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Chapter 1 M)
Current Trend of Analysis ek
in High-Performance Sport

and the Recent Updates in Data Mining

and Machine Learning Application

in Sports

1.1 An Overview of High-Performance Sport

The term “High Performance” can be referred to as a process that encapsulates the
optimization of techniques and procedures to accomplish exceptional results. In the
sporting context, sports teams and organizations prioritize high-performance culture
[1]. A typical team or an organization of sport constitutes individuals with various
backgrounds, abilities, and obligations. These unique sets of people require diligent
leadership, thought, and action to thrive. Essentially, all the individuals involved need
to work harmoniously to realize the goal of achieving excellence.

Because of the political and financial significance of elite athlete performance at
both individual and team levels, many high-performing nations have included elite
sports on their national policy agenda [2]. Many nations’ policy agendas include an
emphasis on elite sports policy, elite financing, and a deliberate approach to devel-
oping athletes. As a result of this, researchers are interested in better understanding
elite sports systems, explaining variables that drive success and shaping policy.

The questions often asked are why some sports teams and nations excel while
others fail in high-performance sports. The answer to this question has ignited debates
which gave rise to the development of an emerging area of study for the past twenty
years [2]. A few examples of such studies are reported by the preceding investi-
gators [3-5]. However, it is important to note that several factors play a role in
shaping performance at a high level, and such success in high-performance sports is
determined by numerous indicators.
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1.2 Responsibilities and Influence of Referees in Top-Flight
Soccer Tournaments

The game of soccer also known as association football is considered an explosive
team event in which players are required to execute intermittent and short duration of
high-intensity exercises along with a concomitant recovery period of lower intensity
[6-8]. It has been reported that at the top-flight soccer tournament, players cover
distances exceeding 10 km per match which is approximately 600 m above 21 km
per hour [9, 10]. As a result, professional soccer referees must be of a high level of
fitness to follow the passage of the game throughout the players’ rapid movements,
changes of direction, and sprints. It is worth noting that referees must be in the
correct area and at the exact moment during every action, and they must attentively
observe players’ behaviour, understand the rules, and make key judgments within
seconds [11]. These demands and attributes make the work of referees highly complex
and hitherto, saddled with the responsibility of keeping the game attractive via the
implementation of valid and good judgement skills.

The referee is responsible for making split-second judgements, enforcing the
game’s laws on the participants, and presiding over the match from an unbiased point
of view. However, his (or her) mistakes might have detrimental effects on clubs, fans,
players, and teams from an economic, psychological, and social standpoint [12]. It is
not uncommon to hear people insinuating after a soccer match when the game result
typically did not favour them. Complaints such as “They were not better than us, the
penalty awarded to them was a mistake, the referee was clearly biased as he ought to
have awarded a penalty to us on a foul to Ronaldo. But today, they didn’t even go to
VAR when there were clear instances where the VAR should have been consulted”
[13]. It is against this background that the introduction of the video assistant referee
(VAR) was actualized to improve the decision-making of on-field referees. However,
despite the integration of VAR into the current refereeing system, the performances
of the referees are still questionable.

1.3 Recent Updates in Data Mining and Machine Learning
Application in Sports

The employment of machine learning in sporting activities has gained significant
attention in recent times. In fact, owing to its popularity, a number of review papers
have been recently published with regard to this particular topic [ 14—20]. This section
does not intend to compete with such literature, nonetheless, it aims to provide the
readers with a flavour on the utilization of such technology in the sporting domain.
Tan et al. [21] investigated the efficacy of different machine learning models,
i.e. k-nearest neighbours (kKNN), support vector machine (SVM), artificial neural
networks (ANN), Naive Bayes (NB), and random forest (RF) on the classification of
different Speak Takraw kicks based on data captured via inertial measurement units
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(IMU) placed on the shank of the participants. Different statistical features were
extracted from the IMU data before it was fed into the aforesaid machine learning
models. The 70:30 hold out ratio was utilized for training and testing, respectively. It
was demonstrated from the study that based on the features extracted that the ANN
model is capable of classifying well (no misclassification in the test dataset) the kicks
investigated, viz. serve (a.k.a. “tekong”), feeder as well as spike.

Thabtah et al. [22] investigated the efficacy of machine learning and its associ-
ated features in predicting National Basketball Association (NBA) game outcome.
NB, ANN, and decision tree (DT) were used in the study. The NBA Finals Team
Stats Dataset with match outcomes from 1980 through 2017 was obtained from
kaggle.com. Three different feature selection techniques were employed in the study,
namely multiple regression, correlation feature set, and the RIPPER algorithm. It was
indicated from the study that the defensive rebounds were found to be a significant
feature in influencing the results of an NBA game.

The classification of gait and jump in modern equestrian was investigated by
Echterhoff et al. [23]. A smartphone was attached to the horse saddle to acquire the
accelerometry and gyroscopic data. A total of 268 different features were extracted
from both the time and frequency domain, and a total of 22 variation of machine
learning models were investigated by considering the ninefold cross-validation tech-
nique. It was shown from the study that the cubic-SVM could achieve a classification
accuracy of 95.4% in distinguishing the four classes evaluated, namely walk, trot,
canter, and jump.

McGrath et al. [24] investigated the detection of cricket fast bowling by means
of machine learning from IMU acquired data. Different machine learning models
were evaluated, namely linear SVM (LSVM), polynomial SVM, ANN, RF, and
gradient boosting (XGB) from the reduced feature set of 223. Different sampling
frequencies were also evaluated to investigate the efficacy of the developed models
in classifying bowling and non-bowling events. It was illustrated from the study
that the SVM models demonstrated a slightly higher classification accuracy against
the other models evaluated in general although it should be noted that all models
achieved an accuracy of more than 95%, suggesting that the features extracted were
indeed significant.

The classification of boxing punches by means of machine learning via IMU
extracted data was investigated by Worsey et al. [25]. The participant was instructed
to perform jab, cross, hook, and uppercut using both the right and left hand. The
principal component analysis (PCA) was used to reduce the dimensionality of the
extracted features. A total of six machine learning models were evaluated, namely the
logistic regression (LR), LSVM, Gaussian SVM (GSVM), ANN, RF, and XGB. Itis
worth noting that the hyperparameters of the models were evaluated by means of the
exhaustive grid-search technique via fivefold cross-validation. It was demonstrated
from the study that the untuned GSVM and the ANN model could classify the punches
well.

A feature selection investigation was carried out by Duki et al. [26] in the classifi-
cation of Taekwondo kicks. Nine statistical features were extracted from the acceler-
ation data of an IMU, viz. minimum, maximum, mean, median, standard deviation,
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variance, skewness, kurtosis, and standard mean error. The significance of the features
was investigated by means of ANOVA as well as chi-squares (x?) test, before it was
fed into different machine learning models, namely SVM, RF, kNN, and NB, respec-
tively. The 60:40 hold out ratio was used in the study. It was shown from the study
that the features identified via the ANOVA method could yield a better classification
accuracy up to 86.7% via the RF model in comparison with utilizing all features, or
the features identified by 2.

Abdullah et al. [27] employed the use of six transfer learning models with opti-
mized SVM classifier to classify skateboarding tricks. Two input image types that
were extracted from an IMU that is fixed on the skateboard and transformed to stacked
raw signals (RAW), and continuous wavelet transform (CWT) was investigated. It is
worth noting that the hyperparameters of the SVM model were optimized via the grid-
search technique, and a training, testing, and validation ration of 60:20:20 was used
in the study. It was established from the study that the CWT-MobileNet-optimized
SVM pipeline was determined to be the best among all the permutation considered
by considering its computational time as well as its classification accuracy.

The identification of high-performance volleyball players (HVP) and low-
performance volleyball players (LVP) based on anthropometric variables and psycho-
logical readiness indicators by means of machine learning was investigated by Musa
et al. [28]. The Louvain clustering algorithm was used to distinguish the perfor-
mance of the players, while the logistic regression model was utilized to classify the
classes. Owing to the skewed nature of the data, the authors employed the Synthetic
Minority Oversampling TEchnique (SMOTE) to artificially increase the minority
class dataset to avoid the overfitting notion upon classification. It was shown from
the study that an excellent identification of the class of the player could be attained
based on the pipeline developed. It is apparent from the brief survey presented that
machine learning has gained significant traction in the sporting domain and has
demonstrated to be able to yield reasonably good prediction in a myriad of cases,
suggesting its invaluable contribution towards sports in general.

