
Predictive modeling of tennis matches: a review

Ana Šarčević, Mihaela Vranić, Damir Pintar, Agneza Krajna
University of Zagreb, Faculty of Electrical Engineering and Computing, Croatia

{ana.sarcevic, mihaela.vranic, damir.pintar, agneza.krajna}@fer.hr

Abstract - Predicting the outcome of sporting events has 
always been a popular area of interest for sports 
professionals as well as the general public. Although 
domain experts have traditionally been the main 
contributors for generating sports predictions, relying
solely on human expertise and intuition is not a scalable, 
time-effective, nor a cost-effective solution. Hence,
computers are taking the leading role in predicting the 
outcomes of sporting events, in terms of estimating the 
final score or guessing the winner, but also for predicting 
the occurrence of various events that may happen during 
the game. Predictive analytics has been effectively applied 
to a wide range of sports, including popular team sports 
as well as individual sports. The nature of sport plays a 
significant role in the adaptation of different predictive 
techniques based on diverse statistical and mathematical 
models. Tennis has a strongly defined structure and a
rigid scoring system which, along with the sport’s 
popularity and large and easily accessible datasets, makes
tennis match modeling a hot topic in scientific literature. 
This paper provides an overview of scientific papers on 
the prediction of tennis match outcomes, from the first 
regression-based models all the way to complex models 
based on machine learning.

Ključne riječi - tennis; prediction; Markov chain; Bradley-
Terry model; machine learning

I. INTRODUCTION

Sports analytics is a field that uses data analysis 
techniques to analyze various aspects of the sports 
industry, such as player performance, business operations, 
and recruitment. These analyses' findings are then used to 
make informed decisions that improve the performance of 
a specific team or sports organization. Sports teams are 
increasingly relying on skilled sports data analysts to gain 
a competitive edge both on and off the field. Sports 
analytics has been practiced for decades, but recent 
breakthroughs in data collecting and management 
technology have substantially increased its scope. In most 
major sports, the utilization of data and statistics has 
become commonplace [1, 2].

The online gambling market is expanding in many 
regions because of factors such as the advancement of 
available technology, increased trust of gamblers paying 
online, and the increasing digitalization of the world. 
Online gambling entails using the internet to play casino 
games, poker, and bet on sports. In 2023, the global online 
gambling market is expected to be worth more than $92.9 

billion U.S. dollars. The market is currently worth nearly 
59 billion U.S. dollars [3]. Tennis is one of the most popular 
betting sports. There are two common types of bets in the 
gambling industry. In pre-match betting one can play a bet 
before the event starts. Live betting allows bets to be placed 
during the game and is often called in-play betting. Tennis 
is considered as one of the most popular live betting 
markets in the world. The three most popular ways to bet 
on tennis are wagering on the moneyline, the game or set 
spread, or the over/under bet. Playing a moneyline is 
betting on a player to win the match. Spread, or handicap 
betting is when the sports book creates a hypothetical 
amount of games/sets the favored tennis player should beat 
their opponent by. Finally, over/under bet is a wager on the 
total number of games or sets to be played in the match [4].
This paper goes over various approaches of predicting 
different events in tennis matches that have been described 
so far in scientific papers.

From a mathematical standpoint tennis is a particularly 
appealing sport for modeling. It involves two players and 
only one possible outcome. Unlike football and basketball, 
tennis does not consider the time component. It ignores 
complicated team relationships, and given the sport's 
widespread popularity, there is a wealth of readily available 
data [5]. Tennis is particularly well suited to developing 
effective statistical models due to the nature of the sport. 
Matches can be easily modelled as discrete stochastic 
processes, with the Markovian process serving as a good 
example. Such approaches assume an independent and 
identical point distribution. These models are commonly 
known as point-based models and are most prevalent in
scientific literature. This paper does not only focus on these
models, but it also gives an overview of the regression-
based models, paired comparison models and finally 
machine learning models which recently stand out in the 
scientific literature. 

