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Abstract

The sport transfer market is a designated timeframe
where teams engage in player acquisitions and sales,
aiming to enhance their rosters. The transfer process
has been growing significantly in the last few years.
Therefore, the goal of this study is to investigate
the intricate dynamics of both local and global
transfer markets, treating them as complex networks,
to comprehend their influence on club performances.
We employ graph theoretic concepts to model the
transfer process and analyze its outcomes. To
illustrate our approach and assess its results, we have
constructed a complex network based on European
soccer leagues, focusing on the specific case study of the
English Premier League as one of the most recognized
professional leagues in the world.

Keywords: complex networks, graph theory,
modularity, transfer markets, soccer

1. Introduction

With the recent explosive growth of the sport transfer
market, in terms of size, complexity and impact,
simple analytical tools fail to capture all aspects of its
compound transactions and more rigorous approaches
are certainly needed to help all parties involved
to better understand the dynamic of this growing
market. In this study, we employ graph modeling and
network algorithms to analyze the complex world of
the sport transfer market and address related research
questions. Graphs and networks have been used for
decades as a modeling tool for numerous application
domains including the rich domain of financial market.
Many variations of the financial markets have been
successfully modeled using graphs and many important
research questions have been addressed with the help of
various graph theoretic concepts.

With the powerful abstraction of graphs that can
model a wide range of scenarios that involve elements
and their inter-relationships, complex networks
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represent graphs with non-trivial structural properties,
often graphs that arise from a well-defined application
domain. We then leverage the wealth of theoretical
concepts associated with the abstract notion of graphs,
along with the numerous algorithms developed for
analyzing complex networks, to tackle various big
data analytics problems in the domain of sport transfer
markets. We also leverage the previous works used to
model financial markets (Matesanz et al. (2018)) using
graphs to understand the interrelationships of different
stock markets as in Liu and Tse (2012), or the topology
of trading networks and its direct influence on the cost
and efficiency of those markets as in or the topology of
trading networks and its direct influence on the cost and
efficiency of those markets as in Cardoso et al. (2020).

We propose a graph-based approach that is flexible
enough to model a wide range of scenarios in the sports
transfer market domain and provide useful analysis
for key aspects of this evolving market. While using
graph theoretical properties such as modularity and
centrality, we can uncover sub-communities within
the network that exhibit established specific transfer
patterns. The obtained results provide new insights
to this complex market and provide the early steps
towards the development of a decision-support system
for clubs and players seeking to make informed transfer
decisions. However, as an important case study we
focus on soccer, also known as international football,
since it contains many of the components usually
found in the transfer market in other cases. The
soccer transfer market is a biannual period where
teams all over the world buy, sell, loan and exchange
players from/to other clubs. During those two periods,
teams try to build and solidify their rosters using both
short/long-term planning strategies. Hundreds, or even
thousands of transactions between clubs happen during
these planning periods, and these transactions either
improve a club’s performance significantly, they fail
considerably, or everywhere in between.

Although the transfer market’s pivotal role in
the soccer world is widely acknowledged, the direct
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consequences it brings, as well as the formation of team
communities and relationships resulting from it, have
not been extensively studied. The effects of a team’s
spending in one year may not become apparent until two
or three seasons later. Some of these consequences are
challenging to quantify or properly analyzed, and the
ever-expanding globalized nature of the soccer market
further complicates the analysis.

For almost every professional sport, there is a similar
process and within every market there are groups of
teams created. These teams form communities that
are a central force of change and dynamic evolution
for leagues globally. Without the constant trading,
teams may stagnate, and leagues may stop drawing in
spectators and sponsorships. The main goal of this
study is to investigate what kind of club communities
are formed during the transfer market periods. Some
questions that will be explored are the nature of the
relationships between money spent and the respective
performances, as well as how the teams in such
sub-communities influence one another and their overall
results. By studying the transfer market as a complex
network, we can gain valuable insights on how to
optimize decisions from the clubs as well as from
the players standpoints, leading potentially to the
development of a very useful decision support system.

