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Models and Algorithms to Optimise Team Performance in Football

by Gregory Alan Everett

With the growing use of Artificial Intelligence (AI) and machine learning, there is
increasing potential to model and optimise team behaviour across important domains
such as disaster response, security, and team sports. These domains are inherently
spatiotemporal, requiring models that capture both spatial and temporal dynamics. This
thesis focuses on football, a complex, dynamic sport with rich spatiotemporal data and
clear objectives, making it an ideal testbed for developing and validating team-based AI
models. Moreover, football analytics is a rapidly expanding industry, with European
clubs generating €38 billion in revenue during the 2023/24 season, driving the demand
for models that provide competitive advantages.

This thesis proposes a number of novel methods that utilise spatiotemporal data to ad-
vance team prediction, analysis, and decision-making in football and other team-based
domains. In particular, we introduce a spatiotemporal agent behaviour imputation
model that reduces predictive error by 62% compared to baselines in limited observabil-
ity settings, significantly improving the accessibility of off-ball football analytics through
imputed tracking data. We also present a novel spatial teamwork model, combining
Monte Carlo tree search (MCTS) and linear programming, that optimises agent decision-
making in real-world football defence, reducing opponent threat by 24%. In addition,
we develop new metrics, derived from a graph attention network (GAT), to assign
credit to indirect agent contributions in team-based defence. The GAT model predicts
football passes with a 6% reduction in loss compared to baselines, and we show how
these new metrics can greatly improve off-ball football player evaluation. Finally, we
propose a dynamic team formation and agent replacement model that accounts for agent
fatigue and unavailability and optimises decision-making using a multi-step MCTS
algorithm. Applied to football team selection and substitutions, this model improves
long-term team performance by 1% and reduces first-team injuries by 15%. This thesis
also highlights key remaining challenges for AI in football, including the use of richer
player data (e.g., body pose) and greater use of explainable models to build trust in
clubs.

http://www.southampton.ac.uk
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Chapter 1

Introduction

Many real-world scenarios involve groups of humans or autonomous entities, referred
to as agent teams, working together to achieve shared objectives in complex, and
often adversarial, environments. For instance, emergency response teams distribute
responsibilities to address incidents quickly (Ramchurn et al., 2010), while security
teams protect assets by anticipating and countering adversary attacks (Shieh et al., 2012).
In these situations, the actions of each agent are shaped not only by their surrounding
environment but also by the actions of other agents, both team members and opponents.
A security team’s patrol strategy, for example, may be adapted to respond to anticipated
attacks, while an emergency crew’s response is influenced by the proximity of the
incident and the availability of other crews. These environments are inherently dynamic
and challenging to predict, with numerous interacting variables and rapidly changing
circumstances, making optimal collective decision-making and performance analysis a
significant challenge.

The multi-agent systems (MAS) paradigm provides a framework for modelling, evaluat-
ing, and optimising the behaviour of agent teams in complex, real-world environments
(Dorri et al., 2018). In MAS, intelligent agents interact with each other and their en-
vironment to achieve individual and collective goals through actions such as sharing
information, forming teams, and coordinating strategies against adversaries. MAS
research has addressed many challenges by representing individuals as decision-makers
with shared or competing objectives, with notable applications in air traffic control
(Brittain and Wei, 2019) and disaster response (Ramchurn et al., 2016). Many MAS appli-
cations are inherently spatiotemporal, requiring agents to coordinate over both space
and time to optimise team performance (Capezzuto et al., 2020). For example, security
teams may adjust the assignment of officers to cover vulnerable areas as adversaries
change attack locations (Shieh et al., 2012), while ambulance crews strategically position
vehicles in high-demand areas to minimise response times (Schmid and Doerner, 2010).
Effective planning also involves managing agent workload and availability, such as
scheduling shifts to prevent fatigue and maintain long-term team effectiveness.
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However, while many real-world teams must consider factors such as teamwork, agent
fatigue, workload balance and human factors (e.g., social norms and nuanced human
interactions) for effective team formation (TF) and long-term performance, many existing
MAS applications, often evaluated on virtual or robot teams, do not fully address these
considerations. Here, teamwork refers to how agents coordinate and communicate, such
as sharing information and spatially organising their positions, to achieve collective
objectives. Although some models address agent coordination and responding to
environmental changes, such as forming teams based on positive past agent interactions
(Beal et al., 2020b), allocating agents to tasks to minimise travel times (Capezzuto
et al., 2020), or matching agent skills to tasks (Gaston and DesJardins, 2005), they often
overlook spatial coordination between agents and the long-term effects of fatigue on
agent availability. Addressing these open challenges, especially in optimising team
planning under uncertainty and adversarial conditions, would significantly advance
the field, greatly enhancing both the analysis and practical performance of agent teams
across real-world domains.

We focus on Association Football1 as a key application domain for MAS modelling,
where team selection and tactical changes in games are shaped by proactive managerial
decision-making. Football offers a suitable environment for developing and validating
new artificial intelligence (AI) and MAS techniques due to the complexity and dynamic
nature of the game, and the presence of well-defined team objectives over extended
periods in competitive, adversarial settings. Additionally, there is a rich availability of
real-world spatiotemporal datasets across these time periods, enabling rigorous testing
and analysis of these models. This combination of factors makes football a strong domain
for studying real-world team behaviour and performance. The alignment between AI
and MAS modelling and football is well supported in existing research (Tuyls et al.,
2021; Beal, 2022; Radke and Orchard, 2023).

Analysis in football involves many factors, such as opposition tactics, match schedules,
team formations, and player form and fatigue. At the player level, individuals work col-
lectively to create scoring opportunities and reduce the risk of conceding. For example,
players position themselves strategically to receive passes or to limit the opposition’s
attacking options. Match outcomes often depend on which team can coordinate best to
maximise scoring opportunities and minimise threats. These forms of player coordina-
tion are captured in rich spatiotemporal datasets that record ball and player locations
over time, making them well-suited for MAS modelling. Over the course of a season,
team success also depends on the consistent availability of key players, which requires
managers to consider player welfare in team selection and recruitment. Many club
processes, including tactical analysis, training, recruitment, and opposition analysis, aim
to improve team performance through better decision-making, and MAS and AI models

1Referred to as football for the remainder of this thesis.
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offer powerful insights to inform these processes. Figure 1.1 presents a decision-making
framework for football, highlighting how data analysis informs each stage.

FIGURE 1.1: The decision-making process in football. The process begins with team
recruitment and proceeds iteratively through training and matches, with data (grey)
and analysis (blue) informing each stage. Datasets are continuously updated as the

decision flow proceeds.

Football clubs have significant incentives to integrate new approaches to optimise team
strategy due to the considerable social and economic benefits associated with team
success, including substantial competition prizes and broadcast rights payments, with a
total revenue of 38 billion Euros in 2023/24 across European leagues.2 This has driven a
fast growth in the application of various AI and machine learning (ML) techniques to
gain advantages in club processes such as tactical planning (Beal et al., 2020a), player
evaluation and recruitment (Decroos et al., 2019; Merhej et al., 2021), opposition analysis
(Le et al., 2017b) and team training (Wang et al., 2024). A key enabler of the growth in
AI modelling in football has been the emergence of detailed spatiotemporal datasets.
While early research relied on basic match statistics, the introduction of event data
provided information on the time and location of actions, such as shots or passes. More
recently, advances in tracking technology have enabled the collection of high-frequency
player and ball position data, providing more granular context, particularly for off-ball
player positions, which are crucial given that players spend the majority of a match
without possession of the ball. This has led to new objective metrics like Expected Goals
(Spearman, 2018) and Expected Possession Value (Fernández et al., 2019), and tracking
data has been used to model goal likelihood (Link et al., 2016), pass success (Spearman
et al., 2017), and player physical statistics for injury prediction (Beal et al., 2019).

2Statistic found at: https://www.deloitte.com/uk/en/services/consulting/research/annual-r
eview-of-football-finance-europe-premier-league.html (Last accessed: July 2025)

https://www.deloitte.com/uk/en/services/consulting/research/annual-review-of-football-finance-europe-premier-league.html
https://www.deloitte.com/uk/en/services/consulting/research/annual-review-of-football-finance-europe-premier-league.html
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Despite recent advances in AI modelling using these datasets, football remains a chal-
lenging domain for AI and MAS research, with many open questions. Existing work
has focused mostly on aspects such as evaluating on-ball actions (Decroos et al., 2019;
Fernández et al., 2019) and optimising team selection based on player skill (Beal et al.,
2020b). However, there is still limited research on evaluating and optimising off-ball
positioning, player coordination, and long-term planning for challenges like player
fatigue and injuries. Furthermore, the high cost and limited accessibility of tracking data,
due to the requirement for advanced tracking systems, means that many researchers and
analysts rely on less detailed, but cheaper, on-ball event data. This restricts the ability of
these researchers to analyse and optimise team performance fully. As access to richer
data improves and human decision-makers increasingly trust AI tools, AI-driven foot-
ball modelling will likely become more sophisticated and widespread, enabling better
tactical analysis, team selection, and evaluation of player performance and teamwork
both on and off the ball.

In this thesis, we propose a set of research questions for applications of AI and MAS
across key areas in football. In Chapter 3, we focus on the "Datasets" section of Figure
1.1, introducing a deep learning-based imputation method that reconstructs tracking
data from event data, enabling off-ball analysis even when only event data is available.
Chapters 4 and 5 contribute to player evaluation, addressing the open area of modelling
and optimising off-ball positioning and coordination. These contributions can enhance
the "Recruitment Analysis" and "Match Analysis" sections of Figure 1.1. These chap-
ters demonstrate how these methods can improve player recruitment, match analysis,
and team training. Finally, Chapter 6 focuses on the "Match Preparation" and "Match"
sections of Figure 1.1, proposing a forward-looking model for team selection and sub-
stitutions that accounts for long-term player welfare and match outcome probabilities.
Collectively, these contributions aim to support improved decision-making for football
clubs across a wide range of strategic areas.

In the remainder of this introduction, the research questions explored in this thesis are
outlined (Section 1.1), followed by the contributions of our research (Section 1.2). Finally,
the structure of the remainder of the thesis is presented (Section 1.3).

1.1 Research Questions

The research presented in this thesis answers the following open research questions:

1. Can we effectively predict spatiotemporal behaviour in team environments
characterised by limited observability and irregular timesteps?

Background: Predicting agent trajectories in MAS is a well-studied problem
(Sriram et al., 2020; Alahi et al., 2016), but challenges remain when observations
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are sparse, irregular, or incomplete. Existing models often assume continuous and
uniform data, which is not always available in real-world settings such as drone
footage with limited visibility or autonomous driving with obstructed views of
pedestrians. In such situations, accurate estimations of agent locations are crucial
to enhancing the effectiveness of response systems.

Football Application: Player tracking systems in football are expensive and not
widely accessible, leaving many clubs limited to on-ball event data, where only
one player location is observed at a time (∼95% missing locations) and timesteps
are non-uniform. Developing models to impute all player positions from on-ball
event data would significantly expand access to off-ball analysis, which is vital for
advancing tactical insights and performance evaluation.

2. How can teamwork be modelled and optimised in adversarial MAS using
spatiotemporal agent behaviour?

Background: Teamwork in MAS often involves complex spatial coordination
between agents. While prior work has explored agent teamwork through pairwise
interactions and task allocation (Beal et al., 2020b; Baker et al., 2016), an open
question remains about how agents may coordinate to dominate adversaries
spatially. Addressing this question will deepen our understanding of spatial
teamwork dynamics and enable optimisation of agent coordination in dynamic,
adversarial environments such as security settings and team sports.

Football Application: Football is inherently a team sport where spatial coordina-
tion and off-ball movement are essential. Modelling spatial teamwork between
players can reveal valuable insights into off-ball defensive organisation, attack-
ing runs, and overall tactical effectiveness. Understanding and optimising these
dynamics can significantly contribute to team analysis and coaching.

3. What metrics can be used to quantify indirect agent contributions in team-based
defensive scenarios?

Background: Evaluating individual agent performance within teams is crucial
for optimising strategies in domains such as security and team sports. Traditional
metrics typically assess performance through measurable actions, such as stopping
a security breach or completing a high-value pass (Shieh et al., 2012; Decroos et al.,
2019). However, indirect contributions, like an agent’s positioning influencing an
attacker’s target choice in security or a defender’s off-ball positioning affecting pass
reception in team sports, are often overlooked. Developing metrics for evaluating
these contributions will provide deeper insights into agent performance and
enhance team strategies.

Football Application: In football defence, players’ off-ball positioning can sig-
nificantly influence the opposition’s attacking options, yet individual off-ball
contributions remain underexplored in current research. Developing metrics to
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quantify these indirect contributions can improve player evaluation and tactical
analysis, especially since players spend around 95% of their time off the ball.

4. How can team performance and agent welfare be optimised in scenarios with
uncertain agent availabilities?

Background: While prior TF models have focused on agent skills, spontaneous
task emergency or robustness to agent failure (Gunn and Anderson, 2013; Okimoto
et al., 2015; Demirović et al., 2018), limited research explicitly models how agent
workload affects long-term availability and team performance. Effective TF in
environments where agents are susceptible to fatigue or unavailability, such as
emergency responders experiencing exhaustion or athletes at risk of injury, re-
quires balancing immediate performance with managing fatigue and fault risk.
Developing strategies that achieve this balance to enhance long-term team perfor-
mance remains a key open area of research.

Football Application: In football, teams face congested match schedules and
frequent player injuries throughout a season. However, current team selection
and substitution models mainly focus on player skill and chemistry (Beal et al.,
2020b,a), often overlooking the long-term effects of player workload and injury
risk. Developing strategies that balance immediate performance with effective
fatigue and injury management can optimise squad rotation, reduce injuries, and
help maintain consistent competitive success. These strategies have the potential
to support more informed team selection decisions in football clubs.

1.2 Research Contributions

The key contributions of this thesis to the state-of-the-art are as follows:

• Spatiotemporal Agent Imputation in Limited Observability: In Chapter 3, we
present a novel Agent Imputer model that addresses limited observations and
non-uniform timesteps for agent movement prediction by capturing the temporal
relationship between agent locations and observations, as well as the spatial
relationship between agents. We test the model on real-world football events and
tracking data and find that our model predicts player location to within ∼6.9
metres, outperforming multiple baseline models. We also demonstrate various
applications of the model to improve the accessibility of football analysis for clubs
and researchers.



1.2. Research Contributions 7

This work has been published and can be found in: "Inferring player
location in sports matches: Multi-agent spatial imputation from limited
observations". Gregory Everett, Ryan J Beal, Tim Matthews, Joseph Early,
Timothy J Norman, and Sarvapali D Ramchurn. (2023). In: Proceedings of the
2023 International Conference on Autonomous Agents and Multiagent Systems,
pages 1643–1651 (Everett et al., 2023b).

• Learning and Optimising Spatial Teamwork in Multi-Agent Teams: In Chapter 4,
we model agent teamwork through spatial coordination. This approach models the
impact of spatial proximity between agents on TF and long-term spatial dominance
against adversaries using a Markov decision process (MDP), extended to handle
multiple agents. Optimal agent teamwork is derived using Monte Carlo tree search
(MCTS) and linear programming, where a set of agent subteams and movement-
based actions is suggested. We apply this model to team defence in football
using real-world data, finding that our approach reduces opponent threat by 24%,
outperforming optimised individual behaviour by 7%. Additionally, our model
enhances the predictive accuracy of future adversary attack locations and offers
deeper insights into past teamwork models that do not explicitly account for the
spatial impact of teamwork.

This contribution was published in: "Optimising Spatial Teamwork Under
Uncertainty". Gregory Everett, Ryan J. Beal, Tim Matthews, Timothy J.
Norman, and Sarvapali D. Ramchurn (2025). In: Proceedings of the AAAI
Conference on Artificial Intelligence, vol. 39, no. 22, pp. 23168-23176. 2025
(Everett et al., 2025b).

An initial, football-centric approach to this research contribution extends
an existing football model that values goal probabilities using event data
by focusing on how defensive and attacking coordination influences these
probabilities. This contribution is beyond the scope of this thesis, but was
published in: "Contextual Expected Threat using Spatial Event Data". Gre-
gory Everett, Ryan J Beal, Tim Matthews, Timothy J Norman, and Sarvapali
D Ramchurn. (2022). In: StatsBomb Innovation in Football Conference (Everett
et al., 2023a).

• Evaluating Indirect Agent Contributions in Multi-Agent Defence: In Chapter
5, we present GAPP, a novel Graph Attention Network (GAT) model designed to
predict football pass reception probabilities and offer interpretable insights into
off-ball defending. Leveraging attention mechanisms, GAPP effectively captures
interactions between off-ball players and introduces two new metrics, Defender
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Influence (DI) and Defender Performance (DP), to quantify off-ball defender con-
tributions. We evaluated GAPP on an English Premier League (EPL) dataset,
demonstrating a 6.4% ± 1.5% reduction in binary cross-entropy (BCE) loss com-
pared to multiple baseline models for pass reception prediction. Furthermore, we
show that these defensive metrics correlate with future defensive actions and pro-
vide visualisations illustrating how they deliver actionable, data-driven insights
for defender evaluation. The GAPP model and defensive metrics are designed to
be generalisable across other team-based domains for measuring indirect agent
contributions.

This contribution was published in: “Evaluating Defensive Influence in
Multi-Agent Systems Using Graph Attention Networks”. Gregory Everett,
Ryan J. Beal, Tim Matthews, Timothy J. Norman, and Sarvapali D. Ram-
churn (2025). In: 2025 IEEE 12th International Conference on Data Science and
Advanced Analytics (Everett et al., 2025a).

• Optimising Short- and Long-Term Team Selection: In Chapter 6, we present a
novel framework for dynamic TF and agent replacement. Specifically, the model
optimises both pre-game team selection and in-game substitutions in football by
explicitly accounting for player fatigue and injury risk. Our approach models
these problems as stochastic MDPs and employs MCTS guided by expert policies
to approximate optimal team selection and substitution decisions. The MDPs
integrate a player-based match outcome prediction model alongside an injury risk
model to simulate match transitions and evaluate player injury risk. Validated on
real-world data from two EPL seasons, our framework demonstrates an average
season points improvement of approximately 1% over baseline models, including
a predictive model of human manager behaviour, while reducing squad injuries
by around 3%, first-team injuries by 15%, and wages inefficiently spent on injured
players by 3%. This model supports informed decision-making for team managers
and is designed for extension to other dynamic, adversarial multi-agent domains.

A preliminary version, focusing solely on pre-game team selection, was
published as: “The Strain of Success: A Predictive Model for Injury Risk
Mitigation and Team Success in Soccer”. Gregory Everett, Ryan J. Beal, Tim
Matthews, Timothy J. Norman, and Sarvapali D. Ramchurn (2024). In: MIT
Sloan Sports Analytics Conference 2024 (Everett et al., 2024).
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1.3 Thesis Structure

The rest of this thesis is organised as follows:

• Chapter 2: This chapter provides a literature survey of current AI applications
in football, with a particular focus on those leveraging spatiotemporal data. We
also review relevant AI research in broader team-based domains. This chapter
also identifies open research areas that will be used to expand on our research
objectives.

• Chapter 3: In the first research chapter, we define a novel imputation model
that estimates spatiotemporal agent behaviour in team environments of limited
observability and non-uniform timesteps. We apply this model to football to
estimate player tracking data and perform downstream off-ball analysis.

• Chapter 4: Next, we introduce a novel approach to teamwork, named spatial
teamwork, that focuses on the spatial relationships that underpin inter-agent
interactions. The model is designed to optimise coordination among agents in
team-based defence scenarios and is applied specifically to football defence.

• Chapter 5: This chapter proposes new defensive metrics for quantifying indirect
agent contributions in team-based defence by leveraging a GAT. The model is ap-
plied to football, where it predicts pass receptions and evaluates the contributions
of off-ball defenders.

• Chapter 6: The final research chapter presents a novel TF and agent replacement
framework that balances team performance and long-term agent availability. This
framework is applied to football team selection and substitutions.

• Chapter 7: We reflect on the key findings of the thesis and their significance for
the field. We also discuss the emerging challenges and explore potential future
applications of AI in the football industry.

• Chapter 8: This chapter summaries the conclusions from our research.

• Appendices A, B, C and D: These appendices contain additional information
organised by each research chapter in the thesis.





11

Chapter 2

Literature Review

In this chapter, we provide a background on football and critically evaluate key areas
of research relevant to understanding and optimising behaviour and decision-making
within football and other team-based domains. We begin by providing an overview of
football (Section 2.1), followed by a review of the most recent data collection techniques
and datasets available in football analytics (Section 2.2).

After providing a background to football, we examine state-of-the-art research in football
and other team-based domains. This includes a detailed review of spatiotemporal
prediction models for agent behaviour and trajectory prediction (Section 2.3), followed
by an analysis of spatiotemporal performance models such as those used to evaluate
player performance (Section 2.4). Finally, we explore current artificial intelligence (AI)
models and algorithms designed to support team formation (TF) and strategic planning
(Section 2.5).

Throughout the review, we identify key gaps and open challenges in the literature.
These are summarised in a discussion (Section 2.6), where we highlight how addressing
these gaps could advance decision-making and analysis in team-based settings. We also
connect these open areas directly to the research questions in this thesis.

2.1 Overview of Football

In this section, we first outline the core rules and structure of football (Section 2.1.1),
then summarise the key tactical processes used by teams in the sport (Section 2.1.2).

2.1.1 Fundamentals of Football

Football is a team sport played between two sides of 11 players, typically divided into
four key roles: goalkeeper, defender, midfielder, and attacker. The match is played on a
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grass pitch and consists of two halves of 45 minutes each, plus additional stoppage time.
Pitches can vary in size; however, the standard dimensions are 105 meters by 68 meters.
The primary objective is to score more goals than the opposing team by getting the ball
into the opponent’s goal, which is being defended. At the end of a match, the possible
outcomes are a win, a draw, or a loss.

Players perform a wide range of actions during a game, including shots, passes, tackles,
interceptions, aerial duels, and saves. Set pieces, such as corners, penalties, and free
kicks, are a subset of player actions that occur when the ball leaves the pitch or a foul
is committed, and represent structured opportunities to influence the game. Every
sequence of actions performed by a team ultimately results in either scoring a goal or
losing possession.

Compared to many other sports, football is a low-scoring sport, with an average of
just 2.74 goals per game over nine English Premier League (EPL) seasons from 2009/10
to 2018/19 (Zhao and Zhang, 2019). This low scoring frequency makes predicting
match outcomes particularly challenging, as results are often determined by rare events
that are difficult to predict and may not accurately reflect overall team dominance.
Football’s complexity is also due to its dynamic nature, with constantly shifting spatial
and temporal interactions between players. These factors make analysis and prediction
especially difficult.

The fine margins that separate wins from losses, along with the significant social and
financial rewards of team success, drive clubs to seek any possible advantages. As a
result, teams employ a variety of tactical approaches and decision-making strategies to
maximise their chances of winning. An overview of these tactical processes is provided
in the following subsection.

2.1.2 Tactics in Football

Teams employ several key tactical planning processes when aiming to maximise their
probability of winning games and subsequently optimise league performance. Firstly,
player scouting and recruitment are managed within the club to add players to the
squad who possess the highest individual footballing ability and also fit the team’s
style. Team tactics are a multifaceted concept that aims to achieve optimal attacking
performance from the players while also effectively neutralising the opposing team. A
central element of tactics is the team’s formation, which is the combination of defenders,
midfielders, and attackers used in play. These categories are typically specified into
role types, such as: goalkeeper (GK), wide defenders (LB/RB), central defenders (CB),
defensive/central midfielders (CDM/CM), wide midfielders (LM/RM), wide attackers
(LW/RW/LF/RF), and central attackers (CF). Figure 2.1 outlines two example team
formations.
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FIGURE 2.1: Example team formations.

Many formation variants exist, which may cater to a team’s attacking or defensive style;
for example, defensive-minded teams may play with five defenders. Additionally, teams
use certain playing styles that suit their team best, whilst also considering their effective-
ness against upcoming opposition. Examples of playing styles include high-intensity
play, which involves fast one-touch passing and team pressing, or a more possession-
based game, centred around many passes, gradually stretching the opposition’s defence,
and finding space. Set-piece optimisation can also give a team a considerable edge in a
game since approximately one-third of all goals are scored from set-pieces (Yiannakos
and Armatas, 2006).

Another key process within football analytics and tactical decision-making is opposi-
tion analysis, where the threats and weaknesses of an upcoming opposing team are
identified using data from their previous games. Using this information, teams will
design methods to exploit the weaknesses of the opposing team while neutralising their
main threats. A fundamental part of this involves identifying space on the pitch, as
many goal-scoring opportunities in a game arise from an attacking player having space
to take an action under low pressure. The analysis of space can be applied from both
an attacking and a defensive ideology. Attacking players may be presented with data
regarding the opposing players who are most susceptible to leaving open space, whereas
defending players will be made aware of the opposition’s most dangerous threats and
how these threats can be neutralised by limiting their space.

Some tactical decisions also occur in-game; for example, a manager will make substitu-
tions in a game. A substitution occurs when one of the players on the pitch is replaced
by a new player. Occasionally, substitutions are forced due to player injury. However,
many substitutions are made with the intention of adding a tactical advantage to the
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team. These tactical advantages may include improving the team’s energy, switching to
a more defensive or attacking-minded approach, or reacting to an in-game observation
that suggests the substituted player will have a positive impact. The timing of substitu-
tions is also important, as strategically timed substitutions can proactively disrupt the
opponent’s momentum or reinforce an advantageous position.

Finally, managers will prepare their team to successfully execute the desired team style
and perform optimally as a collective by improving player teamwork and communica-
tion. This preparation occurs through training sessions that utilise team-based exercises
and challenges, thereby fostering team coordination. Furthermore, teams may often
eat together to encourage socialising between teammates. Data analysis is increasingly
being used in football to enhance various decision-making processes within clubs, facili-
tated by the collection of football datasets. We discuss the current datasets in football in
the next section.

2.2 Data in Football

Current datasets that describe match play in football can be split into three distinct types.
We list these as follows:

Match sheet data The earliest form of football data, consisting of high-level football
game information such as the score, team line-up, goal scorers, number of cards and
possession. This information is widely accessible, as it is collected for all professional
football matches and is typically available to view on betting websites, football team
and league websites, and sports websites such as FBRef1 and WhoScored2. These data
contain no spatiotemporal properties, as no location data is included in match statistics.

Event data Logs all in-game actions, such as passes, shots, dribbles and tackles,
throughout a football game. For each event, the action type and location are stored
together with the time of the event in the game and the player involved. These data
are mostly collected using human annotators who watch a whole football game and
log data whenever they observe a new event. Although less widespread than match
data, event data are prominent in professional football, with many different providers
covering over 80 leagues globally. These data are provided by data companies such
as Statsbomb3, Stats Perform4 and WyScout5. The collection of event data has led to

1https://fbref.com/en/.
2https://www.whoscored.com/.
3https://statsbomb.com/.
4https://www.statsperform.com/.
5https://wyscout.com/.

https://fbref.com/en/.
https://www.whoscored.com/.
https://statsbomb.com/.
https://www.statsperform.com/.
https://wyscout.com/.
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the development of numerous AI models in football that utilise spatiotemporal data as
input. A typical Statsbomb event dataset encompasses over 3,400 events in each game,
resulting in spatial updates of on-the-ball play with an average time interval of less than
1.6 seconds. Figure 2.2 illustrates an example of an on-ball action recorded in event data
format.

FIGURE 2.2: Example visualisation of a football on-ball action recorded in event data
format.

Tracking data Logs the location of all players and the ball throughout a game with
a typical sample interval of less than 50 milliseconds. This generates a comprehensive
image of the gameplay dynamics in a game. Data collection techniques for this data type
vary, but most typically involve optical tracking systems (Liu et al., 2009; Manafifard
et al., 2017; Najeeb and Ghani, 2021). Xu et al. (2004) detail the use of eight static
cameras to form a multi-view tracker, whilst Beetz et al. (2007) describes the use of TV
broadcasts to extract player tracking. Dearden et al. (2006) outline a tracking approach
using a single moving camera and particle filtering. Rahimian and Toka (2022) give an
extensive analysis of different optical tracking methods, and compares current methods
for generating tracking data. The cost of suitable cameras and technology for these
methods is very high, making the data expensive to collect. Consequently, these datasets
are not as widespread as other data types and are mostly restricted to collection in the
top 5 European leagues. These data are collected and provided by companies such as
Stats Perform, Metrica6, Ubitrack7, Skillcorner8, Inmotio9, Bepro10 and Gradient Sports11,

6https://metrica-sports.com/.
7https://ubitrack.eu/.
8https://www.skillcorner.com/
9https://inmotio.eu/.

10https://www.bepro11.com/.
11https://www.gradientsports.com/

https://metrica-sports.com/.
https://ubitrack.eu/.
https://www.skillcorner.com/
https://inmotio.eu/.
https://www.bepro11.com/.
https://www.gradientsports.com/
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where provision of data often requires a specific enquiry on the teams or league. Figure
2.3 illustrates an example of a football tracking data frame.

FIGURE 2.3: Example visualisation of a football tracking data frame.

Body pose data is an additional data type in football analytics that can be used to
enhance tracking data. These data will include 3D motion capture of players, logging
their body shape and position throughout a game (Nakano et al., 2020). However, it is
in very early development stages, so its use is minimal. Another recent development in
football data is a hybrid dataset named Statsbomb 360 data12 created by Statsbomb. This
data includes typical event data and additional coordinate information on the location
of all players within the broadcast camera’s view at the time of the event. Therefore, this
data provides further context to event data, but does not contain as frequent samples
of player locations as tracking data. Furthermore, this data only contains information
on the team of the players in camera view, in contrast to tracking data, which includes
unique identifiers for every individual player on the pitch. Many professional teams
also use wearable athlete monitoring systems, such as Catapult13, to collect physical
and physiological load metrics during training and matches. These metrics include
total distance, sprint count, accelerations and heart rate. While these data are highly
relevant for physical performance, fatigue management and injury risk, they are largely
separate from spatiotemporal analysis in the field. With this distinction in mind, Table
2.1 presents a summary of the key differences between the current core datasets in
football, including the value they offer in performing spatiotemporal football research.

The spatiotemporal descriptiveness of tracking data is undoubtedly the most extensive
of all current core data types. The frequent snapshots of all player locations during
the game enable the development of models that consider off-ball information, such as
defensive pressure and attacking runs. The production of tracking data has therefore led

12https://statsbomb.com/what-we-do/soccer-data/360-2/
13https://www.catapult.com/

https://statsbomb.com/what-we-do/soccer-data/360-2/
https://www.catapult.com/
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TABLE 2.1: Comparison of football datasets.

Data Type Key Features Availability Spatiotemporal
Descriptiveness

Match Data Basic game
information such as
the score, lineups,
and cards.

Freely available on
many platforms for
all professional
games.

N/A

Event Data On-the-ball events in
a game (e.g., shots).
Contains the event
location, player, and
timestamp.

80+ professional
leagues globally.
Available for
purchase from data
companies.

Location and time of
on-the-ball events.

Tracking Data Player and ball
locations with a
sampling interval of
50ms or below.

Mostly restricted to
major European
leagues. Available
from data companies
upon enquiry.

Locations of all
players and the ball
throughout every
moment in a football
game.

to a surge in spatiotemporal research works in football (Beal et al., 2019; Kovalchik, 2023).
However, the extent and speed of this research are still limited, as many researchers are
unable to access tracking data due to budget constraints. The practical use of tracking
data for player recruitment and scouting is also limited, as current data primarily
resides in the major European leagues. Ideally, over time, tracking technologies will
become cheaper and more accessible, and tracking datasets will have a similar price and
availability to event data. Due to the key differences in spatiotemporal descriptiveness,
price and availability of event and tracking data, we note the utilisation of a model to
estimate tracking data using event data as a key research area. In the next section, we
discuss current state-of-the-art spatiotemporal prediction models in football and across
all domains, highlighting open research areas and their potential applications in football.

2.3 Spatiotemporal Prediction Models

Predicting agent locations can provide many use cases in multiple domains, such as path
prediction for autonomous vehicles (Sriram et al., 2020), using drone footage to predict
civilian locations in disaster response (Ramchurn et al., 2016; Wang et al., 2021) and
predicting player locations in team sports (Lee and Kitani, 2016). Many research projects
have investigated the use of AI to predict agent locations, with a significant portion
focusing on future trajectories of agents (Kim et al., 2013). Some also focus on imputing
agent trajectories, which fills in missing locations using past and future observations
of an agent (Omidshafiei et al., 2022). Figure 2.4 visually demonstrates the difference
between agent trajectory prediction and imputation, focusing on a single agent.
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FIGURE 2.4: Example visualisation of agent trajectory prediction (left) and imputation
(right) in football for a single player. Blue timesteps are where the agent location is

observed, and grey timesteps are estimated by a prediction model.

In this section, we discuss the current spatiotemporal prediction and imputation models
in both football and across all multi-agent domains. Areas for additional work, as well
as applications and use cases in football, are also discussed.

2.3.1 Spatiotemporal Prediction Models in Football

The most common use case of spatiotemporal prediction models in football and other
team sports is to predict future trajectories, where the future movement and positioning
of a player are estimated given past observations of the player. Current approaches
include the use of long short-term memory (LSTM) based architectures, which predict
multiple possible trajectories for each player and assign probabilities to each outcome,
as demonstrated in basketball (Hauri et al., 2021). In football, imitation learning (IL)
has been applied to trajectory prediction by extending single-agent IL to the multi-
agent domain using deep learning. This allows individual player policies to be learned
while also capturing coordination and agent roles within the team, with models tested
in both synthetic and real-world football scenarios (Le et al., 2017b). In American
football, trajectory prediction of wide receivers has been approached using Markov
decision process (MDP) frameworks that incorporate prior knowledge of the game and
opposition positioning, such as in the work of Lee and Kitani (2016).

To address the challenges of modelling coordinated, multi-agent behaviour, recent re-
search has increasingly turned to graph-based learning methods. The dynamic and
relational nature of football makes it particularly well-suited to graph neural networks
(GNNs), which can naturally represent the complex interactions between players on the
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pitch. For example, GNNs have been used to predict player movement and behaviour.
Yeh et al. (2019) applied GNNs to forecast player trajectories in both football and bas-
ketball, while Monti et al. (2021) similarly used GNNs to model player objectives and
interactions for trajectory prediction in basketball. Another notable approach is the use
of variational recurrent neural networks (VRNNs) for basketball, where each player is
associated with a VRNN and their interactions are captured through a fully connected
graph network. This model leverages video frames to predict the current state of the
game and subsequently predict future player trajectories (Sun et al., 2018).

In contrast to predicting future behaviour, imputation focuses on filling in missing
information about agent behaviour using past and future observations of the agent.
This is especially useful in domains where behaviour is observed intermittently. For
example, an existing use case in football is the imputation of trajectories when players
go out of camera view, which was achieved using GNNs and variational autoencoders
(VAEs) (Omidshafiei et al., 2022). Player-specific information is encoded using LSTMs
with shared parameters, and the hidden state of these LSTMs is represented as nodes
in variational graph networks. Using this model, a distribution of each player’s state
is generated. For this problem, broadcast tracking data is used, where player locations
are logged at regular timesteps when the player is in camera view, and the imputation
model estimates player locations with the same timestep intervals when the player is
out of camera view. Another example of imputation is presented by Qi et al. (2020), who
build a model that predicts both future behaviours and imputes missing trajectories of
players in basketball using IL.

While current work has studied the imputation of player behaviour and trajectory
using tracking data with missing observations at some timesteps, to our knowledge, no
work has studied the imputation of tracking data using only event data. This presents
unique challenges due to the sparsity of player observations in event data and the
non-uniformity of timesteps between on-ball events. The availability and price of event
data compared to tracking data make this an important use case for sports, as clubs with
limited resources can leverage the analytical strengths of tracking data, particularly for
off-ball analysis, without the need to install expensive tracking systems. In the following
subsection, we discuss spatiotemporal agent prediction models in MAS.

2.3.2 Spatiotemporal Agent Prediction Models

Spatiotemporal prediction models to predict agent locations have many use cases in a
wide range of dynamic MAS. These domains include collision avoidance for autonomous
vehicles (Xie et al., 2021; Sriram et al., 2020), pedestrian trajectory predictions in crowds
(Marchetti et al., 2020; Alahi et al., 2016; Ivanovic and Pavone, 2019) and location habits
of human populations (McInerney et al., 2012, 2013).
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Similar to team sport, the focus of many of these studies is future trajectory prediction,
with some utilising mathematical models to achieve this. For example, Kim et al.
(2013) uses a physics-based approach to estimate a motion model for each human and
subsequently predict human trajectories in crowded areas. Ensemble Kalman filtering
is used to estimate the parameters of the human motion model that best match data
from past observations. This motion model is then used to infer the human’s future
trajectory. Alahi et al. (2016) also predicts the future trajectory of humans in crowds
given their past position data. In this case, each human is represented as an agent,
and their past movement is used as sequential input to an LSTM. This model also
handles interactions between humans when in close proximity to each other, using a
social pooling layer where neighbouring agents share the hidden states of the respective
LSTMs, representing their past movements. Sriram et al. (2020) also use deep learning
to predict multiple human trajectories by utilising convolutional LSTMs and conditional
VAEs. This model is tested on both simulated trajectory datasets and real traffic scene
datasets. Some algorithms instead focus on estimating agent trajectories when they
cannot be tracked temporarily due to obstacles. For example, Gong et al. (2011) use
multiple hypothesis planning to learn human intentions from their trajectory data and
predict multiple possible paths when the human is out of tracking view. Furthermore,
Zhong et al. (2021) impute missing traffic data using graph convolutional networks
(GCNs) and LSTMs.

Future locations of human populations are also predicted in the current literature. In
these cases, data on human locations is collected using global positioning system (GPS)
or WiFi data and the user’s future locations are then predicted. McInerney et al. (2012)
highlight that predicting new users in this system can be challenging. Therefore, they
apply a hierarchical Bayesian model that models similarity between new users and
current users, leveraging this information to predict the new user’s future locations.
This model is tested using a phone dataset for 38 real-world users. Liu et al. (2022b)
utilise a GCN and gated recurrent unit (GRU) on data for the population density of
crowds to predict future crowd density in major cities. These models can be used to
learn more about human tendencies and daily habits, as well as to provide a useful
estimator of population flow during an epidemic.

Trajectory prediction has also proven helpful in improving the efficiency and safety of
shipping. For example, Siegert et al. (2016) use an Extended Kalman filter to track vessel
trajectories and help reduce collision risk. Similarly, Perera et al. (2010) propose the use
of an Extended Kalman filter to estimate the position and velocity of vessels using noisy
positional data. Deep learning approaches have also been applied to the problem of
ship tracking. For example, You et al. (2020) utilise an LSTM and GRU to work as an
encoder-decoder model and consequently output future trajectories. This model uses a
ten-minute sequence of a ship’s past trajectories to predict its trajectory over the next
five minutes. These predictions can be used to alert ships to potential collisions earlier.
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A wide range of algorithms and models have been used to solve spatiotemporal pre-
diction problems across many domains. These include mathematical tools such as the
Kalman filter and Extended Kalman filter (Perera et al., 2010; Siegert et al., 2016), multi-
ple hypothesis tracking (Blackman, 2004) and deep learning approaches. These deep
learning architectures include convolutional models (Liu et al., 2022b), recurrent neural
networks (RNNs) (You et al., 2020; Alahi et al., 2016) and graph-based architectures
(Zhong et al., 2021; Yu et al., 2018). Whilst most of these studies consider future trajectory
prediction, some studies focus on the retrospective imputation of missing data (Zhong
et al., 2021). Whilst these studies cover a wide range of domains and problems, unique
computational challenges arise from the problem previously discussed in Section 2.3.1
regarding the estimation of tracking data in team sport using only on-ball event data.

Event data leads to sparse player observations with non-uniform timesteps. This occurs
as player behaviour is only gathered when the player performs an on-the-ball action
(e.g., pass, shot, tackle), which can happen at any time. This often leads to a cluster
of player events followed by an extended period with no information as the player is
no longer on the ball. Furthermore, as only a single player can perform an on-the-ball
event at a time, data is collected for just one player at each time step. To our knowledge,
no previous work has studied the problem of imputing behaviour within MAS when
information occurs at non-uniform timesteps and for only a single agent at a time. This
problem can be visualised in Figure 2.5.

FIGURE 2.5: Example visualisation of agent position imputation in football for a single
player using sparse event data with non-uniform timesteps.

In Section 2.6, we expand on this imputation problem as one of the research objectives
in this thesis. In the next section, we discuss the application of AI models to football for
analysing spatiotemporal player and team performance, and we present research and
technical challenges in other domains that may also apply to football.
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2.4 Spatiotemporal Performance Models in Football

AI modelling applications have been used to produce additional insight into many areas
in football, such as player recruitment, scouting, player performance analysis and tactical
analysis (Beal et al., 2019; Tuyls et al., 2021; Davis et al., 2024). Furthermore, the use of
spatiotemporal features in football research has rapidly grown in recent years due to
increased information on player and ball locations, providing better detail of gameplay.
Many applications of these data have been evaluated, including the objective evaluation
of player actions on and off the ball and the optimisation of player performance. We split
spatiotemporal football models for players into two key areas: player performance and
teamwork. These areas are identified as key for AI to optimise performance, training,
and recruitment at the player level.

2.4.1 Player Performance

Evaluation of player performance and decision-making plays a factor in a club’s strategy
to pick the best line-up and tactical setup for their team and optimise their player
recruitment. In football, player actions can be grouped and measured by their primary
objective, with three broad categories:

Attacking actions Shots, passes and dribbles, evaluated by the extent to which they
increase the team’s probability of scoring.

Defensive actions Actions such as tackles, interceptions, and blocks, evaluated by the
extent to which they reduce the opposition’s probability of scoring.

Space creation Off-ball positioning and movement, evaluated by their effectiveness in
disrupting defensive structures or reducing attacking space.

The following sections elaborate on each action category, including the existing literature
for evaluating player performance in these areas. We also explore how player decision-
making has been modelled and how this is used to understand player behaviour better
and optimise decision-making for all types of actions and objectives.

2.4.1.1 Player Attacking Actions

Objectively measuring attacking actions in football allows for the evaluation of a player’s
efficiency and direct comparisons between players when deciding a team lineup. A
widely adopted evaluation metric within the football community is expected goals
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(xG)14, which objectively quantifies the probability of a shot resulting in a goal by using
thousands of previous examples from data (Spearman, 2018). Various derivations of
xG have been produced using different features, such as shot distance and shot angle.
Building on these derivations, the rise of player tracking data fueled the development of
xG models, which incorporated opponent positioning and pressure into the predicted
expected value (Lucey et al., 2015). This metric can lead to many interesting interpreta-
tions for a coach to evaluate how their forward player is performing. For example, if a
player has scored fewer goals throughout a season than their xG suggests they should
have, this could imply that the forward is inefficient at converting goal-scoring chances.
However, it may also indicate that they have been unlucky and that they are likely to
score more goals in upcoming games.

Goal-scoring probability can be extended beyond just shot-taking, and attacking effi-
ciency and potential can be evaluated further based on the number of relevant attackers
and defenders, the space available to attackers, and the location of the ball. These factors
justify the development of models that objectively measure the value added by other
actions in football, such as passing. Decroos et al. (2019) use event data to create a
’Valuing Actions by Estimating Probabilities’ (VAEP) value, designed to quantify the
value of a player’s actions in a game. This methodology considers all action types, such
as passes, dribbles and tackles. The VAEP value is calculated by estimating the change
in probability of a team both scoring and conceding a goal when the action occurred,
such that a favourable action will have reduced the likelihood of the team conceding and
increased the likelihood of the team scoring. Similar to the VAEP metric, an ’Expected
Threat’ (xT) metric was created by Karun Singh (Singh, 2019), which frames attacking
sequences as an MDP where pitch zones represent states. This approach uses event data
to value the goal-scoring potential of a possession situation by considering both the
probability of shooting and scoring from the current zone, as well as the probability of
alternative on-ball actions, such as passes, to further the scoring potential later in the
attacking move. These probabilities are learned from historical data.

Despite both VAEP and xT sharing a common task of valuing actions in football using
event data, both metrics vary in how they quantify value. A critical comparison of the
two models found that xT valued creative play (e.g. passes and dribbles) higher with a
stronger correlation to assists per 90 minutes. In contrast, VAEP had more bias towards
shot-takers with a stronger correlation to shots per 90 minutes (Decroos et al., 2020). The
comparison concludes that both approaches deviate from previous metrics and therefore
add value to the current state-of-the-art in football analysis.