A vast literature on sports modeling and sports 
prediction exists in the scientific community, spanning a 
wide range of sports, techniques, and research objectives. 
At the same time, there is a scarcity of review literature on 
these topics. Kovalchik gave a brief review of eleven 
scientific papers on the prediction of the outcome of tennis 
matches [6]. The author classified the models into three 
categories, regression-based, point-based, and paired 
comparison models, and compared their predictive 
performance. Peters proposed several models for predicting 
the outcome of professional tennis matches with the focus 
on modeling the effects of surface type and the variation of 
player skills through time [7]. Only in one brief chapter of 
his paper, the author gave a review of the existing literature. 
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Peters [7], like Kovalchik [6], classified the models into the 
three categories mentioned above. Wilkens applied a 
variety of machine learning approaches to male and female 
professional singles matches [8]. The author summarized a 
few main studies that have been carried out on using 
machine learning techniques for the prediction of tennis 
matches. Wunderlich and Memmert presented a narrative 
review about predicting the outcome of sporting events [9].
The authors presented an overview about relative topics in 
forecasting the outcome of sports events, discussed a basic 
methodology and introduced categorization of methods. In 
a part of their paper, the authors focused on tennis 
prediction. In their work, the authors emphasized the 
problem of lack of general literature such as reviews or 
meta-analysis on aspects of sport forecasting. 

This paper gives a review of the scientific literature on 
the topic of modeling and predicting the outcome of tennis 
matches. We propose a slightly different classification of 
models. Unlike Kovalchik and Peters who distinguish 
regression-based (note: Peters includes neural network 
models in this category), point-based, and paired 
comparison models [6, 7] we propose the following 
categorization – point-based models, paired comparison 
models and machine learning models which, among other, 
include simple regression-based models. Except giving a 
detailed review of the existing literature, we also describe 
the theoretical basis of each group of models and their 
fundamental concepts.

II. POINT BASED MODELS

A. Theoretical details
Point based or hierarchical [7] models are specially 

designed according to the rules in tennis. Tennis is a 
hierarchical sport (hence the name hierarchical models), 
and the game is repetitive. A player is exposed to situations 
where they need to score a point according to quite similar
rules and conditions. By winning a predefined number of 
points, the player wins the so-called game. By winning 
enough games, they win the set, and ultimately the match 
after winning a sufficient number of sets, previously 
defined by the rules of the tournament. Point based models 
are based on estimating the probabilities of scoring a point 
on player’s serve, which are, together with the identical and 
independent distribution assumption, used to calculate the 
probability of a player winning the match [6, 7]. The term 
independent means that the likelihood of scoring a point on 
a player's serve is unaffected by the outcome of a 
previously played point, and the term identical means that 
each point is treated equally, regardless of whether it is a 
crucial point in the final set of the match or a minor point 
at the start. This assumption allows discrete stochastic 
processes, such as the Markov process, to be used to 
describe tennis matches. 

Markov chains. Markov processes are stochastic 
processes in which the future state is solely determined by 
the current state. This property is called memoryless 
property. The states of Markov processes can be discrete or 
continuous [10]. The focus of the rest of the chapter will be 
on Markov chains, which are Markovian processes with 
discrete set of states. In mathematics, the Markov chain is 

a probability model, and consists of a series of states and 
transitions between them. At any time, the system may 
move to a new state or may remain in the same state. 
Changes in the state are called transitions. The basic 
characteristic of the Markov chain is its order. It is the order 
of the Markov chain that determines on how many previous 
states a decision will be made in the transition to the next 
state. First-order Markov chains have mainly been used in 
the scientific literature for modeling tennis matches. The 
formal definition is given bellow.
Definition 1. Suppose that X1, X2,… are random variables 
that take values in the finite set S. These variables describe 
the state of a system at a given time. The chain X1, X2, ... is 
a Markov's first-order chain, if for all states i1, ..., in:

Here the moment in+1 represents the future, in the present, 
and i0, ..., in-1 the past. 
Equation (1) can be interpreted in such a way that the future 
depends on the past only through the present. In other 
words, the future state depends only on the present state, 
regardless of the way in which the process reached the 
present state [11].
Markov chains are usually presented as directional graphs 
with a set of states and transitions between them. If we 
consider the various scores in a game to be our state space, 
and the transitions between states to be probabilities of a 
point being won (p) or lost (1-p) by a player, the resulting 
Markov chain will reflect the stochastic progression of the 
score in a game (fig. 1). Schutz was among the first who
described a tennis game through a Markov chain with 
constant probabilities of transitions between the states [13]
(fig. 1). Based on the idea of modelling tennis matches 
with Markovian chains, many authors have developed 
hierarchical expressions for calculating the probability of 
a specific player winning a match or for calculating the 
expected number of points that will be played in the match. 
The live recursive approach (proposed by Barnett and 
Clark in 2002 [14]) was chosen as a representative 
approach to demonstrates how the point-based models can 
be used to predict the winner of a tennis match. The 
probability of player A winning a tennis game can be 
calculate as follows: 

Where:
p – the probability of player A winning a point on his/her 
serve (Note: p stays constant during the whole game)
a, b – the number of points won by players A and B, 
respectively.

�(���� = ����|�� = ��, … , �� = ��)
= �(���� = ����| �� = ��). (1)

�	
��(, �) = � ∗ �	
��( + 1, �) + (1 − �)
∗ �	
��(, � + 1). (2)
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Figure 1. Markov chain for a game.

The boundary values of (2) are defined as follows:
�	
��(, �) = 1 �ℎ��  = 4,  − � ≥ 2
�	
��(, �) = 0 �ℎ�� � = 4, � −  ≥ 2

�	
��(, �) = ��

�� + (1 − ��)  �ℎ��  = 4,  − � ≥ 2
Similar expressions can be written for other levels of a 
tennis match (set, match).

B. The review
The scientific papers we categorized into this group of 

models will be further classified into a pre-match group,
and a live group of models. Pre-mach models are those 
models that are used to make predictions before the start 
of the match. On the other hand, live models can be used 
to make predictions of a match in progress. 

Pre-match models. As early as the 1970s, the first pre-
match models were proposed for calculating the 
probability that a player would win a game or a set [13,
15], as well as expressions for calculating the expected 
number of points to be played in a game and the expected 
number of games to be played in a set [13]. Hsi and Burych 
analyzed the probabilities of possible outcomes in a game 
and in a set [15]. Shortly afterwards, Pollard also proposed 
expressions for calculating the probabilities of winning a 
game, set and a match, but distinguished two types of sets 
– the advantage (classical) set, and the tiebreaker set [16].
The author also offered expressions for calculating the 
mean value and variance of the expected number of points 
that will be played in each level of a tennis match, again 
while distinguishing the advantage and the tiebreaker set.  
Liu [17], Newton and Keller [18], and O'Mally [19] were 
also engaged in pre-match modeling of tennis matches. 

Using different approaches, they offered equivalent 
hierarchical expressions that can be used to estimate the 
probabilities of winning a game, set and a match.

Live models.  Croucher studied the conditional
probabilities of winning a game depending on the score in 
the game [20]. The paper can be considered as the first live 
model in tennis. A few years after the publication of this 
paper, live modeling of tennis matches has become 
extremely popular. Barnett and Clarke [14] and Barnett et 
al. [21] presented recursive formulas for predicting the 
winner and duration of each level of a tennis match in 
progress. Due to the computational complexity of 
recursive expressions, Wozniak offered an analytical 
solution for computing these probabilities [22]. Recursive 
formulas for calculating the probabilities of a particular 
end score in a game, set, or match at any point in a match 
have also been presented in the literature [21, 23]. Šarčević 
et al. proposed an alternative approach for computing these
probabilities [24]. The mathematical expressions proposed
in this paper can also be used to calculate the probabilities
of a player winning at any point in a match. The accuracy 
of the offered combinatorial approach [24] is identical to 
the accuracy of recursive approaches [21, 22], but the 
combinatorial approach is significantly more time efficient
as proven in [24].