2. Proposed model and data acquisition

We use the abstraction of graphs to model the
transfer market. Given the transactions or activities in
a transfer period, we construct a graph G = (V, E),
where V' is a set of nodes that represent the teams that
participate in the transactions, and each edge in the set
E reflects a transaction or a player exchange between
two teams (nodes in V). The edges will have weights
corresponding to the fees paid from and to the two clubs.

For building the model, we have used the already
available dataset Ewenme (2021), originated on the
website transfermarkt.uk, a widely known database of
players, teams and related statistics. This dataset
provides a wealth of information relevant to our study.
It provided information since the 1992-1993 season
up until the 2022-2023 season. From this dataset,
information regarding the teams involved in the transfer,
the player to be transferred, the position of the player,
what kind of transfer it was (loan, free agent, or sale), the
amount in euros for which it was going to be transferred,
the season of the transfer or the natural year can be
obtained.

Again, to provide a focus for this study, we focus
on the interactions between teams of the top seven
European leagues known as Premier League (England),

La Liga (Spain), Ligue 1 (France), Bundesliga
(Germany), Serie A (Italy), Eredivisie (Netherlands) and
Liga NOS (Portugal).

We also use additional datasets to obtain data for
specific domestic leagues. For example, regarding the
English domestic league known as the Premier League,
we use the dataset Kaggle (2022) to study that individual
transfer market. From this dataset, we parsed and
obtained the average historical position for all the teams
that have participated in the competition at least once
since the 2000-2001 season. Lastly, information from
the official UEFA website U. C. League (2023) and
U. E. League (2023) has been used in order to construct
relationships among international trophy winners and
their respective participation in the transfer market.

3. Problem Description

As mentioned earlier, we focus this study on the
teams that form the top seven soccer European leagues.
We noticed that these teams form a cluster with high
inter-cluster activities. These seem to have stronger
relationships with other teams in the same cluster -
bigger volume of transfers and consequently more edges
in the graph model. One could argue, using just
common sense reasoning, that the best players would
likely prefer to play for the best teams or to earn the
highest salary. However, deciding which factor is the
most important in each decision is not always as easy as
it seems. Therefore, this observation raised the question
of whether such high volume of activities is random
or whether those teams make those connections with
similar teams based on performance, monetary power,
or trophy winning records? One of the main research
question is to investigate whether there is a correlation
between the money spent by a given team in the transfer
market and the performance the team achieves, and if
yes, what is the nature of such correlation. It is also
desirable to study how the relationships between transfer
funds and associated performance influence the creation
of communities within the transfer market.

Finally, we would like to compare the local versus
global activities in the transfer market. It would
be helpful to understand how the modeling network
evolves over time. We approach this issue by studying
the clustering coefficients in the network and test
the famous small world property in the constructed
model. This leads to questions about whether the
global European Football transfer market displays a
highly connected network, with a high degree of density,
or whether the domestic leagues form highly dense
clusters in the network with lesser activities across
clusters. Understanding the relationships among the
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Nodes Edges
Teams Transaction Fee (€)
Teams Any Quantitative Player Statistic
Communities | Transfer Volume (n° transactions)
Communities | Any Quantitative Player Statistic

Table 1. Example of Node and Edge attributes
available to model the problem.

Properties

various leagues or local clusters in the network provides
another critical piece of information to obtain as well.
Addressing these questions should not only lead to
obtaining important and relevant information, but also
it can be used as a nucleolus for developing a decision
support system to help teams and players make informed
decisions and navigated their way through the massive
interwoven data of the sports transfer markets.

4. Methodology

In this section, we introduce the proposed graph
model and the key concepts used to address the points
raised by the research questions. We developed two
graphs models that allowed us to structure the available
data in a way to best address the two main groups of
questions. Since there is interest in questions related
to identifying communities with the teams involved
in the transfer market, we proposed an undirected
graph model that connects teams involved in transfer
transactions. Also, since we are also interested
in exploring correlations between transfer activities
and performance of teams acquiring new players, we
propose a directed graph model that distinguished
between those teams selling players and those acquiring
players. Below is the description of the two graph
models.

