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T Leiden Institute of Advanced This paper considers the European transfer market for professional football players
Computer Science, Leiden as a network to study the relation between a team’s position in this network and per-
University, Niels Bohrweg, formance in its domestic league. Our analysis is centered on eight top European
Leiden, The Netherlands . . . .
2 CENTAI Institute, Turin, taly leagues. The market in each season is represented as a weighted directed network
capturing the transfers of players to or from the teams in these leagues, and we
also consider the cumulative network over the past 28 years. We find that the overall
structure of this transfer market network has properties commonly observed in real-
world networks, such as a skewed degree distribution, high clustering, and small-world
characteristics. To assess football teams we first construct a measure of within-league
performance that is comparable across leagues. Regression analysis is used to relate
league performance with both the network position and level of engagement
of the team in the transfer market, under two complimentary setups. Network posi-
tion variables include, e.g., betweenness centrality, closeness centrality and node
clustering coefficient, whereas market engagement variables capture a team’s activity
in the transfer market, e.g., total number of player transfers and total paid for players.
For the season snapshots, the number of transfers correspond to weighted in- and out-
degree. Our analysis first corroborates several recent findings relating aspects of market
engagement with teams’league performance. A higher number of incoming trans-
fers indicates worse performance and better resourced teams perform better. Then,
and across specifications, we find that network position variables remain salient even
when engagement variables are already considered. This substantiates the notion
in the existing literature that a high degree corresponds to better team performance
and suggests that network aspects of trading strategy may affect a team’s success
in their respective domestic league (or vice versa). In this sense, the approach and find-
ings presented in this paper may in the future guide team’s player acquisition policies.

Keywords: Network science, Football transfer market, Sport success, Football leagues

Introduction

Association football is Europe’s most popular sport by any objective metric (Matheson
2003). Football teams compete against other teams in a national or regional league and
are often defined on the basis of their performance in these leagues. The best perform-
ing teams of a league will promote to a higher league, and the worst teams relegate to a
lower league. Teams competing in the higher leagues often attract the most interest of
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fans, which is accompanied by more financial resources for the teams (Frick 2007). These
social and financial stimuli contribute to the team’s incentive to maximize match wins
in the leagues they appear in. This makes that it is useful to assess what team charac-
teristics contribute to a team’s ability to win matches. Much research has been devoted
to what in-game characteristics benefit this goal (Goes et al. 2020; Li and Zhao 2020;
Fabiola Zambom-Ferraresi and Lera-Lépez 2018). In addition, the composition of teams
has been an identified contributor to a team’s success (Gelade 2018). Furthermore, the
exact relation between a match win and a team’s league performance depends on the
rating or ranking system the league applies. Different sports use different methods to
rank its teams, see, e.g., the work by Langville and Meyer (2012). Moreover, as the per-
formance of a team is relative to its competitors, the competitive profile of a league has
shown to be a noteworthy determinant for a team’s individual league performance (Vales
et al. 2018).

Naturally, the quality of the players is an essential factor contributing to the team’s
performance. Therefore, the in- and out-flow of players significantly impacts the team’s
overall effectiveness. On this basis, Pantuso and Hvattum (2021) discuss tactical deci-
sions to be applied to a club’s transfer policy based on in-game data. Mourao (2016)
describes these dynamics in closer detail and finds a significant effect of league perfor-
mance on obtaining a higher number of incoming players. In connection to this, Mourao
confirms the intuitive notion that if a team plays well, the club is likely to sell their players
for a significantly higher price. Lu et al. observes a similar positive correlation, between
the amount of transfer fee spent and received and the team’s in-game performance (Liu
et al. 2016). Furthermore, transfers of players play a major part in the financial health of
clubs (Dobson and Goddard 2012). These factors all suggest an interrelation between, on
one hand, a team’s transfers and trading behaviour and, on the other, their league perfor-
mance; a research topic suggested by Mourao as a direction of further research. Efforts
directed at exposing a possible interaction between a team’s sportive performance and
their trading behaviour have been made (Liu et al. 2016; Matesanz et al. 2018) and
underline the notion that football is a “money game”. Aforementioned works have shown
the presence of a correlation between variables describing the team’s engagement in the
transfer market and their league performance.

Our work contributes to a growing literature considering the European football trans-
fer market as a network. Network analysis allows for a robust and meaningful description
of the network as a whole, and of its individual components. The toolbox of measures
and metrics that network science offers to understand a system’s components and their
interaction is what makes network analysis a valuable method to tell the story of the
football transfer market (Barabési 2016; Newman 2018). Centrality metrics, for example,
can be used to capture the prominence of a team’s position in a football transfer network
(Liu et al. 2016; Bond 2020; Palazzo et al. 2023). We benchmark our findings against
existing efforts to analyze multi-national multi-season football transfer markets from a
network perspective (Liu et al. 2016; Matesanz et al. 2018; Wand 2022). Furthermore,
Bond et al. described the European football loan system across multiple seasons (Bond
2020). Other relevant studies consider football transfer networks within a single season,
within a single country, or both. Palazzo et al. (2023) identify teams with similar trading
patterns (i.e., communities) considering both the network and team attributes. Clemente
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(2023) identify communities on a global level, uncovering central leagues in the global
transfer network. Turning the question around, Xu (2021) models link-creation among
top teams in the summer transfer window in the 2019/2020 season.