1.4 Mann-Whitney U-Test and Kruskal-Wallis Analysis

The Mann—Whitney U-test is a univariate mathematical analysis that is mostly used
to compare means. The U-test is a type of dependency test analysis that assumes
the variables in the analysis may be classified as independent or dependent [29].
The test’s logic is based on the assumption that fluctuations in the average scores of
the dependent variable(s) are mostly attributable to the independent variable’s direct
influence(s). It is worth mentioning that the independent variable(s) is also known
as a factor since it splits the observed samples into two or more clusters.

The Kruskal-Wallis test, developed by Kruskal and Wallis in 1952, is a nonpara-
metric method for determining whether samples are drawn from the same distribu-
tion. It broadens the Mann—Whitney U-test to include more than two groups [30, 31].
The Kruskal-Wallis test’s null hypothesis is that the mean rankings of the groups are
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the same. Kruskal-Wallis’s test is known as one-way ANOVA on ranks because it is
the nonparametric counterpart of one-way ANOVA [32].

As opposed to the r-test and F-test, the Mann—Whitney U-test and Kruskal—
Wallis’s test are considered a nonparametric analysis which signifies that no prior
assumption is established on the means of the distribution of the sample within
the variables of interests in the population samples. Unlike the equivalent one-way
ANOVA, the nonparametric Mann—Whitney U-test and Kruskal-Wallis’s test do not
assume that the underlying data is normally distributed [33].

These tests have been successfully applied in different sports and have been shown
to be effective in projecting differences between two or more levels of performance
classes. For instance, in a recent study, Mann—Whitney U-test has been applied to
identify the technical as well as tactical performance indicators that could differen-
tiate between the successful and unsuccessful teams in elite beach soccer compe-
titions [34]. In an earlier study, the Mann—Whitney U-test was also successfully
employed to study the probability of sustaining sports injuries among British athletes
partaking in wheelchair racing [35]. On the other hand, Kruskal-Wallis’s test was
reported to be effective in comparing and separating the use of substances in ballet,
dance sport, and synchronized swimming [36]. Similarly, the test has proved useful
in ascertaining the effect of open and closed-skill sports on the cognitive functions
of amateur table tennis athletes [37].

1.5 Features Extraction Analysis via Information Gain

In machine learning, information gain (IG) is a typical entropy-based function assess-
ment approach. The IG approach is often used to extract information from one or
more features concerning a particular categorical-dependent variable [38]. It should
be noted that in the current study, IG is used to assess the functionality that may be
employed in delivering information in order to estimate the significance of a certain
variable for classification or discrimination tasks. The IG is used in the current inves-
tigation to extract information that demonstrates the importance of the functions,
i.e. the performance parameters, in explaining the underlying associations with the
performance of referees in this sport.

1.6 Cluster Analysis

1.6.1 Hierarchical Agglomerative Cluster Analysis (HACA)

Hierarchical agglomerative cluster analysis is commonly used as a tool of exploration
as well as a non-exploratory method by which a cluster hierarchy for a single obser-
vation is established and a set of related observations form a distinct observation [39].
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It is important to note that in this algorithm, the learning process is decided by the
merges as well as the splits of the dataset, which are also implemented to isolate and
illustrate identical findings in a dendrogram [7, 40, 41]. It should be remembered that
HACA shows the number of clusters dependent on the vicinity of a given or prede-
termined cluster in the dendrogram. Distance of cosine was used in this analysis, and
the clustering validation technique was conducted by class centroids [42].

1.6.2 Louvain Clustering

The Louvain clustering method is also regarded as the most recent clustering algo-
rithm capable of classifying a given collection of data or observations. The method is
designed to complete the work in two discrete parts; in the first, it seeks for a “thin”
group by maximizing modularity in a classical approach. In the second stage, the
algorithm connects nodes from related communities to form a distinct community,
resulting in the formation of a new network of community nodes [43]. These steps
can be repeated repeatedly until a modularity condition is met. This step also adds to
the system’s hierarchical fragmentation and the production of many divisions [44].
The divisions are often based on the density of the communities’ borders, rather than
the intercommunity margins.

1.6.3 K-means Cluster Analysis

A k-means clustering method is a form of cluster analysis approach that divides a
set of data into k-predefined and non-overlapping subgroups called clusters, with
only one group given to each data point [40, 45, 46]. The method seeks to make the
inter-cluster data points as connected as feasible while maintaining the intra-cluster
data points as different as possible. The cluster analysis was used to assign into
groups based on performance indicators evaluated in this study. It is worth noting
that the Euclidean distance was used as a distance metric to assign the formation of
all clusters established in the study.

1.7 Principal Component Analysis as Data Mining
Technique

PCA is a mathematical method used primarily to identify the structure of a dataset
from a group of observed variables [40, 45]. PCA provides information about key
variables that might reflect a particular dataset by observing the spatial and temporal
heterogeneity of the entire dataset. The process of extracting information from the
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PCA is performed by removing the data that is made up of the least important compo-
nent and subsequently retaining the most useful information in the data [41, 47]. The
employment of PCA is non-trivial in removing the most important information from
a large dataset, which is crucial, as the analysis may serve to avoid wasting effort,
cost, and time since the original data is often retained.

1.8 Application of Machine Learning Models in the Study

In this brief, different supervised machine learning models, namely k-nearest neigh-
bours (kKNN), support vector machine (SVM), logistic regression (LR), and artificial
neural networks (ANN), were utilized towards the classifying different classes inves-
tigated. It is worth noting that the hyperparameters of the models evaluated were at
times optimized, and such instances are explicitly mentioned in the ensuing chapters
that involves the employment of machine learning models. The readers are encour-
aged to refer to our previous works [48—51], on the definition of the aforesaid machine
learning models as well as performance indices that are often used to evaluate the
efficacy of developed machine learning pipeline.

1.9 Datasets for the Study

A total of 6232 matches from five consecutive seasons (2017 through 2022) officiated
across the English Premier League, Spanish Laliga, Italian Serie A, French Liguel
as well German Bundesliga were retrieved from InStat Scout. The InStat Scout is one
of the leading sports performance analysis companies founded in Moscow in 2007
with currently over 900 offices globally. The data is made available for the users
upon subscription. InStat reported that the company examines referee performance
in greater depth than any other statistics firm. InStat Scout includes a profile for each
referee and generates a unique report after each match.

Due to the relative importance of referees’ statistics for both the national feder-
ation and referees themselves, InStat developed and covered over 63 indicators for
each referee, and to ensure the reliability and validity of the indicators, each indicator
is linked to videos that provide the activity profile of the referee as well as compre-
hensive reports on the referee’s overall activity in the match [52]. The indicators were
developed after a thorough consultation with top referees from numerous countries.
These indicators are from a complete profile of the referee’s actions during a match.
They covered aspects that constitute details statistics, decisions making, home and
away teams’ performance aggregates, injury time, distance metrics as well as reasons
for awarding cards to players. These statistics are non-trivial as they portray the extent
to which referees influence a match and how well they can officiate and keep up with
the game. Table 1.1 depicts a detailed description of the datasets utilized in the study.
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Table 1.1 Full datasets description in the study

Main statistics

Disputable decisions

Home-away teams aggregate

Matches refereed

Decisions which led to disputes

Home team goals

Fouls

Foul not detected

Away team goals

Challenges

Offside not detected

Fouls-home team

Yellow cards shown

Yellow cards (not shown)

Fouls-away team

Red cards shown

Red card (not shown)

Yellow cards (home team)

Direct red cards

VAR decision

Yellow cards (away team)

Red cards for two yellow cards

Goal disallowed

Red cards (home team)

Fouls per card

Red cards (away team)

Booking fouls (yellow card)

Booking fouls (home team)

Booking fouls (away team)

Injury time Distance metrics Cards reasons
Injury time Average distance to event Air challenges
First half injury time Distance to fouls Ground challenges
Second half injury time Distance to fouls leading to Handball
cards
Ball in play Distance to goals Challenges off the ball