The value of event sequences can also be evaluated by considering the success of similar
sequences in the past. For instance, Decroos et al. (2017) apply event data to rate phases
of play, which they define as continuous intervals without a possession turnover. Using

14Introduced in: https://www.statsperform.com/resource/assessing-the-performance-of-premi
er-league-goalscorers/ (Last accessed: October 2025)

https://www.statsperform.com/resource/assessing-the-performance-of-premier-league-goalscorers/
https://www.statsperform.com/resource/assessing-the-performance-of-premier-league-goalscorers/
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a K-nearest-neighbours approach, they identify comparable phases in historical data
and assess how frequently these phases resulted in goals. In this way, actions are ranked
based on both the overall effectiveness of the phase of play and the specific contribution
of each action within that phase, thereby offering a measure of an individual player’s
influence on the outcome.

The emergence of tracking data has enabled the incorporation of off-ball information,
advancing the state-of-the-art in action valuation. Before reviewing research that uses
these data, we first introduce the concept of pitch control. Pitch control is a popular term
in football analytics that quantifies the degree of control each team exerts over different
areas of the pitch based on player locations. If a player is likely to gain possession should
the ball arrive in a given area, the model designates that area as controlled by their team.
An example is shown in Figure 2.6, illustrating the regions of the pitch controlled by
each team, based on which players are most likely to reach the ball first.

FIGURE 2.6: Example visualisation of team pitch control.

Fernández et al. (2019) use tracking data to calculate player pitch control and introduce
a risk–reward ratio that assigns values to all possible actions available to the ball-carrier.
Specifically, the model integrates the probability of pass completion, the expected
value of the completed action, and the expected value of an opponent interception.
These features are combined to calculate an expected possession value (EPV), estimated
through machine learning (ML) techniques such as logistic regression and deep neural
networks. EPV is a state-of-the-art metric that analysts can use to evaluate decision-
making by assessing whether players in possession select the action with the highest
EPV.

Building on this, Fernández et al. (2021) extend EPV by splitting it into sub-components.
They develop neural network models to separately estimate the value of player dribbles,
passes and shots and combine these predictions using an ensemble of these models.
This framework also utilises player tracking data for spatiotemporal context, enabling
more detailed analyses and visualisations of specific aspects of play. For example, it can
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highlight situations where a player chose a low-probability shot despite more promising
passing options. Visualisations of these metrics also provide coaches with tools to
communicate tactical feedback and support decision-making guidance for players.

In a similar vein, Link et al. (2016) introduce the dangerousity metric to quantify the
goal-scoring probability at each moment of a match and thereby assess the potential of
an attack using tracking data. This metric is derived using four key factors: ball location,
the degree of control the player has over the ball, the probability of the defending team
preventing a player’s action, and the density of defenders in the attacking zone. They
also demonstrate how this metric can be applied to value player actions and present a
related Dominance metric, defined as the difference in cumulative dangerousity between
the two teams. The effectiveness of Dominance in capturing team strength is validated
by its stronger correlation with win probability from betting odds (r = .82) compared
with classic indicators such as goal difference (r = .55) and shots (r = .58).

The central aspect of attacking build-up play is passing, and players must account for
numerous factors when selecting passing options. Passing valuation models have been
developed to evaluate passing options based on spatial features, such as opponent
positioning, thereby enabling the evaluation of player decision-making. Such models
can also inform opponent analysis and defensive coaching. Power et al. (2017) use
tracking data to measure the risk and reward of potential passes, defining risk as
the probability of pass completion and reward as the likelihood of a shot occurring
within 10 seconds of a successful pass. These values are estimated using contextual
features from tracking data, including the receiver’s speed and the position of the nearest
defender. Similarly, Goes et al. (2021a) model pass risk and reward with a LightGBM
classifier to predict pass outcome probabilities at the moment of passing. Their approach
incorporates multiple reward functions, such as the probability of scoring or the number
of opponents bypassed by the pass.

Beyond risk and reward, Robberechts et al. (2023) propose an evaluation of pass cre-
ativity in football, defined by both originality (how much it differs from typical player
passes) and their contribution towards goal-scoring. Using an XGBoost model with
hand-crafted features derived from player location data, this framework provides a
means of assessing players based on the creativity of their passing decisions.

Goes et al. (2019) note the scarcity of goals in football and instead value passes by the
degree of defensive disruption they cause towards the opposing team. They present
a quantitative model that uses tracking data to measure how far opposing players
are displaced by a pass. This approach contrasts with previous approaches that focus
on scoring probabilities, instead focusing on team interactions and spatial dynamics.
Additionally, it avoids overvaluing forward passes and highlights the importance of
passing sequences in creating space. Spearman et al. (2017) present a physics-based
model that estimates the time required for a player to arrive at a pass trajectory and
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subsequently control the ball, which is then used to calculate a pass probability. From
this, the model derives a pass value and allows evaluation of a player’s capacity to
intercept passes. The validity of this framework is demonstrated through a strong
correlation (r = 0.83) between pass value and passes completed in the final third.

The works discussed above only consider a limited range of data types. Several impor-
tant factors and action subtypes, such as headers, strong-footed shots, and weak-footed
shots, remain largely unexplored. The value of each action subtype could be evalu-
ated separately, enabling more nuanced assessments of attacking play. Similarly, richer
features of passing and player characteristics, such as pass elevation and the height
of the target player, could be considered when identifying optimal passing options.
Including these factors would allow coaches and researchers to analyse decision-making
at a finer level, moving beyond player positions and velocities. A key bottleneck in these
developments is the current lack of descriptive data for such factors. However, these
tasks will become more achievable as new datasets, such as body pose data and physical
player features, become more common.

Another research direction for valuing attacking actions could apply inverse reinforce-
ment learning (IRL) approaches from other domains to learn player intentions and
build a custom reward function using expert demonstrations rather than goal-scoring
probabilities. These approaches could be applied to football to rate player actions based
on player behaviour without bias towards just goals. Examples of IRL approaches to
model human motivations and build custom value functions exist in the popular game
World of Warcraft (Wang et al., 2019a) and Ice Hockey (Luo, 2020). Further detail on
these modelling approaches is given in Section 2.4.1.4.

2.4.1.2 Player Defensive Actions

Measurement of a defender’s ability to prevent goal-scoring chances is a key factor in a
coach’s decision-making when deciding a team line-up and recruiting new defensive
players. However, research into the objective evaluation of defensive actions is scarcer
than attacking actions (Forcher et al., 2022). This leaves significant potential for novel
research and tools for coaches to directly compare the performance of defenders using
objective statistics which consider spatiotemporal game features.

Research in defensive evaluation has used different extents of spatiotemporal data.
For example, Merhej et al. (2021) measure the value of defensive actions using event
data and a neural network to model the expected threat of an attacking situation if the
defensive action did not occur. This approach predicts the value of the defensive action
based on what it prevented and is used to objectively rank defenders based on their
cumulative defensive score. However, this is limited to on-ball actions, overlooking the
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substantial influence of off-ball defending, which is particularly significant given that
players spend approximately 95% of match time off the ball.

Recent advances in spatiotemporal tracking data have enabled the development of more
context-aware defensive metrics. For example, Stöckl et al. (2021) leverage tracking
data and GCNs, which are well-suited for modelling interactions and relationships
between players, to evaluate team defensive performance. Their approach estimates the
likelihood of opposing players receiving a pass at any moment, the probability of a shot
occurring within the next 10 seconds, and the success rate of passes to each attacker. It
also allows identification of defensive strategies such as man-to-man and zonal marking,
providing insights into both individual and collective defensive behaviour.

Similarly, Forcher et al. (2024) use features derived from tracking data as input to a
logistic regression model to predict the probability of successful defensive actions (i.e.,
ball recoveries). Their approach can be applied to evaluate players and teams by, for
example, identifying whether a player wins possession more frequently than expected
or whether team pressing actions significantly increase recovery probabilities. However,
while these models and other recent studies (Fernández et al., 2021; Robberechts et al.,
2023) incorporate off-ball defensive positioning, to our knowledge, no existing approach
directly evaluates the influence of individual off-ball defenders on attacking outcomes.

A key gap in current research is the use of off-ball spatial data to value the defensive
actions of individuals. Most existing approaches concentrate on on-ball events, overlook-
ing contextual factors such as the number and positioning of defenders behind the ball.
For instance, a last-man tackle is typically more valuable than a challenge made when
the defensive unit is already organised, yet many existing metrics fail to capture this
distinction. Incorporating fine-grained context from tracking data, such as the scoring
potential of the situation, would allow for more accurate and informative quantification
of defensive contributions. Metrics like EPV or dangerousity (Link et al., 2016) could be
adapted to estimate the danger of an attack prevented by a defender, thereby improving
comparability between individuals.

Developing a quantifiable metric for individual off-ball defensive play using tracking
data would also enable coaches to objectively assess how effectively defenders limit
space - an essential aspect of defensive performance. For instance, such a metric could
capture the value of successfully marking a dangerous run in the box or covering a
space left open by a teammate. By evaluating the danger of an attacking situation had
that space not been covered, new metrics could provide a more nuanced understand-
ing of defensive contributions beyond on-ball actions. Inspiration for this approach
can be drawn from basketball analytics, where Franks et al. (2015) use tracking data
to analyse the spatial relationship between defenders and attackers, quantifying the
impact of defensive positioning on an attacker’s shot frequency and efficiency. To
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learn which defenders are guarding which attackers, their method employs an expecta-
tion–maximisation algorithm to infer latent defender–attacker assignments over time by
iteratively inferring probabilistic assignments based on spatial positioning and updating
a model of defensive behaviour until the assignments and parameters are consistent.
This is combined with generalised least-squares to estimate the impact that defender
positioning has on attacker shooting outcomes while accounting for correlation in the
error structure resulting from repeated measurements of the same defenders and at-
tackers. Adapting a similar methodology to football would allow analysts to directly
compare defenders based on their spatial impact on attackers, rather than solely on
traditional statistics like tackles and interceptions. These comparisons could enhance
decision-making in scouting and team selection.

Building on the use of GCNs for modelling player interactions (Stöckl et al., 2021),
recent advances in ML, particularly the development of attention mechanisms, also offer
new opportunities for more nuanced defensive analysis. Attention mechanisms enable
models to focus on the most relevant input data, thereby improving both predictive
performance and interpretability (Niu et al., 2021). These techniques have become widely
adopted in fields such as natural language processing (Galassi et al., 2020), computer
vision (BenTaieb and Hamarneh, 2018), and, increasingly, in graph-based modelling
(Simeunović et al., 2022; Xing et al., 2021). Their potential to enhance the evaluation of
off-ball defensive contributions makes them especially relevant in the context of football.

In football analytics, GNNs have proven particularly effective for modelling player
relationships, such as tactical setups during corners (Wang et al., 2024) or predicting
player actions (Rahimian et al., 2023). Traditional GNNs like GCNs aggregate informa-
tion equally from connected nodes through message passing (Hamilton et al., 2017),
which can limit their ability to capture the varying importance of different players in a
given context. Graph attention networks (GATs) address this limitation by incorporating
attention mechanisms that assign context-dependent, learnable weights during aggre-
gation (Veličković et al., 2018; Hu et al., 2021). This allows the model to identify and
focus on the most influential nodes, such as key defenders in a particular phase of play,
thereby enhancing both model performance and interpretability (Hu et al., 2021; Zhang
et al., 2024). In the context of evaluating off-ball defensive contributions in football,
GATs could significantly advance previous approaches by enabling the extraction of
interpretable defensive influence metrics for individual players, even when they are not
directly involved in on-ball actions. A visualisation for modelling football players as a
graph, both in the form of a GCN and a GAT, is shown in Figure 2.7.

Despite these advantages, extracting meaningful interpretability from attention weights
remains challenging. High attention weights do not always clearly indicate positive or
negative impacts, and some studies suggest they may not reliably reflect true importance
in certain settings (Bai et al., 2021). To address this, methods such as node masking have
been proposed to better extract node influence in GNNs (Ying et al., 2019). Other recent
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FIGURE 2.7: Example of modelling football players as a graph. Left: a graph convolu-
tional network (GCN), where all player relationships are weighted equally. Right: a
graph attention network (GAT), where relationships are assigned learnable, context-

dependent weights based on their importance.

advances in deep graph learning have also made progress in knowledge graph reasoning,
interpretability, and model robustness. Zhang et al. (2023) propose adaptive propagation
paths for GNNs that identify semantically related entities, improving the interpretability
and efficiency of reasoning in complex relational domains. Zhou et al. (2023) present
the Robust Graph Information Bottleneck method to enhance the robustness of link
prediction in GNNs when there is bilateral edge noise, a common issue occurring from
noisy data in real-world multi-agent domains. Additionally, Zhou et al. (2024) propose
scalable, query-dependent subgraph extraction to improve link prediction efficiency on
large-scale graphs.

Taken together, these advances highlight both the potential and the challenges of ap-
plying GATs for defensive analysis in football. While attention mechanisms can help
identify influential defenders, it is likely that complementary methods, such as node
masking (Ying et al., 2019), may be required to improve model interpretability and to
evaluate the effectiveness of defender influence on attackers. Building on these ideas, a
dedicated framework could be developed in football to derive interpretable defensive
influence metrics from a GAT model, enabling a more comprehensive evaluation of
individual off-ball defensive relationships and contributions. Section 2.6 summarises
this challenge as one of the research objectives in this thesis. The following section
provides a detailed discussion on the importance of space creation and the current
approaches for modelling it.

2.4.1.3 Player Space Creation

The creation and exploitation of space is a fundamental aspect of football play. Off-
the-ball movement determines the available options for the on-ball player, impacts
the organisation and positioning of defenders, and plays a vital part in the success of
attacking sequences. Additionally, minimising dangerous attacking space will be a key
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objective of the defensive team. Since players spend the majority of a game off the ball,
their ability to create and occupy valuable space is a critical aspect of player performance.
While coaches have recognised its importance in training and tactical preparation, as
well as in player evaluation and recruitment, objective quantification of space creation
has only recently become feasible with the emergence of spatiotemporal tracking data.

Early work in this area focused on probabilistically modelling the attacking potential
of areas on the pitch. For example, Spearman (2018) uses tracking data to estimate the
probability that a player’s positioning leads to them receiving and controlling the ball
at a specific location on the pitch and the likelihood of them scoring from that location
given that they receive the ball. By combining these probabilities, the model can assign a
value for their off-ball positioning based on their scoring potential. Similarly, Llana et al.
(2020) propose an off-ball metric derived from the deconstructed EPV model introduced
in (Fernández et al., 2021), that quantifies a player’s probability of getting valuable
goal-scoring chances given their off-ball positioning.

Other work has also utilised the concept of pitch control to measure the value of space.
Fernandez and Bornn (2018) model pitch control parametrically using logistic functions
combined with bivariate Gaussian distributions to compute individual player influence
on space, incorporating key spatiotemporal information such as player velocity and
distance from the ball. Using this model, methods of defining space generation and
occupation are presented to measure how players use space efficiently. For instance, a
defender being dragged away to allow a teammate to move into high-value space can
be explicitly captured as effective space creation. Consequently, players can be directly
compared based on how well they generate space for teammates or effectively occupy
space themselves.

More recent developments have used ML techniques that directly assign value to off-
ball runs. Gregory et al. (2024) employ an XGBoost model, trained on spatiotemporal
features extracted from tracking data, to assign value to player runs based on how it
changes the team’s scoring probability from the start to the end of the run. Interestingly,
their study highlights correlations between run speed and increased offensive value.
This offers a scalable, direct approach to evaluating space creation.

Taken together, these models demonstrate that spatiotemporal tracking data can help
evaluate how players strategically create and occupy space. Many applications of these
methods could provide great value to football coaches and analysts. For example, Spear-
man (2018) suggests that these models could help teams extract key footage for training
without having to manually re-watch games by identifying high-value situations where
a team had a dangerous attack or defensive vulnerability. Coaches and analysts may also
use these metrics to evaluate individual player performance and contributions, identify
successful attacking patterns, or pinpoint particular defensive vulnerabilities. This is
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particularly useful for key football tasks such as player recruitment and opposition
analysis.

Despite these advances in valuing space creation and player positioning, most current
research evaluates space retrospectively, identifying where space was created after the
fact or where it currently exists. An interesting research gap lies in predicting where
and when valuable space may occur in the near future. For example, anticipating
that an attack will reach the penalty area within five seconds could allow a striker to
preemptively occupy threatening zones rather than reactively adjusting once the ball
arrives. An effective approach to this challenge may be to predict an upcoming game
sequence and determine the probability of space becoming high-value as the game
progresses. Developing anticipatory models of space creation would provide actionable
insights for coaching, enabling proactive rather than reactive positioning, and represents
a promising direction for future research.

While we’ve focused so far on evaluating player actions and positioning in football,
another interesting area is the optimisation of player decision-making. In the following
section, we examine how AI can be used not only to evaluate past actions but also to
imitate player behaviour and optimise future player decisions.

2.4.1.4 Modelling Player Decision-Making

Modelling player decision-making represents a promising application of AI and foot-
ball analysis, aimed at inferring player intentions behind on- and off-ball actions and
identifying actions that optimise performance. The advancement of events and tracking
data, as well as the development of football simulators, provides opportunities to design
agents that can learn directly from real-world match scenarios. Figure 2.8 illustrates the
general framework, where spatiotemporal events and tracking data, as well as simulated
environments, can be used as inputs to different learning paradigms. These learning
paradigms include IL, IRL, and reinforcement learning (RL). These methods can provide
unique and valuable outputs, including policies that mimic real-world player behaviour,
reward functions that model player intentions, and action recommendations to optimise
performance.

IL is typically used to model agent policies directly from expert demonstrations, making
it highly suitable for modelling football player behaviour using player actions extracted
from spatiotemporal data. An early example for modelling player intentions includes
work by Beetz et al. (2005), who developed a multi-functional model that automatically
recognises activities in a game using real-time player and ball tracking data. Their system
integrates a game model database, an interpreter, a situation miner, and a game analyser,
and is formalised using first-order interval temporal logic. This enables the model to
infer individual intentions, recognise game situations, and analyse team behaviour
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FIGURE 2.8: Framework illustrating learning paradigms (imitation learning, inverse
reinforcement learning, and reinforcement learning) applied to the modelling and

optimisation of player decision-making in football.

based on play transitions in real time. Deep IL has also been applied to predict expected
player movements and to characterise general team patterns, particularly in defensive
situations, as discussed further in Section 2.5.1.3 (Le et al., 2017a,b).

More generally, IL has been applied in other domains with spatiotemporal data, such
as video games (Harmer et al., 2018) and navigation (Hussein et al., 2018; Ollis et al.,
2007; Silver et al., 2008), highlighting its utility in learning from expert trajectories.
For example, Silver et al. (2008) use IL to train agents to navigate environments using
overhead spatial data, where routes derived from expert demonstration are considered
optimal decision-making. These approaches, when applied to football events and
tracking data, present the possibility of modelling individual player characteristics and
replicating their typical decision-making across various scenarios. Coupling IL with
football simulators could allow us to evaluate how different players react under very
similar spatial conditions. By incorporating evaluation metrics such as VAEP (Decroos
et al., 2019) and EPV (Fernández et al., 2019), comparative tools could be developed to
assess and contrast player performance in specific tactical contexts, providing a valuable
tool for coaches in team selection and recruitment.

IRL focuses on inferring underlying reward functions that explain observed decisions.
Instead of being trained to imitate actions like in IL, IRL learns why players act as they do.
For instance, Luo (2020) applied IRL within a Markov game framework for ice hockey,
using this approach to estimate fine-grained reward values from player behaviour. This
methodology addresses the challenge of goal sparsity in sports like ice hockey and
football and demonstrates stronger alignment with key performance metrics, such as
points and assists, than traditional action values like xG and VAEP. The methodology is
flexible, supporting both single-agent and multi-agent reward function learning, and
offers strong potential for adaptation to football to advance the understanding of player
behaviour and action values. In football, IRL has been used to extract team intentions
from spatiotemporal data. For example, Rahimian and Toka (2021) demonstrated how
IRL can uncover the tactical rationale behind actions like passes by leveraging player
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trajectories from tracking data, providing insights into the tactical decision-making of
elite football teams.

In contrast to these approaches, RL aims to optimise decision-making by directly learning
action policies that maximise long-term rewards. In football, batch RL and novel football
state representation have been applied to recommend optimal actions for maximising xG
(Rahimian et al., 2021). The authors expanded upon this method in later work, focusing
on evaluating optimal pitch locations using pitch probability surfaces rather than discrete
passes (Rahimian et al., 2024b). It was also found that comparisons between real actions
and recommended optimal actions serve as an effective predictor for in-game match
outcomes (Rahimian et al., 2024a). Beyond individual behaviour, multi-agent deep RL
methods (Nakahara et al., 2023) have been introduced to value both on- and off-ball
actions in attacking football situations using contextual information from tracking data
and an RNN to predict action q-values. These actions include types of on-ball actions
(e.g., shots or passes) and discrete movement directions (e.g., left or right). Additionally,
Wang et al. (2024) utilise a GAT to predict football corner outcomes, such as receiver and
shot predictions, and suggest adjusted player positions for both attacking and defending
teams to influence shot probability, further demonstrating the applicability of RL-based
methods to tactical recommendations.

The development of simulators has played a key part in advancing these learning
paradigms, and in particular, RL methodologies for football. An early simulation
environment was the Robocup soccer server (Noda et al., 1998b,a), which facilitated
multi-agent research by providing a 2D virtual football setting where agents interact and
compete. A more recent simulation environment is Google Research Football (Kurach
et al., 2020), a highly optimised 3-D physics engine for football simulation that offers
a variety of tasks for agents to complete. However, the complexity of football means
that training agents on physics-based simulators requires significant computational
resources to achieve high-level decision-making. To mitigate this, Mendes-Neves et al.
(2021) introduce a simulator fundamentally built on football event data, enabling agents
to focus on learning optimal decision-making rather than basic football skills.

Collectively, these approaches demonstrate how AI can be used not only to evaluate past
player decision-making but also to imitate and understand player intentions and propose
optimised actions. However, while individual decision-making has received significant
attention, the modelling and optimisation of coordination and decision-making on a
team level is comparatively underexplored. Understanding how players coordinate and
interact as a team is fundamental to overall performance and can lead to opportunities
for more effective training processes and tactical optimisations. The following section,
therefore, shifts focus to methods for modelling and evaluating teamwork.
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2.4.2 Teamwork

Teamwork is a vital determinant of success in football and a natural extension of in-
dividual player decision-making. It has been defined as a dynamic process in which
team members exhibit both independent and interdependent behaviours to maximise
the team’s chances of successfully completing a shared goal (McEwan and Beauchamp,
2014). In football, such behaviours include creating passing options, maintaining defen-
sive organisation to limit attacking danger, or communicating information to teammates.
For instance, a player may alert a teammate in possession of the ball to an approaching
opponent outside their line of sight, increasing the likelihood of ball retention. Impor-
tantly, teamwork also involves recognising and compensating for the strengths and
weaknesses of individual players, and tactical structures are often designed to maximise
the impact of each player while mitigating their weaknesses. For example, a defender
with strong attacking ability but weaker defensive positioning may be supported by
a teammate who covers their role when they advance forward, thereby enhancing
collective attacking potential without compromising the team’s defensive stability.

Coaches recognise that cohesive teamwork not only enables teams to execute tactical
plans but also provides the potential for individuals to thrive in ways that may not
be possible if they were acting completely individually (Carron et al., 2002). As a
result, training sessions, player analysis, and player recruitment will carefully consider
these factors. For instance, when evaluating potential signings, clubs often assess
a player’s capacity to integrate into a new environment and develop effective on-
and off-field relationships with teammates (Beal et al., 2019). Although teamwork
is widely considered a vital aspect of a successful football team, it is more challenging to
quantify objectively than individual performance. This is because many of its underlying
interactions occur off-the-ball, making them harder to capture in football event data.

Several recent studies have attempted to evaluate teamwork quantitatively and optimise
teams based on how effectively players coordinate. Beal et al. (2020b) learn the value of
teamwork by modelling chains of directed interactions (i.e., passes) between players
using weighted directed graphs. Each chain of passes ends in a terminal event (e.g.,
goal, shot on target, shot off target, loss of possession), and the contributions of players
or pairs of players towards these events are extracted using various graph metrics listed
as:

• Centrality: The sum of the weights of all incoming and outgoing edges for the
player in a passage of play.

• Distance from event: The average number of subsequent players in the passing
chain after the player until the terminal event.

• Walk frequency: The frequency with which a player, or pair of players, appears in
the passing chain leading up to the event.
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These metrics are weighted by event importance towards match outcome, which is
estimated using a logistic regression model. Players and player pairs are assigned
an overall teamwork value by summing their weighted event contributions across all
events they participated in. Mixed-integer programming is used to form team line-
ups that maximise teamwork. This approach significantly outperformed methods that
ignore player interactions when predicting real-world team outcomes, achieving a 46%
improvement in accuracy.

Bransen and Van Haaren (2020) adopt a similar approach, defining player chemistry
based on the joint offensive and defensive contributions of two players on the team.
The offensive contributions are derived from the VAEP metric (Decroos et al., 2019)
for in-game play sequences involving both players, and the defensive contributions
are calculated as the impact the players had on reducing the offensive impact of the
opposing attacker. ML regression models are also used to predict the chemistry of player
pairs who haven’t played together, and the mixed integer model introduced by (Beal
et al., 2020b) is similarly used in this work to form an optimal team that maximises
player chemistry. Both studies demonstrate that teamwork can be formally modelled
and exploited for team selection and player decision-making optimisation; however,
these models both rely on the use of event data, restricting the evaluation of teamwork
to on-ball actions.

The challenge of modelling teamwork extends beyond football into MAS, where team
performance similarly depends on interdependent interactions between agents. A
framework that effectively evaluates interactions and coordination in MAS can also
provide insight for team-based domains such as disaster response and search and rescue.
Despite the importance of teamwork on performance in these domains, research on
evaluating agent interactions is relatively limited. Existing models mainly focus on
areas like task allocation, agent skills and roles, and spatiotemporal constraints such
as task location and completion times (Wu and Ramchurn, 2020; Matthews et al., 2012;
Ramchurn et al., 2010; Capezzuto et al., 2020; Amador et al., 2014).

For example, Gaston and DesJardins (2005) explore various network structures of agents
and finds the most effective agent networks to maximise performance in dynamic envi-
ronments, while Arnold and Schwalbe (2002) describe a framework in which individual
agents make decisions on which teams to join based on their own strategies and value
functions. Scerri et al. (2005) develop a task allocation algorithm for ’extreme teams’ with
interdependent tasks and strict time windows, such as UAV coordination or hospital re-
source management. In adversarial contexts, Mutzari et al. (2021) model multi-defender
Stackelberg security games, applying cooperative game theory to optimally disperse
agents to independent targets.

While these approaches are valuable, they all predominantly focus on task allocation
rather than assessing the value of teamwork or spatial interactions between agents.
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In football, a team aims to dominate an area against an adversary under significant
uncertainty, both in terms of the decisions of teammates and of opponents. These uncer-
tainties differentiate football from scenarios like Stackelberg games, where adversaries
are assumed to have complete knowledge (Mutzari et al., 2021).

The first benchmark for valuing teamwork using MAS concepts was the graph-based
model introduced by Beal et al. (2020b), which learned from real-world football data.
However, this approach focused solely on one-to-one directed interactions between
agents using on-ball actions in football, leaving many other forms of teamwork that
can exist between agents unexplored. Real-world examples include multiple defenders
forming a compact shape to effectively cover space and neutralise an opponent’s attack,
or a set of agents (e.g., robots) coordinating to maximise space coverage in a patrol task.
Furthermore, the approach in (Beal et al., 2020b) does not consider spatial proximity and
constraints, which are shown to be important factors for collective performance in many
real-world teams (O’Leary and Cummings, 2007).

There are opportunities to advance teamwork modelling by designing approaches that
can identify and classify a wide range of interaction types as well as explicitly account
for spatial context and its impact on agent decision-making and teamwork. Due to the
use of event data as the primary data source in (Beal et al., 2020b), the study is limited
to on-ball actions to assess how players communicate and interact, even though most
teamwork occurs off-the-ball. The use of tracking data enables richer evaluation of
agent interactions such as defensive runs, pressing coordination and space creation.
Developing models of teamwork grounded in spatiotemporal tracking data could deliver
more accurate insights into key player partnerships and contributions, which, to our
knowledge, has yet to be explored. Football analysts and coaches may use these models
and insights to inform team selection and tactical planning, as well as enhance post-
match analysis by identifying patterns of suboptimal player and team decision-making.
We discuss this challenge as one of our research objectives in Section 2.6.

In the next section, we shift focus to team and tactical planning in football. We also
review current state-of-the-art TF algorithms in AI and discuss their relevance and
potential application to football.

2.5 Team Planning

In this section, we review the evaluation of teams and tactical planning in football,
split into pre-game tactical planning (Section 2.5.1.1), in-game tactical changes (Section
2.5.1.2), modelling of team playing styles (Section 2.5.1.3) and injury prediction and
prevention (Section 2.5.1.4). In addition, we focus on TF as a broader MAS problem and
review current algorithms for TF and planning (Section 2.5.2).
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2.5.1 Team Planning in Football

Similar to player performance analysis, team evaluation and tactical planning are funda-
mental processes taken by coaches and analysts in football that shape how clubs prepare
and adapt during matches. While broader organisational factors, such as appointing a
head coach, forming a recruitment strategy informed by club budget, designing a player
scouting process, and incorporating academy players determine the long-term identity
of a team, the immediate tactical setup for any given match follows an iterative cycle
of inputs (e.g., team and opponent information), pre-game planning, in-game tactical
changes and post-match analysis (see Figure 2.9).

FIGURE 2.9: Framework diagram of the team planning process in football.

Inputs The team planning process begins with assessing various inputs regarding
the squad. These inputs include the players in the squad, the current form of each
player, player fatigue and fitness levels, and detailed information on the opponent.
These contextual factors constrain and inform the planning and decisions available
to coaches. Inputs regarding past player performance may include derivations and
analytical metrics from the models discussed in Section 2.4.

Pre-game tactical planning Given these inputs, coaches and analysts complete several
tasks to prepare for the upcoming match optimally. These tasks include an opposition
analysis to learn their strengths, weaknesses and key threats. Additionally, they select
a team formation (e.g., number of defenders or attackers) that best suits the desired
playing style and players in the squad. Furthermore, they define strategic emphases
such as defensive compactness or attacking intensity. They also choose a starting lineup.
Training drills, such as rehearsed set-piece routines, are also designed and practised to
help the team prepare, given the anticipated tactical requirements for the game.



38 Chapter 2. Literature Review

In-game tactical changes Throughout the duration of a game, coaches continuously
monitor the game state (e.g., scoreline, time remaining) as well as the performance
and behaviour of the team and opponent, and will consider making tactical changes.
In-game tactical optimisation involves adjusting formations or strategies and making
player substitutions in response to the opponent, which are expected to influence team
performance positively. Substitutions, in particular, can be made for various purposes,
including strategic (e.g., adding attacking players when losing the game) and restorative
(e.g., replacing fatigued players who may be at risk of injury).

Outputs and Post-Match Analysis Tactical decisions ultimately contribute to the final
match result, and they can be reviewed post-match to evaluate their effectiveness. These
evaluations highlight what tactics or players had a positive effect, reveal team or tactical
weaknesses, and inform future team planning. This creates an iterative cycle in which
each match contributes knowledge that shapes the team’s preparation for future games.

Research into AI methods has been applied across all stages of this process. Event and
tracking data have facilitated advances in opposition analysis, strategy and formation
selection, in-game decision-making (e.g., optimal substitutions), and post-match perfor-
mance evaluation. In the following subsections, we examine state-of-the-art methods in
four key areas: pre-game tactical planning, in-game tactical changes, modelling team
styles, and injury prediction and prevention. The practical benefits of these methodolo-
gies for football teams, and key areas for future research, are also discussed.

2.5.1.1 Pre-Game Tactical Planning

Pre-game tactical planning involves preparing a team to maximise performance against
a specific upcoming opponent. The process typically includes an analysis of the squad,
including an evaluation of player availability, health, fatigue, form and chemistry. This
process also includes an analysis of the opposition, including their key strengths and
weaknesses. During this planning phase, using information about the squad and oppo-
nent, the manager must decide upon a game strategy, formation, starting lineup and set
of player instructions. The modelling and optimisation of each of these decision points
have been focused on in football analytics, especially with the increased information on
team performance and dynamics provided by the emergence of spatiotemporal event
and tracking data.

One line of research has modelled the tactical preparation of teams for games as a
decision problem under uncertainty. Beal et al. (2020a) formulate pre-game planning
as a Bayesian model, where each team chooses actions related to their tactical style
and formation under incomplete information about the opponent’s tactics. Multiple
approaches are reviewed for this Bayesian model to optimise tactical decision-making,
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such as the best response method, which maximises win probability given the uncer-
tainty around possible opponent actions. ML approaches such as k-means clustering
and deep neural networks are used to classify team playing styles and predict match
outcome probabilities. The key objective of this work is to determine optimal tactics by
integrating information on team styles extracted from spatiotemporal event data. The
model is validated using two seasons of EPL data, finding that team tactics selected by
the best-response optimisation method increase win probability by an average of 16.1%.

Beal et al. (2021) extend on the pre-match Bayesian model to optimise tactics long-term
by setting fluent season objectives for teams. These objectives update iteratively as
each new game provides new evidence to the Bayesian model. This approach captures
how real-world football clubs realistically adapt their team strategies over time as more
information on the team’s league performance and their strengths and weaknesses
becomes apparent. The authors found that this approach can improve teams’ mean
expected league position distribution by up to 35.6%. These models encompass many
aspects of pre-game tactical planning, including opposition analysis, team formation
selection, and strategy selection.

Event and tracking data have been widely used to analyse team strategies and forma-
tions. Decroos et al. (2018) use event data to design an automated model for reviewing
team tactics by detecting common patterns of play. This model clusters event sequences
according to ball movement, identifying common team attacking strategies and ranking
these strategies based on how regularly they lead to shots. Such models provide coaches
with an automated way of assessing which play strategies are most effective and identi-
fying an opponent’s most preferred attacking patterns. Goes et al. (2021b) investigate
the synchrony of player interactions within play patterns using player tracking data.
This approach divides a team into smaller sub-groups and analyses which interactions
between these sub-groups are most frequently associated with successful attacking
outcomes, thereby providing insights into effective tactical configurations. A key find-
ing is that successful attacks frequently involved defenders moving asynchronously
to create space for attacking players and disrupt the opposition’s organisation. These
insights have practical implications for coaching, as training could emphasise the re-
hearsal of movement patterns that are empirically shown to improve attacking success
probabilities.

Tracking data has also been used to automatically detect formations and playing styles.
Bialkowski et al. (2014a) use expectation–maximisation to infer latent player roles,
assigning players probabilistically to roles based on the learned spatial distributions
of their mean positions in tracking data. They show that teams often play the same
formation both home and away, but alter their attacking emphasis within the formation.
In similar work, Bialkowski et al. (2014b) categorise team styles and formations using
k-means clustering from tracking data-based features, finding that this methodology
can represent team behaviour three times more descriptively than traditional match
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statistics (e.g., goals, passes, shots on target). These methods offer potential as effective
opposition analysis tools for identifying expected formations and playing styles for
upcoming games.

The studies reviewed above show how event and tracking data can be used to evaluate
teams and tactics in pre-game analysis; however, there remain some areas for future
work. In particular, while event data has been used to provide information for tactical
optimisation, its descriptive power is constrained by the lack of information on off-
ball players and dynamics. Tracking data offers richer spatiotemporal features, which
provide many advantages for formation detection, structural analysis of teams, and
the evaluation of player coordination. However, these methods have not yet been
extensively integrated into tactical optimisation frameworks. A promising area for
future research lies in combining the Bayesian decision-making approach presented
in (Beal et al., 2020a) with the automated formation and team-style detection model in
(Bialkowski et al., 2014a), providing increased descriptiveness of opponent style for the
tactical optimisation process. Furthermore, current tactical optimisation approaches pay
relatively little attention to player workload, fatigue and injury risk, and how these can
inform pre-game team selection, despite these being critical constraints in real-world
team management, particularly in congested match schedules. Incorporating physical
considerations into the optimisation process would strengthen the practical applicability
of pre-game tactical planning models.

Designing AI systems to recommend optimal tactical setups is a complex computational
challenge, both pre-game and in-game, due to the inherent uncertainty and adversarial
dynamics of football. However, sophisticated models in other domains may help provide
valuable insights. Game-theoretic approaches, for example, explicitly model interactions
against adaptive opponents with the aim of maximising game reward. A particularly
useful area may be Stackelberg games, which represent leader–follower scenarios where
one agent commits to a strategy and the adversary responds with knowledge of that
choice (Sinha et al., 2018). Stackelberg games have been successfully applied in areas
such as wildlife protection, where optimal patrol routes are determined using terrain
and animal distribution data to maximise defensive coverage (Fang et al., 2016), and
transport security, where patrols are scheduled under spatiotemporal constraints to
optimally deter commuters from evading fares (Yin et al., 2012). These approaches may
present a benefit to the football domain by recommending optimal defensive spatial
setups in response to predicted opponent attacking strategies given by formation and
style detection models (Bialkowski et al., 2014a; Decroos et al., 2018). These areas
have clear potential to inform coach decision-making in lineup and formation selection.
Existing TF models across the broader AI literature are discussed further in Section
2.5.2. The following section reviews how AI modelling has been applied to model game
progression and support the evaluation and optimisation of in-game tactical changes.
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2.5.1.2 In-Game Tactical Changes

In-game tactical planning requires coaches to adapt rapidly to a highly dynamic environ-
ment, where decisions must be made quickly and effectively before the game state shifts.
The process involves continuously assessing team performance and player condition,
monitoring opposition behaviours, tracking evolving game states (e.g., scoreline or game
momentum), and responding to these aspects through appropriate tactical adjustments
or substitutions. The emergence of spatiotemporal event and tracking data has led
to opportunities for deeper real-time analysis of match progression when optimising
in-game actions, extending beyond just core match statistics to measures of spatial domi-
nance, pressing intensity and workload management. Developing AI systems capable of
supporting or even automating elements of in-game tactical decision-making represents
a major challenge in football analytics, with many significant potential benefits.

In-game tactical optimisation approaches have been designed using different levels of
football data. For example, Hirotsu et al. (2009) propose a game-theoretic framework for
evaluating tactical changes, such as formation adjustment, using only match-level data.
In their approach, football is modelled as a zero-sum game based on the tactics employed
by both teams, and scoring probabilities are derived from Poisson distributions that
represent each team’s attacking and defensive strength, with parameters estimated using
the maximum likelihood method. This model demonstrates that tactical adjustments,
which increase a team’s likelihood of winning, simultaneously reduce the opponent’s
probability of winning. The authors provide an extensive analysis of the impact of
formation changes within the J-League (Japan’s top football division). While insightful,
this work is restricted to aggregate match data. Incorporating event or tracking data
could help capture the spatiotemporal dynamics of player and team behaviour, allowing
for more detailed evaluation of the impact of tactical changes on team structure and
performance.

Spatiotemporal data has allowed for more in-depth monitoring of player condition,
performance, and risk factors such as fatigue and injury in-game. Additionally, it pro-
vides for the evaluation of the opposition, including notable tactical changes, dangerous
players, or exploitable weaknesses. For example, Castellano et al. (2013) use player
tracking data to review team structure based on the length, width and surface area of a
team formation at given phases of a game, showing that more dominant teams often
have wider and longer team structures. These insights could help coaches determine
which team may be in the most advantageous position in-game. Goes et al. (2021c) adopt
a slightly different approach, highlighting the necessity for tactical changes through
in-game match prediction. To calculate this, models are trained on spatial match fea-
tures such as pass length and shot distance to predict binary match outcomes in real
time. These models show strong predictive performance, ranging from 67.1% to 74.1%
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accuracy in match prediction depending on match time. Such systems demonstrate the
potential to automatically alert coaches when tactical adjustments may be required.

One of the most influential and important in-game decisions available to coaches is
the timing and personnel of substitutions. Early work by Hirotsu and Wright (2002)
modelled football as a four-state Markov process using match data and used a log-
linear model to estimate state transition probabilities. Dynamic programming is then
used to find the optimal substitution timing by maximising the expected match points.
Myers (2012) and Rey et al. (2015) applied data mining on decision trees to evaluate
factors such as the quality of opposition or the scoreline when recommending optimal
times for substitutions. Beal et al. (2020a) extend their pre-match Bayesian model by
representing a football match as a stochastic game. In this framework, states represent
the current scoreline, and transitions, whose probabilities are estimated from historical
data on team strengths and styles, represent goals scored. Teams can select actions,
corresponding to player substitutions, to maximise their likelihood of transitioning to
more favourable match outcomes. While these models rely mostly on match-level and
event data, they highlight the potential value of in-game substitution optimisation. The
increasing availability of tracking datasets could significantly improve these models
by giving more granular overviews of the current game state. For example, pitch
control metrics (Fernandez and Bornn, 2018; Fernández et al., 2019) could be used to
identify which areas of the pitch are being most heavily dominated, and potentially
exploited by the opposition, and passed as input features to ML models trained on
historical substitution data. Linking substitution timings with their spatiotemporal
impact across previous matches would allow such models to learn patterns of effective
tactical changes, providing coaches with data-driven recommendations on both which
players to substitute and when.

The challenge of in-game tactical optimisation in football can be modelled as a real-
world representation of real-time decision-making in MAS, where agents must respond
adaptively to dynamic and uncertain environments. Concepts extracted from MAS
research, particularly for coalition formation, role adaptation and task reallocation under
uncertainty, can therefore offer valuable ideas and mechanisms for in-game decision-
making models. For instance, Arnold and Schwalbe (2002) introduced a dynamic
coalition formation model in which agents choose the team they want to join using a
revised individual value function that updates based on the current coalition structure
and observations of other agents. Similarly, Jones and Barber (2008) evaluate various TF
strategies in highly dynamic environments with incomplete information, such as open
markets or complex business organisations. Katayanagi and Sugawara (2011) study
an agent network where tasks emerge spontaneously and communication delays exist
between agents. The authors propose a reorganisation mechanism that adapts network
topology based on workload to balance agent activity effectively. Other examples have
been presented for sequential coalition formation where tasks arise spontaneously and
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agents are uncertain about their team members’ skills and roles (Chalkiadakis and
Boutilier, 2012), and for agent role reallocation in response to agent failures in search
and rescue contexts (Gunn and Anderson, 2015). These approaches address challenges
similar to those in in-game football decision-making, where events such as injuries,
changes in game momentum, or player performance require dynamic adaptation.

In addition to exploring applications of current MAS approaches, extending the in-game
stochastic game model of football presented in (Beal et al., 2020a) by increasing the
granularity of in-game states from scorelines to in-depth team performance and match
dynamics metrics extracted from tracking data could improve in-game decision-making
performance. For example, integrating metrics that measure the quality of scoring
opportunities (Spearman, 2018) and evaluating player teamwork and performance
could enable earlier identification of emerging tactical vulnerabilities, allowing for
intervention before they lead to negative outcomes, such as conceding a goal. Moreover,
a framework that considers both agent performance and long-term fatigue and injury
risks could further improve decision-making, with potential applications extending
beyond sport to domains such as emergency response and search and rescue. Interesting
parallels also exist with adaptive AI agents in video games who must use experience
to improve their strategies in dynamic environments with opposing players (Demasi
and Adriano, 2003; Spronck et al., 2006). For example, Spronck et al. (2006) use dynamic
scripting, a stochastic optimisation method that adapts an agent’s policy based on their
in-game experience to optimise their responses to changing environments. Modelling
football teams as adaptive agents in this way could lead to match strategies that evolve
proactively based on in-game experience.

A key barrier to the production of in-game tactical analysis and optimisation models is
the requirement for live gathering and feature extraction of spatiotemporal data, which
is still uncommon in football. However, as real-time data collection becomes more
widespread in the sport, algorithms like those discussed in this section could provide
coaches with actionable recommendations during matches. This could help support de-
cisions on substitutions, formation alterations, and attacking strategies, thereby offering
the potential for a competitive edge in matches. In the next section, we focus on how
AI can be applied to model team styles and structures, forming a deeper perspective of
team behaviour.

2.5.1.3 Modelling Team Styles and Structures

Modelling team styles in football using AI typically involves learning patterns and
policies adopted by teams through spatiotemporal data. Football tracking data is
particularly valuable as it enables fine-grained analysis of team structure and setup,
resulting in deeper insights into collective play. Such modelling supports more effective
opposition analysis and a better understanding of team tactics. As with player modelling
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discussed in Section 2.4.1.4, football simulators can act as test beds for AI agents, where
learning approaches are applied to identify optimal team styles and structures in given
situations. When modelling a whole team, this becomes a multi-agent problem in which
the interactions between agents must also be considered.

