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Abstract. In this study, we define a new way of representing football
player roles based on passing and receiving interactions. We develop a
definition of player roles consisting of a linear combination of 12 com-
mon and interpretable passing/receiving patterns. Linear combinations
are derived from the decomposition of players’ pitch passing and receiv-
ing networks using non-negative matrix factorization (NMF). Our model
shows that 43% of the 1491 players studied in this paper had a maxi-
mum weight of less than 50% in each of the 12 common passing/receiving
patterns. This suggests that a substantial percentage of players do not
follow the specific passing/receiving patterns typically associated with
their conventional role. The model also reveals the underlying differ-
ences in passing/receiving patterns amongst players who hold the same
conventional role. It shows the intricacies of player patterns optimally
when tasked with analyzing the most complex conventional roles such
as midfielders, wingers, and forwards. Lastly, we show that the combina-
tions of the 12 common passing/receiving patterns can be used as a foot-
print to find players with similar passing/receiving styles. For instance,
our model found that Shaqiri and Fabinho had the highest similarity in
passing/receiving styles to Oxlade-Chamberlain and Henderson. This is
consistent with Liverpool FC’s transfers of Shaqiri and Fabinho to re-
place Oxlade-Chamberlain and Henderson’s positions respectively in the
summer of 2018.
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1 Introduction

Predicting the future tactical compatibility of a football player to a potential
team is a highly difficult task as there are a multitude of factors to take into
consideration. One common way of determining a player’s tactical compatibility
is to analyze their individual performance metrics in a conventional role (e.g.
defender, midfielder, forward) [4]. Performance metrics and current conventional
roles typically characterize a player as a singular entity. However, they do not
take into consideration how the role can be further defined by a player’s inter-
actions - including passes and receptions - with other players. Football players
constantly interact with each other in passing and receiving the ball and making
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off-ball runs. They often deviate from their main roles to achieve optimal cov-
erage and disrupt the defensive order of their opponents. Therefore, their tasks
are not limited to where their role specifies where they should be on the pitch. A
more thorough characterization of player roles needs to take into consideration
the dynamic interactions - specifically, passes and receptions - between players
on the football pitch. This can contribute to a more complete picture of a player
when a player is assessed for their future tactical compatibility with a potential
team.

Defining player roles through dynamic interactions in a quantitative manner
is a complicated task. Studies focusing specifically on player role definition are
not prevalent. A seminal paper by Aalbers and Van Haaren [1] aimed to broaden
the conventional definitions of player roles in creating a more expansive set of 21
roles for football players, which was not based solely on positioning. The authors
incorporated offensive and defensive duties, technical ability, player intelligence,
strength, agility and endurance into their definition of roles. They then trained a
supervised machine learning model to predict player roles (based on the 21 roles)
using players’ basic statistics and performance metrics across many games.

Although studies on player roles based on interactions between players are not
numerous, scientists have investigated the broader subject of team behaviours
and developed models of further investigation [4]. The following literature review
will give a summary of the research completed on investigating and understand-
ing team behaviour and how to capture the complexity of a team’s dynamics.
We draw from these insights as a starting point from which to generate ideas on
a new definition of player roles based on dynamic interactions, specifically, 12
common pitch passing/receiving patterns.

2 Literature Review

2.1 Automatic formation detection

Automatic formation detection is a technique, which finds the average position
of players relative to each other. Pappalardo et al. [15] proposed a method to
identify eight different football roles based on their positioning. These roles were
identified by clustering the position of events (e.g. passes) which players were
involved in. Bialkowski et al. [3] also used a clustering technique to assign 10
roles to players based on spatiotemporal tracking data. Narizuka and Yamazaki
[14] and Shaw and Glickman [18] also used hierarchical clustering techniques on
spatiotemporal tracking data to find unique sets of formation for football teams.
Although the methods which investigate team formation give information about
the average positioning of players with respect to each other, they do not take
into account the patterns found in interactions between players.