In this paper we consider the complex interplay of different (network) variables
derived from the structure of the underlying transfer market alongside simpler notions
of engagement in the transfer market. In doing so we engage with findings in prior works
describing football transfer networks per season (Matesanz et al. 2018; Wand 2022; Xu
2021) and over multiple seasons (Liu et al. 2016; Bond 2020), considering both average
seasonal success and long-term cumulative success. Moreover, with respect to prior
works, we focus less on financial flows and more on the movement of players. On this
basis, we evaluate the relationship between team performance and team participation
in the European transfer market at the highest levels of the sport over 28 years. We ask:
How does domestic league performance of a top football club relate to the network posi-
tion and the engagement of this club in the European player transfer market?

In answering abovementioned question, we make a number of contributions. First, we
provide further description of the European transfer market network, investigate mean-
ingful whole-network measures, and touch upon its community structure. Second, we
corroborate several existing findings on the relationship between league competitive-
ness, team engagement in the transfer market, and team performance. Then, we show
that network position measures such as degree or closeness centrality are positive indi-
cations of team performance, even taking into account the team’s engagement with the
market. Finally, we discuss a specific limitation that may be of relevance also more gen-
erally to network analysis of transfer markets for professional football players.

The remainder of this paper is organized as follows. First, the Data section discusses
the data sets obtained and how the data was processed before analysis. Then, the Meth-
odology section provides a number of preliminary definitions, before the Regression
model section describes the layout of the statistical model and the setup of the experi-
ments. After that, the Results and discussion section analyses the results, whereas finally
the Conclusion section summarizes the main findings and provides suggestions for

future work.

Data
In this section, we introduce the source of the data sets along with their properties. Sub-
sequently, we will discuss the steps taken to preprocess the data.

Raw data
This research combines two raw data sets. The first is a transaction data set of player
transfers involving teams competing in eight top European football leagues over 28
years. The second data set contains detailed results for all matches played within the
relevant leagues over a large subset of the relevant years. A summary of the two data
sets are displayed in Table 1, as well as the associated countries and country codes of the
selected leagues.

As in Wand (2022); Xu (2021), we use a data set of player transfers scraped from
https://www.transfermarkt.co.uk/. This data is available for download at https://github.
com/ewenme/transfers and was produced by GitHub user ewenme on the 19th of April
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Table 1 An overview of the data used in the research

League Country Country code Transaction data Performance data
English Premier League United Kingdom GB 93/94 - 20/21 93/94 - 20/21
French Ligue 1 France FR 93/94 - 20/21 93/94 - 20/21
German 1.Bundesliga Germany DE 93/94 - 20/21 93/94 — 20/21
[talian Serie A [taly IT 93/94 - 20/21 93/94 - 20/21
Spanish La Liga Spain ES 93/94 - 20/21 93/94 - 20/21
Portugese Liga NOS Portugal PT 93/94 - 20/21 94/95 - 20/21
Dutch Eredivisie Netherlands NL 93/94 - 20/21 93/94 - 20/21
Russian Premier Liga Russia RU 93/94 — 20/21 12/13 - 20/21

Total 224 204

2022. Here, records are included on transfers to or from teams participating in the first
divisions of Germany, Spain, Italy, France, Portugal, the Netherlands and Russia and the
first and second divisions of England in a particular season. Teams outside these leagues
(e.g., a Turkish club or a club from a different hierarchic level) are included as alters.
However, transfers among teams outside these leagues are not included in the data. The
downloaded data is a set of records that consist of a player that was transferred from a
team to another team in a specified period of a certain season for a given price.

The league performance data stems from https://www.football-data.co.uk/data.php.
This data set consists of match records of a team that played against another team which
resulted in a final score. Combined with knowledge of the scoring rules for determining
the final rank of the teams in the league at the end of the season, this data allows us to
incorporate a league performance measure of the clubs (see League performance meas-
ure). Note that the league performance data set has incomplete overlap with the trans-
action data set, missing 19 seasons for the Russian Premier Liga and one season for the
Portugese Liga NOS.

Preprocessing
This section sets forth the steps taken to guarantee a reliable, representative and repro-
ducible configuration of the data.

1. Only the top tiers of every country will be considered. Therefore, transfers of clubs
when appearing in the English Championship — which were originally present in the
data set — have been excluded. The data set then includes 136,339 transactions in
the default configuration.

2. All youth teams and non-first teams of a certain club have been aggregated into a
seperate node, such that the influence of affiliated teams on the position and per-
formance of the first team is interpreted collectively. This change of notation was
applied in all 10,860 instances (which is 7.97% of the transactions). This did not affect
the total number of transactions analysed.

3. Over the years, some clubs have changed names. Furthermore, some teams were
noted under different names in different instances within the data set. The current or
most recent name of a team was chosen as standard and the differing notations were
adjusted. This did not lead to a change in the number of transactions.
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4. Some transactions were present twice. This is the case when the player moved from a
team present in the above competitions to another team present in the above compe-
titions. Double notation of a transaction is also present when a player is loaned out.
This transaction is taken into account twice: at the beginning of the loan and at the
end. To account for the transactions that have been documented more than once, the
first occurrence of every distinct transfer in the data set is used. 96,645 transactions
are present after accounting for transfers which are documented more than once.