From the dataset we can construct a graph for
analyzing communities highly involved in the transfer
market. Processing the information from the datasets,
each record contains the two teams involved in the
transaction as well as the attributes of the transfer
activity. An undirected graph G, is constructed where
nodes correspond to teams involved in the transfer
activities and an edge between two nodes A and B
represent a player transaction between the two teams
represented by the two nodes Team A and Team B.
Different attributes can be assigned to nodes and edges
based on the research question studied as given as
examples on Table 1.

Figure 1 illustrates an example of such graph using
a sample of seven nodes representing a small group of
seven teams. Again, node represent teams and edges
represent transfer transactions. Such model will be of
great value when studying the existence of actions in

the network, their relevance with respect to the transfer
market, and in identifying communities with high level
of transfer activities or players’ exchange.

Figure 1. Example of an undirected unweighted
graph.

In order to analyze the impact of a transfer
transaction on the performance of the team acquiring
players, we introduce a model that focuses on
representing the selling and receiving aspects of the
transaction. Hence, we a propose a directed weighted
multi-edge graph G4 where nodes represent teams and
edges represent transfer activities. A weighted edge
from node A to node B represents a transfer transaction
with the weight representing the fee paid by team B to
obtain a player from team A. An example of such graph
is shown in Figure 2.
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Figure 2. Example of a directed weighted multi-edge
graph.

4.1. Teams’ communities
A community is a collection of teams in the network.
One way to study these communities is by focusing

on their modularity Newman and Girvan (2003), which
measures how the graph is structured by reflecting the
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density of connections within that community. A graph
with a high modularity score will have many ongoing
connections within members of the same community,
but only a few outgoing edges pointing towards other
communities. In order to classify teams in different
communities we used the Clauset-Newman-Moore
greedy modularity maximization algorithm Clauset et al.
(2008). Due to the sparse, and hierarchical nature of
most networks, the algorithm runs on almost linear time
O(nlogan) where n is the number of nodes in the
network. This greedy algorithm begins by assigning
each of the nodes to its own respective community,
after that, it repeatedly joins pairs of communities that
lead to the largest modularity. In order to create these
communities we used the model described in Figure 2.

4.2. Betweenness centrality

Betweenness centrality of any node v; is defined as
the sum of the fraction of all-pairs shortest paths that
pass through a node v;:

Cp = Z M (D)

s,teVv J(8|t)

where V' represents the set of nodes, o(s|t) is the
number of shortest (s-t)-paths, o (s, t|v;) is the amount
of those paths that also pass through the node vi and
are other than s, ¢ Brandes (2008). Nodes with higher
betweenness centrality are those that more frequently
lie on shortest paths between other nodes. Therefore,
this attribute is used as a way of detecting the amount
of influence a node has over the flow of information in a
graph.

A research question we aim to answer by studying
the betweenness centrality of nodes in a network such
as the transfer market is what degree of influence does
a team hold in the network. Teams with a stronger
influence in the network will have a higher volume of
transfers with different teams. These teams will be great
places for players looking to jump to better teams, but
it also will mean that these teams are unstable, and their
roster fluctuates heavily from season to season.

4.3. Small-world property

The transfer market is a social system, and as such,
it showcases some of their properties. One of them is
the small-world property. From any node n; to any
other node n; there is a path formed of few edges. The
small-world property is measured with the quantity w as
described by Telesford et al. (2008), and is calculated

with the formula:

_Lr C

T 2

where C' and L are respectively the average clustering
coefficient and average shortest path length of any graph
G = (V,E). Lr is the average shortest path length of
any random graph while C1 is the average clustering
coefficient of a lattice graph. w’s values range from
[-1,1], meaning that w = -1 is a regular lattice graph,
and w = 1 is a random graph. Therefore, networks with
values close to 0 will present small world-properties. In
a previous work by Wand (2022), the w property had
values of 0.4 and 0.76 for the whole transfer market
which did not provide clear evidence of the small world
behavior.

