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Machine Learning Frameworks for Interpreting
and Predicting Player Activity Patterns in Gaelic

Football

Valerio Antonini

Abstract

Wearable sensors in team sports enable analysis of massive amounts of movement
data collected during training and competition, with researchers primarily focused
on determining physiological demands and running profiles of athletes. Recent ad-
vancements in machine learning have expanded these analyses, enabling prediction
of physiological metrics and supporting data-driven decision-making by coaches and
practitioners. However, research applying machine learning to wearable sensor data
remains in early stages. This thesis develops a feature engineering framework that
transforms raw sensor data from elite Gaelic football into structured datasets, sub-
stantially reducing data size while preserving analytical information and enabling
machine learning models to forecast high-speed distance covered by players in the
second half of matches. Spatio-temporal graphs of player actions reveal spatial
movement patterns across consecutive time windows. To anticipate bursts of player
effort, a metabolic power-based metric called the Metabolic Work Ratio is intro-
duced for prediction. Machine learning models predict this ratio in upcoming time
windows using features from current and previous periods. Finally, to reduce depen-
dence on video footage and manual annotation, shooting events are classified using
only single-team sensor data (without ball tracking or opposing team data) through
pairwise movement relationships between players, represented as adjacency matrices

of sensor variable differences, which serve as machine learning input features.

XX1V



Chapter 1

Introduction

Over the past two decades, wearable sensor technology has transformed athlete
monitoring in elite team sports, generating millions of data points per match. The
integration of machine learning into this data-rich environment has accelerated dra-
matically, with the global sports analytics market growing from $4.5 billion in 2024
to a projected $14.5 billion by 2030 [1]. Professional organizations across football,
basketball, and other team sports have demonstrated measurable improvements in
player management and performance optimization using machine learning applica-
tions [2], [3].

However, despite this commercial value and the explosion of data and computa-
tional capability, a fundamental challenge persists in sports analytics research. The
promise of extracting actionable insights from wearable sensor data through machine
learning has not been matched by the development of systematic methodologies
that enable such work. While researchers have access to unprecedented volumes
of movement data captured during competitive matches, critical questions about
how to transform these raw sensor streams into meaningful analytical frameworks
remain largely unaddressed in the academic literature. The gap between techno-
logical capability and methodological foundation has significant implications for the
advancement of sports analytics.

This thesis addresses this gap by developing transparent, scientifically rigorous

frameworks for four fundamental methodological challenges: systematic transforma-
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tion of raw high-frequency sensor data into structured datasets suitable for analysis;
spatial analysis methods for understanding where and how movement patterns occur
within the playing area; predictive modeling frameworks for forecasting metabolic
workload transitions during competitive matches; and automatic extraction of tacti-
cal context from movement patterns without manual video annotation. By delivering
documented, reproducible frameworks addressing these core challenges, this thesis
provides a foundation for advancing sports analytics through open, interpretable
methods that facilitate transparency, validation, and actionable insights.

This chapter presents the research context, motivation, and structure for this

dissertation.

1.1 Background: From Statistics to Machine Learn-
ing in Sports

Sport analytics is defined as the use of statistical methods and predictive models
to extract knowledge from historical data to improve players’ physical and techni-
cal performances and to support sport coaches in making decisions [4]. Data in
sports analytics originate from multiple sources: wearable sensors, video analysis,
questionnaires, and fitness tests.

In the last twenty years, elite sports have changed significantly, moving from de-
cisions based mainly on intuition and experience to using data-driven approaches to
improve performance [5]. This evolution is more than just new technology: it funda-
mentally changes how sports coaches and practitioners measure and improve athletic
ability. Modern sports analytics gained global attention in 2003 with ”Moneyball:
The Art of Winning an Unfair Game” [6], which described how the Oakland Athlet-
ics used statistical analysis to compete with richer teams in Major League Baseball.
However, the application of analytical concepts in sports has deeper roots, with re-
searchers in the 1950s and 1980s pioneering the use of mathematical equations and

statistical methods to quantify team performance and player contributions [7], [§],
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[9]. What guided these early studies was a fundamental principle: systematic anal-
ysis of performance data could reveal patterns and opportunities that are difficult

to observe and quantify even for experienced coaches.

Between these early statistical foundations and the current era of wearable sen-
sor data, a series of methodological developments in mathematics, statistics, and
machine learning fundamentally changed how sports are analyzed and how perfor-
mance is understood. In the 1990s and 2000s, event-based data collection (tracking
discrete actions such as passes, shots, and tackles) enabled the construction of per-
formance indicators that moved analysis beyond simple counts of goals and assists
[10]. The application of probabilistic modelling to shot data produced what is now
known as expected goals (xG), a metric that assigns each shot a probability between
0 and 1 of resulting in a goal, based on factors such as distance to goal, angle, and
contextual variables such as shot type and assist type [11]. The concept emerged
independently among several analysts in the early 2010s, with Sam Green at Opta
and Brian Macdonald’s work presented at the 2012 MIT Sloan Sports Analytics
Conference among the earliest documented formulations [11]. From these analyti-
cal origins, xG has become one of the most widely adopted metrics in professional
football, now used throughout clubs’ analytics departments to influence decisions
ranging from player transfers to team performance evaluation [11]. It is displayed
routinely as a broadcast graphic on television coverage including the BBC’s Match
of the Day and Sky Sports, and is referenced by managers and pundits as a stan-
dard tool for evaluating the quality of chances created and conceded. The trajectory
of xG from an analyst’s model to a mainstream broadcast statistic illustrates how
methodological advances in sports analytics can reshape how the game is described,

evaluated, and ultimately played.

A parallel and equally concrete example of how statistical methodology reshaped
sport can be found in basketball. The application of expected points per shot anal-
ysis led to what is now known as the three-point revolution in the NBA. The ex-

pected points per shot, a straightforward probabilistic calculation, demonstrated
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that three-point attempts and shots close to the basket yield higher expected value
than mid-range two-point shots. Pioneered by Houston Rockets general manager
Daryl Morey from 2012 onwards, this data-driven strategy fundamentally changed
how the game is played: three-point attempts across the NBA increased from ap-
proximately 12.7 per game in 1998 to over 31 per game by the late 2010s, while
mid-range shots declined sharply as teams league-wide adopted the same analyti-
cal logic [12]. This is one of the clearest documented cases of a statistical insight

(expected value) directly altering the tactical structure of a sport at every level.

Today’s sports analytics extends beyond these statistical precedents through
the introduction of wearable sensor technology during training and games, creat-
ing unprecedented availability of high-frequency movement data. Modern Global
Navigation Satellite Systems (GNSS) devices combined with Inertial Measurement
Units (IMUs) operating at 10Hz and 100Hz, respectively, generate millions of data
points per match [13]. Due to their low cost and portability, such sensors have been
widely adopted to assess physical activity [14, 15] and external load in team sports
[16-18]. These devices record the physical load of athletes during training sessions
and games, enabling analysis of match running performance [19] and identification

of periods of intense play [20].

At the core of this transformation is the combination of wearable sensor tech-
nology, machine learning, and sports science, which together offer new insights into
player movement and team dynamics [21]. However, the availability of data does
not guarantee improved outcomes: the critical challenge lies in transforming these
vast amounts of data into actionable insights that coaches and practitioners can in-
terpret and apply [21, 22]. This is particularly challenging in team sports, where the
complexity of coordinated movement, tactical formations, and opponent interactions
creates complex analytical demands. In team sports like soccer, rugby, and Gaelic
football, athletes engage in continuous, high-intensity intermittent exercise char-
acterized by frequent accelerations, decelerations, changes of direction, and spatial

repositioning [19, 23, 24]. With advances in machine learning, the focus has changed
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from analyzing past games to also predicting future outcomes, allowing for potential

interventions to improve game strategies or player performance [5].

1.2 Gaelic Football: Context and Analytical Chal-

lenges

Gaelic Football, one of Ireland’s national sports, combines elements of soccer, rugby,
and basketball into a unique game that requires exceptional cardiovascular fitness,
explosive power, and tactical intelligence. The sport is governed separately for male
and female players: the Gaelic Athletic Association (GAA) oversees the male code,
while Ladies Gaelic Football, administered by the Ladies Gaelic Football Associa-
tion (LGFA), follows a largely similar but distinct set of rules and has a separate
competitive structure. The physical demand profiles, positional structures, and re-
search literature differ between codes. This thesis focuses exclusively on male Gaelic
football. Gaelic football is an amateur sport: players do not receive any payment.
The size of the playing field is one of the largest in team sports (130-145 meters
long and 80-90 meters wide). The substantial distances and the nature of the game
make the sport very demanding for the players. Gaelic football is played at club
(sub-elite), college, and inter-county (elite) levels [25]. Matches are composed of two
halves of 30 minutes, except for elite inter-county games where the length of each
half is 35 minutes. Each team is composed of 15 players, including a goalkeeper, two
defensive lines of three players each, two midfielders, and two offensive lines of three
players each, with up to five substitutions permitted during a match [26]. Each end
of the field has a goal with a crossbar, similar to the one used in rugby. If the ball
goes over the crossbar and between the posts, it is worth one point, while if the ball
goes under the crossbar and between the uprights, it is a goal and is worth three
points [26]. The ball is round, similar to a soccer ball, and may be played using
hands or feet, with both short and long passes. Key playing skills include catching

high balls, accurate long kicks, passing, solo running by kicking and catching the
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ball, and blocking opponents’ plays [27].

The body of research on Gaelic football spans both elite inter-county and sub-
elite club competition. While this thesis focuses primarily on elite inter-county
players, findings from club-level studies are referenced where they offer relevant
contextual evidence on the demands and characteristics of the game and are clearly

distinguished from inter-county data throughout.

Elite players cover an average of 8 160-9,222 meters per match, with signifi-
cant differences between playing positions, with midfielders running the greatest
distances and performing the most high-intensity running [23], [19]. Analysis of
different match periods reveals systematic declines in running performance across
quarters, with high-speed running distance decreasing by 8.8%, 15.9%, and 19.8%
in the second, third, and fourth quarters compared to the first [19]. The acceler-
ation profile of elite Gaelic football players has been characterized by an average
of 166 + 41 accelerations per match, with players covering approximately 1,563 +
meters at speed of >17 km/h and 524 £ 190 meters at speed >22 km/h [24]. The
mean acceleration distance averages 267 + 45 meters, distributed between 1245
accelerations per b-minute period [24]. Significant positional differences exist in ac-
celeration demands, with half-backs, midfielders, and half-forwards performing the
highest number of acceleration movements, covering greater distances while accel-
erating compared to full-backs and full-forwards [28]. These findings establish that
Gaelic football creates position-specific physical demands that change during the

match [19], [24], [28].

To contextualize these running and acceleration demands within the broader
landscape of field-based invasion sports, elite rugby union players (professional club
and international level) cover approximately 6,715-6,953 meters per match [29],
[30], with backs spending approximately 5.6-7.5% of total match distance in high-
intensity running zones (18-24.1 km/h) [30], and performing approximately 85-89
acceleration efforts exceeding 1.5 m/s* per match [29]. These values are notably

lower than those recorded in elite inter-county Gaelic football. In comparison, Aus-
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tralian Football League (AFL) players cover substantially greater distances of ap-
proximately 11,000-13,000 metres per game, with midfield players demonstrating
greater physical demands than forwards and defenders [31, 32]. Approximately 65%
of total AFL match time is spent at low intensities below 8 km-h~!, while players
perform roughly 240 moderate accelerations (>4 km-h~! in 1 s) and spend approxi-
mately 5 minutes running above 18 km-h~! per game [31]. Match intensity in AFL
has evolved across discrete periods, with rule changes, interchange rotations, and
evolving coaching strategies identified as primary drivers of fluctuations in both vol-
ume and intensity [32], further highlighting how the physical demands of field-based

invasion sports are shaped by sport-specific contextual factors.

Research examining performance indicators at the senior club (sub-elite) level
has revealed that six variables affect significantly the difference between winning and
losing teams, with three directly related to scoring (points, number of scores, and
total score) and three related to the effective use of possession (possession/scores
ratio, turnover rate, and scores per possession) [33]. Post-match recovery studies
have demonstrated that competitive Gaelic football matches at the senior club level
(sub-elite) cause significant neuromuscular and perceptual disturbances, with per-
ceptual responses declining by 27.6% and countermovement jump height decreasing
by 3.9% immediately at full-time. The full recovery of neuromuscular variables oc-
curred at 48 hours post-match despite prolonged elevation in creatine kinase levels
[34]. A systematic review and meta-analysis of injury epidemiology found that the
total injury incidence in Gaelic football was 10.7 injuries per 1000 hours of exposure,
with match incidence substantially higher at 55.9 injuries per 1000 hours compared
to training at 4.6 injuries per 1000 hours, and the lower limb accounting for over

70% of all injuries, with hamstring injuries representing 22-24% of total injuries [25].

While earlier studies have described the key physical and tactical demands of
Gaelic football, recent research methods focus on more advanced analysis of player
and team performance. This methodological advancement reflects a trend in sports

science, where traditional statistics are being complemented by data mining tech-
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niques and machine learning or deep learning applications. In Gaelic football, re-
searchers are increasingly applying advanced data science and sports analytics meth-
ods to obtain deeper insights from athletes’” data, moving from basic descriptions to

approaches that can explain and predict performance.

A modified Elo rating system adapted for inter-county competition demonstrates
how established statistical frameworks from other domains can be successfully ap-
plied to Gaelic football contexts, in this case correctly forecasting match outcomes
in 72.9% of cases across a six-year period [35]. The original Elo rating system
assigns chess player ratings that update after each match proportional to the differ-
ence between actual and expected results [36]. Unsupervised clustering techniques,
specifically spectral clustering, combined with the elbow method, have been used
to derive Gaelic football-specific velocity thresholds for referees, replacing generic
categorizations with data-driven thresholds tailored to the unique demands of the
game [37]. The logistic regression model has emerged as a valuable technique for
quantifying shot quality in Gaelic football, with features incorporating spatial vari-
ables (distance, angle, field location), contextual factors (pressure, shot type), and
individual characteristics to predict scoring probability [38], [39]. In this research,
features refer to computed attributes derived from raw sensor data using mathe-
matical operations (such as summation, averaging, or finding maximum values).
Features can represent properties of time segments (for example, duration in sec-
onds, distance covered in meters, maximum speed in m/s) and typically correspond
to columns in a dataset. Throughout this thesis, the terms ”features” and "metrics”

are used interchangeably to describe these attributes.

Machine learning approaches were used to model the relationship between ex-
ternal training load metrics and perceived exertion, with random forest showing
the best results for predicting players’ perceived load responses using GNSS-based
and wellness variables [40]. Most recently, advanced machine learning techniques
have been applied to address the problem of limited sample sizes in elite athlete

monitoring. Synthetic data generation using Tabular Variational Autoencoders has
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been used to augment real-world datasets, enabling more robust model training for
performance attenuation prediction [41]. Complementary work has explored the ap-
plication of data balancing techniques (SMOTE, ROSE, ADASYN) and explainable
AT methods (SHAP values, principal component analysis) to identify key predictors
of post-match performance decline from multimodal athlete monitoring data [42].
Despite the number of studies in the last years, Gaelic Football remains un-
derexplored compared to other invasion field-based team sports [43], like soccer,
rugby, or Australian football. Due to the unique characteristics of the game, some
of the analytical frameworks developed for other sports may not work directly in
this context. Furthermore, most Gaelic Football analytics research has focused on
descriptive statistics and summary performance metrics, with limited exploration
of data mining methods and machine learning applications. This gap represents a
challenge: developing analytical methods specifically designed for Gaelic Football’s

distinctive movement patterns, tactical structures, and data availability limitations.

1.3 Problem Statement

The adoption of wearable sensor technology in Gaelic football has grown substan-
tially in recent years. By 2020, the majority of elite inter-county male GAA teams
were wearing athlete monitoring devices [44], with Ladies Gaelic football experienc-
ing a 235% increase in GPS technology usage between 2021 and 2024, compared to
a 137% increase in the men’s game [45]. This widespread adoption has generated
unprecedented volumes of high-frequency movement data across the sport. Despite
the wide adoption of wearable sensor technology in elite team sports, the current
analytical approaches suffer from four fundamental limitations that prevent coaches

and sport scientists from fully leveraging sensor data for performance optimization.

1. The Methodological Transparency Problem. While wearable sensors
combining GNSS and IMU technologies are widely used in team sports, gen-

erating millions of data points per match, academic research and commer-
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cial applications lack transparent, reproducible methodologies for transforming
continuous sensor data into structured datasets suitable for analysis. In this
research, a structured dataset refers to a tabular data representation where
each observation corresponds to a movement segment defined by specific cri-
teria (for example, a continuous movement within a velocity zone) rather than
individual sensor readings. In this context, structured datasets are character-
ized by dimensional reduction from high-frequency sensor data into discrete

units and summary statistics and features computed for each unit.

Existing studies focus on which features to extract (velocity zones, accelera-
tions, distance metrics) but fail to provide the methods to organize raw data to
support diverse analytical objectives [23], [24], [46]. This causes significant is-
sues for reproducibility in sports analytics. Researchers may extract summary
metrics produced by the sensor companies’ software or work directly on the raw
data. The formula to compute these metrics is known, but how the software
organizes the raw sensor data to produce them is not clear. These summary
values offer practical insights, but they only provide a broad overview of a
training session or game, limiting detailed analysis beyond aggregate values.
When using raw sensor data, researchers usually extract features, but there
is no step-by-step framework in the literature that clearly explains how to or-
ganize and analyze these large, complex data streams. The raw sensor data
can be extremely large, sometimes containing millions of rows and multiple

dimensions, which makes managing and processing it even more challenging.

. The Spatio-Temporal Movement Problem. Existing performance anal-
ysis in Gaelic football and similar invasion-based team sports focuses almost
exclusively on describing when and how intensely players move, but it lacks
analysis of where these movements occur within the playing area and how spa-
tial usage patterns evolve during matches. This lack in the spatio-temporal
analysis of player movements in the field prevents answering critical ques-

tions: which zones of the playing area serve as key transition corridors? How
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do regions of coordinated team activity form and dissolve during matches?
Do different spatial zones exhibit distinct workload characteristics? Existing
graph-based approaches in sports mostly model player-to-player interactions
through passing networks, treating players as nodes, capturing tactical rela-
tionships, but are unable to reveal how teams collectively move through and

use the space.

. The Predictive Analytics Problem. Current sports analytics in Gaelic
football mostly focus on analyzing past events, describing what happened
rather than anticipating what will happen next. While metabolic power frame-
works have validated ecological validity for quantifying energetic demands [47,
48], and researchers have begun exploring machine learning for performance
prediction [40, 42], these approaches exhibit a critical limitation: they predict
aggregate match outcomes (will a player underperform overall? What is post-
match fatigue status?) or next-day wellness rather than imminent metabolic
workload transitions that could help coaches to make data-driven decisions
during matches, assuming availability of real-time raw data from wearable

monitoring systems.

. The Tactical Context Gap. Wearable sensor data in sports often lacks
tactical context, because collecting this data requires costly, time-consuming
manual video analysis. Analysts must re-watch entire matches and manu-
ally code key moments like possession changes and scoring chances, which
demands specialized software, significant time, and financial resources. This
creates an important limitation: the ability to interpret sensor data in tactical
contexts is limited to organizations with dedicated video analysis teams. As a
result, most sensor data is used only for physical load management. Current
automatic event detection relies on expensive resources like ball tracking or
full video footage, which most clubs cannot afford. Without these, movement
data cannot be linked to tactical context, limiting understanding of the reasons

behind physical demands.
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As a result of these four problems, sports organizations possess unprecedented
data on athletes but lack reproducible methodologies to process sensor data system-
atically, frameworks to reveal spatial-tactical organization, capability to anticipate
imminent performance changes, and methods to automatically connect physical de-

mands to game situations.

