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Abstract - Although it may seem to be one of the
more unpredictable sports, tennis can be rather
accurately modelled using the Monte Carlo method.
This study aims to evaluate the accuracy of a Monte
Carlo simulation that integrates dynamic tennis
parameters in forecasting the outcome of a specific
match. To predict the outcome of a tennis match, a
conventional Monte Carlo simulation based on the
identical and independent point distribution
assumption requires only two parameters: the
probabilities of both players winning a point on their
own serve. A more sophisticated method proposed in
this paper considers how fatigue affects a player's
performance and it analyses and implements the
change in the probability of winning a service point
after "breaking" an opponent's service game.
Calculating the relevant statistics required for player
profiling was a critical step in this study. Following
that, both previously mentioned variations of the
Monte Carlo simulation were implemented to
compare their performance. Finally, the method was
tested on real-world tennis data.

Keywords — tennis; Monte Carlo simulation; sport match
dynamic parameters; prediction; comparing different Monte
Carlo simulation versions

. INTRODUCTION

Sports analytics has been practiced for decades, but the
breakthroughs in data collection have contributed to the
popularization of that field in recent years. Sports
analytics refers to managing structured data and applying
predictive analytics models to analyse diverse aspects of
the sports industry. The results of sports analysis are used
to assist decision-makers in gaining a competitive
advantage in the field of play [1]. Additionally, extensive
analysis of historical data can even help in optimizing
players’ training programs to achieve the best results [2].
In most popular sports, data analysis and the usage of
statistics have become commonplace.

Enormous investments in the sports industry are
contributing to the immense growth of the sports analytics
market in recent years. Consequently, this led to the rapid
development of the online gambling and betting industry.
Online gambling amounted to 61.5 billion U.S. dollars in
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2021 and is expected to rise to 144.4 billion U.S. dollars
by 2028 [3].

One of the most popular betting sports is tennis.
Tennis is considered one of the hardest sports to play
professionally because of its intense physical nature, the
need for near-perfect hand-eye coordination during the
whole match, and very little financial support for up-and-
coming players. The players start their careers by playing
in local and regional tournaments, and if they rank highly,
they’ll get a chance to play in ITF tournaments. If the
players are also successful in ITF tournaments, they might
get a chance to compete in WTA and ATP tournaments,
which are the most important and prestigious tournaments
in tennis [4]. Both ATP and WTA tournaments have a
sophisticated method of ranking players based on their
success in previous tournaments at that level, but most
tennis fans are quite aware that those rankings are a very
poor indicator when it comes to predicting the winner
because lower-ranked players often beat higher ranked
players [5].

Despite its seeming unpredictability, tennis is one of
the few popular sports that can be rather accurately
modelled using methods such as the Monte Carlo
simulation, which is the subject of this research. Tennis is
very suitable for modelling because a tennis match has no
time limit, it is played until one of the players wins and
there is no possibility of a draw. It is also an individual
sport (in this paper we are not considering the outcome of
doubles matches), so there are no complicated team
relationships. All these factors contribute to tennis being
one of the most popular betting sports [6].

The Monte Carlo method is a mathematical technique
used for modelling and simulating complex systems by
generating random samples. It generates a set of random
numbers according to the data distribution and parameters
for each variable to solve mathematical problems and
make predictions [7]. This technique is widely used in
various fields such as finance, physics, engineering, and
computer science. It is particularly useful in problems
where an analytical solution is not possible, and instead,
the solution is estimated by repeating random trials [8].
Only one parameter for each player is needed to simulate
a whole tennis match using the Monte Carlo method, and
that is the probability of a player winning the point
when they are serving [9]. The probability of winning a
set, and consequently a match, is independent of which
player serves first [10]. By alternating the serving player
between games just like in a real tennis match and using
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their probability of winning the point whilst
simultaneously tracking the result, we can model the
whole match. By simulating the match many times and
counting how many times each player won, it’s possible to
estimate which of the two players is more likely to win the
match.