% of actual ball in play time

Avg. referee distance to penalty
box + 2 m around fouls

Dangerous play

Remaining time Decisions in key zones, Misconduct
distance to 8 m

% of actual non-played time Decisions in key zones, Simulation/diving
distance to 820 m
Decisions in key zones, Attack wrecking

distance more than 2 m

Average referee distance in
other zones

Professional foul

Decisions in other zones from
close range (less than 25 m)

Decisions in other zones from a
distance (more than 25 m)
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Chapter 2 M)
Pattern Recognition of Misconducts ek
Offences and Bookings of Top European

Soccer Leagues Referees

2.1 Overview

Fouls and misconduct are acts made by players that are judged to be unfair by the
referee resulting in punishment by issuing cards or verbal warning during a soccer
match. Depending on the nature of the offence and the circumstances surrounding
it, an offence may be classified as a foul, misconduct, or both. Law 12 in the Laws
of the Game has addressed the issues of misconducts and fouls of the game [1]. A
clear distinction has been drawn between actions related to fouls and actions that
are deemed to be misconduct. A foul is an unfair action committed by a player
that is regarded by the referee to violate the game’s regulations and interfere with
the active play of the game. Fouls are penalized by awarding the other side a free
kick or a penalty kick depending upon where the offence is committed on the pitch.
Misconduct, on the other hand, is defined as any behaviour by a player that the referee
believes warrants a disciplinary consequence (warning or dismissal). Misconduct
may involve behaviours that are also illegal. Misconduct, unlike fouls, can occur at
any moment, even when the ball is out of play, at half-time, and before and after the
game, and both players and substitutes can be penalized for misconducts actions.
Misconduct may result in the player getting a warning by indicating a yellow card
or being expelled from the pitch by showing a red card [2].

Referees are saddled with the responsibilities of officiating the match truthfully
without taking any side. In a game of professional soccer, referees are assigned
to regulate matches under the Laws of Association Football, which are defined by
the governing body of world soccer, FIFA. In the European championship, member
organizations and clubs, coupled with their players, officials, and members, as well
as any person delegated by UEFA to carry out a role, must adhere to the Laws of the
Game as well as UEFA’s Statutes, regulations, directives, and decisions, and must
conform with the UEFA Code of Ethics with ethical ideals, loyalty, integrity, and
sportsmanship [1, 3].
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The referee has extensive authority in enforcing the laws, including evaluating
whether conduct is cautionable offence within its broad categories. As a result,
referees’ decisions can be contentious. Some laws may stipulate the conditions in
which a warning should or must be issued, and several guidelines to referees provide
additional advice. Nonetheless, the referees are encouraged to utilize their common
sense in the provision of judgement [2]. For this and many other reasons, soccer
referees are often accused of partial decision-making, especially in the aspect of
issuing warnings or dismissals of players. It is essential, therefore, to investigate the
activity of the top European referees in dealing with and issuing cautions to players
based on different types of offences committed by the players. Thus, the present
investigation endeavour is to identify the most prevalent actions of the players that
frequently warrant the issuance of cautions or dismissals.

2.2 Data Treatment

The dataset containing 6232 matches from five consecutive seasons across the five
top European leagues, i.e. the English Premier League, Spanish Laliga, Italian Serie
A, French Liguel as well as German Bundesliga, was utilized for this study. These
datasets included activities of the referees concerning the issuance of cautions in
form of yellow cards as well as dismissals of the players through the issuing of red
cards based on various actions related to misconducts and fouls. It is worth noting that
before the commencement of the full analysis in this study, the data was preprocessed
and checked for any missing information; rows that contained missing information
are removed from the dataset [4, 5].

2.3 Principal Component Analysis for Future Selection

In this study, a principal component analysis (PCA) was applied to recognize the
patterns of disciplinary actions undertaken by the referees via the extraction of the
most relevant actions [6-8]. It is worth stating that the process of extracting infor-
mation from the PCA is performed by removing the data that is made up of the least
important component and subsequently retaining the most useful information in the
data [9, 10]. The statistical analysis was executed via XLSTAT2014 add-in software
for Windows.

2.4 Results and Discussion

Figure 2.1 shows the scree plot of the Eigenvalues for the PCA analysis. It could be
observed from the figure that the PCA demonstrated a total of two components that
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Fig. 2.1 Eigenvalue of the preliminary PCA analysis for components extractions

are highly attributed to the activities of the referees. In each of these two compo-
nents, some specific actions and misconducts are identified and considered as most
prevalent due to their relatively higher Eigenvalues (greater than 1). These identified
components were retained and subsequently used as inputs parameters for further
analysis, i.e. varimax rotation.

Table 2.1 tabulates the PCA analysis after varimax rotation. It could be seen
from the table that in each of the identified two components, some relevant related
fouls and misconducts actions are apparent. These indicators are identified due to
satisfying the preset factor loading threshold, i.e. greater, or equal to 0.70. Likewise,
it could be observed that a total number of 10 foul-related actions and misconducts,
out of the 16 initially examined, were identified within the two components as most
pronounced in the top European leagues’ tournaments.

The findings from the present investigation revealed that there are high occur-
rences of fouls and misconducts-related actions in the top European soccer leagues.
In PC1, the activities of the referees are heightened by fouls, challenges, challenges
per foul, yellow cards, and fouls per card (most fouls committed attract cards). In prin-
cipal component 2, air challenges, ground challenges, dangerous play, misconduct,
as well as attack wrecking are found to be highly committed (Table 2.1). These vari-
ables projected disciplinary-related issues, aggressive plays, and the team’s tactical
errors which led to the issuance of warnings or cards. Data from a previous study has
shown that aggressive plays have substantially increased in the Premier League alone
with referees issuing a total of 300 red cards which is 60 per year and translates to
approximately one card per every six games [11]. The data has further indicated that
the most successful teams in the league are more likely to adopt aggressive plays. It
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Table 2.1 Principal Indicators PCI PC2
component analysis results
after rotation Fouls 0.922
Challenges 0.975
Challenges per foul 0.944
Yellow cards 0.822
Direct red cards
RC for two YC
Fouls per card 0.929
Air challenges 0.742
Ground challenges 0.826
Handball
Challenge off the ball
Dangerous play 0.802
Misconduct 0.828
Simulation/diving
Attack wrecking 0.826
Professional foul
Eigenvalue 7.234 2.569
Variability (%) 45.212 16.055
Cumulative (%) 45.212 61.267

has also been reported that a less powerful team is more likely to engage in damaging
behaviours towards an opponent. On the other hand, disagreements with the referee
are shown to be unaffected by the team’s ability. Instead, the match’s present situa-
tion, such as unfavourable goal difference, makes disagreement with referees more
likely to arise in the European soccer championship [12].

The study findings further revealed that the nature of the game has changed dras-
tically over the years with many teams adopting aggressive plays [9]. This places
a greater demand for referees during a match. It should be stressed here that the
capacity to prioritize and analyse information at the proper moment in order to
provide a suitable response to competing task demands reflects the dependability
and perceptual-cognitive skill of the referees [13]. Nonetheless, the referees are
shown to likely commit an unconscious bias due to the ever-increasing cognitive
loads such as limited information, context, emotions as well as time pressures [14].
Unconscious bias in professional refereeing may imply that the acquired preconcep-
tions that are rooted in their beliefs impact the way individual referees naturally deal
with players and circumstances. It is inferred from the previous authors that judge-
ment biases could be referred to as a subconscious state of mind overweighing some
parts of information and underweighting or ignoring other information in relation to
rules and circumstances [15]. Referees, for example, have been demonstrated to be
influenced by audience emotions [16, 17].
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2.5 Summary

The present investigation has identified the key fouls and misconducts-related activ-
ities in the European championship tournaments. A set of misconducts and fouls-
related actions, namely fouls, challenges, challenges per foul, yellow cards, fouls
per card, air challenges, ground challenges, dangerous play, misconduct, and attack
wrecking, are demonstrated to be highly prevalent in the league. In addition, it was
demonstrated that the nature of the game has changed with many clubs adopting
aggressive plays, sabotage as well as misconduct-related offences. Moreover, it has
been shown that referees are overloaded with consistent cognitive loads such as
limited information, context, emotions as well as time pressures which often led to
unconscious bias during judgements. It is, therefore, recommended that the training
of referees should include aspects related to the heightened sabotage, misconduct,
and fouls-related offences. This should be considered when naturing young referees
to empower them to cope better during refereeing tasks.
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Chapter 3

Tactical and Misconduct Actions Leading | o
to VAR Interventions in Top-Flights

European Soccer Leagues

3.1 Overview

Referees are chosen to provide optimal performance in the sporting domain by main-
taining a high level of integrity and objectivity. The referees are also expected to give
leadership and guidance, apply common sense, analyse breaches, and evaluate regu-
lations without any form of impartiality [1, 2]. The referees’ capacity to prioritize
and process information at the ideal time in order to provide the best judgement from
a competing task demands reflects their reliability and perceptual-cognitive skill [3].