2.2 Team passing/team pitch passing network analysis

Team passing network analysis is an approach with which we can investigate
player roles by investigating how a player is connected to the rest of the team.
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A team passing network has two components: nodes and links. The nodes repre-
sent players and links represent the passes exchanged between them. Each link
is assigned a weight, which corresponds to the number of passes between the
two nodes that it connects. Buldú et al. [5] showed how different team passing
network metrics, such as clustering coefficient and centrality distribution, can
capture the complexity of a team’s passing patterns. Buldú et al. [5] also pro-
vided evidence of how Pep Guardiola’s FC Barcelona has unique team passing
network characteristics not seen in other teams.

It is proposed by Herrera-Diestra et al. [11] that team pitch passing networks
can also capture the uniqueness of a football team’s tactics. The difference be-
tween a team passing network and a team pitch passing network is that in team
pitch passing networks, nodes represent regions in the football pitch instead of
players. It is also been shown that team pitch passing networks can be an indica-
tor of performance and the tactical evolution of a team [6, 8]. Our study builds
upon these concepts by looking at patterns in player pitch passing networks,
which we will explain further in sections 3 and 5.

2.3 Passing flow motives

Automatic formation detection and passing network analyses investigate gen-
eral team behaviour but they do not specifically address players’ roles in the
sequence of passing. Bekkers and Dabadghao [2], Gyarmati et al. [10] and Peña
and Navarro [17] proposed analyses of a team’s passing flow motif in order to
study this problem. Bekkers and Dabadghao [2] discussed the frequency and
variation in individual players’ involvement in specific passing flow motifs as an
indicator of a player’s playing style. Gyarmati et al. [10] analysed the passing
flow motifs of teams involved in the 2012-2013 season of the top five European
football leagues. This study found that FC Barcelona has a unique pattern of
passing flow motifs, which is a result of their tiki-taka style of play. Mattsson and
Takes [13] showed that top-performing teams in the top five European football
leagues (in the 2017-2018 season) also exhibit a higher level of complexity in their
passing sequences. Although passing flow motives shed light on the involvement
of players in the sequences of passing, they do not take into account players’
locations on the football pitch, which is something we take into consideration in
our study.

3 Model/approach

We look at a new way of defining player roles, which takes into consideration
the dynamic interactions – specifically, common passing/receiving patterns – be-
tween players. Defining player roles through common passing/receiving patterns
can not only lead to a more in-depth representation of a player but also assist
in determining a potential player’s tactical compatibility with a team. That is
to say, if we assume the way a player has been trained and interacts with their
previous team is similar to the style of play of a potential new team, then the
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player can potentially adapt more readily to the new team, which can lead to
overall greater team compatibility.

In this study, we aim to explore players’ roles by extracting the patterns
in players’ pitch passing/receiving networks in order to find each individual’s
unique combination of passing/receiving patterns. To do so, each player’s pitch
passing/receiving network is decomposed by using a dimensionality reduction
technique known as non-negative matrix factorization (NMF) [9]. This results in
a linear combination of 12 common passing/receiving patterns for each player.

In this study, we argue that a player’s role in a team is not limited to one
conventional role but is rather, a combination of 12 different passing/receiving
patterns. Moreover, it is shown that that the combination of the 12 different
passing/receiving patterns can be used as a footprint to find players with similar
passing/receiving styles.

4 Dataset

The dataset used in this study is play-by-play match event data of the top five
European football leagues released by Wyscout [16]. This dataset contains all of
the 2017-2018 season match data of the top five European leagues (i.e. English
first division, French first division, Italian first division, German first division
and Spanish first division). It provides information on a total of 98 teams, 3073
players, and 1826 matches. Each match has around 1700 events. Passes are the
most common events in every match and form about 50% of the events. Each
pass in the dataset is specified by the location it originates from, the location it
is delivered to, the player who executed the pass, and the player who received
the pass.

