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ABSTRACT Association football (commonly known as football or soccer) in the modern era places a greater
emphasis on collaborating and working together as a team instead of relying solely on individual skills to
strategize winning performances. The low-scoring and unpredictable nature of association football makes
evaluating team performances challenging. Space creation and space utilization have been discussed in the
football world lately. Existing literature evaluates this with on and off-ball runs by players for deceiving
defenders to create open spaces. However, the contribution of these team ball movements’ enhanced
randomness or chaotic nature to winning performances has yet to be explored. This work proposes a novel
entropy-based time-series performance evaluation metric, EDRan, for quantifying this enhanced random
nature by analyzing the spatial distribution of game events at regular intervals. Additionally, an unexplored
cumulative ball possession matrix is used to quantify randomness. The correlation between the match winner
and spatial event distribution randomness at regular intervals was analyzed. The significance of the proposed
metric was demonstrated using a generalized linear model (GLM), which achieved an average accuracy of
80% for match-winning performance classification. The GLMp-values and coefficients revealed statistically
significant relationships between the extracted temporal features andmatch-winning performances. Findings
further revealed dispersed, highly random event distribution by winning teams during the early phases of the
game, implying attacking behavior, followed by a compact, cautious playing style toward the end, suggesting
that the game’s first-half performances are more pivotal. Despite the unpredictability of actual scores in
association football, the proposed approach effectively captured the differences in performances between
stronger and weaker teams with temporal relationships, highlighting its significance as a time-series metric
for performance evaluation.

INDEX TERMS Performance evaluation, soccer, entropy, randomness, spatiotemporal, football, time-series
metric.

The associate editor coordinating the review of this manuscript and

approving it for publication was Alba Amato .

I. INTRODUCTION
In modern sports, including invasion sports (such as asso-
ciation football, basketball, and hockey), tactics can be the
edge between winning and losing a game, as there is little
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difference between physicality and skill set at the professional
level. Invasion sports are team sports where a team attacks
the opposition’s territory for scoring while defending their
territory from opponents’ scoring attempts [1], [2], [3].
Most of the invasion sports are low-scoring by nature.
Being considered the most popular sport in the world [4],
association football (commonly known as football or soccer)
has become a subject of extensive research in recent years due
to its very nature and complexity.

Association football is characterized by its low-scoring
and unpredictable nature [5], [6] influenced by chance [7].
The chance or the element of randomness is contributed
by the goals, which result from unexpected events such
as deflections and own goals. Previous literature studies
have further revealed that the distribution of goals follows a
Poisson distribution [8], [9], [10]. Since Poisson distributions
are memory-less and describe independent events, adherence
to them implies randomness in goal scoring, and this random
component characterizes association football games with
more significant uncertainty. Consequently, actual scores
may not accurately reflect a team’s performance. Thus,
performance evaluation can be challenging.

The uncertainty and unpredictability revolving around this
game have influenced strategies like ‘‘Direct-Play’’ [11],
prioritizing swift ball advancement up the field through long
and direct passes. On the other hand, possession play is
another tactic where the team’s primary focus is maintaining
possession with short passes circulating around the field,
drawing the opposition defenders to create chances. Although
earlier studies have revealed that goal conversion ratio with
direct play was better [11], it can be observed that champion
teams from most recently concluded top four association
football leagues have maintained more significant mean
possession percentage and lesser long passes per match
than their respective league average values (which implies
possession-play) [12]. Due to these contrasting strategies
by teams, evaluating performance based on performance
evaluation metrics like possession has shown conflicting
results. Some studies have identified that possession time
may lead to a positive match outcome [13], [14] while some
report that there is no significant relationship between ball
possession and positive match outcome [15], [16].
Recent works have focused on space creation for per-

formance evaluation. Xavier Hernández (Xavi), current
Barcelona manager once stated that ‘‘I understand football as
a time-space, and it is the use of space’’ [17]. Space creation
and how on and off-ball runs influence space creation has
been discussed in literatures [18] and [19]. Considering space
and its influence on team performances, ‘‘Space-control’’,
‘‘Ball-control’’, and ‘‘Success-Score’’ have been introduced
as key performance indicators (KPI) for evaluating the
offensive success of an association football team [20],
[21]. They have considered the ‘‘space-control’’ and ‘‘ball-
control’’ of events within 30 meters of the opponent’s goal,
which they define as a ‘‘critical area’’. Nevertheless, some

teams may prefer to build up from the back for offensive
moves. In the recently concluded 2023 top four association
football leagues (English Premier League, La Liga, Serie A,
Bundesliga), players who have performed most of the passes
are either defenders or defensive midfielders [12]. Literature
also reveals that the center-backs contribute most to the
team’s overall possession play [22].
Furthermore, maintaining possession with no purpose is

