model; data was taken from the Grand Slam Tournaments. 

The model created is a logistic regression model. A logistic regression model was deemed to be the most optimal method as it 
is designed to predict probabilities for a binary outcome. This model was successfully able to create predictions for the percentage 
that any of these players was able to beat any other player that was in the dataset. Overall, this model was successfully able to 
gather information about which players would have the highest chance of winning a tennis match and the most important factors 
that lead to this outcome. 
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�   Introduction
From different styles of play to ever changing stroke tech-

niques, tennis is a sport that has evolved over time. Despite 
the various approaches throughout the past century, the rules 
of tennis have remained consistent. Although tennis has been 
a sport played for over 120 years, there has not been extensive 
research analyzing tennis statistics, especially when compared 
to research in other major American sports that are surround-
ed with an abundance of data science.¹ Even though tennis 
can be a team sport, competitive tennis is more often played 
as a single player rather than as a doubles partnership. The 
analysis proposed may more greatly benefit single players as 
many factors will not be affected by a teammate and are solely 
caused by their individual performance. The results may in-
dividually show the importance of each statistic to a tennis 
player.     

In tennis, performance statistics are one of the most 
important aspects of a player’s game. Strategy develops an 
individual’s performance in various categories and contributes 
to the win or loss of a match. While statistical prediction 
models for tennis outcomes have been conducted for a few 
decades, each model has varying levels of accuracy.² The goal 
of this paper is to determine how strategy affects the outcome 
of a tennis match. A logistic regression model using Python 
was developed to analyze match data and determine the 
probability of a win for each individual player when matched 
against other players.

The current data science research surrounding tennis 
strategy highlights which skills are necessary to help an 
athlete win a match and are largely used by sports bettors. 
In 2019, researchers in China developed data-driven models 
of “point-by-point performance for male tennis players” 

in Grand Slam tournaments to determine how different 
contextual variables could be used to predict point outcomes 
of players based on their opposition.³ Point-by-point datasets 
give more detailed information about a single match, as it 
shows the scoring progression and the player who served.² 
Gollub matched 12,000 point-by-point strings of the players 
who won and the points scored to generate a prediction and 
the match progression.² This logistic regression model had a 
76.2% accuracy.² 

Additionally, Barnett and Clark demonstrated that it is 
possible to develop models to show how important certain 
advantages are to a player.⁴ Cornman and colleagues built on 
this to compare logistic regression, random forests, support 
vector machine, and neural networks using data from online 
tennis datasets.⁵ Their research indicated that logistic 
regression and support vector machine have the highest 
predictability with almost 70% accuracy.⁵ Gu and Saaty 
compared subjective judgments by tennis experts concerning 
who was most likely to win 94 US Open tennis matches.⁶ 
Their data modeling predicted a 15% greater accuracy rate 
than that of tennis experts, indicating the benefits to statistical 
modeling in this sport.⁵

A variety of methods are utilized in sports analytics, 
especially when analyzing large amounts of data to assist with 
predicting outcomes. These research studies demonstrate the 
benefits and drawbacks of various analytical methods. The 
method selected for determining the potential outcomes in 
top 10 player matchups was a logistic regression. This type 
of analysis was utilized to determine the probability of a 
player winning his match. This paper displays the process for 
determining the probability of top ranked players winning 
against other top ranked players. It also shows which statistics 
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are most important to determine who will win a particular 
tennis match.
�   Methods
Data:
The data that was utilized to perform these regressions was 

from match statistics of top ranked players from recent years. 
Data was obtained through “Ultimate Tennis Statistics,” 
which is a repository for tennis data compiled by tennis 
statisticians.⁷ The specific data utilized to develop this model 
was taken from the top 10 male tennis athletes during each of 
the five years between 2015-2019. Due to the limitations of 
the website design, data was individually collected from each 
player. Since this process was manualized, only the top ten 
players’ data was selected. This five-year period was selected 
as a purposive sample to examine the most recent five-year 
span of tennis data immediately prior to the COVID-19 
pandemic (as 2019 was the last full tennis season). Data 
was not selected post 2019 to avoid non-sampling errors (or 
potentially skewed data sets) resulting from crowd capacity, 
limited opponents, and other COVID-19 related game 
restrictions. 