5. Moreover, some transfers existed where the player transferred to and from the same
team. These transfers have probably not been documented properly and are therefore
deleted from the configuration used in this research. This applied to 240 instances.

6. Lastly, transactions containing players that retired, moved to or from an unknown
club, or that became a free agent have been disregarded. This was a total of 4,954
instances.

The final data set, after preprocessing, consists of 91,451 transactions and is provided in
the Supplementary information. This data set is used to construct a network representa-
tion of the European football transfer market.

Methodology

This section describes the network approach and statistical methods used in this work.
First, we introduce the measure used to quantify the in-game performance of teams
within their leagues per season and overall. Second, we elaborate on the construction
of the European transfer network, again per season and overall. Then, we present the
engagement and network measures used in the analysis. Lastly, we discuss our statistical
models for conducting regression analysis.

League performance measure

A season in football consists of a collection of matches that are played in one year
between teams in the same league. To study team performance, the first step is to quan-
tify a team u’s performance or rank R(u, y) in a given season y. A team’s league perfor-
mance is then defined as that collection of (in-game) performances over a season relative
to its competitors — which is assumed to regress to the mean over time (Beck and
Meyer 2011). We use the rank of a team in the final season standings. Since a lower rank
implies better performance, this score is then inverted relative to the number of clubs in
the competition. For example, if Team A finishes first (1%) out of twenty (20) clubs, Team
A’s score for that specific season will be 20. The raw rank is standardized to a format of
sixteen teams. Teams within every league can gain at most sixteen (16) points and teams
finishing in last place score one (1) point. This gives us the standardized performance
indicator P(u, y) which is comparable across leagues.

The aim of an overall league performance measure P(x) is to indicate the dominance
of a team u within their respective league across seasons in a way that the measure is
comparable among leagues. Due to the dynamic nature of domestic club competitions
(as a result of promotion and relegation), not all clubs will appear in one specific league
for all seasons. Relegation to a lower league indicates worse performance. Therefore,
P(u,y) = 0 when the team is playing in a lower league during season y. We then sum the
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standardized performance indicator P(u, y) for all y to obtain a team’s cumulative score
in the context of its specific league.

The standardized total score, the sum of the P(u, y) values over all years, is then nor-
malized to account for leagues of varying data coverage and size, as detailed in Table 1.
This last transformation gives us the standardized league performance indicator P(u)
which is comparable across leagues. It should be noted that the measure is not intended
to allow for cross-league comparisons of teams directly, were they to play one another.
For example, Real Madrid has, on average, been as dominant in the Spanish La Liga as
PSV Eindhoven has been in the Dutch Eredivisie (see Table 5).

Research by Vales et al. (2018) poses a comparative instrument for evaluating our
league performance measure. Namely, the distribution of P gives an insight in the differ-
ing competitive profiles of the leagues and this question has also been studied in Vales
et al. (2018). A lower standard deviation within a league implies that teams obtain a
score that is, on average, closer to each other, suggesting a more competitive charac-
ter as teams performances are relatively similar. Table 2 shows the resulting ranking of
the European leagues by competitiveness. Considering only the teams also ranked by
Vales et al., we obtain very similar results. The Dutch Eredivisie and the Russian Premier
Liga were not incorporated in the research of Vales et al. Our findings suggest that these
leagues have the highest deviations of league performance, thus implying they are the

least competitive.

Network construction

The European football transfer network as used in this paper is constructed
from the transaction data set introduced in the Preprocessing section. The
data records transfers involving teams appearing in eight top European leagues
L ={Lgg,Lrr, Lpu, LiT, LES, Lpr, LN, LrRis} over a range of seasons. However, as noted
above, not all clubs appear in one specific league for all seasons. The European football
transfer network for season y is thus centered around the set of teams that competed in
the top leagues that season u € £,. The recorded transfers of players to or from these
teams are used to construct the set of edges E,. The set of nodes V) is then the set of

Table 2 The competitive profiles of the leagues indicated by the distribution of P and a comparison
of the results to research of Vales et al. (2018)

Symbol League Obs Mean Std. Dev. Rank Rankin
Vales et al.
(2018)

Lea English Premier League 49 348 4.10 3 3

Ler French Ligue 1 44 3.70 3.91 6 6

Lpy German 1.Bundesliga 42 3.62 4.06 4 5

Lir Italian Serie A 51 3.06 401 5 4

Lfs Spanish La Liga 48 3.56 417 1 1

Lpr Portugese Liga NOS 43 332 410 2 2

Lyt Dutch Eredivisie 30 5.07 466 () n/a

Lgy Russian Premier Liga 27 455 437 ) n/a

Total 334 3.68 4.14
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teams that either appear in a top league or engage in a transfer with a top team that sea-
son, i.e., for all #,v € V it holds that (i, v) € Eyor (v,u) € Ej,and u € L,.

There is a direction to the edges, as transferred players move from one club to another.
Furthermore, the weight of an edge is defined by the number of players transferred in
that direction in that season. This way we look primarily at the trading dynamics of
teams. Previous literature has considered teams’ financial activity and the evidence is
clear that greater financial resources go hand-in-hand with better team performance
(Frick 2007; Mourao 2016; Wand 2022; Liu et al. 2016; Matesanz et al. 2018). Price is
considered in this particular research only as something of a control for the notion that
“football is a money game” (Liu et al. 2016)

Each of the 28 seasons present in the transaction data set (93/94 - 20/21) is used to
construct a directed weighted network G, = (V), Ey). Then, the season snapshots are
combined into a single cumulative network G = (V/, E). There are n = |V| teams in total

and m = |E| directed edges, as players move from one club to another.

