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ARTICLE INFO ABSTRACT

Keywords: Nowadays, coaches exploit data analysis in soccer (football) matches to plan their strategies against opponents.
Multilayer network Network science, a subdomain of data analytics, is widely used to analyze soccer matches by treating players
Perforflname analysis as nodes and passes between them as edges. However, single-layer methods for analyzing games overlook
Core player

critical information by aggregating different types of passes into one layer. This paper introduces a new
model called the Complex Multiplex Passing Network (CMPN) for analyzing team sports performance, with
a focus on soccer matches. We utilized a real-world dataset to construct the multilayer structure of the
CMPN. Each layer represents a specific type of pass between players. Using the CMPN, we conducted various
analysis tasks at different topological scales. Firstly, we identified the core players of teams by calculating the
PageRank versatility of each player. Next, we discovered the types of passes between trios of players based
on multilayer motifs. Additionally, we measured similarities between passing tactics using the Pearson inter-
layer assortativity measure. Finally, we employed a long short-term memory network to predict the outcomes
of attacking plays using the CMPN model. The predictions achieved over 90% accuracy and approximately
70% F-measure. These findings offer practical value to coaches and performance analysts, as they enable
appropriate planning by predicting playing styles in different competitions and neutralizing the strategies of
opposing teams.

Long short-term memory
Outcome prediction
Soccer

1. Introduction of players in their teams. (3) The macroscale level considers the whole
network of a team to find out the team’s tactics and strategies.

In this work, we propose a complex multiplex passing network (CMPN)
by considering each type of pass between players as a separate layer.
We create a multiplex network for each team separately. Players con-
nect with intra-layer edges in every layer, and replicas between layers
connect with inter-layer edges. So far, the methods presented for ana-
lyzing passing networks of teams only involved single-layer (monoplex)
networks. These methods lose lots of information due to their simpli-
fication by neglecting the importance of distinct types of passes by
aggregating them into just one layer. This approach changes topological

During the FIFA World Cup Qatar 2022™, FIFA shared insights, met-
rics, and performance data of various games which happened during
the tournament [1]. Data scientists of soccer clubs can use analytical
methods on this data to prepare critical information like patterns of
plays, tactics, and key players of opponent teams for coaches to improve
team performance strategies [2]. In soccer, one of the most important
methods for analyzing a team’s performance is by considering players
and passes between them through passing networks. Sports scientists

use passing networks to (i) characterize a player’s role in a team, (ii)
find players with similar passing skills, and (iii) determine the impor-
tance of players [3]. The following topological scales are used in the
literature for analyzing a team’s performance [4]: (1) The microscale
level investigates the importance and role of players in their teams’
networks. (2) The mesoscale level discovers motifs and communities

and dynamical properties throughout the passing networks. Conse-
quently, they are prone to achieve misleading results in determining
opponent key players, tactics, and strategies. The main contributions
of this study are as follows:

1. A novel CMPN model is proposed by considering different types of
passes made by team players in a game. The proposed model can help
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data scientists to analyze team sports performance at the microscale,
mesoscale, and macroscale levels.

2. At the microscale level, we identify core players using the pro-
posed CMPN. We define the core players of teams as ones having an
essential effect on implementing different tactics. We determine these
core players by preserving the information in the multilayer nature
structure of team sports. We use the PageRank versatility measure on
the proposed CMPN to explore the players with the most impact in
playing teams’ tactics.

3. At the mesoscale level, we find multilayer motifs using the
proposed CMPN to discover patterns leveraging different tactical passes
by trios of teams. We detect motif building blocks of teams to find
frequent passing patterns that consist of different layers in the proposed
CMPN.

4. At the macroscale level, we present a method for calculating
similarities between different passing tactics of a team using the pro-
posed CMPN. We determine similarities between distinct passing tactics
of teams that compose layers in the CMPN. We compare the Pearson
inter-layer assortativity measure on the out-degree of every node,
i.e., the passes made by each player, to determine similar tactics in
the CMPN. Finally, We present a novel method for Outcome Prediction
of Attacking Plays (OPAP) in soccer competitions. Our approach utilizes
the Attacking plays Detector (APD) algorithm to extract the trajectory
of passes from the moment of ball recovery by a team until the ball is
either shot or successfully scored at the opponent’s goal. By leveraging
the CMPN model to capture various types of passes and incorporating
the LSTM model, we achieve a prediction accuracy of over 90% and
an approximate F-measure of 70% when analyzing attacking plays in
real-world leagues, teams, and the World Cup.

The results prove the advantages of the proposed CMPN over an
aggregated single-layer network in all analytical scales by exploiting
the multilayer structure of passing networks.

The remainder of this paper is structured as follows: Section 2
provides a comprehensive review of the related works in the literature
pertaining to the topic. Section 3 presents the novel methods proposed
in this study, including the CMPN model and the OPAP method. Sec-
tion 4 presents the results of applying these methods, showcasing their
effectiveness and performance. Section 5 offers a detailed discussion
highlighting the superiority of the CMPN model and its advantages in
analyzing team sports performance. Finally, Section 6 concludes this
article by summarizing the key findings and contributions.

2. Related works

In this section, we review the literature of passing network studies
for team sports performance analysis at all topological scales.