For each of these players, match statistics were gathered 
from each of the selected player’s matches in a Grand 
Slam tournament for that certain year. The Grand Slam 
Tournaments data from these performers was solely used 
because players were placed into the brackets of greatest 
difficulty during these tournaments compared to other 
tournaments. The statistics that Ultimate Tennis Statistics 
provide for individual matches include first serve percentage, 
first serve won percentage, first serve return won percentage, 
second serve won percentage, second serve return won 
percentage, ace percentage, break points saved percentage, 
break points won percentage, and double fault percentage.⁷ 
For a given match, these statistics were given for both players. 
The difference was calculated between the values for the top 
ranked player and their opponent to serve as the independent 
variables in the logistic regression models. Therefore, each of 
these statistics in the dataset represent the difference between 
the top ranked player and their opponent. In total, 786 tennis 
matches were gathered across all of the top 10 tennis players’ 
matches.

In the dataset, there were statistics of a match that were 
direct inverses of each other. For instance, a player’s first serve 
win percentage could be found by subtracting the opponent’s 
first serve return win percentage from one. Therefore, a 
player’s first serve win percentage and his opponent’s first 
serve return won percentage would have to equal one. 
Similarly, the same is true for second serve won percentage 
and opponent’s second serve return won percentage, as well 
as break points saved percentage and opponent’s break points 
won percentage. Due to the nature of these factors, only first 
serve won percentage, second serve won percentage, and 
break points won percentage were used.

Data was available for these top ten male players for both 
individual matches and season-wide aggregates. In addition 
to grabbing the matches, the season-wide data was also 
gathered. This data included the same independent variables 

that were used above. The season-wide stats were used to 
demonstrate an average estimate of the player’s performance 
relative to other players during that season. After the logistic 
regressions were created, the season-wide averages were used 
to predict the probability of each player winning a certain 
matchup. 

Statistical Design:
After gathering the data for each individual match, this 

data was used to create a logistic regression to predict a 
winner of a specific tennis match. Analyzing this data and 
observing the significance of each aspect of the game (i.e., 
first serve percentage won as it relates to the game outcome) 
eventually led to a model that uses the previously studied data 
to see the outcome of any match between top 10 players in the 
range that was discussed earlier. When listing the outcome, it 
showed the probability of one player beating the other.

Logistic regression was appropriate for several reasons. First, 
a logistic regression model was able to describe the statistics 
in a clear way. Through the regression model, prediction 
charts may be developed to demonstrate the likelihood that 
one player will win against another specific player as long as 
both player’s individual data sets have been included in the 
modeling. By using a logistic regression model, it was evident 
which variables were statistically significant. By knowing this, 
one can produce probabilities for which players would win in 
future matchups, as one player might be better than the other 
player in a category that is essential for a win. The logistic 
regression model fits around this concept of significant data 
and uses a player’s success in this essential data against given 
opponents to determine future outcomes of these matches. 
For the model to be a good fit, it is important to experiment 
with different combinations of independent variables to 
produce the best result.

This model was extremely helpful for predicting outcomes 
as it gave a precise probability of who would win in each 
match based on an individual’s previous matches. Not only 
does this allow outside individuals to predict winners of 
matches, but it also allows individual players to focus on 
which skills or strategies require improvement to win more 
matches. If tennis players could see how these statistics can 
change the outcome of their game, they would benefit in their 
game strategies.
�   Results and Discussion
A logistic regression model was developed to determine 

the correlative effect between a player’s individual game 
statistics (like first serve won percentage) and the likelihood 
of winning the match against a similarly skilled opponent. To 
develop this model, the dependent and independent variables 
were carefully defined so that the model would not confound 
data between a match win and the statistics that led to past 
wins. 

First, the dependent variable in this model is a win variable 
where one represents a win while a zero represents a loss. 
Since the model is meant to be predictive, win was a logical 
dependent variable to select because this type of model 
anticipates outcomes of events which may only have two 
outcomes; in the instance of tennis, the outcomes are either
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wins or losses.
To create the program, the outcome of the match was 

recorded as a binary number, either being one for a win or 
zero for a loss. For instance, if Roger Federer defeated Andy 
Murray during a match in 2019, the dependent variable on 
Federer’s data would have an output of the number one to 
indicate that he had won, whereas Murray would have an 
output of the number zero to indicate a loss. The statsmodel.
api package in Python was used to create this logistic 
regression model. Using the “Logit” function associated 
with this package and incorporating the data as outlined, a 
regression was developed. 

The independent variables in this program were the 
performance statistics that were discussed in the previous 
section (and defined in the Appendix): First Serve Won 
Percentage, Second Serve Won Percentage, First Serve 
Percentage, Break Points Won Percentage, Ace Percentage, 
and Double Fault Percentage. These are independent variables 
because their values are used in order to determine the 
probability that a given tennis player will win a hypothetical 
match against another player. 