Engagement measures

Specific measures are used to express a team’s engagement in the European football
transfer market, per season and overall. The main variables quantifying a team’s engage-
ment are the total transfers in and total transfers out. Following Wand (2022), we also
consider the total amount paid and total amount received for transferred players. To
study overall performance, we consider the average of these measures over the seasons
wherein a team appeared in the top leagues.

Transfers This measure is the most straightforward; it captures the overall number
of transfers involving a team. For season snapshots, we consider the number of players
that a team has received from other teams W;(u, y) and the number of players that a team
has transferred to other teams W, (u, y). Notably, these variables can also be expressed
in the language of networks: our networks are weighted and directed by the number of
transfer so they correspond to the weighted indegree and weighted outdegree of a team
(also sometimes called in-strength and out-strength). For studying overall performance,
we compute the average total transfers over the seasons where the team appeared in the
top league because then the data set includes all its transfers. Specifically, we compute
the average over the seasons where the league performance measure is greater than zero,
ie, P(u,y) > 0.

Transfer fees An alternative weighting is used to describe a second aspect of a team’s
engagement in the football transfer market. Specifically, the total fees paid for incoming
players in a season M;(u,y) and total fees received for players transferred to other teams
M, (u,y). Total transfer fees are the combined total M (u,y) = M;(u,y) + M,(u, y). For
studying overall performance, we compute the average over the seasons where the team
appeared in the top league P(u,y) > 0.

Network position measures

A collection of measures is used to express a team’s network position in the European
football transfer market, per season and overall. We use a set of network measures to
quantify a team’s network position: degree, betweenness centrality, closeness centrality,
and clustering coefficient. These definitions are derived from Barabdsi (2016), Newman
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(2018), and Easley and Kleinberg (2010), and largely cover a set of network measures
similar to what is also elaborated on from a sports analytics point of view in Palazzo
et al. (2023).

Degree The degree of a node D(u) of anode u € V is the number of nodes it is directly
connected to. In this context, regardless of the direction or frequency of the relationship,
degree “helps us to understand the main market strategy of a team by considering the
number of its partners” Palazzo et al. (2023). There is reason to expect a positive correla-
tion between degree and league performance. Mourao (2016) describes the significant
impact a team’s league performance has on its number of trading partners.

Closeness Player transfers are the links that connect teams in the European football
transfer network, and we consider teams to be indirectly connected when there is a path
between them via transfers with other teams. The closeness centrality of a node C(u)
describes the average distance, i.e., the average shortest path length, of one node to all
other nodes in the networks. Whereas degree is a local network measure with a direct
interpretation in terms of transfers, closeness captures a more global notion of network
position. Teams with a higher C(u) value are relatively well-connected with all other
teams in the transfer market, directly and indirectly. In our case, closeness is computed
on the undirected, unweighted version of the networks again disregarding the direction
or frequency of the relationships. Previous literature has suggested a positive correlation
with league performance (Liu et al. 2016).

Betweenness The betweenness centrality B(u) of a team quantifies how often the team
helps connecting other (pairs of) teams via shortest paths. For this we use directed short-
est paths, computed on the directed unweighted network. In this way, betweenness cap-
tures a second global notion of network position, albeit in substantially different way
than closeness does. Teams with a higher B(u) play an important role in brokering con-
nections between parts of the extended transfer network that are otherwise relatively
unconnected. Here again, previous literature has suggested a positive correlation with
league performance (Liu et al. 2016).

Clustering 'The clustering coefficient CC(x) is a local network measure describing the
extent to which the neighbours of a node are also directly linked. In this context, cluster-
ing coefficient expresses the extent to which trading partners of a team also trade with
each other. This often happens for teams from the same league. The clustering coefficient
captures the embeddedness of a top team in its local network neighbourhood and serves
to identify closely-knit groups among the top teams. As it is difficult to meaningfully
give real-world interpretation to measures of clustering that take weights into account,
we use the directed unweighted clustering coefficient.

Cumulative network

When describing and interpreting the network structure of the European football trans-
fer market as a whole in the Football transfer network section, several network level
measures are reported on. The average degree D describes the average number of trad-
ing partners of each team in the network. The average weighted degree W is the average
of the weighted degrees of all nodes, and in our case denotes the average number of
transactions a team has made as or with a team in the top leagues. A connected com-
ponent is a subset of nodes in which each node can reach all others via an undirected
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path. We use the average distance d, or average shortest path length, between teams to
understand the connectivity within the network. The diameter dj;,4 is the longest short-
est path or maximal distance observed in the network. It gives the distance between the
two teams that are furthest away from each other with respect to observed transfer rela-
tionships. A low diameter indicates a transfer network where even the least connected
teams are well-integrated. The density p of a network is the ratio between the number of
edges m actually present in a network and the total possible number of edges n - (n — 1).
The node clustering coefficient CC(u) is a measure of the network density around indi-
vidual nodes (defined above). The average clustering coefficient CC is the average CC(x)
value over all nodes u# € V. It indicates the average local embeddedness of teams in the
transfer network. Real-world networks can often be partitioned into “network commu-
nities” where nodes in a community are more strongly connected to each other relative
to the rest of the network. The modularity score Q quantifies the quality of a division of a
network into communities obtained after applying a standard modularity maximization
algorithm to find the communities (Blondel et al. 2008), and is generally higher if there is
a profound community structure.