However, when reducing the transfer market to
sub-communities, such as domestic competitions like
the Premier League we can study if this behavior arises.
A League with the small-world property will mean that
they rather buy intra-league instead of bringing foreign
talent. On the other hand, we can study as well what
domestic leagues create better relationships between
them and which ones do not share a lot of transfer
volume. Using this property we can aim to answer and
understand the relationships and dynamics of teams with
respect to the global and local market.

4.4. Spearman Rank Correlation

Correlation will tell us about the relationship
between two different variables. In particular we will
use the Spearman Rank Correlation Ceocf s, Which by
using ranks we shield our data against strong outliers,
which is especially important when dealing with small
amounts of data Schober et al. (2018).

Another research question that we are aiming to
solve involves using the total amount of money spent
by a particular community as variables, and comparing
it against the average historical position of the teams in
those communities, or their chances of winning trophies,
we can discern patterns between what happens on the
transfer market, and what happens on the field. It is
important to mention that correlation does not imply
causation, meaning that one number is not directly
caused by the other, only that for this particular context
and dataset, one variable moves with the other.

S. Results
This section will present the results obtained for

different layers of abstraction. First, focusing on the
the transfer as a whole by creating a network for all
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teams pertaining to on of the top-7 European Leagues.
Later, we will dive deeper into the domestic leagues, and
finally we will show the results associated with a case
study based on the English domestic league.

5.1. International Trophy winners: team
communities

International trophy winners are defined as those
teams that have won, since the 1992-1993 season until
the 2022 season, any of the two biggest European
competitions between clubs: the Champions League, or
the Europa League. As high performing teams, their role
in the transfer market can be studied to find patters or
behaviors that bring light to their success. In order to
study them, we filter all teams participating on any of
the seven leagues used as data and we group the winners
together. Then we model the global market dataset as a
directed weighted graph Gp = (V, E), where the edges
account for every transfer for all clubs. The weights are
defined as a decimal value representing the fee paid, in
euros, for the particular player.

By subdividing the winners into two categories,
each of them corresponding with the competition they
won we can show the the Spearman Rank correlation
coefficient between the total money spent over a span
of 3 decades and the number of trophies won. First,
we show that Champions League winners, which is
the highest collective achievement in European football,
record a correlation coefficient rounded to 0.58, with an
associated p-value of 0.036 which is set to be smaller
than 0.05 and therefore is statistically significant. As
shown in Figure 3, we observe the relationship between
money spent per team in the overall market and the
amount of trophies they have won, making the capital
spent a crucial aspect of their success. But not being the
most decisive factor as we can deduce from teams like
Real Madrid, FC Barcelona, or Bayern Munich where
the expenses follow the trail of victory.

On the other hand, the Europa League is the second
largest competition and usually disputed by teams with
a more restricted budget and worse performance during
the last domestic campaign. Following the same
structure as before we obtain a correlation rounded to
-0.23 and an associated p-value of 0.33. This time the
coefficient shows that money is not significant when
the teams participating have a similar capital expense.
Observing Figure 4 we see how the most dominant team,
Sevilla FC, is one of the teams with less money spent.

Moving away from correlations, we dive deeper
to study how those winning clubs actually interact
and behave in the market, and what are their closer
associates. We modeled the top-7 leagues of Europe
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Figure 3. Correlation: Champions League money
spent w.r.t trophies won.
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Figure 4. Correlation: Europa League money spent
w.r.t trophies won.

as a directed weighted graph Gp where we trimmed
nodes with degree lower than 30, which are considered
teams that have historically signed less than 1 player (or
transfer) per season and are labeled as noise. We also cut
off all transfers which fee is set to a value of 0, leaving
a remaining graph made of 188 teams and 10357 edges.