Table 1 demonstrates the results of the logistic regression 
for the matches of the top 10 ranked male players in Grand 
Slam tournaments from 2015-2019. The table is organized 
to emphasize the coefficients for independent variables. 
The significant independent variables were First Serve 
Won Percentage, Second Serve Won Percentage, First Serve 
Percentage, and Break Points Won Percentage (Table 1). The 
variable’s significance is based on P values, where the lower 
the P value is, the more significant it is in predicting the 
outcome of the match. The coefficient shows the direction 
and magnitude of the effect of the variable.

Many of these variables had extremely low P values, 
acceptable at the .001 level, meaning that they were all 
significant towards the outcome of the game. The sign (either 
positive or negative) of the coefficient explains how it affects 
the dependent variable. A positive coefficient would mean 
that increasing the value of the independent variable will also 
greatly increase the probability of a win. The magnitude of 
the coefficient shows how big of an effect it has. The larger 
the coefficient, the greater the effect of a one unit increase 
or decrease of the independent variable on the dependent 
variable. Moreover, the coefficients of several of these statistics 
were relatively high. The lowest coefficient was “Break Points 
Won Percentage” at 4.38.

Ultimately, the ace percentage and double fault percentage 
were both deemed insignificant in predicting the outcome of

a tennis match between top players. One reason why these 
factors might not prove essential to match outcome could be 
because aces and double faults do not make up a large portion 
of points in a tennis match. When professionals play against 
each other, double faults are rare, and aces are uncommon. 
Although the ace percentage was insignificant, it may have 
had a negative coefficient because it could have been correlated 
with double faulting and, therefore, aggressive serving. When 
a tennis player serves more aggressively, he or she is more 
likely to have aces but also more likely to have double faults. 
For tennis professionals, the serve and return are necessary 
for the game play, so players always focus on these parts of 
the point. Professional players make sure they do not “give” 
their opponents a free point by double faulting. Further, 
aces are rare because players are trained not to miss the ball 
completely on a serve or to let the ball bounce multiple times 
on his side of the net; both of these are relatively simplistic 
errors and somewhat upcoming to professional play.

To produce prediction probabilities for hypothetical 
matches of all the top 10 players against each other, another 
logistic regression model was created using only the four 
significant variables with LogisticRegression from the 
sklearn.linear_model package in Python. After creating this 
model, the “predict_proba” function was used to produce 
prediction probabilities. This package was used to predict 
probabilities due to a lack of function in the statsmodel.api 
package to perform the same functions.

The data that was used to predict the outcome of the 
matches were the season statistics. To help calculate the 
predictions, the program used the differences between the 
season-wide statistics across the whole range of top players. 
The difference of the season-wide statistics were the data that 
was used in predicting outcomes of all hypothetical matches 
among the top 10 players from 2015-2019. Furthermore, only 
the significant independent variables discussed earlier were 
put into the regression model. Including the insignificant 
statistics would skew the results of this model if the program 
used independent variables that were not significant towards 
the outcome of the match.

By focusing on the study findings, readers can see the 
importance of individual strategy on a player’s game 
outcomes. For example, by discovering how significant serves 
are to a game’s outcome, along with the importance of aces, 
players can determine how aggressive to be when serving 
and which type might yield the best outcome in the game. 
Also, the “break points won” percentage shows the level of 
importance in winning games when the tennis player has a 
high advantage where he needs to win that point to secure 
the win in that game, giving a perception of the importance 
of “clutchness.” It is important for players to be able to win 
breakpoints as every time they have a lead, they are able to 
finish it so they can save energy and the momentum swing of 
an opponent’s comeback. 

After this model was created, there were many compelling 
findings. The model makes player rankings more evident. One 
such finding was that Milos Raonic had a greater than 50% 
win probability against all players during the 2018 season. 

Table 1: Logistic regression results to determine a win or loss.  

a Indicates significant value.  
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However, the player who had less than a 50% probability to 
win against all players was Martin Klizan in 2018. Raonic in 
2018 has one of the highest first serve win percentages out of 
all the players while Klizan in 2018 had one of the lowest. This 
shows how the model recognizes the importance of first serve 
won percentage and how much it takes part in determining 
the outcome of the match. In addition to finding the best and 
worst player with the average predicted probability against all 
the other players, it was also found that the top 10 players 
with the highest average predicted probability against other 
players and the bottom 10 (Table 2). The probability matrix 
in the Appendix contains a player’s probability of beating each 
player in the dataset. The probabilities come from the player, 
whose name is located in rows, and his chance of beating each 
player, whose name is also in the columns. However, due to 
efficiency and readability, the matrix uses a number in place 
of each name. The number correlates to the row number 
the player was on in the dataset. For instance, in the table, 
when looking at Rafael Nadal in 2019, the number that takes 
its place in the matrix table is the number 1 as he was the 
best performer in 2019, leading him to be the highest in the 
dataset. After building the matrix, the mean probability was 
calculated by averaging the values of each row (Appendix).

