
 

  

Abstract—Professional men’s tennis is a demanding sport 

which greatly benefits from various approaches to performance 

analysis. More specifically, a complex network theory can be 

used to model and explain the dynamics of players and 

tournaments, based on the recorded matches. In this paper, 

played matches are used to model a social interaction between 

players. Several undirected weighted networks are constructed 

to model the ATP tour matches from 2018 to 2020. Moreover, the 

three most dominant players on the tour (the “Big Three”) were 

observed and analyzed using ego networks approach. The chosen 

time frame further allowed for the exploration of impact of 

COVID-19 on the dynamics of the ATP tour. Different network 

properties were explored, such as small world phenomenon, 

core-periphery model applicability, community structure, and 

the rich club phenomenon. Our results based on network theory 

approach showed that analyzed networks expose similar 

topological properties, despite the lower numbers of tournaments 

held in the year 2020.  

 
Index Terms—collaboration network analysis; community 

detection; ego networks; men’s tennis; network modelling.  

I. INTRODUCTION 

Computational analysis of the results of sports 

competitions, as well as the performance of teams and 

individual athletes, has long been present in various sports. 

The development of data science and artificial intelligence, as 

well as the possibility of processing large amounts of data, 

have enabled new approaches to analyze the performance of 

both teams and individual players. In addition to traditional 

statistical methods, new methods have been developed, such 

as collaboration analysis and various prediction techniques.  

Several methods based on network science were 

successfully applied to the analysis of team performance in 

collective sports, such as football [1][2], basketball [3], and 

water polo [4]. Furthermore, applications in individual sports 

are known, such as men's [5][6][7] and women's tennis [8], 

boxing [9], chess [10], cricket [11], etc. The goal of this paper 

is to further explore the usage of complex network analysis 

methodology in the field of men’s tennis. 
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The world of tennis tournaments is a complex system that 

consists mainly of players, the tournaments they play and the 

matches they have played in those tournaments. Inherently, 

such a system is very convenient to model with an appropriate 

collaboration network. Most often, such a system is modeled 

by players representing the nodes of the network, while the 

matches that the players play are in some way depicted by the 

edges in the network.  

In this paper, the state of men’s professional tennis in the 

three years from 2018 to 2020 is modeled and analyzed. 

Similar analyses have already been done in the past for men’s 

tennis in singles [5][7] and doubles [6]. In the meantime, great 

changes have taken place in the world of tennis. That 

primarily refers to more than a decade of domination of tennis 

players from the so-called "Big Three" to which Roger 

Federer, Rafael Nadal, and Novak Djokovic belong. 

Moreover, the COVID-19 virus pandemic affected the holding 

of tournaments in 2020, while tennis tournaments in 2018 and 

2019 took place regularly. This allowed for comparative 

analysis and additional remarks on the impact of the COVID-

19 virus pandemic. Therefore, various research methods have 

been applied in the paper, such as quantitative and qualitative 

analysis of the collaboration network, community detection, 

analysis of ego networks of members of the "Big Three", data 

visualization, etc. 

The paper is divided into several sections. The second 

section describes the studied data sets and provides an 

overview of the used methodology. The third section presents 

the results of the research which are then discussed. 

Appropriate quantitative and qualitative analyses of the data, 

as well as the produced visualizations, are given. The last 

section provides guidelines for future work and a brief 

conclusion. 

II. DATA SETS AND METHODOLOGY OF ANALYSIS 

This section presents the primary dataset and 

transformations performed on it in order to construct the 

dataset used for analysis. Furthermore, this section contains 

the methodology of analysis. 

A. Data sets 

This paper analyzes the results of men’s singles matches 

played on the ATP tour in the period from 2018 to 2020. 

Although data from earlier years are available, this timeframe 

was chosen with the intent to include years 2018 and 2019 

which are two consecutive years with regularly held 

tournament seasons, and the year 2020 which was influenced 

by the epidemic of COVID-19 disease. Thus, it is possible to 
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determine the influence of pandemics, as the dataset includes 

both the influenced data points and the two years of regular 

tennis seasons used as reference points.   