2.1. Microscale analysis

Most works at the microscale level are dedicated to determining
the importance level of players in team passing networks. Researchers
usually have used centrality measures defined in complex networks for
finding teams’ key players and their positions in pass sequences [5—
7]. One such measure in past works is the degree centrality of a node,
which is the number of edges connected to it. In sports analysis, the
degree centrality of a player shows the strength of this player in a
team [8]. In directed graphs, two types of degree centrality exist,
namely out-degree and in-degree centralities. Degree centrality or out-
degree centrality is the number of passes made by a player to his or her
teammates, and degree prestige or in-degree centrality is the number
of passes received by the player from their teammates during a game.

The PageRank algorithm is a recursive idea of importance for assess-
ing the relative importance of nodes in a network [9]. In the context of
soccer analysis, the PageRank centrality takes into account the passes
received by a player from other influential players. The PageRank
centrality of player i in a soccer match is calculated using Eq. (1). In
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this equation, A;; is the number of passes made from player j to player
i, and L;“’ = Y; Aj; is the total number of passes made by player j,
i.e., the out-degree of that node. The heuristic parameter p shows the
probability that a player passes a ball instead of keeping or shooting it
to the goal. In addition, the parameter ¢ gives free popularity to each
player in the team. The values of p and ¢ are usually set to 0.85 and 1,
respectively [10].

A
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A player’s PageRank score recursively depends on the PageRank
scores of his or her teammates. Therefore, all the PageRank scores
of a team’s players must be calculated simultaneously. The PageRank
centrally approximately assigns a player the probability that this player
owns the ball after some appropriate number of passes are made and
received between team players [2].

2.2. Mesoscale analysis

At the mesoscale level, motifs with three/four players are studied
in the literature [4]. Motifs are specific patterns (subgraphs) that are
statistically very common in a complex network. The importance of
these patterns is measured using their presence in the target network
compared to their occurrences in a set of randomly generated networks.

Motif analysis of passing networks shows that frequent specific types
of passes between players can be related to unique styles of teams.
These motifs also help data scientists to distinguish leaders in passing
networks [4]. Flows in the motifs of a passing network explain how
players are involved in ball-passing sequences of their team [11].

2.3. Macroscale analysis

At the macroscale level of analysis, various metrics provide a com-
prehensive understanding of a team’s network and its outcomes in
matches. These metrics include edge count, edge density, and aver-
age path length, which offer insights into the characteristics of team-
work [12]. Metrics such as the clustering coefficient, network average
shortest path, and the number of nodes occupied by a team further
explain the organization and structure of the team’s network [13].
Additionally, the importance of positions within soccer passing net-
works can be measured by comparing various network attributes across
different playing positions [14]. Furthermore, the weighted adjacency
matrix of soccer teams is studied to recognize the main players in
offensive processes [15].

Predicting soccer match outcomes is crucial for both soccer clubs
and betting organizations. To address this, machine learning algorithms
are employed to forecast the results of soccer games using various
match and player attributes as inputs [16]. Furthermore, integrat-
ing domain knowledge specific to soccer into the modeling process
enhances the accuracy and reliability of outcome predictions [17].
Ball-passing distribution data and social network analysis help predict
the win-lose outcome of soccer matches and provide information such
as the need to change passes between specific players for winning
the subsequent games [18]. The match outcome and goal scoring
are related to the passing network centrality of various playing po-
sitions during passing sequences [7]. The main trends of a soccer
match based on probabilities of winning, losing, and drawing as home
or visiting teams can be determined by incorporating measures of
weighted and directed passing networks [19]. Mainly, Long short-term
memory (LSTM) networks are used in the literature for soccer match
predictions [20,21].

Researchers have also studied trajectories in soccer matches via
deep learning algorithms. Trajectory data encodes information about
the dynamics of the process that is implicit in the original event
data [22]. LSTM networks are beneficial for planning the optimal
shooting trajectory of players to score a goal [23]. Deep bidirectional
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long short-term memory and mixture density networks are utilized on
trajectory data for shot prediction in basketball games which could help
coaches and players decide when and where to shoot [24].

To our knowledge, no study utilized multilayer networks in team
sports performance analysis [4,25], except an idea given by Ramos
et al. for analyzing attacking plays in soccer matches [26]. In their
work, the concept of an attacking play in soccer was defined as the
period from the moment of ball recovery by a team until the ball is
either lost or shot at the opponent’s goal. Consequently, they drew a
temporal bipartite network for each attacking play and projected each
network into two separate single-layer networks, i.e., events projection
and players projection networks. However, their analysis was limited to
projecting the bipartite networks into single-layer networks, neglecting
the valuable multilayer structure.

3. Methods

In a single-layer network, a passing network can be represented
using a graph G = (V, E) in which nodes V demonstrate the players
of a team and edges E show the passes between them. In contrast,
multilayer networks encode more information than single-layer net-
works [27]. A multilayer network can be represented using a quadruple
G = (A,L,V,E) in which A and L show the sets of actors and layers,
respectively. Nodes and edges of the multilayer network are shown as
V CAx L and E CV xV [28]. Each actor (player in the CMPN) must
be present in at least one layer. It is to be noted that each layer is not
required to contain all actors. Nodes exist in layers if at least there is
an edge connection to them.