Although the performance of point-based models is 
poorer than the performance of ELO models described 
below [6], the strength of the point-based models lies in 
the fact that they can provide a lot of information about the 
match.

III. PAIRED COMPARISON MODELS

A. Theoretical details
Paired comparison refers to the process of comparing 

entities in a pair to determine the better entity [7]. A very 
popular method in this category is the so-called Bradley-
Terry method presented in Bradley and Terry in 1952 [25].
Definition 2. The Bradley–Terry model is a probability 
model that can forecast how a paired comparison will turn 
out. It estimates the probability that the pairwise 
comparison i > j is true given a pair of individuals i and j
drawn from a population, as:

Where:
pi - a positive real-valued score assigned to individual i
[26].
Depending on the context, the comparison i > j in (3) can 
be read as "i is preferred to j", "i ranks higher than j", or 
"i beats j". The model can be applied to tennis. Then pi and 
pj would represent positive-valued parameters representing 
each player’s ability. 
Note: As well as the probabilities of winning points on the 
player's own service in point-based models, the parameters 
that describe the skills of an individual player are calculated 
from historical data and remain constant for a fixed period.

Ranking-based models can also be classified into this 
category of models [6].  The ATP Ranking for men and the 
WTA Ranking for women are the most basic and well-

�(� > �) =  ��
�� + ��

. (3)
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known rankings. However, there is a more predictive 
alternative to world rankings. This is the Elo rating, named 
after its creator, Arpad Elo, who created it to rank chess 
players [27]. The Elo rating begins by assigning the same 
Elo rating to each player, which is then updated for each 
match they play. While the world rankings assign points to 
players based on the stage and tier of the tournament they 
reach, the number of Elo points a player gains or loses is 
determined by their opponent's Elo rating. When a player 
defeats a player with a higher Elo rating than themselves, 
they earn more points than when they defeat a player with 
a lower Elo rating. If a player loses to a player with a lower 
Elo rating, he or she loses more Elo points than if they lose 
to a player with a higher rating. Elo ratings can then be used 
to predict the winner of any zero-sum game [28]. Elo rating 
can be used to calculate the probabilities of a player 
winning the mach. The probability that player i wins player 
j in math t is defined as:

Where ��(�) �� ��(�) represent the ELO ratings of player 

i and player j in match t [29].

Unlike the skills in a Breadly-Terry model, the ELO rating 

of a player is updated after each match as follows: 

Where:

��(�) =  �1, �� � ���! �ℎ� "�#ℎ �
0, $�ℎ�%��!�

&�(�) – a scale factor which determines how much the ELO 

rating should change after match t [29].

B. The review
The Bradley-Terry method in tennis was among the first 

applied by McHale and Morton [30]. McHale and Morton 
calculated professional tennis players' abilities based on 
the likelihood of games won and lost between the player 
and his opponent, using an exponential decay function to 
weight more recent matches more heavily. The authors 
also considered the surface the match was played on. It is 
important to note that the parameters describing the 
abilities of players in this paper were optimized within a 
fixed period (the paper specifically takes a period of 7 
days) and remained constant until then. Baker and Mchale 
[31] improved the model described in Mchale and Morton
[30]. They proposed and described a time-varying model. 
The model assumes that the strength of the player varies 
over time, i.e. that it follows a non-parametric function of 
time. The authors used the model to construct their own 
ranking of players and to determine the best tennis player 
[31, 32]. Gorgi, Koopman and Lit proposed a dynamic 
statistical model that considers the time-varying abilities 
of players on different surfaces the match is played on [33].
The authors update the player's abilities after each match 
while considering the opponent's abilities.