Control variables

League The league of a team is used as a categorical variable to account for the differ-
ences among leagues that influence the sportive performance of the teams (Vales et al.
2018) and their financial performance (Liu et al. 2016) (e.g., the competitive profile of
a league and correlated structural differences in participation in the European football
transfer market). We denote the first league of country CO as Lco and include the league
Lco of team u as a categorical control variable.

Prior Rank In considering league performance per season, we control for the rank
of the team in the previous season P(u,y — 1). This captures autocorrelation pro-
duced when teams continue to perform well from one season to the next. Recall that
P(u,y) = 0in years where the team does not appear in the top league.

Regression model
This research focuses on the performance of football teams that have appeared in any
one of eight European domestic leagues in the available seasons (see Table 1). First, a lin-
ear regression model is used to predict league performance P(u, y) of a team u in season
y on the basis of its network position and level of engagement in the European football
transfer market that season. There are 150 teams playing in the eight top leagues in a
complete year. Each of these top teams has a league performance score P(u, y) as defined
in the League performance measure section. The network position of a team as defined
in the Network position measures section is expressed by D(u, y), B(u, y), C(4, y) and
CC(u, y). The engagement of a team as defined in the Engagement measures section is
expressed by W;(u,y) and W, (u,y), as well as M;(u,y) and M,(u,y). The league Lco of
team u is included as a control, and the rank of the team in the prior year P(u,y — 1) is
included to capture autocorrelation.

We then construct an analogous analysis relating the overall league performance
of a team to its position in the cumulative transfer network. The engagement of a
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team is captured by the average of W;(u, y) and W, (u, y) over the seasons that the team
appears in the league. The network position of a team, on the other hand, is defined
by the same metrics as defined in the Network position measures section computed
for the cumulative transfer network D(u), B(u), C(u#) and CC(u). Note that the inter-
pretation of these metrics is not straightforward for teams that rarely promote into
the top leagues, as relegated teams are not centered in the data collection. For this
reason, we limit our regression analysis to the top 15 teams in each league by perfor-
mance P(«) and provide a quantitative discussion in the Limitations section.

An overview of the variables in the model and the associated node measures can
be found in Table 3. As the explanatory variables do not share a comparable scale, in
the regression, the coefficients are standardized. This enables us to compare the coef-
ficients of the variables on an equivalent scale.

Experimental setup

The Data section details how the data was acquired and processed before analysis.
After preprocessing, we used the software Gephi (https://gephi.org) for its visuali-
sation tools and for the calculation of the whole-network measures reported in the
Network construction section. The league performance measure was calculated for
all teams through the method described in the League performance measure sec-
tion. Network and engagement variables were computed using the networkx package
in Python (https://networkx.org). The data set with engagement and network vari-
ables was combined with the data set containing the league performance variable.
This enabled us to implement the model proposed in the Regression model section
using the pandas, statsmodels and patsy packages in Python (https://pandas.pydata.

Table 3 An overview of the variables per season and overall as used in the regression model

Symbol Node measure Obs Mean Std. Dev. Min. Max.
P(y) League performance measure 3814 836 457 1.00 17.6
D(y) Degree 3814 21.31 9.55 1 138
Bly) Betweenness centrality 3814 0.010 0.007 0 0.076
Cly) Closeness centrality 3814 0.298 0.031 0.173 0.380
CCy) Clustering coefficient 3814 0.035 0.031 0 0.500
Wi(y) Transfers in 3814 12.21 5.58 0 115
Wo(y) Transfers out 3814 14.81 10.23 0 225
Mi(y) Fees paid (mil. £) 3814 15.86 29.64 0 342.09
Mo (y) Fees received (mil. £) 3814 1263 23.39 0 299.04
P League performance measure 120 830 353 2.81 15.46
D Degree 120 220.1 64.6 45 440

B Betweenness centrality 120 0.0062 0.0036 0.0004 0.0222
C Closeness centrality 120 0418 0.017 0373 0471
cc Clustering coefficient 120 0.141 0.054 0.051 0.445
(Wi) Transfers in (avg) 120 11.70 3.08 4.46 25.67
(Wo) Transfers out (avg) 120 15.04 6.84 3.15 4375
(M) Fees paid (mil. £, avg) 120 17.96 19.68 0.01 86.79

(Mo) Fees received (mil. £, avg) 120 14.55 12.08 0.19 4812
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org, https://www.statsmodels.org, https://patsy.readthedocs.io). Replication materials
are provided in the Supplementary information.

Results and discussion

In this section, we describe the characteristics of the European football transfer network
from 1993/94 through 2020/21. We then explore the relationship between a team’s net-
work position, market engagement, and league performance.

Football transfer network

In this section we investigate the characteristics of the European football transfer mar-
ket. This section builds on the definition of the overall network as described in the Meth-
odology section. The values for each measure are presented in Table 4 and a network
visualisation is presented in Fig. 1.