The main idea of this paper is to test whether it is
possible to improve this simple, already-known approach
to predicting the winner of a match by also considering
dynamic parameters of tennis, such as player fatigue
and the effect of one player “breaking” his opponent’s
service game.

The research consisted of 3 main stages:

o Data cleaning and extraction of relevant player
statistics from the dataset,

e Implementing the calculated statistics in custom
versions of the Monte Carlo simulation to predict the
winner of tennis matches that already took place in
real life,

¢ Analyzing the results.

The upcoming sections of this paper describe the
aforementioned stages of the research and provide further
theoretical background on the Monte Carlo simulation. To
conclude the research, we compared the winner prediction
success rate of different Monte Carlo simulation versions.

Il.  DATA PREPARATION AND EXTRACTION OF
RELEVANT PLAYER STATISTICS

The standard train-test machine learning method was
used to test Monte Carlo simulation accuracy. To extract
all the needed player statistics and later test the methods’
accuracy, a large dataset was used that contains almost all
tennis matches that took place in Challenger, ITF, WTA,
and ATP tournaments during 2015 and 2016, along with
every change in the current score during the match. The
dataset was split into two parts — 70% of the data was used
for training and 30% of the data was used for testing. The
training dataset was also used to calculate the relevant
statistics required for player profiling.

In this analysis, a real-life dataset consisting of the
results of various tennis matches that were played in 2015
and 2016 was used. The dataset used is the so-called in-
play dataset, which means that it is supposed to contain all
the in-play changes in the score and the corresponding
betting odds made by the betting house itself [11]. Apart
from the in-play datasets, there are also so-called play-by-
play datasets. Play-by-play datasets are the most insightful
types of datasets in the world of sports. They contain
much more information about the within-match events
than in-play datasets, but appropriate tools for modelling
and simulating that use play-by-play data have not yet
been developed, as opposed to the ones that use in-play
datasets [12]. Play-by-play is also better for analyzing
sport events with more interaction between various of its
components, e.g., football matches, where a play-by-play
analysis is needed to reflect actual interplay and to qualify
different interaction phases [13]. On the other hand, the
in-play method is suitable for sport events with more
discrete nature of the game, such as tennis, or cricket [14].
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Number of players

Before extracting the relevant statistics from the real-
life dataset, the dataset must be thoroughly examined. Any
matches that don’t have the final result should be
discarded, along with doubles matches because only
singles matches are relevant for this research. Rows in
which the current result is the same as in the previous row
were also removed because they are redundant. Since
there is much more available data on well-established
players who regularly take part in WTA and ATP
tournaments, the decision was made to also remove all
matches from tournaments that are not of WTA or ATP
level. The distribution of the number of matches played
for all players in the dataset is shown on Figure 1. To be
able to model the performance of individual players well,
players that have fewer than 10 matches in ATP or WTA
tournaments were removed from the dataset along with all
the matches they participated in. Only matches where both
players have played more than 10 matches in ATP or
WTA tournaments were modelled using the Monte Carlo
methods. After this step, 55% of the matches and 28% of
the players remained in the training part of the dataset
with an average of 11.4 matches per player.

One other problem arose when we tried to analyze the
data, and that are the names of players containing non-
ASCII characters. There were a few different versions of
those players’ names in the dataset. For example, there
were 4 versions of the name “Marin Cili¢”, each
containing  different non-ASCIl  characters.  After
identifying all players with non-ASCII characters in their
names, those names were lemmatized and standardized
(all variations of “Marin Cili¢” were changed to “Marin
Cilic”).

Number of matches played

Figure 1. Distribution of the number of matches played for all
players in the dataset

After cleaning the data, it was possible to calculate the
probability of winning a point when serving for each
player in the dataset. That statistic is later used in the basic
Monte Carlo prediction model that doesn’t take the
dynamic parameters of tennis into consideration. One of
the dynamic parameters is fatigue, and to test how players
perform under fatigue it was decided to differentiate
between the probability of winning a point when serving
during the first 2 sets and if the game goes past the second
set, when almost all players will start to feel fatigued.
After calculating the probability of winning a point when
serving in the first two sets and the probability of winning
a point after the second set, it was clear that the top
players on the tour like Djokovic, Nadal, and Federer
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manage to either keep or even slightly improve their
probability of winning the point when serving during the
whole match. When taking into consideration the effect of
one player “breaking” his opponent’s service game, which
is the second dynamic parameter that we propose to be
used in the Monte Carlo method, the probability of a
player winning the point after breaking their opponent was
calculated, along with the probability of winning when the
opponent breaks them.