5 Methodology

5.1 Player pitch passing/receiving networks

In this paper, we explore players’ roles by analysing the patterns in players’ pitch
passing/receiving networks with the aim of finding each player’s unique combina-
tion of 12 common passing/receiving patterns. A player pitch passing/receiving
network is a weighted, directed graph. This type of network consists of: a) nodes
and b) weighted, directed edges. Each node represents a separate region on the
football pitch. Nodes are connected by directed edges. These edges represent
passes that are sent from one node to another. The direction of an edge is de-
fined by the direction of a pass from the region it is sent from to the region it is
received at. Each edge is assigned a weight (w), which is defined by the number
of passes/receptions occurring along that particular edge.

To build a player pitch passing/receiving network, a football pitch is divided
into regions. In this study, the football pitch is partitioned into a 8 by 6 mesh.
This means that the length of the pitch is divided into 8 subdivisions and the
width of the pitch into 6 subdivisions. Therefore, the football pitch is divided
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into a total of 48 regions. Each region is represented by a node located in the
middle of the region. We chose an 8 by 6 mesh to work with as this size achieves
optimal results. A smaller mesh (e.g. 4 by 6) causes loss of information since
a larger area is represented by each node. A larger mesh (e.g. 8 by 10) needs
a higher amount of passes than our dataset can provide in order to capture
common passing/receiving patterns.

Each player on a team is assigned a pitch passing and receiving network. The
first type of network corresponds to passes that the player makes. The second
one corresponds to the passes that the player receives. It should be noted that
the direction of attack in both types of networks is always from left to right
and that halftime changes of side have been accounted for in the data used to
create the networks. To provide an example of a player’s pitch passing/receiving
networks, figure 1 shows Messi of Barcelona FC’s networks during the entire
season of La Liga 2017-2018. The network on the left (”Passes”) shows the
passes that Messi executed. The network on the right (”Receptions”) shows the
passes Messi received. For visualization purposes, the size of each node in the
pitch passing/receiving network examples is correlated to the total number of
passes/receptions that were performed or received in that node. The thickness
of the edges is correlated to the weight of - or the number of passes/receptions
performed along - that edge. These pitch passing and receiving networks give a
general idea of where Messi was most active in both passing and receiving.

Fig. 1: The pitch passing/receiving networks for Messi during the entire 2017-
2018 season of La Liga. The size of each node in the passing/receiving networks
is correlated to the total number of passes/receptions that were performed or
received in that node. The thickness of each edge is correlated to the number of
passes/receptions performed along that edge.

However, mere observation of these graphs can only give a basic understand-
ing of player passing/receiving patterns. The next step is to implement a method
to automatically extract the underlying patterns in these networks in order to
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quantify the data and compare different players’ patterns. In the next section,
we will discuss how this is done using non-negative matrix factorization.

5.2 Non-negative matrix factorization (NMF)

Non-negative matrix factorization (NMF) is a technique, which computationally
decomposes a non-negative matrix, X, into a non-negative matrix, W , and a
non-negative matrix, H, according to the following equation:

Xnm =
∑
k

Wnk ×Hkm, (1)

where, k, is the number of components, n, is the number of samples and m is
the number of features in each sample. In other words, the ith row of the matrix
X is decomposed as below:
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.

.
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 . (2)

Therefore, if we assume that ith row of the matrix X represents an object i,
it can be shown that Objecti can be decomposed as a linear combination of k
parts.

Objecti = Wi1 × Part1 + ... + Wik × Partk. (3)

Specifically, each object is represented by a vector of weights multiplied by each
part as shown here:

Objecti ≡ [Wi1, ... ,Wik] (4)

To give an example, if objects in the equation refer to facial images, then the
objects will be decomposed into component parts such as images of different
types of lips, eyes, jawbones, etc. If objects refer to textbooks, they can be
decomposed into different topics such as science, sports, politics, etc. [12]. For
further information about optimization and the technicality of NMF, the reader
is referred to Cichocki and Phan [7] and Févotte and Idier [9].

It should be noted that principal component analysis (PCA) is another ma-
trix factorization technique where rows of matrix H are orthogonal and represent
the direction of the largest variance [12]. However, rows of H in PCA can contain
negative values as well, which make them difficult to interpret visually. Hence,
we chose the NMF technique for our model.