Several studies use AI learning approaches applied to player and team trajectories to
model the style of play. Le et al. (2017a) apply deep IL to anticipate teams and oppo-
nent movements throughout a match, using an LSTM with feature vectors containing
absolute player coordinates and their positions relative to the ball and goal. The learner
retains information on past positions and roles, using it to project future positions over
subsequent time steps. This approach is particularly useful for anticipating team ac-
tions and preparing for these, whether by finding effective attacking routes to break
down defensive structures or by defensively preparing for common attacking patterns.
Building on this work, Le et al. (2017b) focus specifically on predicting defensive be-
haviour. Using LSTMs trained on data from 45 league matches, they learn policies for
ten defensive roles (the entire team excluding the goalkeeper), building a model of an
entire team’s defensive patterns. In contrast, Van Roy et al. (2023) focus on offensive
behaviour, modelling play as an MDP where pitch zones represent states and actions
consist of passes or shots. By learning policies from historical data, this approach cap-
tures team-specific attacking tendencies and provides a probabilistic outlook on likely
future actions. Bialkowski et al. (2014c) model player positioning and team tactics by
applying expectation-maximisation to estimate player role distributions across matches
using tracking data, predicting team formations with an accuracy of 75.33%.

Other work has focused on using football event data (e.g., passes and shots) to model
team style. For example, Lucey et al. (2012) model team behaviour using fixed time
windows of ball trajectories extracted from event data for a team. Team behaviour is
categorised using entropy maps, which are used to compute team predictability. This
offers practical applications for match preparation, enabling teams to anticipate oppo-
nent styles or to evaluate their own unpredictability in disrupting opposing defences.
Additionally, Rahimian and Toka (2021) employ IRL with convolutional RNNs to infer
team intentions behind actions (e.g., passes) from player trajectories. Moving to an
approach applied in ice hockey and basketball, Mehrasa et al. (2018) use convolutional
neural networks on player tracking data to classify events such as shots and categories
teams based on their collective movement patterns. While this approach is tested in
ice hockey and basketball, the approach could be extended to football to improve the
state-of-the-art for modelling team behaviour based on their collective spatial dynamics.

Together, these works discussed in this section demonstrate how spatiotemporal data can
offer deeper insights into modelling team tactics and formations, not only by identifying
structural patterns but also by inferring underlying strategic intentions. These models
can support match preparation by enabling coaches to evaluate their own team’s and
the opponents’ strategies. This may also enable opportunities to test different strategies
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for combating opposition tactics in simulated environments. Smaller clubs may also
benefit by modelling their team around tactical intentions extracted from elite teams
through publicly available spatiotemporal datasets. There are also open research areas
for these approaches; for example, team behaviour models that use match events could
be applied to estimate player tracking data using only event data, providing a cost-
effective alternative to expensive tracking systems.

Advancements in multi-agent learning from other domains further highlight opportuni-
ties for football. RL applied in video games has achieved professional-level performance,
as shown in (Berner et al., 2019) and (Vinyals et al., 2019), where agents learned complex
game strategies through their experiences of spatial surroundings and in-game objects.
Similar approaches in air traffic management (Brittain and Wei, 2019) and multi-agent
path planning (Sartoretti et al., 2019) demonstrate how multi-agent RL and multi-agent
IL can enhance spatial coordination among agents and reduce conflicts. These examples
show how agent learning can improve spatial awareness, highlighting applications to
football due to the importance of spatial positioning and coordinated defensive and
offensive interactions for team success.

Football simulators could be deployed to create environments where agents can test
tactical strategies, enabling experimentation with different team styles against auto-
mated models of opposition behaviour. For example, automatic formation and team
style detection methods (Bialkowski et al., 2014b) could generate opposition profiles for
simulated match testing. Similarly, IL methods such as those in (Sartoretti et al., 2019)
could be used to model team play styles from spatiotemporal data, simulating player
actions based on observed behaviour. This combination offers the potential to optimise
team setups and tactical styles by testing strategies against predicted opponent styles in
simulation. A further step would also be to integrate multi-agent learning and tracking
data into the creation of a digital twin of a football team, simulating matches in real time
and trialling potential strategic decisions. Such a system could provide coaches with
automated in-game tactical insights, including recommendations for substitutions or
formation changes based on detected sub-optimal team patterns. In the next section, we
focus on injury prediction and prevention.

2.5.1.4 Injury Prediction and Prevention

Across all contact team sports, including football, injuries to players can reduce long-
term team performance significantly (Hägglund et al., 2013). If a team’s most vital
players are injured for many games across the season, their expected performance in
these games decreases. Furthermore, a team with multiple injuries may be forced to play
the same players repeatedly due to a constrained squad, which could lead to additional
team fatigue and injury. The financial impact of injuries is also significant due to large
players’ wages and the financial reward received for achieving team objectives (e.g.,
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winning the league or avoiding relegation). A report by JLT found that player injuries in
the 2018/19 EPL season cost a total of £221 million in wages.15 In professional football
teams, it is common to have congested season schedules with multiple matches each
week, increasing the risk of injuries to players due to fatigue and the requirement for
the team to rest players and improve long-term team performance (Howle et al., 2020;
Bengtsson et al., 2013; Dellal et al., 2015).

The impact of injuries on team performance and finances highlights the importance of
team planning to minimise the long-term issues caused by player injury. In football, man-
agers may rest a tired player to allow them to recover for the next game. Furthermore,
managers may play a weakened team against an opposition they are expected to beat,
resting multiple key players for a more difficult game later. Despite this, it is difficult to
know if these team planning decisions are optimal, as there are many factors involved
that are unknown. These factors include the injury probability of players, the match
outcome probabilities based on the selected team, and the long-term benefit of resting a
player. The use of AI to optimise decision-making in this area may help significantly
reduce injury in key players and improve team performance. However, to date, there is
limited research in this area (Beal et al., 2019). To optimise team and injury management,
an effective and reliable injury prediction model must first be implemented.

Injury prediction is a difficult problem due to the many factors that may cause injury.
Orchard and Powell (2003) study the effect of weather conditions on injury risk in
American football, and find that knee and ankle injury risk is lower in colder conditions.
Kucera et al. (2005) study the impact of injury history on future injury risk in youth soccer
using multivariate generalised Poisson regression. Results of this study indicated that
injury risk increased significantly for players with an injury history, with the risk being
three times greater for those with two or more previous injuries. Several studies consider
the impact of the Acute:Chronic Workload Ratio (ACWR) on injury risk (Malone et al.,
2017; Bowen et al., 2020; Cummins et al., 2019; Hulin et al., 2016). The ACWR is widely
used in sports science to model the fitness and fatigue of players by comparing a player’s
recent load (acute workload) with their longer-term load (chronic workload). At day t,
the ACWR is defined as:

ACWRt =
AcuteLoadt

ChronicLoadt
=

1
7 ∑t

i=t−6 Loadi
1

28 ∑t
i=t−27 Loadi

(2.1)

Where AcuteLoadt is the average player load over the previous seven days and ChronicLoadt

is the average load over the previous 28 days. Player load can be calculated using var-
ious methods, such as the product of the player’s session Rate of Perceived Exertion
(sRPE) (Haddad et al., 2017) and the session duration, or by their total distance covered

15https://www.si.com/soccer/2019/08/17/how-much-each-top-6-club-spent-injured-players
-during-201819-season.

https://www.si.com/soccer/2019/08/17/how-much-each-top-6-club-spent-injured-players-during- 201819-season.
https://www.si.com/soccer/2019/08/17/how-much-each-top-6-club-spent-injured-players-during- 201819-season.
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during the session. Physical metrics, such as total distance covered and the total number
of sprints, are also typically collected for players in games using tracking systems or
wearable technology. These metrics are also commonly used as a measure of player
fitness and load. The ACWR compares player fatigue to their fitness base, giving insight
into the risk of abnormal body stress levels. Bowen et al. (2020) find that when a player’s
ACWR spikes above two, their injury risk increases dramatically. Malone et al. (2017)
present that an ACWR of between 1 and 1.25 reduces the injury probability of players
most. Other factors, and their impact on injury risk, have also been studied, such as
in-game playing actions (Rahnama et al., 2002) (e.g., tackles or passes), playing surface
(Ekstrand and Nigg, 1989) and training program (Kraemer and Knobloch, 2009).

Using AI to reliably learn the relationships between these factors and injury risk in
players could be very useful as an advisory tool for managers and coaches in football.
The emergence of in-depth tracking datasets, wearable sensors and medical data in
recent years makes the task of curating features to train an ML model to predict injury
risk more solvable (Beal et al., 2019; Kempe, 2025). These features can capture key factors
such as a player’s injury history, workload, intensity and fatigue. Due to a relatively
low injury incidence rate in football, many games of data would likely be required to
train an ML model to predict injury probability reliably without overfitting.

Several papers have studied the use of ML to predict injury in football (Majumdar et al.,
2022). These approaches vary in dataset, features, and the model used. Rossi et al. (2018)
use GPS data from training sessions as input to a decision tree to predict injury for
twenty-six players over a single season and report a ’Compute Area Under the Receiver
Operating Characteristic Curve’ (AUC) score of 0.76. Rommers et al. (2020) predict the
injury risk of 734 players at the youth level using physical features such as the player’s
height, weight, speed and flexibility. An XGBoost model is trained using this data as
input and predicts injury on test data with an accuracy of 85%. Jauhiainen et al. (2022)
predict the risk of anterior cruciate ligament injuries in female football and handball
players using eight years of data. The athletes underwent many tests and a questionnaire
to assess strength, balance, flexibility and other physical attributes. This data was used
as input to a support vector machine (SVM), which was compared to Logistic regression
and random forest as baselines to predict injury, with an AUC score of 0.63 reported. Lu
et al. (2022) predict injury risk in basketball using twenty seasons of historical data and
compare predictive performance for various ML models, including XGBoost, a neural
network, random forest and logistic regression. They note that XGBoost achieves the
highest predictive performance with an AUC score of 0.84. They also study the features
used as input for the model and identify that past injury is a key factor in future injury
risk. We summarise the studies identified here towards modelling injury risk in sports
using various key features and approaches in Table 2.2.

There remains scope to study further the best features and ML models to use to integrate
an injury risk model into a club’s decision-making processes. It is key that the model
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TABLE 2.2: Summary of the discussed injury modelling studies by sport, primary
features examined, model type, and citation.

Sport Key features Model used Paper

American football Weather conditions (e.g.,
temperature, rain)

Statistical analysis (Orchard and
Powell, 2003)

Football In-game actions (e.g., tackles,
passes)

Statistical analysis (Rahnama et al.,
2002)

Football Playing surface (e.g., grass,
artificial turf)

Statistical analysis (Ekstrand and
Nigg, 1989)

Football Balance training program
duration

Statistical analysis (Kraemer and
Knobloch, 2009)

Football Overall training workload (e.g.,
weekly load, ACWR)

Logistic Regression (Malone et al.,
2017)

Football GPS workload (e.g., sprint
distance, ACWR)

Logistic Regression (Bowen et al.,
2020)

Rugby GPS workload (e.g., total
distance, ACWR)

Logistic Regression (Hulin et al., 2016)

Football (youth) Injury history (e.g., sessions
and games missed)

Poisson Regression (Kucera et al.,
2005)

Football (training) Training workload (e.g., sprints,
distance, ACWR)

Decision tree (Rossi et al., 2018)

Football &
handball

Physical tests (e.g., balance,
strength, flexibility)

SVM (Jauhiainen et al.,
2022)

Football (youth) Physical tests (e.g., endurance,
agility, speed)

XGBoost (Rommers et al.,
2020)

Basketball Prior injury history XGBoost (Lu et al., 2022)

is explainable to ensure that coaches and players can trust and understand its outputs.
Furthermore, it allows coaches to comprehend the factors contributing to injury risk
and may enable them to organise targeted training sessions to improve player welfare
efficiently. As an example, we propose that a Bayesian network may be a suitable injury
risk model due to its natural ability to show cause-and-effect relationships between
features influencing injury risk. Furthermore, the model could balance expert knowledge
with evidence from new data to form its predictions.

While there have been some studies into the use of AI to predict injuries in football, to
our knowledge, the use of AI to plan team selections and substitutions to proactively and
optimally prevent injury is yet to be investigated. Football may greatly benefit from an
objective, data-driven approach to team selections that uses player injury probabilities
to maximise players’ long-term contributions to the team. This would provide a method
for a club to utilise physical data on their players and apply it directly to their decision-
making processes to improve team performance and reduce the financial cost of injuries.
In the next section, we turn our attention to state-of-the-art TF models across all domains.

2.5.2 Team Formation Models and Algorithms

In many real-world domains, agents with individual properties (e.g., roles and skills) are
teamed up and distributed to complete tasks that contribute to a common objective (e.g.,
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maximising reward or minimising risk). TF has been studied across a variety of settings,
including the assembly of optimal response teams in disaster response (Ramchurn
et al., 2010; Capezzuto et al., 2021) or the selection of optimal Fantasy Premier League
teams (Matthews et al., 2012). Team sport shares similarities with these domains, where
teams must be chosen repeatedly from a set of players each week to maximise a season
objective such as total points (Beal et al., 2019).

Multi-agent TF has been extensively studied in dynamic and adversarial environments,
both in deterministic settings and under uncertainty. Some approaches focus on optimis-
ing team performance under various constraints, such as spatio-temporal limitations
or task requirements (Ramchurn et al., 2010; Zhang et al., 2025). Previous work has
also addressed dynamic scenarios where tasks emerge spontaneously and agents can
form teams in a decentralised manner based on individual value functions and network
structure, with applications such as supply chains and sensor networks (Gaston and
DesJardins, 2005). Chalkiadakis and Boutilier (2012) examine the trade-off between ex-
ploration and exploitation in coalition formation, employing Bayesian RL and partially
observable MDPs to address environment stochasticity and develop effective coalition
policies. In simulated search-and-rescue scenarios, Gunn and Anderson (2015) evaluate
a TF framework for dynamic environments in which desired team composition and
task suitability are defined by human experts, and robots can switch roles and merge or
redistribute teams during an operation to match these targets.

Coalition formation under spatial and temporal constraints has also been studied ex-
tensively. Ramchurn et al. (2010) introduce the "Coalition Formation with Spatial and
Temporal Constraints Problem", which involves assigning tasks to agents in dynamic
environments while considering factors such as spatial distribution and task completion
deadlines, with applications in disaster response scenarios. A mixed integer program
and a set of anytime heuristics were used to solve the constrained optimisation prob-
lem. Building on this foundation, Capezzuto et al. (2020) propose the Cluster-based
Task Scheduling algorithm, an efficient anytime method that guarantees convergence.
Further extensions to this problem have been conducted in (Capezzuto et al., 2021),
which improves the scalability of solutions by presenting a distributed adaptation of the
Cluster-based Task Scheduling approach. These methods use deterministic formulations
and react to emerging events; they do not plan explicitly under uncertainty, such as
probabilities of agent loss or unavailability.

The use of search algorithms and RL techniques to solve TF problems has been ex-
plored in the literature (Matthews et al., 2012; Chalkiadakis and Boutilier, 2012; Wu and
Ramchurn, 2020; Kartal et al., 2016). For example, Matthews et al. (2012) use Bayesian
Q-learning for sequential team selection in fantasy football, modelling the process as a
partially observable MDP with action constraints reflecting game rules such as squad
size, budget, and role requirements (e.g., a goalkeeper is required). This constrained
optimisation problem is treated as a multi-dimensional knapsack packing problem and
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sets a benchmark for sequentially optimal TF. In simulated disaster response, Wu and
Ramchurn (2020) use Monte Carlo tree search (MCTS) as a scalable and anytime method
for selecting optimal sets of coalitions over many combinations of agent teams and team
sizes.

Robustness to agent failures and unavailability in TF has been explored in simulated
settings (Gunn and Anderson, 2013). For example, robust TF has been formally defined
as the problem of selecting efficient teams that can cover a range of skills for a task, even
after a number of agents have been removed from the team (Okimoto et al., 2015). A
team is considered k-robust if k agents can be removed, and the team can still complete
the appointed task. Similarly, recoverable TF considers the cost of recovering a team’s
ability to complete a task if a number of agents were to be removed from the team
due to failure or injury (Demirović et al., 2018). Algorithms are given in these studies
to find optimally robust and recoverable teams. Gunn and Anderson (2015) address
robot failure by allowing the remaining team members to adapt to fill missing roles,
and permitting lost robots to join new teams. Anagnostopoulos et al. (2012) consider
workload management by minimising the number of tasks assigned to each agent in a
social network.

In adversarial settings, strategic TF is often modelled using Stackelberg games, where a
decision-making agent commits to a strategy that an adversary observes and responds
to (Paruchuri et al., 2008). These games have found application in domains such as
security and wildlife protection. For example, Shieh et al. (2012) optimise port secu-
rity patrol schedules to anticipate potential attacks, while Wang et al. (2019b) employ
repeated Stackelberg games to dynamically adjust wildlife patrols in response to adver-
sary behaviour. Research on repeated security games further explores how defenders
adapt to attacker strategies over time. For instance, Nguyen et al. (2019) examine
how attackers can deceive defenders, highlighting the importance of adaptability, while
Alcantara-Jimenez and Clempner (2020) model decision-making uncertainties in security
environments using partially observed Markov games.

Several TF models address dynamic agent reallocation in domains without adversaries.
For example, Shriyam and Gupta (2018) proposed a model that reallocates teams to
new tasks to minimise task completion times, allowing robots to be reassigned mid-task.
Similarly, Liu et al. (2022a) utilise multi-agent RL to optimise the dynamic reallocation of
UAVs to tasks as new information and objectives emerge. Cohen and Mouaddib (2018)
employ MCTS for team reformation in disaster response scenarios, enabling teams to
rearrange agents and roles as tasks evolve. These studies advance dynamic TF, but
generally do not focus on adversarial domains where agent fatigue, unavailability risk,
and adaptive opponents must be managed.

The TF literature spans a variety of approaches, with existing models capturing im-
portant aspects of real-world TF problems. Some focus on adaptation to opponents in
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adversarial settings (e.g., Stackelberg games), others model repeated interactions across
multiple incidents, while robustness-focused approaches ensure teams can complete
their objectives following agent loss or failure. Reactive methods, by contrast, reconfig-
ure teams after agent faults have occurred. However, there remains a gap in research
for a model that integrates pre-event team selection with in-event team adaptation, and
explicitly accounts for stochastic processes such as fatigue and injury risk from workload
that impact agent availability and team performance over time.

These challenges are vital in team sport, but also extend to many real-world domains
beyond sport. For example, emergency response teams must schedule shifts to avoid
exhaustion while maintaining high task completion success, while in search and rescue,
agents must maximise coverage while limiting the probability of battery depletion. In
these settings, teams may need to change mid-event to meet the event’s requirements.
For example, a patient’s health might deteriorate quickly during an emergency response,
or battery levels could drop faster than anticipated, requiring UAVs to reroute in search
and rescue. Similar requirements exist in adversarial domains such as team sports and
security, where opponents adapt and the team must respond quickly and effectively.
In such settings, teams must be selected proactively and be flexible enough to adapt
effectively during events. There is potential for models that balance unavailability risk
with the reward of deploying skilled agents both pre-event and in-event across repeated
interactions to improve long-term team outcomes and reduce agent injury or failure. We
address this challenge as one of our research objectives in Section 2.6.

Football provides a suitable real-world testbed for these ideas. Managers face congested
schedules and varying opponents, and must plan pre-game selections and in-game
substitutions to maximise performance while accounting for player workload and
fatigue. The sport offers rich data on workload, injury history, and outcomes, with
player injury risk varying based on these factors and the game context. Player injuries in
football cost clubs millions of pounds every season in the EPL16 and can lead to reduced
season performance due to long-term injuries to key players. The sport, therefore,
combines adversarial dynamics, repeated interactions, pre-game and in-game team
selections, and the practical need to manage player risk, making it an ideal context for
developing models of TF under uncertainty. In the next section, we summarise the
literature review and discuss how open areas of research relate to the research objectives
addressed in this thesis.

16https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injur
y-index

https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injury-index
https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injury-index
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2.6 Discussion

This chapter has reviewed the landscape of spatiotemporal prediction models, perfor-
mance evaluation frameworks, and team planning methodologies, with a particular
focus on their application in football and related domains such as other team sports. A
recurring theme in football research is the predominant focus on on-ball actions, with
many opportunities remaining to leverage player tracking data for greater contextual
richness and analytical depth. Across the research areas we surveyed, several open
research questions have emerged, many of which reflect broader challenges in AI and
MAS that remain underexplored in the academic literature. Furthermore, applying
existing AI methods to football requires careful consideration of the sport’s inherent
complexity and the adaptations necessary for effective implementation.

Advancing state-of-the-art AI models and algorithms in football offers substantial ben-
efits to coaches and practitioners. These include streamlining training by identifying
strengths and weaknesses in both players and team structure, enabling more objec-
tive player recruitment through robust comparative metrics, and enhancing opposition
analysis by identifying opponent team styles and key tactical areas. The importance of
improving these processes is underscored by the significant financial and social incen-
tives associated with team success. Additionally, the insights gained from AI research in
football benefit the wider AI community by providing a platform to test spatiotemporal
models in a real-world environment with clear objectives and large amounts of data
spanning multiple years, thereby informing potential advances in team-based AI across
other domains.

Below, we summarise the key open research areas identified in this review, highlighting
football as a valuable test bed for advancing these areas.

Spatiotemporal Prediction Spatiotemporal prediction models have been widely ap-
plied to forecast and impute agent trajectories across various domains, including team
sports (Yeh et al., 2019), vehicle collision avoidance (Xie et al., 2021), and pedestrian
movement in crowds (Marchetti et al., 2020). A range of modelling approaches have
been explored for these tasks, such as Kalman filtering (Kim et al., 2013), LSTMs (Sri-
ram et al., 2020), Bayesian models (McInerney et al., 2012), GNNs (Liu et al., 2022b),
and VRNNs (Sun et al., 2018). Despite this diversity in approaches, several important
research areas remain underexplored.

A primary open challenge is the development of spatiotemporal prediction models that
can perform effectively in environments characterised by sparse and irregular agent
observations (Figure 2.5). Many real-world domains, such as disaster response scenarios
with limited sensor coverage or team sports with event-based data streams, provide only
intermittent and non-uniform agent observations. This issue is particularly important in
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football, where on-ball event data yields sparse player information with non-uniform
timesteps. Imputing agent trajectories under these conditions is an important challenge,
as it would enable player movement analysis for clubs and researchers who lack access
to comprehensive tracking data. To date, there has been little work addressing the
imputation of multi-agent behaviour when observations are both temporally irregular
and limited to a single agent at each timestep.

Another significant research direction is the interpretability and explainability of spa-
tiotemporal prediction models. While deep learning approaches have achieved impres-
sive predictive performance, they often function as black boxes, offering limited insight
into the underlying decision-making processes or the interaction patterns between
agents. Extracting interpretable outputs from spatiotemporal prediction models, such as
highlighting influential features or environmental factors, would be highly valuable for
domains where model explainability and trust are important, including autonomous
driving and disaster response.

Finally, most existing models are predominantly data-driven, relying solely on historical
location and trajectory data. There is substantial potential to enhance spatiotemporal pre-
diction by integrating domain knowledge and behavioural constraints, such as physical
limits, environmental rules (e.g., speed limits), or tactical positions in sports. Incorporat-
ing such information could improve both the accuracy and plausibility of predictions,
particularly in structured environments like sports or transportation systems.

Spatiotemporal Performance Evaluation Recent advances in spatiotemporal data
collection have enabled a wide range of AI-driven performance models in football,
supporting applications in player recruitment, tactical analysis, and player development.
By leveraging both event and tracking data, these models provide objective evaluations
of player performance, including attacking and defensive actions, space creation, and
decision-making processes. Despite significant progress, several important research
challenges remain, many of which represent valuable directions for further study in
both football analytics and the broader fields of AI and MAS.

A key challenge lies in the objective evaluation of defensive actions, especially those
occurring off the ball. Most existing approaches in football focus on on-ball events
(Merhej et al., 2021), overlooking the substantial influence of off-ball positioning and
spatial coverage. Similarly, in other team-based domains, such as security and patrol,
the indirect contributions of agent positioning to adversary decision-making remain
underexplored. There remains a need for metrics and models that can robustly quantify
the indirect spatial impact and influence of individual agents, particularly in complex,
dynamic environments. The advancement of attention-based models could be leveraged
to produce these metrics. Developing such models would enable more comprehensive
performance evaluation and enhance player selection and team optimisation processes.
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Another open research area is how both on-ball and off-ball behaviours can be evaluated
through richer, more detailed data. In football, metrics such as xG, xT, and EPV have
advanced the objective assessment of attacking actions. However, both in football and
more generally, there is limited integration of nuanced action subtypes (e.g., headers,
weak-footed shots) and deeper contextual features (e.g., pass elevation, player physical
attributes, or environmental conditions). In the wider AI literature, action evaluation in
MAS often does not handle such in-depth human data, suggesting that approaches using
these rich data could help advance these fields. The development of more comprehensive
datasets, such as body pose and eye tracking data, along with context-aware models,
would enable more granular and actionable insights for coaches, analysts, and decision-
makers in football.

Space creation and occupation represent a further area of opportunity for research. In
football, recent models have begun to quantify the value of space and off-ball movement
(Fernandez and Bornn, 2018; Llana et al., 2020). However, predicting the emergence of
valuable space in future states, especially in highly dynamic, adversarial, or partially
observed environments, remains an open problem in both football and the general AI
literature. Models capable of forecasting where and when high-value space will occur
could provide a powerful tool for proactive tactical planning and player coordination.

IL approaches from other domains, such as video games (Harmer et al., 2018) and
navigation (Silver et al., 2008), could also demonstrate the potential for modelling
individual player behaviour in football using spatiotemporal data. Applying these
methods to football could enable the development of tools that use simulations to
compare player decision-making and effectiveness in similar tactical scenarios, offering
valuable insights for team selection and performance analysis.

Teamwork The objective evaluation of teamwork remains a significant challenge
in both football analytics and the broader field of MAS. Although the importance
of effective collaboration and communication within teams is widely acknowledged,
objectively quantifying these aspects is difficult due to the complex and often subtle
nature of team interactions. In football, recent studies have begun to address this gap
by modelling player interactions using network analysis and event data, which has
enabled the identification of key partnerships and the optimisation of team selection
based on learned teamwork metrics (Beal et al., 2020b; Bransen and Van Haaren, 2020).
These approaches have shown that incorporating measures of player interaction can
substantially improve the prediction of team performance compared to models that
focus solely on individual player skills.

Despite these advances, several open research areas remain. Current models are lim-
ited to on-ball actions and direct one-to-one interactions, overlooking the rich context
provided by off-ball movement, spatial proximity, and indirect forms of collaboration.
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The increasing availability of tracking data presents new opportunities to capture these
off-ball dynamics, such as coordinated defensive positioning and space creation, which
are critical to team success. In the broader AI literature, agent interaction modelling has
primarily focused on task allocation (Chalkiadakis and Boutilier, 2012) and coalition for-
mation to meet agent objectives (Bistaffa et al., 2017), placing less emphasis on the spatial
and temporal coordination between agents to maximise spatial control in real-world
teams, especially in adversarial environments like football and security. Developing
models that can optimise spatial coordination between agents in dynamic, adversarial
contexts using agent location data remains an essential and open challenge.

Advancing teamwork modelling will require the integration of richer spatiotemporal
data and the development of metrics that capture both direct and indirect forms of
collaboration. These advancements could be used to inform coaching, player recruit-
ment, tactical planning and post-match analysis. It would provide information on which
players coordinate well together and predict strong future player relationships. This
would ultimately support better decision-making in both sports and other domains
where teamwork is essential.

Team Planning The application of AI and ML to team planning in football has sig-
nificantly advanced tactical analysis, TF, and injury prediction, providing coaches and
analysts with new tools to optimise both short-term match outcomes and long-term
team performance. By leveraging event and tracking data, recent research has enabled
more objective, data-driven approaches to pre-game tactical planning, in-game decision-
making, and the modelling of team styles and structures. Despite these advances, several
important research challenges remain, some of which are shared with the broader AI
and MAS literature.

One notable area of progress is the use of AI models for pre-game tactical planning.
Bayesian and ML approaches have been employed to optimise team formations and
playing styles based on historical data and opponent analysis (Beal et al., 2020a, 2021),
demonstrating practical value in improving win probabilities and league performance.
However, most existing models primarily rely on event data, and integrating richer
spatiotemporal information, particularly tracking data, remains an open challenge for
achieving deeper tactical insights.

In-game tactical optimisation also presents several open research questions. While
game-theoretic (Hirotsu et al., 2009) and dynamic programming (Hirotsu and Wright,
2002) approaches have been used to inform tactical changes and substitution timing,
existing approaches typically do not integrate in-depth spatiotemporal features to ad-
dress emerging issues on the pitch in real-time. Research in MAS, such as dynamic
coalition formation, offers promising directions for developing more in-depth in-game
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decision-making frameworks. The potential for live data gathering and feature extrac-
tion to support these models is significant, but practical implementation in football is a
challenge.

Injury prediction and prevention are another critical aspect of team planning, with sub-
stantial implications for both team performance and financial outcomes. Although ML
models have shown promise in predicting injury risk using features such as workload,
injury history, and physical attributes (Kucera et al., 2005; Bowen et al., 2020), their inte-
gration into team selection and workload management processes is still underexplored.
Developing explainable and reliable injury prediction models, along with frameworks
that balance immediate performance with long-term player availability, remains an
open research area. This research is relevant across domains where agent failure or
unavailability is a concern, such as other team sports and emergency response.

Finally, the broader problem of TF and planning in MAS has been extensively studied in
domains such as disaster response (Capezzuto et al., 2021) and wildlife patrol (Wang
et al., 2019b). Techniques such as coalition formation under spatiotemporal constraints
(Ramchurn et al., 2010) and robust team selection (Okimoto et al., 2015) have been
developed to address challenges related to agent skills, dynamic task environments
and agent failures. However, proactive management of agent workload and failure
risk through TF to improve long-term team performance and reduce unavailability
is underexplored. Additionally, explicitly connecting and optimising pre-event team
selection with the dynamic replacement of agents to handle fatigue and adapt to evolving
opponent strategies in adversarial environments remains an open challenge. Football is
a suitable testbed for advancing these models and validating their effectiveness due to
the availability of in-depth spatiotemporal, physical and opponent data.

Our Research Objectives From these open research areas that have been identified
from our literature review, we identified a set of research objectives to focus on to
contribute to the state-of-the-art. Extending from our research questions in Section 1.1,
these research objectives are:

• 1. Spatiotemporal Agent Imputation in Limited Observability: While many
spatiotemporal models predict agent trajectories in domains like crowd movement
(Kim et al., 2013; Alahi et al., 2016), autonomous vehicles (Xie et al., 2021), and
ship tracking (Siegert et al., 2016), some address imputing missing agent locations
from intermittent and incomplete data (Omidshafiei et al., 2022; Qi et al., 2020).
However, the challenge of imputing missing agent locations under limited and
non-uniform observations, such as when only a single agent is observed at each
timestep, remains underexplored.

Our first objective is to develop a model that can accurately estimate agent lo-
cations and movements under these challenging constraints, with a particular
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focus on generating player tracking data from sparse football event data. This will
make advanced off-ball and physical player analysis, such as those completed in
Chapters 4, 5 and 6, more accessible to clubs and researchers with restricted data
resources. The model’s effectiveness will be evaluated against baseline spatiotem-
poral and ML models. This objective will be addressed in Chapter 3.

• 2. Learning and Optimising Spatial Teamwork in Multi-Agent Teams: A key
challenge in MAS is objectively quantifying and optimising teamwork, especially
the complex spatial interactions that drive effective collaboration in spatiotemporal
domains. While previous work in domains like social ride-sharing (Bistaffa et al.,
2017) and disaster response (Ramchurn et al., 2010; Chalkiadakis and Boutilier,
2012; Capezzuto et al., 2020) has explored TF, the quality and dynamics of spatial
agent interactions are rarely evaluated. In football, most frameworks focus on one-
to-one, on-ball interactions (Beal et al., 2020b), overlooking the broader spectrum
of off-ball player collaboration that is essential to team success.

Our objective is to harness player location data in football to construct a model
that learns spatial interactions between team members, and optimises spatial
decision-making to maximise the team’s probability of winning the game. By
capturing the impact of spatial proximity, coordination, and collective movement
on team performance, this approach also aims to provide actionable insights
for coaching and training and to advance the understanding of teamwork as a
central component of football tactics, space creation, and team modelling. The
methodology for this objective will be presented in Chapter 4.

• 3. Evaluating Indirect Agent Contributions in Multi-Agent Defence: Assessing
individual contributions in team-based defence is particularly challenging when
those contributions are indirect and not directly observable in outcomes. While
previous research in security and sports-based defence domains has primarily
focused on quantifying direct actions (Shieh et al., 2012; Decroos et al., 2020; Merhej
et al., 2021), the influence of indirect defensive behaviours, such as off-ball position-
ing in football, remains underexplored. Recent advances in spatiotemporal data
and deep learning, particularly graph-based models, provide new opportunities
to capture these complex interactions.

This objective seeks to develop a GAT-based framework to generate interpretable
metrics for off-ball defender contributions, identifying and quantifying the in-
fluence of individual defenders on attacking outcomes. By introducing novel
attention-based metrics and validating the approach with real-world event and
tracking data, this work aims to advance the measurement of indirect agent contri-
butions in multi-agent defence, offering practical tools for more granular scouting,
tactical analysis, and player evaluation in sports analytics. This objective will be
explored in Chapter 5.



58 Chapter 2. Literature Review

• 4. Optimising Short- and Long-Term Team Selection: Existing TF models have
been applied across various domains (Ramchurn et al., 2010; Gaston and Des-
Jardins, 2005), often focusing on agent skills, spontaneous task emergence, or
robustness to agent failure (Gunn and Anderson, 2013; Okimoto et al., 2015;
Demirović et al., 2018). However, these approaches do not account for the in-
fluence of workload, fatigue, and long-term agent availability. These factors are
especially critical in football, where player injuries and fatigue can significantly
impact team performance and financial outcomes. Current football team selection
models primarily address tactics and player performance (Beal et al., 2020a, 2021),
but do not integrate real-time monitoring of player fatigue or the long-term risk of
injury into team selection and substitution strategies.

Our objective is to develop a sequential TF framework that combines pre-game
and in-game models, leveraging real-world football data to monitor player work-
load, fatigue, and opponent strategies. This framework will enable proactive and
flexible team selection and substitution decisions, optimally balancing immedi-
ate match performance with long-term player welfare and team objectives. By
utilising estimated tracking data (from Chapter 3) to compute player workload
features, the model will be available to clubs with limited data resources. The
approach will be validated against real-world team selection strategies, with the
aim of reducing injuries, improving season-long performance, and providing a
generalisable solution for other dynamic, team-based domains. This objective will
be addressed in Chapter 6.

The first of these objectives is expanded on in the next chapter, which will focus on
"Multi-Agent Spatial Imputation from Event Data to Infer Player Movement".
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Chapter 3

Multi-Agent Spatial Imputation from
Event Data to Infer Player Movement

Existing MAS problems that predict agent locations typically use uniform timesteps
with observations for all agents. In this chapter, we analyse the problem of agent location
imputation, specifically posed in environments with non-uniform timesteps and limited
agent observability (∼95% missing values). Our novel approach uses long short-term
memory (LSTM) and graph neural network (GNN) components to learn temporal and
inter-agent patterns to predict the location of all agents at every timestep. We apply
this to football by imputing the location of all players in a game from sparse event
data (e.g., shots and passes). Our model estimates player locations to within ∼6.9m; a
∼62% reduction in error from the best performing baseline. This approach facilitates
downstream analysis tasks such as player physical metrics, player coverage, and team
pitch control. Existing solutions to these tasks often require tracking data, which is
expensive to obtain and only available to elite clubs. By imputing player locations
from easily obtainable event data, we increase the accessibility of downstream football
analysis.

3.1 Introduction

Predicting the behaviour of such agents is an important task in many areas, such as path
prediction for autonomous vehicles (Sriram et al., 2020), predicting locations of civilians
in disaster response scenarios using phone data or drone footage (Ramchurn et al., 2016;
Wang et al., 2021), and predicting player movement in sports analytics (Omidshafiei
et al., 2022). However, situations may arise where the observability of the environment
is limited. For example, an autonomous vehicle may have an obstructed view and lose
sight of nearby pedestrians, or drone footage may have limited observability of an area
when searching for injured civilians. In these situations, reasonable estimations of agent
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locations need to be made in order to improve the efficacy of response systems. In
this work, we build a multi-agent time-series imputation model, named Agent Imputer,
which learns typical spatiotemporal interactions between agents to estimate the location
of agents when system observability is limited. We apply this to football by predicting
the location of all players on a pitch based solely on observing the location and action
(e.g., a pass or shot) of the ball-carrying agent and in other words, estimating tracking
data using only on-ball event data. Figure 3.1 describes the workflow of our model and
its application to football.

FIGURE 3.1: Comparison between event and tracking data for a single timeframe, and
how our model estimates tracking data to facilitate downstream analysis tools.

Football represents an interesting domain for modelling teams as dynamic MAS, with
each player having individual roles and behaviours. Whilst all players exhibit different
behaviours, the system is centred around the ball. Therefore, in this work, we use data
regarding the ball and the ball-carrier to estimate all player locations when an on-ball
event occurs. We build a model that includes LSTM and GNN components to learn the
temporal and inter-agent relationships between players in a football game, enabling us
to make generalised predictions about unobserved player locations during a game.

As discussed in Chapter 2, analytical data in football has many uses. These include
modelling team tactics, calculating physical metrics (e.g., distance covered), and mea-
suring pitch dominance of teams (Spearman, 2018; Link et al., 2016; Fernández et al.,
2019). It can also be used by football clubs to perform player evaluation, scouting,
and opposition analysis. In this work, we examine how sparse football event data of
on-the-ball actions can be used to impute knowledge of player positions. This facilitates
the desired downstream analysis tasks without requiring expensive tracking data.

Thus, this chapter makes the following novel contributions:

1. We propose a novel Agent Imputer model that predicts agent locations when
constrained to limited system observability. This model learns both temporal and
inter-agent interactions using LSTM and GNN components to make estimations
of agent positioning applied to football.

2. We use event and tracking data from real-world football games to train and test our
model, and find that it predicts agent positioning with a mean Euclidean distance
error of ∼6.9m, outperforming numerous baselines by ∼62%.
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3. We apply our model predictions to real-world downstream applications in the
football domain, such as calculating estimations of player physical metrics, pitch
dominance, and player coverage heatmaps.

To our knowledge, no previous work has studied the problem we approach in this
work: imputing agent behaviour within a multi-agent system when information occurs
at non-uniform timesteps and for a single agent at a time. This challenge is further
explained in Section 2.3 and illustrated in Figure 2.5.

The rest of this chapter is structured as follows. Section 3.2 formally defines the imputa-
tion problem. Section 3.3 then introduces our novel Agent Imputer model. Section 3.4
contains our empirical evaluation, and Section 3.5 presents downstream applications. In
Section 3.6, we discuss model outcomes and future work. Finally, Section 3.7 summarises
the work.

3.2 Problem Formulation

Our multi-agent system is a set of N agents, C = {c1, . . . , cN}. In our target domain of
football, N = 22 (two teams of 11 on-field players). The time-series is a sequence of T
events E = {e1, . . . , eT}. Note this time-series is non-uniform, as each element et ∈ E is
recorded when an agent performs an on-ball action (e.g., a pass, dribble or shot), leading
to varying gaps between each timestep.

For each event et ∈ E, we have a set of observations ΦC
t = {ϕ1

t , . . . , ϕN
t }, where ϕn

t is the
observation of agent n at timestep t. This gives a complete set of observations over time
of ΦΦΦC = {ΦC

1 , . . . , ΦC
T}. However, in our configuration, only one value in each ΦC

t ∈ ΦΦΦC

is known, i.e., there are N − 1 missing values for each ΦC
t , and T(N − 1) missing values

in total. This occurs as we only make an observation of one agent at each timestep —
in our target domain of football, this is the position of the on-the-ball agent. As the
observed agent changes over time, we construct a one-hot encoded mask M, where
Mn

t = 1 if agent n is observed at timestep t, and is 0 otherwise. This (T × N) binary
matrix fully captures the information regarding known and unknown observations
across the time-series problem.

In this configuration, the goal of an imputation model is to predict values for the
unknown observations. Formally, for each et ∈ E, the model makes a prediction
ϕ̂n

t for every n ∈ [1, . . . , N]. This leads to a complete set of predicted observations
Φ̂̂Φ̂ΦC = {Φ̂C

1 , . . . , Φ̂C
T}, where Φ̂C

t = {ϕ̂1
t , . . . , ϕ̂N

t }. Note that in this setup, the model is
also predicting observations for cases it has already observed (i.e., players on the ball);
however, when we apply downstream analysis (Section 3.5), we instead use the actual
locations for already observed agents.
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Relating the above to our target domain of football, the predicted observations Φ̂̂Φ̂ΦC are
the estimated locations of all players (both on-ball and off-ball) for every event et ∈ E.
The known observations are derived from the locations where the events occur. So, for
event et ∈ E with an on-ball agent cn ∈ C, the assigned observation ϕn

t is ex,y
t , where ex,y

t

is the x, y position at which et occurred.

To summarise, the set of known observations ΦΦΦC (containing missing data) is a (T ×
N × 2) tensor, and the set of imputed observations Φ̂̂Φ̂ΦC is also a (T × N × 2) tensor. Note,
for this thesis, each observation is two-dimensional as these observations refer to the
x, y positions of players on the pitch — in other domains, these observations could
be a different size. In the next section, we explain our model to solve this imputation
problem.

3.3 Agent Imputer Model

The problem we describe in Section 3.2 is highly complex as over 95% of the values in
ΦΦΦC are missing. We aim to extract useful information on agents’ spatial and temporal
behavioural patterns from event data, and apply it to a model which can consider
how agents move over time and in relation to other agents. In this section, we outline
the feature engineering (Section 3.3.1), model architecture (Section 3.3.2), and training
process (Section 3.3.3) used in our approach. For implementation details, see Appendix
A.1.

3.3.1 Feature Engineering

The features available at a given timestep are strictly derived from on-the-ball event data,
consisting of the event location, player on the ball, time at which the event occurred, and
other information such as the current scoreline. This provides little to no information
on the spatiotemporal context of an off-ball agent, such as when their location was
last observed (i.e, when they were last on the ball). Therefore, we perform feature
engineering on the event data to generate our own feature set, which captures a more
comprehensive view of each agent and the general movement of play. We create these
features for each agent, so they are a combination of agent-specific and global features.
For a timestep t with event et ∈ E, and observed agent cn ∈ C, we compute the following
features:

Agent-Specific Features

• prevAgentTime,prevAgentX,prevAgentY: time since the agent was last observed, and
their location at that time. Formally, this uses the most recent previous timestep
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where the agent was on the ball: t′ s.t. Mn
t′ = 1 and t′ ≤ t, which can be found by

iterating backwards in time from t. Note t′ = t if the agent is currently on the ball.
Given t′, (prevAgentX, prevAgentY) = ex,y

t′ and prevAgentTime = t − t′. If the agent is
yet to be observed, we impute these features with the values at the first timestep
where they are observed.

• nextAgentTime,nextAgentX,nextAgentY: time until the agent is next observed, and
their location at that time. Similarly to the previous time and location features, this
uses the soonest future timestep (including the current timestep) where the agent
is on the ball: t′ s.t. Mn

t′ = 1 and t′ ≥ t, which can be found by iterating forwards
in time from t. Given t′, (nextAgentX, nextAgentY) = ex,y

t′ and nextAgentTime = t′ − t.
If the agent has no future observations, we impute these features using the last
time they were observed.

• avAgentX,avAgentY: mean location of the agent across the entire game, i.e., the
mean position of all events where Mn = 1.

• agentRole: the agent’s role in the team (e.g., central defender or goalkeeper).
Different data providers label roles differently — for our data source, there are 16
possible roles, see Appendix A.2.2.

• agentSide: binary indicator of whether an agent is on the same team as the current
ball-carrying agent.

• agentObserved: binary indicator of whether the agent is the one performing the
current on-ball action.

• goalDiff: the difference in score between the teams (number of goals for this
agent’s team - number of goals for the other team).

Global Features

• eventX,eventY: location of the current event (i.e. ex,y
t ).

• eventType: the type of the current event (e.g., a pass or shot). For more details, see
Appendix A.2.1.

These 15 features, for each agent at each timestep, represent a transformation of the
original event data. Note that agent positions are relative to the agent’s own goal-line,
irrespective of the direction of play (as opposed to absolute position on the pitch). This
feature set is designed to cover a variety of contextual factors relevant to position impu-
tation: (i) short-term dynamics through previous/next observation times and locations,
providing information on current movement trends; (ii) longer-term agent information
using average positions and role labels, which reflect typical spatial occupation of agents;
(iii) team context and game state using team side and goal difference, which influence
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expected behaviours and agent interactions; and (iv) global player context through the
current event location and type, which indicate where and how play is developing.
Together, these features provide an machine learning (ML) ready summary of agent- and
global-level context from on-ball events alone. In the following subsection, we detail
our Agent Imputer model.