criticized and the creation of open space is encouraged by
Pep Guardiola (the only football manager to win continental
treble twice); ‘‘It is not about passing for the sake of it.
The secret is to overload one side of the pitch so that the
opponent must tilt its own defense to cope and so that they
leave the other side weak. And when we have done all that,
we attack and score from the other side’’ [23]. The creation of
open space is contributed by dynamic team ball movements
by ball-carriers and the off-ball runs by the attacking team
members, which deceives and draws opposition defenders
with them [18].
Adding an element of randomness to these ball movements

can make the movements unpredictable for the opposition.
In the literature, passing patterns, player to player interactions
have been evaluated, and entropy has been used as a measure
of uncertainty in these interactions [24], [25], [26] with
the game being a complex control system [27], [28], [29],
[30], [31]. Neuman et al. have demonstrated that a team’s
position at the end of the season league table correlates with
player-to-player ball passing entropy [24]. Kusmakar et al.
have used the same entropy-generating approach to quantify
the player-to-player interactions and predict the teams that
successfully create goal-scoring opportunities in a given
play segment [25]. Further, Berman et al. successfully
used passing networks related to entropy to predict player
substitutions [26]. However, in association football, players
may change their positions during the game based on the
game’s situation and tactics [32], and thus, player-to-player
ball interactions or passing patterns may not accurately
quantify randomness in team movements on the field.

Team ball movement refers to the coordinated passing and
movement of the ball among the players of a team with the
objective of advancing the ball up the field, maintaining pos-
session, and creating goal-scoring opportunities. However,
predictable team ball movements and passing patterns can
make it relatively easier for the defenders to close down the
open spaces and pressure the ball carrier, leading to regaining
possession. Adding an element of randomness to these
movements can make the team’s strategies unpredictable for
the opponents. However, the contribution of the randomness
in team ball movement for the winning performances and
evaluation of its temporal nature is unexplored in the
existing literature. Moreover, previous literature has explored
player-to-player interactions as a means of quantifying the
unpredictability of ball movement, a method that may lack
precision due to the dynamic player positions in modern
football tactics.
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The aim of this work was to quantify the randomness
in team movements with spatial event distribution per
unit time and evaluate its significance on match-winning
performances. Accordingly, the scope of this study was to
propose an approach for quantifying temporal randomness
in ball movement, independent of player positions, and
to evaluate its influence on match-winning performances.
Furthermore, temporal trends in team performances were
investigated, offering a comprehensive evaluation of team
performances over time.

In this work, ‘‘randomness’’ in team ball movement is
proposed as a time series metric for team performance
evaluation. This paper introduces a novel time-series metric
‘‘relative spatial Event Distribution Randomness per unit
time’’ (EDRan) to quantify the randomness in team ball
movements at regular time intervals relative to the opponent’s
performances and independent of player-related information
and goal locations. This includes the generation of novel
region-based cumulative possession matrices and entropy
differences per unit time measures.

II. APPROACH
This paper evaluates the significance of randomness in
team ball movements for match-winning performances.
First, an approach for quantifying randomness and the
dynamic nature of team ball movements independent of
players and the goal locations was investigated. As a
solution, the time-series metric EDRan was proposed as
a team performance evaluation metric. Initially, the data
set was pre-processed. The novel ‘‘region-based cumulative
possession matrices’’ were generated at uniform intervals
followed by temporal-spatial event distribution randomness
quantification. Quantified metric values were analyzed for
their correlation and statistical significance with winning
performances using generalized linear models. Finally, model
results were further analyzed to identify hidden insights
into the winner’s performances and to evaluate the proposed
metrics’ ability to evaluate team performances despite
the unpredictability of actual scores. Figure 1 shows the
framework of this analysis.

A. DATA
A publicly available event-log data set [33] was used in this
analysis. Although multiple other publicly available associa-
tion football event-log datasets were evaluated initially (e.g.,
Wyscout data set [34], [35]), Statbomb open-data dataset
was selected because of its detailed information about the
event available for evaluation. Statbomb open-data dataset
comprises data from numerous top-tier men’s and women’s
club leagues in Europe and international competitions.
Considering the physical and strategic differences between
men’s and women’s games [36], top-tier men’s competitions
and women’s competitions were analyzed separately. The
men’s data set comprised 680 matches from the English
Premier League, La Liga, UEFA Champions League, UEFA
EURO Cup, and FIFA World Cup. The women’s dataset

consisted of 445 matches from the FA Women’s Super
League, National Women’s Super League, UEFA Women’s
Euro, and FIFAWomen’s World Cup. The Statsbomb dataset
contains information on all the events in a match, such as
event type, event location, ball possession team during the
event, and event duration. The event type considered here
refers to a predefined named occurrence during a match, such
as passes, free kicks, and tackles. The game’s rules govern
some events and are identifiable by their event definitions,
whereas the referee determines others. The event location is
denoted by coordinates on a 120 × 80 grid, and the direction
of attack of the ball possession team is from left to right in
the grid. Event duration refers to how long a particular event
lasts in seconds.