Based on the graph, the modularity maximization
algorithm creates a maximum of 5 different
communities. Out of these communities we observe
that 54% of the Champions League winners, such as,
Real Madrid, Manchester United, FC Barcelona, Ajax,
Bayern Munich, Chelsea FC and FC Porto, are all part
of the same community. We also observe a 47% of the
total group of Europa League winners being part of this
same community. That indicates a maximal connection
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between these clubs, which leads to the hypothesis that
teams with similar goals, and historical winning records
tend to share the same market niche. Which is not the
same case for low performing teams as we will show in
following subsections. It is also necessary to mention
that 4 teams that won the Europa League trophy are not
part of the dataset due to not participating in any of the
top-7 European Leagues, a data absence that if included
could have resulted in a larger percentage of winning
teams in the highlighted community.

As a reinforcing fact, we observe that this
community spent around 24,835.60 million EUR
between the 44 teams that made up the community,
while the next closest one only spent around 14,614.64
million EUR between 37 teams. That difference of
10,220.96 million EUR with only 7 more teams shows
again the importance of money, and the role that it plays
both in achieving results and in the flow of the market as
an amalgamation of communities. In fact, is this second
community the one that records the second most winners
with 23% for Champions League and 20% for Europa
League. Endorsing again the data shown in Figures 3
and 4.

5.2. Small-World Property of Domestic
Leagues

Studying communities at a higher level provides
general insight, but in order to answer the questions
raised in section 3, we need to peel layers of. First, by
using only transfers made between teams of the same
domestic league we calculate their individual w’s. This
property shows that all leagues are well-connected by
their own teams. For example, the English Premier
League is represented by a graph of 50 nodes and 611
edges, recording the largest small-world behavior with
an w value of 0.07.

Just in comparison, other domestic competitions
show higher w values, such as, Serie A (Italy) and an
w = 0.054, or La Liga (Spanish first division) with an
w = 0.178. However, even though all domestic leagues
have an w value closer to 0. Only 3 of them, Premier
League, Bundesliga, and La Liga, are fully connected
graphs. The rest of the leagues have nodes that do not
share edges with at least one of the other teams of the
same competition. Leagues with values closer to O are
more prone to look for inner talent and to diversify their
transactions among more teams, while leagues with a
higher w value tend to acquire more players in foreign
countries while sticking to almost only making transfers
between teams of the same communities, also obtained
by organizing them based in modularity.

For that matter, it is important to study what leagues

share a common space. As a player, it is important to
understand where your career choices lay, and where to
look for a future transfer. On the other hand, as a team, it
is important to recognize what leagues are closer to you,
as players participating in teams from those leagues will
have an easier time adapting. We created the 21 possible
league-to-league pair combinations and assigned them a
unique identifier number, as represented in Figure 5.

Omega

—0.2 4

50 lCI!D 15;0 260 2!|30 SDID 35;0 460
N¢ transfers

Figure 5. Omega value distribution for league pairs
based on n2 of transfers

Then, we calculated the w value for every pair,
normalized between [0,1] where a smaller value is closer
to O and higher value is closer to 1. For that setting,
we observe how La Liga - Liga NOS pair (label n°5)
is the most connected pair of leagues within the Top-7
European competitions. While the pair Liga NOS -
Eredivisie (label n°® 21) is the least connected of all pairs
of leagues.

In the realm of league-to-league pairings, a
significant majority falls within the range of [0.2, 0.6],
indicating an average level of connectivity between
teams in those respective leagues. However, our findings
reveal that La Liga stands out as the league with
the lowest w values in pairings such as La Liga -
Bundesliga (label n°1) or La Liga - Premier League
(label n°3). This observation aligns with our previous
result, which identified La Liga as having the highest
individual w value, thereby signifying its status as the
least intra-connected league with the highest number
of imports. Conversely, our analysis reveals that Liga
NOS (w = 0.057), with the exception of its connection
with the Spanish league, likely due to geographical
proximity, exhibits the poorest level of connectivity with
other leagues.