From these results, there were also some interesting cases 
that despite the player performing better in the statistics that 
were significant towards the outcome, they still lost. This can 
occur many times as tennis is also a game of luck and there 
can be situations where a player is performing better than 
usual but is not able to pull off a win. For example, since each 
set is a race to 6, a player could win the first two sets 6-0, then 
lose the next three 7-5 but overall have better performance 
statistics.

�   Conclusion
This model was successful in its attempt to display which 

statistics were significant out of the list of selected independent 
variables. The regression showed that the significant variables 
with a low P value were First Serve Won Percentage, Second 
Serve Won Percentage, First Serve Percentage, and Break 
Points Won Percentage. There were many possible reasons 
why these were the significant values as the other insignificant 
values are mostly uncommon occurrences in professional 
tennis games. After examining the predictions created from 
the regression model, there were several intriguing results. One 
such result was that a player could have a better performance 
in the statistics of the significant values than his opponent 
but would still lose on occasion. One reason for this could be 
a player dominating in the first few of his sets but losing in 
total as his opponent would win all the other sets by a small 
amount. Even though the player still won more points in total, 
the opponent still won all the other sets which secured him 
a win. 

This paper was written to help tennis athletes and avid 
tennis-watchers to understand which statistics are significant 
towards determining the outcome of a match. Also, this paper 
provides another perspective on the use of Python to simulate 
tennis matches. As tennis popularity trends upwards, there 
still has not been much research on data science surrounding 
this sport. Nevertheless, tennis enthusiasts have been curious 
about the creation of a program that could determine which 
professional tennis player would beat another. Many game 
strategies are based upon which shots matter for a win. After 
this research, it is clear how important it is to win games 
starting with the first serve as it makes up for a large portion of 
the game. This emphasizes the importance of being ready for 
a return right after a strong first serve. If a player hits a strong 
first serve, returning another strong shot will be essential for 
starting the match. Tennis attracts many players, and it is a 
game of necessary strategy, making data science an excellent 
choice for studying this field and how players can perform 
their best.

Future Directions :
While the results from the initial analysis seem promising 

to predict tennis outcomes, repeating this modeling with 
other populations would increase the reliability. In the future, 
this model could be used on a larger sample size. Having 
more match data would demonstrate whether this model is 
applicable to a greater population. Further, including female 
tennis players in the sample to see if the model can still 
accurately predict outcomes in more than just male athletes 
would produce an interesting complement to this research.

Additionally, the data used in this sample was from 2015 
to 2019–before the COVID-19 pandemic. It would be 
interesting to see how the model fits games played during 2020 
and beyond, in which there would be different conditions such 
as little to no crowds, increased safety protocols, and possible 
psychological stressors for the players. 

If the model described here is found to be consistent and 
generalizable with a larger population, creating a program in 
which a user-interface allows someone to pick two players 

Table 2: Top 10 best and worst players used in statistical analysis.  
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within a range and have it output their probabilities would 
produce a practical data model. 
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� Appendix
Ace Percentage: The percentage of a player’s serve, typically 

the first serve striking with maximum force, that is so powerful 
to which the opponent is not able to return the serve at all by 
missing the ball completely or letting it bounce twice.

Double Fault Percentage: In tennis, a tennis player has 
two opportunities to start a point when it is his turn to serve. 
Typically, professional tennis players do not miss these two 
opportunities as that would be a free point awarded to the 
opponent. The double fault percentage shows out of all the 
points the athlete played when he was serving, how many 
of those times did he miss the second opportunity, which is 
supposed to be much more conservative than the first serve, 
where he hits the ball into the net or out of the box.

Break Points Won Percentage: Break points describe the 
points in a tennis game where a player is one point away from 

winning the game. In typical scoring, the player will be at the 
highest point number, 40, and if he wins this final point, then 
he secures the game. This is especially important for players to 
be able to finish their games when in the lead.

First Serve Won Percentage: The percentage of a player 
being able to win the point off of the first serve. This indicates 
that a player is able to win most of his points during the first 
serve.

Second Serve Won Percentage: The percentage of a player 
being able to win the point off of the second serve. This is 
usually much lower than the first serve win percentage as a 

Player Code Reference:  
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Probability Matrix:  
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