3.3.2 Model Architecture

Our Agent Imputer model estimates the set of agent locations Φ̂C using the engineered
features from the set of events E. The goal of this model is to capture agent movement
over time, the relationship between on-ball events and off-ball agent locations, and how
agents interact as a team within the multi-agent system. In football, this is often defined
as team structure. We build an architecture that learns across time and agents within the
multi-agent system. Below, we explain this model using a step-by-step process, with
corresponding elements of the architecture marked in Figure 3.2.

FIGURE 3.2: Agent Imputer model architecture. All agent location estimations for an
event are made using agent feature information described in Section 3.3.1, with batch

size b, number of agents N, sequence length lseq, and number of features dimp.

Step 1: Input Formatting To capture the ball and agent locations across time, we
input a window of event data. We extract the feature set defined in Section 3.3.1 for a
sequence of lseq = 5 events. This sequence is centred around a particular timestep t,
i.e., we compute the features for timesteps {t − 2, . . . , t + 2}.1 Each categorical feature
(agentRole, agentSide, agentObserved, goalDiff, eventType) is converted to an embed-
ding (see Appendix A.1.2 for details). Our imputation model takes all the agent feature
sets as a single simultaneous input, such that the model learns the spatial structure of

1If timesteps before or after the current timestep don’t exist due to being at the start or end of a game,
the data for the current timestep is used instead.
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the whole system (as opposed to processing each agent independently). Therefore, the
input data has shape (b × N × lseq × dimp), where b is the batch size, N is the number of
agents, lseq is the sequence length, and dimp is the post-embedding dimensionality of our
feature set including both the numerical features and embedded categorical features. In
this chapter, dimp = 24 and b = 128.

Step 2: LSTM Component Each agent is independently passed into a shared bidirec-
tional LSTM component, i.e., the input data is split into N segments of size (b × lseq ×
dimp). The LSTM is then able to learn the temporal relationship between the engineered
features and agent location. Importantly, the LSTM is shared across all agents. This
overcomes issues with the sparsity of agent observations, as the LSTM is able to learn
agent positioning through common movement patterns for agents with similar roles.
Due to the irregular time intervals between timesteps, it is important to augment the
LSTM architecture to deal with non-uniformity. Therefore, we use a Time-Aware LSTM
(Baytas et al., 2017) which adjusts cell memory to alter the discount rate of previous or
future actions in the sequence based on the difference in time from the current event. In
this work, an LSTM with a single hidden layer of size h1 = 100 is used.

Step 3: Dense Layer with ReLU Activation Outputs from the LSTM model for each
agent at the current timestep t (i.e., the middle of the input sequence) are extracted. This
output is passed through a dense layer with a rectified linear unit (ReLU) activation
function to give an output of size h2 = 50, resulting in a latent representation of the
time-aggregated features for each agent.

Step 4: Stacked Agent Embeddings The temporally aggregated latent representations
are stacked together, giving an output tensor of size (b × N × h2). This data is now a
suitable input for a GNN, with each tensor row representing agent information that
becomes node features for the GNN.

Step 5: GNN Component The LSTM component of the network models the temporal
aspect of agent behaviour. We now aim to model the inter-agent relationships within
the multi-agent system and how these impact the behaviour of each agent. We construct
a fully connected graph with the temporally aggregated agent representations as node
features. The GNN uses this graph structure to allow information sharing across all
agents. The GNN architecture consists of two message-passing layers with feature sizes
of h3 = 64 and h4 = 32, using the SAGEConv operator (Hamilton et al., 2017). This
updates each node’s feature representation by using a mean aggregation scheme on its
neighbours’ features. The aggregated neighbourhood features are then transformed
and combined with the node’s own transformed features to create an updated node
representation. These transformations are executed using a learned linear mapping,
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with non-linearity added by Step 6 of the model. This process allows the GNN to learn
information about agent neighbourhoods and interactions. The use of two layers enables
information to propagate beyond immediate neighbours, which allows us to capture
more complex, higher-order agent interactions within the MAS.

Step 6: Dense Layer with ReLU Activation The final output of the GNN component is
of size (b × N × h4), i.e., latent representations of size 32 for each agent, which captures
both temporal and inter-agent interaction information. These final representations are
then passed through a single dense layer with a ReLU activation function to make the
final position (x, y) predictions for each agent. Therefore, the final model output is of
size (b × N × 2).

3.3.3 Model Training

We use tracking data as target variables during training, and as ground truth labels to
test the predictive accuracy of our Agent Imputer model. We use the mean Euclidean
distance between the predicted positions and actual positions as the loss function to
train the model. The model was trained for 150 epochs with a batch size of 128. The
AdamW (Loshchilov and Hutter, 2019) optimiser was used with an initial learning rate
of 0.002. These hyperparameters and the exact model architecture (e.g., hidden layer
sizes) were found through trial and error, i.e., no formal hyperparameter tuning was
carried out. In the next section, we empirically evaluate the Agent Imputer model.

3.4 Empirical Evaluation

In this section, we describe the data used to train and evaluate our Agent Imputer model
(Section 3.4.1), introduce the baselines (Section 3.4.2), and give our results (Section 3.4.3).

3.4.1 Datasets

We train and evaluate our model using 34 games of event and tracking football data
collected from K League 12 and supplied to us by Bepro Group Ltd. These are gold-
standard industry datasets that allow us to rigorously evaluate our approach. Each
game provides event sequences, which we use as model input, and tracking data, which
we use as training targets and for evaluation. In total, there are ∼64,000 events and ∼1.4
million tracking locations. We use a 31/3 (∼91.2%/8.8%) train/test split and five-fold
cross-validation (CV) to evaluate our model. For each fold, three games are randomly
sampled without replacement to form the test set, and the remaining games are used

2The top men’s professional football division in South Korea.
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for training. This procedure is repeated five times, so each fold uses a different subset
of three games as the test set, and a total of 15 games are tested across the five folds.
All geometric data is scaled to a standard football field size of 105x68 metres. Further
dataset details are given in Appendix A.2.

3.4.2 Baselines

To evaluate whether our model improves performance compared to other imputation
methods, we consider the following baselines:

Naïve imputation baselines:

• Baseline 1: Predicts the agent location as the average on-ball location of the agent
during the match.

• Baseline 2: Predicts the centroid between the last observed and the next observed
location of the agent.

• Baseline 3: Predicts a time-scaled position along the straight-line trajectory be-
tween the last and next observed location of the agent.

Machine learning model baselines (with the same input feature set):

• XGBoost regression model.

• Time-Aware LSTM model: The same model as in Figure 3.2, but without step 5.

• GNN model: Corresponds to steps 3, 4, 5, and 6 of Figure 3.2, using the middle of
the original input sequences as input features.

These baselines allow us to disentangle and evaluate the contributions of the constituent
parts of our Agent Imputer model towards performance.

3.4.3 Results

Five experiments are used to evaluate the performance of our Agent Imputer model
and relevant baselines. We evaluate player position prediction, performance over time,
performance over different positions, how performance varies with observation, and
performance over various pitch locations.
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TABLE 3.1: Predictive performance of models averaged across five folds, along with
95% confidence intervals. We report errors separately in the X and Y directions, as well
as the overall 2D Euclidean error, which we label as XY error. All errors are in metres.

Bold results indicate the best performance (lowest error).

Train Test

Models X Error Y Error XY Error X Error Y Error XY Error

Baseline 1 14.20 ± 0.02 9.69 ± 0.02 18.81 ± 0.05 14.22 ± 0.24 9.70 ± 0.14 18.82 ± 0.22
Baseline 2 14.10 ± 0.02 9.79 ± 0.02 18.91 ± 0.05 14.04 ± 0.48 9.78 ± 0.17 18.80 ± 0.50
Baseline 3 13.37 ± 0.05 9.63 ± 0.01 18.15 ± 0.05 13.27 ± 0.44 9.57 ± 0.14 18.01 ± 0.46

XGBoost 5.88 ± 0.01 5.14 ± 0.02 8.67 ± 0.02 6.42 ± 0.35 5.50 ± 0.09 9.26 ± 0.26
Time-Aware LSTM 4.46 ± 0.02 4.26 ± 0.02 6.89 ± 0.02 4.48 ± 0.08 4.49 ± 0.10 7.09 ± 0.06
GNN 5.28 ± 0.05 5.08 ± 0.10 8.18 ± 0.09 5.42 ± 0.35 5.13 ± 0.14 8.32 ± 0.25

Agent Imputer 4.06 ± 0.02 4.12 ± 0.02 6.47 ± 0.02 4.29 ± 0.09 4.41 ± 0.11 6.88 ± 0.10

Position Prediction We evaluate the predictive performance of the model and baselines
in Table 3.1. Note that the X direction is along the length of the pitch (105m) and the Y
direction is along the width of the pitch (68m), and that we do not normalise the error in
these different directions by pitch size.

We find that the Agent Imputer model predicts agent location with the highest accuracy
(lowest distance error). We also find that the Time-Aware LSTM model outperforms the
GNN model, suggesting the essential part of our Agent Imputer is the LSTM component.
However, we still see an improvement in performance by including the GNN component
in the Agent Imputer model, demonstrating the value of modelling agent interactions. We
note a 61.8% decrease in error using the Agent Imputer compared to the best performing
naïve baseline. We also find the Agent Imputer model has roughly equal error in both X
and Y directions.

Interestingly, for the Agent Imputer, we find that the sum of the squares of the mean X
and Y errors is smaller than the mean Euclidean error. This is because the Euclidean error
is computed for each sample before averaging. Because the square root is a nonlinear
operation, the sum of squared mean X and Y errors does not necessarily equal the mean
Euclidean error. Figure 3.3 shows the distribution of per-sample X, Y and Euclidean
errors across our testing dataset.

FIGURE 3.3: Distribution of the X, Y and Euclidean predictive errors for the Agent
Imputer model across the entire testing dataset.
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Predictability over Time We evaluate the predictive accuracy of the model across
different periods of a match. In football, the game has two 45-minute halves, so we
evaluate how model accuracy changes during these periods. We compute this using a
rolling average of model error; see Figure 3.4. Additional time at the end of halves is
accounted for — first half added time is merged with early second half predictions, and
values beyond 90 minutes facilitate second half added time.

FIGURE 3.4: Predictive performance of the Agent Imputer model across time using a
rolling average of Euclidean error (5-minute windows with a 1-second step size) on
the combined training and testing data (all 34 games). Shading shows the standard

deviation across means for each game.

From these results, we suggest that the most unpredictable moments of a game are at
the end of both halves. Due to the error margin, we perform t-tests to investigate the
hypothesis that the mean of the underlying sample distribution in the middle of a half
is lower than the underlying distribution at the end of a half. When doing this for the
first half (all events between 20-25 minutes compared to all events between 42.5-47.5
minutes), this is found to be significant (p < 0.01). The difference in the second half
(comparing all events between 65-70 minutes with all events between 87.5-92.5 minutes)
is also found to be significant (p < 0.01).

This supports our theory that the game is more unpredictable at the end of halves, which
could be a result of players getting tired and teams becoming less structured during this
time. We also perform t-tests to assess whether the mean error differs between the first
and second halves of a match. Comparing all events in the first half with those in the
second half, we find a statistically significant increase in error in the second half (p <

0.05). This suggests that play is generally more unpredictable later in matches, which is
consistent with the trend observed in Figure 3.4, where error increases towards the end
of the second half.

A plausible explanation for these results may also be that teams are more likely to take
risks when chasing a result or defending a lead, leading to less structured and more
variable player movement patterns. This type of temporal analysis may therefore help
identify match phases associated with changes in team structure and could be extended
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to detect unusual movement behaviour that coincides with shifts in performance during
a match.

Predictability over Roles We evaluate the performance of our Agent Imputer model
across agent roles in Figure 3.5. This gives insight into how an agent’s goals and
responsibilities within a team affect the predictability of their behaviour. For simplicity,
in this experiment and downstream applications (Section 3.5), we group roles into wide
and central positions, reducing the total number of positions from 16 to 7 (see Appendix
A.2.2). Goalkeepers are expectedly the most predictable role, as their range of movement
is usually limited to their own box. We also find that defenders are more predictable
than attackers, highlighting that defensive agents behave in a more structured way than
attacking agents.

FIGURE 3.5: Mean distance error of player location estimations for each agent role using
the Agent Imputer model. Error bars represent the 95% confidence intervals calculated

across all predictions for players in each role.

Interesting findings can also be drawn from the X and Y distance errors for each player
role. A general trend is that the model finds it harder to predict the X location of wide
outfield players in comparison to central outfield players (an average of 5.01m vs 4.15m),
which is expected as wide players cover a lot of ground along the wings of the pitch.
However, the model generally predicts the Y location of wide players better than central
players (an average of 4.62m vs 4.99m), which is also expected as wider players usually
stick to a single side of the pitch. These comparisons help identify where the model could
be improved, and could be used to help convey uncertainty in downstream analysis.

Predictive Performance over Observation Offset In Figure 3.6, we evaluate the pre-
dictive performance of our proposed models with respect to “time since last observed”
— the amount of time that has passed since a particular agent was last involved in an
event. We also do the same for “time until next observed” — the amount of time until
the agent is next involved in an event. We find that the performance of the XGBoost
and GNN models rapidly decreases as time increases. In comparison, the Agent Imputer
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and Time-Aware LSTM models show a slower decay in performance, as well as a lower
plateau. This demonstrates the necessity of modelling temporal aspects of predictions.
However, the time-aware models still decrease in performance as time increases, sup-
porting the intuition that observation data will become less reliable as more time passes
since the observation. Similarly to the error by player role (Section 3.4.3), this may be
useful in measuring the uncertainty of model predictions, i.e., there is greater certainty
in predictions for agents that have been on the ball more recently.

FIGURE 3.6: Model performance compared to the last (left) and next (right) time the
agent was observed. We use one-second intervals with a one-second window, e.g., at
2s, we evaluate for all events between 1 and 2 seconds. Error bars represent the 95%
confidence interval calculated across all predictions within each one-second interval.

On average, agents are observed performing an on-ball event every 60 seconds in a
game. While the figure only shows up to 20 seconds since or until the next observation,
the error curves plateau after around 10 seconds, suggesting that prediction uncertainty
stabilises mid-range. This range is likely where the structural, inter-agent component
of the model becomes most important for prediction due to the long intervals between
observations.

Predictability over Ball Location In Figure 3.7, we evaluate the Agent Imputer model
error conditioned on the ball location. For each zone, we compute the mean error over
all events in which the ball resides within that zone. The results indicate that player
positioning is least predictable when the ball is in dangerous attacking areas or deep
defensive zones. This may reflect high-intensity pressures that displace players from
their typical positions, opportunistic attacking runs intended to escape defenders, and
defensive adjustments (e.g., man-marking) that temporarily disrupt the overall team
structure. Increased error may also be attributable to chaotic phases in which teams are
scrambling to create or prevent chances when the ball is not under secure possession in
dangerous areas. Conversely, positioning is most predictable when the ball is in central
midfield zones, which suggests that build-up play in football is the most structured
period of play. We also note that errors across the left and right wings of the pitch
(corresponding to the top and bottom of the y-axis in Figure 3.7) show minor differences;
however, these differences largely fall within the 95% confidence intervals. This indicates
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that there are no statistically significant asymmetries in player predictability when play
is on different wings of the pitch, which aligns with the expectation that teams generally
mirror tactical structures on the left and right sides.

FIGURE 3.7: Mean distance error of agent location predictions for each zone of the
pitch that the ball occupies using the Agent Imputer model. Error is averaged across all
events where the ball was located within each zone, and ± values represent the 95%

confidence interval. Teams attack from left to right.

In the next section, we demonstrate how the Agent Imputer model outputs can be utilised
for downstream analysis.

3.5 Model Applications

In this section, we demonstrate downstream analysis that can be performed using
outputs from our Agent Imputer model. In football, these types of analyses are often
implemented by elite-level clubs using tracking data. However, we demonstrate that
lower league clubs with limited resources could use our model to perform processes
similar to those of elite-level clubs without requiring hard-to-obtain tracking data. We
begin by visualising example predicted player trajectories using the Agent Imputer model
(Section 3.5.1), and then apply our model to analysing player physical metrics (Section
3.5.2), pitch control (Section 3.5.3), and positional heatmaps (Section 3.5.4).

3.5.1 Team Trajectory Predictions

We present example visualisations of Agent Imputer predictions for agent locations
over a sequence of five events, alongside ground-truth positions, in Figure 3.8. To aid
interpretability, we focus on the attacking team and use annotated player identifiers to
directly compare predicted and observed trajectories. The mean Euclidean errors for
the examples in Figure 3.8 (4.61m and 6.28m) are slightly below the overall mean test
set error of 6.88m. These sequences were selected for visual clarity, where players are
clearly separated and not clustered, rather than for optimal predictive performance.
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FIGURE 3.8: Examples of predicted (using estimated locations from the Agent Imputer
model) and actual trajectories of players for an attacking team across 5 events. Dots
show the end of the trajectory for each player. The team attacks from left to right.
The mean Euclidean errors between the predicted and actual player positions in these

examples are 4.61m (left) and 6.28m (right).

These examples illustrate how Agent Imputer can be used to estimate team-level spatial
context from on-ball event data alone. In particular, the model seems to generate similar
directional movement and team structures as well as role-consistent player behaviour.
This suggests that the model could also be useful for simulating play sequences, with a
potential use case for testing new tactics in simulated environments.

3.5.2 Player Physical Metrics

We show how predicted player locations from our Agent Imputer model can be used to
estimate player physical metrics. We focus on distance covered, which is calculated by
summing the Euclidean distances between a player’s predicted locations throughout
a match. We initially found that the predicted distance covered is consistently higher
than the actual distance covered, showing an average overestimate of 11.5% for Agent
Imputer, 16.8% for the Time-Aware LSTM, 31.7% for the GNN, and 29.7% for XGBoost.
This overestimation bias can be attributed to the large number of events that occur
soon after another event — 29.9% of events happen within one second of the previous
event. Typically, these are duels between a player on each team or a player receiving
the ball and then quickly passing. In these instances, the players’ predicted positions
shift markedly, i.e., moving faster than the maximum player speed. This implies the
models are not considering realistic player trajectories between events that occur in quick
succession. Fixing this model issue is future work. For now, we use a post-processing
step that combines events that occur within a second of each other, using the model
output for the initial event as the player location when grouping. This leads to more
accurate estimations of the distance covered. Results for the predicted distance covered
averaged across different player roles are shown in Table 3.2.3

3Distance is normalised as if all players play for 90 minutes (i.e., accounting for extra time and substitu-
tions). Players who played for less than 20 minutes were excluded from these results. Results are averaged
across all games for players in a certain role.
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TABLE 3.2: Player distance covered results. Distance is averaged over the test data and
given in kilometres. Absolute error is averaged over each game for each player role,

and the 95% confidence interval is provided.

Role Pred. Dist. True Dist. Abs. % Error

Goalkeeper 3.23 3.12 4.05 ± 2.52

Central Defender 8.26 8.42 4.31 ± 1.38
Wide Defender 8.97 9.08 4.99 ± 1.89

Central Midfielder 9.37 9.48 3.66 ± 1.26
Wide Midfielder 8.73 8.97 2.79 ± 0.76

Central Attacker 8.34 8.35 6.03 ± 2.32
Wide Attacker 8.26 8.70 5.33 ± 0.76

3.5.3 Pitch Control Analysis

To test a model application which considers agent locations relative to each other within
the system, we calculate pitch control of teams. Pitch control (Spearman et al., 2017;
Spearman, 2018; Fernández et al., 2019) is a popular downstream analysis tool within
football analytics that uses player locations and trajectories to compute the area in which
a team dominates. It splits the pitch into a grid of zones and computes the probability
of the attacking team controlling the ball if it arrived in that zone. For example, if a
defending player is closer to the zone than the nearest attacker, it is unlikely the attacking
team will control the ball in that zone. We perform a similar analysis to that used in
(Omidshafiei et al., 2022) — we compute pitch control using Agent Imputer outputs and
compare it with the pitch control computed from actual player locations in tracking data.
Table 3.3 shows the mean absolute error of pitch control for each model, averaged across
all pitch zones, and shows that the Agent Imputer performs best.

TABLE 3.3: Pitch control performance compared to the ground truth. Calculated over
test data. The ± values represent 95% confidence intervals.

Model Mean Average Error

Baseline 1 0.272 ± 0.002
Baseline 2 0.304 ± 0.002
Baseline 3 0.305 ± 0.002

XGBoost Regression 0.150 ± 0.001
GNN 0.149 ± 0.001
Time-Aware LSTM 0.135 ± 0.001

Agent Imputer 0.130 ± 0.001

We provide an example of pitch control outputs in Figure 3.9. These visualisations can
help clubs review their team’s dominance in particular pitch areas in game scenarios.
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FIGURE 3.9: Pitch control diagrams comparing three models with ground truth. Red
regions are in control of the attacking team, and blue regions are in control of the
defending team. We only show the attacking half as the remainder of the pitch is
entirely under the attacking team’s control (red). Arrow refers to the attack direction.

This plot also highlights the differences in predicted player locations between the
different models. It can be seen that, for the defending team, players are further apart
and a structured horizontal defensive line is shown in the Agent Imputer predictions.
Whereas for the other models, some defenders can be seen to be stacked vertically -
a very unlikely prediction given the usual defensive setup and strategy employed by
football teams. This suggests that the GNN module is correctly learning how agents
spatially interact.

3.5.4 Player Heatmap Analysis

In this section, we use predicted player locations from the Agent Imputer model to
generate player heatmaps over an entire game. This provides coaches with useful
information on the areas most frequently covered by their players. Note, while it is
possible to generate heatmaps from event data, due to the nature of the data, they will
be missing ∼95% of player positions. Figure 3.10 presents some comparisons between
heatmaps of a central defender, central midfielder, central attacker, wide defender, wide
midfielder, wide attacker and goalkeeper using imputed positions.

The imputed heatmaps show many similarities to the ground truth heatmaps. Note
the model has picked up interesting features, such as the small, distinct region for the
central defender near the opponent’s goal. This most likely stems from set-pieces (such
as a corner), demonstrating the Agent Imputer has learnt features of the game state and
how this influences player position. Furthermore, the central defender heatmap is offset
to the left-hand wing of the pitch. In comparison, the central attacker heatmap is more
central. This shows the model has learnt role-specific information — typically there are
two or three central defenders, allowing them to focus on particular sides of the pitch,
whereas a central attacker is likely more free to roam in an unstructured manner. Ex-
pected differences are also evident between central and wide players, with wide players
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FIGURE 3.10: Example Agent Imputer heatmaps compared with ground truth heatmaps.
Darkest regions indicate the most frequently occupied areas. Players are playing from

left to right.

predominantly occupying areas near the pitch’s flanks. Finally, the goalkeeper heatmap
is highly concentrated around the goal area, accurately reflecting the constrained spatial
behavior inherent to this position.

3.6 Discussion

In this section, we further discuss our findings (Section 3.6.1) and highlight limitations
and areas of future work (Section 3.6.2).

3.6.1 Analysis of Results

As shown by our results (Section 3.4.3), our model is able to impute agent locations using
very sparse data, and do so with greater accuracy than naïve baselines and other ML
models. The increase in performance compared to XGBoost suggests that the temporal
and inter-agent dynamics captured by the LSTM and GNN components offer value in
learning agent location.

Our Agent Imputer model also enables easier access to insightful use-cases in football,
such as player physical metrics, player heatmaps, and team pitch dominance analysis
(see Section 3.5). These use cases could be implemented by lower league clubs with
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fewer resources to perform player evaluation, scouting, and game analysis processes
similar to those of elite-level clubs. This would help close the performance gap between
these teams.

As an example, the player heatmaps are shown to be strongly correlated to the ground
truth heatmaps exhibited in-game. This can provide value to an opposition analytics
scout who could monitor an opponent and get their players to exploit areas that are
frequently left uncovered by the opposition team. It may also allow scouts to find
players who occupy dangerous space more often. Additionally, the analyses on off-ball
spatial teamwork and individual off-ball player contributions presented in Chapters
4 and 5 could also be performed using the estimated tracking data generated by the
Agent Imputer model. Indeed, an adapted version of the Agent Imputer underpins the
simulations of future player movement in Chapter 4. Moreover, Chapter 6, which focuses
on long-term team selection and player replacement informed by player fatigue and
injury risk, directly relies on the Agent Imputer to estimate in-game physical workload
metrics, making the model accessible to a much wider range of clubs.

The predictive ability of our model demonstrates that positioning in football is somewhat
predictable. This is likely due to tactical positioning, where teams will be set up to defend
and attack in consistent shapes. Work that considers the game theoretic implications
of team tactics may introduce further insight into the predictability of teams and how
this varies over time (Beal et al., 2020a, 2021). Furthermore, players in specific roles will
be given instructions on where to position themselves in specific patterns of play. Our
model can learn these patterns to predict future occurrences of such positioning.

3.6.2 Future Work and Limitations

Our Agent Imputer approach could also be applied to other MAS with limited observ-
ability, such as searching for injured civilians in disaster response systems or predicting
human movement from phone location data (McInerney et al., 2012, 2013). We plan
to validate the model in these domains in future work. A change of domain would
inevitably lead to some differences in problem structure, such as the bounds of the
environment or the sparsity of the dataset. These differences must be considered when
applying our method to other domains. Another research direction would be to make
the model probabilistic so that uncertainty in agent locations can be quantified.

Our model performs well at estimating location. However, as discussed in Section 3.4.3,
extracted trajectories from these estimations can sometimes be unrealistic when events
happen in quick succession (although we note this issue is worse in the non-temporal
models we compared our approach to). Future work could consider predicting the
trajectory of an agent over a number of timesteps simultaneously to mitigate this issue.
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Further studies could also compare our proposed Agent Imputer model against state-of-
the-art models that use tracking rather than event data, such as the methods presented in
(Omidshafiei et al., 2022) and (Le et al., 2017b). In this work, we have only compared with
other models that use event data. Comparing to tracking data models would facilitate
a better assessment of the effectiveness of our imputation approach in downstream
analysis tasks. Similarly, we could compare the prediction accuracy of player locations
for our model to other spatiotemporal models that are not designed for environments
with non-uniform timesteps and limited agent observability.

Future work could extend our dataset to include a wider variety of leagues or apply
our model to a different team sport. This would help the model learn a wider range
of scenarios beyond the ones that occur within our current dataset. Furthermore, this
would facilitate the development of more specific models, such as those focusing on
a particular player or team. Finally, beyond the analyses in Figures 3.5 and 3.6 on the
importance of observation time and player role, a full feature importance study, covering
all inputs and their contribution to model predictions and performance, could provide
further insight into the key drivers of agent position prediction.

3.7 Summary

This chapter presents a novel Agent Imputer model to address a multi-agent behavioural
prediction problem in dynamic environments with limited system observability. We
apply this task to football by imputing off-ball player locations using only on-ball data.
We find that our model can impute player location to within ∼6.9 metres, outperforming
multiple baseline imputation models. We perform a deeper analysis of model perfor-
mance, examining accuracy over different game times, player roles, observation rates
and pitch zones. We also present off-ball football analytics applications facilitated by
our model, which allow lower-league clubs to perform processes similar to those of
elite-level clubs without requiring access to expensive data. This novel work could be
applied to other real-world domains involving limited agent visibility, such as disaster
response or tracking daily human movement from phone data.

The next chapter leverages off-ball player locations in football to introduce a method for
quantifying spatial coordination between agents and demonstrates how collective defen-
sive positioning can be optimised to reduce attacker threat in defence-based scenarios.
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Chapter 4

Learning and Optimising Spatial
Teamwork in Multi-Agent Teams

In this chapter, we introduce a novel method for assessing agent teamwork based on
their spatial coordination. Our approach models the influence of spatial proximity
on team formation (TF) and sustained spatial dominance over adversaries using a
Multi-agent Markov Decision Process (MMDP). We develop an algorithm to derive
efficient teamwork strategies by combining Monte Carlo tree search (MCTS) and linear
programming. Applied to team defence in football using real-world data, our approach
reduces opponent threat by 21%, outperforming optimised individual behaviour by 6%.
Additionally, our model enhances the predictive accuracy of future attack locations and
provides deeper insights compared to existing teamwork models that do not explicitly
consider the spatial dynamics of teamwork.

4.1 Introduction

TF problems in MAS involve heterogeneous agents collaborating to achieve common
goals such as task completion or risk minimisation. In TF problems, the environment
is often dynamic, and agents face uncertainties about the positions and intentions of
other agents. In some settings, agents compete against adversaries, adding complexity
to decision-making. Understanding these uncertainties and choosing the characteristics
of optimal teams is crucial for developing efficient TF systems.

Recent research explores various criteria for team formation, such as task proximity
(Capezzuto et al., 2021), agent waiting times (Amador et al., 2014), and the alignment
of agent roles to tasks (Aswale and Pinciroli, 2023). For example, in social ridesharing,
agents form teams to minimise travel times (Bistaffa et al., 2017), while in fire response,
teams are formed within spatial and temporal constraints to minimise job completion
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time (Chen et al., 2021). These methods assess team value using predefined metrics such
as task completion time or team suitability for nearby tasks (Parker et al., 2016), often
overlooking specific agent-to-agent interactions. Beal et al. (2020b) studies directed agent
interactions in past teams to predict future team performance. However, the approach
does not consider spatial constraints commonly found in TF problems (O’Leary and
Cummings, 2007).

In many real-world teams, agents form spatial arrangements to optimise team domi-
nance across an area. For example, Orcas encircle prey to minimise the chance of escape,
and officers spread to cover criminal hot spots in security settings. While previous TF
models have explored agent proximity and spatial constraints, such as information limi-
tations (Bulka et al., 2007) or the impact of spatial dispersion on agent communication
(O’Leary and Cummings, 2007), they do not focus on optimising agent communication.
Studies in UAV teams consider agent coordination to maximise task coverage in an area
(Baker et al., 2016), however, no existing model studies optimising agent interactions
to maximise spatial dominance against an adversary. We define this concept as spatial
teamwork.

Against this background, we develop a novel spatial teamwork model focused on
nearby agents, addressing agent uncertainties regarding the intentions of teammates
and adversaries. We use a stochastic MMDP to model these dynamics. To navigate these
uncertainties, MCTS is used to explore future scenarios and determine effective spatial
teamwork in dynamic conditions. This approach allows agents to act individually or as
subteams, where they coordinate actions with a shared objective function.

We validate our approach using real-world football data, focusing on defensive strategies
to minimise goal concession probability. Players are modelled as agents with their
own actions, ability to coordinate with teammates and objectives. They operate with
incomplete information regarding future ball and player positions. Football transitions,
including player movements, are learned from real-world data.

Thus, this chapter makes the following novel contributions:

• We propose a novel model of spatial teamwork where a dynamic defence domain
with incomplete information is modelled as an MMDP.

• An algorithm based on MCTS and linear programming is proposed to optimise
individual and teamwork-based decision-making.

• We learn agent behaviour from real-world data and use it to simulate future
scenarios in a dynamic environment.

• We compare our algorithm to real-world outcomes and show that our model
reduces opponent threat by ∼21%, outperforming optimised individual behaviour
by ∼6%.
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By so doing, we set a benchmark for optimising spatial teamwork in dynamic real-world
domains with adversaries.

The rest of the chapter is structured as follows. Section 4.2 introduces the teamwork
model and Section 4.3 discusses MCTS to optimise agent contributions. In Section 4.4,
we apply our model to football and evaluate our approach in Section 4.5. We critically
review our findings in Section 4.6 and then summarise the work in Section 4.7.

4.2 Spatial Teamwork Model

In this section, we model an attack-defence scenario inspired by real-world systems,
including team sports and security settings, such as port security (Shieh et al., 2012)
and nature security (Xu et al., 2017). We define the environment, agents, objectives, and
agent subteams.

4.2.1 Basic Definitions

We define a defence scenario E as a sequence of timesteps E = {e1, ..., eT}, where T is
the number of timesteps and may vary for different scenarios. There are variable time
intervals between timesteps. These scenarios may represent waves of attacks in security
settings or sequences of on-ball events (possession phases) in football. Each scenario
results in an outcome ΩE, such as the loss of possession in football or a failed attack in
security.

Agents operate in a two-dimensional Euclidean space Λ, defined as a set of (x, y)
coordinates on a plane. In contrast to typical defence scenarios with independent targets,
this scenario requires defence of the entire plane, where each location (x, y) ∈ Λ has a
value depending on strategic and temporal factors. Formally, the value of a location
(x, y) at timestep t is denoted as Vx,y

t ∈ R.

Each scenario has a set of agents C. The agents are partitioned into two adversarial
teams, a defending team Cα, and an attacking team Cβ. These designations are consistent
throughout the scenario timesteps. At each timestep t, each agent c ∈ C has a set of
possible actions ac

t ∈ Ac
t . These actions refer to the movement of an agent from their

current location, defined as ϕc
t , to a new location ϕc

t+1. We also define agent-specific
characteristics, such as role and physical condition, that may impact agent behaviour
as ζc

t . The collective locations of a set of agents, defined as their spatial structure, are
formed by both teams at each timestep t based on the actions chosen by each agent at
the previous timestep. These spatial structures can be denoted as Φα

t and Φβ
t where

Φα
t contains all defending agent locations ϕα

t ∀α ∈ Cα. Unlike in Chapter 3, where Φ
included incomplete agent locations due to sparse event data, the remainder of this
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thesis assumes full observability of agent positions at every timestep. We build on these
definitions to explain team objectives in the next subsection.

4.2.2 Team Objective

Attackers and defenders aim to maximise control over the space Λ. At timestep t,
the control that defenders have over a location (x, y) is represented as a probability,
Pr(ϑx,y

t |Φα
t , Φβ

t ), where ϑ
x,y
t indicates that the defenders Cα control the location (x, y) at

time t, which depends on the spatial structures Φα
t and Φβ

t . Defensive utility is defined
as a penalty corresponding to the attacking team’s dominance over Λ, weighted by the
value of the locations (x, y) ∈ Λ. Defending agents aim to minimise this penalty. We
represent team Cα’s utility at time t as:

Ut(Cα) = -
∫︂
(x,y)∈Λ

Vx,y
t (1 − Pr(ϑx,y

t |Φα
t , Φβ

t )) dx dy (4.1)

The utility function is defined as a penalty to incentivise defenders to end scenarios (e.g.,
attacks in security or team sports) faster while minimising the valuable space available
to attackers, with the spatial integral and value weighting ensuring that focus is applied
to controlling high-impact regions across the entire space. The optimal spatial structure
for defenders Cα at timestep t is defined as Φα,∗

t = arg maxΦα
t

Ut(Cα). The defenders aim
to minimise attacking control (i.e., maximise their utility) throughout an entire scenario,
defined as:

UE(Cα) =
T

∑
t

Ut(Cα) (4.2)

Defenders face multiple challenges when optimising UE(Cα). Firstly, there are spa-
tiotemporal movement constraints requiring agents to move feasible distances between
locations within timestep intervals, bounded by physical and tactical limitations (see
Section 4.4). Additionally, agents do not know the actions that the attackers or other
defenders will choose. Hence, defenders must anticipate future states and plan move-
ment strategically to maximise expected utility. While attackers share similar goals and
complexities, this work focuses on the defensive perspective.

4.2.3 Agent Contribution and Subteam Formation

At each timestep t, defending agents can form subteams with nearby teammates to
optimise spatial coverage. A subteam is defined as Ψ ⊆ Cα, with ΨΨΨ as the set of all
subteams. Each agent can only belong to one subteam at t, determined by proximity-
based K-means clustering, with the number of clusters chosen by maximising the
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Silhouette coefficient (Rousseeuw, 1987) (see Appendix B.3.1 for implementation details).
Subteam members share an objective function and action at t, providing awareness of
their subteam members’ actions, similar to human or intelligent systems communication.
The objectives of agents and subteams are defined as:

Individual Agents Agents choose actions to improve their contribution to team utility.
Using cooperative game theory, we value an agent’s impact by their marginal contri-
bution. The marginal contribution of agent α to the team Cα at timestep t is defined as
Θα

t = Ut(Cα)− Ut(Cα \ {α}) where Ut(Cα \ {α}) is the utility achieved by the team if
the agent α was not in the team Cα at timestep t.

Agent Subteams Instead of maximising individual contributions, agents may spatially
coordinate with teammates in a subteam Ψ to maximise their joint marginal contribution.
The marginal contribution of a subteam Ψ at timestep t is ΘΨ

t = Ut(Cα)− Ut(Cα \ Ψ).
Agents must use context to decide whether to act individually or coordinate in a subteam.
Subteams offer certainty about each member’s actions and can improve defensive
efficiency, such as in patrols or football, where teammates may surround adversaries.
However, individual actions may be more effective for defending nearby vulnerable
locations.

4.2.4 Spatial Teamwork Multi-Agent MDP

Markov decision process (MDP) models can be used to define how a stochastic environ-
ment changes as a decision-maker interacts with it. An MMDP extends this to multiple
decision-making agents, each with their own action sets. We formulate a scenario E as
an MMDP defined as MMA = ⟨S, {Ac}c∈C, P, {Rc}c∈C, γ⟩ with a set of states S, a set of
actions Ac for each agent c, P is the transition function, Rc is a reward function for each
agent c and γ is a discount factor. Each MMDP state s ∈ S is a tuple s = ⟨ΦC

t , ζC
t ⟩ where

ΦC
t and ζC

t are the agent locations and characteristics defined previously in Section 4.2.1.

The action space for each agent includes all possible spatial movements within the
realistic distance they can cover between timesteps (see Section 4.4; this may differ
depending on the application domain). The transition function P = Pr(s′|s, {ac}c∈C)

represents the probability distribution over possible next states s′ given the current state
s, which contains information on agent locations and characteristics, and each agent’s
selected action. The reward of action a for agent c chosen at state s depends on the
actions of other agents and the resulting state s′, denoted as Rc(s, ac, s′). This reward
reflects the agent’s immediate contribution to team utility at state s′, Θc

t′ . The discount
factor determines the preference for immediate versus future rewards.
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The MMDP reaches a terminal state when the scenario E ends, such as when possession
is lost in football or an attack fails in security. The probability of a scenario concluding
is captured in the transition function P. In the next section, we discuss techniques for
optimising agent and team rewards.

4.3 Optimising Team Decision-Making

This section outlines how team reward is maximised by optimising agent actions and
coordinating spatial teamwork. We model decision-making in three steps: first, at the
level of individual agents, then at the level of subteams, and finally at the level of the
entire defending team.

4.3.1 Agent Objective

Agents and subteams aim to maximise their long-term contribution, extending beyond
just the current timestep. We formally define these objectives below.

Agents An agent c aims to maximise expected long-term reward over a scenario from
state s. This is formalised by the Bellman equation:

V(s) = max
ac

(∑
s′

Pr(s′|s, ac) · (Rc(s, ac, s′) + γV(s′))) (4.3)

Where V(s) is the value at state s. The agent must therefore balance immediate rewards
against future utility, while reasoning under uncertainty about the future actions of
teammates and opponents. This requires agents to predict behaviour and future state
transition probabilities.

Subteams Agents in a subteam choose a joint action to maximise their collective
long-term reward, V(s). This is formally defined as:

V(s) = max
aΨ

(∑
s′

Pr(s′|s, aΨ) · (RΨ(s, aΨ, s′) + γV(s′))) (4.4)

Where aΨ denotes a joint action taken by subteam Ψ. More details on subteam actions
are given in Section 4.4. Due to the many possible actions for each agent, there are |A||C|

possible next states from a current MMDP state s. Despite the use of action discretisation
in Section 4.4, there are still approximately 1 × 1026 possible new states from the current
state. Given this complexity, computing exact solutions for Equation 4.3 is infeasible.
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To address this, we approximate agent behaviour (in Section 4.4), and use MCTS to
estimate Q-values of actions by simulating many possible scenario outcomes resulting
from actions.

4.3.2 Monte Carlo Tree Search

MCTS is an anytime search algorithm used to optimise actions. We apply MCTS at a
timestep t for all agents α ∈ Cα and all potential subteams Ψ ∈ ΨΨΨ by iteratively selecting
actions and simulating the rest of the scenario E. The MCTS algorithm runs iteratively
as follows:

1) Selection - Select the most promising action from the root using UCB1 (Auer et al.,
2002) until an unexplored or terminal node is reached. Each node, ηs, with state s,
leads to a child node with state s′, determined by action a and transition function
P.

2) Expansion - Expand a node ηs by randomly selecting an unexplored action.

3) Simulation - At leaf node ηs, approximate V(s) using cumulative reward in an
MMDP simulation until a terminal state is reached, using our real-world model of
state transition probabilities (see Section 4.4).

4) Backpropagation - Backpropagate the value of the new child node ηs up the tree to
the root.

Our transition function, which we compute using a deep learning-based model (as
described in Section 4.4), can be inefficient for single simulations. To improve MCTS
convergence speed, we parallelise MCTS expansion and simulation. Unlike traditional
leaf parallelisation (Cazenave and Jouandeau, 2007), our approach uses a single thread
and instead uses parallel tree nodes to batch process state transitions using P.

At node ηs, we expand a random action and perform ϖ transitions (100 in this work)
to reach ϖ leaf nodes ηs′ = {ηs1 , ..., ηsϖ}. We batch process these nodes using the
transition model P to produce new states s′. Each new leaf node is then simulated until
reaching a terminal state, generating estimated values V(s′) = {V(s0), ..., V(sϖ)}. In
backpropagation, the value of the parent node ηs is updated with the average cumulative
reward across all expanded nodes V(s′), adjusting for the node count ϖ.

4.3.3 Optimising Decision Selection

Given that we have optimised actions for each defending agent α ∈ Cα and subteam
Ψ ∈ ΨΨΨ at timestep t, the goal is to maximise the long-term utility of the entire team



86 Chapter 4. Learning and Optimising Spatial Teamwork in Multi-Agent Teams

UE(Cα). As agents and subteams independently select actions without knowing the rest
of the team’s actions, it is crucial to evaluate whether each agent should act individually
or within their subteam. To find the combination of individual and subteam actions that
maximises UE(Cα), we treat this as a linear programming problem:

maximise UE(Cα) (4.5)

subject to ∑
α∈Cα

αΨ + ∑
Ψ∈ΨΨΨ

|Ψ| = |Cα|

∑
Ψ∈ΨΨΨ

|Ψ| > 1

Where αΨ is a binary indicator variable, set to 1 if agent α acts individually and 0
if they are within one of the subteams. To solve this linear program, we extract all
combinations of individuals and subteams and approximate UE(Cα) for each using one
thousand MMDP scenario simulations, similar to MCTS simulation. The action set that
maximises UE(Cα) is chosen as the team’s joint action. We term this optimisation strategy
spatial teamwork. The entire optimisation process, which includes MCTS for agents and
subteams to identify the joint action of the team, is shown in Figure 4.1 and is called
the teamwork optimiser. The teamwork optimiser allows for inter-agent interaction to
maximise joint subteam contributions, extending beyond a simple individual strategy
where each agent selects their own optimised action.

FIGURE 4.1: The agent optimisation process. Starting from the current MMDP state,
K-means clustering determines subteams. MCTS approximates optimal actions for each
subteam and agent, and the linear program determines which subteams should form,
resulting in an action for each agent. Executing these actions causes state transitions, as

illustrated by a football example.

We note that subteams are fixed during both MCTS and the MMDP scenario simulations:
agents remain in their K-means–assigned subteams (based on spatial proximity at
the current state) for the duration of rollouts. Consequently, each agent optimises a
consistent objective aligned with its initial assignment (either as an individual or within
its subteam), promoting long-term coordination at that granularity. In future work,
we will examine dynamic reassignment of subteams at each new state within MCTS
simulations to assess its impact on optimised behaviour.
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4.4 Applying Spatial Teamwork to Football

In this section, we apply our model to real-world attack-defence scenarios in football.
Specifically, we highlight the relationship between football and our model, and give
context to agent actions and state transitions in the football domain.