Moreover, the distribution patterns demonstrate a
linear correlation between the volume of transfers and
the interconnectivity among leagues in the market.
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Additionally, it is evident that leagues with lower
individual w values exhibit weaker overall connectivity,
while their league-to-league pairings tend to possess
higher w values.

5.3. Case Study: English Premier League

Going one layer deeper we find can study individual
competitions with a higher level of continuity, an
attribute that is not present when studying international
competitions. However, individual leagues happen
during a longer span of time, and more information can
be gathered around its individual contributors.

In order to study the English Premier League we
model a directed weighted graph G; where fees with
a value equal to O are trimmed off. We also reduce
our dataset by only using transfers that happened and
including the 2000-2001 season. This results in a
graph made of 44 teams and 1827 edges. Running the
modularity maximization algorithm orders the nodes in
a total of 4 communities as shown in Figure 6, where
each community is represented by a different color in
the graph.

o ®

Figure 6. The English Premier League network of
communities based on modularity

First, we want to study the power relationships
occurring between teams, and to understand if there is
a monetary ’status quo’ that is respected and showcase
in the communities. For that matter, we created 4 groups
dividing them based on their capital investment ranging
from 0 to 300, 300 to 600, 600 to 1100 and 1100 or more
million EUR spent in the span of 22 years.

We observe that the same community n°3
(represented by the color green) gathers 54% of
teams ranked in the higher-end groups by budget
capacity, while 65 % of teams in the lower-ends, with

medium to low budgets, are found in communities n°l
(blue) and n°2 (purple), with no contact with community
n°3. This division shows that high-performing (more
money spent) and low-performing (less money spent)
teams tend to not overlap market needs. This data goes
against the popular belief that says that a team will not
try to transfer between teams that are direct competitors
of themselves, which are usually teams on their same
performing range. That implies that a monetary ’status
quo’ is respected.

We have shown that teams do not share market
with other teams, unless they lie close to them in
the monetary power spectrum. However, in order to
obtain factual information to be used as support for
decision making we also need to study how their past
performances affect their present trading strategies. For
that case, we grouped the teams according to 3 different
categories based in table positions: 1-6 (classification to
European competitions), positions 7-17 (no relegation
nor classification), and 18-20 (relegation). We placed
teams by averaging their seasons’ position by the years
they competed in the league, later we compare these
groups against the communities represented in Figure
6, and we found that 80% of teams on group 1
(positions 1-6) are part of the same community n°3,
also showing that their position is intrinsically related
to their money spent as a community with a Ceoess
of -0.89 and an associated p-value of 0.0005. On
the other side of the balance, 78% of teams in the
relegation-labeled group are found in two communities
(n°1 and n°2) with 0% of those teams in community n°3.
That result maps exactly to the one previously stated,
teams have created their own bubbles based on budget
capacity and historical performance. High-performing,
high-spending teams are concentrated in community
n°3, while low-performing, low-spending ones are found
in communities n°l and n°2.

We have shown based in what parameters teams
share a common piece of the market. However, in
order to answer what teams have a stronger relevance
and what qualities do these teams share we need to
model an undirected non-weighted graph (G,,). We will
avoid weights since we are only interested in a one time
connection between 2 teams where all fees with a0 EUR
value are discarded. Figure 7 maps the total money spent
by the 44 teams participating in the English Premier
League (each team receives a unique number identifier
plotted in Figure 7) and their C}, values in that network.

We observe how the C} value increases as more
money is spent until we overcome the 1000 million EUR
mark where the C}, starts to decrease. This implies that
the most important teams in a network are those with
medium to low capital investment, which might be a
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Figure 7. () values based on money spent per team

consequence of their budget restrictions and the elevated
transfer fees that come from buying internationally. On
the other hand, the trend shows that clubs with less
restrictions will rather buy from other leagues.