1.4 Hypothesis and Research Questions

The central hypothesis on which this research dissertation is based can now be
articulated as follows:

High-frequency wearable sensor data (GNSS and IMU) from elite team sports can
be systematically transformed into performance insights through data engineering
and machine learning techniques, addressing critical gaps in methodological trans-
parency, spatio-temporal movement understanding, predictive capability, and auto-
matic context extraction, thereby enabling scientists and coaches to make data-driven
decisions for performance optimization.

This dissertation addresses four research questions corresponding to the stated

hypothesis:

1. RQ1: Can raw high-frequency GNSS and IMU sensor data be systemati-
cally transformed using documented, reproducible algorithms into structured
datasets that preserve movement information and enable both movement pro-

filing and predictive modeling?

2. RQ2: Can graph-based representations of player movements through spa-
tial cells reveal dynamic spatio-temporal movement patterns, including criti-
cal transition zones, spatial communities with distinct workload profiles, and

temporal evolution of these patterns across match phases?

3. RQ3: Can machine learning models predict player-specific transitions to ele-

vated metabolic workload in future temporal windows, using novel metabolic
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power metrics and activity features from the current window and cumulative

game data?

4. RQ4: Can shooting events for both teams be automatically classified using
only single-team wearable sensor data and pairwise player movement features,

eliminating the dependence on manual video-based event annotation?

These four research questions reflect different aspects of the broader challenge of
extracting meaningful insights from high-frequency sensor data. The first research
questions address systematic data transformation and spatio-temporal analysis using
structured datasets derived from raw sensor data (RQ1—RQ2), while the latter two
focus on predictive modelling and automatic event detection working directly with
raw data (RQ3, RQ4).

Figure 1.1 summarizes the overall thesis approach: wearable sensor data is col-
lected and processed using data engineering and machine learning methods, target-
ing four identified research gaps, to produce insights and decision support tools for
coaches and practitioners.
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Figure 1.1: Overview of the thesis structure. Raw wearable sensor data from elite
Gaelic football matches serves as input to a series of data engineering and machine
learning frameworks, addressing four research gaps and producing insights and de-
cision support tools for coaches and practitioners.

1.5 Research Contributions

This thesis makes the following contributions to sports analytics and machine learn-

ing research:
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Systematic Feature Engineering Framework: A complete, documented
methodology for transforming raw GNSS/IMU sensor data into structured Action
and Event datasets. The framework addresses the methodological transparency
problem by providing reproducible algorithms that enable dimensionality reduction
from 76+ million raw observations per match to interpretable movement units while
preserving analytical information.

Spatial-Temporal Graph Analytics: A novel cell-based graph framework
where spatial cells (rather than players) serve as nodes, enabling identification of
critical transition zones through betweenness centrality, detection of spatial commu-
nities with quantified workload profiles (speed, acceleration, intensity distributions),
and tracking of temporal evolution across match phases. This methodological inno-
vation addresses the fundamental limitation of player-centric graph approaches that
cannot reveal collective spatial organization patterns.

Predictive Metabolic Workload Modeling: A machine learning framework
forecasting player-specific transitions to elevated metabolic demand states within
3-minute temporal windows (accuracy 0.71 +0.04, and F1 score 0.69 + 0.05).

Sensor-Based Event Classification: An automatic classification system de-
tecting shots made by both teams using only single-team wearable sensor data (ac-
curacy 0.63-0.69, F1 score 0.69-0.68), demonstrating that tactical context can be ex-
tracted from movement coordination without ball tracking or video analysis. Here,
pairwise player movement relationships are represented as adjacency matrices that
serve as input features for machine learning models.

These contributions advance both sports analytics methodology and the broader
challenge of extracting meaningful insights from high-frequency spatio-temporal

data.

1.6 Thesis Structure

This chapter presented the background of the study, described the current limita-

tions, and highlighted the hypothesis along with the research questions that moti-
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vated the research.

Chapter 2 provides a comprehensive review of related work across four research
domains: feature engineering approaches for sensor data transformation, graph-
based and spatial-temporal analysis methods in team sports, metabolic power frame-
works and running performance prediction, and automatic playing event detection.
The chapter identifies specific gaps in each domain that motivate the research ques-

tions.

Chapter 3 presents the systematic methodology for transforming raw GNSS and
IMU sensor data into Action and Event datasets. The chapter provides complete
algorithmic specifications, validation against established Gaelic football running pro-
files, case studies profiling actions and events, and predictive modeling for high-speed
running distance. Both the framework and the resulting Action dataset have been
published in [49] and [50]. The main contribution is a transparent, reproducible
framework with documented algorithms that addresses the methodological trans-
parency problem, enabling dimensionality reduction from 76+ million raw observa-

tions to interpretable movement units while preserving analytical information.

Chapter 4 introduces the Time-Window Spatial Activity Graph approach for
analyzing spatial-temporal movement patterns. The chapter describes graph con-
struction methodology, applies betweenness centrality and community detection al-
gorithms, and presents case studies revealing tactical patterns and workload distribu-
tions across playing areas. This study was presented in [51]. The main contribution
is a novel graph-based method using spatial cells as nodes, enabling the identifi-
cation of transition zones, spatial communities with distinct workload profiles, and

their temporal evolution over time.

Chapter 5 develops the predictive framework for forecasting transitions in player
metabolic demands. The chapter introduces the Metabolic Work Ratio metric, de-
scribes feature engineering and model development procedures, validates prediction
performance, and provides explainable Al analysis of key predictive factors. This

work has been submitted for publication. The main contribution is a machine learn-
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ing system predicting imminent (3-minute window) metabolic workload transitions
with accuracy 0.71 +0.04 and F1 score 0.69 + 0.05, enabling real-time coaching
interventions (assuming availability of data in real time) rather than retrospective
analysis.

Chapter 6 investigates the extraction of shot phases from sensor data alone. The
chapter describes the feature engineering approach that constructs adjacency ma-
trices from pairwise player movement differences (distance, velocity, acceleration,
gyroscope) and uses these matrices as input features for machine learning models,
presents classification results for both own-team and opponent shooting events, and
discusses implications for reducing dependence on manual video analysis. This study
was presented in [52]. The main contribution is an automatic event classification
method using only single-team sensor data (achieving accuracy 0.63-0.69 and F1
score 0.69-0.68), demonstrating that tactical context can be extracted from move-
ment coordination patterns without ball tracking, opponent data, or manual video
analysis.

Chapter 7 synthesizes contributions made in each research section and identifies
promising directions for future research in sports analytics and machine learning

applications for team sports.
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Chapter 2

Related Research

This chapter reviews research literature relevant to the four primary research topics
addressed in this thesis. Section 2.1 examines feature engineering approaches for
transforming raw sensor data into features describing player activity. Section 2.2 re-
views graph-based and spatial-temporal analysis methods in team sports and other
domains. Section 2.3 discusses the metabolic power framework and machine learn-
ing approaches for running performance prediction. Section 2.4 explores automatic

playing event detection using machine learning techniques.

2.1 Feature Engineering Sensor Data

This section examines how researchers transform raw wearable sensor data into
analytical features, revealing a critical gap: despite widespread wearable sensor
adoption, the literature lacks systematic, reproducible methodologies for structuring
continuous sensor data into datasets that support multiple analytical objectives.
The transformation of raw wearable sensor data into meaningful features repre-
sents a foundational challenge in sports analytics. Torres et al. [21] provide a com-
prehensive narrative review establishing that tracking systems in team sports serve
three primary purposes: describing locomotor characteristics and external load, as-
sisting in the programming of team training external load, and supporting decisions

about performance and injury risk. The authors emphasise a critical gap between
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technology deployment and analytical practice. Wearable sensors collect continuous
athlete external load data, and practitioners use derived metrics to describe, plan,
monitor, and evaluate training and competition characteristics. Selecting appropri-
ate metrics depends on the sport’s context and demands evaluation by practitioners
[21]. Moreover, analyzing the physical output of team sport athletes using overall
summary metrics of the entire training or game (such as, for example, distance cov-
ered or distance covered at a certain speed) presents challenges, as important periods
of changing intensity can be missed. Methods such as moving average intervals or
time series segmentation have been developed to detect these changes over variable

time segments without fixed intervals [21].

2.1.1 Velocity Zones and Running Performance Metrics in

Team Sports and Gaelic Football

The segmentation of movements based on velocity thresholds into discrete zones has
become a standard analytical approach in team sports performance analysis. This
discretization approach enables comparison of running performance across players,
positions, and competitions. However, the specific threshold values defining velocity
zones vary substantially across sports and research contexts, reflecting differences in
sport-specific demands, player populations, and methodological conventions.

Early foundational work by Rampinini et al. [53] proposed velocity thresholds for
general team sports that have subsequently been adopted in Gaelic football research
[54]: standing (<0.194 m/s, ~0.7 km/h), walking (0.194-2 m/s, ~0.7-7.2 km/h),
jogging (2-4 m/s, ~7.2-14.4 km/h), running (4-5.5 m/s, ~14.4-19.8 km/h), high-
intensity running (5.5-7 m/s, ~19.8-25.2 km/h), and sprinting (>7 m/s, >25.2
km/h). These velocity zones categorize speeds values and have become widely
adopted across team sports [54] and [55]. However, a universally accepted set of
velocity thresholds has not been established across Gaelic football studies, as evi-
denced by the differing velocity zones applied across the studies reviewed here [23],

[24], [54].
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Malone et al. [23] studied the positional match running performance of elite
male Gaelic footballers using 4Hz GNSS data collected from 50 players across 30
competitive games (215 full game datasets). They classified running activity by
total distance, high-speed running distance (>4.72 m/s or 17 km/h), sprint distance
(>6.11 m/s or 22 km/h), mean and peak velocities, and number of accelerations.
The average total distance covered per match was 8,160 £+ 1,482 m, with 1,731 +
659 m covered at high speed and 445 + 169 m covered in sprints (approximately
44 sprint actions). The peak velocity recorded was 8.42 £ 0.50 m/s (30.3 + 1.8
km/h), and the mean velocity was 1.81 £ 0.33 m/s (6.5 + 1.2 km/h). Players
executed 184 + 40 accelerations, equating to around 2.6 accelerations per minute.
Significant positional differences were found, with midfielders covering greater total
and high-speed running distances compared to backs and forwards (p < 0.001).
A decline in high-speed and sprint distances was observed from the first to the
second half, with midfielders, half-backs, and half-forwards experiencing the most
pronounced decreases. This foundational study highlights the impact of playing
position on running demands in Gaelic football and is one of the first comprehensive

descriptions of match running performance in the sport.

In follow up research, Malone et al. [19] examined the running performance
and its temporal decrement across quarters in elite Gaelic football using 4Hz GNSS
data from 3 inter-county teams over 3 seasons, collecting 250 full-match datasets.
Running metrics included total distance (TD), high-speed running distance (>4.72
m/s or 17 km/h), sprint distance (>6.11 m/s or 22 km/h), accelerations, and peak
speed. The mean total distance covered was 8,889 4+ 1,448 m, with high-speed
running averaging 1,596 + 594 m. They observed a consistent reduction in TD
of 4.1%, 5.9%, and 3.8% in the second, third, and fourth quarters respectively,
accompanied by greater decrements in high-speed running distance of 8.8%, 15.9%,
and 19.8% compared to the first quarter (p < 0.001). Positional analysis indicated
that half-backs, midfielders, and half-forwards covered the greatest distances and

displayed the largest decrements in running performance across quarters. The peak
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velocity recorded was 8.42 + 0.50 m/s (30.3 &+ 1.8 km/h). These findings confirm

that exercise intensity declines over time and changes by position.

Ryan et al. [24] quantified the acceleration profile of elite Gaelic footballers
using 4Hz GNSS data collected from 36 male players. Acceleration events were
defined as instances where a player changed speed by 0.56 m/s (2 km/h) within
1 second, for a minimum of 2 seconds. Acceleration was considered finished once
the player decelerated to less than 75% of the maximum speed reached during the
prior acceleration effort. Players performed an average of 166 4+ 41 accelerations
per match and covered 1,563 + 605 m distances at high-speed running (>4.72 m/s
or 17 km/h] and 524 + 190 m at very high-speed running (>6.11 m/s or 22 km/h).
Positional analysis indicated midfielders performed significantly more high-intensity
accelerations than other positions (p < 0.05). The study also documented declines
in acceleration distances ranging from 2% to 32% throughout the game depending
on position. These findings highlight the critical role of acceleration metrics in

capturing the high-intensity movements distinctive to Gaelic football.

Cullen et al. [56] investigated the physiological profile and activity patterns of
minor (U-18) Gaelic football players. They used velocity zones adapted from previ-
ous literature [29], defining walking as speeds below 2.0 m/s (0-1.67 km/h), jogging
as speed in 1.67-3.33 m/s (6-12 km/h), cruise running as 3.33-3.89 m/s (12-14
km/h), striding as 3.89-5.00 m/s (14-18 km/h), high-intensity running as 5.00-5.56
m/s (18-20 km/h), and sprinting as speed >5.56 m/s (20 km/h). Players were con-
sidered to have entered a velocity zone after maintaining the relevant velocity for at

least 2 seconds.

Given this heterogeneity in threshold definitions, this research adopted the com-
prehensive velocity zone framework proposed in [53] and subsequently validated in
Gaelic football [54]. Unlike many Gaelic football studies that focus only on high-
speed thresholds, authors in [53] provide comprehensive categorization across the
full range of movement intensities, from standing to sprinting. This choice enables

segmentation across the entire activity profile and provides consistency with prior
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Gaelic football research. Furthermore, the same velocity thresholds were adopted

for sports similar to Gaelic football, such as Australian Football [55].

2.1.2 From Raw Sensor Data to Structured Features

The transformation of raw GNSS time-series data into meaningful features repre-
sents a critical methodological challenge in sports analytics. While high-frequency
GNSS devices generate extensive positional and velocity information, converting
these streams into structured, interpretable features requires systematic approaches.
This subsection reviews related studies addressing feature extraction, data aggrega-
tion, statistical summarization, and machine learning applications for transforming
raw GNSS data into features for sports analytics.

Imbach et al. [57] investigated the use of raw GNSS data to model athletic
performance in elite football players, focusing on predicting individual acceleration-
velocity profiles. The acceleration-velocity profile is a function describing how a
player’s acceleration capacity decreases as their velocity increases during sprinting.
It is obtained by fitting a linear regression between acceleration and velocity over a
range of speeds (velocities above 3 m/s). Their methodology involves extracting a
large set of features from raw GNSS time series using the tsfresh Python module
[58], capturing statistical metrics such as mean, standard deviation, entropy, and
frequency domain characteristics across both time and frequency domains. These
features represented the input data to the multivariate machine learning models
employed, including ridge regression and long short-term memory networks. The
extracted time-series statistical features, while comprehensive, may be difficult for
sport coaches to interpret directly, potentially limiting practical application. In con-
trast, the present thesis develops a versatile, multi-step feature extraction pipeline
that integrates both GNSS and IMU data into discrete action datasets specifically
tailored to analyze running demands of Gaelic football players.

Midoglu et al. [59] presented SoccerMon, the largest publicly available dataset

integrating both subjective and objective health and performance metrics collected

21



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

from two elite women’s soccer teams over two competitive seasons. The dataset en-
compasses over 33,800 subjective reports covering player wellness, training load per-
ception, injuries, illnesses, and match performance, with more than 10,000 records
derived from wearable GPS tracking devices capturing positional, acceleration, rota-
tional, and heart rate data. The SoccerMon represents a dataset combining subjec-
tive wellness with movement metrics, but does not provide a reproducible pipeline

to convert sensor data into a structured dataset.

Hussain et al. [60] proposed a comprehensive feature engineering approach for
recognizing and classifying gym exercises using wearable sensor time series data. The
study uses IMU data collected from wrist-worn devices during various gym-based
activities, aiming to accurately distinguish between exercise types using feature en-
gineering and machine learning techniques. The feature extraction process involves
segmenting the raw time series data into windows aligned with possible exercise repe-
titions and computing a rich set of statistical and domain-specific features from each
segment. These features include simple statistical metrics (mean, max, min, stan-
dard deviation), frequency-domain attributes (spectral energy, dominant frequency),
and signal structure indicators (zero crossings, variance, skewness). The resulting
feature vectors are then used to train supervised classifiers that achieve high recog-
nition accuracy for exercise type prediction. Our research builds on similar feature
engineering principles but addresses a different problem and domain-specific appli-
cation: segmenting continuous GNSS and IMU time series from elite Gaelic football
into datasets describing actions and events. Our segmentation uses sport-specific
velocity thresholds to define meaningful movement categories and aggregates con-
secutive velocity zones, with statistical features describing those segments. Thus,
while the statistical techniques for processing sensor data are similar, the problem

addressed in this thesis requires a different segmentation logic.

Fister et al. [61] introduced a minimalistic toolbox for efficient feature extraction
from raw sport activity data captured by wearable sensors. The toolbox supports

extraction of classical statistical features (mean, median, variance, skewness), tem-
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poral features through fixed sliding window segmentation, and frequency-domain
features. Its design emphasizes scalability, computational simplicity, and broad ap-
plicability across various sports data formats. In contrast, the framework proposed
in Chapter 3 provides a detailed step-by-step approach that transforms continuous
high-frequency GNSS and IMU sensor data into structured, domain-specific datasets
representing discrete player movements in Gaelic football.

Chapter 3 extends these feature engineering approaches by contributing both
a transparent algorithmic methodology and resulting structured datasets that inte-
grate GNSS and IMU data, addressing the literature’s lack of systematic frameworks

for transforming raw sensor data into datasets for Gaelic football analysis.

2.1.3 Movement Sequences in Team Sports

The analysis of discrete events and characteristic movement sequences in team
sports represents a complementary analytical approach to traditional aggregate
time-window analysis.

Sweeting et al. [62] proposed that characteristic recurring movement sequences
could be automatically extracted from spatio-temporal tracking data. The authors
calculated velocity, acceleration, and angular velocity from positional (X, Y) coordi-
nates collected at 10 Hz, then grouped each variable’s values using one-dimensional
k-means clustering. Each cluster was assigned a unique alphabetic label, creating
a symbolic representation where continuous movement variables were transformed
into discrete movement units. Combinations of these labelled velocity, accelera-
tion, and angular velocity movements were then compared using the Levenshtein
distance, with similarities computed by the longest common substring problem to
identify frequently recurring sequences. Levenshtein distance is a metric in com-
puter science that measures the smallest number of single-symbol edits (insertions,
deletions, and substitutions) needed to change one string into another [63]. The
authors demonstrated that closed contiguous movement patterns more effectively

separated players into positions (91.02% classification accuracy) compared to non-
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consecutive patterns, establishing that movement continuity contains positional in-
formation. However, their approach focused on pattern mining rather than com-
prehensive dataset structuring, treating movement sequences primarily as patterns
to extract rather than as features for broader analysis. In contrast, our study com-
plements similar pattern extraction by providing structured datasets that preserve

temporal sequences and enable analytical tasks.