5.3 Implementation

This study uses the NMF technique to break down a player’s pitch passing/receiving
networks in order to find each individual’s unique linear combination of 12 com-
mon passing/receiving patterns. Objects in equation 3 in the previous section
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refer to the pitch passing/receiving networks of a player. In order to decom-
pose pitch passing/receiving networks, the networks first need to be turned into
vectorized objects.

In order to vectorize the networks, one only needs to include the weight of all
the possible links in the network. The location of nodes are not included since
they are fixed and shared between all these networks. Wherein each network has
48 nodes in this study, there therefore can be 2304 (48 × 48) possible directed
links between the nodes. These links can be described as the following set:

Links = {l1, ..., l2304}. (5)

Each player is assigned two networks: one for passing and one for receiving.
Therefore, each player’s pitch passing/receiving network can be shown by a vec-
tor consisting of 4608 elements. Each element gives the weight of a corresponding
link in these networks shown below:

Player = [wpass
l1

, ..., wpass
l2304

, wreception
l1

, ..., wreception
l2304

]. (6)

The next step is to construct matrix X by concatenating the vectors of all
the players. In this study, the original dataset we used contained the data of
3073 players. However, only 2565 players had an opportunity to play during the
entire season. From those 2565 players, we extracted data from players with
only more than a total of 600 passes plus receptions during the entire season.
Players with less than a total of 600 passes and receptions do not have enough
passes/receptions for their pitch passing/receiving networks to show any specific
patterns. Exclusion of these players also enhances the result of the matrix fac-
torization. Therefore, only 1491 players remained. (We would arrive at a similar
number of players if we were to take the assumption that each of the 98 teams in
the dataset has 15 players - composed of 11 main players plus four main substi-
tutes - who play regularly, which gives a total of 1470 players.) Figure 2 provides
a visual illustration of the total passes plus receptions completed by the players
in the dataset. It is shown that over 1000 players had less than 600 passes plus
receptions during the entire season.
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Fig. 2: Histogram of total passes plus receptions completed by players during the
2017-2018 season in the top five European leagues.
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Fig. 3: Histograms of (a) the most dominant and (b) the second most dominant
player patterns of the initial 28 passing/receiving patterns found in this study.
The red columns in each histogram show the 12 common passing/receiving pat-
terns selected in this study. Pattern names are located at the top of each column.

Subsequently, the decomposition of matrix X is done using the scikit-learn
Python package with Kullback-Leibler beta loss and the multiplicative weight
update solver [9]. Matrix X is decomposed into 28 components (k=28). This
means that 28 passing/receiving patterns (H) have been found. 12 of these 28
patterns have been chosen as the common passing/receiving patterns of players
that we focus on in this study (figure 4). The largest weight (max(Wi1, ...,Wi28))
for 87% of players in this study corresponds to one of these 12 common pass-
ing/receiving patterns. Figure 3 shows the most dominant and second most
dominant passing/receiving patterns. CM (central midfield), RB (right back),
LB (left back), LD (left defense), RD (right defense), LW (left wing), RW (right
wing), CD (central defence), CAM (central attacking midfield), and F (forward),
which we will explain further in the next section, were selected as they appeared
as the strongest patterns found amongst players. The pattern represented by the
number 20 was not included as it is a close variant of the F passing/receiving
pattern. Although LM (left midfield) and RM (right midfield) are not amongst
the most dominant passing/receiving patterns, they have been included in the
12 common passing/receiving patterns as they appear as the most dominant
pattern amongst top midfielders such as Modric and Iniesta. In addition, unlike
the passing/receiving patterns shown by blue columns in figure 3, they are not
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close variants of the 10 common passing/receiving patterns that we selected and
mentioned above.

The GK (goal keeper) pattern is excluded from the 12 common passing/receiving
patterns since the role of a goal keeper in passing and receiving does not add
any value to our model. According to figure 3b, the GK pattern has almost no
contribution to the second most dominant passing/receiving patterns.

Now that these 12 common patterns are extracted, equation 1 can be solved
again by replacing H with all of these 12 common patterns. However, this time
we do not update H at every iteration of the optimization process. This way,
the weight of the contribution of these common patterns can be calculated in
matrix W .