The referee has considerable authority in implementing the laws, including deter-
mining whether conduct falls under the broad categories of cautionable offences. As
aresult, judgments made by referees might be controversial. Some laws may specify
the circumstances under which a warning should or must be issued, and various
referee guidelines provide additional guidance. Nonetheless, referees are expected
to use their common sense in making decisions [4]. For this and many other reasons,
soccer referees are frequently accused of making incorrect decisions, particularly
when it comes to delivering warnings or dismissals of players. Such incorrect deci-
sions could emanate from bias that is characterized as systematic judgments in favour
of particular teams, such as the home team or “big” clubs, that are seen as unjust
[5]. This preferential treatment, which can occur because of purposeful prejudice,
human mistake, or incompetence, could have a significant economic impact on the
teams.

Itis possible to reduce referee bias by decreasing the referees’ control of the game
and minimizing the number of “uncertain” calls that the referee often makes during
a game. For instance, when a referee is unsure about which choice to make, he or
she is more susceptible to being swayed by the crowd or the media. According to
Pierluigi Collina, a former UEFA chief refereeing officer, adding additional assistant
referees may result in better game control, mainly because they enable the other four
(assistant) referees to concentrate on the main tasks [6]. In response to the calls by
many stakeholders as well as the need for FIFA to preserve the nature of the game
and reduce bias, video assistant referee (VAR) was introduced to support on-field
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referees in making decisions. In this paper, we examine the tactical and misconduct
actions leading to VAR interventions in the European championship tournaments.

In this study, a dataset including 6232 matches from five consecutive seasons
in the five best European leagues, namely the English Premier League, Spanish
Laliga, Italian Serie A, French Liguel, and German Bundesliga, was used. These
datasets comprised both VAR and on-field referee functions such as issuing cautions
in the form of yellow cards as well as dismissals of players via red cards based on
different behaviours relating to misconducts and fouls. Before the commencement
of the analysis, the data was preprocessed and checked for any missing information;
rows that contained missing information are removed from the dataset [7, 8].

3.2 Clustering

A k-means clustering method is a form of cluster analysis approach that divides a
set of data into k-predefined and non-overlapping subgroups called clusters, with
only one group given to each data point [9-11]. The method seeks to make the
inter-cluster data points as connected as feasible while maintaining the intra-cluster
data points as different as possible. The cluster analysis was used to assign the VAR
interventions into groups based on the number of occurrences during the matches.
Euclidean distance was used as a distance metric to assign the formation of the
two detected clusters, namely high video assistant referee intervention (H-VAR) and
minimum assistant referee intervention (M-VAR).

3.3 Feature Selection

The present study employs many feature selection techniques, including information
gain (IG), gain ratio, ReliefF, and chi-square. These techniques are used to extract
the most crucial tactical and misconduct-related actions leading to the intervention
of VAR. It is worth mentioning that such a strategy lowers overfitting, increases
accuracy, and shortens training time by removing noise and redundant features [ 12—
14]. The tactical and misconduct-related actions which consist of attack wrecking,
ground challenges, misconduct, dangerous play, air challenges, challenges off the
ball, handball, professional fouls as well as simulation/diving are analysed.

3.4 Machine Learning-Based Classification Model

In this investigation, the k-nearest neighbours (kINN) model is utilized to investigate
its capability in classifying the type of VAR assistance. The dataset was divided
based on a 70:30 split ratio that corresponds to training and testing, respectively. One
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hyperparameter of the XNN model was optimized, namely the number of neighbours,
k by means of computing the mean accuracy on the training dataset via fivefold cross-
validation technique. The value k was varied between one and 30, while the distance
metric used was the Euclidean distance. It is worth noting that the performance of
the optimized model was evaluated via the classification accuracy (CA), confusion
matrix as well as the geometric mean (G-mean) score [15]. The evaluation of the
model was carried out through Spyder v3.6.6, a Python (v3.7) IDE along with its
related scikit-learn libraries.

3.5 Results and Discussion

Figure 3.1 depicts the classes identified through the k-means analysis with respect
to the VAR interventions based on the tactical and misconduct-related offences
committed by the players. It could be seen from the figure that a clear partition
was established between the H-VAR and M-VAR. In other words, the mean occur-
rences of interventions provided by the VAR are substantially higher in H-VAR as
compared to the M-VAR.

Table 3.1 gives the feature extractions technique employed to identify the essential
tactical and misconduct-related offences that attract the attention of VAR. It could be
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Fig. 3.1 Grouping of VAR assistance via k-means clustering. H-VAR = high VRA assistance,
M-VAR = minimum VAR assistance
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seen from the table that the most significant features identified from the IG features
selection technique are attack wrecking, ground challenges, misconduct, dangerous
play, air challenges, and challenges off the ball.

It could be seen from Fig. 3.2 that based on the hyperparameter investigated, i.e.
the optimum value of k, three could yield a CA of 0.955 (£0.028) through the cross-
validation evaluation. Upon employing the optimum number of k, the optimized
kNN model could yield an accuracy of 92.3% on the test dataset. This observation
suggests that the features selected are apt in providing a reasonably good classification
of the VAR assistance. The confusion matrix of the test dataset illustrated in Fig. 3.3
demonstrates that only seven were misclassified for each VAR class. In addition, the
G-mean score of 0.9123 indicates that a well-balanced accuracy is achieved.

It is demonstrated from the findings of the current investigation that actions which
encapsulate sabotage and misconduct highly conjure VAR interventions. In other

Table 3.1 Feature selection

Tactical and misconducts actions Infor. gain Gain ratio ReliefF x2
Attack wrecking 0.596 0.298 0.167 318.561
Ground challenges 0.521 0.261 0.120 280.453
Misconduct 0.512 0.257 0.093 298.636
Dangerous play 0.488 0.244 0.106 242.642
Air challenges 0.357 0.204 0.056 370.431
Challenges oft the ball 0.207 0.139 0.075 230.642
Handball 0.175 0.123 0.045 170.924
Professional foul 0.155 0.074 0.031 159.797
Simulation/diving 0.070 0.074 0.017 75.798
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words, on-field referees are most unlikely to spot these actions without the inter-
vention of VAR or might be difficult to issue appropriate judgement without the
help of VAR. Misconduct may involve illegal behaviours which could occur at any
moment, even when the ball is out of play, at half-time, and before and after the game
[16]. The game of soccer has transformed into a high-pace game with many clubs
adopting aggressive plays, sabotage as well as misconduct-related offences [17-19].
This places a high demand on the on-field referees to focus on several aspects of the
game which might lead to unconscious errors in judgement [20]. On the other hand,
FIFA declared a toughened rule on dangerous tackles by demanding that a deliberate
tackle made from behind an opponent should be punished by a red card; hence for an
on-field referee to ensure that the issue of the red card is based on a thorough judge-
ment, there is a need for the referee to further consult VAR [21]. Consequently, it is
not surprising that actions that translate to sabotage and aggressive tackles (attack
wrecking, ground challenges, misconduct, dangerous play, air challenges, and chal-
lenges off the ball) are found to top the list of those actions that are most intervened
by VAR.