The match data was taken on 12/22/2020 from a repository 

maintained by Jeff Sackman [12] and forms the primary data 

set for analysis. At the time of analysis, the tennis season for 

2020 was completed. The primary data set consists of files 

containing data on matches in singles competition in the 

specified period, a list of all players ever ranked on the ATP 

list, data on the ranking of active tennis players on the ATP 

list in the period from 2010 to 2020. Match data contains 

information about the tournament, players, match results with 

statistics, and the performance of both players during the 

match. According to the author, the primary data set is largely 

refined and complete, but there may be certain inconsistencies 

or incompleteness where the data was not available. 

The primary data set contains data on 7117 matches in the 

specified period. In addition, the data set contains data on 

54,975 players who at some point during the observed period 

had at least 1 point on the ATP list. If several players have the 

same number of points, then they can share the same ranking 

on the ATP list, depending on other parameters. 

The secondary data set was formed based on the primary 

dataset, as a refined and cleaned version of it. The data 

cleaning was performed according to the needs and goals of 

the research. During the process of cleaning and refinement, 

some data not necessary for the research itself was 

intentionally omitted, such as data on players who did not 

play any matches in the observed period, certain contradictory 

data, as well as redundant information (columns) that were not 

used in the analysis. The final secondary data set included 

data on 7117 matches, as well as data on 581 players.  

B. Methodology of analysis 

Firstly, a thorough statistical analysis of the dataset was 

conducted. Analyzed properties include the average number 

of tennis matches in certain years, the average number of 

tournaments in which tennis players participate, and the 

ranking of tennis players depending on the number of matches 

or tournaments played. Most interesting results are presented 

in the following section. Following the statistical analysis, the 

refined data set of tennis players and their mutual matches 

were used to create multiple collaboration networks. These 

networks were then further studied using methods of complex 

network theory.  

Tennis tournaments are grouped in a season that lasts for a 

whole year. Therefore, three independent networks were 

constructed, each holding data for a specific year (N-18, N-19, 

N-20). Additionally, to allow the analysis of the whole data 

set, the three networks were aggregated into N-T. The four 

networks together are referred to as N-series networks. 

As per common practice in the field of social network 

analysis, the network is represented through a set of nodes 

that describe the actors within the social network and the 

edges that represent social relations. In the case of networks 

used in this paper, the nodes of the network are tennis players 

who played at least one official ATP match in the analyzed 

period. The two tennis players are connected if they have 

played at least one official ATP match. The weight of the 

edge represents the number of matches that the tennis players 

played with each other. The networks are undirected.  

In addition to networks representing all players and 

matches, the ego networks of the members of the "Big Three" 

were constructed for each year. These consist of prominent 

ego nodes, their direct connections with the neighbors, as well 

as the mutual connections of the neighbors. Furthermore, 

these three ego networks were unified, and then aggregated 

They were used to analyze the core-periphery property and the 

topology of the core of the N-series networks.  

Community detection was performed by the Louvain 

method over the entire network, as well as over the aggregated 

ego network. For this purpose, a set of filtered and reduced 

networks was constructed. Clustering strength was evaluated, 

and the rich club phenomenon was examined.  

Python programming language was used to collect and 

refine data, model the network, and calculate specific metrics 

using the NetworkX package [13] for network analysis. Gephi 

[14] was used to visualize and determine network metrics. 

III. RESULTS 

This section presents the results of the research. The first 

subsection explores the basic properties of N-series networks, 

while the rest explores the derived ego networks and 

community detection. 

A. Basic properties of N-series networks 

A statistical analysis of networks N-18, N-19, N-20, and N-

T was conducted. Basic quantifiable features of those 

networks are presented in Table 1. As expected, the number of 

tournaments and matches held in 2020 is significantly lower 

due to the pandemic. This is further reflected in the weighted 

and unweighted degrees of nodes. However, looking only at 

the statistical data does not give the whole picture, as it would 

lead one to believe that year 2020 was significantly different 

from the previous two years. Only after applying the complex 

network theory methods discussed below one can give a 

proper conclusion about the impact of COVID-19 on the 

dynamics of the observed data sets. 