4.4.1 Multi-Agent Environment in Football

We define a sequence of on-ball events (period of possession) in football as a defence
scenario E, consisting of timesteps t representing events (e.g., a pass or shot), and
ending with an outcome, ΩE, which is either a goal or a possession loss. The football
pitch, Λ, is discretised into a grid of (I × J) zones denoted as Z, where Zi,j represents a
specific zone. In this paper, the grid comprises (25 × 16) zones. The value of all pitch
zones, VZ

t , which takes shape (I × J), are computed using the popular Expected Threat
model1, indicating the probability of a goal in the next five events from each zone in Z
respectively. Additionally, we update the team utility to accommodate zones:

Ut(Cα) = - ∑
i∈I

∑
j∈J

V
Zi,j
t · (1 − Pr(ϑ

Zi,j
t |Φα

t , Φβ
t )) (4.6)

Where Pr(ϑ
Zi,j
t |Φα

t , Φβ
t ) is the probability of defenders Cα winning possession if the ball

arrives at zone Zi,j. This is calculated using zone centroids and a physics-based ball
control model (Spearman, 2018). In football, Cα and Cβ are the defending and attacking
teams, each with 11 players. For each scenario E, the defending team Cα is determined
by ball possession. The locations of players on team Cα at time t represent the team’s
spatial structure Φα

t .

To accommodate the football domain, we define an MMDP state s as a tuple s =

⟨ΦC
t , ζC

t , BZ
t ⟩ where BZ

t ∈ Z is the current zone that the ball B occupies at timestep t.
Additionally, for this domain, the player characteristics for a specific player c, ζc

t , are a
3-tuple, (

•
xc,

•
yc, κc), where

•
xc and

•
yc denote the x and y velocity of player c respectively

and κc represents the player’s role in the team (e.g., centre defender). Player velocity at
a new state s′ is calculated as the average velocity required to move from their location
in state s to their location in state s′ within the time between timesteps. The immediate
reward Rc represents the contribution of a player c towards control of valuable pitch
space at time t. In this work, we set the discount factor to 1.

1Expected Threat: https://karun.in/blog/expected-threat.html. Last accessed July 12, 2024.

https://karun.in/blog/expected-threat.html.


88 Chapter 4. Learning and Optimising Spatial Teamwork in Multi-Agent Teams

4.4.2 Transition Function for Football

The transition function in an MMDP predicts state changes probabilistically. In our foot-
ball framework, it models ball and player movements from state to state. We learn tran-
sition probabilities from real-world data. Our transition function, P = Pr(s′|s, {ac}c∈C)

is simplified using domain knowledge by making player positions at the next state
conditional on ball movement. We define this as follows:

P(s′, s) = Pr(BZ
t+1|s) · ∏

c∈C
Pr(ϕc

t+1|s, {ac}c∈C, BZ
t+1) (4.7)

Where Pr(BZ
t+1|s) is the probability of the ball moving to each zone, or possession being

lost, given the current state s and Pr(ϕc
t+1|s, {ac}c∈C, BZ

t+1) is the probability of player
c’s next location given the current state, actions and ball movement. At each state, we
use a ball transition probability model (Spearman, 2018) to compute Pr(BZ

t+1|s) and
sample from these probabilities during state transitions. For successful ball transitions,
given the ball’s predicted movement, we then predict future player locations using an
adapted version of the Agent Imputer model introduced in Chapter 3. This adapted
model is trained on 34 games of real-world football data and differs from its predecessor
in several key aspects. Firstly, in contrast to the Agent Imputer model, which uses
only on-ball data, this model incorporates a richer set of features from tracking data,
including player locations and velocities, ball locations, player roles, and time elapsed
between states. The time passed is estimated using a physics-based model for ball travel
times (Spearman, 2018). Additionally, the model is designed to predict future player
movement, rather than imputing missing trajectories. Further details on the input data,
model structure, and training methodology, in comparison to the original Agent Imputer
model, are provided in Appendix B.2.

Compared to the same baseline models used in Chapter 3, including XGBoost (2.47m),
graph neural network (2.56m) and a simple spline (5.03m), our model achieves the
lowest mean Euclidean error (2.31m). Since player movement is conditional on ball
movement, from a state s and actions {ac}c∈C, the number of possible new non-terminal
states equals the total number of pitch zones. The specific details of player actions and
their subsequent impact on future positions are elaborated in the following subsection.

4.4.3 Player and Subteam Actions

In football, player positioning is influenced by ball movement and the positions of other
players. We model player actions as directional biases that increase the likelihood of
players moving towards certain areas. These biases adjust player velocity data in our
transition model, increasing the probability of movement towards the desired direction



4.5. Empirical Evaluation 89

while accounting for ball movement, teammates, and opponents. Adversaries receive
no velocity alteration, imitating the average real-world behaviour. We discretise actions
to reduce the action space size, speeding up MCTS convergence. The action space is
described as follows:

Player Actions Each individual player will choose their action from the following
possible directions:

Up Top Right Right Bottom Right
Down Bottom Left Left Top Left

These actions change the player’s velocity by 2 m/s in the chosen direction. We set a
maximum speed of 5 m/s, extracted from (Spearman, 2018).

Subteam Actions Subteam actions ensure that all players execute the same action
with the understanding that their sub-teammates are doing likewise, modelling player
communication in football. For instance, if the action is ’Up’, all subteam members
gain additional velocity in that direction. To enhance flexibility, we use domain-based
knowledge to expand the action space beyond a single directional bias:

Avoid ball Towards opponent Avoid opponent
Spread out Close in

To focus subteam actions on coordination rather than flexibility, we align each agent’s
velocity with the individual action that best matches the chosen subteam action.

4.5 Empirical Evaluation

In this section, we empirically evaluate our model. We first describe the dataset used in
our experiments (Section 4.5.1), then introduce the baselines against which we compare
our approach (Section 4.5.2). We subsequently present a series of experiments, including
long-term simulations and analyses of varying subteam sizes. Details of the computa-
tional resources employed to run the optimisation algorithm and conduct the simulated
experiments are provided in Appendix B.
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4.5.1 Datasets

We evaluate our approach on all pass and shot events from the same 34-game real-
world football events and tracking dataset from the K League 1 introduced in Chapter
3. In total, this amounts to approximately 34,000 events. Player positional and velocity
information is obtained from the corresponding tracking data associated with these
matches. As detailed in Chapter 3, these constitute gold-standard industry datasets
that enable a rigorous evaluation of our approach. Further information on the extracted
features and data preprocessing steps is provided in Appendix B.

4.5.2 Baselines

Our model is compared against real-world actions and numerous baselines, listed as
follows:

Baselines:

• Random - Agents choose their movements randomly.

• Real-world - Threat accumulated in the real-world data.

• Simulated Real-world - Agents follow their real-world actions within our MMDP
simulations, bound to the closest action in the action set.

Optimiser strategies:

• Individual optimiser - All agents optimise their contribution individually without
any subteams.

• Pair-Based optimiser - Agents choose actions in pairs based on the Team-Centred
model in (Beal et al., 2020b).

• (Spatial) Teamwork optimiser - Agents have the option to coordinate in subteams.

Inspired by Beal et al. (2020b), our Pair-Based strategy segments teams into agent pairs
to maximise pass success frequency within pairs from past games. Unlike (Beal et al.,
2020b), who focus on lineup selection and in-possession attacking link-ups, we modify
this method to in-game defensive decision-making by splitting the 10 outfield defenders
into five pairs (excluding the goalkeeper). This pair formation does not explicitly
consider spatial context and proximity. Our MCTS model selects effective actions for
these pairs. In the following subsections, we present our experimental results.
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4.5.3 Experiment 1: Model Performance in Dynamic Defence Simulations

In this experiment, we evaluate the long-term effectiveness of our optimiser against real-
world decisions and baseline strategies. For each event in the dataset, we simulate 1,000
independent rollouts of the next five events using our football MMDP environment. This
allows us to capture the longer-term impact of an agent’s immediate action, since even
small positional adjustments can propagate across multiple timesteps and significantly
alter match dynamics. Performance is quantified using the reward, which relates to
the accumulated threat (goal concession probability) over the five events. Table 4.1
reports the results for each strategy, providing a direct comparison between real-world
behaviour, baseline policies, and our proposed optimisation approaches.

TABLE 4.1: Average reward comparison for simulated play sequences using various
decision-making strategies. The ± values represent 95% confidence intervals.

Strategy Average Reward Reduction

Random -0.058 ± 0.001 -9.4%

Real-World -0.053 ± 0.001 0.0%
Simulated Real-World -0.051 ± 0.001 3.8%

Individual Optimiser -0.045 ± 0.001 15.1%
Pair-Based Optimiser -0.047 ± 0.001 11.3%
Teamwork Optimiser -0.042 ± 0.001 20.8%

The teamwork optimiser reduces threat by 20.8%, which is 5.7% more than the individual
optimiser, highlighting the benefits of spatial collaboration. Similar threats in real-world
and simulated real-world scenarios support the MMDP model’s accuracy in the real
world. Optimising agent behaviour is critical in high-threat situations; therefore, we
focus on these scenarios in Table 4.2. The results in these high-threat scenarios draw
similar conclusions.

TABLE 4.2: Average reward comparison for simulated play sequences in high threat
situations (≥1% goal probability). The ± values represent 95% confidence intervals.

Strategy Average Reward Reduction

Random -0.084 ± 0.001 -18.3%

Real-World -0.071 ± 0.001 0.0%
Simulated Real-World -0.074 ± 0.001 -4.2%

Individual Optimiser -0.065 ± 0.001 8.5%
Pair-Based Optimiser -0.068 ± 0.001 4.2%
Teamwork Optimiser -0.061 ± 0.001 14.1%

We analysed how the difference between the average rewards (teamwork optimiser
vs. real-world reward) correlates with the number of goals each team conceded in our
dataset. Despite noise from low scoring rates across 34 games, a significant Pearson
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correlation coefficient of 0.71 (p < 0.05) confirms the expected relationship between
these variables.

Additionally, for every event, we compared threat levels at the next real-world event
with those from an augmented next event where defenders chose the optimised actions.
This myopic approach assesses performance beyond the MMDP simulation. Results
showed that teams reduce threat at just the real next event by 1.5% ± 0.6 and 2.3% ± 1.2
by using the individual and teamwork optimisers respectively.

4.5.4 Experiment 2: Attack Location Prediction Using Subteam Collaboration

Having demonstrated in Experiment 1 that our optimiser reduces overall team threat,
we now evaluate whether subteam performance provides additional value in predicting
the spatial location of the next opponent attack. Specifically, we compare the subteam
contribution metric (ΘΨ

t ) against the individual contribution metric (Θα
t ) as input features

to a probabilistic classifier that predicts the zone of the next attacking action (pass or
shot). For each event, the zone that each player or subteam centroid resides in, and
the performance metric of that player or subteam, are used to form a grid of features
matching the shape of the grid of pitch zones. For this experiment, the pitch is split into
a grid of Z = (I × J) zones where I = 6 and J = 4, and a simple convolutional neural
network (CNN) model utilises these spatial features to probabilistically predict the next
attack zone.

Table 4.3 reports the predictive performance when using the subteam versus individual
contribution metrics as input features to the CNN classifier. Subteam features are com-
puted from subteam centroids, while individual features are based on player-level con-
tributions. Predictive accuracy is evaluated using log-loss over five-fold cross-validation.
Further implementation details for this experiment, including model architecture and
training procedure, are provided in Appendix B.3.2.

TABLE 4.3: Log-loss scores of contribution metrics as features for predicting future
attack zones. The ± values represent 95% confidence intervals.

Metric Individual Subteam

Passes 0.156 ± 0.003 0.147 ± 0.001
Shots 0.0100 ± 0.0004 0.0093 ± 0.0002

The results show that subteam contributions consistently outperform individual con-
tributions in predicting attack locations, yielding lower log-loss scores for both passes
and shots. This emphasises the value of analysing agent coordination, as it uncovers the
impact of spatial teamwork on the predictability of future attacks in dynamic settings
such as team sports.
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4.5.5 Experiment 3: Impact of Subteam Configurations on Threat Reduction

In this experiment, we assess how varying numbers of subteams impact threat reduction
in real-world scenarios, aiming to identify the optimal number of players for effective
spatial teamwork. Figure 4.2 compares threat reduction using the teamwork optimiser
for various numbers of subteams (i.e., the number of subteam clusters generated by the
k-means algorithm).

FIGURE 4.2: Effects of number of subteams on threat reduction.

These results show that clustering into five subteams, or using the optimal k-means
silhouette score, yields the greatest threat reduction. This likely reflects a balance
between coordination and flexibility, where dividing players into smaller subteams
allows for more targeted action against specific threats than having just three subteams,
while having too many subteams leads to overly fragmented groups where individual
players act largely independently, reducing opportunities for effective coordination.
We drive deeper insight into the internal structure of these subteams by looking at the
distribution of subteam sizes for each number of subteams in Figure 4.3.

FIGURE 4.3: Distribution of subteam sizes for varying cluster numbers. Bar colours
represent the number of subteams.

Figure 4.3 shows the distribution of subteam sizes when dividing the team into a
particular number of subteams (denoted by the bar colours). For example, when the
algorithm divides the team into three subteams, on average, two percent of the subteams
only consist of one member. The results indicate that when clustering into five subteams
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or using the optimal k-means silhouette score, these clusters often form pairs. This
suggests that spatial communication is optimal in pairs, aligning with (Beal, 2022),
which found that teamwork in football passing is best represented by pairs.

In many domains, agents have specific roles, such as player positions in football.
Our model most commonly suggests subteam pairs as: (Centre Defender, Centre

Defender), (Centre Forward, Centre Forward), (Right Defender, Right Midfield)
and (Left Defender, Left Midfield). This aligns with common expert views on im-
portant role-based pairs.

4.5.6 Experiment 4: Case Study Analysis of Defensive Optimisations

In this experiment, we compare real-world defensive scenarios with model-optimised
decisions to show their impact on game outcomes. These visualisations offer strategic
analysis to inform future team preparation. Figure 4.4 highlights a specific defensive
situation, demonstrating a 0.4% decrease in goal probability (Ut(Cα)) due to the model’s
recommendations. This case study shows how suggested adjustments in positioning
and teamwork can significantly reduce goal likelihood and improve team preparation
in a visually compelling way.

FIGURE 4.4: Optimised positioning to reduce threat. There is a 3.0% goal probability
compared to 3.4% with real-world positions. The heatmap shows the change in goal

probability for each zone when shifting to optimised positioning.

4.6 Discussion

We validate our spatial teamwork model with real-world football datasets, showing its
effectiveness in improving spatial dominance in dynamic settings. Football is a suitable
domain due to its rich spatiotemporal data and the clear objective of preventing goals
and winning matches. Our model also has potential in other spatiotemporal defence
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domains, including patrol, security, and other team sports. The model may also be
applicable beyond defence, such as for attacking situations in football or emergency
response. Future research will extend and validate the model in these other domains as
we obtain more high-quality datasets.

The Pair-Based Optimiser improves on real-world performance but is less effective at
reducing threats compared to other optimisers. This suggests that, while optimising
actions in pairs is valuable (as shown in Section 4.5.5), it is crucial to account for spatial
context and proximity when optimising for specific scenarios to avoid suboptimal
communication, where individual actions may be preferable. Our findings in Section
4.5.5 may further explain the effectiveness of the teamwork model in (Beal et al., 2020b)
due to the implicit link between spatial proximity and passing in football. We also
show that integrating spatial context into pair formation is effective for in-game player
decision-making.

Our approach optimises agent behaviour by simulating outcomes and minimising
average threat. Future work could explore strategies such as a minimax approach to
minimise the threat of the worst-case scenario. We plan to evaluate various approaches
and the impact of game state, such as maintaining a winning position, on optimised
strategies.

The model’s primary use is likely to be post-scenario analysis to identify poor teamwork
patterns and suggest improvements. It can build databases of similar scenarios to assess
typical team responses. In football, this may inform team training.

4.7 Summary

In this chapter, we propose a novel approach to agent coordination in dynamic environ-
ments, setting a benchmark for optimising spatial teamwork in adversarial settings. We
model defence against adversaries as an MMDP and use MCTS to compute effective
decisions. We apply this model to football defence, learning play sequences from real-
world spatiotemporal data. Our MCTS approach reduces opponent threat by up to 21%
compared to real-world outcomes, with an additional 6% reduction achieved using our
spatial teamwork model over individual actions. We also show that our model better
predicts future attack locations compared to an individual-based benchmark. Finally,
we explain how our model results may offer deeper insight into previous teamwork
models that do not explicitly consider the relationship between spatial proximity and
teamwork.

Our framework has potential applications beyond football, offering a means to analyse
teamwork and spatial coordination in other team-based domains by examining both the
types and frequencies of player or agent interactions. It is also noted that player location
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data is required to model player teamwork and spatial coordination in this way; however,
this data is expensive and difficult to access for clubs and researchers with limited
resources. As a more affordable alternative, player locations can be estimated using the
Agent Imputer model introduced in Chapter 3. While this provides a practical solution, it
is important to acknowledge that imputed data introduces estimation uncertainty and
will not fully capture the precision of ground-truth tracking data.

In the next chapter, we shift from optimising team-level spatial dominance to evaluating
individual off-ball defensive impact based on their indirect influence on attacking pass-
ing outcomes. We develop a graph attention network that predicts pass receptions and
uses attention weights to quantify each defender’s influence on attackers. Building on
this mechanism, we introduce two metrics for player-level defensive credit assignment,
providing new insights to coaches and scouts on players’ off-ball defensive performance.
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Chapter 5

Evaluating Off-Ball Player
Contributions using Graph Attention
Networks

In this chapter, we introduce GAPP, a graph attention network (GAT) model that
predicts football pass reception probabilities and provides interpretable insights into
off-ball defending. Evaluating individual contributions from team members is a critical
challenge across many domains, such as security and team sports. While progress
has been made in valuing contributions, such as target defence in security or on-ball
performance in football, many aspects of performance, such as off-ball football actions,
remain difficult to quantify. Using attention mechanisms, GAPP captures off-ball player
interactions and introduces two new metrics to quantify defender contributions. We
tested GAPP on 306 English Premier League (EPL) matches, and showed it reduces
binary cross-entropy (BCE) loss by 6.4% ± 1.5% compared to multiple baselines for pass
reception prediction, while offering unique insights for off-ball defender evaluation for
coaches, scouts and teams.

5.1 Introduction

Evaluating individual agent performance within a team is critical in many real-world
domains, as it can provide actionable insights for improvement and optimise team
strategies. In fields like security (Shieh et al., 2012) and sports analytics (Decroos
et al., 2019; Merhej et al., 2021), performance is often assessed through measurable
actions, such as stopping a security breach or completing a high-value pass. However,
many contributions are indirect and harder to quantify, such as an agent’s positioning
influencing an attacker’s target choice in security or a defender’s off-ball positioning
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affecting pass reception in team sports. Traditional metrics often overlook these subtle
impacts, highlighting the need for methods that evaluate indirect contributions to gain
deeper insights into performance and improve decision-making.

In this work, we focus on evaluating off-ball performance in football, which has rich
availability of real-world spatiotemporal datasets. In football, players position them-
selves to prevent dangerous opposition attackers from receiving the ball. Yet, these
off-ball contributions are challenging to quantify due to the lack of direct links to
outcomes like goals, unlike on-ball events such as passes or shots, which are easily
measurable. Players spend the majority of a match (∼95%) off the ball, making off-ball
performance a critical yet underexplored aspect of the game.

The availability of spatiotemporal datasets, such as event data (e.g., passes, shots)
and tracking data (e.g., player locations), has advanced football analytics, enabling
machine and deep learning models to evaluate player performance, primarily focusing
on on-ball actions like attacking plays (Decroos et al., 2019; Fernández et al., 2021)
or defensive actions (Merhej et al., 2021). However, assessing the impact of off-ball
defensive positioning remains challenging due to its indirect influence on play outcomes
in a dynamic environment. While some models predict future ball locations based on
player positioning (Fernández et al., 2021), they do not quantify the specific influence of
individual defenders on these outcomes.

Against this background, we introduce GAPP (Graph Attention for Pass Probabilities),
a novel GAT-based model that predicts the probability of attacking players receiving
the ball while providing interpretable insights into off-ball defensive contributions. By
representing players and the ball as a dynamic graph, GAPP leverages GATs’ attention
mechanism to identify key relationships between players. The GAPP model not only
outperforms baselines in pass reception prediction but is also used to provide two novel,
attention-based metrics for evaluating off-ball individual defensive contributions.

Thus, this chapter presents the following novel contributions:

• We introduce GAPP, a novel graph attention-based model for predicting pass
reception probabilities in football.

• The GAPP model achieves state-of-the-art performance for pass reception pre-
diction, outperforming multiple baselines, including a traditional graph neural
network (GNN), with a ∼6.4% ± 1.5% reduction in BCE loss.

• We introduce two novel attention-based metrics to quantify defender influence (DI)
on attackers and overall defensive performance (DP) in a real-world multi-agent
system.
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• Using real-world event and tracking data from 306 EPL matches, we show how
GAPP provides explainable insights into defender performance, including their
impact on stopping dangerous attackers.

The rest of this chapter is structured as follows. Section 5.2 formalises the ball reception
prediction problem, and Section 5.3 introduces our GAPP model. Section 5.4 introduces
our defensive metrics. Section 5.5 presents empirical evaluations, followed by a case
study on the EPL in Section 5.6. Section 5.7 discusses the results, and Section 5.8
summarises the work.

5.2 Predicting Ball Reception

In this section, we model a game scenario and formalise the problem of predicting
football on-ball event (e.g., pass, dribble) outcomes. A game is represented as a time
series of T events, E = {e1, ..., eT}, where each event et ∈ E corresponds to an on-ball
action. This time series is non-uniform, with varying intervals between events.

For each event et ∈ E, there is a set of N players, C = {c1, ..., cN}, who are involved
in the game at that event. Each player belongs to one of two teams, determined by
the function team : C → {1, 2}. While players remain on the same team throughout
the game, the roles of the teams (attacking vs. defending) can switch dynamically
over the sequence of events E depending on which team has ball possession. At each
event et, the player performing the on-ball action is denoted as cn

t , where cn
t ∈ C.

The team of cn
t , denoted as team(cn

t ), forms the attacking team Cβ at that event, i.e.,
Cβ = {c ∈ C : team(c) = team(cn

t )}. The remaining players, belonging to the opposing
team, form the defending team Cα = C \ Cβ.

Our goal is to model the probability of a player c ∈ C receiving the ball at the next event.
Let et represent the current event and et+1 the next event in the sequence E. At each
event, we aim to predict the probability of each player cn ∈ C being the on-ball player at
et+1, defined as Pr(cn

t+1|et), where cn
t+1 indicates that player cn possesses the ball at the

next event. Accurately estimating this probability helps evaluate the likelihood of each
player scoring and the value of the defending team’s positioning (Section 5.4).

To model the probability of a player receiving the ball at the next event, we frame this as
a graph learning problem. Each game event et is represented as a graph Gt = (Nt, ξt),
where Nt is the set of nodes and ξt the set of edges. The nodes Nt consist of the players
C = {c1, ..., cN} and the ball, denoted as a special node B, such that Nt = C ∪ {B}.
Edges capture relationships between players. Each node u ∈ Nt has a feature vector
Xu ∈ RdN , and each edge (u, v) ∈ ξt, where u and v are nodes, has a feature vector
Yu,v ∈ Rdξ , where dN and dξ are the dimensions of the node and edge features.
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At each event et, predicting the next on-ball player cn
t+1 is framed as a node prediction

task. We learn a function f : Gt → [0, 1] that maps the graph to the probability of a
specific player cn receiving the ball at the next event: Pr(cn

t+1|et) = f (Gt). In this chapter,
the GAPP model represents function f and is introduced in the next section.

5.3 GAPP Model For Ball Receiver Prediction

In this section, we outline the feature engineering (Section 5.3.1), model architecture
(Section 5.3.2), and training process (Section 5.3.3) used for our GAPP model.

5.3.1 Feature Engineering

The node and edge features of our graph Gt are derived from football tracking data,
which provides the coordinate locations, velocities and accelerations of each player
and the ball on the pitch at a given timestep. However, these raw data lack important
contextual information, such as the relationships between players and their positions
relative to the goals. To address this, we apply feature engineering to extract features for
our model. Specifically, for each graph Gt, we compute the following node and edge
features:

• Node Features: Location (x, y), velocity (x, y), acceleration (x, y),

x-distance to defending goal, y-distance to defending goal,

x-distance to attacking goal, y-distance to attacking goal, Euclidean

distance to the ball, angle (radians) to the ball, binary indicators

for whether the node is on the home team, attacking, and on the ball.

• Edge Features: X-distance between nodes, y-distance between nodes,

Euclidean distance between nodes, edge angle (radians), difference in

node angles to the ball, binary indicator for nodes being on the same

team.

In these features, angles are defined as the bearing (in radians) relative to the pitch x-axis,
which is aligned with the attacking direction. These features are selected to provide
a comprehensive tactical representation of each event. For example, the velocity and
acceleration features contribute to capturing aspects of the immediate temporal context
and player intention. For the ball node, numeric ball-related features are set to 0, and
binary features are set to 1. For the same-team binary indicator edge feature, where one
node represents the ball, the value is 1 if the other node’s team is attacking. Ball-related
features are included to provide the model with easy access to this information during
message passing. The orientation of play is consistent across all timesteps, with the
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attacking team always moving from left to right. Details on the preparation of these
features, such as their standardisation for model input, are given in Appendix C.1. For
this work, the graph is fully connected and directed, with edges in both directions
between every pair of nodes. A fully connected, directed graph enables the model to
assess the tactical significance of interactions between all players, allowing the attention
mechanism to learn and highlight the most important relationships in a data-driven
manner.

5.3.2 GAPP Model Architecture

Our GAPP model represents the function f , which predicts ball reception probability
Pr(cn

t+1|et) using a graph representation Gt and GATs, which dynamically learn the
importance of node connections in graph-structured data. In team sports, interactions
between players and the ball are complex and vary in significance. Unlike traditional
GNNs, which assign equal attention to all node edges, GATs assign attention weights to
edges, capturing the varying importance of player relationships for event prediction.
The model’s step-by-step architecture is given below and visualised in Figure 5.1.

FIGURE 5.1: GAPP model architecture. All predictions are made using player feature
information described in Section 5.3.1, with batch size b, number of nodes |Nt|, number

of edges |ξt|, number of node features dN , number of edge features dξ .

Step 1: Encoding Layer The input to the GAPP model consists of node features and
edge features, represented as tensors Xt ∈ Rb×|Nt|×dN and Yt ∈ Rb×|ξt|×dξ , where b is
the batch size. The GAPP model uses dense encoding layers to project node and edge
features into latent spaces, allowing the model to learn meaningful representations of
these nodes and edges. The encoding outputs are latent representations with shapes
of (b × |Nt| × hN ) and (b × |ξt| × hξ) for the nodes and edges respectively where |Nt|
and |ξt| are the number of nodes and edges and hξ are the hidden layer sizes of the node
and edge encodings. In this chapter, b = 64, hN = 32 and hξ = 16.
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Step 2: GAT Layer 1 The second step of the GAPP model is the first GAT layer, which
performs attention-based message passing (Veličković et al., 2018). This layer takes
the node and edge encodings as input. The attention mechanism in the GAT layer
computes weights δuv for each edge (u, v) ∈ ξt, reflecting the relevance of node v and
the edge connecting it to u. These attention weights are derived by calculating raw
attention scores using a learned linear projection of node and edge features, followed
by a LeakyReLU activation function, and then normalising them across all neighbours
of node u using a softmax function so that they sum to 1. Each node in the graph
updates its representation by aggregating the features of its neighbours, weighted by
their respective attention scores. This allows the model to focus on the most relevant
neighbours during message passing. Note that both GAT layers include self-loops and
use 16 attention heads in this work, meaning that δuv is a vector of 16 values.

The output of this layer is a new set of node embeddings with shape (b × |Nt| × hN ),
where the attention mechanism adaptively aggregates information from the graph.
In football, this corresponds to modelling how players influence each other in ball
reception. A rectified linear unit (ReLU) activation function is then applied to the output
embeddings, followed by a dropout layer with a zeroing probability of 0.1, resulting in
updated node embeddings.

Step 3: GAT Layer 2 The third step of the GAPP model is a second GAT layer, which
captures higher-order relationships between nodes in the graph through another round
of attention-based message passing. This layer takes the updated node embeddings
from the first GAT layer and the edge encodings from Step 1 as input. Message passing
is performed as in the previous layer, and the output is a new set of node embeddings of
shape (b × |Nt| × hN ). As in step 2, a ReLU activation function and dropout layer are
then applied to the new node embeddings. In the context of football, the second GAT
layer enables the model to capture more complex relationships between players in the
graph.

Step 4: Skip Connection and Concatenation The original encoded node features from
Step 1 are concatenated with the updated node embeddings from Step 3 through a skip
connection. This concatenation enables the model to retain original node information
while including higher-order node relationships learned by the GAT layers. The resulting
concatenated embeddings are of shape (b × |Nt| × 2hN ) and are used as input for the
final dense layers of the model.

Step 5: Output Dense Layers The concatenated embeddings from Step 4 are passed
through a dense layer with a ReLU activation function, resulting in a final latent repre-
sentation for each node, with a shape of (b × |Nt| × hN ). This representation is then
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passed through another dense layer followed by a softmax activation function, resulting
in the final node predictions with shape (b × |Nt| × 1). These predictions represent the
probability, ranging from 0 to 1, of each player receiving the ball at the next timestep.
While the model produces predictions for all nodes in the graph, including the ball
node, in practice, the ball cannot be its own receiver. During training, these probabilities
are masked out, and since no instances occur where the ball receives itself, they are
effectively disregarded in both training and evaluation.

5.3.3 Model Training

We use football tracking data, which records all player locations during every on-ball
event from 306 EPL matches in the 2023/24 season (see Section 5.5.1), to extract our
target labels for the GAPP model, where each player is assigned a label of 1 if they are
the next on-ball player, and 0 otherwise, resulting in one positive label at each timestep.
For model training, we focus on attacking player receptions by applying an attacking
player mask to the loss function, ensuring that updates are made only for attacking
players. The model is trained using a BCE loss function for 200 epochs with a batch
size of 64. The Adam optimiser (Kingma, 2014) is used with an initial learning rate of
0.003. The GAPP model hyperparameters and architecture were determined empirically
through trial and adjustment with no formal hyperparameter tuning. Further details on
the compute resources used to train the GAPP model are given in Appendix C.1.1.

5.4 Valuing Defensive Positioning

The key goal of the GAPP model is to provide insights into how defender positioning im-
pacts attacker reception probabilities, using the GAT attention mechanisms to highlight
the most relevant nodes and edges towards predictions. This section explains how atten-
tion weights are used to derive a novel defensive influence (Section 5.4.1) and defensive
performance (Section 5.4.2) metric for evaluating off-ball defensive contributions.

5.4.1 Extracting Defender Influence

A defender’s attention weight shows their influence on an attacker’s reception probabil-
ity. However, in its raw form, the attention weight only indicates the relative importance
of the defender without specifying whether their impact is positive or negative. To
address this, we compute a more interpretable DI metric that quantifies the effect of a
defender on an attacker’s reception probability.

Let a node v represent a defender α ∈ Cα and a node u represent an attacker β ∈ Cβ.
The attention weights δuv quantify the attention assigned to defender v for attacker u,
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computed separately for each GAT layer and across all attention heads. The probability
of attacker β receiving the ball, Pr(cu

t+1|et), is predicted using the trained GAPP model f .
To measure DI, we recompute the reception probability with δuv masked to 0 in both
GAT layers: Pr(cu

t+1 | et, δuv = 0), i.e. the prediction without defender v’s attention. This
masking allows the GAPP model to predict the reception probability of the attacker
without considering the influence of defender v. This approach is inspired by explana-
tion methods in the literature that assess prediction changes by limiting node features
(Ying et al., 2019), but we uniquely apply it to quantify defensive contributions in MAS.

Defenders with higher attention weights are expected to have greater impacts on recom-
puted probabilities than defenders with lower weights (see Section 5.5.5). Using these
probabilities, we define a new DI metric for defender v on attacker u:

DIuv = Pr(cu
t+1|et, δuv = 0)− Pr(cu

t+1|et) (5.1)

The DI metric measures how a defender changes an attacker’s ball reception probability.
A positive DIuv value indicates that the defender reduces the attacker’s reception proba-
bility by that amount. We note that Table 5.1 shows that the probabilities in Equation 5.1
are well calibrated, with the GAPP model outperforming state-of-the-art baselines in
pass receiver prediction.

5.4.2 Computing Defender Performance

To evaluate the overall performance of a defender v, we first model the attacking threat
of an attacker u. To measure attacking threat, we use the expected threat (xT) metric
introduced by Singh (Singh, 2019), which divides the football pitch into a grid of zones
(16 × 12 for this work) and estimates the probability of scoring within the next five
on-ball events from each zone based on historical data. The threat of an attacker u,
denoted as xTu, is determined by identifying the zone they occupy and assigning the
corresponding xT value.

We combined each attacker’s threat (xTu) with the defender’s influence on them (DIuv)
to calculate defender v’s overall positional performance. Our novel DP metric captures
this for a defender v defined as:

DPv = ∑
u∈Cβ

DIuv · xTu (5.2)

This metric provides a novel evaluation of defender v’s positioning by aggregating their
influence on all attackers weighted by each attacker’s scoring threat, offering a measure
of a player’s off-ball defensive contribution at an event et.
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5.5 Empirical Evaluation

This section presents our empirical evaluation of the GAPP model and DP metric. We
outline our dataset (Section 5.5.1), baseline methods (Section 5.5.2), and four experi-
ments: assessing GAPP’s predictive accuracy (Section 5.5.3), evaluating its attention
mechanism’s fidelity (Section 5.5.4) and faithfulness (Section 5.5.5), and examining the
DP metric’s correlation with defensive actions (Section 5.5.6).

5.5.1 Datasets

Our GAPP model is trained and evaluated on 306 EPL games from the 2023/24 season.
This data was supplied to us by Gradient Sports. The dataset includes event data (e.g.,
passes, shots) and tracking data (player positions and velocities). This is a gold standard
industry dataset, enabling a rigorous evaluation of our model. We use tracking frames
aligned with on-ball events to construct our feature set and target variables, resulting
in 359,040 events. We evaluate our model using five-fold cross-validation, splitting the
games into ∼80% for training and ∼20% for testing (245/61) in each fold, ensuring
that each game appears in the test set exactly once. Further details on this dataset are
provided in Appendix C.2.

5.5.2 Baselines

We evaluate the performance of GAPP against several baselines:

Mathematical Baselines:

• Distance - a naïve baseline assigning reception probabilities inversely proportional
to player distance from the ball.

• Spearman - a physics-based model adapted from (Spearman, 2018) to predict
reception probabilities instead of pass locations.

Machine Learning Baselines:

• Dauxais - a random forest model using distance-based features (Dauxais and Gau-
trais, 2018), using the majority of features from the original paper and extending
them with our node and edge features.

• XGBoost - an XGBoost model (Chen and Guestrin, 2016) using the same node and
edge features as the GAPP model. XGBoost is shown to be an effective predictor
of pass reception in previous studies (Robberechts et al., 2023).

• GNN - a GNN with the same architecture as GAPP but replacing GAT with
SAGEConv (Hamilton et al., 2017) layers without attention.
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These baselines provide a diverse range of approaches, from simple distance-based
heuristics to advanced machine learning (ML) and graph-based methods, enabling a rig-
orous evaluation of our model against current pass reception prediction models. Further
implementation details of the ML baselines, including the libraries and hyperparameters
used, are provided in Appendix C.1.

5.5.3 Experiment 1: GAPP Model Accuracy

We evaluate the predictive performance of the GAPP model and baselines towards pass
reception in Table 5.1. We use various metrics, averaged across all attacker nodes, to
assess the calibration of the model’s predicted pass reception probabilities.

TABLE 5.1: Predictive performance of models for pass reception averaged across five
folds, along with 95% confidence intervals. Bold results indicate the best performance.

Models Test BCE AUC Score F1 Score

Distance 0.304 ± 0.005 0.655 ± 0.005 0.866 ± 0.001
Spearman 0.298 ± 0.001 0.690 ± 0.003 0.866 ± 0.000

Dauxais 0.286 ± 0.001 0.698 ± 0.003 0.867 ± 0.001
XGBoost 0.264 ± 0.001 0.760 ± 0.004 0.869 ± 0.001
GNN 0.233 ± 0.002 0.830 ± 0.005 0.897 ± 0.001

GAPP 0.218 ± 0.003 0.855 ± 0.006 0.910 ± 0.002

We find that GAPP achieves the best performance across all metrics, with a ∼6.4%
reduction in BCE loss compared to the GNN model with the same architecture. This
highlights the benefit of the attention mechanism for learning the importance of player
relationships and interactions towards pass reception probability. Additionally, GAPP
outperforms the XGBoost model with a ∼17.4% reduction in BCE loss, highlighting the
advantages of using a graph-based approach to model the spatial and tactical context of
game situations.

5.5.4 Experiment 2: Testing Model Fidelity

In this experiment, we evaluate the effectiveness of the attention mechanism in our
model by testing its impact on pass reception predictions. We test this using various
metrics introduced in the literature for evaluating attention-based models. Specifically,
we use the fidelity metric (Zhao et al., 2023), a well-established metric for evaluating
GNN models, which measures the deterioration in model performance (BCE Loss) when
specific defender edge attentions are masked to 0. We compare three masking strategies:

• Top-K - Masking the K defenders receiving the highest average attention from the
attacker (averaged across all heads for the attacker-defender edge).
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• Random-K - Masking a random selection of K defenders.

• Bottom-K - Masking the K defenders receiving the lowest average attention from
the attacker.

We conduct this analysis for K = 1, 2, and 3, in Figure 5.2.

FIGURE 5.2: Fidelity evaluation of the GAPP model, illustrating the increase in BCE
loss when masking various numbers of nodes for each masking strategy. Shaded 95%

confidence boundaries are included, but are minimal.

The results show that masking the Top-K defenders leads to the most significant increase
in BCE Loss, with a 5.8 × 10−3 increase for K=1 compared to 1.8 × 10−3 for Random-K
and 5.0 × 10−4 for Bottom-K. This trend continues for K=2 and K=3, demonstrating
that high-attention defenders contribute significantly to the model’s predictions, while
low-attention defenders have minimal impact.

5.5.5 Experiment 3: Testing Model Faithfulness

We perform additional tests on the model’s attention mechanism by testing GAPP’s
faithfulness, which assesses how well the attention mechanism aligns with the model’s
reasoning process (Shin et al., 2025; Liu et al., 2022c). Faithfulness is typically tested
by manipulating inputs and observing changes in predictions. We test faithfulness by
setting a defender’s attention to 0 and measuring the change in an attacker’s reception
probability. Linear regression shows that a 0.1-unit increase in defender attention
corresponds to a ∼6.9% higher relative percentage change of an attacker’s reception
probability when the defender’s attention is removed (coefficient = 69.3, p < 0.01).
Figure 5.3 shows a scatter plot from a stratified sample illustrating this relationship.

This finding suggests that the model’s attention mechanism is closely aligned with
changes in its predictions. This alignment further supports the idea that the attention
scores capture key features influencing the model’s pass reception decisions.

5.5.6 Experiment 4: Impact of Defender Performance on Defensive Actions

In this experiment, we evaluate the relationship between the DP metric and the proba-
bility of a defender performing a defensive action. Using logistic regression, we model
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FIGURE 5.3: Assessing GAPP faithfulness using the correlation between defender
attention and relative defender influence.

the likelihood of a defender performing a defensive action within the following three
on-ball events given their relative performance. Relative performance is calculated as
the difference between a defender’s DP and their team’s average DP at the same event.

The analysis shows a significant positive relationship (coefficient = 0.762, p < 0.01),
where a 0.1-unit increase in relative performance corresponds to a 7.9% increase in the
probability of performing an on-ball action. This suggests that higher relative perfor-
mance improves the likelihood of timely defensive actions. These results may vary
for specific teams and opponents. The findings also indicate that defenders actively
disrupting attacker receptions are more likely to perform an action, which may suggest
that proximity is influencing their impact. The standard deviation of relative perfor-
mance is ∼0.1 (mean ≈ 0) in our data, showing the potential for players to improve their
likelihood of defensive action with improved off-ball positioning.

5.6 Model Applications

In this section, we apply the GAPP model to 2023/24 EPL data, analysing its performance
and demonstrating the utility of the DP metric across various contexts. We explore the
model’s accuracy across different pitch zones, visualise the novel DI and DP metrics, and
use DP to rank individual players and defensive partnerships. Furthermore, we analyse
how the DP metric changes under varying in-game conditions, including ball location,
opponents, player roles, and match time. Further details on the compute resources used
to extract the DI and DP metrics across the entire dataset are given in Appendix C.1.1.

5.6.1 Model Accuracy Across Pitch Zones

We analyse how context affects GAPP’s prediction accuracy. Specifically, for our EPL
dataset, we test the impact of ball location on model predictive accuracy in Figure 5.4.

The model predicts passes more accurately in midfield, suggesting that the structure
of play in these areas makes actions easier to predict. Performance declines near the
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FIGURE 5.4: BCE Loss of the GAPP model across our dataset for varying ball zones.
Teams attack from left to right. The ± values represent 95% confidence intervals.

goal, where player positions are more congested, matching analysis in Chapter 3 that
build-up is more predictable than attacking phases.

5.6.2 Visualising Off-Ball Defensive Contribution

We present visualisations to analyse the DI and DP metrics. These visuals translate our
deep learning results and novel defensive metrics into an explainable framework for
scenario analysis. Figure 5.5 shows a real-world example, highlighting Rico Lewis’s
influence (DI) on opposing attackers as predicted by the GAPP model.

FIGURE 5.5: Example visualisation showing Rico Lewis’s (green defender) DI on red
attackers, with xT values representing their threat. The red team attacks left to right.

This figure shows Rico Lewis’s highest DI on attackers whose passing lanes are being
blocked, likely increasing the chance of a backwards pass. Rico Lewis shows minimal
influence for attackers positioned further away, where small values may reflect model
noise. This visualisation illustrates how GAPP captures defensive spatial dynamics.
Figure 5.6 further visualises the DP metric for each defender in a specific scenario.
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FIGURE 5.6: An example visualisation showing the defender performance (DP) of each
defender (blue). The shaded attacker is the ball carrier. Red team attacks left to right.

The DP metric shows that defenders marking high-threat attackers tend to have higher
scores, reflecting the intuition that proximity to dangerous attackers is a vital part of
defending. These visualisations can analyse full matches or focus on key moments,
offering a tool to coaches and teams for evaluating defensive performance.

5.6.3 Rating Players Using Defender Performance

We compared the league’s top centre backs using their total DP metric for the season,
analysing 99 centre backs from our EPL dataset. To address potential biases, such as
each team’s number of defensive events or varying match counts in our dataset (which
excludes some EPL games), we normalise the DP metric by the number of defensive
events by the defender’s team in the dataset. The results are shown in Table 5.2.

TABLE 5.2: Ranking EPL centre-backs by defender performance (DP). IR and TR are
rankings among EPL centre-backs for most interceptions and tackles, respectively. Each

team’s 2023/24 EPL position is also shown to indicate overall team performance.

Defender Team DP Rank IR TR Team Pos. (/20)

F. Schär Newcastle 0.0397 1 11 26 7th
T. Gomes Wolves 0.0395 2 27 21 14th
J. Andersen C. Palace 0.0394 3 7 6 10th
M. Kilman Wolves 0.0393 4 8 17 14th
J. Tarkowski Everton 0.0387 5 2 4 15th
I. Zabarnyi Bournemouth 0.0386 6 17 5 12th
J. Branthwaite Everton 0.0384 7 3 1 15th

Interestingly, top defenders based on the DP metric mostly come from EPL clubs with
around average league performance, likely because DP is valued more when influencing
high-threat attackers in dangerous areas. Top teams defend less in these areas, leading
to lower DP rankings. Similar trends appear in metrics like tackles and interceptions,
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which are often led by players from non-top teams. Among the 99 centre-backs in our
dataset, those with high DP scores also typically rank highly in tackles and interceptions.
Analysing defensive partnerships also provides valuable insights (Beal et al., 2020b), as
it allows managers to assess how well players work together. Table 5.3 ranks top centre
back pairings by combined DP (i.e., the sum of their individual DPs), which is calculated
only when both players are on the pitch together as the sole centre backs. The DP is
normalised by the team’s total defensive events in our EPL dataset.

TABLE 5.3: Ranking EPL centre back partnerships based on combined Defender Perfor-
mance (DP). GC is the team’s goals conceded in the 2023/24 EPL season.

Centre Back Partnership Team DP Team Pos. (/20) GC

C. Romero Tottenham 0.0496 5th 61
M. van de Ven

J. Tarkowski Everton 0.0444 15th 51
J. Branthwaite

F. Schär Newcastle 0.0431 7th 62
S. Botman

Gabriel Arsenal 0.0420 2nd 29
W. Saliba

These results highlight defensive partnerships that coordinate well off the ball. We also
include each partnership’s team and average goals conceded, noting that for all teams,
the number of goals conceded is below the league average (62.3).