Multiplex networks are a special type of multilayer networks with
a one-to-one mapping of the nodes in different layers, also called
replica nodes. Inter-layer edges can exclusively connect to correspond-
ing replica nodes in a multiplex network. These networks often de-
scribe the interactions between the same set of nodes, with each layer
characterizing a different type of interaction [29].

We use the Wyscout company dataset for building our CMPN model.
This dataset includes soccer logs of events during men’s soccer matches
for some first-division leagues of European countries in 2017-2018,
World Cup 2018, and European Cup 2016 in JSON format [30]. The
Wyscout dataset includes the following types of passes [30,31]:

1- Cross: A player passes the ball from a side of the pitch into the
penalty area, trying to create some dangerous situation.

2- Head: A player tries to pass the ball with the head.

3- High: These are long-range passes in the air with a specific target
or idea.

4- Launch: These are long-range passes in the air without a specific
target or idea.

5- Simple: These are short-range or long-range passes on the ground,
which are not difficult to be sent.

6- Smart:A player makes a smart pass between two or three op-
posing players, leading his or her teammates to a suitable attacking
position.

We build the layers of the CMPN model based on these six types of
passes. Hence, the set of layers in the CMPN is L = {Cross, Head, High,
Launch, Simple, Smart}.

Algorithm 1 shows the pseudocode for building the proposed CMPN
model. First, we build a Python Pandas DataFrame from spatio-temporal
log events named Events (Line 1). Then, we distinguish types of passes
from the Events which form the layers of the proposed CMPN and save
them in an array named Layers (Line 2). Next, we choose the players
of teams and store their events in Actors DataFrame (Line 3). For every
layer of CMPN, we build a distinct DataFrame and label Actors in each
layer as sender or receiver of each pass in events (Line 5). We calculate
players’ locations by averaging the length and width positions of the
players on the field when they make passes. We use these positional
metadata to draw players on a soccer pitch (Line 8).
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To accurately calculate multilayer network measures in the CMPN
model, we assign edges with a weight of 1 between replica nodes. These
edges represent the interconnections between all pairs of layers in the
network (Line 13). In each layer of the CMPN, we create directed edges
from a sender player to a receiver player for each pass. The weight
assigned to these edges represents the number of passes between the
corresponding players(Line 15).

Algorithm 1 Building Complex Multiplex Passing Network (CMPN)

Require: Spatio-temporal log events
Ensure: CMPN
1: Events < Spatio-temporal log events
: Layers < PASS_TYPES(Events)
: Actors < SELECT PLAYERS(Events)
: for each pass € Layers do
Senders[pass] & Receivers[pass] < SEND_RECEIVE[Actors]
: end for
: for each P1 € Senders do
Position[pl] = MEAN(p1[pass][length], p1[pass][width])
: end for

© O N U A W

10: for each pass € Layers do

11 for each P1 € Senders & P2 € Receivers do

12 if P1 = P2 then

13: Weight[pl][p2] < 1

14 end if

15: Weight[pl[pass]]|[p2[pass]] €« PASS_NUM(P1, P2, pass)
16 end for

17: end for

In the past, researchers used a weighted directed adjacency matrix
in single-layer network analysis of team performance [8]. Formally, a
weighted directed adjacency matrix Wji is used to display the edge’s
weight from each node i to each node j. However, in multilayer
network analysis we use a weighted directed adjacency tensor. A
tensor is a geometric element defined by indexes that indicate its rank.
Its superscript index shows a canonical contravariant vector, and its
subscript index shows a canonical covariant vector [32]. Formally, we
use a weighted directed adjacency tensor M J‘; to display each node’s
edge weight i in each layer a to each node j in each layer .

In the following steps, we use the CMPN model for microscale,
mesoscale, and macroscale analyses of soccer teams. We use Python
and R programming languages to implement these steps.

3.1. Microscale analysis

In soccer matches, identifying key players who are important for
implementing team tactics and strategies is vital. In our study, we
term these players as “core players” within their respective teams. To
identify these core players in the teams’ CMPN, we utilize the Pagerank
versatility measure, an extension of single-layer PageRank centrality
known for effectively capturing the most central node in a multilayer
network (De Domenico et al. 2015).

The Pagerank versatility measure is particularly suitable for mod-
eling ball-passing dynamics in soccer. As players have the ability to
make different types of passes to their teammates, the Pagerank ver-
satility measure allows us to account for this versatility within the
proposed CMPN. To calculate the Pagerank versatility, we incorporate
a transition tensor that enables a random walker to either jump to
a neighboring node or teleport to any other node in the network.
Teleportation is possible across multiple layers, with the rate varying
depending on each layer. For the sake of simplicity, we assume a
uniform teleportation rate across all layers in our CMPN.