3.6 Summary

The present investigation has established the tactical and misconduct-related offences
that highly induced the interventions of VAR. These sets of actions that included
attack wrecking, ground challenges, misconduct, dangerous play, air challenges, and
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challenges off the ball are found to be non-trivial in predicting the likelihood of
on-field referees to consult VAR. It has also been demonstrated from the current
finding that the optimized kNN model is able to yield an excellent prediction of the
level of VAR assistance with respect to investigated parameters. As a result, it is
advised that referee training should include features relating to high-level sabotage,
misbehaviour, and fouls. This should be considered while naturing young referees
in order to better equip them to cope with high challenging refereeing tasks.
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4.1 Overview

Following the successful roll-out of Goal Line Technology during the 2012 FIFA
World Cup, the usage of technology in soccer has grown rapidly. Global posi-
tioning system (GPS) technology has been employed in professional sports, both
during training and competition. Teams may follow players’ movements on the field
and gather large quantities of data on their performance. Such technology generally
known as “Electronic Performance and Tracking System (EPTS)” devices can quan-
tify and accumulate data in relation to players’ running speed, distance ran, location
on the field, heart rate, and body’s work rate [1].

The International Football Association Board (IFAB) launched the video assistant
referee (VAR) system as football’s first use of video technology to make better
judgements. At the 132nd Annual General Meeting in Zurich on 3 March 2018, the
IFAB, the organization that governs the Laws of the Game of association football,
fully authorized the use of VAR. This was done to improve the sport’s fairness and
integrity [2].

GPS data might be used to track a player’s position on the field, assisting in
identifying the most common territories covered and providing insights into how
well particular areas were utilized. This data may then be used to tailor the training
and development of specific models [3]. The type of data acquired by GPS trackers
might vary greatly depending on the supplier and the needs of the team using the
data. As with other aspects of performance analysis, GPS data must be used and
analysed effectively in the context of the sport, player, or scenario. Consequently,
we intend to utilize the data provided by the GPS to extract information related to
positional events occurrences leading to VAR intervention in the European champi-
onship league. Essentially, we sought to predict the interventions of VAR at various
locations of the pitch where actions occurred.
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4.2 Events Variables

In this study, a dataset comprising 6232 matches from five consecutive seasons
from the five best European leagues, namely the English Premier League, Spanish
Laliga, Italian Serie A, French Liguel, and German Bundesliga, was used. These
datasets comprised both VAR and on-field referee activities at various locations on
the pitch. Positional event data of the referees and the VAR interventions consist
of the average distance to the event, distance to fouls, distance to fouls leading to
cards distance to goals, avg. referee distance to penalty box + 2 m around fouls,
decisions in key zones, distance to 8 m, decisions in key zones, distance to 820 m,
decisions in key zones, distance more than 2 m, average referee distance in other
zones, decisions in other zones from close range (less than 25 m), and decisions in
other zones from a distance (more than 25 m) were used to ascertain the likelihood of
VAR interventions concerning actions occurrences at specific positions. It is worth
mentioning that before the commencement of the analysis, the data was preprocessed
and checked for any missing information; rows that contained missing information
are removed from the dataset [4-6].

4.3 Machine Learning-Based Classification Analysis

In this particular investigation, the support vector machine (SVM) model is employed
to investigate its ability in demarcating the type of VAR intervention. The 70:30
split ratio was utilized for training and testing, respectively. The hyperparameters
of the SVM model were not optimized in this study to gauge its natural ability in
demarcating the classes. The classification accuracy (CA), confusion matrix, and the
geometric mean (G-mean) score [7] were used to evaluate the performance of the
developed model. A Python (3.7) IDE, namely Spyder v3.6.6, was used to carry out
the analysis of the present study along with its typical scikit-learn libraries.

4.4 Results and Discussion

The difference in the assistance rendered by the VAR based on event occurrences
during match play is shown in Fig. 4.1. It was demonstrated from Fig. 4.1a that the
average referee’s distance to the penalty box plus 2 m around fouls attracted more
VAR assistance compared to the average referee’s distance in other zones except
penalty box plus 2 m around. Similarly, in Fig. 4.1b, referees’ decisions in key zones,
distance 8-20 m, evoke more VAR assistance in comparison with the referees’ key
zones, distance to 8 m. Moreover, in Fig. 4.1c, referees’ decisions in other zones
from a close range of less than 25 m have recorded the highest VAR assistance when
compared to the decision in key zones distance to 8§ m and distances more than 20 m.
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Overall, it could be deduced from the figures that VAR assistance is likely to be
sought after when events occur in key zones. Additionally, on-field referees have a
higher tendency of consulting VAR when they are relatively far away from where an
action occurs.

It was shown from the study that based on the parameters selected, the vanilla
SVM model is able to yield a CA of 88.12% and 83.43% for training and testing,
respectively. Although slight overfitting is observed, nonetheless the G-mean score
(0.8458) indicates that a well-balanced dataset accuracy is achieved in classifying
the M-VAR and H-VAR. Figure 4.2a, b illustrates the confusion matrix for both the
training and testing datasets.

Since sports contain moments when referees and officials make mistakes, the use
of technology has become increasingly important in recent years. Recent technolog-
ical advances in high-performance sports have helped to reduce some of these errors
[8]. Throughout the last few years, it has become apparent that the soccer game is
evolving into a fast-moving sport due to the increased level of fitness among players
and the evolution of tactics in recent years, which has placed more pressure on the
referees to be at their best since their decisions are scrutinized owing to the wider
recognition of the sport globally [4, 5, 9—12].

Due to the implementation of VAR, soccer has advanced one step closer to perfec-
tion. The VAR is frequently used to overturn game-changing judgments, such as
offside rulings, but it may also be used to assess whether a goal is erroneously disal-
lowed, or an infraction happened before the goal was scored [13]. Close offside
calls are the most typical reason for VAR consultation after a goal has been scored;
however, shirt-pulling and other infringements can also be factors in goals being
disallowed. VAR is also found to be useful during penalty checking, a straight red
card, or a case of mistaken identification [14]. This aids in evaluating refereeing
judgments that were not witnessed in real time.

4.5 Summary

The current study has identified the positional event occurrences that lead to the
assistance of VAR. It was demonstrated from the findings of the study that the average
referee’s distance to the penalty box plus 2 m around fouls attracted more VAR
assistance compared to the average referee’s distance in other zones except penalty
box plus 2 m around. Similarly, referees’ decisions in key zones, distance 8-20 m,
evoke more VAR assistance in comparison with the referees’ key zones, distance to
8 m. Moreover, referees’ decisions in other zones from a close range of less than
25 m are shown to invite higher VAR interventions when compared to the decision in
key zones distance to 8 m and distances more than 20 m. Additionally, the findings
further demonstrated that the SVM-based model is able to yield a good prediction
of the VAR intervention based on the zonal positions examined in the study.
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Chapter 5 )
Decisions Error of Top European ek
Leagues Soccer Leagues Referees

at Specific Time of Match Play

5.1 Overview

Referees have one of the most difficult jobs in international football, since every
judgement they make may have a significant impact on the outcome of the game, as
well as the entire season. Every referee must make difficult judgments and will be
criticized at some point by players, managers, and supporters. The most successful
referees are the ones who can handle criticism and deliver the right decision most of
the time. It is worth noting that referee instincts are critical to their decision-making;
they may either lead to accurate decisions or raise the likelihood of making severe
errors during a game. The referee’s decisions have a significant influence on the
game, and the referees need to apply common sense on the field to aid in decision-
making [1]. However, there have been several cases in which referees are caught up
committing serious errors during decision-making [2].

Decision-making is influenced by social factors, and decision-makers are often
reported to have their distinctive interpretations, attitudes, hidden biases, forecasts,
and shown preferences [3—5]. Surprisingly, illusionary memories have been proven
to influence decision-making during gameplay [6]. A recent study has also found
that biases or shortcut tactics used to handle complicated information can occur as
a result of decision-makers attempting to swiftly recognize and process fast-paced
visual, linguistic, and behavioural signals [7, 8]. Since referees are necessitated to
make decisions under time restrictions, in complicated situations, and sometimes
under confusing conditions, a tendency or prejudice for or against an individual
player or team appears to be very likely [9].