For this study, games without a winner were removed,
as the aim was to evaluate the contribution of randomness
in team ball movement to winning performances, and there
was a lack of data to evaluate drawn performances. Games
decided by extra time or penalties were also excluded due
to insufficient data to evaluate such games. Additionally,
only events that directly contributed to ball movement and
possession were considered (e.g., passes, shots, and carries).
Off-ball movements and events were not considered due to
dataset limitations. Both the men’s and women’s datasets
were pre-processed by removing games without a winner
and games decided by extra time or penalties. The remaining
men’s dataset consisted of 552 games, with Team 1 winning
308 games and Team 2 winning 244 games (for naming
purposes, the two teams are defined as Team 1 and Team 2).
The preprocessed women’s dataset consisted of 365 games,
with Team 1 winning 199 games and Team 2 winning
166 games.

B. REGION-BASED POSSESSION MATRIX
An approach to capture a team’s unpredictable ball movement
nature with event distribution is analysed in this paper.

In previous literature, three regions in the association
football field have been discussed [37], [38]. They are
defensive third, mid-field third, and attacking third. Each
third was divided into ten equal regions, as shown in Figure 2,
hence resulting in a total of thirty regions for the whole
association football field. Tianbiao et al. have used a similar
approach of dividing the association football field into thirty
regions to propose a method for analyzing the passing
patterns in association football games using data mining
techniques [39]. Unlike their approach, in this work, the field
was divided into thirty equal-area regions to quantify the
randomness in event distribution fairly across the regions.

Usually, an association football game lasts for ninety
minutes plus an additional injury time. This being a time
series analysis of team performance, each match duration has
been divided into n equal periods (ti; 1 ≤ i ≤ n) and used for
analysis, as well as generation of temporal features per match.
Considering factors, such as number of training features,
over-parameterization, duration of a period, and duration to
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FIGURE 1. The proposed framework. Steps include: (1) Preprocessing data, (2) Dividing each game into 10 equal time periods, (3) Separating
events by time period, (4) Generating the ‘‘Region-Based Cumulative Possession Matrix’’ to quantify event distribution randomness (EDRan),
and (5) Evaluating the significance of EDRan on match outcomes using a GLM classification model.

FIGURE 2. Division of the football field into 30 regions.

build up an attack in association football, it has been decided
to divide each game into ten equal periods (n = 10).
For each time period, ti (1 ≤ i ≤ 10), region-based

cumulative ball possession duration matrices were generated
for each team, considering the event location, event duration
and the possession team (Figure 3). Only the events that
occurred during the corresponding ti period were considered

in the process. In the matrix (5 rows × 6 columns), each cell
indicates a region of the pitch (i.e., 5×6 = 30 regions in total
per matrix). The matrix cell values are computed as follows.
First, the events that happened during the considered ti period
were filtered out. For each filtered event, the updating matrix
was decided by the ball possession team at that event, and the
event location determines the updating matrix’s cell position.
Event duration, in seconds, was added to the existing value
at the corresponding matrix’s cell position. Each matrix was
then divided by the total possession duration (in seconds)
of the corresponding team, during the considered ti period,
to obtain a probability distribution. A set of probability
distributions is then obtained for all the ti periods in every
game that is available in the dataset. Hence, each game will
have 20 probability distributions, generated from 20 matri-
ces (10 matrices per team), considering ten time periods
(ti: 1 ≤ i ≤ 10). Figure 3 shows the steps involved in the
generation of region-based cumulative possession matrices,
and how the entropy values per team has been obtained
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FIGURE 3. Steps involved in generating region-based cumulative possession matrices and computing entropy values for a single ti period.
Steps include filtering out events that happened during the considered time interval, generating cumulative possession matrices, generating
probability distributions, and calculating entropy values.

FIGURE 4. Steps of updating the region-based cumulative possession matrix.

(as discussed in section II-C). Figure 4 shows the steps
involved in the matrix update process.

In order to analyse the time series nature of randomness
in ball movement in a single game, as a case study, consider
the UEFA Champions League 2015 final match between
Juventus and Barcelona. The event distribution at different
time intervals for this match is considered for the below
analysis.

This particular game was chosen for the initial analysis
based on its importance as a UEFA Champions League
final game, where two teams with equal tactical brilliance
and strengths compete. The match duration was 98 minutes,
including the injury time. The game was divided into ten
equal periods of 9.8 minutes. Figure 5 shows the event
distribution heat maps of 30 regions obtained for the ten ti
periods. It can be observed that the team Barcelona, which
won the match with a score of 3-1, utilized more spatial
regions on the field when compared with Juventus during
the earlier periods of the game. In the first six ti periods,
Barcelona utilized more spatial regions. However, Juventus
has utilized more spatial regions in the subsequent four
ti periods. Moreover, heat maps were relatively uniformly
distributed in the early periods with Barcelona, followed
by a more uniform distribution at the end of the game
with Juventus. Consequently, Barcelona maintained a more

randomized spatial distribution of events at the beginning of
the game, followed by Juventus towards the end of the game.