The rank-4 transition tensor R'% for a random walker that jumps to
its neighbors at rate r and teleports to other nodes in the multilayer
network at rate 1 — r is calculated using Eq. (2). In this equation, TI‘Z
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denotes the tensor of transition probabilities for jumping between pairs
of nodes and switching between pairs of layers, N is the number of
nodes, L is the number of layers, and U® is a rank-4 tensor, in which
all of its components have a value equal to 1. We set the r value to 0.85
as in the classical PageRank algorithm to match the literature [10].
i i 1-r
Ry =1l 4 S
The steady-state solution of the master equation for transition tensor
R calculates the PageRank centrality of nodes in the multilayer
network [33]. The eigentensor of the transition tensor R;." , denoted by
Q,,, indicates the probability of the steady-state solution for finding a
random walker in node i and layer a [34]. As a result, the PageRank
centrality for node i and layer « is calculated according to Eq. (3). In
this equation, 4, is the largest eigenvalue.

v @

R Qi = 412 3

The determination of the importance of pass types involves sub-
jective judgments that can be effectively addressed through pair-wise
comparisons. In this study, we utilize the analytic hierarchy process
(AHP) to determine the weights of CMPN layers. AHP is a measurement
theory that allows the evaluation of intangibles in relative terms, partic-
ularly useful when decision-making involves personal involvement and
preferences [35]. In our study, we implement AHP using Saaty’s funda-
mental scale, which assigns an absolute scale from 1 (equal importance)
to 9 (extreme importance) to assess the intensity of importance [36].
We then employ tensor contraction to calculate player versatility based
on the obtained weights [32]. The player with the highest versatility is
referred to as the core player within the team.

3.2. Mesoscale analysis

Multilayer motif analysis can reveal new insights which could not
be obtained by studying single-layer motifs. We investigate motifs with
three nodes in the proposed CMPN to discover patterns leveraging
various tactical passes by trios of teams, which are missing in the
aggregated single-layer network [37].

We use MuxViz, an open-source software containing a collection of
algorithms for analyzing multilayer networks [38], to detect multilayer
motifs of the CMPN. MuxViz incorporates FANMOD, a tool that im-
plements the RAND-ESU algorithm for network motif detection [39].
We set the FANMOD parameters as follows: motif size = 3, number
of samples for approximated calculation = 1000, null model = local
const, number of random networks to use for assessing significance =
100, Exchanges per edge = 3, and exchange attempts = 3.

3.3. Macroscale analysis

At this level, our investigation focuses on two main objectives: ana-
lyzing the similarity between passing tactics employed by soccer teams
and predicting the outcomes of attacking plays in soccer competitions.

3.3.1. Similar tactics

To analyze team plays effectively, we employ a method that evalu-
ates the similarity between distinct tactics utilized by each team during
a game. By identifying the opposing team’s players involved in differ-
ent tactics, coaches can take appropriate actions to neutralize several
strategies employed by the opposition. In the proposed CMPN model of
a team, each layer represents a tactical relationship between the team
players. We determine similar tactics by calculating the correlation
of the inter-layer assortativity for each pair of the CMPN layers. We
define assortativity type based on the out-degree of every node, in other
words, the passes made by each player.

There are various similarity measures for comparing individual
structures of layers in multilayer networks. We use the Pearson inter-
layer assortativity measure to calculate the similarity between the types
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of passes in the CMPN model. For this purpose, we calculate the Person
correlation coefficient between the number of passes made by players
and their replicas in other layers for the whole types of passes of the
proposed CMPN. Eq. (4) presents the Person correlation coefficient in
which couv(x, y) is the covariance of degree value for two nodes x and
y. s, and sy show the standard deviation of these nodes [29].

;o cov(x, y) @

S¢Sy

3.3.2. Outcome prediction

The outcome prediction of attacking plays holds significant impor-
tance for coaches and soccer analysts as it allows them to enhance the
organization of their teams. We propose the Attacking plays Detector
(APD) algorithm that leverages the CMPN model to distinguish the
distinct passing trajectories that begin from a ball recovery and end
either with a shot or goal. These trajectories incorporate the inherent
multilayer nature of pass sequences in soccer matches. In the APD al-
gorithm, we required spatio-temporal log events and the distinguished
types of passes which construct the layers of the CMPN model. The APD
pseudocode is presented in Algorithm 2

Attacking plays begin with a ball recovery or kick-off, which are set
to “B” parameter events (Line 2), and end with a shot or goal, which
are set to “E” parameter events (Line 3). These parameters also can be
adjusted to include additional types of events. We store the number of
events in “z” (Line 4). The parameter “t” store the time steps of events
as the events are temporal (Line 5). We store the maximum length of
attacking plays in MaxLen parameter (Line 6).

During match events (Line 7), when an event from the “B” set occurs
(Line 8), we start a new trajectory array until we reach an “E” event
(Line 11) and append events from the types of passes of the CMPN (Line
12) to the trajectory (Line 13). If we reach a “B” event during these
steps, we put away the previous trajectory and start a new trajectory
because we want trajectories from “B” to “E” sets (Line 14). If the last
event of the trajectory is a goal, we label it as “1”, and if the last event
is shot, we label it as “0” (Lines 19-22). We update the MaxLen variable
if the length of the detected trajectory is greater than its value (Lines
24-25). Finally, As the trajectory from “B” to “E” is completed, we
append that to the Attacking plays array (Lines 27).

Now, we present a novel method for outcome prediction of at-
tacking plays in soccer matches using multilayer networks and deep
learning concepts. LSTM networks comprehend data sequences and can
deal with the vanishing gradient problem in recurrent neural networks.
Therefore, we use the LSTM network to discover which attacking plays
are more likely to end up with goals at different competition levels,
such as the World Cup, European Leagues, and teams.