The variations in decision-making by referees demonstrated some elements of
inconsistencies in the delivery of judgement as well as enforcement of certain punish-
ments both among the elite and highly experienced professionals [10]. Although
these variations might not necessarily occur as a consequence of unconscious bias,
some specific situations may then explain what triggered referees in making judge-
ment during match play. For instance, the presents of crowds, home team advantage,
and referees’ prejudice have been shown to have an impact on referees’ decisions.
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However, there is a limited investigation of the referee’s decision at a specific time
of play. Hence, in this investigation, we explored the occurrences of decision errors
with reference to specific time play during the game in European championship
tournaments.

5.2 Clustering

The Louvain cluster analysis was utilized in this investigation. The number of deci-
sion errors committed by the referees throughout five seasons was initially clustered
to obtain the referees’ levels of decision errors. Subsequently, the errors committed
at a specific time of play, namely first half injury time, second half injury time, injury
time, and ball in play time, were used to ascertain the differences of the initially
developed clusters in the number of errors committed at varying time play [11-13].
The clusters were treated as dependent variables, while the decision errors committed
by the referees at different times were considered as independent variables [14—17].

5.3 C(lassification

In this exploratory study, a rudimentary classifier, i.e. logistic regression (LR) is used
to investigate its efficacy in discerning decision errors. A split ratio of 70:30 was
employed on the dataset for training and testing, respectively. The hyperparameters
of the LR model were set as default for the present study. The performance of the
model is illustrated via the classification accuracy (CA), confusion matrix as well as
the geometric mean (G-mean) score [18]. The analysis was carried out by utilizing
a Python (3.7) IDE, viz. Spyder v 3.6.6 along with associated scikit-learn libraries.

5.4 Results and Discussion

Figure 5.1 projects the level of decision error obtained via the Louvain clustering anal-
ysis. It could be detected that two clusters were determined based on the similarities
in the characteristics of the parameters evaluated. The figures further demonstrated a
transparent partition of the clusters which is essential for the assignation of the iden-
tity to each of the clusters, viz. high-decision error (HDE) as well as low-decision
error (LDE), respectively.

Figure 5.2 depicts the mean performance differences plots of the assigned clusters
with respect to a specific time during match play. It could be observed from line plots
that the occurrences of decision errors are highly skewed concerning specific time
play during the game. High-decisions error is found to be substantially higher during
ball in play time followed by injury time. Although there is no marked difference in



5.4 Results and Discussion 35

°“HDE
*LDE

aully Anlul yey js|

2nd half injury time

Injury time

@
£
=
&
a
<
o
m

Fig. 5.1 Level of decisions error obtained via the Louvain clustering analysis

decisions error at both first and second half injury time, nonetheless, a slight increase
in decisions error is observed in the course of second half injury time. Overall, it
could be postulated from the figure that high occurrences of decision error are more
likely during a ball in play time, injury time, and possibly at the second half injury
time as compared to first half injury time play.

The findings from the present investigation demonstrated that there is a strong
association between decision errors and specific time of match play. To ensure a
fair outcome, referees have several ways of imparting justice: by validating goals,
awarding penalties, sending off players, making foul calls, and determining injury
time. The actions of a referee can significantly alter the outcome of a game. Referees
may make a huge difference in the outcome of a game by not awarding goals, letting
red cards stand, and not calling off-sides that result in goals. It is observed from
the findings of this investigation that referees are likely to make such errors during
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Fig. 5.2 Differences in decisions error across varying time play in European championship
tournaments

gameplay time. Since during the ball in play time, both teams are not constrained
by period and the desire to push for more goals or chances might be lesser; hence,
referees may be inclined to commit more errors as the likelihood for such errors to
go unnoticed is high. On the other hand, it is shown that referees make higher errors
in injury time. This may be associated with many factors that could be either based
on bias, human errors, or simply a result of the presence of crowds [19].

Moreover, to further predict the occurrences of decision errors with respect to
the specific time play, it was demonstrated that the LR model could yield a CA of
79.57% and 77.35% for training and testing, respectively. Although a relatively good
CA was obtained, nonetheless, upon scrutinizing the confusion matrix as depicted
in Fig. 5.3a, b, it is apparent that a high misclassification transpired in identifying
HDE. This observation is supported by the G-mean score that is recorded at 0.2232,
suggesting the skewness of the prediction. This may be contributed to the imbalanced
nature of the data.

5.5 Summary

It has been revealed from the findings of the current investigation that there is a
correlation between decision errors and specific time in match play. It is demonstrated
that high-decisions error is mostly committed by the referees during ball in play time,
injury time, and possibly at the second half injury time as compared to first half injury
time play. Moreover, the LR-based classification model was found to be effective
in the identification of high-decision errors at a specific time to play. While it is
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noted that refereeing especially at the elite level is not an easy task and the referees

as

a human might likely make mistakes, however, the findings of this investigation

could be used to educate referees on the challenges of refereeing during a specific
time in elite level matches which is non-trivial in mapping out strategies to curtail
its occurrences.
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Chapter 6 M)
Prevalence and Differences of Decisions Grack i
Error in Top-Class European Soccer

Leagues

6.1 Overview

In association football, commonly known as soccer, referees play an enormous role
in determining the outcome of a game, such as determining goals, penalties, red and
yellow cards, offside calls, and fouls [1]. If a referee is prejudiced or often commits
errors in delivering judgement, his or her conduct on the field may be detrimental to
the sport’s best interests. As this prejudice and error grow, the sport may lose appeal
as spectators may cast a doubt on the fairness of the competition, resulting in financial
loss for the league [2]. It is difficult or rather impossible for the organizers to control
referees. It is worth noting that the act of refereeing is not an easy task and referees
may sometimes make mistakes as humans. However, tracking the performance of the
referees’ judgement is essential for the application of the appropriate intervention.

Performance evaluation is frequently used as a diagnostic instrument for evalu-
ating the performance of teams or athletes [3—5]. In an age of increasing electronic
surveillance, the errors made by the referees are often highlighted to provide the
organizers to educate and train referees to deliver consistent and objective rulings.
However, many issues such as bias and systemic errors could be hidden in very
complex and strategic ways, and referees, even at the elite level, are rational agents
who can learn how their organization functions and adjusts accordingly, which makes
detection difficult [6, 7].

Itis expected that the standard of refereeing is high across all the European leagues
due to their popularity. Moreover, the presence of seven officials on the field during a
typical soccer game should reflect relatively accurate decisions amidst every action
as well as any specific infractions. However, it is often argued that some leagues have
better officiating personnel than others in European tournaments. It is against this
background that the current study is undertaken to explore the variations of decisions
error across the leagues.

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2022 39
R. Muazu Musa et al., Data Mining and Machine Learning in High-Performance Sport,
SpringerBriefs in Applied Sciences and Technology,
https://doi.org/10.1007/978-981-19-7049-8_6


http://crossmark.crossref.org/dialog/?doi=10.1007/978-981-19-7049-8_6\&domain=pdf
https://doi.org/10.1007/978-981-19-7049-8_6

40 6 Prevalence and Differences of Decisions Error ...

6.2 Types of Decisions Error Across the Leagues

In the present study, event variables that consist of foul not detected, yellow cards
not shown, red cards not shown offside not detected as well as goals disallowed
are selected for investigation. These variables are considered the types of decisions
error that are vital for assessing the effectiveness of referees’ decisions across the
leagues. Red and yellow cards, offsides, foul calls, and a legitimate goal otherwise
disallowed could change the course of a game and its outcome. These event variables
portray instances where referees could exert their influence for changing the game’s
outcome. For instance, a slight error of a referee such as an unfair yellow card shown
to a defender early in a game could restrict the player throughout the match thereby
forcing the player to play with extra caution, which may increase the likelihood of a
score from the opposing team. It is worth highlighting that before the commencement
of the analysis, the data was preprocessed and checked for any missing information;
rows that contained missing information are removed from the dataset [§-10]. In
the data analysis stage, the leagues were treated as dependent variables, while the
decision error variables were considered as independent variables [10—13].

6.3 Results and Discussion

Table 6.1 reveals the event variables that distinguish the referees in their decision-
making ability. It could be seen that out of the four investigated indicators, three
were found to be statistically significant between the leagues, viz. foul not detected,
offside not detected, and goal disallowed p < 0.05. On the other hand, yellow cards
not shown are observed to be not significantly different across the leagues p > 0.05.
It could then be postulated that decisions error differs across the leagues.