C. RELATIVE EVENT DISTRIBUTION RANDOMNESS
Next, an approach to quantify relative randomness in
event distribution using obtained probability distributions is
proposed.

Shannon entropy, a measure of uncertainty, measures
unpredictability or randomness in a given data. Shannon
Entropy (H ) of a distributionwithN number of distinct events
is defined as:

H = −

N∑
i=1

Pi log2 Pi (1)

where Pi is the probability of event i occurrence.
Kullback-Leibler divergence (KL divergence, also known

as relative entropy) can be used to quantify the differ-
ence between two probability distributions. KL divergence
(DKL(P(x)||Q(x)) of two probability distributions, P(x) and
Q(x), defined on the same sample space X and of a discrete
random variable x is:

DKL(P(x)|Q(x)) =

∑
x∈X

P(x) log2
P(x)
Q(x)

(2)

where P(x) > 0 and Q(x) > 0 for any x ∈ X .
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FIGURE 5. Event distribution heat map of 30 regions for ten ti periods (1 ≤ i ≤ 10) of the 2015 Champions League final (Juventus vs Barcelona).
Color intensity correlates with the total possession duration probability in each region. The number of spatial regions utilized by each team
during each ti period is indicated below the corresponding heatmap (Higher number of regions utilized are indicated with bold font).

Figure 6 shows the temporal randomness in event
distribution, quantified using Shannon entropy, in team
performances for each ti period (1 ≤ i ≤ 10) in games
of (1) FIFA World Cup 2018 (64 matches, 32 teams),
and (2) UEFA EURO 2020 (51 matches, 24 teams). For
this analysis, only games that ended up with a winner in
regular playing time were considered. It can be observed
that the winner’s mean entropy was higher in the early
periods. However, the losers’ entropy was higher towards the
latter.

Inspired from the analysis of figure 6, calculating entropy
differences as a relative entropy measure for quantifying
relative randomness is proposed. Note the total duration
of an association football game may change slightly from
game to game with the added injury time. Therefore,
a ti period’s duration may vary from game to game.
Thus, entropy calculation per unit time is considered
here.

While KL divergence is commonly recognized as a relative
entropy measure to compare two probability distributions,
this work proposes using Shannon entropy difference as
an alternative relative entropy measure, for evaluating
temporal distributions of winners’ and losers’ performances.
KL divergence distributions are always positive, whereas
Shannon entropy differences can yield both positive and
negative values, and thus, differences between distributions
are easily identifiable. Nevertheless, this work compares the
performance of the proposed relative entropy measure, the
Shannon entropy difference per unit time (HD), with the
standard relative entropy measure, the KL divergence per unit
time (KL), to identify the most appropriate relative entropy
per unit time measure for the proposed time-series metric,
EDRan.

The Shannon entropy difference per unit time (HDi) is
calculated by subtracting the Shannon entropy per unit time of
Team 2 for the period ti (H2i/Di) from the Shannon entropy
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FIGURE 6. Mean Shannon entropy of winners and losers in (a) FIFA World
Cup 2018 and (b) UEFA Euro 2020. Green and red shaded areas indicate
the standard deviations.

per unit time of Team 1 for the period ti (H1i/Di).

HDi =
H1i − H2i

Di
, (3)

where Di is the duration of the time period ti (Di > 0), H1i
is the Shannon entropy of Team 1 for the period ti, and H2i
is the Shannon entropy of Team 2 for the period ti.
KL divergence of team 1 against team 2 per unit time (KLi)

for period ti is calculated as follows.

KLi =
DKL(T1i|T2i)

Di
(4)

where Di is the duration of the time period ti (Di > 0), T1i
is the spatial event probability distribution of Team 1 for the
period ti, and T2i is the spatial event probability distribution
of Team 2 for the period ti,

Figure 7 demonstrates temporal relative entropy measure
distributions with (a) KL and (b) HD in the 2015 Champions
League final (Juventus vs. Barcelona). Here, Juventus was
considered Team1, andBarcelonawas Team2. Therefore, the
negative entropy difference with HD indicates Barcelona’s
higher spatial event distribution randomness per unit of time
in play than that of Juventus during that particular ti period.

FIGURE 7. Relative entropy measures (a) KL (b) HD between Juventus
and Barcelona of ti periods in the UEFA Champions League 2015 final.

Team Barcelona dominated the game during the first
half, creating eight attempted goals with a ball possession
of 66%. In contrast, Juventus created only five attempted
goals with a ball possession of 34%. However, during the
second half, both teams equally performed while creating
9 and 10 attempted goals, respectively. It was observed
that the proposed relative entropy measure HD demonstrates
a more noticeable prominent relationship with the team
performance compared to the distribution with KL. In HD
distribution, the winner maintained more entropy per unit
time in the first six periods of the game (−ve values) followed
by higher entropy per unit time by looser (+ve values) in
the subsequent four periods (figure 7), which correlates with
the actual match results, where the Barcelona dominated the
early parts of the game followed by more offense by Juventus
towards the latter. With KL, no significant difference can
be observed as KL is always positive. However, towards the
latter, the magnitude increased significantly, suggesting that
Team 1 (Juventus) maintained more randomness in event
distribution than Team 2 (Barcelona).