The pseudocode of the OPAP method for predictability analysis of
competitions is presented in Algorithm 3. First, we split the derived
attacking plays dataset from Algorithm 2 into train and test data sets.
We use stratified sampling to randomly selects samples from each class
in proportion to their representation in the dataset and dedicate 20
percent of the data for testing and 80 percent for training the LSTM
model (Line 1). The dataset exhibits an imbalance, with a significantly
lower number of goals compared to shots in soccer matches. To address
this issue, we adopt a standard approach from the existing literature,
specifically designed to handle imbalanced datasets present in our
study [40]. We apply undersampling exclusively to the training set,
while the test set remains unaltered. In other words, no undersampling
is applied to the test set. Consequently, our model is trained solely on
the undersampled training set.

Pass-type features are encoded using the One-Hot encoder for
preparing data to input the model (Line 2). After that, we used these
encoded layers to transform the dataset of attacking plays into One-Hot
labeled sequences (Line 3). The LSTM model needs an equal size of
sequences for training. Therefore, the sequences must be padded to the
maximum length of attacking plays to have the same size to input into
the model. We select post-padding at this step to use the CUDA Deep
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Algorithm 2 Attacking Plays Detector (APD)

Require: Spatio-temporal log events & Layers from CMPN (Algo-
rithm 1)
Ensure: Attacking Plays

1: Events < Spatio-temporal log events
2: B « Set beginning events of trajectories
3: E < Set goals and shots events as ends of trajectories
4: z < LENGHT(Events)
5:1<0
6: MaxLen <0
7: while ¢ # z do
8: if Events[t] € B then
9: new T'rajectory
10: tet+1
11: while Events[t] € E do
12: if Events[t] € Layers then
13: Trajectory.append(Events[t])
14: else if Events(t] € B then
15: new T'rajectory
16: end if
17: t<st+1
18: end while
19: if Events[t] = Goal then
20: Trajectory.Label < 1
21: else if Events[t] = Shot then
22: Trajectory.Label < 0
23: end if
24: if LENGT H (Trajectory) > MaxLen then
25: MaxLen < LENGT H(Trajectory)
26: end if
27: Attacking Plays.append(Trajectory)
28: end if

29: t<t+1
30: end while

Neural Network (cuDNN) implementation in the Keras deep learning
framework [41] (Line 4).

We split the TrainData into ImbalancedData and ValdataionData
sets. We again use stratified sampling to randomly selects samples
from each class in proportion to their representation in the dataset and
dedicate 20 percent of the train data for validating and 80 percent for
training the LSTM model (Line 5). The ValidationData has the same
distribution as TestData, and we use it to tune the hyperparameters of
the OPAP model. The training procedure does not used the Validation-
Data and evaluation metrics are resulted on ValidationData at the end
of each epoch. After that, we use the random undersampling method on
the ImbalancedData to select all attacking plays with goal outcomes and
a subset of attacking plays with shot outcomes for training the proposed
deep learning model (Line 6). We select random undersampling due to
its simplicity and relatively low execution time [42].

Next, we build the deep learning outcome prediction model. We set
the number of steps to MaxLen and the number of features to distinct
types of passes in the CMPN model (Lines 7-8). We use a sequential
model consisting of an LSTM layer with units as same as the number
of features followed by a dense layer with one unit and the sigmoid
activation function to guarantee that the output of this unit will always
be between 0 and 1 (Line 9).

To compile the model, we use the Adam optimizer and set its
parameters as learning_rate = 0.001, beta_1 = 0.9, beta_2 = 0.999, and
define binary cross-entropy as the loss measure (Line 10). The model is
trained using batch sizes of 8 samples over 100 epochs. Throughout the
training process, we monitored and recorded accuracy and loss values
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Table 1

Actors in the Juventus team CMPN for the benchmark game.
Actor number Wyscout-ID Label
1 3318 S.Khedira
2 3323 G.Higuain
3 20395 M.De-Sciglio
4 20443 M.Pjanic
5 20455 G.Buffon
6 20461 G.Chiellini
7 20579 M.Benatia
8 20588 K.Asamoah
9 25437 B.Matuidi
10 89186 P.Dybala
11 105334 Douglas-Costa

for both the training and validation datasets (Lines 11-12). Finally, we
present the evaluation metrics for the test dataset (Line 13).

Algorithm 3 Outcome Prediction of Attacking Plays (OPAP)

Require: Layers (Algorithm 1) & Attacking Plays, MaxLen (Algo-
rithm 2)

Ensure: The LSTM accuracy in outcome prediction

: TrainData & TestData < SPLIT (AttackingPlays)

: Endocded Layers < OneH ot Encoder(Layers)

: Endocded Dataset < Trans form(TrainData, Endocded Layers)

: PaddedData < Padding(Endocded Dataset, M ax Len)

. Imbalanced Data & ValidationData < SPLIT(Padded Data)

. Dataset < Undersampling(Imbalanced Data)

: Steps & MaxLen

. Features <« LENGT H(Layers)

: OPAP_Model < ADD(LST M (Steps, Features), Dense(sigmoid))

: OPAP_Model < COM PILE(Adam, binary_crossentropy)

. Accuracy & Loss < OPAP_Model(Dataset)

. Val_accuracy & Val_Loss <« OPAP_Model(ValidationData)

. Evaluation_Metrics < OPAP_Eval(TestData)

[
—~ O 0V ®ENOUAWN~

—
w N

4. Results

We tested and evaluated the proposed CMPN using multiple soccer
matches from the Wyscout dataset. Fig. 1 displays the CMPN model for
the match between Juventus and Napoli, which took place on Decem-
ber 1, 2017. This match is considered a benchmark in the reference
dataset paper by Pappalardo et al. [30]. Hence, we selected this game
to demonstrate the results of microscale, mesoscale, and macroscale
analyses conducted on the CMPN.