White et al. [64] developed the Sequential Movement Pattern-mining framework
to extract movement patterns from GNSS data in team sports. After calculating
turning angles using bearing values between consecutive coordinates, speed, accel-
eration, and turning angle are divided into qualitative categories (walk, jog, run,
sprint for speed; deceleration, neutral, acceleration for acceleration; and straight,
acute-change, large-change, backwards for turning angles) based on thresholds and
assigned unique alphabetic labels to each category. They isolated movements into
subsequences every time a speed value was lower than 1.20 m/s. These labeled
movement units are then aligned chronologically to create sequential movement pat-
terns. The framework includes a condensing step that removes consecutive repeated
movement units, leaving only unique transitions in each sequence. By employing
the Levenshtein distance to compare sequences and longest common subsequence
algorithms to identify frequent patterns, the authors addressed instability issues
in prior approaches ([62]) and demonstrated the framework’s applicability across
different sports contexts. Finally, with hierarchical clustering, similar movements
were identified and grouped. While SMP provides an interesting solution to iden-
tify movements, it is not designed to create datasets to describe movements. Our
framework builds on the discretization principles established by [64] but diverges by
prioritizing dataset structuring: rather than extracting patterns from sequences, we
segment continuous movement into discrete actions defined by velocity zones and
aggregate these into events, creating stable, reusable datasets that support multiple

analytical objectives.

Corbett et al. [20] introduced a change-point analysis methodology to iden-
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tify natural transitions in physical output using binary segmentation applied to
speed time series data from Australian Football. Rather than imposing fixed time
windows, they automatically identified segments with distinct mean and variance
properties based on statistical properties of speed signals. While this data-driven ap-
proach effectively captures speed transitions, it differs fundamentally from threshold-
based segmentation: change-point analysis discovers segment boundaries through
signal characteristics, whereas our framework uses predefined velocity zone thresh-
olds to create semantically meaningful actions (standing, walking, jogging, etc.).
This threshold-based approach enables direct comparison with prior Gaelic football
research and facilitates interpretation by coaches and analysts who are familiar with

velocity zone frameworks.

Adeyemo et al. [65] developed the LCCspm algorithm to extract l-length closed
contiguous patterns from GNSS data in rugby league. Movement units were formed
by discretizing velocity (walk, jog, run, sprint), acceleration (deceleration, neutral,
acceleration), and turning angle (straight, acute-change, large-change, backwards)
into 48 combinations encoded as characters. However, encoding movements into 48
character combinations increases complexity and reduces interpretability. In con-
trast, our framework deliberately uses velocity as the primary segmentation criterion
for defining actions, with acceleration and turning angle treated as descriptive fea-
tures rather than as segmentation variables. This simplification makes actions more
interpretable and directly comparable to established velocity zone conventions in

sports science.

The Sequential Movement Pattern framework was applied by Collins et al. [66]
to extract movement patterns across competition levels in rugby league, identifying
121 unique patterns and using linear discriminant analysis to distinguish domestic
and international competition. While effective for characterizing competition-level
differences through pattern prevalence, their analytical pipeline focuses on which
movement sequences are frequent in different contexts. Our framework shifts the

emphasis to feature engineering: velocity zone discretization is used as a segmen-
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tation strategy to create structured datasets where statistical features and running
metrics are computed for each action and event.

In a recent study, Adeyemo et al. [67] compared three pattern mining algorithms
(LCCspm, LCS, AprioriClose) for player position classification in rugby league, us-
ing movement unit discretization that combined velocity, acceleration, and turning
angle into 48 combinations. Although this demonstrates that closed contiguous pat-
terns carry positional information, the high-dimensional encoding (three descriptors
per movement unit) makes individual patterns difficult to interpret semantically.
Our research deliberately uses a lower-dimensional approach: velocity zone alone
determines segmentation into actions, while acceleration and directional informa-
tion are captured as statistical features (average, standard deviation, directional

components) computed within each action.

2.1.4 Summary

Various approaches have been proposed in literature for transforming raw sensor
data into features for sports analysis, including pattern mining algorithms and sta-
tistical feature extraction methods (summarized in Table 2.1). However, existing
approaches lack detailed frameworks for structuring data into interpretable datasets
that support diverse analysis. Moreover, while velocity zones are established in
Gaelic football research, they are primarily used for descriptive analysis rather than
as a systematic approach for dataset construction.

This dissertation in Chapter 3 addresses these gaps by introducing a systematic
framework that transforms continuous GNSS and IMU data into two structured
datasets: Action datasets (discrete velocity-zone segments) and Event datasets (ag-
gregated activity periods). This framework uses established velocity zone thresholds
for interpretability, provides explicit algorithms for reproducibility, preserves tempo-
ral sequences while enabling statistical analysis, integrates GNSS and IMU data, and

supports multiple applications, including workload prediction and spatial analysis.
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Table 2.1: Literature review of research in feature extraction from sensor data in

sport.
Study Sport Approach Contribution
Torres et al. | Team Narrative review of | Establishes gap between
[21] sports tracking systems technology ~ deployment
and analytical practice
Rampinini et | Team Velocity zone thresh- | Velocity zones definition
al. [53] sports olds for team sport
Malone et al. | Gaelic 4Hz GNSS; Descrip- | Positional differences in
[23] football tive statistics running performance pro-
files
Malone et al. | Gaelic 4Hz GNSS; Descrip- | Running performance
[19] football tive statistics changes across match
phases
Ryan et al. | Gaelic 4Hz GNSS; Descrip- | Acceleration profiles and
[24] football tive statistics positional demands
Cullen et al. | Gaelic GNSS;  Descriptive | Activity profile in minor
[56] football statistics (U-18) players
Imbach et al. | Football GNSS with tsfresh | Acceleration profile predic-
[57] Python module; | tion
statistical and
frequency-domain
features
Midoglu et al. | Women’s | Multi-modal integra- | Large-scale dataset com-
[59] soccer tion; subjective well- | bining wellness and move-

ness + GPS tracking

ment metrics

27




Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

Study Sport Approach Contribution
Hussain et al. | Gym ex- | IMU wearable sen- | Activity recognition and
[60] ercises sors; statistical and | exercise classification
domain-specific fea-
ture extraction
Fister et al. | General Minimalistic feature | Efficient sensor feature ex-
[61] sports extraction toolbox traction
Sweeting et | Team Spatio-temporal Automatic extraction of
al. [62] sports tracking; k-means | recurring movement se-
clustering + Leven- | quences
shtein distance
White et al. | Team Sequential Move- | Improved movement dis-
[64] sports ment Pattern min- | cretisation and pattern
ing; multi-descriptor | identification
discretisation
Corbet et al. | Australian| Change-point analy- | Data-driven segment iden-
[20] Football | sis; binary segmen- | tification of intensity
tation on speed time
series
Adeyemo et | Rugby LCCspm algorithm; | Closed contiguous move-
al. [65] League 48-combination ment pattern identification
multi-descriptor
encoding
Collins et al. | Rugby Sequential Move- | Identification of movement
[66] League ment Pattern | patterns
framework; lin-
ear discriminant
analysis
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Study Sport Approach Contribution
Adeyemo et | Rugby Pattern mining al- | Movement-based  player
al. [67] League gorithms (LCCspm, | position classification

LCS, AprioriClose)

Chapter 3 | Gaelic GNSS 4 IMU; ve- | Framework to real-

[49], [50] football | locity zone-based | ize Action and Event

segmentation datasets

2.2 Spatio-Temporal Analysis in Team Sports

Having presented methods for structuring raw sensor data, the next challenge is
extracting insights from player movements across space and time. In this section,
graph-based approaches that reveal tactical patterns and spatial dynamics through
network representations of team coordination are examined.

Graph-based representations provide a powerful framework for analyzing com-
plex interactions and patterns in sports. By representing players or areas of the
field as nodes and actions as edges, these methods enable insightful analyses of
team strategies, player dynamics, and tactical decision-making. This section re-
views relevant approaches to graph-based representations of movement and spatial
dynamics, positioning the spatio-temporal graph framework presented in Chapter 4

within the existing literature and identifying its distinct contributions.

2.2.1 Graph Representations of Player Interactions

Graph-based representations have emerged as powerful tools for analyzing team
sports, where nodes typically represent players and edges capture their interactions
through passes, spatial proximity, or tactical relationships. These networks enable
quantitative assessment of team connectivity, identification of key players through
centrality metrics, and detection of tactical patterns through community structures.

This section reviews studies that employ player-based graphs to analyze team dy-
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namics and tactical organization, highlighting how our framework diverges by rep-
resenting spatial areas rather than individual players as the fundamental units of

analysis.

Raabe et al. [68] proposed Tactical Graph Networks that model spatio-temporal
football data by representing players as nodes with weighted edges describing dis-
tances between them on the field. Their approach includes temporal connections
linking the same player across consecutive time steps and demonstrates that graph-
based representations can achieve performance comparable to state-of-the-art deep
learning models while maintaining significantly lower complexity. The study incor-
porated various player attributes into node features and analyzed 15-second seg-
ments for binary classification tasks related to possession changes using multilayer
Graph Neural Networks. Our research shares with this study a goal in model-
ing player movements within the field, but differs fundamentally in data sources,
graph topology, and analytical purpose. While researchers in [68] focus on predict-
ing possession-related outcomes, the spatio-temporal graph presented in Chapter
4 examines the spatial organization of movement by representing discrete areas of
the field as nodes and movement transitions at different velocity zones as edges.
This topology permits the identification of critical transition zones and spatial com-
munities with distinct workload profiles that evolve across time windows, revealing
insights about how the playing area is used by players rather than predicting discrete

match events.

Gama et al. [69] applied network analysis to investigate intra-team activity dur-
ing attacking phases of professional football, using betweenness centrality as a key
metric to identify principal players who act as critical connectors in the team’s at-
tacking organization. Their approach constructs directed, weighted passing networks
where players serve as nodes and edges represent ball transfers between them, with
edge weights reflecting the frequency of passes performed or received. By analyz-
ing these networks during attacking sequences, the authors identified which players

occupied the most influential positions in facilitating ball progression and maintain-
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ing attacking flow. The study demonstrated how graph-theoretic measures could
reveal tactical roles and dependencies within a team’s attacking structure, show-
ing that certain players consistently emerged as key intermediaries for attacking
moves. While the graph framework in Chapter 4 adopts similar centrality metrics
to assess node importance, the graph topology diverges: it represents areas of the
field as nodes rather than players, with edges capturing movements at different ve-
locity zones rather than passes between teammates. This representation changes
the analytical focus from identifying important players to assessing the significance
of specific spatial zones in player movement patterns. Furthermore, it incorpo-
rates temporal dynamics through time windows that reveal how the importance of
these zones evolves throughout the match, whereas in [69], the authors focus on
aggregated attacking phases without examining the temporal evolution of spatial

importance.

Silva et al. [70] developed uPATO (Ultimate Performance Analysis Tool), a soft-
ware platform specifically designed for network analysis in team sports that gen-
erates adjacency matrices illustrating passing interactions among players within a
team. The tool enables analysts to construct and visualize passing networks through-
out a match or across distinct phases, computing various graph-theoretic metrics,
including centrality measures (degree, betweenness, and closeness), clustering co-
efficients, and network density. uPATQO’s primary innovation lies in its capability
to assess team performance over distinct time intervals within a match, allowing
coaches and analysts to observe how passing patterns and player prominence evolve
across different game phases. The software provides visual representations of passing
networks where node size and positioning can reflect player importance and tacti-
cal roles, while edge thickness indicates passing frequency between players. This
temporal segmentation enables the identification of how team connectivity and in-
dividual player roles change throughout the match. While both uPATO and the
spatio-temporal graph presented in Chapter 4 use centrality scores and temporal

segmentation, the approaches differ in terms of graph representation. Rather than
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analyzing interpersonal passing dynamics among players, the spatio-temporal graph
examines spatial movement patterns through discretized areas of the playing field,
enabling the identification of the most traversed field cells and groups of cells that

cannot be directly inferred from passing networks alone.

Gongalves et al. [71] explored the relationship between passing networks, player
positioning variables, and match outcomes in elite youth football. The study creates
directed, weighted passing networks where players serve as nodes and edges repre-
sent passes between them, with various network metrics computed to characterize
team connectivity and individual player roles. They calculated degree centrality
(number of connections), betweenness centrality (extent to which a player acts as a
bridge in passing sequences), closeness centrality (how quickly a player can reach all
other teammates through passes), and clustering coefficient (tendency of players to
form passing triangles). The research integrated these network measures with posi-
tional variables derived from GNSS tracking data, including player dispersion, team
centroid position, and spatial distribution across the pitch. Their findings revealed
that successful teams exhibited lower betweenness centrality scores, indicating less
passing dependency on individual key players and more distributed ball circulation,
and higher closeness centrality scores, suggesting well-connected passing relations
where all players were readily accessible within the passing network. However, the
authors focused primarily on static or aggregated positions throughout match phases
rather than examining dynamic movements through space. The graph-based frame-
work presented in Chapter 4 addresses a different task by focusing on how players
move through discretized spatial cells over time rather than analyzing inter-player
distance dynamics and their regularity. While [71] examined how players maintain
spatial relationships with specific teammates, our work analyze how players traverse
through different areas of the field at varying intensities, revealing which spatial
zones serve as critical transition areas and how spatial communities with distinct

workload profiles emerge.
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2.2.2 Spatial and Tactical Analysis Methods

Researchers have developed different methods to analyze how teams organize them-
selves in space and how they implement tactics. These methods include analyzing
player movement trajectories to understand coordinated patterns, dividing the field
into zones to examine how space is used, and identifying tactical roles based on
player positions. While these approaches provide valuable insights into team tac-
tics and spatial behavior, they typically focus on specific events, single moments
in time, or player positioning rather than tracking continuous movement across the
field. This section reviews the main spatial analysis methods used in team sports
research and thus provides context for capturing the way in which players traverse

spatial zones at varying intensities over time.

Andrienko et al. [72] proposed an approach to analyze football player trajecto-
ries for extracting general patterns of coordinated movement using novel spatial and
temporal reference systems. The method summarizes player positions by calculating
their typical location and shows how much their actual positions varied from this
typical spot. Connecting these typical positions creates a simplified movement pat-
tern that shows how the team generally behaves. When tested on two Bundesliga
games, the approach successfully detected meaningful patterns of team behavior
defined by football experts. However, the evaluation remained limited to case stud-
ies, and practical application requires software tools that coaches and analysts can
operate, as the current research prototype requires technical expertise to execute
the complex query and aggregation procedures. While in [72] the authors’ focus
is on generalized collective trajectories at the team level, the spatio-temporal graph
presented in Chapter 4 operates at a finer spatial granularity by dividing the playing
area into discrete cells and constructing graphs that capture individual movement
transitions. This granular representation permits identification of not only collective

patterns but also localized critical zones.

Brefeld et al. [73] proposed a data-driven method to estimate individual move-

ment models from positional data extracted from video recordings at 25 Hz. Their
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approach analyzes player trajectories to construct probabilistic models of reach-
able positions given current position and velocity, creating zones of the field that
each player can reach before opponents. The method divides player speeds into five
ranges (standing < 0.28 m/s, walking 0.28-1.94 m/s, jogging 1.94-3.89 m/s, running
3.89-5.56 m/s, and sprinting > 5.56 m/s) and builds individual movement profiles
using two alternative approaches: kernel density estimation for high accuracy and
count-based histograms for real-time computational efficiency. These profiles rep-
resent the probability distribution of possible player positions within specific time
horizons, demonstrating superior performance in predicting pass interception (97.5%
accuracy) and pass completion (88.5% accuracy). This work relates to our research
as both analyze spatial-temporal movement patterns from tracking data, though
Brefeld et al. focus on modeling individual player capabilities to predict spatial
control for tactical decisions, while our work examines collective movement patterns
across discretized field areas to identify spatial communities characterized by distinct

workload profiles.

In their study, Bialkowski et al. [74] developed a method for large-scale analysis
of soccer matches using an entire season of spatio-temporal tracking data extracted
from video recordings by Prozone (approximately 400 million data points from 375
games, sampled at 10Hz). They introduced a role-based representation that dy-
namically assigns each player to a tactical role at every frame, with roles discovered
automatically using minimum entropy data partitioning (an approach that groups
player positions to minimize spatial overlap between roles using probability den-
sity functions and clustering algorithms), effectively identifying formations and en-
abling both individual player and team analysis. Their method visualizes formation
changes throughout matches using sliding time windows and tracks how individ-
ual players alternate between different tactical roles during games. This research
aims to assign players to tactical roles based on their relative positions within team
formations. On the contrary, our framework examines how players move through

discretized spatial areas of the pitch and identifies spatial communities characterized
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by distinct movement and workload patterns.

Fonseca et al. [75] applied Voronoi diagrams to reveal interaction patterns be-
tween attackers and defenders in Futsal, with players represented as nodes and
boundaries between Voronoi regions serving as edges. The study found that attack-
ers possessed larger and more regular dominant regions compared to defenders, with
greater size variability among teammates. However, the analysis was limited to 19
plays within a specific sub-phase of Futsal in a reduced area. While Voronoi diagrams
provide valuable insights into spatial dominance at specific moments, our framework
extends beyond instantaneous configurations by tracking movements through dis-
cretized spatial cells over rolling time windows. This temporal dimension enables
identification of not just which areas players dominate at a given moment but which
spatial zones serve as critical transition points throughout the match, how spatial
communities emerge and change, and how the physical demands associated with
different areas evolve over time.

Machado et al. [76] present a visual analytics system for understanding match
evolution through three techniques: Player Attribute Heatmaps showing where indi-
vidual players are located, Tactical Scheme Heatmaps displaying defensive, midfield,
or attacking formations, and pathline glyphs showing player trajectories from spe-
cific regions. Their approach treats the match as a sequence of time intervals and
uses visualization to reveal when teams attack or defend. As opposed to their visu-
alization approach, our work models the playing area as a spatial network and uses
graph metrics (betweenness centrality and community detection) to identify how
field zones functionally connect through movement intensity, revealing structural

patterns of spatial organization rather than visualization tactical snapshots.

2.2.3 Spatio-Temporal Graph Models Beyond Sports

The following works, drawn from domains outside sports analytics, inspired the
spatio-temporal graph framework developed in this thesis, demonstrating the versa-

tility of graph-based representations for analysing movement and activity patterns
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across diverse spatio-temporal contexts.

Vega-Oliveros et al. [77] presented two graph models to analyze fire activity
in the Amazon basin (2003-2018): a static graph representing the entire period
and a spatio-temporal graph representing weekly activity. The area of interest was
divided into a grid with each cell representing a node. Two nodes were connected
when successive events in chronological order occurred in their corresponding cells.
This representation permitted analysis of the most affected areas (centrality score)

and areas of similar activity (community detection) over different time windows.

Ferreira et al. [78] proposed Chronnet, a chronological network-based model for
analyzing spatio-temporal data where nodes represent equal-sized areas obtained by
dividing a geometric space into grid cells. Areas are connected when consecutive
chronological events occur in distinct cells. Testing on three artificial datasets and
a real dataset describing global fire activity (2003-2018) demonstrated the model’s
capability to extract data characteristics beyond basic statistics, including frequent

patterns, spatial variations, and spatio-temporal clusters.

Jia et al. [79] introduced a frequency-based spatio-temporal graph network to
analyze bike-sharing mobility patterns before (2019), during (2020), and after (2021-
2022) COVID-19. Nodes represent locations in the area of interest, with weighted
edges capturing the frequency of trips between locations. The analysis employed
node connectivity, clustering coefficient, and modularity-based community detection

to examine mobility pattern trends.

These works demonstrate the versatility of spatio-temporal graph representations
across domains and establish a methodological foundation for our approach. Our
framework adapts these principles to sports analytics by incorporating average speed
as edge attributes, applying betweenness centrality to identify critical transition
zones, and combining Louvain community detection with workload profiling to reveal
spatial communities with distinct physical demand characteristics. This adaptation
addresses the specific needs of sports performance analysis, where understanding not

just where movement occurs but at what intensity and how spatial patterns evolve
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is essential for tactical and conditioning insights.