D. CORRELATION WITH MATCH RESULTS
Two pre-processed datasets were created for both male
and female datasets, derived from the time-series features
extracted using the two discussed temporal relative entropy
measures (HD, KL). In order to identify the most appropriate
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TABLE 1. Model results.

temporal relative entropy measure for EDRan, this work
compared the proposed per unit time temporal relative
entropy measures (HD, KL) for their correlation with
match-winning performances. Each row of time-series data
consisting of ten feature values from the ten intervals (ti)
was retrieved using one of the measures (HD,KL). Target
data was represented with values 0,1, where 0 represents a
Team 2 victory result, and 1 represents a Team 1 victory. Both
men’s datasets comprised 552 rows representing 552 games
considered and women’s datasets comprised of 365 rows
representing 365 games.

The correlation of the two approaches (HD, KL)
with match-winning team performance was evaluated by
match-winning performance classification performed using
a Generalized Linear Model (GLM). A GLM is a versatile
and widely used statistical framework that extends the
traditional linear regression model to handle a wide range
of data types and data. They enable the evaluation of each
input feature’s statistical significance with p-values, helping
to identify which ti periods significantly influence match
results. Further, from the estimated coefficients of the GLM
model, the magnitude and direction of the relationships
between predictors and the response variable were identified.
In the context of GLMs, a very low p-value (usually below
0.05) suggests that the predictor variable has a statistically
significant impact on the response variable (Match winning
performance).

A five-fold cross-validation approach was considered for
the comprehensive evaluation of results using the GLM
model. Fifty rounds of five-fold cross-validation (250 evalua-
tions) were carried out. Based on these 250 evaluation results,
the average classification accuracy, p-values, and correlation
coefficients were calculated.

III. RESULTS
A. CLASSIFICATION MODEL RESULTS
Average classification accuracy, f1 score, precision, and
recall were calculated based on five-fold cross-validation
accuracies of 50 attempts (5 × 50 = 250 training and
testing combinations). Additionally, average p-values and
GLM coefficients were calculated to evaluate the statistical
significance and correlation with the match-winning per-
formance. Table 1 presents the match-winning performance
classification results with the two temporal relative entropy
measures discussed. Figure 8 demonstrates the winning
performance classification accuracy distributions with two
measures.
HD approach performed better than the KL approach

with both men’s and women’s data. HD approach achieved

FIGURE 8. Winning performance classification accuracy distribution with
HD and KL measures from 250 evaluations (Mean accuracies are
indicated with dotted lines).

an average accuracy of 0.7995 (F1-score of 0.8189) and
KL approach achieved an average accuracy of 0.7333
(F1-score of 0.7491) with men’s dataset. With women’s
data HD approach achieved an average accuracy of 0.7660
(F1-score of 0.7856) and the KL approach achieved an
average accuracy of 0.7296 (F1-score of 0.7541). Consid-
ering the classification results, a significant difference in
accuracy was observed. The HD approach has performed
better in classifying match-winning performance than the KL
approach.

Considering these classification model results and sig-
nificance observed with distributions, for the proposed
time-series metric EDRan, Shannon Entropy difference
(HD) was selected as the measure to quantify temporal
relative randomness in event distribution from probability
distributions obtained using the proposed ‘‘Region-based
Cumulative Possession Matrix’’.

Hence, the proposed approach for quantifying EDRan
includes,

1) Segmenting the game timeline into several time periods
2) For each team in each time period, retrieving probabil-

ity distribution of randomness in ball-carrier event dis-
tribution using the proposed ‘‘region-based cumulative
possession’’ matrices

3) Quantification of randomness with HD in each time
period

B. FEATURE STATISTICAL SIGNIFICANCE
Average p-values and GLM coefficient values were calcu-
lated from 250 evaluations with the models trained with
EDRan data (models trained using features extracted with
HD). For both men’s and women’s models trained with
the EDRan data, models have recorded similar p-values
and correlation coefficients. Time periods t1, t2, t3, t4,
t5, t10 achieved very low p-values and relatively higher
magnitude coefficients proving their statistical significance.
In comparison, t6, t7, and t8 have received higher p-values
(> 0.05) and relatively lower magnitude coefficients,
implying their statistical insignificance. Table 2 includes
the average p-values and feature coefficients with the GLM
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TABLE 2. Average p-values and feature coefficients.

FIGURE 9. p-values for each ti time period (Threshold for significance
(0.05) is indicated with the red dotted line).

model while Figure 9 demonstrates the variance of p-values
with ti time periods.