Figure 6.1 portrays the mean differences plots of the assessed variables across the
leagues. It could be observed from the boxplots that the Italian Serie A accumulated
the highest number of fouls not detected in 192 event actions. The English Premier
League recorded the highest in the number of offsides not detected and the second
highest in the number of errors in fouls not detected as well as goals disallowed
within a total of 96 instances. The Spanish Laliga referees recorded the highest
number of goals disallowed in 100 instances. The German Bundesliga is observed to
be the third highest in the frequency of fouls not detected. Remarkably, the French
Liguel referees are found to record the lowest-decisions error with respect to the
investigated variables. Overall, it could be posited that the English Premier League
referees committed more errors in comparison with the referees of Bundesliga, Laliga
as well as Liguel.

The overall findings from this study demonstrated that decisions error made by
the referees varied across leagues of the European championship. A combination
of certain event parameters that constitute foul not detected, offsides not detected,
yellow cards not shown, red cards not shown, and goals disallowed could potentially
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serve as a distinctive marker between the referees in their delivery of judgement
during match play. Moreover, it is determined that English Premier League referees
committed more errors as compared to referees in the Bundesliga, Laliga, Serie A,
and Leaguel. Interestingly, the referees from the French Leaguel display the lowest
decision error relative to the variables examined. However, it should be noted that
this finding is limited to the specific performance indicators evaluated; hence, the
finding could not be generalized to the other parameters that are not included in this
study.

6.4 Summary

The present investigation has established that certain event variables could distinguish
the top European league referees in their decision-making ability. It was observed
from the findings that three event variables that consist of foul not detected, offside
not detected, and goal disallowed could significantly distinguish the referees in their
ability to deliver appropriate decisions. Based on the findings of the current investi-
gation, it is evident to surmise that the English Premier League referees committed
more errors in comparison with the referees of Bundesliga, Laliga, Serie A as well
as Liguel.
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Chapter 7 M)
Relationship Between Match Loading ek
and Decisions Error Among Top-Class
European Soccer Leagues Referees

7.1 Overview

A referee is an individual in charge of interpreting and implementing the Laws of
the Game during a soccer match. The referee is the match official with the ability
to start and stop play as well as execute disciplinary punishment on players and
coaches during match play. Sports referees have a high level of responsibility due to
their obligation to make the correct decision at any time during the match play. Extra
match officials, i.e. two assistant referees, a fourth official, two additional assistant
referees, a reserve assistant referee, a video assistant referee (VAR), and at least
one assistant VAR (AVAR) may be chosen. They will help the referee regulate the
game in line with the Laws of the Game; however, the referee would always reserve
the right to deliver the final decision. It is worth noting that the referee, assistant
referees, fourth official, additional assistant referees, and reserve assistant referees
are categorized as the “on-field” match officials. The VAR and AVAR are considered
and serve as “video” match officials (VMOs) who assist the referee in line with the
Laws of the Game and the VAR procedure [1].

Referees play an important part in regulating game dynamics in today’s sports.
For the referees to be successful, extensive knowledge of the rules, as well as well-
developed psychological and perceptual skills, coupled with optimal physical abili-
ties are necessary. The physical and physiological prowess of the referee could allow
them to move on the pitch throughout a match in order to position themselves in a
timely and correct manner in each action and to have sufficient criteria to solve each
play in the best way possible [2].

There has been a growing interest among sports scientists in studying referees’
behaviour in recent years. This has culminated in more research on quantifying and
describing the external and internal loads of the referees during match play [3]. It
has been reported during match play that the referees are subjected to multiple inter-
mittent movements throughout the play, spending time standing, walking, sprinting
at various intensities, and moving in unconventional ways [4, 5]. However, taking
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decisions in dynamic and complex situations under physical load is a major chal-
lenge for referees in team sports such as soccer. Moreover, frequent match schedules
for the referees may bring about burnout thereby affecting their decision-making
ability. Hence, it is important to examine the association between match loadings
and decisions error in top European soccer league referees.

7.2 Clustering

A k-means clustering technique is considered for grouping the referees loading in this
study. It is worth highlighting that a k-means assessment is a type of cluster analysis
strategy that splits a set of data into k-predefined and non-overlapping subgroups
termed clusters, with each data point assigned to just one of these groups [6-8].
The strategy attempts to connect as many inter-cluster data points as possible while
keeping as many intra-cluster data points as distinct as possible. The cluster analysis
was performed to categorize the number of matches officiated by the referees referred
to as “match loading” and the frequency of decision errors during the matches. As
a distance measure, Euclidean distance was employed to assign the formation of
the two discovered clusters, namely high load referee (HLF) and low load referees
(LLF). For the statistical analysis, the clusters were treated as dependent variables,
while the decision errors committed by the referees were considered as independent
variables [9-12].

7.3 Classification

In the present study, the artificial neural networks (ANN) model is employed to
examine its capability in identifying the clustered classes, viz. HLF and LLF. A
single hidden layer ANN topology was formulated, i.e. 6 — X — 1. The number of
hidden neurons, X, is varied between 10, 50, 100, 150, 200, 250, and 300, respec-
tively. The activation function is also varied between ReLU, logistic as well as hyper-
bolic tan (tanh). The optimization algorithm in this study is set to Adam, while the
maximum iteration is set to 1000. The optimized hyperparameters are identified by
the mean classification accuracy (CA) attained on a combination of the hyperparame-
ters through a technique known as grid search that performs a fivefold cross-validation
method on the training dataset. It is worth noting here that initially the dataset was
split into a 70:30 ratio for training and testing, respectively. The models were devel-
oped on Spyder IDE running on Python 3.7 with its associated scikit-learn libraries.
The performance of the optimized model is deliberated via the CA, confusion matrix
as well as the geometric mean (G-mean) score [13].



7.4 Results and Discussion 47

7.4 Results and Discussion

Figure 7.1 displays the grouping determined by k-means analysis in relation to the
match loading and decisions error committed by the referees. The figure clearly
shows that a distinct split was made between the HLF and LLF. In other words, the
mean occurrences of decisions error are much larger in HLF referees compared to
LLF.

Table 7.1 reveals the decision error indicators distinguishing the high and low
load referees of European soccer leagues. It could be seen that out of the seven
initially investigated decision error indicators, four were found to be statistically
significant, i.e. decisions which led to disputes, foul not detected, offside not detected,
as well as goal disallowed p < 0.05. Nonetheless, no statistically significant difference
was observed between the two groups of referees in yellow cards and red cards
not shown p > 0.05. This reflects that there is a strong connection between match
loading and decision errors among the referees in elite soccer. Thus, there is sufficient
evidence to postulate that high match loading could impair referees’ decision-making
in European soccer championships.

A total of 21 ANN models were developed and evaluated. From the sensitivity
analysis carried out, the ANN model which utilized 50 hidden neurons on its hidden
layer with the logistic activation function yielded a mean CA of 0.689 (£0.111)
on the training dataset. Upon further inspection of its efficacy on the test dataset,
it was further demonstrated that the optimized model could yield a CA of 66.85%.
The confusion matrix of the test dataset is illustrated in Fig. 7.2. Nonetheless, a fair

Variation in Matches Loading Among Top-Class European Soccer Leagues Referees

30

20t

Matches refereed

10

HLF LLF
Clusters

Fig. 7.1 Grouping of the referees based on their number of fixtures schedule. HLF = high load
fixture, LLF = low load fixture
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Table 7.1 Decisions error
variations between referees of
different match loadings

Decisions error | Match load fixtures group mean | P-values
indicators (SD)

HLF (n = 326) |LLF (n = 276)
Decisions which | 1.721 (3.066) | 0.605 (1.236) | 0.0001

led to disputes

Foul not detected | 0.623 (1.002) | 0.167 (0.513) | 0.0001
Offside not 0.334 (0.629) | 0.149 (0.395) |0.0001
detected

Yellow cards 0.067 (0.335) |0.022 (0.146) |0.101
(not shown)

Red cards (not 0.003 (0.055) |0.007 (0.085) |0.470
shown)

Goal disallowed |0.387 (0.739) |0.254 (0.592) |0.018
Note HLF—high load fixtures; LLF—low load fixtures

G-mean score of 0.6697 was obtained, suggesting a fairly balanced accuracy across
the classes is attained.