2.2.4 Summary

The previous sections highlighted a growing use of graph-based methods for an-
alyzing spatial and temporal dynamics in sports, but several gaps remain. Most
passing network studies focus on ball events and player-to-player interactions rather
than continuous movement through space. Spatial analysis approaches often provide
static or snapshot-based views rather than capturing dynamic evolution. Further-
more, few approaches integrate spatial positioning, movement intensity, and tem-
poral evolution within a unified framework. Table 2.2 provides a summary of this
literature review.

The spatio-temporal graph framework presented in Chapter 4 addresses these
gaps by representing spatial cells as nodes, encoding movements at different velocity
zones as edge attributes, and analyzing these graphs across consecutive time win-
dows. This representation enables identification of critical transition zones through
betweenness centrality, detection of spatial communities representing areas of coor-
dinated activity using Louvain community detection, characterization of these com-
munities with distinct workload profiles based on speed and acceleration metrics,
and examination of how these features evolve during the match. This integrated
approach provides a comprehensive perspective on player behavior that extends be-

yond existing methods in sports analytics.

Table 2.2: Summary of literature review about spatio-temporal analysis in team
sports and beyond.

Study Sport Approach Contribution

Raabe et al. | Football Players as mnodes; | Possession prediction (low

68] temporal GNN complexity)
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Study Sport Approach Contribution
Gama et al. | Football | Passing  networks; | Identifies key attacking
[69] betweenness central- | players
ity
Silva et al. | Team passing networks Temporal evolution of
[70] sports player roles during game
Gongalves et | Youth Passing networks + | Team connectivity linked
al. [71] football spatial variables to match success
Brefeld et al. | Football Individual movement | 97.5% pass interception;
(73] control zones 88.5% completion accu-
racy
Andrienko et | Football Trajectory analysis; | Team behavior patterns
al. [72] typical positions
Bialkowski et | Soccer Probability den- | Formation identification;
al. [74] sity  functions + | tactical role evolution
clustering
Fonseca et al. | Futsal Voronoi diagrams Attacker vs. defender spa-
[75] tial dominance
Vega-Oliveros | Fire Grid cells as nodes; | Hotspot identification;
et al. [77] activity time windows community detection
Machado et | Soccer Player Attribute | Visual interpretation of
al. [76] Heatmaps; Tactical | match evolution and player
Scheme  Heatmaps; | positions
pathline glyphs
Ferreira et al. | Fire Chronnet; grid cells | Spatio-temporal patterns;
[78] activity as nodes clusters
Jia et al. [79] | Bike- Locations as nodes; | Temporal network evolu-
sharing frequency edges tion
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Study Sport Approach Contribution

Chapter 4 | Gaelic Spatial cells as | Critical zones, spatial
[51] football | nodes; aggregated | communities, workload
speed on edges; | profiles, temporal evo-

time windows lution

2.3 Metabolic Power and Workload Prediction

Spatial analysis reveals where and when players move, but it does not quantify
energy demands. This section examines metabolic power frameworks for quantifying
energetic demands and machine learning approaches for predicting athlete workload
from sensor data. This aspect of the literature review examines the intersection of
machine learning, wearable sensor technology, and athlete performance prediction
in team sports, with particular focus on metabolic power assessment and workload

prediction.

2.3.1 Metabolic Power: Theoretical Foundation

The metabolic power approach, originally developed by Di Prampero et al. [80],
provides a framework for quantifying the energy demands of intermittent exercise
by accounting for the metabolic cost of acceleration and deceleration. This foun-
dational method addresses the limitations of velocity-based metrics alone, which
fail to capture the energetic cost of frequent accelerations and decelerations char-
acteristic of team sports. In their study, the authors established the biomechanical
equivalence between accelerated running on flat terrain and constant-speed running
on an incline, enabling calculation of metabolic power from GNSS-derived velocity
and acceleration data. The model translates forward acceleration into an equiva-
lent slope, from which energy cost can be derived using established relationships for
uphill running. This theoretical framework assumes that the metabolic demands of

accelerating horizontally are equivalent to running uphill at a constant speed, with
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the slope determined by the magnitude of acceleration.

Osgnach et al. [81] introduced the practical application of metabolic power to
elite soccer using GNSS technology. analyzing GNSS data from 56 Serie A matches,
they demonstrated that metabolic power-based metrics (high metabolic load dis-
tance, equivalent distance) provided more comprehensive workload assessment than
traditional speed-based metrics alone. The study found that football players covered
on average 10,950 + 1,044 meters per match, with an average energy expenditure
of 61.12 4+ 6.57kJ - kg=!: 26% of the total distance was covered at high metabolic
power (exceeding 20 W /kg), which accounted for approximately 42% of the total
energy expenditure. This highlights that a substantial portion of metabolic load oc-
curs during accelerations and decelerations, even at lower speeds, which traditional
speed-based metrics fail to capture adequately. The study established metabolic
power zones analogous to velocity zones, with high metabolic power defined as >20

W/kg.

The metabolic power framework has been updated in later publications [82], and
[83]. In the first update, Di Prampero et al. [82] refined the estimation methodology
to account for air resistance (contributing ~2% of total energy expenditure) and
to separate walking from running examples. At each time instant, the algorithm
calculates the equivalent slope (ES) from the instantaneous velocity (v) and forward
acceleration (ay): ES =ap-g '+ k-v?- g7, where g is gravitational acceleration,
and k- v?- g~! the introduced air resistance component (not present in the original
formula in [80]), with k& =~ 0.0037 N-s?-kg=t-m~2. Then, the transition speed Vi ans

(m/s) is then computed as a function of ES:

Virans = —107.05 - £S® +113.13- ES* —1.13- ES® — 15.84- ES? — 1.70 - ES + 2.27.
(2.1)
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If v < Vyrans, the walking energy cost equation is used:

EC, = (280.5- ES® —58.7- ES* —76.8- ES®* +51.9- ES* +19.6 - ES +2.5) - EM.
(2.2)

If v > Vipans, the running equation is used:

EC, = (155.4-ES® —30.4- ES* —43.3- ES® +46.3- ES* +19.5- ES +3.6) - EM.
(2.3)

In EC,, and EC,, EM represents the equivalent mass, which accounts for the

additional load during acceleration: FM = , /(1 + (%)2.

This refinement resulted in approximately 14% lower whole-match energy expen-

diture estimates compared to the original model in [80].

In later work, Osgnach et al.[83] demonstrated that the number of high-intensity
efforts decreased throughout matches (from first to last 15-minute periods) without
substantial changes in mean metabolic power (=22 W /kg) or duration (=6.5 s).
However, mean metabolic power during low-intensity efforts decreased (5.8 to 4.8

W /kg), primarily due to longer recovery duration.

This dissertatino uses the original framework introduced in [80] to compute
metabolic power from GNSS data, without the refinements proposed in [82]. This
decision was made for the following reasons. First, to the best of the authors’ knowl-
edge, this work is the first attempt to predict metabolic workload transitions in team
sports. For this reason, establishing a baseline using the widely adopted original for-
mulation enables future comparisons and ensures reproducibility. In addition, recent
studies evaluated the ecological validity of the metabolic power framework in Gaelic
football [47], provided [48] and in hurling (another Gaelic field-invasive team sport)

[84] used the original framework [80].
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2.3.2 Metabolic Power in Gaelic football

Research into metabolic power assessment has changed the measurement of player
workload in team sports, providing more accurate quantification of energetic de-
mands than traditional velocity-based metrics. In Gaelic football, the adoption of
metabolic power approaches has revealed profiles of physical activity and allowed
for refined examination of positional and temporal differences in match demands.
While these advances have considerably improved descriptive analytics, the litera-
ture is still dominated by retrospective analyses and lacks approaches for real-time,

individualized workload prediction.

Malone et al. [48] examined the metabolic power and energetic demands of elite
Gaelic football match play. Using 10Hz GNSS data from 50 elite players across 4
inter-county teams during 35 competitive matches (351 complete match samples),
they provided the first comprehensive metabolic power profile of elite Gaelic foot-
ball. Match mean distance was 9,222 + 1,588 m with average metabolic power
ranging from 9.5-12.5 W /kg and total energy expenditure of 58-70 kJ-kg~!. Signifi-
cant positional differences emerged: midfielders showed the highest activity profiles
(greater total distance, high-speed distance, high metabolic power distance, and
energy expenditure) compared to other players. Temporal analysis revealed sig-
nificant reductions in both metabolic power and traditional running variables as
matches progressed. The rate of decline was comparable between metabolic power
variables and speed-based variables. This study established that metabolic power is
a valid and informative metric for physical demand, providing estimates of energetic

expenditure within elite Gaelic football.

The ecological validity of metabolic power within elite Gaelic football was vali-
dated in a later publication by the same author. Malone et al.[47] examined the as-
sociations between metabolic power variables and objective aerobic fitness measures.
Twenty-five elite players completed the following physiological testing at the start
and at the middle of the season: VOs;max, velocity at VOsmax (vVOgmax), peak

treadmill velocity, running economy, and blood lactate thresholds at 2 mmol-L~!
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and 4 mmol-L~!. Training and match-play running performance was continuously
recorded using GNSS technology. Results demonstrated strong correlations between
average metabolic power (r = 0.67-0.71), high metabolic load distance (r = 0.65-
0.72), and aerobic fitness markers (VOsmax, vVOsmax). The study concluded that
metabolic power variables offer reliable, real-time indicators of aerobic fitness re-
sponses to training and match demands in elite Gaelic football, suggesting their

utility for monitoring adaptations throughout the season.

2.3.3 Machine Learning for Athlete Performance Prediction

Machine learning has become a valuable tool for predicting athlete performance in
sports. By analyzing large amounts of sensor data, machine learning models can
identify important patterns and forecast outcomes like physical decline or workload
spikes. This section reviews how recent studies have used different data sources and
techniques to predict athlete states and highlights the advances and limitations of
these approaches for supporting decision-making in team sports.

A machine learning approach to analyze 50 professional soccer players from Serie
A over a complete season has been proposed by Rossi et al.[85]. The study collected
daily wellness questionnaires (7-point Likert scale for fatigue, sleep quality, stress,
and muscle soreness), external workload features derived by GNSS data (total dis-
tance, high-speed running, accelerations, decelerations, and metabolic power vari-
ables) and RPE-based internal load. Using XGBoost with 10-fold cross-validation,
they predicted next-day wellness status with high accuracy. Feature importance
analysis revealed that sleep quality, muscle soreness, previous day’s wellness, and
specific GNSS variables (player load, total distance) were the most influential predic-
tors. The study implemented both cross-validation and sequential scenarios (train-
ing on past data, testing on future). Although they include metabolic power as part
of the input features, their main goal is to forecast wellness status for the next day,
helping with weekly training planning rather than in-game player management. Our

research differs because we predict objective workload transitions within matches,
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using a metabolic workload ratio threshold personalized for each player. Instead
of predicting how a player will feel the next morning, we predict metabolic work
variations in short time windows, which helps in tactical decisions and substitutions

during games.

Biro et al. [86] explored the applicability of machine learning methods to detect
fatigue using sensor data from 19 athletes over repeated training sessions (steady
runs and efforts). IMUs recorded triaxial acceleration, angular velocity, and mag-
netic orientation throughout repeated sessions. Raw time-series data were trans-
formed into frequency and time-domain features, then used to train supervised ML
models (Random Forest, Gradient Boosting Machines, and LSTM networks). The
implemented model demonstrated high predictive accuracy for fatigue, showing sig-
nificant correlations between predicted fatigue levels and observed performance de-
clines. When comparing classifiers, they found that while LSTM networks showed
advantages for sequential data, traditional machine learning algorithms (Random
Forest) also achieved competitive performance, especially when augmented with
well-engineered features. While in [86], the authors focus on controlled scenarios,
predicting fatigue accumulation across sessions, in our work, presented in Chapter 5,
the focus is on competitive match scenarios, predicting metabolic power transitions
within ongoing games. Their IMU features are primarily frequency/time-domain
transformations of accelerometer and gyroscope signals, while our features are com-
posed of features used in sport literature describing distances, velocity zones, and
cumulative workload. They predict absolute fatigue levels, while our study predicts

binary transitions relative to player-specific baselines.

Cordeiro et al. [42] developed a machine learning-based framework to monitor
and predict performance attenuation in Gaelic football players by integrating phys-
iological, anthropometric, and subjective markers. The study included data from
41 male players, capturing neuromuscular metrics, perceptual responses (fatigue,
mood, sleep quality), biochemical markers (creatine kinase levels), and anthropo-

metric variables (body mass, fat percentage). Performance attenuation was calcu-
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lated by measuring the change in each athlete’s physical and biochemical metrics
from before to after match play. The difference for each metric (post-match minus
pre-match) quantified the degree of performance decline due to match demands,
ranking athletes from minimal to strong attenuation. These rankings served as the
predictive labels for the machine learning models, allowing them to forecast which
players were likely to experience higher fatigue and reduced physical performance
after matches. The dataset was balanced using multiple synthetic oversampling tech-
niques (SMOTE, ROSE, ADASYN) to address class imbalances between different
levels of performance attenuation. Various machine learning algorithms, including
Random Forest, AdaBoost, and XGBoost, were evaluated, with Random Forest
combined with ADASYN achieved the highest F1-score (0.75), affirming the impor-
tance of strength, lower-body power, and speed/agility as key predictors. There
are, however, important differences between this research and ours. In [42], au-
thors focus on predicting declines in performance using data from before and after
the match. In contrast, our research predicts shorter-term workload transitions,
specifically whether a player will enter an elevated metabolic workload in the next
3 minutes, based on rolling in-game features. Furthermore, while in [42] authors
analyze data for each match as a whole, our research uses short time windows to

track each player’s workload during the game.

In their study, Dijkhuis et al. [87] analyzed tracking data from 302 Dutch Ere-
divisie soccer matches during the 2018-2019 season to develop machine learning
models that predict players’ physical performance early in the match, providing
decision support for substitutions. Players’ physical performance was defined us-
ing three progressively sensitive variables: total distance covered, distance covered
within speed categories, and energy expenditure within metabolic power categories.
The authors defined five speed categories and five power categories, normalizing
player performance against individual baselines. These variables were calculated for
fixed time intervals, including five-minute windows, 15-minute periods, halves, and

entire matches. The physical performance of individual players in these intervals was
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normalized relative to their personal baseline values, computed as the mean perfor-
mance over the entire season and specifically for each 5-minute period of a match.
Players were classified as underperforming if they failed to reach 100%, 95%, or
90% of their individualized baseline in the given interval. Features used consisted of
absolute and relative metrics, such as percentage of distance covered, percentage of
distance covered in each speed category relative to corresponding baseline averages,
and percentage of energy expenditure in each power category compared to baseline.
These were calculated in both current and cumulative forms up to the specific time
window. Machine learning models, including Random Forest, Decision Tree, and a
Naive Bayes baseline, were trained and evaluated using these features. Training em-
ployed SMOTE to balance the dataset for underperforming and performing classes.
The Random Forest model using energy expenditure in power categories achieved
the best predictive performance across all underperformance thresholds. In con-
trast to Dijkhuis et al., whose goal is to predict early (using the first 15 minutes of
data) if a player will maintain performance levels across the entire remaining match,
our approach provides continuous predictions throughout the game. This permits
real-time monitoring and intervention opportunities, which differ from a single early

assessment.

In addition, their analysis does not explore the temporal dynamics of perfor-
mance within sessions: by aggregating session data for prediction, their work may
overlook crucial intra-session variations (for example, periods of acute high demand
or rapid recovery), which are important for monitoring player performance. By fo-
cusing specifically on dynamic, time-window based workload transitions rather than
aggregated session averages, our study advances the field’s capacity to detect changes
in physical demands within matches. In addition, authors in [88] do not explicitly
handle the interpretability of their machine learning models, which can impact trust
in decision-making from coaches or sport scientists. Our work includes interpretable
methods with feature importance analyzes to provide clear explanations of how

input variables influence model predictions, enabling coaches and practitioners to
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understand which factors most contribute to workload transitions.

Morciano et al. [88] aimed to classify above-average performance in professional
football players using supervised machine learning algorithms trained on biometric
parameters obtained from wearable sensors. Data were collected from 63 training
sessions of 20 professional players, stratified by role (strikers, midfielders, and defend-
ers). Wearable sensors included GNSS and IMU at 50 Hz, capturing accelerometers,
gyroscopes, magnetometers, and heart rate data. Four biometric parameters served
as features for the classification: energetic cost, metabolic power, anaerobic thresh-
old, and maximum oxygen uptake rate (VO2max). Player performance was assessed
through seven performance indicators (acceleration distance, deceleration distance,
high-intensity distance, and distances in speed ranges 16-20 km/h, 20-24 km /h, and
>24 km/h), each calculated as session-aggregated averages. The classification task
aimed to predict if each performance indicator was above or below the team average
for that training session. Random Forest models, optimized through grid search and
whale-optimization algorithms, achieved accuracy exceeding 90% across all player
roles. In their work, Morciano et al. used biometric parameters collected during
training sessions to predict whether players achieve above-average session perfor-
mance. On the contrary, our approach uses real-time movement data to predict
imminent metabolic work rate transitions during matches. Morciano’s method clas-
sifies overall session performance, whereas our method forecasts dynamic, upcoming

changes for real-time intervention

2.3.4 Summary

The reviewed literature (summarized in Table 2.3) establishes metabolic power as
a valid framework for quantifying energetic demands in team sports and demon-
strates the potential of machine learning for athlete monitoring, though predictive
approaches have primarily targeted wellness states, aggregate performance metrics,
or post-match performance decrements. However, existing studies do not provide

frameworks for predicting imminent workload transitions within matches using short
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temporal windows, limiting the ability to anticipate workload changes that could
inform tactical decisions such as substitution timing. Our study, presented in Chap-
ter 5, addresses these gaps by introducing a novel metric based on metabolic power
capturing work-recovery balance; implementing player-specific thresholds; predict-
ing short-term (3-minute) transitions rather than match-level outcomes; combining
current-window and cumulative features to capture both acute activity and chronic
fatigue effects; and demonstrating that accurate metabolic workload transition pre-
dictions are achievable. This provides the foundation for future operational systems

when appropriate technical infrastructure is in place.

Table 2.3: Comparison of metabolic power assessment and workload prediction ap-

proaches in team sports.

Study Sport Input Time Experiment Prediction Approach
Data Scale Design Target
Di Prampero | Running | Lab exper- | Theoretical | Biomechanical Energy cost | Theoretical
et al. [80] iments modeling framework model
Osgnach et al. | Soccer GNSS 10 | Match- Descriptive Metabolic power | Descriptive
[89] Hz level analysis profile statistics
Malone et al. | Gaelic GNSS 10 | Match- Descriptive Metabolic power | Descriptive
[48] football Hz level analysis by position statistics
Malone et al. | Gaelic GNSS Match- Validation study | Metabolic power | Correlation
[47] football 10 Hz + | level vs. VO2max analysis
physio
Rossi et al. | Soccer GNSS  + | Daily Previous day — | Wellness classifi- | Classification
[85] wellness next day cation
Biro et al. | Multi- IMU Session- Within-session Fatigue classifi- | Classification
[86] sport level aggregated cation
Dijkhuis et al. | Soccer Tracking Early pre- | First 15 min — | Under  perfor- | Classification
[87] diction full match mance detection
Cordeiro et | Gaelic GNSS, Pre/post- | Match response | Performance at- | Classification
al. [42] football IMU, match analysis tenuation rank-
physio ing
Morciano et | Football | GNSS 50 | Session- End-of-session Above/below- Classification
al. [88] Hz, IMU | aggregated | classification average perfor-
50 Hz, HR mance
Chapter 5 Gaelic GNSS Rolling 3- | Continuous Metabolic Classification
football 10 Hz + | min win- | intra-match ‘Workload
IMU 100 | dows transitions
Hz

2.4 Automatic Detection of Game Phases in Sport

Workload prediction would benefit from game context: for example, whether the
team is attacking or defending. Section 2.4 reviews automatic event detection meth-

ods that classify game phases from sensor data, providing necessary context without
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manual video annotation.