5.6.4 Performance Across Various Opponents

Assessing DP against different attacker types is also valuable for pre-game preparation.
We categorise attackers by their teams’ final 2023/24 EPL positions: top teams with
higher quality players typically dominate possession, while lower-ranked teams usually
play deeper and counterattack. Table 5.4 compares the DP of top-rated centre backs
against each opposition type.

TABLE 5.4: Ranking EPL defenders and how well they perform (DP) against each type
of opposition. Opposition type is separated based on the final team league ranking.

Defender DP 1-5 6-10 11-15 16-20

F. Schär 0.0397 0.0436 0.0304 0.0444 0.0347
T. Gomes 0.0395 0.0433 0.0309 0.0348 0.0490
J. Andersen 0.0394 0.0445 0.0350 0.0359 0.0415
M. Kilman 0.0393 0.0398 0.0356 0.0389 0.0431
J. Tarkowski 0.0387 0.0439 0.0358 0.0380 0.0364
I. Zabarnyi 0.0386 0.0431 0.0418 0.0341 0.0319
J. Branthwaite 0.0384 0.0441 0.0374 0.0362 0.0336
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Most defenders record their highest DP against the top 1-5 teams, as DP tends to be
higher when the ball is in high-threat areas. However, players like Max Kilman had the
highest off-ball performance against lower-ranked teams. This analysis can help coaches
assess player strengths and weaknesses. We extend this by evaluating Fabian Schär’s
influence on various centre forwards by examining his mean DI when he has the highest
attention score for an attacker out of all defenders. Table 5.5 lists the top and bottom
three centre forwards by mean DI against Schär, along with their total xT/90 (xT per 90
minutes), computed using the centre forward’s locations for all their on-ball attacking
events in matches against Fabian Schär.

TABLE 5.5: Top 3 and bottom 3 EPL centre forwards ranked by F. Schär’s mean DI in
limiting their ball receptions, based on at least 200 events where Schär has the highest

attention.

Attacker Team Mean DI Minutes xT/90

Top 3

E. Adebayo Luton 0.0104 166 0.48
R. Muniz Fulham 0.0072 114 0.40
N. Jackson Chelsea 0.0068 157 0.45

Bottom 3

D. Solanke Bournemouth 0.0057 180 0.56
C. Archer Sheffield United 0.0054 156 0.78
E. Haaland Man City 0.0042 90 0.49

Interestingly, Fabian Schär recorded his lowest DI score against Erling Haaland, the
league’s top scorer during the 2023/24 EPL season. This analysis provides valuable
insight into the specific attackers whom Schär demonstrated the greatest effectiveness
in limiting ball reception.

5.6.5 Exploring Defender Performance

In this section, we analyse the DP metric of players under varying contexts. Firstly, we
compare the DP of players when the ball is in different locations on the pitch, as shown
in Figure 5.7.

The results show that the average DP is higher in dangerous pitch areas because attackers
pose greater threats, which gives defenders with the same influence a higher DP. Thus,
teams that defend frequently in high-risk areas tend to have higher DP scores. However,
the link between DI and defensive actions (Section 5.5.6) indicates that DP increases in
situations where the defending team is more likely to win the ball, giving insight into
team defence beyond just the attacking threat. Interestingly, DP is notably better on the
left wing compared to the right. This bias is similar to findings in (Robberechts et al.,
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FIGURE 5.7: Comparison of the average DP for each zone the ball occupies on the pitch.
Teams attack from left to right. The ± values represent 95% confidence intervals.

2023), where players had higher on-ball decision ratings on the right wing for 2021/22
EPL data. Further analysis could explore if this trend holds for other seasons or leagues.

When comparing the average DP across different team roles, goalkeepers had the lowest
mean DP (0.008), while wide defenders (0.053) and centre midfielders (0.045) had the
highest. This aligns with trends for tackles in the EPL, where these positions typically
make the most tackles. We also analyse the average DP for teams over different match
times for all games in our dataset, comparing the league average with Newcastle and
Bournemouth in Figure 5.8.

FIGURE 5.8: Comparison of the mean DP in teams (rolling average) for varying match
times for all games in our dataset, shown for two example teams and the overall league

average, with shaded 95% confidence boundaries.

These results show that Newcastle’s mean DP is above the league average in the first
half, while Bournemouth’s is higher in the second. T-tests found a statistically signifi-
cant difference between the rolling averages of Bournemouth and Newcastle (p<0.01),
indicating that they vary in their defensive patterns over time. This analysis helps clubs
identify periods of weaker performance or increased defending for teams or players.
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5.7 Discussion

Our framework introduces novel metrics to evaluate off-ball defensive contributions
in football. While most research focuses on events, top teams use their positions to
prevent events from happening, a task that is harder to measure. Merhej et al. (2021)
were the first to analyse on-ball defensive actions by predicting what was prevented.
Our approach quantifies individual off-ball defensive performance for the first time,
which players spend the vast majority of the match. Future work could extend the model
to assess off-ball attacking contributions, such as runs or creating space, by analysing
attacker attention and its influence on pass recipient probabilities. While GAPP uses
velocity and acceleration features to represent player intentions and direction of play,
future work could explore whether using sequences of past events as input enhances
the model’s understanding of temporal context further.

The GAPP model could also cluster similar play situations for players. Recent research
compares past team situations (Stöckl et al., 2021), focusing on entire team structures.
Using GAPP’s node representations from the GAT layer outputs, we could generate
latent representations of a player and their surroundings, enabling clustering of similar
scenarios a player has faced, improving the efficiency of tactical analysis for clubs.

In future work, we plan to investigate alternative graph construction methods beyond
the fully connected approach, such as proximity-based graphs, and conduct a compu-
tational analysis to compare the efficiency and effectiveness of these different graph
structures for model performance and understanding true influence between players.
Additionally, we plan to perform ablation studies to systematically evaluate the im-
pact of various input features, hyperparameters, and architectural choices on model
performance.

Football is a suitable testbed for our model as it is a data-rich, real-world environment,
where tracking data provides many data points across games. In future work, we plan
to test our approach across more leagues to capture a broader football context, as well as
in other real-world MAS, such as security scenarios or other team sports. For instance,
in security games, the spatial positioning of defenders can influence attack locations,
drawing similarities to the dynamics observed in football. Adapting the model to
new domains would require thorough validation and potential adjustments, such as
modifying the number of attention heads, layers or input data to reflect differences in
relationships between agents. Additionally, the target variable in the GAPP model may
need to be tailored to each domain, for example, by predicting the probability of an
attack on each target in security settings.

While GAPP achieves state-of-the-art performance in football pass receiver prediction,
its key value lies in interpreting off-ball defensive contributions. This interpretability
could support post-match analysis, highlight team weaknesses, and introduce new
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metrics for player evaluation and recruitment. The model’s explainable insights could
make a substantial real-world impact by bridging the gap between domain expert
football coaches and advanced ML, thereby fostering trust and usability in data-driven
decision-making.

5.8 Summary

This chapter introduces GAPP, a novel GAT-based model for predicting pass reception
probabilities in football. The model achieves a ∼6.4% ± 1.5% reduction in BCE loss
compared to the best performing baseline while offering insights into off-ball defensive
contributions, a critical yet underexplored area in football analytics. Derived from the
GAPP attention mechanism, we introduce novel DI and DP metrics, providing new ways
to evaluate off-ball defensive performance. A case study on the EPL highlights GAPP’s
ability to assess players and defender-attacker dynamics. We also show how explainable
visualisations can improve trust in data-driven decision-making in football. Future work
will explore the application of GAPP to other dynamic MAS, such as security and team
sports.

In the next chapter, we apply focus to team formation (TF). More specifically, we present
a novel sequential TF model that considers the risks of long-term agent unavailability
and connects pre-event team selection with in-event team adaptation. We demonstrate
its application in football to inform pre-match team selection and in-game substitution
decisions, improving long-term performance by reasoning over player welfare. This TF
framework utilises the Agent Imputer model from Chapter 3 to estimate tracking data
and derive player workload from the estimated data, making the approach accessible to
a wider range of clubs.
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Chapter 6

Optimising Short- and Long-Term
Team Selection

In this chapter, we present a sequential decision-making algorithm for optimising
team formation (TF) and agent replacement in dynamic, adversarial environments,
applying this problem to football. Effective team selection and adjustment are essential
for maximising rewards, such as match points, while minimising risks, such as agent
fatigue and failure, yet existing models often overlook real-time adjustments to the team
and the importance of player welfare. Our model integrates ex-ante (pre-game) decision-
making with real-time (in-game) substitutions, both modelled as stochastic Markov
decision processes (MDPs) that incorporate predictive models of event outcomes and
agent fault risk. We use Monte Carlo tree search (MCTS), guided by human expert
policies, to approximate optimal actions across these decision stages. Validated on
two seasons of English Premier League (EPL) data, our algorithm improves season-
average points by approximately 1% compared with baseline models, while reducing
squad injuries by 3%, first-team injuries by 15%, and wages inefficiently spent on
injured players by 3%. By explicitly reasoning over player skill, fatigue, and injury risk,
our approach improves long-term team performance and player availability, showing
potential to inform managerial decision-making and presenting broader applicability to
other dynamic multi-agent domains.

6.1 Introduction

In many real-world domains, forming and managing teams in MAS is critical for achiev-
ing collective objectives such as maximising rewards or minimising risks. These domains
include disaster response, where teams of agents are assigned to newly emerging tasks
to maximise overall task completion rates (Ramchurn et al., 2010; Wu and Ramchurn,
2020; Capezzuto et al., 2020), as well as high-stakes adversarial environments such as
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port security and wildlife protection, where teams of agents are deployed to monitor
and protect vulnerable areas with the aim of minimising the risk of successful adversary
attacks (Shieh et al., 2012; Wang et al., 2019b). In such settings, effective team manage-
ment often requires not only selecting the best team of agents for the current situation by
matching agent skillsets to the task, but also dynamically adapting the team by selecting
or replacing agents in response to changes in the environment, which may include agent
fatigue, injury, or adversary decisions.

While many existing TF approaches for MAS address spatio-temporal constraints, in-
cluding travel time and task completion deadlines (Ramchurn et al., 2010; Capezzuto
et al., 2020), and skill-based factors such as agent compatibility to tasks (Gaston and
DesJardins, 2005), they often overlook the challenge of managing agent fatigue and
injury risk. For instance, in real-world domains, emergency responders have their shifts
managed to prevent exhaustion and injury, and robot swarms are scheduled to avoid
battery depletion or damage. Some frameworks are designed to be robust to faults
by selecting teams that can tolerate a certain number of agent failures and ensure task
completion (Okimoto et al., 2015). However, these approaches do not fully address the
importance of proactive team management strategies, which can improve the long-term
welfare of human or robotic agents. Anticipating and mitigating fatigue and injury not
only enhances agents’ well-being but also maintains team effectiveness by ensuring
availability for future tasks. Therefore, effective team selection and adaptation are
needed to balance the immediate and long-term objectives, to maximise outcomes and
minimise risk in dynamic, complex settings.

A key aspect of real-world multi-agent team management is the temporal structure
of decision-making. In many domains, teams must operate over extended periods
and across multiple events or locations. For example, in disaster response, teams
are repeatedly deployed to different sites or incidents, requiring managers to allocate
resources and schedule shifts over time to maintain operational effectiveness. Similarly,
in football, teams compete in a sequence of league or cup matches, where player selection
and management decisions must account for both the demands of the current game and
the cumulative effects across a season.

Within this temporal context, there are critical decision points at which managers can
influence both short-term and long-term outcomes. Pre-event decisions involve select-
ing the initial team configuration or lineup, considering factors such as agent fatigue,
injury risk, and anticipated challenges. In contrast, in-event decisions involve dynamic
adaptation, such as substitutions or reassignments, in response to unexpected events
or environmental changes. By explicitly modelling and optimising both pre-game
and in-game decision-making, it is possible to balance immediate performance with
safeguarding agent welfare and sustaining team effectiveness over time.
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Football provides a suitable real-world testbed for these challenges, as teams of human
agents must handle congested match schedules and frequent player injuries over the
course of a typical eight-month league season. These factors, combined with the need
to respond to evolving opponent strategies, make effective team selection and in-game
substitutions essential for maintaining long-term performance and improving player
welfare. The abundance of detailed data on player performance, injuries, and match
outcomes enables football to be effectively modelled as a real-world team selection
problem. Moreover, team performance and player injuries have a pivotal impact on the
financial stability of football clubs. For instance, the 2022/23 season saw the ‘Big Five’
European football leagues incur €705 million in injury-related costs.1 Injury rates during
football matches can range from 10 to 60 incidents per 1000 playing hours (Owoeye
et al., 2020), and research shows that squad injuries significantly impact both league and
cup outcomes (Hägglund et al., 2013). League performance also influences club social
standing and financial health, as teams receive prize money based on their final ranking.
These factors highlight the importance of prioritising player welfare, not only for ethical
reasons but also to enhance the strategic and financial performance of teams.

Recent advances in sports science, wearable technology, and tracking systems have
made it possible to collect detailed data on player workload, fatigue, and injury risk
(Hulin et al., 2016). Furthermore, developments in sports analytics have produced
models that guide team selection and substitutions, taking into account player skills,
teamwork, and tactical requirements (Beal et al., 2020b,a). However, research has yet to
fully address the integration of long-term planning with dynamic in-game adaptation to
manage player fatigue and performance, leaving this challenge underexplored. Most
existing approaches also focus particularly on pre-game team selection and overlook the
importance of real-time adjustments during matches in response to changing opponent
strategies, such as tactical changes or substitutions.

This chapter addresses these gaps by proposing a sequential decision-making algorithm
that integrates pre-game and in-game team management. The pre-game team man-
agement model determines the starting lineup by considering factors such as player
fatigue, injury risk, and expected opponent strategies. This decision process is modelled
as a stochastic finite-horizon MDP and optimised using MCTS. The MCTS algorithm
uses human-expert policies, which are derived from historical managerial decisions, to
guide the model towards more realistic and effective team selections. Expanding on
the pre-game team management model, our approach enables in-game player substi-
tutions to adapt to changes in match conditions, such as shifts in opponent tactics or a
player’s physical state. The in-game decision process is also modelled as a stochastic
finite-horizon MDP, where MCTS is used to approximate optimal substitution strategies
in response to real-time developments. The two team management models are coupled

1https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injur
y-index

https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injury-index
https://www.howdengroupholdings.com/news/howden-2022-23-mens-european-football-injury-index
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in the algorithm, with the team chosen by the pre-game model serving as the initial
starting team for the in-game model.

We evaluate our algorithm using a comprehensive dataset of 760 EPL matches, extracting
information on player skills, injury probabilities, team strategies, and match transition
probabilities. This enables our model to accurately simulate and adapt to real-world
match conditions. Our results demonstrate that this unified TF approach not only en-
hances long-term team performance but also reduces player injury rates and minimises
financial losses associated with injured players.

Thus, this chapter presents the following novel contributions:

• We present a unified approach for both pre-game team selection and in-game
player replacement, modelling these as two connected MDPs, enabling dynamic
adaptation to evolving adversarial environments.

• We develop a multi-stage MCTS algorithm that sequentially optimises pre-game
lineups and in-game substitutions, approximating optimal decision policies to
maximise long-term team performance by reasoning over agent welfare.

• We demonstrate how player abilities, injury risks, replacement strategies and
match transition probabilities can be derived from real-world data to simulate and
optimise future scenarios.

• We empirically evaluate our approach using real-world football data, benchmark-
ing against a real-world manager model that simulates human decision-making
with ∼80% accuracy. Our model not only achieves performance gains on human-
level performance but also reduces first-team player injuries by up to ∼15% and
decreases inefficient spending on injured players by approximately 3%.

By explicitly modelling agent reliability and risk, such as player fatigue and injury, our
work advances the state-of-the-art in dynamic TF for real-world, adversarial settings
like football. Central to our approach is a two-step decision-making process that inte-
grates both pre-game team selection and in-game adaptation, allowing managers to
respond proactively to evolving match conditions. Furthermore, by embedding these
decisions within the context of repeated interactions, across a season or series of events,
our method enables teams to optimise long-term performance while considering agent
welfare. Although football serves as the primary testbed for our study, the proposed
framework is broadly applicable to other high-risk, team-based domains, such as emer-
gency response and other team sports. We aim to validate its effectiveness in these
settings in future work.

The remainder of this chapter is structured as follows. Section 6.2 defines the sequential
team selection model. Section 6.3 models team selection as an MDP, and Section 6.4
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introduces the injury probability model. Section 6.5 details the team dominance and
match transition model. Section 6.6 presents the application of MCTS for optimising
team selections and substitutions. Section 6.7 empirically evaluates our approach, and
Section 6.8 discusses the findings. Finally, Section 6.9 summarises the work.

6.2 Football Team Selection Model

We derive the fundamentals of our sequential team selection model from observed
properties of real-world football team selection. We present a framework diagram of the
decision-making process in Figure 6.1.

FIGURE 6.1: Decision-making framework across a season for football clubs. This
framework illustrates the interconnected pre-game and in-game decision phases across
a season (right side), emphasising how clubs navigate a condensed fixture list of varying
difficulties (left side) while managing stochastic player injuries and injury risks. (SR =

skill rating, IP = injury probability).

A high-level overview of the decision-making process outlined in the figure is given as
follows:

1. Pre-Game Phase: Starting Team Selection

(a) Current Team State: Before a game, our model evaluates the squad, analysing
player injury risks and skill ratings (see Sections 6.4 and 6.5), as well as the
upcoming opponent and future fixtures.

(b) Manager Decision-Making: The model identifies the starting team that max-
imises long-term performance, balancing immediate rewards (e.g., winning
the current game) and future risks (e.g., player injuries). This process is aided
by a player-based match prediction model.

(c) Team Selection: The manager selects the suggested starting team based on
the output of the model.
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2. In-Game Phase: Substitution Decisions

(a) Dynamic Game State: During the game, the model monitors real-time
factors such as player fatigue, injuries, and in-game performance metrics.

(b) Substitution Decision-Making: The manager dynamically selects substi-
tutions to optimise in-game performance, considering the current match
scoreline and minute, player fatigue, player performance and the opponent’s
tactics.

3. Team State Updates: Following the game, player injury probabilities are updated,
and any new injuries are recorded, reflecting changes in the team’s condition. The
scoreline of the game is also recorded. This new team state is applied to the next
game in the sequence (fixture schedule).

The team selection problem involves many factors, such as team skill, game importance,
and player injury risk. We divide the team selection problem into pre-game and in-game
phases to address their distinct objectives: strategic, long-term planning for the pre-game
phase and dynamic, real-time adjustments during the in-game phase. The methodology
used to optimise pre-game and in-game decision-making is given in Section 6.6. We
formally define the sequential team selection model in the following subsections.

6.2.1 Basic Definitions

We define a sequential set of K games in a season, indexed by k ∈ {1, ..., K}. The set of
games is denoted as G = {G1, ..., GK} where Gk is the k’th game of the season for a given
team. Each game G ∈ G involves two adversarial teams, denoted as C = {Cα, Cβ},
where Cα is the team our model aims to optimise and Cβ is the opposing team (adversary).
Each team consists of a squad of players. Specifically, the squad for team Cα is defined as
Cα = {α1, ..., αNα} where Nα is the total number of players in the squad for team Cα. For
each game Gk, the team selects a subset of players to start the game, while the remaining
players are designated as reserves. We define the set of starting players as C+

α ⊂ Cα and
the set of reserve players as C−

α ⊂ Cα such that C+
α ∪ C−

α = Cα and C+
α ∩ C−

α is the empty
set. For our football application, |Cα| = 18 and |C+

α | = 11. Each game Gk is further
divided into a sequence of L discrete timesteps, indexed by τ ∈ {1, ..., L} where each
game timestep τ corresponds to a uniform time interval and L is the number of game
timesteps (for this work, we model a 90-minute football game as 10-minute intervals).
Each timestep represents a game state, and player substitutions can occur at any game
timestep τ during game Gk.

Every game Gk results in an outcome Ωk, which includes the final match result (i.e., the
score) and updated player states, such as skill, fatigue and injury status. Additionally,
within game Gk, each game timestep τ has an associated outcome Ωk,τ representing
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the progress towards the final game outcome. This includes information such as the
current match score and the injury status of players at that specific timestep. In the next
subsection, we formally define the characteristics of players within a team.

6.2.2 Player Characteristics

Each player α ∈ Cα is characterised by a set of attributes that influence both individ-
ual and team performance. We formalise the set of attributes as a 6-tuple of player
characteristics at timestep τ of game k:

ζα
k,τ = ⟨κα, ψα, ψα

k,τ, Iα
k,τ, Pr(Iα

k,τ), lα
k ⟩

Firstly, κα represents the role of player α within the team, such as goalkeeper, defender or
attacker. Secondly, ψα denotes the historical performance of player α across all previous
games they participated in, reflecting the player’s contribution towards the team scoring
and conceding goals in prior matches. Additionally, ψα

k,τ represents the performance of
player α in the current game G up to game timestep τ. Before the game begins, and for
reserve players during the game, ψα

k,τ is initialised to 0. A player’s in-game performance
only updates when they are actively participating in the game (i.e., when they are part
of C+

α ).

The binary variable Iα
k,τ indicates the injury status of player α at timestep τ of game k.

Specifically, Iα
k,τ = 1 if the player is injured at game timestep τ, and Iα

k,τ = 0 otherwise.
An injured player cannot be included in the playing team C+

α , (i.e., ∀α ∈ C+
α , Iα

k,τ = 0).
If a player in C+

α becomes injured during the game (i.e., Iα
k,τ = 1 at some timestep τ),

they must be substituted out at the next timestep. The variable Pr(Iα
k,τ) denotes the

probability of player α sustaining an injury at timestep τ. This probability is influenced
by several factors, including the player’s fatigue level and their injury history (see
Section 6.4). Finally, lα

k represents the number of future games (starting from game k)
that player α will miss due to injury. If a player is not injured, lα

k = 0. For injured
players, lα

k is updated after each game. Specifically, if the player was already injured
before game Gk, lα

k decreases by 1 after the game. If the player sustains an injury during
game Gk, the absence duration lα

k is sampled from a real-world injury distribution F .
The sampled duration is converted into a game count based on the number of games
in G that fall within the injury period (see Section 6.4). For simplicity, we assume that
all injury lengths are drawn from the same overall distribution, based on our entire
injury dataset, and do not account for differences due to injury type or individual player
characteristics.

We review the impact of fatigue on player performance (Rampinini et al., 2009; Dambroz
et al., 2022) and introduce a fatigue decay on player ability, where ψ∗

α is player ability
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scaled by fatigue. We define the decay parameter as: Ξα
k,τ = 1 − λ · Pr(Iα

k,τ)

Pr(Iα
k,τ)max

, where Ξα
k,τ

is the decay parameter, λ is a scaling factor and Pr(Iα
k,τ)max is the maximum possible

injury probability of that player (according to real-world data and our injury model).
The decay parameter updates the player’s performance value to be ψ∗

α = ψα · Ξα
k,τ. We

set the fatigue scaling factor, λ, to 0.25. This value signifies that at maximum injury
probability, a player’s ability is reduced by 25%. A higher λ, such as 0.99, would mean
that the ability is nearly completely reduced at maximum fatigue, while a lower value
would suggest a more negligible impact. We selected 0.25 as a subjective choice informed
by findings in the literature, which highlight the significant effect of fatigue on technical
and physical performance in football players (Rampinini et al., 2009; Dambroz et al.,
2022).

6.2.3 Team Dominance

Each team has a dominance value, which quantifies its ability to create and concede
goal-scoring opportunities. The dominance of team Cα is generally denoted as Dα ∈ R.
For a specific game Gk, the dominance of the selected starting players C+

α is denoted
as Dpre

α,k . This value is computed based on the individual contributions towards goal
scoring of the players in C+

α across all prior games, scaled by their fatigue at the start of
game k, formally defined as ∑α∈C+

α
ψ∗

α. The pre-game dominance of the opposing team
Cβ is similarly defined as Dpre

β,k . The relationship between a team’s pre-game dominance
and the probability of achieving a specific final game outcome Ωk is modelled as:

Pr(Ωk) = f pre
Ω (Dpre

α,k , Dpre
β,k ) (6.1)

Where f pre
Ω is a function that captures the influence of the dominance values of both

teams on the game outcome. At the level of individual timesteps, the dominance of team
Cα in game Gk up to timestep τ is denoted as Din

α,k(τ) ∈ R. Similarly, the probability of
achieving a specific timestep outcome Ωk,τ is modelled as:

Pr(Ωk,τ) = f in
Ω (Din

α,k(τ), Din
β,k(τ), Dpre

α,k , Dpre
β,k ) (6.2)

Where Din
α,k(τ) = ∑α∈C+

α
ψα

k,τ and Din
β,k(τ) = ∑β∈C+

β
ψ

β
k,τ represent the in-game dominance

values of the two teams up to game timestep τ. In this formulation, the dominance values
Dpre

α,k and Dpre
β,k serve as key predictors of game outcomes in the pre-game phase, while

the timestep-level dominance values Din
α,k(τ) and Din

β,k(τ) provide a finer-grained view
of the dynamics within each game. The functions f pre

Ω and f in
Ω model the probabilistic

relationships between dominance and outcomes at both the game-level and timestep-
level. This offers a foundation towards optimising pre-game team selection and in-game
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substitutions. While these functions focus on match outcome (e.g., win/draw/loss),
the updated injury status of each player at each game timestep is governed by their
characteristics in ζα

k,τ. In the next section, we model the pre-game phase and the in-game
phase as two MDPs.

6.3 Modelling Team Selection as an MDP

We model football team selection as a two-phase decision process: pre-game and in-
game. Each phase is represented by a separate MDP with distinct objectives, states, and
outcomes. The pre-game MDP focuses on selecting the starting lineup before each match.
This MDP considers factors such as player availability and long-term performance across
the season. Critically, the pre-game MDP incorporates a match prediction model to
estimate game outcomes, allowing it to optimise for overall season performance without
tracking detailed in-game states. This makes the pre-game MDP self-contained, which
we use to optimise pre-game team selections. The in-game MDP uses the starting lineup
selected by the pre-game MDP to form the initial state. It then governs substitution
decisions during the match, focusing on real-time performance, player fatigue, and
tactical adjustments. The in-game MDP operates independently of the pre-game MDP,
allowing it to react to game dynamics.

This separation into two MDPs allows each phase to be optimised independently: the
pre-game MDP for strategic season-long planning, and the in-game MDP for tactical
adaptation during a match. To simulate a full season, we link the two MDPs. The
starting lineup (action) from the pre-game MDP initialises the in-game MDP, and the
final outcome of the in-game MDP updates the state of the pre-game MDP for the
subsequent game.

In both the pre-game and in-game MDPs, we assume the processes are approximately
Markovian, which means that the current state contains all relevant information for
making optimal decisions. For the pre-game MDP, whose states include player avail-
ability, prior player performance, and the remaining games in the season, we expect
this representation to be largely sufficient since line-up decisions primarily depend on
these factors rather than the full history of past matches. For the in-game MDP, the state
encodes the current scoreline and player characteristics such as in-game performance
so far, which similarly captures the essential information for substitution decisions,
however, short-term momentum or tactical patterns may introduce mild dependencies
on prior timesteps. Overall, we assume these processes to be sufficiently Markovian to
allow us to tractably optimise decision-making.

MDPs provide a robust framework for capturing how a stochastic environment evolves
as a decision-maker interacts with it. This makes them well-suited for modelling team
selection decisions, where the decision-maker (e.g., the manager) interacts with the
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environment (e.g., the game) by dynamically updating the team’s selected players. We
present the pre-game MDP in the following subsection.

6.3.1 Pre-Game MDP

We formulate our pre-game team selection model as a finite-horizon MDP where a
season of football games is defined as a sequence indexed by k ∈ {1, . . . , K}. The MDP is
defined as Mpre = ⟨Spre, Apre, Ppre, Rpre, γpre⟩ with a set of states Spre and set of actions
Apre. The horizon of the MDP is finite and corresponds to the number of games in the
season K. We index the MDP steps by the game index k, so at each step the state and
action correspond to a particular game Gk.

At each game Gk, the state is sk ∈ Spre, the action is ak ∈ Apre, and the next state is
sk+1. For sk, sk+1 ∈ Spre and ak ∈ Apre, the transition function is Ppre = Pr(sk+1|sk, ak),
and the reward function is Rpre(sk, ak). Finally, we have a discount factor γpre ∈ [0, 1],
which is set to 1 to focus on the overall season performance. Each MDP state is a tuple
consisting of two components: sk = ⟨k, {ζα

k∀α ∈ Cα} ⟩. Here, k is the index of the current
game, implicitly defining the set of remaining games in the season. Additionally, the
second component, ζα

k∀α ∈ Cα, represents the set of characteristics ζα
k for each player α

in the set of players Cα prior to game Gk. These game-level characteristics differ slightly
from the timestep-level characteristics defined in Section 6.2.2. In particular, in-game
performance ψα

k,τ is ignored in the pre-game MDP, and injury status and probability
are defined at the game level (Iα

k and Pr(Iα
k )) rather than at the timestep level (Iα

k,τ and
Pr(Iα

k,τ)).

The set of actions Apre is the set of all selectable teams such that all players in the
team must be available to play. The action set updates given the player availability
encapsulated in the current state. We define this action set as:

Apre = {C+
α ⊂ Cα ||C+

α | = 11, ∀α ∈ C+
α (Iα

k = 0)} (6.3)

The reward function Rpre(sk, ak) assigns a reward to team Cα based on the selected lineup
determined by ak and the current state sk. This reward represents the expected points
from the match, considering the chosen lineup and the opponent’s predicted lineup.
Details on the calculation of expected points and the methodology for predicting the
opponent’s lineup are provided in Sections 6.5 and 6.6.3.1, respectively.

Our MDP transition function Ppre stochastically models the probabilistic nature of player
injuries. For a state sk and a selected action ak, a successor state sk+1 is sampled using
the following process:

1. Sample Iα
k ∼ Pr(Iα

k ) ∀ α ∈ C+
α .
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2. Update absence times:

(a) New Injuries: Sample injury durations lα
k ∼ F ∀ α ∈ C+

α ∧ Iα
k = 1.

(b) Existing Injuries: Reduce injury duration lα
k = lα

k − 1 ∀ lα
k > 0.

3. Increment game index to k + 1 and update {ζα
k+1∀α ∈ Cα}.

Here, Pr(Iα
k ) is the injury probability of a player α in game Gk. At each game k, we

begin by sampling potential new injuries for every player α according to their injury
probability Pr(Iα

k ). For new injuries (Iα
k = 1), the injury duration lα

k (in games) is
sampled from the injury length distribution F . For players with existing injuries, their
absence time is reduced by one as we transition to the next match. After updating injury
statuses, we progress to the next game Gk+1 and update the state variables and player
characteristics {ζα

k+1∀α ∈ Cα}. Injury probabilities are updated given the injury model
introduced in Section 6.4. For the pre-game MDP, prior performance ψα is extracted
from real-world historical data. All states where the game index k = K are terminal
states. Thus, a trajectory from the initial state (k = 1) to a terminal state represents an
entire football season. In the next subsection, we describe the in-game MDP.

6.3.2 In-Game MDP

We formulate a game Gk as a finite-horizon MDP defined as Min = ⟨Sin, Ain, Pin, Rin, γin⟩.
The horizon corresponds to the number of timesteps L in the game. We index the MDP
steps by τ ∈ {1, . . . , L}, where each step corresponds to a uniform time interval. At each
step τ, the state is sτ ∈ Sin and the action is aτ ∈ Ain. The MDP reaches a terminal state
when the game ends at timestep τ = L.

Each MDP state sτ ∈ Sin is a tuple sτ = ⟨scoreτ, ζC
k,τ⟩ where scoreτ is the current match

scoreline at timestep τ and ζC
k,τ represents the characteristics of all players on both teams

at timestep τ of game k. The action set for a team at timestep τ is the set of all possible
player substitutions. We define this as:

Ain = {(O+
α ,O−

α ) |O+
α ⊆ C+

α ,O−
α ⊆ C−

α , |O+
α | = |O−

α |} (6.4)

Where O+
α is the set of players being replaced and O−

α is the set of players replacing
the players in O+

α . Players being substituted off must be from the deployed team (C+
α ),

those being substituted on must be from the reserves (C−
α ), and the number of players

substituted on and off must be equal. Note that O+
α can be the empty set, meaning that

no players will be replaced. A terminal state, corresponding to the final game timestep
τ = L, signifies the end of the match, at which point no further substitutions can be
made. The decision-maker aims to identify the optimal set of replacements to maximise
the reward by considering the characteristics of both playing and backup players.
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The transition function Pin = Pr(sτ+1|sτ, aτ) represents the probability distribution over
possible next states given the current state and action. The transition dynamics are
influenced by the decision-maker’s action aτ and the opponent’s selected substitutions,
which are treated as part of the environment’s dynamics and modelled in Section 6.6.3.2.
For transitions involving the updated injury status of players, we utilise the injury model
described in Section 6.4. For this work, we update the players’ in-game performance in
our in-game model by sampling from a distribution of their in-game performance in
historical matches. Additionally, the scoreline, scoreτ+1, is sampled using the outcome
transition model f in

Ω we defined previously. We discuss this outcome transition model
in more depth in Section 6.5. At a terminal state, no state transition can occur, and the
MDP terminates.

The reward function Rin(sτ, aτ) computes the immediate utility for team Cα upon reach-
ing state sτ. Since sτ encodes the current match scoreline, we define the reward as
the expected points for the team from the match, given both the current scoreline and
the expected scoring rates of each team between the current and next game timestep,
divided by the total number of timesteps to normalise the reward to a per-timestep value.
As detailed in Section 6.5, the expected points for a match outcome, E[Points | sτ, aτ],
are calculated by modelling the probability of each final scoreline using a Poisson distri-
bution. To account for the impact of player injuries, we adjust this reward by subtracting
a penalty that reflects the expected points lost in future matches due to injuries that may
occur at the next state transition. Formally, we define the in-game reward as:

Rin(sτ, aτ) =
E[Points | sτ, aτ]

L
−E[Points Lost | sτ, aτ] (6.5)

Where E[Points | sτ, aτ] is the expected number of points (3 for a win, 1 for a draw, 0 for
a loss) based on the scoreline and expected scoring rates in state sτ, and E[Points Lost |
sτ, aτ] is the expected number of points the team may lose in future matches due to
injuries that may be incurred at the next game timestep. The detailed computation of
E[Points Lost | sτ, aτ] is provided in Section 6.5. At a terminal state (game timestep
τ = L), the reward is simply the points from the game, calculated as the final scoreline
divided by L. In the next section, we introduce the injury risk model.

6.4 Injury Risk Model

In this section, we present an injury risk model for football. The features used to train
our model are curated from a two-season EPL on-ball events dataset and a historic injury
dataset (see data sources in Section 6.7.1). We use XGBoost (Chen and Guestrin, 2016)
due to its strong performance on tabular data and train the model using binary cross-
entropy loss. The feature set is listed in Table 6.1. Prior work has identified relationships
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between these features and injury risk for athletes in sports (Hulin et al., 2016; Orchard
and Powell, 2003; Kucera et al., 2005).

TABLE 6.1: Injury risk model features. Rolling av. refers to the weighted rolling average
in past games (decay factor of 0.8).

Player Physical Features Player Workload and Fatigue Wider Environmental Features

Number of past injuries Acute workload (dist. covered in past week) Player’s current team
Age Chronic workload (dist. covered in past month) Opposing team
Career total days injured Distance Covered (rolling av.) Travel distance to game (km)
Career total games missed Total dribbles (rolling av.) Opposition tackles (rolling av.)
Most recent injury length (days) Opposition fouls (rolling av.)
Most recent injury length (days) Game day temperature (C)
Total days injured with modal injury Game day precipitation (mm)
Number of modal injury occurrences
Duration of longest injury (days)
Days since last injury
Number of injuries in the past year

We assess each feature’s contribution to our model using Shapley additive explanations
(SHAP) values (Lundberg and Lee, 2017) - an application of cooperative game theory
to fairly distribute feature contributions to predictions in an machine learning (ML)
model. The most contributory feature was acute workload with a mean SHAP value
of 0.0033, followed by the number of past injuries (0.0029), career total days injured
(0.0023) and distance covered (0.0022). Features such as team form, days since the
previous game, and other physical features were also curated. However, these features
had minimal performance impact, with some already incorporated in other interrelated
features. Measuring feature contributions to explain injury risks enhances the model’s
interpretability and accessibility by providing coaches and players with insights into the
underlying factors that drive a high injury risk or influence suggested team selections.
This added transparency supports more informed and nuanced decision-making. A full
analysis of all feature contributions to the injury risk model is provided in Appendix D.4.
We use our feature set as input to our model to predict player injury probabilities for a
game k, denoted Pr(Iα

k ). The injury probability for a given timestep τ within game k,
denoted Pr(Iα

k,τ), is adjusted based on the proportion of time elapsed between timesteps.
Specifically, the model assumes that the probability Pr(Iα

k ) represents the likelihood
of a player sustaining an injury if they were to play the entire game. This probability
is scaled uniformly during in-game transitions to reflect the shorter duration between
timesteps. A player’s injury risk is updated using the model at each timestep, given the
additional workload since the previous timestep.

As outlined in Chapters 2 and 3, while many professional teams now use wearable
technologies such as Catapult2 for load monitoring during training and matches, access
to comprehensive physical data across all competitions and contexts remains challenging
as granular tracking data is often unavailable for historical matches or lower-tier leagues.
To ensure our team selection model is broadly applicable and accessible, we estimate
player physical metrics using widely available on-ball event data. This approach allows

2https://www.catapult.com/

https://www.catapult.com/
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us to derive fatigue-related features in settings where advanced tracking or wearable
data are inaccessible. Specifically, our Agent Imputer model (introduced in Chapter 3)
uses on-ball data to predict player locations for every match event, from which we
estimate physical outputs such as total distance covered. When simulating fatigue-
related features in our model, we extrapolate the mean distance covered and dribbles
per game for individual players from real-world data to the minutes they have played
in the MDP. Injury-related features are also updated when new injuries occur during
our simulated seasons. Environmental features update deterministically using our
real-world data.

Finally, we predict the injury length distribution F by applying Gaussian kernel den-
sity estimation to our entire real-world injury dataset (described in Section 6.7). For
simplicity, all injury durations in our model are sampled from this single distribution,
rather than accounting for differences between injury types. When an injury occurs
during MDP simulation, the injury duration lα

k for player α is updated with a sample
from F , converted from days to games. In the next section, we introduce the model that
underpins team dominance and match scoreline transitions.

6.5 Team Dominance and Match Transitions

In football, we define team domination at a specific game timestep τ of game k as the
degree of control a team has in terms of their likelihood of scoring versus conceding. This
is quantified using the Valuing Actions by Estimating Probabilities (VAEP) framework
(Decroos et al., 2019), which assigns a value to each on-ball event based on its impact
on the team’s probabilities of scoring and conceding. Formally, the cumulative in-game
domination metric up to timestep τ, denoted as Din

α,k(τ), is given by:

Din
α,k(τ) = ∑

e∈Ek,≤τ

[︃(︃
scores
Pr
α

(e)−
concedes

Pr
α

(e)
)︃
−
(︃

scores
Pr
α

(e′)−
concedes

Pr
α

(e′)
)︃]︃

(6.6)

Here, Ek,≤τ is the set of VAEP events (i.e., on-ball actions such as passes, shots, or
dribbles) that have occurred in game k up to timestep τ. For each on-ball event e,
Prscores

α (e) and Prconcedes
α (e) denote the estimated probabilities that team Cα will score

or concede, respectively, as a result of event e, and e′ denotes the event immediately
preceding e. The VAEP equation calculates the net change in scoring probability (scoring
probability minus conceding probability) attributed to an on-ball action. Thus, Din

α,k(τ)

aggregates the net value of all on-ball actions completed by team Cα for the game so far
up to timestep τ, providing a granular, event-based measure of team dominance.

The skill value of a player α, denoted ψα, is defined as the cumulative contribution of
their on-ball actions to team domination in historical matches. Specifically, ψα is the
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sum of the player’s individual VAEP values, reflecting their overall impact on goal-
scoring probabilities. These player skill values are subsequently used as features in our
transition model to simulate goal events.

Traditional goal prediction models, such as the Maher model (Maher, 1982), rely primar-
ily on historical club-level results and do not account for individual player contributions.
We therefore adapt the Maher model to incorporate player-level features, and denote
this model as f in

Ω (and f pre
Ω ). The original Maher model employs Poisson regression to

estimate the expected goal-scoring rate (xG) for each team, with the regression coeffi-
cients for the two teams coupled through team attack and defence parameters and a
home advantage term. In our adaptation, focussing first on f in

Ω , we retain this coupling
structure but replace the feature set with the following predictors: pre-game dominance
values for both teams (Dpre

α,k and Dpre
β,k , representing the summed historical dominance of

the starting lineups scaled by fatigue), cumulative in-game dominance up to timestep
τ (Din

α,k(τ) and Din
β,k(τ)), the interval between timesteps (10 minutes in this work), the

number of defenders and attackers for each team, and a binary indicator for home
advantage.

At each game timestep, the goals scored by teams Cα and Cβ are assumed to follow
independent Poisson distributions with expected rates µα and µβ respectively, where µα

and µβ are obtained using regression on the features mentioned above. This formulation
allows us to compute the probability of all possible goal outcomes at each game timestep,
which we use in two ways: (i) to simulate match score transitions in the MDP transition
function Pin, updating the game scoreline for the next state sτ+1 given the current state
sτ, and (ii) to compute expected points for the reward function Rin (Equation 6.5). For
the latter, we use the current scoreline together with the estimated scoring rates to derive
the probabilities of each possible match outcome (win, draw, or loss) under the Poisson
model. The expected points, E[Points | sτ, aτ], are then calculated as the weighted sum
of these outcome probabilities.

To account for rare situations where a team has fewer than 11 players due to injuries, we
set a team dominance decay variable to φ = 0.46, or φ = 1.67 when facing teams with
fewer players, based on the literature (Badiella et al., 2023). In most situations where
team numbers are equal, φ = 1. This factor is applied multiplicatively to the relevant
team’s scoring rate.

For the pre-game MDP, the reward function Rpre requires a model that predicts the
outcome of the entire match, rather than just a single match time interval. We adapt the
in-game prediction model f in

Ω to create a pre-match model, denoted f pre
Ω . This model

retains the Poisson regression framework but uses only pre-game features. Specifically,
it uses the pre-game dominance values for both teams (Dpre

α,k , Dpre
β,k ) and home advantage.

The model f pre
Ω is used to predict the full-time scoreline (Ωk) for each match, from which

we derive the probabilities of all possible match outcomes by aggregating over scorelines.
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The expected match points, calculated from these outcome probabilities, serve as the
reward in the pre-game MDP. This approach enables analysis of the expected points
of all season matches during the pre-game team selection phase. The match outcome
model f pre

Ω is also used to compute the expected points lost parameter in the in-game
reward function at game timestep τ, E[Points Lost | sτ, aτ]. This is achieved using the
mean injury duration from the injury length distribution F , identifying the set of all
future games {Gk′ |k′ > k} within the injury duration, and, for each player α ∈ C+

α ,
calculating the expected points difference for each game with and without the player (by
subtracting the player’s skill value from the overall team dominance). This difference
is weighted by the player’s injury probability at timestep τ, and summed across all
players to derive E[Points Lost | sτ, aτ]. In the next section, we discuss solving the team
selection model.

6.6 Solving the Team Selection Model

With the pre-game and in-game models established, we now turn to the problem of
optimising decision-making for team Cα in both pre-match team selection and in-game
substitutions. To address this, we use MCTS and team strategy modelling. Figure 6.2
illustrates the overall framework, showing how MCTS is applied in both the pre-game
and in-game phases to optimise team selection and substitution decisions.

FIGURE 6.2: Framework for optimising pre- and in-game decision-making using MCTS.

For each game in the season, the framework alternates between a pre-game phase and
an in-game phase. In the pre-game phase, MCTS is applied to the pre-game MDP to
select a starting lineup by simulating long-term season outcomes influenced by match
results and injury risks. Once the lineup is chosen, the in-game phase begins, where
MCTS is applied again to the in-game MDP at each timestep to determine whether
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substitutions should be made. These substitution decisions balance the immediate
objective of maximising match performance with the longer-term objective of managing
fatigue and injury risks. When a game finishes, the match result, along with updates
to player states such as fatigue and injury, feeds back into the next pre-game phase.
This iterative process forms the decision-making of our model across a set of games.
The remainder of this section formulates the optimisation problem, along with the
algorithms and modelling approaches that support this framework.