The overall findings from this study demonstrated that there is a relationship
between high match loading and decisions error in European soccer league referees.
A number of decision error indicators that consist of decisions which led to disputes,

Confusion Matrix

HLF

Tue label

LLF

HLF LLF
Predicted label

Fig. 7.2 Confusion matrix on the test dataset for predicting match loading and decisions error
among the referees
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foul not detected, offside not detected, as well as goal disallowed, are observed to
be significant markers that differentiate the high and low load fixtures referees in
their decision-making ability. In essence, the high load fixture referees committed
more errors in the aforementioned indicators in comparison with the low load fixture
referees. While there is existence of limited studies that investigate the association
between the number of matches officiated and decision errors among European soccer
referees, decisions and reasoning ability of soccer referees have been demonstrated
to decline as the match progresses, i.e. from quarter two to three and from quarter
three to four in a laboratory-based setting [14]. Moreover, previous studies indicate a
weakening of reasoning and decision-making effectiveness in the second compared
to the first half period of a soccer match under a high physical load [15, 16]. It has
also been reported that referees’ decisions are perceptual and cognitive processes that
might be affected by a high level of physical load [17]. It is thus possible that physical
load impairs referees’ attentional control, thereby impairing their decision-making
ability.

7.5 Summary

The present investigation revealed that there is a relationship between high match
loading and decisions error among top European soccer league referees. A set of
decision error indicators, namely decisions which led to disputes, foul not detected,
offside not detected, as well as goal disallowed, are shown to be essential in differen-
tiating the levels of errors committed between the high and low fixtures load referees.
The high load fixture referees committed more errors in the said indicators in compar-
ison with the low load fixture referees. Thus, it is recommended that fixtures related to
loads of referees should be considered before the assignation of matches in European
soccer leagues.
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Chapter 8 )
Summary, Conclusion, Current Status, o
and Future Direction for Referees’

Performance in European Soccer

Leagues

8.1 Summary

It has been shown from the findings of the current investigation that several factors
influence the decision-making ability of the referees officiating across different
leagues in the European championship. It is demonstrated that various types of
misconduct and foul-related activities, including fouls, challenges, challenges per
foul, yellow cards, fouls per card, air challenges, ground challenges, risky play,
misconduct, and attack wrecking, are common in the league. Similarly, numerous
tactical and misconduct-related offences that comprised attack wrecking, ground
challenges, misconduct, dangerous play, air challenges, and challenges off the ball
are found to be non-trivial in predicting the likelihood for on-field referees to consult
VAR. It has been identified from the findings of the current brief that the average
referee’s distance to the penalty box plus 2 m around fouls attracted more VAR assis-
tance compared to the average referee’s distance in other zones except for the penalty
box plus 2 m around. Similarly, referees’ decisions in key zones, distance 8-20 m,
evoke more VAR assistance in comparison with the referees’ key zones, distance to
8 m. Moreover, referees’ decisions in other zones from a close range of less than
25 m are shown to invite higher VAR interventions when compared to the decision
in key zones distances to 8 m and distances more than 20 m.

It has been revealed that there is a correlation between decisions error and specific
times in match play. It is demonstrated that high-decisions error is mostly committed
by the referees during a ball in play time, injury time, and possibly at the second half
injury time as compared to first half injury time play. A set of event-related variables,
namely foul not detected, offsides not detected, yellow cards not shown, red cards not
shown, and goals disallowed, are shown to be essential in differentiating the referees
in their ability to deliver the appropriate decisions during match play. It has been
shown that referees of fixtures with high load committed more errors than those with
low load.
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8.2 Conclusion

At the highest performance level, soccer is defined by intense competitions, a high
level of energy, technical, and tactical ability coupled with a lengthy period of play.
Referees are expected to officiate the game and deliver undisputable decisions during
match play. As a result of the increased pace and intensity of the game in recent
times, the referees must adjust to and cope with the physiological and psycholog-
ical demands inherent in the game. The referees are also required to make correct
decisions and adhere to the game’s laws and regulations during the game. These
requirements and characteristics make referee work challenging. To mitigate these
challenges, a video assistant referee (VAR) was introduced to support and improve
the decision-making of on-field officials. However, despite the incorporation of VAR
into the present officiating system, referee performance is yet to be error free.

Decision-making in dynamic and highly competitive situations under physical
and physiological loads is a major challenge for referees in high-performance sports
such as soccer. In most cases, referees are found lacking in anaerobic capacity,
which is crucial as most of the important and decisive events in the game occur in
the anaerobic zone. It is worth noting that the proximity of the referees to where
an important event occurs is pivotal for making an accurate decision. Hence, to
limit the probability of errors caused by these components of officiating, referees
should undergo structured training to improve their functional skills, with a focus
on boosting anaerobic capacity, under the supervision or guidance of a professional
trainer.

In this brief, we explored the application of data mining and machine learning
techniques in studying the activity pattern, decision-making skills, misconducts, and
actions resulting in the intervention of VAR of the top-level European soccer league
referees. A total of 6232 matches from five consecutive seasons officiated across the
English Premier League, Spanish Laliga, Italian Serie A as well German Bundesliga
were studied. It is also worth concluding that the application of data mining and
machine learning techniques is vital for studying the activity pattern, decision-making
skills, misconducts, and actions resulting in the intervention of VAR of the top-level
European soccer leagues referees. It envisioned that the findings from the current brief
could be useful in recognizing the activity pattern of top-class referees which is non-
trivial for the stakeholders in devising strategies to further enhance the performances
of referees as well as empower talent identification experts with pertinent information
for mapping out future high-performance referees.

8.3 Current Status and Future Direction

Fans, players, and head coaches all around the world frequently complain about
referees’ uneven implementation of the rules as well as apparent prejudice against
their side. Refereeing decisions may make or break a team’s chances of winning a
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title, qualifying for lucrative European play, or escaping relegation. The adoption of
VAR in major European soccer leagues has recorded some success thus far. There is
an increase in respect among players through the reduction of misconducts such as
verbal abuse and elbowing opponents’ players. There is also an improvement in the
issue of mistaken identity during card issuance where the VAR proved to help point
out the appropriate player who deserved the punishment. However, there are many
aspects where the VAR still fell short. For instance, the VAR technology is yet to solve
the problem of fair play as players continue to dive (also known as simulation) for
referees to award fouls to the players. There is also an issue of transparency as neither
the fans, players nor coaches are cognizant of what mainly transpires between the
referee and VAR during communication before reaching decisions. Consequently,
there is still a need for improvement in said aspects. Moreover, referees are required
to be more enlightened on how and when to use the available technology at their
disposal for making more accurate decisions.

Since the initiation of the Goal Line Technology at the 2012 FIFA Club World,
the usage of technology in soccer has increased tremendously. As a result, the Inter-
national Football Association Board (IFAB) implemented the video assistant referee
(VAR) system, as a second attempt for the European soccer governing body to make
better judgements via the application of video technology. Moreover, FIFA recently
declared that players’ bodies would be monitored using artificial intelligence tech-
nology to make offside calls in the upcoming 2022 World Cup. It was disclosed that
the semi-automated technology includes a sensor in the ball that sends its location
on the field 500 times per second, as well as 12 tracking cameras positioned beneath
stadium roofs that utilize machine learning to track 29 spots on players’ bodies. The
technology is envisioned to provide referees with more information to help them
deliver more accurate decisions during match play. FIFA, on the other hand, asserted
that the referees and assistant referees are still in charge of making decisions on the
field of play. The success or failure of the system will still be subjected to evaluation
upon completing the tournament. As such, more advanced statistical techniques will
be required to identify the strength and weaknesses of the system. Machine learning
coupled with data mining techniques is shown to be vital in providing insights from a
large dataset which could be used to draw important inferences that can aid decision-
making for diagnostics purposes and overall performance improvement. Thus, the
application of ML in evaluating sporting performances is a non-trivial task. Itis, there-
fore, envisaged that the technique employed in the current brief should be extended
to other sports and physical activity-related domains.
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