C. TEMPORAL PATTERN ANALYSIS
In addition to the statistical significance of features, direction
(positive or negative) and magnitude of the relationship
between temporal features and match-winning performance
were evaluated with GLM coefficient estimates. GLM coeffi-
cient estimates demonstrated a positive direction relationship
between EDRan metric values and game results for the
first eight periods with men’s data and six periods with
women’s data followed by negative coefficient estimates
for the subsequent periods (Figure 10). Further, a relatively
higher magnitude in GLM coefficient estimates was observed
in the first five time periods, followed by a relatively lower
magnitude in coefficient estimates in t6, t7, and t8 with both
men’s and women’s data.

Average p-values and coefficient estimates from GLM
suggested that first-half performance is more crucial to a
match-winning performance. A higher magnitude in GLM
coefficient estimates and low p-values for the first five
periods suggested that the GLMmodel has givenmore impor-
tance to the first five periods for match-winning performance
classification. This indicated that the first-half performance
is more pivotal for a match-winning performance. Periods t6,
t7, t8 were observed to be the least important in a game for a
match-winning performance based on these results. However,
importance improved for t9 and t10.
Positive values for GLM coefficient estimates in the first

eight periods in men’s games and the first six periods in

FIGURE 10. GLM coefficient estimates variance with ti periods.

women’s games indicated that most winners have maintained
more spatial event distribution randomness during the game’s
early phases than their opponents. However, towards the latter
part of the game (t9,t10 in men’s games and t7, t8, t9, t10 in
women’s games), the negative coefficient estimates between
EDRan and the match-winning performance indicated that
most of the winners played compactly and with lesser
randomness towards the latter. It was also observed that the
mean time for player substitutions and tactical shifts in the
available match data is around 62 minutes and 63 minutes,
respectively (Tactical shifts refer to changes in formation and
strategies during a game). Over time, it has been observed that
the team leading may opt for a cautious defensive strategy
towards the end [40]. Teams may opt for substitutions and
tactical shifts around this time, where the leading teams may
change their strategy to a cautious defensive approach to
secure their lead.

Both men’s and women’s data receiving similar p-value
and GLM coefficient estimate patterns may imply that both
men’s and women’s teams utilize similar event distribution
tactics where the winning teams opt for a cautious defensive
approach towards the end of the game despite the strategical
and physical differences between men’s and women’s games
observed in existing literature [36]. However, it was also
noted that women’s winning teams have opted for a defensive
approach earlier (t7) than in men’s games (t9).

D. COMPARISON WITH EXISTING LITERATURE
A temporal team performance evaluation metric that corre-
lates with match-winning performances has been proposed in
this work. To the best of the author’s knowledge, no similar
work has been done proposing a temporal team perfor-
mance evaluation metric that correlates with match-winning
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performances or has been used for the development of
match-winner prediction models. However, by using only
the proposed metrics’ data a match-winner prediction model
has been developed in this work to evaluate the proposed
metric’s correlation with match-winning performances and
to identify hidden insights on temporal features. The
developed match-winning prediction model has performed
with better accuracy compared to match-winner prediction
models trained with historical data and multiple performance
evaluation metrics. Table 3 presents a comparison between
match winner prediction models in recent publications and
this work.

Although [42] have used a temporal feature extraction
approach from game data, they have used 22 player evalua-
tion metrics and used 396 data points for prediction. Further,
they have mainly focused on the development of an accurate
match-winner prediction model using a computationally
expensive deep learning approach, Gated Recurrent Unit
(GRU). Being a black-box model, GRU does not provide
insights into temporal features. On the other hand, this
work focused mainly on the development of a time-series
performance evaluation metric to capture and evaluate team
performance. A match-winner prediction model trained with
developed performance evaluation metric data achieved
similar match-winner prediction accuracy and a better F1
score with a simpler and computationally inexpensive GLM
model. Additionally use of GLM has enabled to exploration
of hidden insights on temporal features using p-values and
correlation coefficients. As both this paper’s work and [42]
work extract temporal features, this allows these approaches
to develop match-winner prediction models to predict match
winners at different time stamps. This could be explored in
future work.

E. TEAM PERFORMANCE ANALYSIS
After determining the statistical significance and importance
of the proposed time-series metric compared to existing
literature, it was applied to assess the performance of teams
during the 2018 FIFA World Cup.

FIFA World Cup 2018 comprised two stages: The group
stage and the knockout stage. Thirty-two teams were divided
into eight groups in the group stage and played against other
teams in the same group. The first two teams from each group
qualified for the knockout stage, while the last two teams
were eliminated from the group stage. In the knockout stage,
losers were eliminated, while winners advanced to the next
knockout round. Round of 16 was the first knockout round,
where eight matches were played among 16 teams. Eight
teams advanced to the quarter-finals, and four winners from
the quarter-finals advanced to the semi-finals. Winners of the
two semi-finals played in the grand final, and losers in the
semi-finals played for the bronze medal.