Manually labelling game events remains a major challenge in professional sports
analysis. Sports analysts must rewatch matches and use specialized software to mark
events like possession changes, attacking phases, and shot attempts with precise
timestamps. This manual labelling provides valuable context for understanding the
physical performance patterns from sensor data. However, this process is time-

consuming, expensive, and prone to errors.

This section reviews methods for automatically detecting events and game phases
in sports, using tracking data, video analysis, and wearable sensors to identify im-

portant moments without manual work

Richly et al. [90] develop an automated approach for identifying compound
events in football by analyzing positional data. They try to demonstrate the feasi-
bility of detecting key events such as passes, receptions, shots on target, and clear-
ances directly from spatio-temporal player and ball tracking data using supervised
machine learning. The data used in this work consisted of professional football
matches from the German Bundesliga, tracked using optical sensors that provided
two-dimensional coordinates for players and the ball. The authors manually created
a gold standard from video recordings of game sections. The methodology developed
involved computing distinct feature types from raw positional data, such as velocity,
acceleration, acceleration peaks (both maximum and minimum), direction change
(computed as the angle between consecutive direction vectors), distance to target
(Euclidean distance from an object’s current position to the assigned goal), and a
cross on target line feature (distance from the goal to the point where an object’s
trajectory would cross the goal line). These features were computed for the ball,
and their values at each timestamp formed the basis for event classification. Three
supervised machine learning algorithms were trained and compared: Support Vector
Machines (SVM), K-Nearest Neighbors (KNN) with k=3, and Random Forest. SVM
and Random Forest achieved recall between 59.9-76.7% and precision between 35.1-

38.7%, except for reception events where precision dropped to 5.9-8.9%. Important
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limitations of their work included the small training dataset relative to the diver-
sity of football match scenarios. Furthermore, the ball-centric feature set may not
capture all relevant information from the movements of the players. Our research,
presented in Chapter 6, employs a team-centric approach using pairwise inter-player
movement relationships and focuses specifically on detecting game phases ending in
shots. Finally, our primary innovation lies in demonstrating that a single team’s

wearable sensor data is sufficient to infer shot events.

Link et al. [91] propose computational models for detecting individual and team
ball possession in soccer based on positional tracking data from 60 German Bun-
desliga matches in the 2013/14 season. Their approach classifies ball possession into
various hierarchical types, such as Individual Ball Possession (IBP), Individual Ball
Action (IBA), Individual Ball Control (IBC), Team Ball Possession (TBP), Team
Ball Control (TBC), and Team Playmaking (TPM). The data consisted of player
and ball xy-coordinates collected at 25 Hz using an optical tracking system. The au-
thors developed a three-step detection process: (1) preprocessing to remove tracking
errors, (2) identifying IBP /IBA boundaries using distance, velocity, and acceleration
between player and ball, and (3) classifying ball control using Bayesian networks.
Our approach differs from their framework by demonstrating that a specific game
phase can be inferred from team movement coordination patterns alone, without

the ball and opponents’ position.

Khaustov et al. [92] present a rule-based algorithm designed to reconstruct key
soccer events (ball possession, successful and unsuccessful passes, and shots on goal)
from spatiotemporal player and ball positional tracking data. Their work uses two
distinct datasets comprising continuous or episodic sequences of positional coordi-
nates for all field players and the ball. They extract four main feature types derived
from spatiotemporal trajectories: player speed and direction, ball velocity metrics,
and ball acceleration characteristics. Characteristic temporal and spatial patterns
matching each event type are encoded as rules to identify and classify events effec-

tively. Validation on available datasets confirms high accuracy and computational
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efficiency. However, the methodology in [92] requires full tracking data (both teams
and ball coordinates) and pre-encoded knowledge about event signatures that may
not transfer across sports. In contrast, our approach uses supervised machine learn-
ing on engineered pairwise player movement features derived from wearable data,
requiring no data about the other team and ball’s position. This allows the model

to learn sport-specific and context-specific patterns directly from data.

Vidal-Codina et al. [93] developed a deterministic two-step algorithm to auto-
matically extract football events using player and ball tracking data. The approach
presents a decision tree-based algorithm that determines which player owned the
ball at each frame by analyzing spatial proximity and ball velocity and identifying
distinct player configurations during intervals when the ball is not in play (cor-
ners, free kicks, throw-ins). The event detection step then combines changes in
ball possession to classify in-game events (passes, shots, crosses, saves, etc.). When
evaluated across multiple football tournaments and tracking data providers, the al-
gorithm achieved detection rates of 90% or higher for most event categories, with
particularly high accuracy for shot classification. In contrast to Vidal-Codina et al.,
our approach works without explicit ball position coordinates at each second and
data from both teams. While their approach achieves superior accuracy (90%-+), it

requires expensive video tracking infrastructure unavailable to most teams globally.

The study by Bischofberger et al. [94] presents a validation of a simple rule-
based algorithm designed to detect passes and shots from positional data across
four diverse datasets. The methodology involves detecting playing events based
on thresholds of ball acceleration and player proximity, followed by classifying these
events using rule-based rules and machine learning models such as decision trees and
ensemble classifiers. They extract features such as distances to the goal, opening
angle to the goal, initial kick speed, whether the receiver is a goalkeeper or outfield
player, and directional metrics. These interpretable features serve as inputs to rule-
based classifiers and machine learning models to distinguish shots from passes. The

study only focused on two event types (passes and shots), excluding more complex
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or subjective events like tackles, dribbles, or fouls. Pass detection achieves high F-
scores up to 0.92 when positional and event data are dependent, but accuracy drops
significantly (to around 0.71 for passes and 0.65 for shots) when positional and event
data are independent, signaling a real-world challenge in event temporal extraction.
This is due to the fact that for certain datasets, positional data might have been
post-processed or reconstructed using event annotations. For shot classification,
they achieved F-scores between 0.83 to 0.91 with their rule-based classifiers and up
to 0.95 with machine learning classifiers.

Unlike Bischofberger et al., who work with synchronized high-quality tracking
data and manual annotations, our work uses incomplete wearable sensor data where
tracking is available only for one team. Moreover, contextual data are available only
for specific types of playing events, and the exact position of the ball is unknown.
Despite this more challenging situation, we achieve competitive shots classification
performance through novel pairwise feature engineering that captures inter-player

coordination patterns rather than explicit positional information.

2.4.1 Summary

The previous section described various approaches to automatic event and phase
detection in team sports, summarized in Table 2.4. These approaches vary from rule-
based algorithms to deep learning models. Existing approaches rely on ball position,
both teams’ sensor data, or video footage. These methods achieve high accuracy but
require expensive infrastructure and complete tracking systems that are unavailable
to most teams. As a result, existing studies have not addressed the practical scenario
faced by many clubs: detecting game phases using only wearable sensor data from a
single team without ball position or opponent sensor data. Indeed, only clubs with
enough resources can use advanced contextual analysis tools.

Our study, presented in Chapter 6, addresses this gap by demonstrating that key
game phases (specifically shooting events) can be automatically classified using only

wearable sensor data from one team through a novel pairwise feature engineering
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approach, without requiring ball position or opponent tracking data. This method
achieves competitive classification performance (F1 scores 0.67-0.69). Furthermore,
the framework is transferable and can be applied to other invasion-field team sports

beyond Gaelic football.

Table 2.4: Comparison of automatic event and game phase detection approaches in
team sports.

Study Sport Data Type | Data Cov- | Events De- | Detection | Feature
erage tected Method Source
Richly et al. | Football Optical Both teams | Passes, recep- | Supervised | Ball-centric (ve-
[90] tracking + ball (x,y) | tions, shots, | ML (SVM, | locity, accelera-
(stationary clearances KNN, Ran- | tion, direction,
cameras) dom Forest) | distance to goal)
Link et al. [91] | Soccer Optical Both teams | Individual Bayesian Distance, veloc-
tracking + ball and team ball | networks ity, acceleration
system possession, between player-
ball  control, ball
playmaking
Khaustov et al. | Soccer Tracking Both teams | Ball posses- | Rule-based | Player speed, di-
[92] datasets + ball sion, passes, | algorithm rection, ball ve-
shots locity, ball accel-
eration
Vidal-Codina Football Video Both teams | Passes, shots, | Decision Spatial proxim-
et al. [93] footage + ball crosses, saves | tree  algo- | ity, ball velocity,
rithm player configura-
tions
Bischofberger Football Tracking Both teams | Passes, shots | Rule-based | Ball acceler-
et al. [94] datasets + ball + ML (de- | ation, player
cision trees, | proximity, goal
ensemble) distance, open-
ing angle
Chapter 6 | Gaelic Wearable | Single Shooting Supervised | Pairwise
[52] football sensors team only | phases ML + Re- | inter-player
(both cursive movement
teams) Feature differences
Elimina- (adjacency
tion matrices)

2.5 Literature Review Summary

This chapter identified critical gaps across four research domains that this thesis

addresses through novel methodological contributions.

1. Feature Engineering Gap (Section 2.1): While wearable sensors have be-
come ubiquitous in team sports, the literature lacks systematic frameworks for
transforming raw sensor data into structured datasets. Existing work focuses
on what features to extract (velocity zones, accelerations) but not how to algo-

rithmically organize data to enable diverse analyses. Chapter 3 addresses this
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gap by introducing a multi-step framework to realize the Action and Event
datasets, which permit analytical tasks, while reducing dimension with respect

to raw sensor data but maintaining essential information integrity:.

. Spatial Analysis Gap (Section 2.2): Existing graph approaches in team
sports model player-to-player interactions through passing or event networks,
treating players as nodes. This structure captures tactical relationships but
cannot reveal how teams collectively move through space. This remains crit-
ical for understanding territorial control and transition dynamics. Chapter 4
approaches spatial analysis by representing spatial cells (not players) as graph
nodes, with edges encoding movement transitions between locations. This
cell-based approach enables the identification of critical spatial zones, commu-
nity detection of regions with similar movement characteristics, and temporal
analysis of how spatial patterns evolve. These insights are inaccessible to

player-centric models.

. Workload Prediction Gap (Section 2.3): Metabolic power provides more
comprehensive energetic demand quantification than velocity-based metrics,
with validated ecological validity in Gaelic football. While recent work has
begun exploring in-game performance prediction, these approaches share a
limitation: they predict aggregate outcomes (will the player underperform
the full match? Is session performance above average?) rather than imminent
transitions (will workload change in the next 3 minutes?). Chapter 5 addresses
this gap by introducing a player-specific Metabolic Work Ratio metric quan-
tifying work-recovery balance, and rolling 3-minute window predictions of im-
minent workload transitions rather than match-aggregate outcomes. This en-
ables proactive in-match intervention when real-time data streams and proper

technology are operationally available.

. Identification of Game Phases Gap (Section 2.4): the literature review

demonstrates that all prior automatic playing event detection methods require
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ball position data, both teams’ tracking, or video footage. This requires expen-
sive resources that may be unavailable to most clubs. No prior work addresses
event detection using only single-team wearable sensors. Chapter 6 fills this
critical practical gap by classifying shooting events for both teams using pair-
wise inter-player movement features derived exclusively from one team’s sensor

data.

The following chapters present detailed methodologies and experimental valida-

tions designed to address the gaps identified in this chapter.
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Chapter 3

Developing a Threshold-Based

Activity Feature Set

The work presented in this chapter has been published in:

1. Antonini Valerio, Alessandra Mileo, and Mark Roantree. ”FEngi-
neering features from raw sensor data to analyse player movements

during competition.” Sensors 24.4 (2024): 1308.

2. Antonini Valerio, Dermot Sheridan, and Mark Roantree. ” A mul-
tidimensional database of in-game player movements (Actions and

events) in gaelic football.” Data in Brief 57 (2024): 111082.

3.1 Introduction

The previous chapter provided an overview of wearable sensor data and their charac-
teristics in invasion field team sports such as Gaelic football. This chapter addresses
an important practical gap in sports analytics. While wearable sensors combin-
ing GNSS and IMU technologies are widely used to capture high-frequency player
movement data, many studies and commercial applications do not fully disclose
transparent and reproducible data processing pipelines. Prior research in the anal-

ysis of players movement in Gaelic football using sensor data identified running
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and acceleration profiles [23], [24], studied the relationship between technical per-
formance indicators and running performance [95], or investigated activity profile,
player load, and heart rate [54], typically focusing on GNSS data alone. However,
there remains a gap for comprehensive and reproducible frameworks that effectively
integrate both GNSS and high-frequency IMU data into structured datasets, captur-
ing more detailed movement dynamics. To address this need, this chapter presents
a methodological framework composed of algorithms that convert raw GNSS and
IMU data into datasets reflecting player movement intensity described by summary
metrics of the variables returned by sensors. These algorithms are fully documented
with pseudocode to promote transparency and facilitate adaptation in both research

and applied settings, with a particular focus on Gaelic football.

The main contribution of the framework is a segmentation algorithm that par-
titions continuous sensor data into continuous movement segmented by velocity
thresholds and an aggregation algorithm that groups these units into higher-level
sequences framed by periods of rest or low-intensity movement. They provide repro-

ducible, systematic steps to transform raw sensor inputs into structured datasets.

The primary objective of this work is to demonstrate the framework can organize
wearable sensor data to preserve established analytical capabilities while enabling
additional forms of analysis that can be challenging to perform directly from raw
sensor data. For example, by structuring data into movement units and contextual
sequences, the framework facilitates examination of velocity zone transitions, dura-
tion patterns, and proportion of high-speed distance between resting or low-intensity
states. To validate the framework, two complementary case studies are presented.
The first shows that the derived datasets produce results consistent with established
Gaelic football research. In particular, the Action dataset preserves the same ana-
lytical information of the raw sensor data while drastically reducing the dimension of
the data. The second illustrates the practical application of the structured datasets
in a predictive modelling context, forecasting high-speed running distance in the sec-

ond half of matches. While this prediction can be made using raw sensor data, our
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framework creates clear and organized datasets that make it easier to understand
and analyze player movement.

In summary, this work contributes to the methodology of sports analytics by
providing both an algorithmic framework and resulting structured datasets. This
dual-dataset approach provides a foundation for future research, offering systematic

data organization that supports a wide range of analytical objectives.

3.2 Raw Sensor Data

This section provides a comprehensive overview of the wearable sensor data collected
during 11 competitive inter-county Gaelic football games. First, the data collection
process is described, followed by a presentation of the structure and characteristics

of the raw data.

3.2.1 Data Collection

Data were collected during 11 competitive Gaelic football inter-county games during
the years 2019, 2020, and 2021 on the same team. The data collection was part of
different research: the football club shared access to STATSports cloud-based Sonra
platform with the university for the analysis. During those games, players wore
a micro GNSS sensor device (STATSports Apex 10 Hz, Northern Ireland, UK),
placed on the upper back, within a vest that fitted the body comfortably. The
accuracy and reliability of the specific device have been independently validated
[96]. Beato et al. reported that the 10 Hz Apex unit produced a small distance bias
of approximately 1-2% across 400-m, 128.5-m circuit, and 20-m linear running trials,
and a peak speed bias of 2.36 + 1.67% against a radar gun criterion, with a nearly
perfect intraclass correlation coefficient of 0.96 [96]. These findings support the use
of the device for measuring both distance and velocity variables during training and
match play. It should be noted, however, that these validation trials were conducted

under optimal, controlled conditions involving isolated, linear running bouts on
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an outdoor athletic track, with a high satellite count and minimal environmental
interference. As such, accuracy estimates derived from such protocols may not fully
generalize to the continuous, multidirectional demands of competitive intercounty
Gaelic football match play, where movement patterns, intensity fluctuations, and
environmental conditions (stadium vs outdoor athletic track) differ substantially [46,
96]. Nonetheless, subsequent interunit reliability analysis of the same 10 Hz Apex
unit during a standardized intermittent running protocol demonstrated excellent
reliability for total distance (ICC = 0.999) and good reliability for peak speed (ICC
= 0.898) [97], providing further confidence in the consistency of data collected across

multiple units within the same session.

Data were collected during 11 competitive Gaelic football inter-county games
during the years 2019, 2020, and 2021 on the same team. The number of games
reflects the constraints of an opportunistic data-sharing arrangement with an elite
county team, which is common in applied sports science research where access to elite
populations is governed by institutional agreements. The games cover three seasons
and different stages of the championship calendar, introducing natural variation
in conditions across fixtures. All players involved were members of the registered
senior inter-county squad selected by management for each fixture, ensuring the
data reflect genuine elite competition. It should be noted that the 2020 season was
played without spectators due to Covid-19 restrictions, though the physical demands
captured by the sensors are unlikely to have been systematically affected by crowd

absence.

The 37 players included in the dataset were not selected by the researcher but
represent all squad members who participated in at least one of the 11 games and
for whom valid sensor data were available. No exclusion criteria were applied at the
data collection stage based on position, fitness level, or playing time, ensuring the

dataset reflects the full composition of an elite inter-county squad.
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3.2.2 Data Structure and Preprocessing

The GNSS sensor records data at 10 Hz, providing 10 data points per second for
latitude, longitude, and speed (m/s). In addition, the built-in inertial measurement
unit captures accelerometer and gyroscope data at 100 Hz. This means that for
every second of play, 100 data points are captured from each IMU channel. The
accelerometer axes represent the forward-backward (anteroposterior), side-to-side
(mediolateral), and vertical (up-down) directions of movement, respectively, while

the gyroscope captures rotational motion about these axes.

Data were downloaded using Sonra STATSports software (version 4.5.19). For
each session (training or game), raw data were downloaded in CSV format. The
software provides the option to download raw or summary data for the entire session
or divided by drills (training) or by quarters or half of games. For each game, a
separate CSV file was extracted containing the raw data for each player for each
quarter of the game, with all files related to a single game stored within one folder.
In this way, the data were returned already filtered and cleaned from the software:
for example, periods such as the warm-up and the interval between the halves were
not included. The raw data exported were pre-filtered by the proprietary company
to reduce the noise within the GNSS signal [98]. In most cases, the software only
provided data for those players who were actively involved in the playing area, while
returning an empty CSV file for players on the bench in that quarter. All players
who participated in any portion of a game were retained in the dataset at the
data collection stage, including those who played only a limited number of minutes.
Contextual filtering was then applied prior to each individual analysis depending
on the specific requirements of that analysis (for example, excluding players who
played five minutes or less, or restricting analyses to players who completed the
entire game). The filtering operation is later specified before each analysis. For
some games, the software returned data for players who were not involved in the
game. Those players have been removed by comparing sensor data with official

match reports. The additional data pre-processing performed was to exclude data
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points where the recorded speed exceeded 10 m/s or instantaneous acceleration
was greater than 4+ 6 m/s? as suggested by previous research [99]. These values
were replaced with the value from the previous timestamp. Sonra software offers the
option to extract metrics used in sport research (for example, total distance, sprints,
max speed, and many others). The raw data were downloaded, and key metrics were
computed using thresholds or formulas established in sport science literature. This
approach also provides the flexibility to manipulate the data according to the specific

task.