In the CMPN, players are considered as the actors, while types of
passes represent the different layers. In Fig. 1, layer numbers are below
the types of passes. Within each passing layer, the intra-layer edges
represent the passes made and received between players. Inter-layer
edges with a weight equal to 1 exist between replica players, but we
do not draw them in this figure to have a clear view of the CMPN.
Table 1 shows the actor number, Wyscout-ID, and label for each player
in the starting lineup of the Juventus team in the benchmark game.

Fig. 2 illustrates all passes between players as layers are ignored.
In other words, it shows when the layers of the CMPN (see Fig. 1) are
aggregated into a single-layer network. Due to the loss of information
when aggregating different types of passes between players in the
aggregated single-layer network, it is non-trivial to determine core
players, discover multilayer ball-passing motifs, distinguish similarities
between different team ball-passing tactics, and predict the outcome of
attacking plays via types of passes. In the next steps, we demonstrate
the benefits of the CMPN over an aggregated single-layer network in
detail.
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Fig. 1. CMPN of the Juventus team in the benchmark game. Each layer in the CMPN corresponds to a specific type of pass, with the layer numbers indicating the different pass

types.

Fig. 2. Aggregated single-layer passing network of the Juventus team in the benchmark
game.

4.1. Microscale analysis

Fig. 1 demonstrates that certain players, like Matudi, play key roles
in implementing diverse tactics due to their ability to make various
types of passes. However, the versatility of these players in making
passes within a single-layer network cannot be captured because the
passing information is lost when aggregating different passing tactics
together.

Table 2 shows some of the statistics for the CMPN of the Juventus
team in the benchmark game. The first column is the number of non-
isolated nodes for every layer. All the players are present in the Simple
pass layer. However, their presence in other layers is less. The second
column is the number of directed edges disregarding their weights in
each layer. Smart and Cross passes play a crucial role in creating signif-
icant scoring opportunities for teams. However, their lower occurrence
in soccer matches can be attributed to the inherent difficulty involved
in making these passes.

To validate the CMPN model from a sports science perspective,
we consulted with the subject matter experts of a famous Iranian
soccer analysis television program focused on soccer matches played
in the Persian Gulf Pro League. The TV program had a soccer analysis
department with eight experts to analyze soccer matches played in the
Persian Gulf Pro League every week. They were familiar with the AHP
method and provided us with the final pairwise comparisons of the
CMPN layers in Table 3. After that, we calculate the importance weight
of CMPN layers via the AHP method in Table 4.

Table 2
CMPN  Statistics
benchmark game.

of the Juventus team in the

Layer Nodes Edges

Cross 3 3

Head 7 12

High 9 23

Launch 5 8

Simple 11 81

Smart 3 3

Table 3
Pairwise comparisons of CMPN layers.
Layer Cross Head High Launch Simple Smart
Cross 1 7 5 9 7 0.11
Head 0.14 1 0.33 9 3 0.11
High 0.2 3 1 9 5 0.11
Launch 0.11 0.11 0.11 1 0.11 0.11
Simple 0.14 0.33 0.2 9 1 0.11
Smart 9 9 9 9 9 1
Table 4
Importance weight of CMPN layers.

Layer Weight

Cross 0.21

Head 0.08

High 0.11

Launch 0.02

Simple 0.08

Smart 0.5

Fig. 3 shows the PageRank results for the Juventus players in the
benchmark match. Ranking players based on multilayer PageRank val-
ues is essential to distinguish the core players of teams. Therefore, we
calculated the PageRank versatility of Juventus players in the proposed
CMPN versus the PageRank centrality in the aggregated single-layer
network for some Juventus matches. The PageRank values indicate that
Matuidi has higher rankings than Chiellini in the proposed CMPN for
Juventus matches. However, this ranking contradicts the aggregated
network due to the information loss that is caused by projecting it onto
a single-layer network. This discrepancy arises from the fact that player
Chiellini primarily performs Simple passes. In contrast, player Matuidi
is actively involved in crucial layers, such as the Smart pass layer. As
a result, player Matuidi emerges as the core player within his team.

The calculation of centrality measures in the proposed CMPN is
more reliable than calculating over the aggregated network or calcu-
lating centrality for each layer and then adding them with a selective
heuristic. So far, researchers for determining key players of teams via
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Fig. 3. Multilayer vs Aggregated PageRank comparison of Juventus players.