In order to calculate the individual style of play for each player, each player’s
weight vector has to be normalized according to the following equation to can-
cel out the imbalances in the differences of total number of passes/receptions
between players. The jth normalized element of player i’s vector is:

Normalize(Wij) = Wij ×
∑

n=4698Hjn∑
n=4608Xin

. (7)

Normalize(Wij) refers to the percentage of player i’s total passes/receptions,
which comes from pattern j.

6 Results

Figure 4 shows the 12 common passing/receiving patterns that our model found.
Each of the 12 patterns has two pitch networks: the network on the left-hand side
shows a passing network and the network on the right shows a receiving network.
For the sake of clarity, each network represents only the top 100 edges with the
most passes/receptions within each network. Each common passing/receiving
pattern is associated with the patterns of a conventional role; hence, they are
named after that particular role.

The central midfield (CM) pattern is a common pattern amongst midfielders.
It is characterized by a uniform distribution of passes and receptions around the
center of the pitch and involves many short-length passes and receptions between
neighbouring nodes. The right back (RB) and left back (LB) patterns are com-
mon patterns amongst fullbacks. As is shown in figure 4, the RB and LB patterns
mirror each other. Passes and receptions in these patterns are concentrated along
the sidelines of the pitch. These patterns show short-length, horizontal and back-
wards passes to the center of the pitch. They also show the reception of short
and long passes along the pitch sidelines. The left defense (LD) and right defense
(RD) patterns are common amongst defenders. The passes and receptions are
concentrated on the left or right side of the pitch. The patterns involve many
short passes to the center and towards the corresponding sidelines of the pitch.
The left wing (LW) and right wing (RW) patterns are typically seen in wingers.
These patterns involve a high amount of short passes and receptions between
the two pitch sidelines and behind the 18-yard box. The central defence (CD)
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Fig. 4: The 12 common passing/receiving patterns identified in this study by
matrix H. In each pattern, the network on the left is associated with passes
while the network on the right is associated with receptions.
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pattern is common amongst central defense midfielders and central defenders
who act as a pivot in the center of the pitch. The pattern is characterized by
many short and long passes from the center of the player’s own half of the pitch
towards both sidelines of the pitch in a variety of angles. The player also receives
passes in the same manner. The left midfield (LM) and right midfield (RM) pat-
terns are characterized by short passes concentrated on the left or right-hand
side of the opponent’s half. These patterns are not limited to midfielders and
include players who are more active in the midfield areas. The central attacking
midfield (CAM) pattern appears most frequently in playmakers (also known as
”number 10s”). This pattern is characterized by numerous receptions behind the
opponent’s box and forward passes. Lastly, the forward (F) pattern is seen most
often amongst strikers and forwards. This pattern involves short passes all across
the opponent’s half and numerous receptions behind and inside the opponent’s
18-yard box.

Table 1 shows the common passing/receiving patterns of 29 different players.
Each player is represented by a combination of 12 common passing/receiving
patterns. These players were selected as examples since they are amongst the
most well known in their conventional roles. In looking at each player’s combi-
nation of 12 patterns, one can interpret the individual passing/receiving style of
a player. These combinations show that the players’ styles have a correlation to
their conventional roles. However, conventional roles do not give the full picture
of a player’s passing/receiving patterns. 43% of the 1491 players studied in this
paper had a maximum weight of less than 50% in each of the 12 common pass-
ing/receiving patterns. This suggests that a substantial percentage of players do
not follow the specific pattern typically associated with their conventional role.
One example of this is the defender Koulibaly whose patterns are comprised of
41% LD, 14% CD, 30% of LM, and 13% CM. The 43% total of his LM and CM
patterns is a result of his contribution to playmaking in the midfield.