It should be acknowledged as a limitation that the data were collected across
the 2019, 2020, and 2021 intercounty seasons, a period during which Gaelic football
underwent notable rule changes that may have altered the physical demands of
competition. Furthermore, the 2020 season was played behind closed doors due
to Covid-19 restrictions, which may have influenced tactical communication and
player intensity profiles. The 2019-2021 window was not chosen by experimental
design but reflects the period during which the institutional data-sharing agreement
between the county team and the university was active. As such, direct longitudinal

comparisons across seasons should be interpreted with caution.

A sample of the downloaded raw data, extracted using the STATSports Sonra
software, is presented in Table 3.1. The full dataset contains 76,313,030 rows, reflect-
ing the high sampling rates of the sensors. Each row represents a unique observation
taken every 1/100th of a second (0.01 second). Within each second, there are 100
rows capturing accelerometer and gyroscope measurements (Accl X, Y, Z and Gyro
X, Y, Z), which vary from one row to another. Meanwhile, position (latitude, lon-
gitude) and speed observations updated every 10th row (at 10 Hz), meaning these
values remain the same across 10 consecutive rows before changing. Player and

Game IDs displayed have been randomly generated to maintain anonymity.

Figure 3.1 shows 30 seconds of player speed sampled at 10 Hz for Player 153
during Game 934. Fluctuations in the speed signal indicate the player alternated

between phases of faster running and periods of reduced speed or recovery.

61



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

Table 3.1: Sample of raw wearable sensor data downloaded using Sonra software.
Data were recorded at 10 Hz for time, latitude, and longitude, and at 100 Hz for
accelerometer (Accl X, Y, Z) and gyroscope (Gyro X, Y, Z) measurements.

Player Time Half GamelD Lat Lon Speed Accl X AcclY AccdZ GyroX GyroY GyroZ
220 14:18:19.1 2 893 5321 -6.15 3.5 0.415 0.635  0.074 -47.46  113.05 -9.53
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.406 0.449 0.097  -69.79 110.81  -3.57
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.326 0.273 0.114  -96.11 105.28  2.45
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.368 0.102 0.119  -119.21 108.01  5.60
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.344 0.012 0.111  -13748 10773 7.63
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.300 0.010 0.105  -120.50 108.20 6.00
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.335 0.025 0.100  -110.20 111.00  5.20
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.320 0.030 0.090 -115.00 107.85 4.80
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.310 0.040 0.089  -130.00 104.00 4.55
220 14:18:19.1 2 893 53.21 -6.15 3.5 0.315 0.045 0.088 -125.00 105.50  4.90
220 14:18:19.2 2 893 53.22 -6.14 3.6 0.310 0.038 0.087  -120.00 106.00  5.00
Speed for Player 155: 10Hz
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Figure 3.1: 30 seconds of speed data sampled at 10 Hz for Player 153 during Game
934
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Figure 3.2 presents 30 seconds of raw tri-axial accelerometer data (Accl X, Accl
Y, Accl Z) sampled at 100 Hz for Player 152 during Game 934. Each subplot
displays the fluctuations in acceleration along a different axis. The Accl X and
Accl Y axes show frequent spikes and oscillations, which may reflect forward and
backward movements (Accl X), lateral movements (Accl Y), and changes of direction
or impacts. The Accl Z axis generally oscillates around zero but displays both

upward and downward spikes, indicating vertical movement.

Accelerometer Data (X, Y, Z) for Player 152 (30 seconds)

10.0 -

7.5 -

Accl X

2.5 -

0.0 -

—2.5-

_5.0-

12.5 -

Accl Y
o
o

—2.5-

Accl Z

13:00:05 13:00:10 13:00:15 13:00:20 13:00:25 13:00:30 13:00:35
Time

Figure 3.2: 30 seconds of tri-axial accelerometer data sampled at 100 Hz for Player
152 during Game 934

3.2.3 Overall Dataset Characteristics

Table 3.2 provides a comprehensive summary of the dataset characteristics. The
dataset includes 11 competitive inter-county Gaelic football games played between

2019 and 2021, involving 37 unique players across 7,647 minutes of match play. The
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high-frequency sampling (10 Hz for GNSS, 100 Hz for IMU) resulted in over 76
million data rows. Performance metrics show considerable variation across games,
with total distances ranging from 8,352 to 9,208 meters (m) per player, high-speed
distances at speed > 4.72 m/s) from 1,402 to 1,744 m, and sprint distance (>
6.11 m/s) between 441 and 556 m. As discussed in Section 2.1.1, different velocity
thresholds have been used in Gaelic football literature. In this section, high-speed
distance (distance at speed > 4.72 m/s) and sprint distance (distance at speed >
6.11 m/s) are computed using velocity thresholds defined by [19]. The use of these
thresholds is to ease comparison with running profiles defined in literature (23] and
[19]). Later in this chapter and in subsequent chapters, different velocity thresholds
are used, based on [53] and later applied in Gaelic football [54].

Table 3.2: Summary of dataset scope and characteristics

Characteristic Value
Number of games 11
Years covered 2019, 2020, 2021
Number of players 37
Total minutes of play 7,647
Total data rows 76,313,030
GNSS sampling rate 10 Hz
IMU sampling rate 100 Hz
Average game duration 80.1 &£ 1.8 min
Players per game (complete) 11.0 £ 1.6
Performance Ranges (per player)

Total distance 8,352 - 9,208 m
Distance > 4.72 m/s 1,402 - 1,744 m
Distance > 6.11 m/s 441 - 556 m
Max speed 8.2-8.7m/s

Table 3.3 shows the distribution of speed values in the entire dataset (every
player included, regardless of the role or the minutes played): the average speed
during match play is 1.97 m/s per player, with a standard deviation of 1.51 m/s.
The distribution of player speed is right-skewed, as evidenced by the mean speed
being greater than the median (1.50 m/s). This right skewness means that while
most player movements happen at moderate speeds, there is a longer tail of higher

speed values caused by intense activity such as sprints or rapid accelerations. This
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reflects the intermittent nature of Gaelic football, where players mostly move at

lower speeds, with occasional moments at higher speeds.

Table 3.3: Descriptive statistics for player speed (m/s) from the raw data.

Statistic Speed (m/s)
Mean 1.97
Standard Deviation 1.51
25th Percentile 0.97
Median (50th Percentile) 1.50
75th Percentile 2.85
Maximum 9.92

The boxplots in Figure 3.3 reveal that while median player speeds remain close
across halves, there is a slight decrease in median speed during the 2nd half compared
to the 1st half. The maximum typical speed (excluding outliers) indicated in the
plot by the upper whisker is slightly lower in the second half compared to the first
half.

Distribution of Player Speed by Half

10 + 0

Speed (m/s)

| 1 1

1st Half 2nd Half
Half

Figure 3.3: Box-plot distribution of speed by half of the game.
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1. Raw Sensor Data
GNSS (10Hz)
IMU (100 Hz)

2. Per-Second 3. Labelling speed
Aggregation using Velocity Zones

Action Dataset

Event Dataset - 5. DetectEvent

Contribution:
DetectEvent Algorithm

Aggregate actions into activity segments delimited
starting with resting actions and ending with the
last active actions before rest

Definition: event = [rest — active] — rest Mﬁﬁﬁﬂ/v\_;_..
\

Extracted features: i / \x

= MNumber of actions, stats on speed {

- Distance, distance at high-speed
= Duration

. Input . Feature Engineering

Figure 3.4: Overview of the multi-step framework for transforming raw GNSS and
IMU sensor data into the Action and Event datasets. The pipeline progresses from
raw sensor data through per-second aggregation, velocity zone labelling, and the
Detect Action and DetectEvent algorithms, producing two structured datasets that
preserve player movement information.

3.3 A Multi-Step Framework for Running Activ-
ity Datasets

In this section, the multistep feature engineering-based framework is presented. The
framework, illustrated in Figure 3.4, takes as input the raw data described in the

previous section and returns two datasets describing the running activity of players:

e An Action dataset. Each row describes an action performed by a player
during one game. In this research, an action is defined as any uninterrupted
sequence of seconds occurring in the same velocity zone. Velocity (or speed)
zones in team sports are labels of running speeds identified by threshold values
and used to categorize athlete movement during training or competition [100].
These velocity thresholds can be determined arbitrarily by the proprietary
software of the tracking device or expressed relative to a physiological test
[100]. Formally, an action is a temporal interval [t,, t.] during which a player’s

velocity remains within the same velocity zone, defined as:

A={telt,t]: Z(w(t) = 2}
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where ¢ represents time in seconds, v(t) is the player’s speed at time ¢, Z(-) is
the velocity zone labeling function that maps speed values to the velocity zones
standing, walking, jogging, running, high-intensity running, and sprinting ac-
cording to the velocity thresholds in Table 3.4, z is a constant velocity zone,
and ty < t.. The velocity thresholds defining the velocity zones suggested by
[53] (Table 3.4), and later applied in Gaelic football [54], were used.

The Action dataset is defined as

A={A = (0 t0 20,

where each A; is an action characterized by the contiguous time interval

[tigrt, tgn)d] and a velocity zone label z; € V.
Table 3.4: Velocity thresholds and corresponding velocity zones used to label player
movement intensity, as defined by Rampinini et al. [53] and applied to Gaelic football
in this thesis. Each threshold defines the speed range (x;, in m/s) associated with a
discrete movement category, from standing to sprinting.

Velocity (m/s) Thresholds Velocity Zone
r; <0.194 Standing
0194 < z; <2 Walking
2<zx; <4 Jogging
4<x;<bb Running
0.5 <x; <7 High-Intensity Running
x; > Sprinting

e An Event dataset. Each row describes an event performed by a player during
a game. In this research, an event is defined as a sequence of actions that
begins when a player transitions from a resting state (standing or walking at
speed < 2 m/s) to an active state (jogging, running, high-intensity running,

or sprinting) and ends when the player returns to a resting state.

Formally, first we need to divide the velocity zones into two disjoint subsets

corresponding to resting and active states:

Viest = {standing, walking} (speeds < 2 m/s),
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Viactive = {jogging, running, high-intensity running, sprinting}.

For each game and player, the ordered sequence of actions represented by

A= {4 = (0 10 2N

where each action A; has a time interval [t(i) ¢ | and a velocity zone label

starty Yend

zj € V= V;est U V;Lctive-

An event

Ej = (Aija Ai]’-‘rla s 7Akj)
is defined as a sequence of actions defined by the following properties:

1. Event start:

Zij € Vactive )

and either

= 1) or Zij,1 € ‘/I"esta

meaning that the event begins at the start of data or with the first active

action following a resting action.

2. Event continuation: For all intermediate indices,
Zmevactivm form:ija"'akj_la

meaning the player stays in active velocity zones throughout the event.
3. Event end:

kj =N, or Zkj+1 € Viest

or

ij € ‘/activev
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the event ends just before the player returns to a resting state (zj,11 €
Viest) or at the end of the dataset (k; = N). In summary, each event

captures a continuous period of activity bounded by rest periods.

The Event dataset is the collection

5:{E17E27”'7EM}7

partitioning the entire sequence A into consecutive events. Each event

E; is characterized by its aggregated features, including player ID, event

(k5)
end ’

(45)

starts €vent end time ¢

start time ¢ the sequence of contained actions,

and others described later in the chapter.

3.3.1 From Wearable Sensor Data to the Action dataset

The framework implemented to obtain the Action dataset from wearable devices
data, describing the running activity level of players, is described in detail in the

following steps.

1. Data Acquisition. The acquisition of raw data is explained in Section 3.2.1.
The wearable sensor worn by players is composed of a 10Hz GNSS and a
100Hz IMU device. The GNSS device records 10 observations for each second
for the variables latitude, longitude, and speed (m/s), while the IMU records
100 observations for each second for the variable acceleration over the x, y, and
z axes. A sample of the input raw data of the framework is shown in Table

3.1.

2. Step 1. Per-Second Aggregation. For each player, the wearable sen-
sor used to acquire the data returns 10 values each second of the variables
latitude, longitude, and speed. While some analyses may benefit from such
high-level granularity, this work aggregates the data into one value per sec-
ond. The downsample of 10Hz sensor data to a rate of 1Hz, by computing the

average of the variables every 10 samples, is a method already used in sport
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Table 3.5: Sample of the aggregated data. The names of some columns in the header
have been shortened: latitude (Lat.) and longitude (Lon.).

Player ID | Time Lat. Lon. Speed (m/s) | Acceleration (m/s?*)
152 15:49:51 | 54.11398 | —7.21719 5.36 0.22
152 15:49:52 | 54.99321 | —7.49778 5.60 0.24
152 15:49:53 | 54.11334 | —7.89912 5.14 -0.46
152 15:49:54 | 54.34509 | —7.21196 5.11 -0.03

science research [101]. High-frequency sensor data capture detailed variations
within one second but also include noise and volume that may not be rele-
vant to the analysis. Downsampling to 1 Hz reduces data volume and noise,
improving computational efficiency without sacrificing important information
(for the scope of this research). It should be acknowledged, however, that av-
eraging within-second speed values may attenuate the detection of very short
high-intensity bursts characteristic of Gaelic football, where sub-second accel-
erations and brief sprinting efforts may be partially smoothed by aggregation.
This represents a known trade-off between temporal resolution and computa-
tional tractability, and findings derived from the 1 Hz representation should

be interpreted with this in mind.

The input dataset of this step is the raw data, where each row is 1/100 of a
second, where acceleration x, y, and z have different values for each row, while
the 10Hz GNSS variables have a different value every 10 rows (Table 3.1). The
output is represented by the temporal roll-up of 1 value per second (Table
3.5). The location (latitude and longitude) is updated to the centroid of the
locations covered during the second (average of 10 subsequent locations), while
the speed would be the average value during the second. The acceleration is
computed by subtracting each speed value from the previous one and adding
it as a new column. In the same way as for the 10Hz features, the 100Hz
acceleration x, y, and z are downsampled to 1Hz by computing the average of

the 100 data points for each second.

3. Step 2. Per-Second Labeling. Each speed value z; (i = 1,2,..,n, where

n is the last second of the game) at time 7 is labeled into velocity zones using
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Table 3.6: Sample of the aggregated data with labeled actions. The names of
some columns in the header have been shortened: latitude (Lat.), longitude (Lon.),
velocity zone (V. Zone), and acceleration (Acc. (m?/s)).

Player ID | Time Lat. Lon. Speed (m/s) | V. Zone | Acc. (m?/s)
152 15:52:11 | 54.12311 | —7.35743 5.42 Running 0.04
152 15:52:12 | 54.11387 | —7.19723 3.97 Jogging —1.45
152 15:52:13 | 54.23334 | —7.29989 5.10 Running 1.12
152 15:52:14 | 54.21387 | —7.13780 5.07 Running —0.03
152 15:52:15 | 54.11390 | —7.48109 4.99 Running —0.08

thresholds indicated in Table 3.4. Therefore, for each second of the game, speed
values are converted to one of the six velocity zones: ’standing’, 'walking’,

‘jogging’, 'running’, 'high-intensity running’, and ’sprinting’.

A sample of the dataset after this step is shown in Table 3.6.

4. Step 3. Detect and Aggregate Action. In this work, an action is defined
as any uninterrupted sequence of seconds occurring in the same velocity zone.
The minimum duration of an action is 1 second if the player enters that specific
velocity zone only for 1 second, changing zone in the successive second. The
1s interval dataset exposed in Table 3.6 now serves as input to this step,
where the goal is to further aggregate the data: in this case, a roll-up to
the level of action. Each data point will no longer represent 1 s of activity
but an entire action, which will likely run over a number of seconds. This is
carried out using the proposed Detect Action algorithm described in Algorithm
3.1. DetectAction algorithm takes as input the 1-second dataset in Table 3.6
divided by players and half of the game (as it requires data to be consecutive),
processes the rows of the dataset, compresses similar labels into a unified row,
and returns an Action dataset where each row is a specific action described by
a set of features. The entire list of features describing the action is displayed

in Figure 3.7.

Algorithm 3.1 iterates through the N rows of a dataset (Table 3.6) comprising
the sequence of the time, location, speed, action, and acceleration of a player
during a game. At each iteration ¢, the action performed by a player is indi-

cated by the variable x; and the time when the action occurs by the variable z;.
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Table 3.7: Features extracted from each action in the Action dataset. For each
discrete action summary statistics are computed from GNSS-derived speed and IMU-
derived tri-axial acceleration signals, alongside spatial and temporal descriptors.

Feature Name

Description

Avg Speed

Min Speed
Max Speed
Std Speed

Avg Acceleration
Max Acceleration

Min Acceleration

Std Acceleration
Avg Accel X
Max Accel X
Min Accel X
Std Accel X
Avg Accel Y
Max Accel Y
Min Accel Y
Std Accel Y
Avg Accel Z
Max Accel Z
Min Accel Z

Std Accel Z
Duration
Distance

High Acc Events

Total Distance

Average speed of the player during the action interval
(m/s)

Minimum speed reached during the action (m/s)
Maximum speed reached during the action (m/s)
Standard deviation of the speed, measuring variability
(m/s)

Mean magnitude of acceleration over the action (m/s?)
Maximum acceleration magnitude during the action
(m/s?)

Minimum acceleration magnitude during the action
(m/s?)

Standard deviation of acceleration magnitude

Average acceleration along the X-axis (m/s?)
Maximum acceleration along the X-axis (m/s?)
Minimum acceleration along the X-axis (m/s?)
Standard deviation of acceleration in X-axis

Average acceleration along the Y-axis (m/s?)
Maximum acceleration along the Y-axis (m/s?)
Minimum acceleration along the Y-axis (m/s?)
Standard deviation of acceleration in Y-axis

Average acceleration along the Z-axis (m/s?)
Maximum acceleration along the Z-axis (m/s?)
Minimum acceleration along the Z-axis (m/s?)
Standard deviation of acceleration in Z-axis

Total duration of the action interval (seconds)

Total distance covered during the action (metres)
Count of high acceleration occurrences above a defined
threshold during the action

Cumulative distance covered during the action
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Table 3.8: Sample of the aggregated data after the compression of similar actions.
The names of some columns in the header have been shortened: start latitude
(Start Lat.), start longitude (Start Lon.), end latitude (End Lat.), end longitude
(End Lon.), average speed (Avg. Speed (m/s)), and velocity zone (V.Zone).

Player ID | Start Time | End Time | Start Lat. | Start Lon. | End Lat. | End Lon. | Avg. Speed (m/s) | V. Zone | Duration
152 15:53:51 15:53:55 54.123 —7.357 54.224 —7.351 5.36 Running 4
152 15:53:56 15:53:58 54.224 —7.351 54.011 —7.391 3.97 Jogging 2
152 15:53:59 15:54:04 54.011 —7.391 54.349 —7.650 4.98 Running 5
152 15:54:05 15:54:11 54.349 —7.650 54.012 —7.655 3.83 Jogging 6
152 15:54:12 15:54:14 54.012 —7.655 54.020 —7.657 4.51 Running 4

The first step of the algorithm is to initialize the required variables avg_speed,
avg_speed_list, start_time_list, end_time_list, y, and z, which will measure the
average speed during the action, the list of such speeds, the time when the
action begins and the time when it ends, the current stored action, and the
row when the action starts, respectively (1-6). While iterating over each row
of the dataset (which has a length equal to N) (7), if the current performed
action is equal to the current stored action, then it continues with the next
row (8, 9). If the two actions are different (10), then the average speed from
the row when the action starts to the current row is computed (11) and stored
in the list of the speeds (12), the starting time and ending time of the action
are added to the corresponding lists (13, 14), and the variables storing the row
when the action starts (z) and the current action (y) are updated (15, 16). If
the row is the last row of the dataset (17), the algorithm computes the average
speed until this row (18), it stores the value in the list of the speeds (19), and
it adds the starting time and ending time of the action to the corresponding

lists (20, 21).