IIl.  MODELLING THE MATCHES USING MONTE CARLO
METHODS

A. Monte Carlo method

The term Monte Carlo methods refers to a class of
computational algorithms that use random sampling from
a probability distribution to solve a problem that involves
a large number of degrees of freedom and is usually of
mathematical or statistical nature. This research uses the
Monte Carlo method to simulate real-life tennis matches
many times and determine the more likely winner. Monte
Carlo methods have a wide range of applications in many
different fields of science such as radiological sciences
[15], as well as in engineering [16] and finance [17].

One of the earliest applications of Monte Carlo
methods was in late 1940s, when physicists Nicholas
Metropolis and Stanislaw Ulam developed a method to
solve complex integrals that were not analytically
computable [18]. Monte Carlo methods have become
widespread ever since, finding applications in numerous
fields of scientific computing [19].

A variety of problems, from simple integrals to
complex simulations of advanced multivariable systems,
can be solved by using Monte Carlo methods. Handling
systems with uncertain or random inputs is one of the
crucial strengths of these methods, which allows
researchers to precisely estimate the probability of rare
events, as well as to measure the quantity of their results
[20].

There are many variations on the basic Monte Carlo
method, including importance sampling [21], Markov
chain Monte Carlo [22], and quasi-Monte Carlo methods
[23]. Importance sampling can improve the efficiency of
Monte Carlo simulations by focusing on the most
important parts of the probability distribution. Markov
chain Monte Carlo methods use a series of dependent
random samples to explore complex distributions, while
quasi-Monte Carlo methods use low-discrepancy
sequences of points to generate more representative
samples [24].

One of most widely known applications of Monte
Carlo methods is in the financial domain. Experts use
them to simulate the behaviour of financial markets [25]
and to find the oprimal way of trading financial
instruments such as stocks or ETFs. They can be used to
assess the probability of a stock portfolio losing certain
amount of value over a specific interval, or to appraise an
option that depends on the value of an underlying asset
[26].

Along with numerous advantages, Monte Carlo
methods also have some disadvantages. They can require
extremely high computational resources, especially for
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problems with multidimensional data space or
multivariate dependencies, which can be difficult to
implement [27]. However, as the system size grows, the
problem converges to a simpler, deterministic limit that is
cheap to solve [28]. To ensure the accuracy and reliability
of Monte Carlo simulations, researchers must pay close
attention to the quality and representativeness of the
random samples used in the simulation.

In general, Monte Carlo methods are an efficient,
multifunctional and very flexible tool used for predicting
the most likely outcome and simulating complex systems.
That is why researchers in a wide range of scientific
fields tend to use them for gaining insight into a variety
of problems.

B. Standard Monte Carlo approach

The basic Monte Carlo model used in this research is
a point-based model because it only needs the probability
of Player A winning any given point versus Player B for
predicting the winner of the match [29]. Monte Carlo
tennis simulation starts from a random number generator
that generates values for the success or failure of both
players pa and pp sampled from a uniform distribution on
the interval [0, 1]. When player A is serving, a value on
the unit interval is sampled and if it lies in the range [0,
pal, player A wins the point. If not, player B wins that
point. When player B is serving, if the value on the unit
interval is in the range [0, po], player B gets the point. If
not, player A gets that point. [30]. By keeping score after
simulating each point and alternating the serve between
players just like in a real tennis match, the model predicts
the possible result and match winner. Figure 2 shows this
scoring system with probabilities used when the player A
is serving.