We chose to include the conventional role category in table 1 in order to
highlight the differences our model finds between players within the same con-
ventional role. One significant finding from this table comes from the LM and
RM patterns. LM and RM characterize patterns of passing/receiving focused
predominantly on the left or right-hand side of the pitch. Yet, some full backs
such as Delph and Walker have around 20% of these patterns, which is due to
their frequent movements from the sidelines into the midfield. These type of full
backs are known as ”inverted full backs”. At the same time, there are full backs,
such as Meunier, who have 0% of these patterns. This shows that our model can
distinguish between different types of patterns amongst players who hold the
same conventional role.

In looking at the 12 common passing/receiving patterns, one can see oc-
currences of each pattern in players who hold different conventional roles. For
example, the CAM pattern is seen frequently in midfielders, wingers, and for-
wards. The higher the percentage of this pattern that a player has, the higher
the probability that the player is involved in making plays behind the 18-yard
box. As a winger, Messi’s CAM pattern stands at 37%. Mertens, as a forward,
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Table 1: This table shows the common passing/receiving patterns of 29 differ-
ent players. Each player is represented by a combination of 12 common pass-
ing/receiving patterns. The maximum weight associated with each player is
shown in bold.

Conventional
Role

Player
Common Passing/Receiving Patterns (%)

CM RB LB LD RD LW RW CD LM RM CAM F

Full Back

T. Meunier 1 91 0 0 0 1 4 0 0 0 1 2
K. Walker 2 73 0 0 5 0 4 0 0 16 0 0
J. Alba 5 0 76 8 0 7 0 0 5 0 0 0
F. Delph 6 0 61 6 0 3 0 0 21 0 2 0

Midfielder

S. Busquets 60 0 0 2 0 0 0 19 1 9 9 0
K. D. Bruyne 29 12 4 0 0 13 21 0 3 10 8 0
A. Iniesta 22 0 6 2 0 23 0 1 29 0 17 0
L. Modric 39 5 0 0 10 0 16 2 0 22 7 0
Jorginho 70 0 0 0 0 0 0 0 19 5 6 0
N. Kante 72 0 1 0 1 0 3 2 2 8 12 0
G. Wijnaldum 56 1 3 2 0 4 2 1 10 7 11 3

Defender
G. Pique 6 7 0 2 68 0 1 7 0 9 0 1
K. Koulibaly 13 0 0 41 0 1 0 14 30 0 0 1

Winger

J. Sancho 9 0 29 0 0 52 1 0 2 0 3 3
Neymar 14 0 13 0 0 39 1 0 9 3 22 0
E. Hazard 12 0 5 0 0 29 17 0 1 5 27 3
C. Ronaldo 3 3 8 0 0 34 20 0 2 4 9 17
L. Insigne 3 0 36 1 0 49 0 0 5 0 3 3
M. Salah 0 12 0 0 0 1 63 0 0 5 11 7
L. Messi 10 4 0 0 0 3 23 0 1 21 37 2
M. Ozil 17 3 4 0 0 20 17 0 7 12 19 0
P. Dybala 25 7 2 0 0 3 29 0 0 10 20 4

Forward

R. Firmino 12 3 5 0 0 20 22 0 2 6 16 14
L. Suarez 4 1 4 0 0 31 11 0 1 1 21 25
R. Lewandowski 15 0 2 0 0 15 16 0 1 1 16 33
H. Kane 7 0 2 0 1 18 14 0 1 2 29 26
D. Mertens 8 0 2 0 0 23 6 0 1 5 37 18
T. Werner 2 9 14 0 0 20 27 0 0 0 3 24
A. Griezmann 29 4 5 0 0 15 17 0 0 2 21 7
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also has a 37% CAM pattern. The CM pattern appears in all of the players’
patterns. It is highest in midfielders but some players such as Dybala (winger)
and Griezmann (forward) have over 25% of this pattern.

Table 2: List of players most similar to A. Oxlade-Chamberlain, J. Henderson
and L. Messi based on Euclidean distance. The similar players are listed by order
of greatest similarity to each respective player.