TABLE I 

METRICS OF CONSTRUCTED N-SERIES NETWORKS 

 N-18 N-19 N-20 N-T 

Players (nodes) 419 364 345 581 

Edges  2489 2378 1325 5330 

Matches  2974 2696 1447 7117 

Tournaments total 138 123 67 328 

Tournaments hard surface 81 80 46 207 

Tournaments clay surface 47 34 20 101 

Tournaments grass surface 10 9 1 20 

Avg. weighted degree 13.79 15.28 8.39 24.50 

Avg. unweighted degree 11.88 13.07 7.68 18.35 

Network density 0.03 0.04 0.02 0.03 

Avg. shortest path length 3.13 3.04 3.18 3.23 

Diameter 11 9 9 10 

Avg. clustering coefficient 0.17 0.19 0.14 0.26 
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Networks N-18, N-19, and N-20 have an exceptionally low 

density and a relatively low average shortest path length. 

Given the low average local clustering coefficient, the 

networks do not express the small-world property. This is in 

contrast with previous works in the field [15], but the 

discrepancies come from a completely different network 

model. These observations also stand for the aggregated 

network N-T, as the aggregation does not significantly 

increase the density nor strengthen the clustering. 

Another interesting observation can be made about the 

average weighted and unweighted degrees. As shown in Table 

1, the relative difference between weighted and unweighted 

degrees is small for networks N-18, N-19, and N-20. This 

shows that an average pair of tennis players rarely meet more 

than one time per season. Similarly, in the aggregate network 

N-T, the annual expected number of matches played by a pair 

of players is lower than 2. Given the bracket organization of 

tennis tournaments and loser-go-home policy, only the best 

players are expected to play multiple matches in a tournament. 

This leads to the probability of two players meeting in a 

tournament being quite low, even if they both play in the 

tournament. In addition, a low annual number of tournaments 

leads to a low number of annual matches and further 

decreases the possibility of two players meeting. 

A further discussion on this topic can be made when 

tournament seeding is taken into consideration. The 

probability of the first and second seed in a tournament gets 

further artificially lowered, as they are seeded in opposite 

sides of the bracket and are unable to meet before the finals. If 

a pair of players is consistently seeded with the top two seeds, 

this can lead to a measurable decrease in the weight of the 

edge connecting them.  

B. Analysis of ego networks 

Looking only at the average number of matches played 

does not show the whole picture and unravel the true topology 

of the constructed networks. Therefore, a distribution of the 

number of matches played during the observed period has 

been calculated and is shown in Fig. 1. As can be seen, many 

players have only played one or two matches and are thus 

very isolated, suggesting a core-periphery topology. 

 
Fig. 1.  Distribution of the number of matches played during the three years 

from 2018 to 2020. The distribution largely resembles a Pareto distribution. 

 

 
Fig. 2.  EGO-T, a unified ego network of the “Big Three” for the period from 

2018 to 2020. The size of the node represents weighted node degree and 

nodes are colored based on clustering. 

As stated in the section about methodology, to check if N-

18, N-19, N-20, and N-T networks follow the core-periphery 

model and unravel the topology of the cores of specified 

networks, several ego networks centered around the members 

of “Big Three” were constructed. Annual ego networks of 

Djokovic, Nadal, and Federer were then unified into EGO-18, 

EGO-19, and EGO-20. Together with these ego networks, 

their aggregated network EGO-T, shown in Fig. 2, was built.  

Clustering the EGO-T network using the Louvain method 

[16] and tuning the resolution to give 3 clusters reveals a very 

interesting phenomenon. The original ego nodes bind stronger 

to some of the other nodes in the network than between 

themselves. This is in concert with the aforementioned 

observation about the bracket system and seeding principles 

influencing the edge weights on the very top of the ATP list. 

Exploring the number of nodes and edges of N-series 

networks included in EGO-series networks can help us 

explore the properties of the core of N series networks. These 

statistics are therefore shown in Table 2. 

TABLE II 

METRICS OF EGO-SERIES NETWORKS 

 EGO-18 EGO-19 EGO-20 EGO-T 

Nodes 81 88 57 136 

Nodes covered  19.33% 24.17% 16.50% 23.4% 

Edges 691 744 202 2563 

Edges covered  27.76% 31.28% 15.24% 48.08% 

Given the percentage of all players and matches included in 

EGO-series networks, it is obvious that even EGO-T which 

aggregates other EGO networks and enhances the core 

property can not be considered a core by itself. Further 

exploring this topic, the Rombach core finding algorithm [17]  

was applied to find cores of N-18, N-19, N-20, and N-T, 

giving cores with 234, 200, 193, and 315 players, 

respectively. These cores are much larger than EGO series 

networks and include most of the players.  