Figure 7 shows nodes with a normalized [0-1] Cj.
To understand the figure, we observe teams with values
higher than 0.6 and lower than 0.1. For the first
instance the top-3 teams are Aston Villa’s Cp, =1
(label n°44); Southampton FC’s Cj, = 0.94 (n°43); and
Middlesbrough FC’s Cy, = 0.75 (n°42). All these teams,
and almost all decreasing successive label numbers are
charted around the 1000 EUR mark that we mentioned
early. On the contrary, the lower-3 teams are Blackpool
FC (%, =0 (n°1); Brentford FC Cj, = 0.073 (n°2); and
Bradford City Cp, = 0.085 (n°3), showing how barely
spending money is also harmful. Conversely, we also
display in Figure 8 what is the relationship between
performance and relevance in the network, showing that
the worse a team does the higher its Cj, tends to be. By
averaging their positions we obtain that clubs with high
Cy average a 13t position (mid-table) but teams with a
low Cy tend to average a 18" to 20" position. The top-3
C) teams are also from the average-to-bottom part of the
table.

These two qualities: historical performance and
budget capability are defining factors in the importance
of a team in the network. This information can be used
by players, or agents to decide what teams represent
a bigger risk (bigger Cj, and bigger chances of being
transfer) for their careers stability.

Comparing these results with the communities
expressed in Figure 6 we also see how 50% of high C
values are part of the same community n°1, while low Cj,
values are spread across, revealing that low-performing
teams and with budget restrictions are also the nodes

® $>1100€ ® €< 600and€>=300
® €>600and€ <=1100 € < 300

Betwenness Centrality - Average Position

1.0 L
&3
0.8
2 . -
©
=} &8 L &9
=R . ¥
8 gé 35 34
ﬁ &6 &7 31 29 30 g
[ @5
c 0.4 o &3 2 gooe @2 24
= o 2
B 12 @3 19
=} oo
02
J 8
a 5 5 6 3
0.04 3

2.‘5 5.‘0 7.‘5 10‘.0 12‘.5 15.0 17‘.5 ZD‘.O
Average Position

Figure 8. C} values based on average historical
position versus money spent per team

that hold a bigger relevance down to the domestic league
level. Revealing that these teams are more unstable, and
in need of bigger roster rebuilds every season.

6. Discussion

Sports Transfer is one of the most growing markets
in the world today. If we accumulate all the
activities across all professional sports, we are probably
addressing an enterprise that amounts to hundreds of
millions of dollars annually. The growth, diversity and
complexity of such market demand a new sophisticated
approach for in-depth analysis and new level of
understanding. Looking at the big picture, we observe
that winning and achieving higher performance levels
is closely related to both the level of investments and
the characteristics of the trading partners. Contrary
to the thought that is not logical to strengthen your
direct competitors, international trophy winners tend to
have a larger volume of transfers with each other while
also spending the most amount of money to fund such
transactions.

6.1. Community analysis

Teams tend to create relationships based on
"status’ and while the global market does not always
reflect small-world properties, the individual domestic
leagues are highly inter-connected as indicated by the
small-world property. We also observed that several
pairs of leagues demonstrate stronger connections than
others. This information is valuable for understanding
the evolution of shared markets.
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In the case study that focused on the English
Premier League, our graph model showed similar results
with high-performing teams clustering in the same
communities. Same results are found at the lower end of
the performing spectrum, where low-performing teams
are also part of the same community, suggesting that
the transfer market in soccer may act in segregated
communities. Furthermore, we discovered that teams
in the Premier League, with similar economic levels
belong to the same communities. Typically, teams
with limited financial resources are more inclined to
acquire players from other teams with similar budget
constraints. However, we have also observed that
high-spending teams have a greater ability to acquire
players from a wider range of teams across various
communities.  This phenomenon could potentially
explain why low-performing teams struggle and need
to work extra hard to improve their status and achieve
higher positions in the league.