6.6.1 Optimising Long-Term Performance

The decision-making agent for team Cα is designed to select actions that maximise the
team’s expected long-term reward. During the pre-game team selection phase, the
agent’s objective is to optimise performance over the entire season G, indexed by k ∈ K.
In contrast, the in-game selection model focuses on maximising the reward within a
single game Gk, while also accounting for the impact of in-game injuries through the
expected points lost parameter. The long-term reward of being in state sk is formalised
using a value function, defined as follows:

Vpre(sk) = max
ak

(︄
∑
sk+1

Pr(sk+1 | sk, ak) ·
[︁
Rpre(sk, ak) + γpreVpre(sk+1)

]︁)︄
(6.7)

Where Vpre(sk) denotes the expected value of the optimal action for state sk ∈ Spre.
The recursion terminates at terminal states, i.e., when the final game of the season
has been played (k = K). At these terminal states, the value function is defined as:
Vpre(sK) = maxaK Rpre(sK, aK).

Analogously, the in-game value function of being in state sτ at game timestep τ is
defined as:

Vin(sτ) = max
aτ

(︄
∑
sτ+1

Pr(sτ+1 | sτ, aτ) · [Rin(sτ, aτ) + γinVin(sτ+1)]

)︄
(6.8)

Where Vin(sτ) captures the optimal expected long-term reward for in-game decision-
making. Here, the recursion terminates at the end of the match, i.e., when the final
timestep τ = L is reached. At this terminal state, the value function is set to: Vin(sL) =

maxaL Rin(sL, aL), where this reward is the points from the match divided by the number
of timesteps and the only action is to make no substitutions.

The objective of the decision-maker is to select, at each state, the action that maximises
this value function, thereby optimising both immediate and future rewards by account-
ing for factors such as fatigue and injury risk. However, accurately estimating the value
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of actions and states is challenging, particularly due to uncertainty about the opponent’s
future actions. Since the decision-maker cannot directly observe the opponent’s strategy,
they must instead form a belief to approximate the opponent’s behaviour.

In addition to uncertainty about the opponent, the decision-maker faces the complexity
of a large action space and numerous sources of randomness such as injuries, injury
durations and match outcomes. These stochastic elements, combined with the wide
range of possible actions, greatly expand the state space and result in an extremely
large search tree when evaluating long-term rewards. Specifically, the size of the in-
game action space is given by |Ain| = ∑min(|C+|,|C−|)

i=0 (|C
+|
i )(|C

−|
i )i! and the size of the

pre-game action space is |Apre| = ( |C|
|C+|). Although we apply constraints to the action

set to maintain football team formations and in-game substitution rules (as discussed
in Section 6.6.2), these action spaces remain large. Consequently, computing the exact
optimal action from each state becomes computationally infeasible. To address this,
we use MCTS to estimate the long-term values of actions through simulation, allowing
us to approximate the optimal action in a tractable manner. To improve efficiency, we
form beliefs about the team’s strategy πα to guide MCTS toward promising actions.
Additionally, we divide MCTS into multiple steps to reduce the branching factor and
make the search process more computationally tractable. In the next subsection, we
describe the constraints on the action sets that ensure the decision process adheres to
the rules and tactical structure of football.

6.6.2 Team Selection Constraints

In football, teams typically select a team of players whose roles fit a chosen formation.
Teams also face several player substitution constraints during a match G. In this section,
we impose constraints on our action set to model the aspects the manager must consider
during team selection.

6.6.2.1 Pre-Game Team Selection Constraints

Each player α ∈ Cα has a role κα which can be goalkeeper (GK), defender (DEF),
midfielder (MID), or attacker (ATT). To reduce the dimensionality of the pre-game action
space Apre, we restrict team selections to only those lineups that satisfy a set of positional
constraints, ensuring that all chosen formations are plausible. All formations observed
in our real-world dataset adhere to these constraints. For simplicity, we assume that
managers select the most favoured formation within these constraints (learned from
real-world data) and use that formation consistently throughout the season. The action
space is therefore defined as:
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Apre = {C+
α ⊂ Cα ||C+

α | = 11, ∀α ∈ C+
α (Iα = 0),

∑
α∈C+

α

I(κα = GK) = 1,

3 ≤ ∑
α∈C+

α

I(κα = DEF) ≤ 5,

3 ≤ ∑
α∈C+

α

I(κα = MID) ≤ 5,

1 ≤ ∑
α∈C+

α

I(κα = ATT) ≤ 3} (6.9)

Where I is an indicator function, equal to one if the condition is satisfied and zero
otherwise. In cases where the available player pool lacks sufficient players to fill a specific
role (e.g., requiring three midfielders), we model the use of a reserve player α with a
baseline skill value, ψα, set to 0. Similarly, reserve players are used as substitutes (C−

α )
when injuries prevent a full squad from being fielded. To maintain model tractability
and reflect real-world scenarios, we simplify the injury probability of such reserve
players by assigning it the mean injury probability observed across all players in our
real-world dataset. Similarly, we model the in-game performance of reserve players by
sampling from the empirical distribution of in-game performances observed across all
players in our real-world dataset. This models the common real-world solution to player
injuries, and the reduced skill value serves as an implicit penalty within the model,
discouraging team compositions that overly depend on reserve players due to excessive
squad injuries.

6.6.2.2 In-Game Team Selection Constraints

In football, teams are subject to several in-game player selection constraints. Firstly, each
team is allowed a maximum of three substitutions.3 Secondly, if a player is injured at any
game timestep τ of game k, denoted Iα

k,τ, they must be substituted. If no substitutions
remain, the player is substituted without replacement, forcing the team to play with one
fewer player. Finally, once a player has been substituted, they cannot re-enter the match.
To account for these constraints, the logic governing the set of available in-game actions
for a team Cα is updated accordingly and defined as follows:

3For our dataset, teams were limited to 3 substitutions, though some leagues allow 5.
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Ain = {(O+,O−) |O+ ⊆ C+
α ,O− ⊆ C−

α , |O+| ≥ |O−|,

∑
α

αsub + |O−| ≤ 3, ∀α ∈ C+
α (Iα

k,τ = 1 =⇒ α ∈ O+),

∀α ∈ C−
α (αsub = 1 =⇒ α /∈ O−)} (6.10)

Where αsub is a binary variable indicating if an agent α has been substituted. When

∑α αsub = 3, the substitution limit is reached and the action set is restricted to a single
action: a tuple consisting of empty sets for both O+ and O−. However, if an injured
player must be substituted while αsub = 3, the action will contain an empty set for O−

and the set of injured players at timestep t for O+. A player who has already been
substituted off cannot be substituted back on.

6.6.3 Modelling Team Strategies

In this subsection, we describe how we model team selection and substitution strategies
using insights derived from human expert data. These models are used to simulate op-
ponent decision-making during MDP state transitions and to guide our MCTS algorithm
towards more realistic and effective actions.

6.6.3.1 Pre-Game Strategy

One of the primary challenges in optimising team selection is the uncertainty regarding
the opponent’s strategy and lineup. Incorporating a model of expected opponent
behaviour enables more proactive decision-making by simulating games with greater
accuracy. We represent the opponent’s pre-game strategy as π

pre
β , and the probability of

the opponent taking action (selecting a lineup) ak in state sk as π
pre
β (ak | sk). The decision-

maker does not know what action the opponent will select and can only approximate it
through the estimated policy π

pre
β .

The opponent’s pre-game policy, π
pre
β , is learned from historical data using a logistic

regression model, which predicts the probability of each player in the squad Cβ starting
the game. The model uses several features for each player: their total VAEP in past
games (ψβ), the difference in total VAEP between the player and other teammates in
the same position, the number of players expected to play in that position based on the
team’s chosen formation, the absolute difference in total VAEP between the team and its
opponent (|Dpre

β,k − Dpre
α,k |), and the player’s injury probability (Pr(Iβ

k )). Given a vector of
player selection probabilities and a set of possible team selections Apre, we aggregate
the individual probabilities to estimate the overall likelihood of each team selection. By
systematically combining and normalising these probabilities across all possible actions,
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we obtain a probability distribution that reflects the relative plausibility of each team
selection, grounded in the underlying player probabilities. These probabilistic models
capture team selection decisions at each state, assuming that while teams do know their
opponent’s strategy π

pre
β , they remain uncertain about the exact actions their opponent

will take. The same framework is applied to model the strategy of team Cα, represented
as π

pre
α .

To train the logistic regression model, we use real-world data from the 2017/18 EPL
season and evaluate its performance by predicting lineups made by human managers
during the 2018/19 EPL season. The model achieves an F1 score of 0.65 and a log-loss of
0.56 for predicting which players will start in a given game G. While these results focus
on players, we also compare the similarity of the entire starting teams chosen using this
model to those selected by human managers in Section 6.7.5. These results establish an
initial benchmark for modelling human manager player selection.

6.6.3.2 In-Game Strategy

As with the pre-game model, optimising player substitution decisions is challenging
partly due to uncertainty regarding the opponent’s future actions. To address this, we
incorporate a model of expected in-game opponent behaviour, which enables more
proactive and informed decision-making by simulating the remainder of the game, Gk,
with greater accuracy when estimating action values. We represent our belief about the
opponent’s in-game strategy as πin

β , and define the probability of the opponent taking
the in-game action aτ at state sτ as πin

β (aτ | sτ). Although the opponent possesses a
true underlying in-game strategy and action distribution, the decision-maker can only
approximate these through the belief πin

β .

To model the structure of in-game substitution decisions, we decompose the opponent’s
policy πin

β into three components:

1. The probability of the number of substitutions being made at state sτ, denoted as
πin

β (|O
+
β | | sτ).

2. The probability of specific players being substituted off, given the number of
substitutions, expressed as πin

β (O
+
β | sτ, |O+

β |).

3. The probability distribution over the players being substituted on, given the
players substituted off, represented as πin

β (O
−
β | sτ,O+

β ).

Combining these components, the probability of the opponent taking action aτ in state
sτ is given by:
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πin
β (aτ | sτ) = πin

β (|O+
β | | sτ) · πin

β (O+
β | sτ, |O+

β |) · πin
β (O−

β | sτ,O+
β ) (6.11)

These policy components are learned from historical data on past substitution behaviour.
For each component, we train a multi-class logistic regression model to estimate the
relevant probabilities. The probability distribution for the number of substitutions,
πin

β (|O
+
β | | sτ), is modelled using the following features: the current game timestep τ,

team dominance metrics for both teams (Din
α,k(τ) and Din

β,k(τ)), and player characteristics
ζC

k,τ. The same approach and feature set are used to model the probability of players
being substituted off, πin

β (O
+
β | sτ, |O+

β |), and substituted on, πin
β (O

−
β | sτ,O+

β ), with
the latter also incorporating the characteristics of the players being substituted off. The
same modelling approach is applied to team Cα, with its in-game strategy represented
by πin

α .

To train these models, we use real-world data from the 2017/18 EPL season and evaluate
their performance by predicting substitutions made by human managers during the
2018/19 EPL season. The model achieves an F1 score of 0.80 and a log-loss of 0.45 for
predicting the number of substitutions at a given game timestep τ. It further achieves
an F1 score of 0.83 and a log-loss of 0.31 for predicting which players will be substituted
off, and an F1 score of 0.77 and a log-loss of 0.41 for predicting players substituted
on. These results establish a strong initial benchmark for modelling human manager
substitution strategies, and more detailed data, such as team morale and fatigue metrics,
may be incorporated in future work. This initial model of team strategies enhances
the MCTS algorithm by providing probabilistic estimates of expected human manager
behaviour for both teams during a match, thereby improving the realism and accuracy
of decision-making simulations. During state transitions within our MDPs, opponent
actions are sampled from the policies defined in this section. Furthermore, the policy for
the decision-making team, Cα, is used to guide the MCTS algorithm, as detailed in the
following subsection.

6.6.4 Monte Carlo Tree Search

MCTS is an anytime algorithm for sequential decision-making, which incrementally
constructs an asymmetric search tree using heuristic-guided exploration (Browne et al.,
2012). For stochastic MDPs, MCTS employs stochastic simulation to estimate action
values. MCTS has demonstrated success in complex sequential domains characterised by
large decision spaces, such as the game of Go (Silver et al., 2016) and Coalition Structure
Generation (Wu and Ramchurn, 2020). In this work, we leverage MCTS to address both
pre-game and in-game team selection, formulating each as a stochastic MDP. For each
game Gk and each timestep τ within that game, MCTS iteratively expands the search
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tree, prioritising actions with high estimated value while balancing exploration and
exploitation.

Within our stochastic MDP framework, the search tree alternates between decision
nodes, where the agent selects an action, and chance nodes, where the environment
samples an outcome according to the underlying transition probabilities. We employ
distinct MCTS processes for pre-game and in-game decision-making: the pre-game
MCTS optimises team selection with respect to long-term, season-level objectives, while
the in-game MCTS dynamically adapts to evolving match conditions, optimising tactical
decisions conditional on the initial team selection and observed in-game events.

For conciseness, we present a general description of the MCTS process that applies to
both pre-game and in-game settings in this section. Here, we use generic notation for
states, actions, and policies, denoted as s, a and π respectively. Specific adaptations for
each algorithm are detailed in the following subsections. Both MCTS approaches have
the following key characteristics:

• The root decision node refers to the initial state of the MDP.

• Each decision node encapsulates an MDP state s ∈ S.

• Each tree branch refers to an action chosen by the manager at the current tree
decision node.

• Chance nodes are outcomes chosen by the environment given the connected
decision node and branch.

• Terminal decision nodes refer to terminal MDP states.

For the pre-game MCTS, the search tree has maximum depth K, with each node at
depth k representing the state for game Gk in the season. Thus, a path from the root to a
terminal node represents all team selections across the season. In contrast, the in-game
MCTS has a maximum tree depth of L, where each node contains a state at a given game
timestep τ within game Gk where τ = L is the end of the game. Consequently, a path
from the root to a terminal node in the in-game tree captures the sequence of tactical
decisions and stochastic events throughout a single match.

While we follow the fundamental structure of the MCTS algorithm, our approach
incorporates adaptations tailored to the pre-game and in-game models, detailed in
the following subsections. Each MCTS iteration involves four key steps: selection,
expansion, simulation, and backpropagation. There are also minor differences in how
we apply the MCTS algorithm for this problem compared to our approach to spatial
teamwork in Chapter 4. We explain the MCTS steps for this work below.
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1) Selection - The most promising action from the root is selected using the PUCT algo-
rithm (Rosin, 2011; Silver et al., 2016), which balances exploration of less-visited
nodes with exploitation of high-value nodes identified in previous simulations.
Additionally, it integrates prior knowledge from human manager strategies intro-
duced in Section 6.6.3, initially biasing the tree search towards more promising
actions. The algorithm is defined as:

aα
s = argmaxa(Q(s, a) + ϵpuctπα(a | s)

|(a, s)|
|s| ) (6.12)

Where aα
s is the selected action, Q(s, a) is the action-value function (Q-value),

representing the expected cumulative reward obtained by taking action a in state
s according to our MCTS simulations, ϵpuct is a constant determining the weight
of exploration, and πα(a | s) is the probability of selecting action a under the
team’s policy in state s. Additionally, |(a, s)| denotes the number of times action a
has been selected from the current node at state s, while |s| indicates how many
times the current node has been visited. The selection phase continues until an
unexplored or terminal node is reached. Each node ηs leads to a child node in state
s′, determined by action aα

s and the transition function P.

2) Expansion - Expand a node ηs by selecting an unexplored action. To prioritise
promising actions and improve convergence speed, actions are sorted according to
the policy πα(a | s), and the most probable action is selected without replacement
for each node.

3) Simulation - At a leaf node ηs, we approximate the value of state s,V(s) (see Equation
6.7 for pre-game and Equation 6.8 for in-game), by simulating the remainder of the
game until a terminal state is reached, returning the cumulative reward. During
simulation, the decision-making team selects its pre-match lineup according to
its policy, while the opponent’s starting lineup is fixed to match the actual lineup
from real-world data. For in-game decisions, both teams select actions at each
timestep according to their respective policies, πα and πβ, using the corresponding
action probabilities πα(a | s) and πβ(a | s).

4) Backpropagation - Backpropagate the value of the new child node ηs up the tree to
the root node.

In the following subsection, we give details on adaptations to this core MCTS structure
for pre-game team selection.

6.6.4.1 Pre-Game MCTS

To address the large action space arising from the many possible combinations of pre-
game team selections, we employ a progressive widening approach (Chaslot et al.,
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2008) for the pre-game MCTS. The set of candidate actions is initially artificially limited
and gradually expanded over time. This approach enables more efficient allocation of
computational resources within a limited time budget by focusing exploration on the
most promising actions. Empirically, we found an effective progressive branching factor
at a node ηs to be W = 1 +

√︁
|ηs| where W is the size of the explorable action space

(rounded to the nearest integer) and |ηs| is the number of times node ηs has been visited.

To determine the order in which actions are added to the candidate set, we rank them
according to the policy πα(ak | sk), which gives the probability of selecting action ak

under the team’s strategy in state sk. This ensures that actions most likely to be chosen
by a human manager, according to our team strategy model, are explored first. As the
search proceeds and W increases, the action set is widened to include less probable, but
potentially valuable, alternatives. For the pre-game MCTS model, ϵpuct = 2.

6.6.4.2 In-Game MCTS

In contrast to the pre-game model, which employs progressive widening to manage the
large action space, we address the large in-game action space by using a multi-step MCTS
approach. In this approach, action selection is decomposed into two sequential stages:
first, the model estimates the optimal number of player substitutions; second, it selects
the players to substitute based on this number. This process enhances computational
efficiency by ensuring that the model first commits to a substitution before expending
resources to explore the space of all possible player substitutions.

In the first stage, the MCTS algorithm for team Cα at state sτ approximates the optimal
number of player substitutions. Here, the action space comprises all possible substitu-
tion counts at the current state. During simulations in this phase, the specific player
substitutions are sampled according to the team’s strategy πα, allowing the model to
estimate the value of different substitution counts while focusing on substitutions which
would be favourable according to the human manager model.

After determining the number of substitutions, the algorithm evaluates individual
player substitutions. At this point, the action space consists of all possible single-player
replacements. Each potential substitution is simulated to estimate its Q-value, thereby
ranking substitutions according to their projected long-term impact on in-game reward.
In practice, our MCTS algorithm at this stage does not compute the value function as
in Equation 6.8. Instead, after simulating the remainder of the match, the algorithm
backpropagates the accumulated scoring rates and expected points lost values up the
search tree. At each node, the value function represents the expected points for the
team in the game, based on the current scoreline and the backpropagated scoring
rates, minus the backpropagated expected points lost. Thus, rather than relying on the
specific sequence of goals in each simulation, the value function at each node reflects
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the overall scoring potential and injury risk, averaged across many simulated outcomes.
This method yields a more stable estimate of expected points for the remainder of the
match at each node, reducing the noise from individual simulated goals and improving
convergence speed.

For the selection phase of the multi-step in-game MCTS, ϵpuct = 2 and ϵpuct = 200
for selecting the number of substitutions and players to substitute, respectively. These
hyperparameter values were selected empirically. After both stages are complete, the
final substitution decision is made by selecting the set of player substitutions with the
highest Q-values, based on the number of substitutions recommended in the first stage.
For example, if two substitutions are recommended, the two unique player substitutions
with the highest Q-values are chosen, ensuring that no player is substituted on or off
more than once within the set. Figure 6.3 illustrates the overall structure of the in-game
substitution optimisation model based on the multi-step MCTS approach.

FIGURE 6.3: Decision-making framework for the multi-step MCTS algorithm to opti-
mise substitutions at each in-game timestep.

As shown in the figure, the first stage of the multi-step MCTS algorithm estimates the
optimal number of substitutions to make in the current in-game state. If the recommen-
dation is zero, this action is taken, an opponent move is sampled using the real-world
policy, and the game proceeds to the next state. If the recommendation is to make N
substitutions, MCTS is then used to rank all possible single-player substitutions, from
which the top N unique replacements are selected. An opponent action is again sampled,
and the game transitions to the next state. This process repeats sequentially until the
game ends. In the following section, we present an empirical evaluation of our team
selection algorithm.

6.7 Empirical Evaluation

In this section, we assess the performance of our team selection algorithm compared to
alternative decision-making strategies. We refer to our algorithm as MCTS throughout
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this section. The computing resources used for these experiments, along with the
hyperparameters and their selection process for all models, are detailed in Appendix
sections D.1 and D.2. We begin our evaluation by introducing the dataset used for our
evaluation.

6.7.1 Datasets

To evaluate our approach, we use on-ball events data for the 2017/18 and 2018/19 EPL
seasons, along with a player injury dataset covering these seasons and historic career
injuries. The on-ball event data includes every ball-related action, such as passes, shots
and tackles, for each game in these EPL seasons. For each event, the dataset records
the event type, the player involved, the event location, and the time it occurred. This
data is used to curate injury risk features introduced in Section 6.4 and player-based
features for the team dominance and match transition model in Section 6.5. The dataset
also provides team lineups and match schedules, which we use to model match times
and to inform analyses of human decision-making in team selection and substitutions.
This data was provided by StatsBomb.4 The player injury dataset includes all injuries
throughout the career of all players that participated in the 2017/18 and 2018/19 EPL
seasons. Injuries that occurred after the 2018/19 EPL season are not included. Injury
data includes the type of injury, the date the injury occurred, and the number of days
the player was injured. This data was accessed from TransferMarkt.5 These datasets
allow us to assess the real-world value of our models. We evaluate our models on data
from the 2017-2019 EPL seasons, as these are the only freely available league datasets
containing the required data for this study. Focusing on these datasets ensures the
reproducibility of our methods. More details on the datasets used in this work are
provided in Appendix D.3.

We evaluated our injury risk and match transition models by training them on the 2017-
18 EPL season and validating them on the 2018-19 season. A five-fold cross-validation
(CV) is used on the 2018-19 season data. In each fold, the testing set consists of a
chronologically ordered fifth of the 2018–19 season, while the training set includes all
data from the 2017–18 season as well as all preceding matches from the 2018–19 season
up to the start of the current test fold.

6.7.2 Baselines

To evaluate the performance of our proposed algorithm, we compare it against several
baselines:

4https://statsbomb.com/.
5https://www.transfermarkt.co.uk/

https://statsbomb.com/.
https://www.transfermarkt.co.uk/
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• Greedy: This baseline selects the team to maximise the total player skill (ψα).
This approach prioritises immediate team strength without considering long-term
injury, fatigue, or opponent strategies. Consequently, it always fields the highest-
skilled team at the start of the match and makes no substitutions.

• Real-World Policy (RWP): Team selection and substitutions are determined by
choosing the most probable actions according to the real-world pre-game and
in-game strategy models described in Section 6.6.3. This policy uses historical data
and is designed to emulate the pre-game and in-game decision-making behaviour
of human managers.

Directly comparing to actual real-world manager decisions is challenging due to the
inherent noise and the fact that only a single sequence of injury events and match
outcomes occurred in the real world. By instead evaluating against the real-world
policy baseline, which is derived from aggregated historical managerial behaviour,
we are able to benchmark our algorithm against human-like strategies across a wide
range of simulated scenarios. This approach provides a more robust and generalisable
assessment of our model’s performance.

6.7.3 Experiment 1: Performance Comparison of Injury Risk Model

In this experiment, we compare the performance of our XGBoost injury model to several
other ML models, all trained using the same set of features, as well as a heuristic
baseline that uses the historical injury rate of players in past games as the predicted
probabilities. Optimal hyperparameters are selected for each model using grid search
CV (see Appendix D.2 for more details). The XGBoost model achieved a mean log loss
of 0.1617 across the five CV folds. The Logistic Regression, Random Forest and Neural
Network models achieved mean log loss scores of 0.1670, 0.1664 and 0.1682, respectively.
The heuristic baseline achieved a mean log loss score of 0.1688. The XGBoost model
therefore has lower log-loss compared to the Logistic Regression, Random Forest, Neural
Network, and heuristic baseline by 0.0053 ± 0.0021, 0.0047 ± 0.0019, 0.0065 ± 0.0023
and 0.0071 ± 0.0025, respectively. We find the predictive performance improvement in
using XGBoost with player-based features compared to all of the presented baselines to
be statistically significant using a corrected paired t-test (p < 0.01) (Nadeau and Bengio,
1999).

Despite the challenging low injury rate in football (∼4% in our dataset), XGBoost
consistently outperforms the other methods across all five folds. We also conduct a
five-fold CV with random shuffling across both seasons in our dataset to test non-season-
specific patterns. For each team, we compare the predicted and actual number of injuries
per season, averaged across both seasons. Figure 6.4 illustrates the relationship between
the average predicted and actual injury counts for each team.
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FIGURE 6.4: Predicted injuries in a season (using the XGBoost injury model) for each
team compared to actual injuries.

The mean percentage difference between the expected and actual number of injuries for
each team in the league is ∼14%. The Pearson correlation coefficient is 0.77, significant
at p<0.01, showing a relationship between model predictions and real-world injury
occurrence. The probabilistic nature of injuries and the consequential noise for injury
frequency for a team in a single season contribute to the percentage difference in injuries.
When assessing league-wide predictive performance, where the model predicts the total
injuries in the league in a single season, the mean percentage difference between the
expected and actual number of injuries is 0.8%. Specifically, in the 2018/19 season, the
predicted and actual numbers of injuries in the league were 438 and 441, respectively.

6.7.4 Experiment 2: Match Transition Model Performance Evaluation

In this experiment, we compare the predictive performance of our player-level match
transition models, f pre

Ω and f in
Ω , to the original team-level Maher model using the EPL

dataset. We assess model performance using both log-loss, which measures the cali-
bration of predicted match outcome probabilities to actual match outcomes, and the
’Compute Area Under the Receiver Operating Characteristic Curve’ (AUC) score, which
quantifies the overall ability of the model to discriminate between classes, which in this
case is match outcomes (win/draw/loss). For the three-class match outcome setting,
AUC is computed using a one-vs-rest formulation, where each outcome is treated as
the positive class and the other outcomes as the negative class, and the resulting AUC
values are averaged across classes. For the pre-game setting, the player-level and team-
level models achieve log-loss scores of 0.94 ± 0.02 and 0.91 ± 0.02, respectively, and
corresponding AUC scores of 0.69 and 0.71.

For the in-game setting, match outcome probabilities are computed by aggregating
predicted goal rates at each timestep for each strategy and then deriving scoreline
probabilities from these rates. This process and the features of the models were described
in Section 6.5. The in-game player-level and team-level models yield log-loss scores of
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0.89± 0.02 and 0.91± 0.02, and AUC scores of 0.72 and 0.71, respectively. The ROC-AUC
curves for all pre-game and in-game models are presented in Figure 6.5.

FIGURE 6.5: ROC-AUC curves for the pre-game (left) and in-game models (right) for
match outcome prediction.

Although the player-level models do not yield statistically significant improvements in
log-loss compared to the team-level Maher model, they achieve comparable performance
within the reported error margins (95% confidence interval) to this well-established
baseline. Importantly, the player-level models provide greater flexibility for measuring
outcome probabilities based on the selected players for a match. This granularity enables
our simulation framework to capture the impact of different team compositions on match
outcomes, which is highly valuable when performing a prescriptive analysis using MCTS
and evaluating the performance of our dynamic team selection and substitution model.

6.7.5 Experiment 3: Similarity to Human Team Selections

In this experiment, we compare MCTS team selections to teams chosen by human
managers. We use real-world team states, including player injuries and workloads,
to ensure that the comparison reflects the actual decision context faced by managers.
Team similarity is quantified as the average percentage of shared players between the
real-world and MCTS-selected lineups. Table 6.2 presents the similarities for MCTS
and several baselines, compared to human manager team selections extracted from the
EPL dataset. Among the baselines, we include a ’Last Team’ strategy, which repeats the
lineup chosen by the manager in the previous match from the real-world data.

TABLE 6.2: Similarity comparisons between a manager’s team selections and our team
selection strategies. The ± values show the 95% confidence interval of the mean value

across all teams.

Strategies % Similarity to Real-World Selection

MCTS 76.08 ± 0.66
Greedy 79.85 ± 0.68
RWP 79.91 ± 0.69
Last Team 80.92 ± 0.90



6.7. Empirical Evaluation 147

Our results indicate that real-world team selections are most similar (∼80%) to the
Greedy strategy and the real-world policy baseline, rather than to the MCTS approach.
This finding supports the view that managers are often more driven by short-term
objectives, such as maximising immediate match performance, rather than by longer-
term considerations like player fatigue management. The ‘Last Team’ strategy achieves
the highest similarity, reflecting the common managerial tendency to minimise changes
between matches. However, the performance of the other models falls within the error
margins of this baseline. Unlike the ‘Last Team’ strategy, these models are better suited
for simulated seasons because they do not rely on knowledge of the actual manager’s
previous team selection, which is only available in real-world data.

Given the inherent challenges of directly comparing MCTS to human decisions due to
limited and variable real-world data in our two-season dataset, evaluating our model
against a real-world policy baseline over numerous simulated seasons, constructed from
real-world data, enables a more comprehensive assessment of its robustness across a
wider range of scenarios.

We also assess the similarity of in-game substitution timings between strategies. Figure
6.6 shows the distribution of substitution timings across match minutes, highlighting
the typical substitution patterns for each approach. The results show that the MCTS
strategy tends to make substitutions in very similar timing patterns to those of human
managers.

FIGURE 6.6: Distribution of the substitution timings for the MCTS and RWP strategies
compared to substitution timings in real-world matches for the 2018/19 EPL dataset.

This convergence in substitution strategies is likely due, in part, to the incorporation of
the real-world policy as a guide during the selection phase of MCTS, which encourages
alignment with established managerial practices. Additionally, it may suggest that, when
connected with the pre-game strategy, the optimal timing for substitutions identified by
MCTS often coincides with the decisions made by expert human managers. In real-world
settings, managers frequently delay substitutions for reasons such as tactical flexibility, a
preference for making changes at half-time, or concerns about the psychological impact
on players since early substitutions can be perceived as a sign of poor performance
and may attract media scrutiny. While the MCTS algorithm is designed to optimise
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team performance without regard for these social factors, the integration of the real-
world policy in its selection phase and action thresholds may implicitly capture some
of these practical considerations. Nevertheless, explicitly modelling such social and
psychological factors within the MCTS framework could further enhance its realism
and applicability. The real-world policy baseline continues to closely mirror actual
managerial behaviour, reinforcing its validity as a comparative benchmark. Given its
alignment with human decision-making in both pre-game and in-game contexts, we
adopt the real-world policy as the baseline for our season simulation experiments.

6.7.6 Experiment 4: Model Season Performance

In this experiment, we compare the performance of our MCTS-based approach against
several baseline strategies through many season simulations. For each team in the
2018/19 EPL season, we conduct 500 simulated seasons using MCTS and 500 simulated
seasons for each baseline strategy. The performance of each strategy is evaluated by
the average points accumulated over the season, as summarised in Table 6.3. While
Table 6.3 includes the actual points achieved by each team in the 2018/19 EPL season
for reference, these values should be interpreted as a single set of outcomes for a season,
conditioned on a specific sequence of matches, injuries, refereeing decisions, and other
stochastic factors that can affect team performance. In contrast, our simulated season
results show outcomes over many possible match and availability trajectories. As a
result, discrepancies between simulated and actual points are expected, as shown by the
high confidence intervals for the mean actual points across all teams. This motivates the
use of repeated simulations and comparisons to the RWP baseline to assess performance.

Due to the computational demands of MCTS, these simulations were executed in parallel
on a compute cluster, with each node allocated 4GB of RAM. Each simulated season
follows a consistent procedure. For every match, the pre-game MCTS algorithm is run
for three minutes to select the lineup with the highest estimated value. To mitigate the
influence of noise, we require that an action must be selected at least 200 times within the
MCTS search to be considered. This prevents actions with very few selections from being
chosen solely due to high but unreliable Q-values. During the match, at each timestep,
MCTS is employed with a 30-second search to determine the number of substitutions,
subject to the constraint that an action must have been selected more than the total
number of selections divided by the number of possible actions plus one. Subsequently,
a two-minute MCTS search is used to select the specific player to substitute, if the
first stage suggested making a substitution. This stage only considers the top 30 most
frequently selected actions. These time constraints and action selection thresholds were
determined empirically to balance computational efficiency with solution quality, given
the extensive number of simulations required. In each simulated game, the opponent’s
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TABLE 6.3: Season performance of our MCTS strategy compared to the baselines and
actual Premier League points (2018–19). Bold values indicate the superior strategy for
each team, with ± values showing the 95% confidence interval of the mean value across

all simulations for that team.

Average Points

Team MCTS Greedy RWP Actual Points

Arsenal 58.6 ± 0.6 56.7 ± 0.6 56.7 ± 0.6 70
Bournemouth 53.0 ± 0.6 52.8 ± 0.7 52.7 ± 0.6 45
Brighton 41.5 ± 0.6 40.9 ± 0.6 41.2 ± 0.6 36
Burnley 48.8 ± 0.6 48.2 ± 0.6 47.9 ± 0.6 40
Cardiff 33.1 ± 0.5 32.9 ± 0.5 32.9 ± 0.5 34
Chelsea 69.2 ± 0.6 68.6 ± 0.7 68.8 ± 0.6 72
Crystal Palace 55.5 ± 0.6 55.7 ± 0.7 55.6 ± 0.6 49
Everton 49.3 ± 0.6 49.3 ± 0.6 49.3 ± 0.5 54
Fulham 30.0 ± 0.5 30.1 ± 0.5 30.0 ± 0.5 26
Huddersfield 40.1 ± 0.6 39.9 ± 0.5 39.9 ± 0.6 16
Leicester 51.0 ± 0.6 50.7 ± 0.7 50.7 ± 0.7 52
Liverpool 78.9 ± 0.6 77.1 ± 0.6 77.6 ± 0.6 97
Man City 86.7 ± 0.6 85.9 ± 0.6 85.5 ± 0.6 98
Man United 61.4 ± 0.6 59.3 ± 0.6 60.1 ± 0.6 66
Newcastle 42.2 ± 0.5 41.7 ± 0.6 41.5 ± 0.6 45
Southampton 45.9 ± 0.5 45.3 ± 0.6 45.1 ± 0.6 39
Tottenham 69.4 ± 0.6 68.2 ± 0.6 68.5 ± 0.6 71
Watford 54.5 ± 0.6 54.7 ± 0.7 54.4 ± 0.6 50
West Ham 50.3 ± 0.6 50.0 ± 0.6 50.0 ± 0.6 52
Wolves 35.5 ± 0.5 35.0 ± 0.5 35.1 ± 0.5 57

Mean 52.7 ± 0.3 52.1 ± 0.3 52.2 ± 0.3 53.5 ± 9.0

starting lineup matches the actual lineup from real-world data, while their in-game
substitutions are chosen according to their policy πin

β .

Table 6.3 shows that MCTS yields a modest but consistent improvement in average
season points, with a mean increase of 1.0% over the best-performing baseline. A paired
t-test also supported that the MCTS strategy yielded significantly higher average points
compared to Greedy and RWP (p < 0.01). This highlights the benefit of accounting
for player fatigue and strategically planning team selections and substitutions. Figure
6.7 compares the strategies further by visualising the probability of teams achieving
key season objectives in our simulations using the RWP and MCTS strategies. These
probabilities are based on each team’s simulated points totals relative to the thresholds
required for each objective, assuming all other teams follow the real-world policy.

The results in Figure 6.7 show how teams can improve the probabilities of reaching their
objectives for the season. For example, within our season simulations, Liverpool has
a 4.6% added probability of winning the title using the MCTS strategy compared to if
they were to follow the real-world policy. Achieving European football (finishing in the
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FIGURE 6.7: Percentage probabilities for each team achieving particular season objec-
tives using the MCTS or RWP strategy.

top 6 places) is often an important goal for clubs because of the financial rewards and
publicity associated with reaching these European competitions. The results show that,
for example, Man United’s chances of qualifying for European competition improve by
5.7% when using MCTS compared to the real-world policy. While some clubs do not see
significant gains, likely due to stochastic elements such as injuries and match outcomes
throughout a season, the overall trend indicates that MCTS enhances the probability of
achieving season goals for most teams.

6.7.7 Experiment 5: Model Season Injury Analysis

In this experiment, we evaluate the impact of each strategy on player welfare by compar-
ing the average number of injuries sustained by the squad and by the optimal team (the
eleven highest-skilled players who fit the pre-game formation constraints) across season
simulations, as shown in Table 6.4. This analysis provides insight into how effectively
each approach manages player health during congested fixture periods.

On average, MCTS team selections reduce total squad injuries by approximately 2.9%
and optimal team injuries by 14.7% compared to the Greedy baseline. This shows that
MCTS more effectively rests key players and manages workloads, not only improving
player welfare but also team performance across a season. The MCTS strategy also
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TABLE 6.4: Team injuries across season simulations for our MCTS strategy versus
baseline models. Values are rounded to one decimal place. Bold values indicate
the strategy with the fewest injuries for each team. "Decr (%)" shows the percentage
decrease in injuries achieved by MCTS relative to the Greedy strategy (which maximises

skill without injury consideration).

Squad Injuries Optimal Team Injuries

Team MCTS Greedy RWP Decr (%) MCTS Greedy RWP Decr (%)

Arsenal 25.1 26.6 26.7 5.6 15.9 19.0 18.9 16.3
Bournemouth 20.6 21.1 21.1 2.4 13.3 15.6 15.5 14.7
Brighton 17.6 18.1 17.6 2.8 11.2 13.7 13.4 18.2
Burnley 19.1 19.8 19.3 3.5 13.0 15.1 14.6 13.9
Cardiff 20.2 20.7 20.3 2.4 13.6 15.7 15.3 13.4
Chelsea 22.0 22.7 22.8 3.1 14.4 16.3 16.4 11.7
Crystal Palace 20.2 21.2 21.0 4.7 13.1 15.6 15.5 16.0
Everton 21.3 22.4 21.7 4.9 14.1 16.5 15.9 14.5
Fulham 20.0 20.4 20.4 2.0 13.1 15.0 14.9 12.7
Huddersfield 19.9 20.6 20.7 3.4 13.3 15.5 15.6 14.2
Leicester 18.7 19.0 18.9 1.6 12.4 14.5 14.3 14.5
Liverpool 24.1 24.5 24.7 1.6 14.9 17.5 17.4 14.9
Man City 23.2 24.2 23.8 4.1 15.0 17.9 17.5 16.2
Man United 25.0 26.0 25.9 3.8 15.7 18.7 18.6 16.0
Newcastle 20.8 21.2 21.3 1.9 13.2 15.6 15.2 15.4
Southampton 20.0 19.9 19.8 -0.5 12.4 14.8 14.5 16.2
Tottenham 22.6 23.1 23.0 2.2 14.7 16.8 16.1 12.5
Watford 20.0 20.8 20.7 3.8 13.3 15.4 15.4 13.6
West Ham 23.7 23.9 23.8 0.8 14.3 16.8 16.8 14.9
Wolves 17.1 17.7 17.7 3.4 11.7 13.7 13.5 14.6

Mean 21.1 21.7 21.6 2.9 13.6 16.0 15.8 14.7

reduces the number of squad and optimal team injuries compared to the RWP by 2.3%
and 13.9%, respectively.

We also assess the financial implications of injuries for each strategy in the 2018/19 sea-
son using estimated EPL wage data from Capology6. We assume equivalent competition
prize money and other financial rewards for both methods, focusing primarily on the
cost incurred due to player injuries, where money is spent inefficiently on player wages
whilst they are injured. To compute this value, we multiplied the number of weeks
each player was expected to be injured (based on the injury numbers in our simulations)
by their weekly wage (obtained from our wage dataset), and then summed these costs
across all players on the team. The results of this analysis for each model are provided
in Table 6.5.

Our results show that MCTS reduces inefficient wage expenditure on injured players
by an average of 3.3% per club compared to the Greedy model, translating to a typical
saving of around £300,000 per club per season. These estimates are likely conservative,
as they do not account for the long-term costs of repeated injuries, the need for larger,
more expensive squads to compensate for frequent player absences, or additional prize
money from improved long-term performance.

6Estimated wage data available at: https://www.capology.com/.

https://www.capology.com/.
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TABLE 6.5: Estimated wages (£M) spent on injured players across season simulations
for MCTS versus baseline models. Values rounded to one decimal place. Bold values
indicate the minimum wage cost per team. "Decr (%)" shows the percentage decrease

in wages inefficiently spent by MCTS relative to the Greedy baseline.

Team MCTS Greedy RWP Decr (%)

Arsenal 16.3 17.1 17.1 4.7
Bournemouth 4.1 4.1 4.1 0
Brighton 3.3 3.4 3.3 3.0
Burnley 3.4 3.6 3.5 5.6
Cardiff 2.5 2.6 2.6 3.8
Chelsea 15.0 15.7 15.8 4.5
Crystal Palace 5.7 6.1 6.1 6.6
Everton 7.3 7.9 7.7 7.6
Fulham 4.3 4.4 4.4 2.3
Huddersfield 2.6 2.7 2.8 3.7
Leicester 6.1 6.4 6.4 4.7
Liverpool 11.9 11.7 12.0 -1.7
Man City 17.8 19.6 18.4 9.2
Man United 16.8 17.2 17.4 2.3
Newcastle 3.3 3.5 3.7 5.7
Southampton 5.1 4.9 4.9 -4.1
Tottenham 9.2 9.4 9.6 2.1
Watford 3.9 4.0 3.9 2.5
West Ham 7.8 7.9 8.0 1.3
Wolves 3.5 3.6 3.6 2.8

Mean 7.5 7.8 7.8 3.3

Figure 6.8 provides a detailed analysis of how the MCTS strategy reduces the average
number of optimal team injuries on a gameweek-by-gameweek basis throughout the
season. This reduction is particularly significant, as a high number of concurrent injuries
among key players can substantially affect match outcomes. The results show that
MCTS consistently achieves lower average optimal team injuries across all gameweeks,
particularly during the middle portion of the season.

The gap in optimal team injuries between strategies narrows towards the end of the
season, likely because MCTS shifts focus to short-term results as the long-term impact
of injuries diminishes with fewer matches remaining. Additionally, the average points
difference between MCTS and the real-world policy increases as the season progresses.
This reflects the cumulative benefit of improved player welfare, where higher-skilled
players are available and less fatigued for critical matches later in the season. In summary,
our MCTS-based team selection strategy not only outperforms baseline models in terms
of season results but also significantly reduces player injuries and financial costs.
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FIGURE 6.8: The average number of optimal team injuries at each gameweek across the
season for the MCTS and RWP strategies. The average points difference between MCTS
and RWP at each gameweek of the season is also plotted, which is the difference in
average points for that gameweek alone between strategies. Shaded regions represent
95% confidence intervals, computed across the 500 independent simulations of each

gameweek for both the MCTS and RWP strategies.

6.7.8 Experiment 6: Player Welfare Case Study

In this experiment, we present a case study evaluating the injury risk of an individ-
ual player over the course of the 2018/19 EPL season. Specifically, we focus on Trent
Alexander-Arnold, a regular Liverpool starter, whose consistent playing time, high per-
formance and importance to the team make him an ideal subject for assessing the impact
of different team selection strategies. We compare Alexander-Arnold’s participation and
injury risk across simulated seasons using both the RWP and MCTS strategies, aiming
to highlight the benefits of long-term planning and proactive rest management enabled
by MCTS. Figure 6.9 illustrates Alexander-Arnold’s injury probability throughout the
season under both strategies.

As illustrated in Figure 6.9, the MCTS strategy consistently reduces Alexander-Arnold’s
average injury probability compared to the RWP approach. This demonstrates the
effectiveness of MCTS in identifying suitable rest opportunities and managing work-
load to mitigate injury risk. These findings reinforce the value of proactive workload
management for long-term player welfare, especially when considered alongside earlier
results showing that MCTS can improve both team performance and player health. To
further understand how these strategies affect player utilisation, Figure 6.10 presents
the proportion of simulated matches in which Alexander-Arnold was selected each
gameweek for both strategies.
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FIGURE 6.9: The average injury probability of Alexander-Arnold at each gameweek
across the season for the MCTS and RWP strategies. Shaded regions represent 95% con-
fidence intervals, computed across the 500 independent simulations of each gameweek

for both the MCTS and RWP strategies.

FIGURE 6.10: The average proportion of times Alexander-Arnold was selected to play
at each gameweek across the season for the MCTS and RWP strategies. Shaded regions
represent 95% confidence intervals, computed across the 500 independent simulations

of each gameweek for both the MCTS and RWP strategies.

Figure 6.10 shows that MCTS rests Alexander-Arnold more frequently while maintaining
competitive team performance. The greater variance in selection under MCTS suggests
that the algorithm strategically prioritises his participation in more critical fixtures.
The decrease in selection rate for the RWP strategy as the season progresses will be
significantly due to the player’s increasing unavailability as a result of injuries. Notably,
this decrease is not shown for the MCTS strategy, suggesting that the strategy is less
impacted by injuries, which aligns with the increasing points difference shown in Figure
6.8. Additionally, the convergence in selection rates for both strategies towards the end
of the season may indicate that MCTS places less emphasis on injury risk when the
long-term consequences are minimal. Extending the model to consider multiple seasons
could further incentivise the protection of player health for the entire set of matches,
including the matches near the end of the season.
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6.8 Discussion

We now discuss the main findings of our work, structured into key themes to highlight
their implications and limitations.