Figure 2. Markov chain for a game in which Player A is
serving [37]

Of course, the basis of a Monte Carlo method is not to
simulate the whole match just once, but many times and
reach the conclusion of who is the more likely winner
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[31]. Each match in our test dataset was simulated 400
times. Two other versions of the Monte Carlo model that
incorporate dynamic parameters of tennis were also used
to predict the outcome of tennis matches, and the
accuracy of all three Monte Carlo simulations was
compared.

C. Monte Carlo simulation incorporating dynamic
parameters

As in any sport, fatigue is one of the biggest factors
when it comes to an athlete’s performance. In tennis, the
players need to be very explosive and precise when
returning or serving the ball whilst being able to keep that
level of explosive strength during the entire match.
Because of that, fatigue seems to be one of the most
important dynamic parameters to consider when
predicting tennis matches. Of course, almost all of the
players in ATP and WTA tournaments, especially those
at the highest level, try to adjust their style of play during
the match to better deal with fatigue [32]. Despite that, in
this paper it was assumed that almost all players will start
to feel significantly fatigued after 2 sets of play, which
equates to approximately an hour and 20 minutes, not
taking rest breaks into consideration [33]. That’s why it
was chosen to differentiate between the percentage of
points won when serving during the first two sets, and the
percentage of points won after the game goes past the
second set. Both percentages were calculated by looking
at the in-play data from all the matches in the training
part of the dataset. The results from the first two sets
were then used when calculating the percentage of points
won during them, and when calculating the percentage of
points won after the game goes past the second set only
results from the third, fourth, or fifth set were considered.
Both percentages were used accordingly in the Monte
Carlo simulation that incorporates dynamic parameters.
This is shown in Figure 3, where it is visible that after the
game goes past the second set, the percentage of points
won when tired is used instead of the percentage of points

won during the first two sets.
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Figure 3. When the simulated match enters the third set,
the Monte Carlo simualtion starts using the calculated
percentage of points won after the game goes past the

second set (p(tired)) instead of the the percentage of points
won during the first two sets (p)

In the world of sports, another widely researched
parameter of sport dynamic is momentum or the so-called
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“hot hand”. “Hot hand” is a situation where one player
exceeds their normal expectations because of a previous
victory [34]. This effect is considered very important in
table tennis [35] as well as in regular tennis matches [36].
In this paper, we considered the momentum in break
situations. In tennis, a break is when a player wins a game
as the receiving player, thereby they break the opponent’s
service game. To account for break situations in matches,
we calculated the percentage of points won only in the
moments when one player broke more of their opponent’s
serves in a set than the opponent because in those
situations one player has the advantage over the other.
Those situations were registered by observing results in
breaks whilst considering is serving. If one player is
serving and he has more break points than the opponent,
that indicates he/she broke at least one more of
opponent’s serves than his opponent did, and from that
point on his/her percentage of points won was recorded.
This observed situation lasted until the set was over or
when the number of broken opponent’s serves from both
players become equal. That situation was registered by
checking when the player who is serving will have equal
or just one break point less than his opponent.
Percentages calculated by this method were used in the
Monte Carlo simulation that incorporates dynamic
parameters in the previously described moments. If there
was both a situation of advantages in broken serves and
long match duration at the same time, the mean of both
percentages was used.

Three versions of the Monte Carlo simulation were
implemented in this research. First was standard Monte
Carlo. Second was Monte Carlo simulation which only
considers fatigue and the third that considers both fatigue
and the effect of one player breaking the other.

IV. RESULTS

The accuracy of all the aforementioned Monte Carlo
simulations was tested on a testing part of the dataset
which consisted of 1232 matches that took place in 2016
on ATP or WTA tournaments which were not used to
calculate relevant player statistics. Each match was
simulated 400 times to determine the more likely winner,
after which the simulation winner predictions were
compared to the real winner of each match. For example,
in the match between Novak Djokovic and Kei Nishikori
that took place at the Australian Open on 26 January
2016, which Djokovic won, the basic version of the
Monte Carlo simulation calculated that the chance of
Djokovic winning is 58, 50%, the version of Monte Carlo
that considers only fatigue calculated the chance of
Djokovic winning to be 61,25% and the third version the
Monte Carlo method that considers both fatigue and the
effect of one player breaking the other calculated the
chance of Djokovic winning to be 57,25%. The
likelihood of a player winning the match is a percentage
calculated by dividing the number of simulated matches
in which they won and the number of simulated matches.
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Table | presents the number and the percentage of
correct winner predictions using each Monte Carlo
simulation variations. The accuracy of all methods ended
up being almost identical, with all having around 60%
correct guesses.