The results of the group stage matches were analyzed
to determine whether there were any differences in per-
formance between the teams that were eliminated from
the first round and those that advanced to the knockout

stage. Forty-eight matches were played in the group stage.
Winning and non-winning performances (losses and draws)
of teams that advanced to the knockout stage and eliminated
teams were analyzed separately. However, team Geramany’s
performances were separated from the eliminated group as
their performance distributions drastically differed from the
rest of the group. Therefore, sixteen advanced teams were
considered the qualified group, and fifteen teams, except team
Germany, were considered under the eliminated group. Team
Germany’s performances were analyzed separately.

In both winning and losing performances, it was observed
that teams that advanced to the knockout stage maintained
more EDRan than teams that were eliminated. Teams
that were eliminated have maintained lesser EDRan than
teams that advanced on average, even in their winning
performances. Teams that were eliminated failed to maintain
EDRan above 0 most of the time, even in winning perfor-
mances, while teams that advanced to the knockout stage
managed to maintain EDRan above 0 for the majority of
the time, even in non-winning performances. This indicated
that advanced teams have maintained more random event
distribution, utilizing more space and attempting to create
more scoring chances on average, even in their non-winning
performances (Playing offensively). On the other hand,
eliminated teams have maintained a more compact and
defensive approach on average (lesser EDRan), even in
their winning performances. Figure 11 compares the average
EDRan in winning performances of teams that qualified for
knockout stages and teams that were eliminated from the
group stage. Figure 12 presents the same comparison with
non-winning performances.

FIGURE 11. Comparison between average EDRan (HD) in winning
performances of teams that qualified for knockout stages and teams that
were eliminated from the group stage (Shaded area indicates the
standard deviations).

However, It should be noted that Team Germany’s per-
formance differs significantly from that of other eliminated
teams. Being the reigning world champion and number one
ranked team in the FIFA World Team ranking prior to the
World Cup [43], team Germany was one of the favorites
at the 2018 FIFA World Cup. Nevertheless, illustrating the
unpredictable nature of association football, team Germany
placed last in the group, winning only one game and
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TABLE 3. Comparison with other match winner prediction models.

FIGURE 12. Comparison between average EDRan (HD) in non-winning
performances of teams that qualified for knockout stages and teams that
were eliminated from the group stage (Shaded area indicates the
standard deviations).

losing two. However, they have still played with better
EDRan than most other teams in both their winning and
non-winning performances. Although they have failed to
qualify for the knockout stage based on the real scores,
match statistics indicated that they have ranked third with
non-penalty expected goals (npxG) per 90 minutes rankings,
second in expected goals + assisted goals (xG+xGA) per
90 minutes rankings and ranked sixth in expected goals
difference (xGD) per 90 minutes rankings in the FIFA
World cup 2018 [44]. Expected goals (xG) is a widely
used performance evaluation metric in association football,
which is used to quantify the probability of a shot being a
goal considering factors like shot location, defender location,
and goalkeeper location [45], [46]. Further, xG has been
researched for performance evaluation for dealing with
randomness in match outcomes [47]. These statistics with
xG metrics indicated that Team Germany has created more
highly probable goal-scoring opportunities while defending

their goal without letting opponents create high-probability
goal-scoring opportunities. However, they have failed to
utilize those high probable scoring opportunities while their
opponents have utilized most of the scoring opportunities,
illustrating the unpredictability of association football.

It was noted that, teams which qualified have maintained
more mean EDRan throughout the match than their oppo-
nents during group stage matches. This suggested that teams
that qualified have been playing offensively utilizing more
space and event distribution randomness in an attempt to
create more goal-scoring opportunities. The reason for this
may be the fact that in the group stage when teams are tied on
points in the points table, goal differences may be important
to qualify for the knockout stage. Further, teams that qualify
to the knockout stage are often the better side and thus they
will try to attack the opposition throughout the match when
playing each other. However, a contrasting pattern could be
observed with knockout stage matches where the winning
team’s mean EDRan goes below zero while the losing team’s
mean EDRan increases above zero towards the second half
of the game (Figure 13). This indicates a compact playing
strategy by winning teams while more space is utilized and
a spatial event distributed strategy by losing teams towards
the end of the game. In knockout stage goal differences or
win margins are not considered. Also, all the teams were
stronger with equal strengths and ranked number one or two
in their group stages. Therefore, teams may consider securing
their lead once leading. Therefore, the leading team may
opt for compact defensive strategies like ‘‘park the bus’’
towards the end of the game [40], [48]. In order to catch
up with their opponents, trailing teams may adopt a more
offensive strategy. Similar behavior has been observed in
the literature where leading teams are cautious towards the
end of the game and more cautious if they are the weaker
team [40].
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FIGURE 13. Knockout stage performances comparison between winners
and losers.