The ELO rating method has originally been applied to 
tennis by the journalists of FiveThirtyEight.com who 
proposed a customized K-factor (see (5)) [34]. Kovalchik 
compared 11 publicly announced models for predicting the 
outcome of tennis matches [6], and the FiveThirtyEight 
ELO method [34] showed to be the most accurate method.
The original ELO method used by reporters at 
FiveThirtyEight does not fully consider each player’s 
current form and their recent performance. Hence authors 
Angelini, Candila, and De Angelis proposed a weight Elo 
method where the result of the match is considered [29]. In 
more detail, WELo considers not only whether a player has 
won or lost a match, but also with what score they have won 
or lost a match.

IV. MACHINE LEARNING MODELS

A. Regression-based models
Regression models are based on input data defined by a 

set of attributes and a function that maps them into the 
probability of a specific player winning a match. The set of 
attributes defines both players' characteristics, and the 
function is created by training the regression model on a set 
of historical data [6, 7]. In this group of models, probit and 
logit regression models were most often used, and the 
papers differ by the selected set of input attributes.

The first published regression-based models used only 
data on seed or ranking as predictors. Boluier and Stekler 
proposed a probit regression model to estimate the 
probability of winning a match, and as a predictor they used 
the difference in rank of two opposing players [35]. The 
authors showed the great predictive power of this attribute. 
Clarke and Dyte used logistic regression to predict the 
probability of winning a set and they used the difference in 
points from the official ATP rankings as the only predictor
[36]. The obtained probabilities for winning the set were 
then used in simulations to calculate the probabilities of
winning the match and to predict the outcomes of certain 
tennis tournaments. Klaassen and Magnus also used 
logistic regression and player rank data to predict the 
probabilities of winning a match before the match started
[37]. Gilsdorf and Sukhatme investigated the impact of 
monetary incentives on the probability of winning [38]. The 
main predictor in the model was the difference between the 
biggest cash prize in the tournament and the earnings after 
the defeat in the current phase of the competition. In 
addition to the above predictor, the authors used a number 
of other predictors - age of the players, mutual results,
remaining rounds, difference in ATP points, difference in 
career wins for matches played on the same surface and 
indicator for a match at Masters level or higher. Ma, Liu 
and Tan used 16 predictors that can be divided into three 
categories - player skills, player characteristics and match 
characteristics [39]. Del Corral and Prieto-Rodriguez 
presented three models based on a different set of predictors
[40]. The first model included a difference in player rank, a 
career rank indicator within the top ten, physical 
characteristics of players (height, age and arms) and 
tournament factors (round, tournament level). The second 
model excluded player rank data, and the third excluded 
player physical characteristics. Sipko and Knottenblet 

��,�(�) = 1
1 + 10('*(-)/'3(-))/6��. (4)

��(� + 1) = ��(�) + &�(�)[��(�) − ��,�(�)] (5)
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pointed out that the effectiveness of the model increases by 
including historical statistics of players such as data on the 
percentage of services won, aces and double faults [12].
Lisi proposed a logistic regression model based on ATP 
points and rankings, player age, host factor, and 
information extracted from bookmaker odds [41].

Although it has been shown that the best published 
regression-based models do not have better performance 
than ELO models [6], they are still interesting because they 
are flexible, and their performance largely depends on the 
quality of the input dataset.

B. Machine learning-based models
In the last decade, due to the rapid increase in computer 

power and the availability and ability to store large 
amounts of data, there has been a significant boost in 
machine learning. Due to advances in machine learning 
and autonomous decision making, machine learning-based 
systems have achieved superhuman performance in 
performing a variety of tasks. Although machine learning 
has already had a significant impact on a variety of sectors, 
ranging from health and finance to economic and military, 
its application in sports has received little attention. There 
are only a few papers in the domain of tennis that use 
machine learning methods to predict match outcomes [8].