The European football transfer network possesses many characteristics that mark
other real-world networks. It is a sparse graph as only a small fraction of the pos-
sible pairs of teams in the network are directly connected by the transfer of a player.
Expressed by the low density, this reinforces the notion that trading players happens on
a non-incidental basis. Even so, all the nodes belong to the same connected component.
This means that transfers in the European football transfer market indirectly connect
all these teams together. Moreover, the average distance between nodes is 3.18. Such a
low value implies that this European football player transfer network is a “small-world”
where most teams are only a few former-teammates-of-former-teammates away from
any other team. Notably, this appears to be an emergent property of the football transfer
market over multiple seasons. Prior analyses of multi-season football transfer networks
have found the same (Liu et al. 2016; Matesanz et al. 2018). Season snapshots, however,
do not necessarily exhibit the “small-world” property (Wand 2022).

Interestingly, we see from the visualisation in Fig. 1 that teams appear to form eight
clear communities, where there is a greater density of transfers within the identified
groups than between them. We confirm, using the teams in the top domestic leagues,
that teams fall into a community together with other teams that appear in the same
league. In fact, we found that league as a categorical variable and community as a cate-
gorical variable match one-on-one. Teams that do not appear in one of the eight leagues
fall into the community that they trade the most with. This means that teams tend to

Table 4 Whole-graph metrics of the European football transfer network

Symbol Metric Value
n Nodes 4876
m Edges 46,079
D Average degree 15.6
w Average weighted degree 375

d Average path length 318
Amax Diameter 6

p Graph density 0.002
Q Modularity (r=1.0) 0.596
cC Average clustering coefficient 0314
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Fig. 1 Visualisation of the European football transfer network, coloured by community. Legend: Purple:
Portugese Liga NOS, 18.91%, Lime: Italian Serie A, 15.91%, Orange: Russian Premier Liga, 14.95% Blue: Dutch
Eredivisie, 11.77%, Teal: German 1.Bundesliga, 10.6% Red: French Ligue 1, 10.15%, Grey : English Premier
League, 9.89% Gold: Spanish La Liga, 7.81%

trade more with those in the same league whereas transfers between leagues are rela-
tively scarce. In a similar vein, we can see that the average clustering coefficient CC is
0.314 which is about 160 times higher than expected from the graph density p. High
clustering is a common feature of real-world social networks, specifically, and indicates
that teams have a propensity to trade also with trading partners of their trading part-
ners. This underscores the tendency of teams to trade with a familiar set of teams —
often, linked to their respective league, and that the trading behaviour of teams differs
on a domestic or international scale. Similar findings were presented in Liu et al. (2016);
Wand (2022); Bond (2020). On this basis, teams seem to form communities with teams
of similar geography or agent-involvement (Palazzo et al. 2023).

Prominent teams

The presence of highly connected nodes is a common feature of real-world networks,
and an important feature of the European football transfer network. While the average
degree is 15.6, there is a small group of so-called ‘hubs’ with many more connections
(Barabasi 2016). Highly skewed degree distributions with prominent ‘hubs’ have been
identified in football transfer networks analyzed per season (Wand 2022) and cumula-
tively (Liu et al. 2016). For our network, Table 5 presents the ten nodes with the highest
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Table 5 The left column displays the hubs in the European transfer network and the right column
showcases the most dominant teams in their respective leagues

Rank Teamu D(u) League Teamu P(u) League
1 Udinese Calcio 440 L Bayern Munich 15.46 Lpy
2 Parma Calcio 1913 409 L FC Barcelona 15.37 LEs
3 SL Benfica 401 Lpr Ajax Amsterdam 15.11 Lyt
4 Sporting CP 366 Lpr Real Madrid 15.06 LEs
5 Genoa CFC 345 Lir PSV Eindhoven 15.05 Lyt
6 Inter Milan 336 Lir Manchester United 15.03 Lea
7 Vitéria Settbal FC 333 Lpr FC Porto 14.98 Lpr
8 CS Maritimo 320 Lpr SL Benfica 14.29 Lpr
9 AS Roma 320 Lir Juventus FC 13.94 Lir
10 SC Braga 319 Lpr Sporting CP 13.89 Lpr

degree, that is, the ten teams with the most number of trading partners. The large dis-
parity between the average degree and the degree of the hubs means that the distribu-
tion of degree is right-skewed, or heavy-tailed, and the majority of nodes have relatively
few trading partners. The high degree hubs are instrumental in efficiently connecting the
transfer network. This is underlined by the strong correlation between degree and the
tendency of being located on shortest paths between nodes (degree D and betweenness
centrality B share r? = 0.83 for the top 15 teams in each league). Hubs help minimize
the distance between nodes and thus serve to connect the teams in the transfer network
across different leagues.

Teams with a higher degree also tend to perform better, according to prior research
by Liu and colleagues (Liu et al. 2016). However, this does not tell the whole story. In
Table 5, we compare the top-10 teams by league performance and by degree in the Euro-
pean football transfer market. While there is minor overlap, the differences convey that
a team’s success is not trivially related to this one measure of position in the network.
Therefore, further exploration of the relation between network position and perfor-
mance is needed which Bond’s loan network also suggests (Bond 2020).

Transfer network and team performance

This section presents the results of various linear regression models which highlight the
relations between the node measures and the league performance measures. We first
consider team performance per season and then the overall league performance meas-
ure. In both cases we include as explanatory variables the level of engagement with the
transfer market and a set of network position metrics. The models that are displayed
in this table have standardized coefficients so that comparison of coefficients between
attributes is simplified.