6.2. Average market activity

Alternatively, obtained results revealed that teams
with higher betweenness centrality in the graph model
exhibit a tendency to be associated with multiple
communities based on modularity and historical
position groups. This indicates that performance of
teams is influenced by the strength of their connections
and the success of their trading partners. In other words,
the better connected a team is or the more prosperous
their frequent trading partners are, the greater their
chances of achieving success. Inversely, lower level
of connections (low C%) implies worse results, while
average teams are associated with high C}, values. This
is likely to be due to the fact that recently promoted or
teams at the lower end of the league need higher level
of transfer activities and a higher volume of players to
meet their financial restrictions and improve their teams
to the best of their abilities. This would be reflected by a
higher number of connections in the graph model. These
observations can be used by players to make informed
decisions about transfer opportunities. For example,
they elect to avoid teams with high C}, values if they
are looking for stable careers, and not looking for risky
transfer moves.

7. Conclusion

In this work, we explore the use of graphs and
complex networks to model and analysis various aspect
of this market. We focus on two sets of research
questions. One set of points is related to establishing
correlations between level of activities in the market
and the corresponding level of impact among the

participating teams. The second set of questions is
about the nature of the activities when it comes to acting
locally versus globally at different levels. We employed
various graph theoretic concepts to analyze the roles
of individual teams and the communities they form
in assessing the success of transfer transactions. The
obtained results show that performance is not driven by
direct competition but fueled by the level of investments
and the characteristics of the trading partners. On
the other hand, only local markets show small-world
properties due to stronger league-to-league connections.
However, relationships and communities are made
based on ’status’ and they have financial and
performance thresholds as disclosed in the clustering
distribution of the English Premier League case study.
Finally, studying betweenness centrality explains how
the average market activity is closely related to historical
performance. The obtained analysis can be viewed as
key steps towards the development of decision support
systems to help teams strategize and plan their future
moves, as well as to help players make informed
decisions about the next choices in their careers.

8. Future work

This main objective of this study is to introduce
rigorous analysis of sports transfer market. We view this
work as a starting point towards closing the gap between
the apparent random patterns and ad-hoc decisions
found in sport transfer markets and the ability to create
decision support systems backed by data analytics that
can be used by both players and teams.

There are various directions this work can branch
into. The clustering analysis of the proposed graph
models was very informative. Communities in
professional sports as related to transfer activities are not
static; they are dynamic and evolve with time. A natural
next step of this work is to study the evolution of such
communities. It will also be interesting to look into the
role of agents in this process, even extending it into the
amateur level like in US college sports where the recent
inclusion of the NIL deal (NCAA, 2021) could change
the inner dynamics of their respective communities.

This research direction is not exclusive of sport
markets, and can be easily apply in other domains such
as business interactions between industries, or political
and economical relationships of countries. Any market
that works with shared commodities can be modeled and
study following the same methodology that was used
during this paper.

Opposite to this first perspective, another idea could
benefit by leveraging data from previous years and the
theoretical properties of graphs and networks, in order
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to build models to predict how the behavior of teams
impact their performance, as well as to predict their best
options moving forward with a particular objective in
mind.

Using the European soccer market, this research
aims to close the gap between random patterns and
decisions observed in sports transfer markets and
decision support systems based on data analytics and
graph theoretical properties of complex networks.

Communities that arise from networks evolve over
time. A more in-depth study of how this evolution takes
place, what are the stakes in play and how it affects
the agents participating from the network can throw
more understanding into what is useful and crucial while
making transfer movement decisions. This future line
of research can be expanded into all types of sports and
used to make predictions to get assessment for future
transfer periods.

A different direction for next steps will be to go
deeper in analyzing transfer transactions. For example,
we can explore how different attributes associated with
the process of acquiring players, such as age and team
position, impact the success of each transaction and the
decision-making process of teams and players. Other
contributing attributes include transfer amounts, type
of transfer, type of player, and time of the transfer.
Finally, with the goal of creating models to be used as
decision support-systems by studying the complexity of
the networks over time, we need to create better and
more refined datasets.
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