However, a remark has to be made about the EGO-T 

network and the percentage of matches included in it. Even 

though EGO-T is more than two times smaller than the core 

of N-T, it includes 48.08% of all matches recorded in N-T, 
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which is an astounding amount. This means that matches 

between the players from EGO-T represent nearly half of all 

the ATP matches played from 2018 and 2020 and could be 

used to study some phenomena on a smaller, but 

representative, group of players, without drastically 

compromising the number of matches included in the data. 

C. Community detection and the rich club phenomenon 

To discover a more fine-grained structure in the constructed 

networks, in addition to exploring network cores, the Louvain 

method was used once again to find communities in N-18, N-

19, N-20, and N-T. Before running the Louvain method, all 

nodes with degrees lower than 3 were removed from N-18, N-

19, and N-20 to avoid the formation of forced and unnatural 

clusters due to modularity optimization. Characteristics of 

these reduced networks, aptly named R-18, R-19, and R-20 (R 

standing for “reduced”), are shown in Table 3. Moreover, a 

similar procedure was applied to N-T, removing all players 

with less than 5 matches during the three years, giving us R-T, 

a reduced network of total aggregated data. 
 

TABLE III 

METRICS OF R SERIES (REDUCED) NETWORKS 

 R-18 R-19 R-20 R-T 

Nodes 244 203 181 287 

Nodes retained  58.23% 55.77% 52.46% 49.40% 

Edges 2292 2190 1159 4889 

Edges retained 92.09% 92.09% 87.47% 91.73% 

Communities 9 6 8 7 

Avg. clustering coeff. 0.22 0.24 0.18 0.32 

The process of node removal is validated by looking at the 

percentage of nodes and edges retained in the reduced 

networks. As we can see in Table 3, 49.40% of players played 

91.73% of matches during the observed three-year period. 

This phenomenon can also be seen in Figure 1. As the 

distribution of the number of matches loosely follows a Pareto 

distribution, it is to be expected that a rich-club phenomenon 

can express itself when considering the number of matches as 

“wealth”. This is somewhat validated by looking at EGO-T, 

as it consists of a small group of players which bind strongly 

to each other and monopolize the number of matches over the 

observed period. 

Communities formed by the Louvain modularity clustering 

are grouped by average rating during the period. This is to be 

expected, as players of similar ratings choose to play and 

qualify for the same class of tournaments and are more likely 

to meet each other. However, the clustering is still not 

strongly expressed, as can be seen from the average local 

clustering coefficients.  

IV. CONCLUSION 

Studying interactions of men’s tennis players proved to be 

interesting in several aspects. Motivated by the available data, 

several undirected weighted networks with node metadata 

were constructed, analyzed, and characterized and multiple 

common phenomena in the field of complex network theory 

were explored. Those include small world phenomenon, core-

periphery model applicability, community detection, and the 

rich club phenomenon. In addition, the authors’ own 

experience with the topic helped explain many of the observed 

properties and the given explanations are one of the biggest 

results of this paper, as they give a much better understanding 

of the dynamics of men’s tennis and are a result of social 

network analysis and network theory approach to the problem. 

In addition, provided network models clearly show an 

impact of the COVID-19 pandemic on the tennis world, 

through a smaller number of matches and participants. 

However, the network theory methodology applied in this 

paper also shows that the topological properties of the data 

(such as clustering properties, rich club and small-world 

phenomena, core-periphery property) stay largely the same, 

which could not be inhered by naive statistical analysis of the 

primary data set.  

This paper and the constructed networks form a strong 

basis for further exploration of the topic, including the 

analysis of mixing patterns in the data depending on the 

ratings of players, geographical locations of tournaments, 

affiliations of players, etc. Furthermore, the data in network 

form is much more suitable for solving some regularly asked 

questions in the field, such as ranking and match outcome 

prediction using graph convolutional networks or graph 

attention models. Lastly, the provided networks are an ideal 

model for the problem of choosing the representatives of the 

international tennis community, touching upon the problem of 

choosing the dominating set of the graph. 
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