Comparison with Human Decision-Making Our analysis reveals that real-world team
selections are most similar to the Greedy and real-world policy baselines, supporting
the idea that managers often prioritise short-term objectives. The divergence between
MCTS and human team selection likely reflects the influence of social and psychological
factors, such as player morale, media scrutiny, and the immediate pressure to achieve
results, that are not explicitly modelled in our approach. In contrast, the MCTS approach
focuses on systematically planning rest and substitutions from a long-term perspective,
explicitly considering player welfare and fixture congestion. Prioritising actions that
are more similar to human managerial decisions in the MCTS selection phase aims to
guide the model towards more typical pre- and in-game decision-making, as seen in
the distribution of substitution timings for each strategy. These findings suggest that
while algorithmic strategies like MCTS can provide valuable insights, their integration
into practice should consider the broader context of human decision-making. As such,
MCTS-based recommendations are best positioned as decision-support tools that in-
form, rather than replace, managerial expertise. Furthermore, incorporating social and
psychological considerations into future models could further enhance their relevance
and effectiveness in real-world settings. This could be achieved using data derived from
domain expertise (e.g., expert annotations and contextual features), sentiment analyses
of social and mainstream media, and survey data focussing on player morale.

Applicability Beyond Football Our sequential team selection algorithm, while initially
applied to football due to the availability of real-world data, has significant potential
across various domains, including other team sports and emergency response. Its ability
to improve player welfare, reduce injuries, and optimise performance for objectives
such as points underscores its wide-ranging applicability. This is particularly pertinent
in sports with higher injury risks. Future work could further validate the model’s
robustness by deploying it in more real-world settings with available data. We are
optimistic about its applicability to other team sports, as previous studies have identified
many shared challenges across various sports (Radke and Orchard, 2023). However,
there are domain-specific components to the model, such as the match reward and
injury model, which would require appropriate adaptation to capture the objectives and
welfare risks of agents in other domains.
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Generalisability Over Time In addition to extending the model to other domains,
we aim to assess the model’s generalisability over time by applying it to more recent
football datasets as they become available. While this study focuses on the 2017-19 EPL
seasons to ensure reproducibility, expanding our analysis to include additional seasons
and leagues would allow us to evaluate the model’s robustness across different contexts
and its adaptability to the evolving nature of the sport, including changes in tactics and
player conditioning. This broader evaluation would help to support our claims about
the practical value of the model in improving team performance and player welfare.

Practical Feasibility Currently, the model is capable of analysing weekly real-world
data to offer insights into injury risks and actionable recommendations for team selec-
tions. For in-game substitutions, MCTS operates as an online algorithm, running for 2.5
minutes at each decision timestep to provide substitution recommendations. While this
is feasible with 10-minute intervals, further reducing computation time would enhance
its practicality for real-time use, as major changes to the game state, such as goals scored
or new injuries, could occur during the algorithm’s runtime, meaning that recommenda-
tions may become outdated. Pre-game team selection was limited to three-minute run
times to balance computational feasibility with solution quality; however, in real-world
settings, teams typically have much longer periods between games to run the algorithm.
Since MCTS is an anytime algorithm and the search space in this domain is highly
complex, it is challenging to know the action optimality. Therefore, it is likely that longer
runtimes could yield further performance improvements for teams. Investigating the
impact of longer search times remains an important direction for future work.

Future Research Areas Incorporating richer data sources, such as training load, GPS
tracking and other sensor-derived physical metrics, could enhance the accuracy of injury
risk predictions and further improve the effectiveness of the MCTS decision-making.
We also recognise that players are susceptible to different types of injuries, and that
certain injuries may result in longer absences. Although this chapter assumes all injury
durations are drawn from a single distribution for simplicity, future work will account
for varying injury types and their specific impacts on recovery time. Furthermore,
teams often participate in additional cup competitions beyond the EPL, leading to
more congested schedules and increasing the importance of proactive player welfare
management. We aim to incorporate these additional fixtures into future analyses. We
will systematically evaluate how these enhancements affect both the predictive accuracy
of the injury risk model and the overall performance of MCTS throughout the season.
We also plan to extend our approach to multi-season optimisation, enabling a deeper
assessment of long-term player welfare. Finally, an interesting direction for future
research is to explore scenarios where both competing teams employ MCTS strategies,
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providing insight into the dynamics of algorithmic, long-term decision-making when
widely adopted across the sport.

Summary of Findings This model offers a baseline algorithm for team selection that
focuses on player welfare and injury management to improve team performance. Exper-
imental results demonstrate that this approach can reduce injury incidence, optimise
financial investments, and support more effective long-term squad management while
improving season performance. Additionally, it encourages more sustainable and
transparent team management practices through explainable injury risks. While our
evaluation leverages simulated seasons to enable robust statistical analysis, we acknowl-
edge that this may not fully capture the complexities of real-world implementation,
such as player psychology and media pressure. To bridge this gap, we will discuss this
model with coaches and plan to integrate it into real-world decision-making, combining
algorithmic insights with human expertise to assess its practical impact. Developing
explainable artificial intelligence (AI) tools to communicate model recommendations to
managers and coaches could enhance the connection between algorithmic and human
decision-making, leading to more effective adoption in practice.

6.9 Summary

In this chapter, we introduced a sequential algorithm for TF and substitutions in football,
a dynamic and adversarial environment. Our approach focuses on long-term team
performance by reasoning over player fatigue, injury risk and opponent strategy. By
modelling both pre-game team selection and in-game player replacement as an MDP
and leveraging a multi-step MCTS approach guided by human-expert policies and an
XGBoost-based injury risk model, we developed a system capable of making informed,
long-term focused decisions that account for both immediate match outcomes and the
cumulative effects of player workload.

Our empirical evaluation on EPL data from the 2017-19 seasons demonstrates that our
model can significantly reduce first-team player injuries by ∼15% while also showing
a ∼1% increase in long-term team performance, leading to more efficient financial in-
vestment by reducing wage expenditure on injured players by approximately 3%. Our
analysis shows that real-world managerial decisions often favour short-term, skill-based
strategies, highlighting the value of algorithmic tools for supporting more sustainable,
long-term planning. Although our evaluation uses simulated seasons for robust statisti-
cal analysis, we recognise that this does not fully capture the psychological and social
complexities of real-world football management. However, discussions with coaches
and the model’s ability to analyse real-world data demonstrate its practical potential.
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Several areas of future work have been discussed to advance this work further. Firstly,
incorporating richer data, such as training loads, physiological sensor data, and more
recent seasons, could improve injury risk predictions and enhance the adaptability of
the model to the evolving dynamics of sport. Secondly, integrating social and psy-
chological factors into the model may allow it to better reflect the considerations of
human managers and provide deeper insight into how these factors influence team per-
formance. Thirdly, completing real-world trials and developing explainable interfaces
would be vital to integrating the algorithms’ recommendations into insights for coaches
and decision-makers. Finally, we plan to validate our algorithm in other dynamic
adversarial settings.

In summary, this research establishes a baseline algorithm for long-term team planning
in football, demonstrating clear benefits for both sustained team performance and player
welfare. Our results highlight the importance of integrating real-time adaptation and
proactive risk management into TF, advancing beyond current approaches that overlook
the long-term effects of fatigue and injury or focus on pre-game selection. With suitable
domain-specific adjustments, our model holds potential for broader application to other
dynamic, adversarial TF challenges.

In the next chapter, we review the outcomes from the previous four chapters and discuss
future directions for the use of AI in football.
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Chapter 7

Discussion

In this chapter, we summarise the general contributions of our work and its anticipated
impact on the field of artificial intelligence (AI) in sports analytics (Section 7.1). We then
summarise the emerging challenges identified in this thesis (Section 7.2). Finally, we
discuss the future for the application of AI in football (Section 7.3).

7.1 Research Retrospective

We reflect on the key insights and lessons derived from the research presented in this
thesis, highlighting both its theoretical contributions and practical implications for the
field of AI in sports analytics.

The Advantages of Spatial Imputation This thesis addresses the common challenge
of limited data availability in sports analytics by introducing a spatial imputation model
capable of inferring player tracking data from sparse on-ball event data. By imputing
player positioning, this approach enables a wide range of analyses previously restricted
to organisations with access to comprehensive tracking systems. Notably, it facilitates
the estimation of player physical metrics, the generation of player heatmaps, and the
calculation of pitch control. Furthermore, the model’s utility extends to advanced
applications, including the simulation of play sequences and the prediction of player
injuries, as demonstrated in Chapters 4 and 6. This approach lays the foundation
for applying such a model to make existing and future tracking-based research more
accessible in the field. Beyond football, the methodological framework established here
offers a generalisable solution for domains where observability may be very limited,
such as other team sports or disaster response scenarios.
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Advancing Off-Ball Analysis This thesis contributes to the emerging field of off-ball
analysis in sports analytics, a domain which is relatively new due to recent advances
in tracking technology. While prior research has primarily leveraged off-ball data to
enhance the contextual understanding of attacking metrics (Fernández et al., 2021;
Spearman, 2018), significant gaps were identified, particularly in evaluating defensive
performance, which has traditionally relied on event-based data (Merhej et al., 2021).
The research presented here addresses these limitations by developing an optimisation
framework for defender positioning to mitigate attacking threats and by introducing
novel off-ball defensive contribution metrics (Chapter 5). These contributions not only
enhance the predictive and prescriptive capabilities of defensive analysis but also lay
the methodological foundations for applying deep learning and search algorithms to
more comprehensive off-ball evaluation in football and other team sports. The thesis
uses practical visualisations to illustrate how real-world clubs and analytics teams could
integrate these models. Collectively, these advancements deepen our understanding of
the critical role of off-ball actions in football match outcomes and set a new direction for
future research on off-ball performance evaluation.

AI for Decision-Making in Football Optimising decision-making is an emerging area
in football analytics, with recent studies beginning to optimise corner positioning (Wang
et al., 2024), on-ball actions (Rahimian et al., 2021), and team selection using event data
(Beal et al., 2020a). This thesis demonstrates how integrating off-ball tracking and injury
data can further enhance prescriptive decision-making. We show that optimising off-ball
player positioning can reduce opposition threat (Chapter 4), and that team selection
strategies accounting for injury risk can improve long-term performance and player
welfare (Chapter 6). These methods offer practical tools for club analytics teams in
both pre- and post-match analysis. A key challenge in optimising decision-making
is accounting for the effect of behavioural changes on the opposition, such as how a
defender’s repositioning influences attacker behaviour, or how substitutions may lead
to tactical changes from opponents. We address this by employing predictive methods
that model opponent responses to tactical adjustments. However, we emphasise that
this remains an important consideration for future research. Notably, Monte Carlo tree
search (MCTS) serves as a core optimisation technique in our prescriptive applications
in this thesis, demonstrating its effectiveness for optimisation tasks in football and its
potential for wider use in sports analytics. Further exploration of other reinforcement
learning (RL) methods would be valuable to assess their performance for similar tasks.

Spatial Teamwork In this thesis, we have highlighted the importance of player team-
work, which refers to the communication and coordination between players, in improv-
ing team performance. However, it is challenging to measure these factors, and current
research is limited. In football, existing teamwork research has focused on one-to-one
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interactions through football passing sequences (Beal et al., 2020b). Studies in other
team-based domains mainly focus on efficient task allocation, aiming to minimise travel
times and assign the most suitable agents to specific roles. This thesis advances the field
by focusing on spatial teamwork, where agents coordinate their positions to maximise
defensive spatial control. Furthermore, to our knowledge, this work introduces the first
approach in football analytics aimed at optimising player teamwork. Interestingly, our
work found that it is most favourable to consider player spatial coordination in pairs,
which aligned with previous findings related to football passing (Beal et al., 2020b). Over-
all, this research establishes a theoretical foundation for optimising spatial teamwork
in real-world settings, such as sports teams or security patrols. It also demonstrates
how club analytics teams could apply these methods to assess and improve player
coordination, particularly during post-match analysis.

Football as a Testbed for Team-Based AI Research In this thesis, a commonly dis-
cussed theme is the suitability of football as a testbed for developing and validating new
models in team-based AI research. This is primarily due to clear objectives in the sport
and the wide availability of real-world datasets. This point has been emphasised in
previous studies (Beal et al., 2019; Tuyls et al., 2021) and remains true for future football
research. Our work further underscores football’s relevance by explaining similarities
to other team sports, as well as to disaster response, security and patrol, where teams
operate in spatiotemporal settings. The methods and findings in this thesis, which are
grounded in real-world data, have the potential to inform AI research in these domains.
These advancements include spatial imputation in limited observability environments,
modelling spatial teamwork and agent interactions, evaluating indirect defensive con-
tributions, and optimising long-term team formation (TF) with consideration for agent
welfare and availability. While our models are designed to be generalisable, we note that
domain-specific adaptations may be necessary when applying them beyond football,
and extensive model validation is also required for these domains.

7.2 Emerging Challenges

Although each chapter of this thesis includes its own discussion of future work, here we
summarise several overarching challenges for further research. These challenges arise
across multiple areas of this work.

Real-Time Prescriptive Analysis The current prescriptive analytics models developed
in this thesis, which use MCTS search algorithms and linear programming, are designed
to take between 30 seconds and 3 minutes to run to ensure the models reach satisfactory
convergence. However, for real-time applications, such as optimising player spatial
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positioning in real-time or making in-game substitution decisions, these runtimes may
limit practical use, as the game state can change significantly by the time the algorithm
produces a solution. It is likely that the primary use of models in this thesis, and
particularly the spatial teamwork model, would be for post-match analysis. A key area
for future research would be to improve the efficiency of these prescriptive models
towards reaching solutions, thereby increasing their potential for informing decision-
making in real-time during matches. This process would involve exploring ways to
improve algorithm efficiency, such as implementing deep Q-networks within MCTS or
experimenting with other RL-based approaches.

Improved Dataset Depth and Quality The datasets used in this thesis include on-ball
events and tracking data from a season of the South Korean K League 1 and English
Premier League (EPL) data. Additionally, two seasons of EPL events data and historical
injury data were used. These datasets provide a strong foundation for off-ball and
physical player information in the development of AI models for football. As new
datasets become available, such as tracking data that spans a wider range of seasons,
it will be important to validate our approaches across more leagues. This would help
assess how model performance varies between different competitions and seasons,
further improving the robustness of model evaluations. Furthermore, the inclusion of
more advanced training and player physical data could improve the predictive accuracy
of the injury prediction model and the effectiveness of the long-term team selection
model. In the future, as even more detailed datasets emerge, such as body pose data,
our models could be updated to incorporate these new factors. For example, integrating
information on player balance could provide deeper insight into defensive contributions
for the GAPP model in Chapter 5.

Off-Ball Attacking Teamwork and Credit Assignment This thesis offers contributions
to off-ball credit assignment and the optimisation of the spatial positioning of players.
These studies concentrated on defenders, whose purpose is to reduce attacking threats.
Although these contributions address important research gaps, especially given the
limited exploration of off-ball defending in the field, there are also gaps in optimising
attacking positioning to increase threat and in assigning credit for the spatial positioning
of attackers in facilitating space for teammates. The models in this thesis set a foundation
for these research gaps to be addressed, and future work could implement and modify
the spatial teamwork (Chapter 4) and GAPP (Chapter 5) models to focus on attacking
positioning.

Model Validation in Other Team-Based Domains The models presented in this thesis,
as shown in the research retrospective, can be applied beyond football, such as in other
team sports and security. Certain models may require domain-specific modifications



7.3. The Future of AI in Football 163

to enhance their applicability to specific domains. Testing the generalisability of our
models in other team-based areas would illustrate their wider relevance and practical
significance. This validation would also help us better understand the utility of foot-
ball as a testbed for developing and validating models in team-based domains where
acquiring real-world data is more difficult.

7.3 The Future of AI in Football

Our research has made several contributions to understanding how AI can be effectively
applied in football, with a particular focus on the use of spatiotemporal data. However,
rapid developments in data collection and AI models will continue to open up new
areas of potential research. For example, advances in body pose and eye-tracking data
are likely to create many opportunities for more detailed analysis of player behaviour.
This data could extend the work presented in this thesis by enabling a finer-grained
assessment and optimisation of player communication and coordination in matches.
Furthermore, such data would facilitate improved modelling of player intentions, which
may enhance the effectiveness of inverse reinforcement learning (IRL) and imitation
learning (IL) approaches for capturing and replicating typical player behaviours in
specific game situations.

Reinforcement learning is a branch of machine learning (ML) that has seen significant
advances in recent years. However, its application in football analytics is relatively
limited. Existing work includes Rahimian et al. (2021), who use deep RL to optimise
on-ball actions, and Matthews et al. (2012), who use Bayesian RL to optimise fantasy
football lineups. In contrast, this thesis employs search algorithms to optimise spatial
coordination between defenders, as well as team selection and substitutions. Simu-
lated environments like Google Research Football (Kurach et al., 2020) have also been
developed to provide valuable platforms for training RL agents in football scenarios.
Despite these developments, there is still considerable potential for RL to be applied
more broadly in football, such as optimising attacking runs or adapting tactics dynami-
cally during matches. Importantly, football presents several challenges that make it a
complex environment for RL models, including sparse reward signals due to infrequent
goals, and a complex, dynamic environment with many interacting decision-makers
and a vast state space. Despite these difficulties, exploring deep RL, multi-agent RL, and
other advanced approaches on real-world football data offers promising directions for
future research (Radke and Orchard, 2023).

Most current approaches in football analytics focus on pre-match and post-match analy-
sis, providing tools and metrics to evaluate players for team selection and recruitment
(Beal et al., 2020a; Decroos et al., 2019). However, real-time analysis presents a promising
area for future research, offering the potential to deliver actionable insights during
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matches. Such insights could support decisions related to player positioning, tactical
adjustments, and substitutions by leveraging spatiotemporal data that reflects the evolv-
ing state of the game. The key challenge faced by real-time models is the computational
constraints that limit the speed of data processing and analysis. This makes it difficult to
deliver timely insights capable of keeping pace with football’s fast and dynamic nature.
To overcome this, the development of fast, robust AI models and efficient data pipelines
capable of handling large volumes of streaming data is likely to be essential. If these chal-
lenges are addressed, AI systems could provide valuable real-time recommendations,
enabling coaches and analysts to make more informed decisions under the pressures of
a game. A promising direction could be the use of digital twins as virtual replicas of
teams, which can simulate match scenarios in real time. These models could be used
for scenario planning, helping coaching staff explore the potential outcomes of tactical
changes before applying them on the pitch.

Another area likely to be transformed by AI is officiating (Spitz et al., 2021), particularly
in offside decisions. Advances in multi-camera tracking and pose estimation can sup-
port offside technologies, reducing decision times and improving consistency even in
crowded situations. Beyond offside decisions, learned models for foul detection, trained
on league-specific officiating rules, could assist virtual assistant referee processes by
informing decision-making and providing interpretable visual evidence to the referees
(Held et al., 2025). These advancements would also introduce challenges, including
fairness and bias, adaptability to varying stadiums, and the need for transparent proto-
cols that preserve referee authority while leveraging the accuracy of well-calibrated AI
models.

A significant barrier to the widespread adoption of AI models in real-world football
analytics is the issue of trust (Beal et al., 2019). For coaches to rely on these models,
interpretability is essential. However, many state-of-the-art AI techniques, such as deep
neural networks, are black boxes, making it difficult to understand the reasoning behind
their predictions. This challenge is also evident in parts of this thesis, for instance, while
our MCTS algorithm in Chapter 6 can identify optimised team selections and the injury
prediction model can provide feature importance, it is challenging to fully explain why
a particular team configuration is chosen for a match. Consequently, combining human
expert knowledge and explainable AI methods tailored to football analytics represents a
key area for future research. Approaches such as feature importance analysis, attention
mechanisms, and intuitive visualisation tools can enhance the transparency of model
outputs, enabling coaches to better understand and trust the recommendations. This
area of research is vital to bridge the gap between complex AI systems and domain
experts and to ensure that AI tools are trusted within the football community.

The rise of large language models (LLMs) in AI presents new opportunities for enhancing
model explainability in football analytics through natural language. In fact, some models
are already being used to generate explanations for scouting reports and goal probability
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predictions (Rahimian et al., 2025). There are many potential applications of LLMs in
the field beyond these applications, such as for analysing match reports, generating
game commentary, and compiling tactical documents. When combined with structured
data models, LLMs can effectively summarise complex datasets and model insights,
enabling coaches to interact with and understand sophisticated analytics through natural
language, without the need for constant involvement by model developers (Naveed
et al., 2025). However, there exists a number of challenges, including ensuring the factual
accuracy of LLM outputs and adapting these models to the specialised language and
domain knowledge of football. Rigorous verification of these models will be essential to
build trust and prevent the model from outputting misleading or incorrect information
to coaches and analysts.

Our work in this thesis contributes to the field by providing additional data-driven tools
to support decision-making in football. While there are additional human factors that
these models do not capture, such as psychology and individual personalities, it is clear
that they would be most valuable in informing, rather than replacing, human decision-
making (Beal, 2022). This raises questions about the appropriate weight to assign to
data-driven insights and how best to integrate these models within football clubs to
maximise efficiency in addressing the practical challenges faced by coaches. To maximise
the impact of emerging AI tools, close collaboration between data scientists and coaching
staff is likely to be essential, and a continuous feedback loop could be formed through
regular meetings, workshops and collaborative development of analytics tools. As
AI becomes increasingly prevalent across many industries, a key question for football
is the broader impact of emerging models and algorithms, such as those presented
in this thesis, on the competitive dynamics of the sport, especially if their adoption
becomes widespread across many teams. Finally, football is likely to continue to serve
as a valuable real-world testbed for emerging AI technologies, offering a platform to
rigorously evaluate new models in a complex, dynamic environment and helping to
drive progress in the broader field of AI (Tuyls et al., 2021).
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Chapter 8

Conclusions

In this thesis, we have investigated the practical application of artificial intelligence
(AI) to advance football analysis. In particular, we focus on spatiotemporal domains
and challenges such as agent trajectory prediction, agent performance modelling, and
team formation (TF). We also review existing AI implementations in football, focussing
on approaches that leverage spatiotemporal data. It is also identified that football’s
well-defined objectives and rich datasets provide a suitable testbed for developing and
testing new AI models and algorithms. Our research demonstrates the potential for AI
to enhance proactive decision-making and optimise club processes, including training,
tactical analysis, and player recruitment. Throughout the thesis, we have identified
several open challenges in this field and contributed novel approaches that address
these gaps, thereby advancing the state-of-the-art in football analytics.

Our research presents several key contributions and findings. In Chapter 3, we have
shown that an long short-term memory and graph neural network-based model, named
Agent Imputer, can impute player locations from sparse on-ball event data under limited
observability and non-uniform timesteps, outperforming a set of naïve imputation and
machine learning baselines. By using this model, player locations can be estimated to
within ∼6.9m, enabling downstream off-ball analysis, such as physical metrics, player
coverage, team pitch control, and advanced off-ball models like those presented in this
thesis for clubs with limited tracking resources. Next, in Chapter 4, we introduced a
novel spatial teamwork model that captures agent coordination and optimises agent
defence against adversaries. When evaluated using real-world football data, our spatial
teamwork model reduces opponent threat by up to 24% compared to real-world out-
comes, with a 7% reduction achieved compared to an Monte Carlo tree search (MCTS)
based approach that ignores inter-agent interactions.

In Chapter 5, we introduced a novel framework for quantifying indirect agent contri-
butions in team-based defence and proposed two new defensive metrics. Our graph
attention network-based model, named GAPP, predicts football pass reception with
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a 6.4% reduction in binary cross-entropy (BCE) loss compared to the best-performing
baseline. We demonstrated how this approach advances off-ball defensive analysis in
football and identified a relationship between the proposed defensive metrics and future
on-ball defensive actions. Finally, in Chapter 6, we present a TF and dynamic agent
replacement model that incorporates agent unavailability risk learned from real-world
data, expanding on existing TF frameworks that typically focus on agent skills or travel
times. Using MCTS, the model effectively balances short-term team performance with
long-term injury risk. When applied to football team selection and substitutions, the
model achieves a ∼1% improvement in long-term performance compared to simulated
human decision-making, while reducing first-team injuries by ∼15%. Additionally,
the model achieves a ∼3% reduction in wages inefficiently spent on injured players,
which equates to approximately £300,000 saving per club per season for English Premier
League teams, highlighting the competitive and financial advantages of this strategy.

Building on prior work in the field (Beal, 2022), which was limited to event data and
exposed tracking data as a key factor for more in-depth analysis, this thesis has evaluated
how AI can advance football analytics by leveraging emerging spatiotemporal datasets.
Practically, we have made contributions that expand access to player tracking data for
clubs and develop new methods using tracking data to evaluate how players coordinate
spatially with teammates and contribute indirectly to game outcomes through off-
ball positioning. On a prescriptive level, we show how these insights can be used to
optimise spatial coordination and inform team selection and substitution strategies.
Together, these contributions enhance both the availability and practical use of off-
ball spatiotemporal data in football. Theoretically, our contributions include novel
approaches for imputing agent locations under limited observability and irregular
timesteps, optimising agent coordination and quantifying indirect contributions of
agents in team defence, and designing a TF framework that balances long-term player
welfare with team performance.

In conclusion, the work presented in this thesis includes several novel models that
contribute to both football analytics and the wider AI community. On a practical level,
our work allows clubs with limited tracking resources to access and perform off-ball
analysis, introduces new metrics and recommendations to enhance pre- and post-match
off-ball tactical analysis and scouting, and provides data-driven recommendations for
team selection and substitutions both before and during matches. We envision these
models complementing domain expertise to support informed human decision-making,
and we see building trust in these models as a key objective. Moreover, we contribute
to general AI research on team prediction, evaluation, and optimisation, validating
our models on real-world data. This opens potential pathways for these models to be
validated in other team-based domains, such as other team sports and security. Finally,
we highlight key areas for future research, especially as more in-depth datasets become
increasingly accessible, setting the stage for further AI applications in football analytics.
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Appendix A

Appendix for Multi-Agent Spatial
Imputation to Infer Player Movement

In this appendix section, we give additional details on the models and data used in
Chapter 3 of this thesis. Specifically, we discuss the implementation of the Agent Imputer
model (Section A.1) and give additional details on the dataset used (Section A.2).

A.1 Implementation Details

In this section, we list the compute resources used in the work in Chapter 3 (Section
A.1.1), and provide further details on the feature embedding process (Section A.1.2).

A.1.1 Compute Resources

This work was implemented in Python 3.8.8, and our machine learning functionality
used PyTorch.1 Model training was carried out on a remote graphics processing unit
(GPU) service using a NVIDIA V100 GPU with 32 GB of video random access memory
(VRAM) facilitated by Google Colab.2 This used Compute Unified Device Architec-
ture (CUDA) to enable training on the GPU. Training the Agent Imputer model took a
maximum of three hours for each fold.

A.1.2 Feature Embedding

We embedded our categorical variables (agentRole, agentSide, agentObserved, goalDiff,
eventType) using random embedding vectors where each vector had size equal to the

1https://pytorch.org/
2https://colab.research.google.com/

https://pytorch.org/
https://colab.research.google.com/
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square root of the number of classes for each variable. This increased the total categorical
feature dimensionality from 5 to 14. Future work should consider the use of trainable
embeddings. We normalise spatial features using the MinMaxScaler for the X and Y
directions individually, and for time-based features, we use the RobustScaler from the
scikit-learn package.3 This appropriately scales time whilst being robust to outliers
caused by abnormally long periods between events (e.g., an injury).

A.2 Dataset Details

In this section, we provide further details on the dataset structure (Section A.2.1) and
player positions (Section A.2.2) in Chapter 3.

A.2.1 Dataset Structure

The ground truth tracking dataset we use logs player position at 30 Hz. To align player
tracking with event data, we find the closest tracking timestamp to the event timestamp
(usually within a few milliseconds). For our data, the set of possible event types is as
follows:

• Attacking Events - Pass, Pass Received, Foul Won, Shot, Take-On, Ball

Received, Control Under Pressure, Carry

• Defensive Events - Foul, Duel, Tackle, Save, Intervention, Recovery,

Interception, Block, Clearance, Error, Goal Conceded, Aerial

Clearance, Own Goal

• Other Events - Offside, Pause, Deflection, Substitution

The player who receives a pass is not highlighted for a pass event, and a pass received
event is instead referenced. This pattern is consistent throughout the data, whereby
related events are referenced for each event.

A.2.2 Player Positions

The event data provided gives a label for player role in each game. There are 16 unique
roles which we pass into our model. When applying downstream analysis, we group
roles for clarity and to increase the amount of data for each role. Below, we present the
role groups (bold) and roles within each group:

3https://scikit-learn.org/stable/

https://scikit-learn.org/stable/
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• Goalkeeper - Goalkeeper

• Central Defender - Centre Back, Central Defensive Midfielder

• Wide Defender - Left Back, Right Back, Left Wing Back, Right Wing Back

• Central Midfielder - Central Midfielder

• Wide Midfielder - Left Midfielder, Right Midfielder

• Central Attacker - Central Attacking Midfielder, Centre Forward

• Wide Attacker - Left Winger, Right Winger, Left Forward, Right Forward

The event and tracking data used in Chapter 3 were provided by Bepro Group Ltd.
Inquiries regarding access to these data can be made at: https://www.bepro.ai/.

https://www.bepro.ai/
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Appendix B

Appendix for Learning and
Optimising Spatial Teamwork in
Multi-Agent Teams

In this appendix, we provide additional information about various aspects of the work
presented in Chapter 4 of this thesis. Section B.1 outlines the compute resources em-
ployed in the work. Section B.2 presents the model structure, hyperparameters, and
inputs for the transition function described in Section 4.4. Finally, additional implemen-
tation details for Chapter 4 are shared in Section B.3.

B.1 Compute Resources

This work was implemented using Python 3.8.15. Our Monte Carlo tree search (MCTS)
algorithm was evaluated on every on-ball pass and shot event in our dataset of 34
K League 1 games, comprising 34,112 events. For Experiments 1 and 3 in Chapter 4,
we tested model performance using 1,000 simulations per event. For each event and
defending player in the dataset, we executed the MCTS algorithm for thirty seconds,
and the action with the highest value at the end of this period was selected. The linear
programming algorithm (Spatial teamwork) typically takes between 30 and 90 seconds to
execute.

Simulations were executed in parallel on the IRIDIS High Performance Computing
Facility at the University of Southampton. Each cluster node was allocated 4GB of
memory.

The event and tracking data used in Chapter 4 were provided by Bepro Group Ltd.
For inquiries regarding access to these data, the company can be contacted directly at:
https://www.bepro.ai/.

https://www.bepro.ai/
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B.2 Transition Function Model

In Section 4.4, we introduced an agent location prediction model adapted from the
Agent Imputer described in Chapter 3. This model processes state information to predict
future player positions, which are then used within our state transition function. In
this appendix subsection, we provide details of the curated input data used for training
(Section B.2.1), followed by a description of the model architecture along with the
implementation details of the baseline methods (Section B.2.2).

B.2.1 Input Data

The following per-player features are used as input to our player location prediction
model, with a separate feature set constructed for each player in order to predict their
future location:

• Player location data - Past X location, Past Y location, Past X velocity,

Past Y velocity

• Ball location data - Past X ball location, Past Y ball location, New X

ball location, New Y ball location

• Contextual data - Event time difference, Player role, Team on the ball

(boolean), Player on the ball (boolean)

The numeric features are normalised using the RobustScaler from scikit-learn.1 The
event time difference is computed using a ball travel time model from the literature
(Spearman, 2018). Player roles are one-hot encoded. Overall, this results in an input
tensor of shape (b, 22, 28), where b is the batch size (256 for this model), 22 corresponds
to the number of players and 28 to the features (including encodings). The target is the
player’s next (x, y) location.

B.2.2 Model Structure and Training

The model structure matches the model introduced in Chapter 3, with the exception that
we use an input sequence length of one instead of five. The graph component of the
model is fully connected across players. The model is trained over 100 epochs with a
learning rate of 0.0005 and a batch size (b) of 256. Model hyperparameters were selected
empirically through trial and adjustment; no formal hyperparameter tuning strategy
was applied.

1https://scikit-learn.org/stable/.

https://scikit-learn.org/stable/.
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Machine learning baselines, used as comparators to the transition function model, are
constructed using the scikit-learn package. The graph neural network (GNN) baseline
extracts only the GNN component of the full model and is trained under the same setup
as the complete model. Testing is conducted with approximately a 95/5 train/test split,
corresponding to two fully unseen games for testing.

B.3 Further Implementation Details

In this section, we present additional implementation details, including the software
packages used to form subteams (Section B.3.1) and the attack location prediction model
used in Section 4.5.4 (Section B.3.2).

B.3.1 Subteam Formation

As described in Section 4.3.3, potential subteams are identified using proximity-based
K-means clustering. At each timestep, clustering is based solely on agent positional
data. The scikit-learn package is used for both K-means clustering and silhouette
coefficient computation to assess cluster quality. To improve stability, each clustering
run is initialised 50 times, keeping the solution that minimises inertia. This number
of initialisations was determined empirically, balancing between cluster reliability and
computational efficiency.

B.3.2 Attack Location Prediction Model

The attack location prediction model (introduced in Section 4.5.4) uses defender and
subteam contributions as inputs to a neural network that predicts the most likely zone
of the next pass or shot. The pitch is discretised into a 6 × 4 grid (24 zones), and model
outputs correspond to probabilities over these zones. The model is implemented in
Keras.2 Its specification is summarised below.

Inputs (features) Subteam contribution features and individual defender contribution
features, aligned to the 6 × 4 zone grid.

Model Architecture (Keras) Conv2D(32, (3,3), activation=’relu’) → Flatten()

→ Dense(64, activation=’relu’) → Dense(24, activation=’sigmoid’)

Targets Zone-wise probabilities over 24 pitch zones for the next pass or shot event.

Training setup 25 epochs, batch size = 64, learning rate = 0.01.
2https://keras.io/

https://keras.io/
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Appendix C

Appendix for Evaluating Off-Ball
Player Contributions

In this appendix section, we provide details on the implementation of our GAPP model
presented in Chapter 5 (Section C.1), as well as information about the dataset used
to validate our GAPP approach and the new defensive metrics for evaluating off-ball
player contributions (Section C.2).

C.1 Implementation Details

In this section, we explain the compute resources used in this work (Section C.1.1), and
give further details on our input feature preparation (Section C.1.2).

C.1.1 Compute Resources

This work was implemented using Python 3.8.15, with our GAPP model and baseline
graph neural network method developed in PyTorch.1 Model training was conducted
on a remote graphics processing unit (GPU) service using an NVIDIA T4 GPU with 51
GB of video random access memory (VRAM), which was facilitated through Google
Colab2. Training the GAPP model required a maximum of three hours for each fold.
Inference for the GAPP model, used to compute the defender influence (DI) and defender
performance (DP) metrics, was performed on a high-performance computing (HPC)
facility. We utilised 360 parallel nodes, each with 4 GB of random access memomry
(RAM), to handle the large-scale dataset used in our analysis. The specific HPC facility
was the IRIDIS High Performance Computing Facility at the University of Southampton.

1https://pytorch.org/
2https://colab.research.google.com/

https://pytorch.org/
https://colab.research.google.com/
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The XGBoost baseline was implemented using the XGBoost library.3 The XGBoost
model has the following hyperparameters: max_depth = 6, eta = 0.1, subsample =
0.8, colsample_bytree = 0.8. The Random forest model for the Dauxais (Dauxais and
Gautrais, 2018) baseline was implemented using the scikit-learn library4 and uses
200 trees (matching the original paper) with a max_depth of 6.

C.1.2 Feature Preparation

The categorical features in our input feature set to the GAPP model (Section 5.3.1) are
represented as binary indicators, as all of them are boolean variables. For numeric
features, we apply normalisation using the StandardScaler from the scikit-learn

library.

C.2 Dataset Details

In this section, we provide additional details about the dataset used in this work. As
noted in Section 6.7, the dataset consists of 306 games from the 2023/24 English Premier
League (EPL) season. However, not all games from the season are included, and we
normalise for the number of events each team participated in. Table C.1 lists the teams
included in the dataset along with the corresponding number of games.

TABLE C.1: Game count for each team in our EPL 2023/24 dataset.

Team Game Count Team Game Count
Liverpool 33 Chelsea 31
West Ham 33 Brentford 31
Burnley 33 Man United 31
Aston Villa 32 Nottingham Forest 30
Fulham 32 Arsenal 30
Man City 32 Everton 30
Luton Town 32 Tottenham 29
Bournemouth 32 Newcastle 28
Crystal Palace 31 Sheffield United 27
Brighton 31 Wolves 24

Our dataset includes both on-ball events and tracking data for these games.

Tracking Dataset The tracking dataset used for training and validating our GAPP
model, as well as for computing the DI and DP performance metrics, records the
locations of all players and the ball at a frequency of 30 Hz. Each tracking frame also

3https://xgboost.readthedocs.io/en/stable/python/
4https://scikit-learn.org/stable/

https://xgboost.readthedocs.io/en/stable/python/
https://scikit-learn.org/stable/
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includes a frame number, timestamp, and unique identifiers for each player and team.
Our datasets use relative coordinates, ranging from the bottom-left corner of the pitch
(0,0) to the top-right corner (105,68), from the perspective of the attacking team. The
attacking direction is configured to always be from left to right.

Event Dataset Our dataset includes the timestamp and location of each on-ball event,
along with the event type and the player responsible for the action. The possible event
types can be categorised into the following:

• Attacking events - Ball carry, Cross, Pass, Shot

• Defensive Events - Challenge, Clearance, Rebound

The outcome of an event, such as the location of the next pass, is determined by the
location of the subsequent on-ball event in the dataset.

The event and tracking data used in Chapter 5 were provided by Gradient Sports.
For inquiries regarding access to these data, the company can be contacted directly at:
https://www.gradientsports.com/.

https://www.gradientsports.com/
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Appendix D

Appendix for Optimising Short- and
Long-Term Team Selection

In this appendix section, we describe the compute resources used for the team selection
model in Chapter 6 (Section D.1). The model hyperparameter ranges used for hyperpa-
rameter tuning are provided in Section D.2. We provide further details on the datasets
used in Chapter 6 in Section D.3. Finally, we present an overview of all injury feature
contributions in Section D.4.

D.1 Compute Resources

This work was implemented in Python 3.8.15. For the match reward model (Sec-
tion 6.5), player-level features were standardised using the StandardScaler from the
scikit-learn1 package. Match outcomes were predicted using the PoissonRegressor

from scikit-learn. The pre-game policy employed the LogisticRegression model
from scikit-learn, while the in-game policy used the same class with the multi_class
parameter set to multinomial for multi-class classification.

For the injury probability model (Section 6.4), numerical features were also standardised
using StandardScaler. The model itself was implemented with XGBClassifier from
the xgboost2 package. Machine learning baselines used for comparison were constructed
using scikit-learn. All experimental graphs were generated using the matplotlib3

library.

As described in Section 6.7.6, our experimental analysis involves simulating 500 seasons
for each team and strategy in the 2018/19 English Premier League (EPL) season. Given

1https://scikit-learn.org/stable/
2https://xgboost.readthedocs.io/en/stable/python/
3https://matplotlib.org/

https://scikit-learn.org/stable/
https://xgboost.readthedocs.io/en/stable/python/
https://matplotlib.org/
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the computational complexity of our problem and the resulting runtime demands of
Monte Carlo tree search (MCTS), these simulations were executed in parallel on a com-
pute cluster using dual 2.0 GHz Intel Xeon Gold 6138 processors, with each simulation
allocated ∼4GB of random access memory (RAM). The specific high performance com-
puting facility was the IRIDIS High Performance Computing Facility at the University
of Southampton. Each simulated season follows a standardised procedure:

• For every match, the pre-game MCTS algorithm is run for three minutes to select
the lineup with the highest estimated value, considering only actions that have
been selected at least 200 times to reduce the impact of noise.

• During each match, at every timestep, MCTS is used with a 30-second search to
determine the number of substitutions, requiring that an action has been selected
more than the total number of selections divided by the number of possible actions
plus one.

• Once the number of substitutions is determined, a two-minute MCTS search is
performed to select the specific player to substitute, considering only the top 20
most frequently selected actions.

D.2 Model Hyperparameters

Optimal hyperparameters for the injury probability model and the comparative baselines
presented in Section 6.4 were found using grid-search cross-validation. Below, we list
the hyperparameter ranges explored for each baseline, along with the best-performing
values selected.

XGBoost Grid search ranges:

• max_depth: [3, 4, 5]

• learning_rate (eta): [0.01, 0.015, 0.02, 0.025, 0.03, 0.04, 0.05]

• n_estimators: [100, 200, 400, 600]

• alpha: [1, 5, 10, 20, 50]

Optimal values: max_depth = 3, learning_rate = 0.01, n_estimators = 400, alpha = 20
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Logistic Regression Grid search ranges:

• C: [0.1, 1, 10]

• solver: [’liblinear’, ’newton-cholesky’]

Optimal values: C = 0.1, solver = ’newton-cholesky’

Random Forest Grid search ranges:

• max_depth: [3, 4, 5]

• n_estimators: [100, 200, 300, 400]

• min_samples_split: [2, 3, 4]

Optimal values: max_depth = 4, n_estimators = 300, min_samples_split = 4

Neural Network Grid search ranges:

• hidden_layer_sizes: [(10, ), (25, ), (50, ), (10, 10), (25, 25), (50,50)]

• learning_rate_init: [0.01,0.02,0.03,0.04,0.05]

• alpha: [0.001, 0.01, 0.1, 1]

Optimal values: hidden_layer_sizes = (10, ), learning_rate_init = 0.05, alpha = 1

For the pre-game real-world policy logistic regression model (Section 6.6.3.1), we used
the default logistic regression parameters and lbfgs solver, as these provided robust per-
formance in preliminary experiments. For the in-game real-world policy, the multi-class
logistic regression models (Section 6.6.3.2) were implemented using the multinomial

option for the multi_class parameter and the lbfgs solver. The Poisson regression
models used for game and timestep outcome prediction, as well as the baseline Maher
models, (Section 6.5) were implemented with PoissonRegressor using alpha = 1× 10−9

and tol = 1 × 10−9.

For our MCTS algorithm, the exploration constant cpuct was set to 2 for both the pre-
game MCTS and the substitution number stage of the in-game MCTS, while a higher
value of cpuct = 200 was used for the player substitution selection stage. These values
were determined empirically by monitoring the convergence of the Q-values across
multiple runs and selecting the values that yielded the most stable and high-quality
suggestions. The time budgets allocated for each MCTS run (see Section D.1) were also
chosen empirically, with the goal of achieving a practical balance between computational
efficiency and the quality of the MCTS suggestions.
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D.3 Dataset Details

In this paper, we use three key data sources:

On-ball Events Data We utilise detailed on-ball event data from StatsBomb for the
2017/18 and 2018/19 EPL seasons. This dataset includes match schedules, player se-
lections, minutes played, player positional roles (e.g., Goalkeeper, Midfielder), team
formations, final scorelines, and granular on-ball actions (such as shots, passes, and
dribbles), along with their timing and location on the pitch. We use this data to extract
features for both the injury probability model and the match prediction model. Addi-
tionally, the match schedule information is used to replicate the real-world sequence
and timing of games within our Markov decision process (MDP) framework. Event data
from StatsBomb can be publicly accessed at: https://statsbomb.com/.

Injury Data We collect injury data from Transfermarkt for all players participating in
the 2017/18 and 2018/19 EPL seasons. This dataset covers each player’s injury history,
including injury type, date, and duration. We process this data to generate injury-related
features for the injury probability model (see Section 6.4) and to create the target variable
for model training (i.e., whether a player was injured for each game). This injury data is
publicly accessible from Transfermarkt at: https://www.transfermarkt.co.uk/.

Wage Data To assess the financial implications of injuries in our experimental evalua-
tion (Section 6.7.7), we use estimated EPL wage data for all players from the 2018/19
season, sourced from Capology. This wage data can be publicly accessed at: https:
//www.capology.com/.

D.4 Injury Feature Importance

Figure D.1 shows the contribution, denoted as the Shapley Additive Explanations
(SHAP) value, of all features used in the player injury probability model towards player
injury risks across our whole validation dataset.

Clubs can use this information to explain why players are at high injury risk. SHAP
values can be extended to single-player predictions, allowing clubs to understand which
features contribute to a high risk for a specific player in a particular game. Additionally,
clubs may use this information to adapt training and recovery sessions to mitigate the
factors that are contributing most to the player’s high injury risk.

https://statsbomb.com/
https://www.transfermarkt.co.uk/
https://www.capology.com/
https://www.capology.com/
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FIGURE D.1: SHAP values of all features for the injury risk model.
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