IV. DISCUSSION
In this work, a novel entropy-based time-series metric,
EDRan, was proposed to quantify the randomness in team
ball movement in association football. Higher classification
performance compared to existing literature, low GLM
p-values, and high GLM coefficient estimates for the
classification of match-winning results have demonstrated
the significance of the proposed metric with match-winning
performances and statistical significance of the temporal
features. Additionally, compared approaches in existing
literature have mainly focused on developing a match-winner
prediction model using computationally expensive deep
learning models and numerous features, whereas the main
focus of this work was to develop a time-series performance
evaluation metric, and thus, it has used computationally
inexpensive models and considered only one metric for
temporal feature extraction.

Achieving higher classification ac-curacies for match-
winning performance classification with both men’s and
women’s data proves the generalizability of the proposed
approach. Moreover, the analysis in this work reveals that the
first-half performance is more pivotal for the winning per-
formances through p-values and GLM coefficient estimates.
Further, it was also revealed that winning teams tend to follow
a more compact, less random, and lesser event-distributed
(cautious defensive strategy) towards the end of the game.

However, contrasting patterns were observed in group-
stage performances in the FIFA World Cup, where goal
differences matter. Stronger teams have maintained higher
spatial event distribution randomness throughout the game
(offensive strategy). Yet, with knockout performances, the
winning teams followed a strategy with compact and lesser
random ball movement toward the end of the game. It was
also noted that in knockout performances, winning teams
opted for a compact strategy earlier than what was observed
with other games in general. The proposed time-series metric,
EDRan further revealed that the team Germany which was
knocked out from the first round has performed with highly
random event distribution on average than most of the teams,
which agrees with rankings based on widely recognized

performance evaluation metrics, like xG+xGA and npxG.
However, xG+xGA and npxG metrics are not time-series
metrics. Thus, they do not provide the temporal time-series
stochastic nature of the performance. These results imply the
proposed approach’s ability to recognize better performances
in a temporal time-series manner, even when the team
ended up losing, demonstrating its suitability as a time-series
performance evaluation metric.

It is important to acknowledge that this study utilized
a smaller dataset consisting of over 1232 games. Future
research could investigate this topic using a larger dataset
and more computationally intensive models. Moreover, due
to the dataset’s size, only ten ti periods were included.
The exploration of a greater number of periods could be
considered with a larger dataset. The proposed approach
allows to prediction ofmatchwinners at certain timestamps of
the game which could be explored in the future. Furthermore,
the proposed approach assigns equal importance to event
distribution across all regions of the field. However, the
impact of event distribution randomness may vary between
different areas. This aspect could be investigated in future
work. It is important to note that this research was specifically
focused on association football games, but it is worth
mentioning that the same methodology can be applied to
other similar invasion sports, such as hockey, basketball, and
handball. Additionally, this dataset covers matches played
after 2004, and game-play strategies can evolve and change
over time. As a result, the developed model is likely to
perform best under similar conditions to those found in the
analyzed dataset. Yet, it may also serve as a valuable tool for
investigating how strategies in association football evolve and
how randomness in ball movement plays a part in evolving
association football strategies.

V. CONCLUSION
With the high classification performance obtained with clas-
sifying match winners, it is fair to conclude that maintaining
high randomness in team ball movement is significantly
important for victories. The proposed time-series metric
based on randomness in team ball movement has demon-
strated its ability to evaluate the team’s performance despite
the unpredictability associated with actual game scores.
Generalizability of the proposed approach and obtaining
similar insights with both men’s and women’s games con-
clude that both men’s and women’s teams tend to play with
similar approaches although tactical and physical differences
between games of the two sexes have been identified in the
literature [36]. It was also observed that winning teams have
opted for a compact and cautious behavior towards the end of
the game which agrees with existing work [40].

Several key insights were revealed with observed temporal
patterns. Generally, winners often maintain more spatial
event distribution randomness than their opponents in the
early phases of the game. Therefore, teams should always
try to maintain a highly distributed random ball movement,
eventually creating more open spaces and opportunities,
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as unpredictability in ball movement will make it difficult
for the defense to predict the movements. Results further
conclude that the first-half performance is vital in taking
control of the game for match-winning performances.
Therefore, fielding the best eleven at the start can be more
beneficial than saving them for later substitutions. Contrarily,
winners may play with less random and compact defensive
strategies towards the latter to safeguard their lead. Although
this nature can be observed in general, a different pattern was
observed during the group stages where the goal differences
matter, winning teams tend to play offensively with random
and unpredictable ball movement throughout the match.

Capturing the differences in performance between
better-performing and weaker teams despite the unpre-
dictability of actual scores showcased the significance of
the proposed approach as a performance evaluation metric.
Teams can rely on the proposed metric to analyze the
team performance in the long run, as association football is
always affected by random components or chance. With the
revealed insights from this work, teams are recommended
to implement enhanced randomness in ball movement in
offensive play for winning performances.
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