Algorithm 3.1 exclusively displays the variables average speed, starting time,
and ending time. The variables recording the starting and ending locations
adhere to the rule of the starting and ending times, while the remaining ex-
tracted features (Table 3.7) follow the criterion of average speed. Table 3.8
displays a sample of the resulting Action dataset returned by DetectAction

algorithm, with some of the extracted features omitted for space reasons.

A key distinction between the Action dataset and conventional GNSS-derived
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Algorithm 3.1 DetectAction Algorithm

Require: N rows of dataset

Require: N > 2

Require: z, action performed by the player at iteration z
Require: t, time of the game at iteration z

1: avg_speed < 0

2: avg_speed_list <]

3. start_time_list <]

4: end_time_list <]

5: y < current_action

6: 240

7: while s < N do

8: if x; =y then

9: continue
10: else if x; # y then
11: avg_speed < avg(r,, .., T; 1)
12: avg_speed_list|z] < avg_speed
13: start_time_list[z] < t,

14: end_time_list][z] < t;_4

15: z+z+1

16: Y4 a1

17: else if i = N then

18: avg_speed < avg(x_z, .., x10)
19: avg_speed_list[z] < avg_speed
20: start_time_list[z] < t,
21: end_time_list[z] < t;

22: end if
23: end while
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summary metrics needs explicit statement here. Commercial GPS software
typically returns pre-computed metrics (for example total distance, high-speed
running distance, sprint counts) aggregated over fixed temporal windows such
as quarters, halves, or full games. In the present framework, the unit of analysis
is not a fixed time window but the individual action, defined as a contiguous
sequence of seconds during which a player operates within the same velocity
zone. Every feature in Table 3.7 is computed at the level of the action rather
than the session period, preserving the temporal granularity and sequential

structure of player movement in a way that aggregate metrics cannot.

This design, however, introduces a methodological dependency that must be
acknowledged as a limitation. Because action boundaries are determined en-
tirely by the velocity zone classification applied in Step 2, the validity of every
action-level feature subsequently extracted is directly contingent on the ac-
curacy of the GNSS-derived velocity signal. Errors in velocity measurement
do not merely distort a summary metric computed on top of a fixed window:
they propagate into the segmentation itself, potentially misclassifying action
boundaries, corrupting action duration estimates, and altering the sequential
structure of the data on which downstream analyses depend. This represents
a more fundamental form of measurement-induced uncertainty than is present
in conventional fixed-window approaches. As discussed in Section 3.2.1, the
STATSports Apex 10 Hz unit demonstrated a peak speed bias of 2.36 + 1.67%
under controlled validation conditions [96], and accuracy is known to decrease
during high-intensity, multidirectional activity [46]. These known limitations
of the GNSS velocity signal should be considered when interpreting action-level

findings throughout this thesis.

. Step 4. Direction of Action. Based on a formula already used in past
research in sport science [64], it is possible to exploit consecutive pairs of
latitude and longitude to identify the direction of movement of each action.

The direction of an action is given by the turning angle, which represents the
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angle that a player turns to reach the ending from the starting location. To
obtain the turning angle, we first need to compute the bearing, which measures
the angle between two consecutive points, measured clockwise from magnetic
north [64]. In other words, it represents the direction a player has to travel
in a straight line from the starting point to the ending point, measured in
degrees. The following represent the steps needed to compute the bearing and

then the turning angle:

(a) Compute X and Y [64]:

X = cos(0B)sin(AL), (3.1)

Y = cos(0A)sin(0B) — sin(#A) cos(0B) cos(AL),, (3.2)

where 6 denotes the latitude, L denotes the longitude, A and B denotes
two consecutive decimal coordinates, and AL denotes the difference be-

tween L at A and L at B.

(b) Compute the bearing (3 [64]:

p = arctan 2(X,Y), (3.3)

(c) The turning angle 7 is obtained by subtracting the bearing computed on

two successive time points [64]:

T =B — Bi-1, (3-4)

The turning angle values are expressed as degrees from 0° to 360°, and then
are converted to a label (forward, backward, right, and left), indicating the
direction of movement. The thresholds and labels for the turning angle values

are shown in Table 3.9.
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Table 3.9: Direction of movement expressed as labeled turning angles.

Turning Angle (Degrees) | Direction | Direction ID
45 <7 or 1; > 315 Forward 1
7; > 45 and 1; < 135 Left 2
7 > 225 and 7; < 315 Right 3
7; > 135 and 7; < 225 Backward 4

6. Step 5. Action Dataset Description.

Table 3.10 displays the Action dataset, which represents one of the two output
datasets returned by the proposed multi-step framework. Each row of the
dataset represents an action performed by a player during gameplay. Each
action can have a different duration, with a minimum duration of one second.
The extracted features describe the action, enriching the info in terms of speed,

acceleration, and direction.

Table 3.10: Sample of the action data after the compression of similar actions. The
names of some columns in the header have been shortened: start latitude (Start
Lat.), start longitude (Start Lon.), end latitude (End Lat.), end longitude (End
Lon.), average speed (Avg. Speed (m/s)), velocity zone (V. Zone), and ID of the
direction of movement (Dir. ID). Some of the extracted features are omitted due to
space reasons.

Player ID | Start Time | End Time | Start Lat. | Start Lon. | End Lat. | End Lon. | Avg. Speed (m/s) | V. Zone | Duration | Dir. ID
152 15:53:51 54.123 —17.357 54.224 —17.351 5.36 Running 4 1
152 15:53:56 54.224 —7.351 54.011 —7.391 3.97 Jogging 2 1
152 1 54.011 —7.391 54.349 —7.650 4.98 Running 5 2
152 15:54:05 54.349 —7.650 54.012 —7.655 3.83 Jogging 6 1
152 15:54:12 54.012 —7.655 54.020 —7.657 4.51 Running 4 3

3.3.2 Aggregating Action Data into Event-Level Data

This section describes the steps required to aggregate the actions into events and

construct the Event dataset.

1. Step 6. Event Detection. In this research, an event is defined as a sequence
of one or more actions that begins immediately after a resting state and ends
with the last active action before the player returns to a resting state. Resting
states are defined as standing or walking actions (speed < 2 m/s). In detail, an
event starts when the player transitions from a standing or walking action to

perform any action at higher speed (jogging, running, high-intensity running,
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or sprinting) and ends with the last such active action before the next standing

or walking action is encountered.

It is important to clarify that transitions between active velocity zones do not

terminate an event and do not require passage through a resting state. For

example, a player who transitions directly from a jogging action into a high-

intensity running or sprinting action, without returning to standing or walking,

remains within the same event throughout. Each such velocity zone occupied

during the event constitutes a distinct action within it, captured separately in

the Action dataset. The event therefore represents the full uninterrupted bout

of active movement, which may internally contain actions spanning multiple

active velocity zones, from jogging through to sprinting, before the player

returns to a resting state.

For each detected event, a set of summary features is extracted and stored

in the Event dataset. These include event duration (s), total distance cov-

ered (m), high-speed running distance (m at speed > 5.5 m/s), the number

and types of constituent actions, and further descriptors of the speed and

acceleration profile across the event. This feature set enables quantitative

characterisation and comparative analysis of events across players, and games.

As illustrated in Figure 3.5, which shows player speed over time as a visual

representation:

e Event 1 (black line): Begins at the start of data, includes initial resting

actions (speed < 2 m/s), transitions to active actions (speed > 2 m/s),

and ends when a resting action (standing or walking) is encountered.

e Event 2 (red line): Begins immediately after the standing or walking

action that ended Event 1, continues through additional resting actions,

then transitions to active actions, and ends at the next standing or walk-

ing action.

The figure uses speed values to visualize the activity patterns, where the 2 m/s
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Speed m/s

threshold corresponds to the boundary between resting and active actions as

defined in Table 3.4.

It should be acknowledged as a limitation that the event boundary definition,
by design, uses only standing and walking as termination conditions. This
means that an event may internally encompass a wide range of movement in-
tensities (from low-intensity jogging through to sprinting) without a new event
boundary being created. This design follows the work-rest interval paradigm
established in team sport science [46], where rest is operationally defined as
low-speed locomotion and is consistent with how effort bouts have been defined
in Gaelic football research [54]. However, future work could explore alternative

segmentation strategies.

= Event 1
= Event 2
2 m/s threshold

0 10 20 30 40 50 60
Second of the Game

Figure 3.5: Sequential event detection visualized through speed data.

The DetectEvent algorithm proposed in Algorithm 3.2 iterates through the N
rows of the dataset corresponding to one half of a player’s game (Table 3.10)

to identify sequences of actions defining events.

Algorithm 3.2 begins with the initialization of variables: ys, y,,, events_list, id_-
event, and current_state, representing a variable equal to ’standing’, a variable
equal to 'walking’, the list of the events ids, the current event id, and the
current state, respectively (1-5). Current state is an indicator that contains

0 the first time the algorithm meets an action equal to ’standing’ or 'walking’

79



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

Algorithm 3.2 DetectEvent Algorithm

Require: N > 2
Require: z, action performed by the player at the iteration z

1: ys < ’'Standing’

2: Yy < Walking’

3: events_list < ||

4: id_event < 0

5: current_state <— 0

6: while : < N do

7: if x; =y, or x; = vy, then

8: if current_state = 1 then
9: id_event < id_event + 1
10: events_list[i] < id_event
11: end if current_state =0
12: events_list[i] < id_event
13: current_state < 1
14: end ifx; # y, and x; # Y,
15: events_list|i] < id_event
16: current_state < 0

17: end while

or 1 if it has already met one. While iterating over the dataset (6), if the
current action x.i is equal to ’standing’ or 'walking’ (7), two situations can
occur. If the current state is equal to 1 (8), a new event starts: the id_event is
increased by 1 (9), and the new value is added to the list of events (10). On
the contrary, if the current state is equal to 0 (11), add the id_event to the list
of the events (12) and switch the value of the variable current state to 1 (13).
If the current action x_i is different from ’standing’ or 'walking’ (14), add the
current id_event to the list of the events (15) and set the current state to 0

(16).

At the end of this step, each action is assigned to an event with a unique

identifying label (Table 3.11).

. Step 7. Event Dataset Description. Once the events are identified by

the DetectEvent algorithm, the following step is the aggregation of actions of
the same event. The Action dataset is aggregated into the Event dataset by
grouping rows sharing the same event ID. As already done with the actions,

for each event, features describing the level of activity (Figure 3.12) were
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Table 3.11: Sample of the Action dataset after event detection. The names of some
columns in the header have been shortened: player ID (P.ID), start second (Start
Sec.), end second (End Sec.), start latitude (Start Lat.), start longitude (Start Lon.),
end latitude (End Lat.), end longitude (End Lon.), velocity zone (V. Zone), direction
(Dir.), duration (Dur.), distance (Dist.), and event ID (E.ID). Some of the columns
have been omitted due to space reasons.

P.ID | Start Sec. | End Sec. | Start Lat. | Start Lon. | End Lat. | End Lon. | Avg. Speed V. Zone Dir. | Dur. | Dist. | E.ID
152 54 56 54.55 —7.35 54.11 —7.35 5.36 Running 1 4 20.3 31
152 56 57 54.11 —7.35 54.13 —7.36 6.60 H.I. Running | 1 1 6.6 31
152 57 62 54.13 —7.36 54.33 —7.37 4.98 Running 3 4 17 31
152 62 71 54.33 —7.37 54.52 —7.34 3.83 Jogging 2 9 18.8 32
152 71 76 54.51 —7.34 54.55 —7.33 4.51 Running 4 6 24.5 32

extracted. Each row of the final Event dataset represents an event performed

by a player in a game.

Table 3.13 displays a sample of the resulting Events dataset. 'Player ID’ in-
dicates the ID of the player; the 'Event ID’ indicates the ID of the event;
'Start_Second’ and 'End_Second’ indicate the starting and ending seconds (ex-
pressed as second of game); "Start_Lat’, ’Start_Lon’, "End_Lat’, and "End _Lon’
indicate the starting and ending locations of the event; ’Avg Speed’ and "Std
Speed’ indicate the average and the standard deviation of the speed of the ac-
tions composing the event; 'Duration’ indicates the duration of the event; 'Std
Duration’ indicates the standard deviation of the duration of the actions com-
posing the event; 'Distance’ indicates the distance covered during the event;
"High-Speed Distance’ indicates the distance covered at speed >5.5 m/s dur-
ing the event; and "Unique Turning Angles’ indicates the number of different
directions of movement during the event. The average and standard deviation
have been calculated for the statistical features derived from the speed and
acceleration values of each action. In addition, the total count of accelerations

and decelerations has been calculated for each event.

Although the Event dataset aggregates actions to represent higher-level con-
textual information, this aggregation reduces the temporal resolution and detail
available in the raw feature set. To preserve vital granular information necessary for
metric validation and detailed analysis, we retained the Action dataset as a parallel

representation. This dual-dataset approach balances the need for event-level repre-
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Table 3.12: Features extracted from each event in the Event dataset. Each event is
described by temporal, spatial, speed, acceleration, and movement pattern features
derived from the underlying sequence of actions.

Feature Description

Start_Time Timestamp or index where event begins

End_Time Timestamp or index where event ends

Start_Second_from_Beginning | Event start time (in seconds) since the match (or half) began

End_Second_from_Beginning | Event end time (in seconds) since the match (or half) began

Num_Actions Number of actions within the event

Action_Types List of unique action categories occurring in the event

Action_Type_Counts Count of each action type within the event (e.g., [3 Walking, 2
Running))

Action_Type_Perc Percentage of each action type in the event (e.g., [0.6 Walking, 0.4
Running))

Action_Entropy Shannon entropy calculated from action type distribution:
— > pilog(pi)

Action_Transitions Number of type transitions (e.g., Walking—Running) within the
event

Most_Common_Action The most frequently occurring action type in the event

Event_Duration Total event duration (seconds)

Mean_Action_Duration Mean duration of actions within the event

Min_Action_Duration Minimum duration among actions in the event

Max_Action_Duration Maximum duration among actions in the event

Total_Distance Total path length covered during the event (metres)

Avg_Speed Mean speed during event (metres/second)

Max_Speed Maximum speed during the event

Min_Speed Minimum speed during the event

Speed_ CV Coefficient of variation (std/mean) of speed in event

Avg_Acceleration Mean acceleration in event

Max_Acceleration Maximum acceleration in event

Acc.CV Coefficient of variation (std/mean) of acceleration

Speed_Trend Slope of speed trend over event (via linear regression or difference)

Acc_Trend Slope of acceleration trend over event

High_Speed_Distance Distance covered above high-velocity threshold (metres)

Num_High_Speed_Actions Number of "high-speed” actions (above a speed cutoff)

Num_Accelerations Total number of acceleration bursts above threshold

Avg_ Accl X Mean acceleration in the X axis

Avg AcclY Mean acceleration in the Y axis

Avg_Accl Z Mean acceleration in the Z axis

Turning_Angle_Sum Sum of absolute turning angles across event (degrees or radians)

High Acc_Events Number of actions with acceleration above ”high” threshold

Actions Full list/sequence of raw actions during the event

Speed_Range Difference between max and min speed in the event

Acc_Range Difference between max and min acceleration in the event

Action_Type_Diversity Count of different action types (cardinality) in the event

High_Intensity_Ratio Fraction of actions/events tagged "high intensity” (e.g., run-
ning/sprinting actions)

Turning_Angle_Rate Sum of turning angles divided by event duration

Acc_Variability Standard deviation of acceleration during event

Speed_Variability Standard deviation of speed during event

Table 3.13: Sample of the Event dataset obtained as a final step of the proposed
multi-step framework. The names of some columns in the header have been short-
ened: player ID (P.ID), event ID (E.ID), start second (Start Sec.), end second (End
Sec.), avg speed (Avg Sp.), std speed (Std Sp.), duration (Dur.), standard deviation
duration (Std Dur.), distance (Dis.), high-speed distance (High-Speed Dist.), and
unique turning angle (U.T.A.). Some of the existing columns have been omitted
due to space reason.

P.ID | E.ID | Start Sec. | End Sec. | Start Lat | Start Lon | End Lat | End Lon | Avg Sp. | Std Sp. | Dur. | Std Dur. | Dis. | High-Speed Dist. | U. T. A.
152 4 23 27 54.55 —7.35 54.11 —7.35 5.3 0.3 4 0 23.5 3.1 2
152 5 27 29 54.51 —7.31 54.11 —7.35 3.2 0.1 2 0 5.9 0 1
152 6 29 39 54.21 —7.31 54.11 —7.31 5.7 1.7 10 2.6 60 6.7 3
152 7 29 43 54.01 —7.01 54.18 —7.39 3.3 1.2 14 3.4 36.9 4
152 8 43 48 54.11 —7.42 54.16 —7.30 6.3 0.5 5 1.9 41.2 11.1 1
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sentation of data with the retention of fine-grained movement data, ensuring that

no critical information is lost during feature engineering.

3.4 Case Study-Based Validation

This section presents two complementary case studies designed to demonstrate the
effectiveness and versatility of the feature engineering framework. The first case
study validates the Action dataset by comparing it against established sport science
metrics and previous raw data while providing a profile of the actions. The sec-
ond case study leverages the Event dataset to describe events and demonstrate its
suitability for advanced predictive machine learning modelling. These case studies
provide a comprehensive evaluation of the framework’s ability to transform raw sen-

sor data into actionable insights for both descriptive and predictive sports analytics.

3.4.1 Case Study 1: Analysis of Velocity Zones using Action

Dataset

The motivation for this case study is to demonstrate that the engineered Action
dataset is both valid (consistent with existing literature and original raw data) and

capable of supporting deeper analysis of player activity.

Validation of Action Dataset Using Gaelic Football Research

To validate the effectiveness of the framework in engineering raw sensor data into
discrete periods representing player movement within velocity zones, we compared
running profiles obtained from the Action dataset with those published in prior
Gaelic football research. This comparison confirms that our feature engineering
preserves the integrity of raw sensor data, retains critical information despite aggre-
gation, and produces movement profiles consistent with established Gaelic football
research.

Three studies reporting elite Gaelic football match running profiles were selected
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as comparators for this validation analysis: Malone et al. [23], Malone et al. [19],
and Gamble et al. [54]. The selection of these studies was guided by four explicit
criteria. First, all three studies examine elite male intercounty Gaelic football play-
ers, consistent with the population from which the present dataset was collected.
Second, all three were published between 2016 and 2019, making them contempo-
raneous with the 2019-2021 data collection window and reflective of the physical
demands of the game during the same years, prior to the more substantial rule
changes that followed. Third, all three studies employed STATSports GNSS tech-
nology for data collection, the same manufacturer as the device used in the present
work. Fourth, the three studies provide complementary dimensions of running pro-
file coverage: Malone et al. [23] establishes absolute distance and speed benchmarks
across positional roles; Malone et al. [19] characterizes the temporal decay of run-
ning output across quarters of the game; and Gamble et al. [54] reports relative
distance per minute by velocity zone, which is the metric most directly analogous
to the action-level output produced by the present framework. These three studies
provide a multi-dimensional reference against which the validity of the framework
can be assessed across absolute running volume, temporal patterning, and velocity
zone distribution. A comparison was made between the profiles identified in these
studies and those extracted from the proposed Action dataset. Only players who
completed the full duration of the games were included in the analysis, except the

goalkeeper.