Table 5 Table 6
Motifs inside the Juventus team CMPN. Motifs inside the Barcelona team CMPN.
Motif Adj.Matrix Frequency Motif Adj.Matrix Frequency
0 5 0 0 5 0
5 0 5 0.038 5 0 5 0.203
35 0 5 5 0
0 6 5 0 0 5
6 0 5 0.025 0 0 5 0.127
5 5 0 5 5 0
0 5 6 0O 0 5
5 0 5 0.025 5 0 0 0.044
5 5 0 5 5 0
Table 7
their passing networks did not consider the ability of a player to make Pearson inter-layer assortativity for Juventus CMPN.
different types of passes. For simplification, they assumed the same Layer Cross Head High Launch Simple Smart
importance level for all types of passes in calculating the centrality Cross 1 -0.261 -0.463 -0.251 0.099 0.722
of players. However, players who can make different types of passes Head 1 0.247 —0.259 0.324 —0.188
play a critical role in assisting the team in accomplishing their tactical High ! 0.607 0.19 -0437
biecti Launch 1 -0.399 -0.028
objectives. Simple 1 ~0.165
Smart 1

4.2. Mesocale analysis

Coaches can discover the building blocks of opposing teams by
analyzing their multilayer motifs. In Table 5, we present the most
frequently occurring multilayer motifs of the Juventus team in the
benchmark game, sorted by their frequency. The layer numbers in the
adjacency matrix correspond to the CMPN model layers. Additionally,
in Table 6, we showcase the most frequent motifs discovered in the
CMPN of the Barcelona team during their match against Real Madrid
on December 23, 2017. These multilayer motifs exhibit p-values lower
than 0.001, indicating their statistical significance [43].

Based on the findings presented in these tables, we conclude that
high passes play a central role in the primary tactical patterns executed
by the trios of the Juventus team. In contrast, Barcelona follows a
distinctive style known as Tiki-taka, renowned in Spanish soccer for
its emphasis on short and simple passing.

4.3. Macroscale analysis

In this section, we begin by identifying the similar passing tactics
utilized by the Juventus team in the benchmark game. Following that,

we present a comprehensive analysis of various evaluation metrics of
the OPAP method in selected competitions.

4.3.1. Similar tactics

In Table 7, we present the Pearson inter-layer assortativity measure
values for the CMPN layers of the Juventus team. The results highlight
that the Cross and Smart pass layers demonstrate the highest similarity,
with a Pearson criterion value of 0.722. Consequently, we can conclude
that there are shared players involved in these two distinct passing
tactics. Opposing teams could think of a way to control these players,
which can help them in increasing their chance of winning against the
Juventus team.

4.3.2. Outcome prediction

Due to the imbalanced nature of our datasets, we conducted a
comprehensive analysis of the OPAP method using diverse evaluation
metrics. This analysis aimed to provide deeper insights into the perfor-
mance of the method. A loss (cost) function accounts for the probabil-
ities or uncertainty of a prediction based on how much its predictions
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Table 8 Table 9

Competition levels. Evaluation metrics for test data.
Competition World Cup Italy league Juventus Competition World Cup Italy league Juventus
Matches 64 380 38 Accuracy 0.95 0.95 0.96
Passes 58081 346771 21861 Precision 0.85 0.81 0.83
Attacking plays 903 5973 335 Recall 0.6 0.6 0.71
Goals 80 626 59 F-measure 0.7 0.69 0.76

vary from the true value. Accuracy is the count of predictions where the
predicted values are equal to the actual values. Accuracy, Precision, Re-
call and F-measure values are calculated using the number of true posi-
tives (TP), true negatives (TN), false positives (FP), and false negatives
(FN) according to Egs. (5), (6), (7), and (8), respectively [44].

TP+TN

Accuracy = 5)
TP+TN+FP+FN
Precision = _Trr__ 6)
TP+ FP
Recall = _Tre 7)
TP+ FN

2 X Precision X Recall
F — measure = — ®)
Precision + Recall

To demonstrate the results of the OPAP method at various competi-
tion levels, we have chosen to analyze matches from the World Cup, the
Italy league, and specifically, all the matches played by the Juventus
team in the Italy league. By considering these different competition
levels, we aim to showcase the effectiveness and applicability of the
OPAP method across various soccer tournaments and teams. Table 8
enumerates the number of matches, passes, attacking plays, and goals
for these competitions. According to this table, the ratio of goals to
total attacking plays is 9%, 10%, and 17% for the World Cup, the Italy
league, and the Juventus team, respectively. The Juventus team was
the champions of the 2017-18 Serie A. As a result, it has a higher ratio
value than other general competition levels that include all teams.

The accuracy and loss values during the training process of the
OPAP method for predicting the outcome of attacking plays in the
competition levels are shown in Fig. 4. This figure proves that the
loss value is decreasing and the accuracy value is increasing during
training epochs of the OPAP method. The OPAP method achieves
an accuracy rate of over 90% and a loss rate below 30%, providing
compelling evidence of its ability to accurately predict the outcome of
attacking plays based on the distinct playing styles observed in various
competitions.® The plots in leagues such as the Italy league appear
smoother due to the larger number of games in these competitions.
With more data available for training the OPAP method, the results
tend to be more consistent. Conversely, the plots for the World Cup
and individual teams exhibit some variation due to the lower number
of matches in these scenarios.