Player
Common Passing/Receiving Patterns (%)

M RB LB LD RD LW RW CD LM RM CAM F

A. Oxlade-Chamberlain 22 12 4 0 1 9 26 0 0 16 9 0

X. Shaqiri 24 16 1 0 0 2 29 0 0 12 13 3
J. Mata 20 15 3 0 0 14 30 0 1 10 4 3
K. De Bruyne 29 12 4 0 0 13 21 0 3 10 8 0

J. Henderson 79 1 0 0 1 0 1 4 0 14 0 0

J. Weigl 77 0 0 0 2 0 0 9 0 11 0 0
T. Ndombele 74 0 1 0 1 0 3 2 1 15 3 0
Fabinho 74 0 0 4 1 0 2 6 3 9 2 0

L. Messi 10 4 0 0 0 3 23 0 1 21 37 2

E. Lamela 7 6 3 0 0 7 25 0 0 19 32 2
C. Eriksen 29 2 3 0 0 7 16 0 1 15 27 0
Rodrigo 17 2 4 0 0 9 21 0 1 5 26 16
P. Dybala 25 7 2 0 0 3 29 0 0 10 20 4
R. Saponara 31 0 0 0 0 11 18 0 0 10 29 0

M. Özil 17 3 4 0 0 20 17 0 7 12 19 0

Our model shows the intricacies of player patterns best when tasked with
analyzing the most complex conventional roles such as midfielders, wingers, and
forwards (in comparison to less complex roles such as defenders and full backs).
For instance, the midfielder De Bruyne is a combination of 29% CM, 12% RB,
4% LB, 13 % LW, 21% RW, 3% LM, 10% RM, and 8% CAM.

One can use these representations of player passing/receiving patterns to
find players with similar passing/receiving patterns. Table 2 provides examples
of players most similar to Messi, Oxlade-Chamberlain, and Henderson (based
on Euclidean distance) in our dataset. Players such as Lamela, Eriksen, Dybala,
and Özil are highly similar to Messi. These players are all known as playmakers
as well.

One can also see similarities between the results presented in table 2 and two
actual transfers that occurred in the summer of 2018. Shaqiri and Fabinho were
transferred to Liverpool FC from Stoke City FC and AS Monaco FC respectively.
Shaqiri was transferred to replace Oxlade-Chamberlain who was suffering from
a knee injury. Liverpool FC’s main central defensive midfielder in the 2017-
2018 season was Henderson. Henderson was replaced by Fabinho to give him the
opportunity to play higher up on the pitch. As shown in table 2, our model found
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that Shaqiri was the player most similar to Oxlade-Chamberlain and Fabinho
was the third most similar player to Henderson.

7 Conclusion

In this study, we defined a new model of representing football player roles
based on passing and receiving interactions. We developed a definition of player
roles, which consist of a linear combination of common and interpretable pass-
ing/receiving patterns. Using non-negative matrix factorization (NMF), we de-
composed players’ pitch passing and receiving networks into a linear combi-
nation of 12 common passing/receiving patterns for each player. Our results
showed that 43% of the 1491 players studied in this paper had a maximum
weight of less than 50% in each of the 12 common passing/receiving patterns.
We interpret this to mean that a significant number of players do not follow
the specific passing/receiving patterns typically associated with their conven-
tional role. The model also showed considerable differences in passing/receiving
patterns amongst players playing the same conventional role. It has also been
discussed that the model shows the most effective results in studying players
with more complex conventional roles such as midfielders, wingers, and forwards.
One can use the model to compare players and find similar players. For exam-
ple, our model found that Shaqiri and Fabinho had the highest similarity in
passing/receiving styles to Oxlade-Chamberlain and Henderson. This is consis-
tent with Liverpool FC’s transfers of Shaqiri and Fabinho to replace Oxlade-
Chamberlain and Henderson’s positions respectively in the summer of 2018.

It is worth mentioning that due to lack of data, the definition of player roles
in this study is only based on passing and receiving and does not incorporate
the off-ball movements and defensive roles of a player. Also, our model does
not address the tactical compatibility of a player when transferring from one
conventional role to a different conventional role.

In future research, we will incorporate off-ball movements and defensive inter-
actions in our model in order to generate a more comprehensive representation
of football player roles. The research may also explore the potential correlations
between team formations and player roles.
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