TABLE |
PREDICTION ACCURACY OF DIFFERENT MONTE CARLO METHODS
Monte Carlo Number of correct winner Percentage
simulation predictions (out of 1232) 4
Basic 756 61,36%
Includlr}g player 731 59.33%
fatigue
Including both
player fatigue and
the probability of 725 58,85%
winning after a
break

If the Monte Carlo methods calculate that the chance
of one player winning the match is just slightly higher
than 50%, that means the players are very evenly matched
in terms of their skill, and the prediction is highly
uncertain. By considering only the matches where the
Monte Carlo method is significantly more than 50%
certain of the win of one player, each version becomes
more accurate in predicting the winner. Table 11 shows the
number and the percentage of correct predictions when
one player is more than 70% likely to win. In these
circumstances, the percentage of correct guesses increases
to 67,21%. Figure 4. shows how accuracy of the Monte
Carlo simulation improves when one player has a 70%
chance of winning rather than both players having almost
equals chance of winning.

TABLE Il

PREDICTION ACCURACY OF DIFFERENT MONTE CARLO METHODS WHEN
ONE PLAYER IS MORE THAN 70% LIKELY TO WIN

Monte Carlo

method Correct winner predictions

Percentage

Basic 378 out of 572 66,08%

Including player

- 295 out of 439
fatigue

67,20%

Including both
player fatigue and
the probability of

winning after a

break

291 out of 433 67,21%

41,15% 32,79%

Incorrect match winner predictions
B correct match winner predictions

Figure 4. Accuracy of the Monte Carlo simulation that
consideres both player fatigue and the probability of winning
after a break when the chance of one player winning is 50% or
more (left pie chart) and when the chance of one player
winning is 70% or more (right pie chart)
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V. CONCLUSION

The goal of this study was to compare the accuracy of
predicting the match winner between different versions of
the Monte Carlo simulation. One version uses only the
percentage of points won, another version considers both
the percentage of points won and player fatigue during the
match and the last version uses all of the previously
mentioned factors as well as the effect of one player
breaking his opponent’s service game. The dataset used
was a real-life in-play dataset. It contained a lot of
irrelevant data that needed to be removed, such as matches
without the final result, doubles matches etc. Afterwards,
the impact of fatigue on players’ performance and the
change in the probability of winning a service point after
“breaking” an opponent’s serve could be calculated.
Lastly, all of the previously mentioned Monte Carlo
simulation versions were implemented using the
calculated player statistics and tested on a different dataset
containing matches from 2016.

Even when all the tested versions of Monte Carlo
simulations are more than 70% sure of the win of one
player, the accuracy of their predictions is about 67%. By
using different, perhaps more theoretical models instead
of the Monte Carlo simulation such as point-based
models, paired comparison models, and machine learning
models, the prediction accuracy still doesn’t surpass 70%
[37]. Wilkens [38] also concludes that the average
prediction accuracy cannot be increased to more than
about 70% regardless of the model used. This further
proves that tennis is a highly unpredictable and dynamic
sport, even though it can be easily and accurately
modelled. It is impossible to quantify dozens of factors
such as emotional state, injuries, and fan support that can
influence the outcome of tennis matches [39].
Incorporating dynamic parameters of tennis and building a
more sophisticated prediction model based on the Monte
Carlo method does not necessarily result in a significant
increase in correctly predicted match winners. The results
could perhaps be improved by testing different ways of
using the calculated player statistics in the simulation that
considers dynamic parameters, but there is little hope that
the increase in accuracy would be significant.
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