Table 9 shows the Accuracy, Precision, Recall, and F-measure values
of the test data for each competition level. The Accuracy values indicate
that the OPAP method predicts the outcomes well. As a result, the OPAP
method can perfectly distinguish goal outcome structures of attacking
plays in each competition level by incorporating the CMPN model.

Our results indicate that coaches and soccer analysts can benefit
from the OPAP method to discover the best possible attacking plays
for scoring goals and plan to defend against the attacking strategies of
opposing teams.

3 The attacking plays datasets are available on “https://github.com/
Beheshtian/CMPN”.

5. Discussion

To compare the OPAP method with other existing approaches, we
implemented a random forests (RF) model for predicting the outcomes
of attacking plays in the World Cup competition, achieving a mean
accuracy of 80%. The RF algorithm is an ensemble method known for
its black-box nature, combining multiple independent decision trees
for classification and regression tasks. Additionally, it proves useful for
feature selection tasks [45].

Fig. 5 illustrates the SHAP (SHapley Additive exPlanations) values
for both the OPAP method and the RF outcome prediction model. These
values help identify important features for predicting the outcomes of
attacking plays. SHAP employs a game theoretic approach to explain
the outputs of powerful, albeit black-box, artificial intelligence mod-
els [45]. Fig. 5(a) demonstrates the sequence evaluation of the CMPN
model in the OPAP method, in which large consecutive sequences of the
Simple pass do not necessarily end up with goals. The RF algorithm is
useful for understanding the importance of the number of occurrences
for each type of pass in trajectories ending with goals. Fig. 5(b) illus-
trates the occurrence evaluation of the CMPN, in which large values of
the Simple pass in an attacking play have a low impact on the outcome
prediction, which means that although the most frequent pass in soccer
matches is the Simple pass, it has a low value for achieving goals. On
the other hand, the large values of the Cross pass have a high effect on
attacking plays ending with goals in this competition. In addition, the
Launch pass has no impact on the model output.

We calculate the mean percentage value for each CMPN layer
to find the structures of attacking plays ending with goals for each
competition. Our findings show that the lowest and highest values
belong to the Launch and Simple passes. According to the SHAP value
of these passes, they have little impact on determining the outcome of
attacking plays. Fig. 6 shows the values for the most important CMPN
layers in the World Cup, Italy league, and Juventus team. The Cross
pass has the highest percentage value in the World Cup, which means
the main plan for scoring a goal in that competition was to make this
type of pass. One reason for this decision could be that team players
in the World Cup have lower time compared to league competitions to
match their tactics, and coaches decide to use these long passes from
the sides of the pitch in their attacking play strategies as the easiest
way to score a goal. On the other hand, the Smart pass has the highest
value in the Italy league, which justifies coaches in Serie A having more
time for planning tactical strategies to design attacking plays.

The implementation of the OPAP method on the Wysout dataset
yields promising results, demonstrating the effectiveness of the CMPN
model in predicting the outcomes of attacking plays across various com-
petition levels. These findings prove valuable for coaches in adjusting
strategies, training teams, and analyzing the tactics of opponent teams.
Our model demonstrates a high level of trustworthiness, achieving an
accuracy rate of over 90% and an F-measure of approximately 70%
in predicting the outcome of attacking plays across all investigated
competition levels. This information is very beneficial for coaches
and soccer analysts to discover the best pass sequences based on the
characteristics of each competition to train their teams and plan for
increasing the chance of scoring goals in attacking plays.
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6. Conclusion

This paper proposed a novel model for performance analysis of
soccer teams using the Complex Multiplex Passing Network (CMPN),
focusing on soccer matches. In contrast with the traditional aggre-
gated single-layer passing network, the proposed CMPN model leverage
distinct types of passes between teammates in its performance analysis.

We demonstrated the advantages of the proposed CMPN in analyz-
ing team sports performance across various topological scales, utilizing
a real-world dataset. Our study comprehensively investigated the mi-
croscale, mesoscale, and macroscale levels, providing valuable insights
at each level. At the microscale level, we effectively identified core
players within the teams. Moving to the mesoscale level, we success-
fully discovered patterns of multilayer passing motifs that contribute
to overall team performance. Lastly, at the macroscale level, we iden-
tified similar passing tactics and proposed a method for predicting the
outcome of attacking plays. Remarkably, our predictive model achieved
an accuracy rate of over 90% for outcome prediction, with an approxi-
mate F-measure of 70%. These findings highlight the effectiveness and
practicality of our approach in enhancing team sports analysis and per-
formance evaluation. Coaches can leverage this valuable information
to analyze opposing teams, determine effective attacking and defending
strategies for their own teams, and maximize goal-scoring opportunities
across multiple matches.

As a future direction of this research, we aim to study relations
between the core players, motifs, and tactics of teams found in this
paper. For example, we will investigate the cooperation between motifs
in the proposed CMPN to understand how these building blocks are
related. In addition, we plan to utilize machine learning algorithms to
calculate the weights of the CMPN layers. Moreover, we aim to employ
Graph Neural Networks to predict the roles of core players in attacking
plays. The requirement of comprehensive datasets containing events of
soccer matches is a potential limitation of implementing the proposed
CMPN.
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