In Table 6, the columns denote different linear regression models. The first three mod-
els correspond to regressions for per-season league performance while the second three
refer to overall league performance. The rows represent the variables. When a variable is
used in a model, the (rounded) coefficient of said variable is displayed in the correspond-
ing cell. Heteroskedasticity-consistent standard errors are used in computing p-values.

Model 1 includes only our control variables, capturing autocorrelation in league per-
formance and the distinct competitive profiles of the different leagues — as observed by
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Table 6 Results of multiple linear regression models per season and overall

Variable Model (1)P(y) (2)P(y) (3)P(y) (4)P (5)P (e)p
Piy—1) 2.845** 2.357** 2.265** - - -
M; 0.710%* 0.668** 1.212% 1.181% 1.126
Mo —0.010 -0.071 1.300% 1.228% 1.094
Wi —0.985** —1.192** —2270** -2.429%* -2.333%
Wo 0.721** 0.552* 2.165** 0.864 1.079
D X 1.694** X
B 0.317** X 0.649
0.264* X 0.891*
cc 0.063 X -0.144
Lpr 0.047 0.448 0.370 3.349 2464 1.659
Lgs 0.107 0.363 0.286 2.290 1.974 1.231
Lrg 0.040 0491 0.390 3.306* 2.264*% 1481
Lgs 0.054 —0.442 —0.506 —0.502 —0.906 —1431
Lt 0.146 0.972%* 0.950** 6.039%* 4.9471%% 3.933**
Lpr 0.059 1.065%** 0.913** 5.399** 3.860** 2.907**
Lry 0.324 0.794 0.683 3.570** 3.616** 2.550*
Obs. 3480 3480 3480 120 120 120
AlC 18680 18420 18390 5293 499.9 5106
BIC 18730 18500 18490 562.8 536.1 5524
r 0.394 0439 0443 0.681 0.754 0.740
max VIF 1.75 240 2.77 9.34 11.20 11.15

Note: *p < 0.05**p < 0.01x excl. VIF

Vales et al. (2018). The Dutch and the Russian leagues have the largest coefficients rela-
tive to our reference level, the Italian Serie A. The top 15 teams place consistently higher
in these leagues, implying that they are the least competitive; this corresponds nicely to
the league performance statistics presented in Table 2.

Model 2 goes on to confirm established results on teams’ engagement in the European
football transfer market. The ability to pay for expensive incoming players in a season is
strongly related to league performance that season; football is indeed a “money game”
(Liu et al. 2016). Incorporating also the number of transferred players, and we see that
having many incoming players is inversely related to league performance that season.
This finding remains consistent and significant across all models and furthermore coin-
cides with research by Xu (2021), whose analysis does not include transfers with lower
tier teams. In this model, the coefficients on the league controls absorb also average dif-
ferences in the engagement of teams across leagues. Less engaged are the Dutch, Por-
tuguese, and Russian leagues; note that the latter has fewer observations and thus less
statistical power. The English Premier League is consistently the most engaged in the
European transfer market, on the whole.

Network position metrics are incorporated first in Model 3. Both closeness and
betweenness centrality in the season’s transfer network are strongly related to perfor-
mance. Playing a central role has been linked to better match performance by previous
literature (Liu et al. 2016; Bond 2020). We avoid degree because it introduces substantial
multicollinearity alongside total transfers (VIF = 15.43). This is because, in a single sea-

son, it is not so common for a team to engage in transfers of multiple players with the
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same trading partner. Next we consider the cumulative network, where degree becomes

more relevant (Bond 2020).

For overall league performance, we first consider a regression with just our engage-
ment variables. Model 4 shows that the relation between high-value transfers and league
performance is now symmetrical, presumably because well-resourced teams will tend to
find themselves on both sides of high-value transfers over multiple seasons. The negative
relation between league performance and receiving many incoming players persists as
we consider the European transfer market over multiple seasons. At the same time, hav-
ing a prominent position in the unweighted, undirected, cumulative transfer network is
indicative of overall league performance. Models 5 and 6 introduce either degree or a set
of three network position metrics: betweenness, closeness, and clustering. Introducing
these variables together produces multicollinearity with degree (VIF = 28.50). Degree
becomes a useful network position metric over multiple seasons; other network metrics
can be used together but they are not as precise. However, some caution is warranted in
that the network position measures are less reliable for lower ranked teams. This limita-
tion is discussed in the following section and regression tables with versions of Models
5 including more and fewer teams are shown in Appendix A: extended regression table.
The fitted coefficients are of the same sign and with overlapping confidence intervals
with the top 10 or the top 20 teams in each league; note that degree has a p-value of 0.12

with the top 10 teams.

Limitations

Network analysis of football transfer markets, including this one, generally focus on top
teams. In particular, data collection on player transfers has centered on teams appearing
in top national leagues (Liu et al. 2016; Matesanz et al. 2018; Bond 2020; Wand 2022; Xu
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Fig. 2 Network position metrics of teams as a function of their number of appearances in the top leagues.