Somboonphokkaphan et al. were among the first to use 
an artificial neural network to predict the winner of a tennis 
match [42]. The authors used a multilayer perceptron with 
a single hidden layer. They proposed three neural networks 
with different sets of input features. The input features
were characteristics of both players (probability of 
winning the first serve, probability of winning the second 
serve, probability of scoring points on return, probability 
of winning the break point, percentage of games won so 
far, and percentage of points won so far) and match 
characteristics (surface). The best model consisted of 27 
input features. Sipko and Knottenbelt also used machine 
learning algorithms to predict the outcome of tennis 
matches before the match started [12]. The authors 
extracted 22 attributes and implemented two machine 
learning models, a logistic regression model and a neural 
network model. In the 22 attributes, the authors also 
described the fatigue and injuries of the players. Cornman
et al. implemented and compared several machine learning 
models to predict tennis match winners- logistic 
regression, SVM, random forest, and neural network [43].
They used several features for prediction such as match 
scores, player statistics, and betting odds. The SVM model 
with a linear kernel and the random forest model proved to 
be the best choice for the used dataset. De Araujo 
Fernandes proposes a hybrid model (voting system) to 
predict the winner of a match before the match has started
[44]. The hybrid model is based on the Fuzzy system, 
neural network, and a strength equation. The strength
equation aims to quantify the strength of each player for a 
particular tournament based on his ability and can be used 
to predict the outcome of matches. Gao and Kowalczyk 
proposed three simple models for predicting the outcome 
of tennis matches- SVM, logistic regression and random 
forest and divided the set of input attributes (16 attributes) 
into several categories, attributes describing the physical 

characteristics of players, attributes describing the mental 
state of the player, environment attributes and attributes 
related to the match [45]. The authors describe the mental 
state of the players through the probability of winning the 
break point, the total scores in joint matches and through 
the tournament round label. The authors show very little 
predictive power of the mental state attributes. Ghosh, et. 
al. compared the performance of three classifiers, the 
decision tree, the VVQ model, and the SVM model [46].
A set of 42 input attributes that represent detailed player 
statistics were used. Candila and Palazzo implemented an 
artificial neural network to predict the outcome of a tennis 
match [47]. The implemented neural network 
outperformed the logit regression model published by 
Klaassen and Magnus [37], probit regression model of Del 
Corral and Prieto-Rodríguez [40], Bradley-Terry model 
from McHale and Morton [30] and point-based approach 
by Barnett and Clarke [21]. The model failed to 
outperform the logit regression model from Lisi [41]. It is 
important to note that the authors model player fatigue.
Wilkens implemented several machine learning 
algorithms - logistic regression, neural network, random 
forest, gradient boost, and SVM [8]. The author argues that 
the average prediction accuracy cannot be increased to 
more than 70% using machine learning methods. He 
argues that most relevant information is embedded in the 
betting market and that adding other match and player data 
does not lead to significant improvement [8].

V. CONCLUSION

In the scientific community, there is a substantial
amount of literature on sports modeling and sports 
prediction that covers a wide range of sports, approaches, 
and research goals. Simultaneously, there is a scarcity of 
review literature on these subjects. This paper provides an 
overview of research publications on tennis match 
prediction, classifying the methods into three categories: 
point-based models, paired comparison models, and 
machine learning models. The point-based models' 
strength comes in their ability to convey a lot of 
information about the match. When compared to point-
based models and regression models, the ELO approach in 
the paired comparison group performs best. Finally, 
machine learning models represent a new category in the 
sports domain. It gives promising results, and the 
performance depends on the quality of the input data.
Although the focus of this paper is on the study of the 
scientific literature on modeling tennis matches, the same 
principles can be extended to other sports that use a similar 
scoring system. Table tennis, volleyball, beach volleyball, 
badminton, and other similar sports fall into this category.
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