Polynomial fit of order two is shown. The number of appearances for Portuguese teams may be off by one
due to missing standings from the 1993/94 season. Teams from the Russian league are excluded
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2021; Clemente 2023). As noted in (Wand 2022), this is largely due to reasons of data
availability and further insights might be gained by considering also lower-level leagues.
Here we extend this observation to make concrete one specific way that standard data
collection practices limit the insights that can be gained from network analysis. Figure 2
shows several network position metrics as computed on the European football transfer
network for seasons 1993/94-2020/21 and their dependence on the number of appear-
ances of that team in the top league. Not all clubs appear in the top league for all seasons
and the cumulative network is missing transfers to and from teams during periods when
they were relegated to lower leagues. We see that this has a dominant effect on the net-
work metrics for teams with few appearances in the top leagues. In our case, this compli-
cates the interpretation of network position metrics for lower performing teams and we
limit our regression analysis to top teams in each league. Extending the analysis to teams
with fewer appearances in the top leagues would require additional data collection and is
a promising avenue for future work.

We include this extended note on this limitation in that network data collection cen-
tered on top teams is common and likely to affect the observed network structure of
football transfer markets in other ways of relevance well beyond this work. It is difficult
to say, for instance, if the average clustering coefficient CC presented in Table 4 would
be higher or lower were the data collection to include all transfers between teams also in
lower leagues. To the best of our knowledge, the effects of imposing network boundary
criteria as would be applicable to football transfer markets has not been systematically
studied.

Conclusion

This paper has approached the European football transfer market from a network sci-
ence perspective. We found that the football transfer network shares characteristics that
are also present in other real-world networks. Notably, a low density of links and some
prominent ‘hubs’ with exceptionally many trading partners. We see that teams cluster
into communities with teams from the same league and tend to be ‘embedded’ in their
direct neighbourhood. There are some teams that transcend this phenomenon and that
connect the different communities within the network, leading to the emergence of a
small-world effect. Overall, this makes for a connected network on a local level that is
bridged through the hubs.

In relating a team’s position in the European football transfer market to league perfor-
mance we considered networks both per season and overall. Some aspects of a team’s
trading behaviour coincides with higher performance both in the same season and over
the longer term. Teams that receive many players tend to do consistently worse while
teams that can spend substantial amounts on incoming players tend to do consistently
better. This speaks to recent work applying sophisticated network statistics to transfers
among teams in top European leagues (Xu 2021) and serves to extend the finding to
include transfers with lower tier teams. This may be especially interesting with respect
to differences in the loaning behaviour of teams depending on their revenue as docu-
mented by Pantuso and Hvattum (2021); Bond (2020). When accounting for league and
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these aspects of engagement in the transfer market, teams that also have a more central
position in the network perform better, on average, in their domestic league. These find-
ings are in well line with previous literature finding that a more central network position
overall suggests a better performance (Liu et al. 2016; Bond 2020). However, regression
analysis allows for more nuance, showing, for instance, that network centrality is not so
easy to disentangle from engagement in the market over multiple seasons.

This paper indicates multiple directions of further research. An obvious improve-
ment would be to extend data collection beyond top European leagues. Lower leagues
play an important role in developing talent but are much less often considered, as
noted also in Wand (2022). The football transfer market is also connected globally,
with talent flowing from and to different parts of the world. Extending this research
to other regions will explore the robustness of our findings in countries which fun-
damentally play a different role in the global transfer market (Clemente 2023). On
the other hand, taking a closer look at specific leagues, such as the research by Bond
(2020); Palazzo et al. (2023), can expose more detailed trading patterns. Overall, rap-
idly advancing network science approaches may aid coaches and managers in the
overall strategical decision-making and positioning of their team in the football trans-

fer market.

Appendix A: extended regression table

Reported in the main text are the regression results including the top 15 teams in each
league. Table 7 reports values with more and fewer teams per league. Note that the
regression coefficients are of the same sign and with overlapping confidence intervals
with the inclusion of five more or five fewer teams per league; we take this to indicate

Table 7 Results of Model 5 for different sets of top teams

Variable Model (5)P, Top20 (5)P, Top15 (5)P, Top10 (5)P, Top5
M; 1.143+0.52 1.1814+0.57 0.777+0.64 0.345+0.55
Mo 1.509+0.50 1.228+0.53 1.777+0.64 0.621£042
Wi —2.011+£0.38 —242940.39 —1.673+0.65 —2.232+0.84
Wo 0.050+0.60 0.864+0.67 0.352+0.98 1.465+0.66
D 2.007+0.29 1.694+0.40 1.030+0.66 —0.915+0.75
Lpe 1.692+1.05 24644128 2.530+1.78 —1.171£1.38
Les 1.559+0.96 1.974+£1.13 1.135+£1.88 —2479+1.54
Ler 1.678+0.95 22644110 1.885+1.57 —0.396+1.37
Les —1.095+0.76 —0.9061+0.94 —0.100%1.01 —2.095+1.21
Lt 3.96041.05 4941£1.18 4639+1.72 1.6594+1.08
Lpr 3.055+0.92 3.860+1.01 34494131 3.9394+1.30
Lpy 3.027+0.93 3.615+£1.08 3.143+1.52 -1.838+1.38
Obs. 160 120 80 40

AlIC 676.0 499.9 334.0 1286

BIC 716.0 536.1 365.0 1505

r 0.778 0.754 0.666 0.757

max VIF 12.20 11.20 19.25 18.78
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that the qualitative findings are robust. Including only the top 5 teams in each league
leads to different coefficients for many of the variables (even controls). We take this to
indicate that this subset is too small or too special to draw reliable conclusions.
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