Authors in [23] identified an average distance covered of 8,160.11 + 1,482.02 m,
with 1,731.29 + 659.76 m covered at speed > 4.72 m/s and 445 £+ 169 m at speed >
6.11 m/s performed by male players during elite Gaelic football games. The Action
dataset produces similar values: the average distance is 8,633.8 £+ 1,573.6 m, with
1,453.6 + 552.7 m covered at speed > 4.72 m/s and 503.5 4+ 205.1 m at a sprinting
speed (> 6.11 m/s). Average and peak speed registered analogous results, with
values equal to 1.8 & 0.3 m/s and 8.4 &+ 0.5 m/s in [23] and 1.9 £+ 1.6 m/s and 8.4

+ 0.5 m/s in the Action dataset.
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In [19], the authors observed a reduction in the distance covered between the
first and other quarters of the game: —4.1% in the second, —5.9% in the third,
and —3.8% in the fourth. In addition, they found that players reduced high-speed
running distance (> 4.72 m/s) in the second (—8.8%), third (—15.9%), and fourth
(—19.8%) quarters when compared to the first quarter. On the Action dataset we
observed a similar reduction in the distance covered between the first and other
quarters of the game: —6.6% in the second, —6.6% in the third, and —15.8% in
the fourth. When comparing the high-speed running distance between the first and
other quarters, the reductions were equal to —7.2% (second), —11.3% (third), and
—17.1% (fourth).

Table 3.14 presents a direct comparison between relative distance covered per
minute for different velocity zones in our dataset and reference values from [54].
Consistent with [54], only players who completed the entire duration of all games in-
cluded in the study were considered in the analysis, except the goalkeeper. Walking,
jogging, and running distances are well aligned with previous research. In particu-
lar; high-speed running and sprinting show an even closer match. This highlights
the consistency of our results with established research, reflecting the robustness of

our feature engineering process.

Table 3.14: Average (+ standard deviation) distance covered (m/min) by player in
each velocity zone in the Action dataset and in Gamble et al. (2019) [54].

Velocity Zone Action Dataset Gamble et al. (2019)
Standing (m/min) 0.1 £0.0 0.5£0.1
Walking (m/min) 33.8 £5.7 29.8 £5.5
Jogging (m/min) 37.7£104 35.1 £11.6
Running (m/min) 214 £ 7.8 188 £ 7.8

High Intensity Running (m/min) 8.6 4.1 8.3 + 34
Sprinting (m/min) 22+1.9 1.7+ 1.2

Despite marginal differences in mean values across velocity zones, the standard
deviation for sprinting distance is notably higher in the Action dataset (2.2 + 1.9
m/min) compared to Gamble et al. (1.7 £1.2 m/min), representing a coefficient of
variation of 86% versus 70% respectively. This elevated variance in the sprinting zone

is consistent with the known effect of 1 Hz downsampling on high-intensity efforts:
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averaging within-second speed values can introduce variability in the classification
of brief sprinting actions near the zone boundary, as acknowledged in Section 3.2.1.
Gamble et al. retained the full 10 Hz signal, which provides a more stable classifi-
cation of short-duration high-speed efforts. Notwithstanding this difference at the
sprinting zone, high similarity has been found between running profiles identified us-
ing the Action dataset and those reported in past research across all other velocity
zones.

This demonstrates that, although the framework modifies the data structure and
reduces granularity, it does not result in substantial data loss. Core information is
preserved, enabling the extraction and definition of running profiles and activity

levels from the Action dataset.

Validation of Action Dataset with Raw Sensor Data

Despite reducing the dataset size from over 76 million raw sensor rows to approxi-
mately 160 thousand rows describing actions (99.6% reduction), our analysis demon-
strates that despite the reduction, the Action dataset preserves critical running
performance information. Key player running metrics extracted from the Action
dataset closely align with those derived from the raw sensor data, confirming mini-

mal information loss.

For example, comparing total distances covered per player, the raw sensor data
shows a range of 8,352 to 9,208 meters per game (Table 3.2 in Section 3.2.3), while
the Action dataset averages 8,634 metres (£ 1,574 m). Similarly, distances covered
at high speeds (> 4.72 m/s) range from 1,402 to 1,744 m in raw data, with the
Action dataset reporting a comparable mean of 1,454 m (£ 553 m). Also, distances
at speed > 6.11 m/s are stable, with raw data values between 441 and 556 m and
the Action dataset averaging 504 m (£ 205 m).

Speed distribution characteristics remain preserved: the raw data mean speed is
1.97 m/s (£1.51 m/s) with a median of 1.50 m/s, while the Action dataset reflects

a similar average speed profile (first half: 2.0 £ 1.5 m/s; second half: 1.94 + 1.6
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m/s), with patterns of slight median speed decrease in the second half consistent

across both datasets.

These comparisons demonstrate that the feature engineering framework effec-
tively aggregates raw sensor data into informative action segments. This approach
maintains the integrity of essential performance metrics derived from the raw data,
such as total distance covered, distances at high and sprinting speeds, and average

and max speed.

These results demonstrate that the aggregation process preserves the running
performance metrics of primary interest in this research (total distance, high-speed
running distance, sprint distance, and average and peak speed) with negligible diver-
gence from values derived directly from the raw sensor data. It should be acknowl-
edged, however, that the aggregation is not without trade-offs. The reduction from
over 76 million rows to approximately 160 thousand action-level rows necessarily in-
volves the loss of within-second temporal granularity, the compression of fine-grained
speed fluctuations within each action into summary statistics, and the discarding of
the full 100 Hz accelerometer signal in favour of aggregated acceleration descriptors.
The claim of information preservation is therefore specific to the running profile
metrics validated here and should not be interpreted as a general assertion that no
information is lost. Rather, the framework is designed so that the information most
relevant to the analytical objectives of this research is retained, while the reduction
in data volume substantially improves computational tractability and enables the

action-level and event-level analyses that follow.

In-Depth Analysis of Action Dynamics by Game Segment and Velocity

Zone

This section presents an exploratory analysis of the Action dataset, characterizing
player movement through descriptive statistics, action counts, duration and distance
profiles, velocity zone distributions, accelerometer summaries, and action transition

probabilities. The purpose is to reveal patterns in player movement dynamics that
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Table 3.15: Half by half analysis: action count, average, and maximum duration,
sorted by count of actions.

Game ID | Half | Count | Duration Avg (s) | Duration Std (s) | Duration Max (s)
893 1 4,536 2.96 2.57 23
997 1 4,308 2.88 2.59 22
788 1 4,193 2.80 2.36 25
973 1 4,165 2.83 247 26
869 2 4,129 2.80 2.36 23
893 2 4,083 2.89 2.53 26
811 1 4,071 297 2.64 25
946 1 4,018 2.81 241 23
889 1 3,984 2.94 2.60 25
873 1 3,983 2.83 2.48 24
997 2 3,972 2.98 2.61 25
934 1 3,919 2.95 2.59 23
811 2 3,844 2.99 2.63 37
869 1 3,806 2.79 2.34 25
788 2 3,729 2.85 2.46 25
873 2 3,677 291 2.49 23
838 1 3,662 2.87 2.53 24
973 2 3,614 2.85 2.45 25
946 2 3,594 2.74 2.35 26
934 2 3,502 2.89 2.50 26
889 2 3,441 2.89 2.48 25
838 2 3,417 2.86 2.61 29

are made accessible by the action-level representation and that cannot be directly
observed from fixed-window aggregate metrics or raw sensor data alone. Where
comparisons are made between the first and second halves of games, paired-samples
t-tests were applied to assess whether observed differences were statistically signifi-
cant, with a significance level of @ = 0.05. First and second half values were paired
within games to assess between-game differences. All other analyses in this sec-
tion are descriptive in nature and are not intended as inferential comparisons with
external sources.

The average speed during the first and second half is 2.0 £+ 1.51 m/s and 1.94 +
1.61 m/s, respectively.

Table 3.15 displays the number of actions and the average, standard deviation,
and maximum duration for each half of each game. The overall average number of
actions for each game is 3945 4+ 286. The average duration of the actions is 2.9 +
0.1 s. The average of the maximum duration of the actions is 25.2 4 3s.

The resulting p-value for the t-test on the actions count is 0.004 (lower than the

chosen level of significance, 0.05), showing a statistically significant difference for
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Figure 3.6: Difference in action count between first and second half per game.

the number of actions in the two halves of the game, which is almost always higher
in the first half, except for game 869, as shown in Figure 3.6. This demonstrates
that players tend to switch between velocity zones more often early in the game,
while movements become steadier and involve fewer changes in the second half.

Table 3.16 shows an analysis of the labeled actions for each game. The average
number of actions per game decreases as the speed increases: ’jogging’ (4400.5 +
226.5), 'running’ (2402.5 + 138.9), ’high-intensity running’ (827.9 £ 54.3), and
'sprinting’ (155.1 + 14.6). For a given action, the average duration and distance
are stable across different games. This suggests that players’ behavior for each
movement type is consistent regardless of the specific match.

A t-test identified a statistically significant difference in the average duration of
"high-intensity running’ actions between the first half (2.2 £+ 0.1 s) and the second
half (2.0 £ 0.1 s). Regarding the other velocity zones, the average duration of
‘jogging’, 'running’ and ’sprinting’ actions are 3.4 + 0.1, 2.3 & 0.1, and 2.1 £ 0.2 s,
respectively.

A statistically significant difference has been identified through a t-test for the
average distance of 'high-intensity running’ action between the first (13.1 + 9.6 m)
and second half (12.4 + 8.7)

The remaining actions revealed similar outcomes when comparing the two halves.

Table 3.17 summarizes descriptive statistics for each velocity zone. The ”Per-
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Table 3.16: Count, average, maximum duration, and distance covered for each type
of action during the sampled games, sorted by average distance.

Action Game ID | Count | Duration Avg (s) | Duration Max (s) | Distance Avg (m) | Distance Max (m)
Sprinting 873 168 24 7 17.8 58.8
973 149 2.3 9 17.1 71.1
889 153 2.3 7 17.1 57.4
869 178 2.2 8 16.5 60.8
788 168 2.2 6 16.4 49.2
838 131 2.1 8 16.1 62.4
893 171 2.1 9 16.0 66.6
997 146 2.0 6 15.5 474
934 162 2.0 7 15.1 53.2
811 136 2.0 7 15.0 52.5
946 144 1.9 6 14.7 49.8
High-Intensity 869 911 2.2 11 13.6 68.2
Running
889 820 2.2 12 13.3 70.8
997 868 2.2 13 13.2 79.3
811 784 2.1 11 13.1 71.5
973 837 2.1 14 13.00 86.8
893 906 2.1 10 12.8 65.0
838 726 2.0 10 12.6 63.0
873 836 2.0 10 12.5 63.0
946 780 2.0 10 12.4 60.0
934 781 2.0 10 12.3 64.0
788 858 2.0 11 12.1 67.1
Running 997 2589 2.3 21 10.9 96.6
893 2,653 24 20 10.9 94.0
811 2,417 2.3 24 10.8 112.8
973 2,449 2.3 18 10.8 86.4
788 2,451 2.3 22 10.6 110.0
869 2,468 2.3 20 10.6 96.0
873 2,337 2.3 16 10.6 76.8
889 2,313 2.3 16 10.6 76.8
934 2,256 2.2 16 10.4 76.8
946 2,357 2.2 15 10.3 69.0
838 2,138 2.2 14 10.1 61.6
Jogging 811 4578 3.5 37 10.5 107.3
934 4,222 3.5 26 10.4 72.8
893 4,889 3.4 26 10.3 85.8
889 4,139 3.4 25 10.3 82.5
997 4,677 34 25 10.3 77.5
838 4,084 3.4 29 10.1 84.1
873 4,319 3.3 24 10.0 74.4
973 4,344 3.3 26 9.9 80.6
788 4,445 3.3 25 9.8 80.0
946 4,331 3.2 26 9.7 84.0
869 4,378 3.2 25 9.6 70.0
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Table 3.17: Summary statistics for each velocity zone.

Action Percentage | Duration | Distance | Avg Speed | Std Speed | Avg Acc. | Avg Accl X | Avg Accl Y | Avg Accl Z
Standing 8.3 3.9 0.1 0.04 0.03 0.40 -0.019 0.591 0.357
Walking 31.9 8.7 10.5 1.23 0.32 1.30 -0.014 0.639 0.357
Jogging 35.7 3.4 10.2 2.94 0.49 2.01 -0.006 0.629 0.376
Running 17.3 2.5 11.5 4.60 0.33 2.06 -0.003 0.616 0.376
High Intensity Running 5.8 2.2 13.9 6.05 0.32 2.08 0.003 0.613 0.365
Sprinting 1.0 2.3 17.5 7.37 0.23 2.08 0.014 0.632 0.332

centage” column indicates the proportion of each action relative to the total number
of detected actions, revealing that jogging is by far the most prevalent activity, ac-
counting for nearly 35.7% of all occurrences, followed by walking (31.9%) and run-
ning (17.3%). This distribution reflects the typical activity profile in field sports,
where moderate-intensity movement represents the vast majority of movements and

high-intensity efforts are comparatively rare.

Distance per action increases steadily, with sprinting actions characterized by
the greatest distance covered per action (17.5 m), despite having a lower duration.
Average acceleration also rises modestly with action intensity. The mean values
for Accl X remain close to zero, ranging from almost negative during jogging and
running to slightly positive during sprinting. These near-zero values suggest that, for
each action, forward and backward accelerations are largely balanced. The average
Accl Y values are positive and relatively consistent across all actions, with only minor
variation. This indicates a small but steady lateral acceleration component, which
may reflect directional adjustments made during movement. The similarity in Accl
Y across actions suggests that, regardless of overall intensity, the lateral movement
demands remain relatively constant. For Accl Z, the average values are positive
but modest, and they show a slight decrease as action intensity increases. This
vertical acceleration component is associated with the up-and-down motion inherent
in running and sprinting. The small reduction in Accl Z for higher-intensity actions
may reflect a more horizontal, less vertically oscillation at maximal speeds. This
can be explained by the tendency of players to prone forward during high-intensity

actions to minimize unnecessary vertical movement and maximize speed.

The action transition probability matrix in Figure 3.7 defines how likely it is for

a player to move from one activity (on the y-axis) to another (on the x-axis). As ex-
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Figure 3.7: Probability matrix of action transitions. The starting action is on the y-
axis, while the following action is on the x-axis. Each value in the matrix represents
the probability of going from the action on the y-axis to the action on the x-axis.

pected, the vast majority of actions are followed by the next or the previous velocity
zone. For example, running actions only moved up to high-intensity running (27%)
or down to jogging (73%). Interestingly, for some actions, there is a probability
to lower down to two or more velocity zones, such as sprinting to jogging (0.06%),

sprinting to running (0.19%), and high-intensity running to jogging (0.15%).

3.4.2 Case Study 2: Analysis of Events and Predicting Dis-
tance at High Speed using Event Dataset
This section aims to validate the Event dataset and to present a predictive experi-

ment using data from the Event dataset. Each row of the Event dataset describes an

event performed by a player during a game. As was done with the Action dataset,
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the Event dataset is validated by comparing key metrics with those reported in
previous research. For each player who completed the full duration of the games
(except the goalkeeper), the average distance, average speed, and average max speed
were computed. Minimal differences were found with the Action dataset: the aver-
age distance was identical, while average and peak speeds differed by only 0.2 and
0.3 m/min, respectively. Other metrics could not be directly compared due to the
aggregation of velocity zones into events. However, given the similarity in these
fundamental features between the event and Action datasets, it is possible to vali-
date the Event dataset for these specific metrics. This confirms that the aggregation
process maintained data integrity and did not lose information or generate spurious

outputs.

Descriptive Analysis of Event-Level Activity

In this section, event counts, durations, distances, and high-speed activities were
analyzed to demonstrate how features extracted from events capture the intensity,
frequency, and distribution of active periods between resting states during match
play in Gaelic football. To focus on active events, those events composed only of
standing and/or walking actions were excluded from the analysis.

After excluding events consisting solely of standing and/or walking actions, the
dataset was reduced to 3,5389 active events The average number of events during
the first and second halves is 1,657.3 + 106.7 and 1,538.2 + 94.9, respectively. The
highest number of events during the first half is 1,937, with 7.1 £ 6.1 s of average
duration and 63 s of maximum duration for an event (Table 3.18). The highest value
for the second half is 1,669, with an average duration of 7.1 + 6.2 seconds and a
maximum duration of 72 seconds for an event.

The average number of actions per event is 2.55 4+ 2.25, with 1 as the minimum
and 21 as the maximum. This indicates that each event consists, on average, of
between two and three discrete actions, suggesting that events generally capture

short sequences of player activity rather than extended or highly complex sets of
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Table 3.18: For each game-half, the table reports the total count of detected events,
average and maximum event duration (seconds), average and maximum event dis-
tance (meters), and average/maximum distance covered above the high-speed run-
ning threshold.

Game ID | Half | Events (c) | Dur. Avg (s) | Dur. Max (s) | Dist. Avg (m) | Dist. Max (m) | H. S. Dist. Avg (m) | H. S. Dist. Max (m)
893 1 1,947 7.0 48 25.4 189.5 3.3 117.4
893 2 1,604 7.5 54 28.1 214.7 4.8 113.5
934 1 1,554 7.5 49 27.6 209.3 4.1 92.7
934 2 1,428 7.2 44 26.5 163.5 4.0 70.6
997 1 1,756 7.2 52 26.8 236.8 4.3 87.0
997 2 1,645 7.3 48 26.9 191.4 3.7 108.8
973 1 1,661 7.2 45 26.7 198.8 4.0 98.1
973 2 1,567 6.7 48 25.3 226.2 4.3 108.6
838 1 1,568 6.8 48 24.8 188.9 3.5 82.4
838 2 1,450 6.8 38 25.1 156.9 3.9 91.5
946 1 1,668 6.9 38 25.2 148.2 3.8 86.9
946 2 1,482 6.8 45 24.8 179.0 3.7 93.5
889 1 1,631 7.3 40 26.8 182.9 44 99.9
889 2 1,369 7.4 72 27.7 264.1 4.9 126.2
811 1 1,708 7.2 63 26.4 216.7 3.7 86.5
811 2 1,637 7.2 52 26.0 190.4 3.6 80.2
869 1 1,575 6.9 49 25.6 188.8 4.4 112.9
869 2 1,676 7.0 38 26.5 158.9 5.1 97.7
788 1 1,654 7.3 44 27.0 199.0 4.1 89.0
788 2 1,594 6.8 52 24.9 236.9 4.0 84.8
873 1 1,590 7.2 38 26.8 182.7 4.6 82.5
873 2 1,559 7.0 49 25.7 190.2 3.8 82.5

actions. The relatively high standard deviation (2.25) means that the vast majority
of events are composed of a few actions. This proves that the vast majority of
player movement transitions from rest to activity and back to rest every few seconds,

reflecting the intermittent nature of the sport.

Table 3.18 reveals consistent average event durations (around 7 seconds) and
event distances (about 25-28 m) across games and halves, indicating stable patterns

of play despite some variability in maximum event lengths and distances.

Figure 3.8 demonstrates that the event count is generally higher in the first
half than in the second half, with median values around 1,650 for the first half
and about 1,570 for the second half. For the first half, the interquartile range is
relatively compact, indicating that most games have a similar event count, except
for one outlier. The box delimited by the interquartile for the second half is visibly
wider, showing greater variability and reduced numerosity in event counts across

games.

The frequency distributions of events duration and distance in Figures 3.9, 3.11,
and 3.10 are right-skewed, with the vast majority of actions being short in duration
and low in distance, consistent with the intermittent nature of Gaelic football. Oc-

casional peaks at longer durations (for example around 37 and 48 seconds visible in
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Figure 3.8: Boxplot of the distribution of event count by half.

the tail of the duration distribution) are likely attributable to game-specific inter-
ruptions such as frees, line-ball stoppages, or injury breaks, during which a player
may sustain a low-speed action for an extended period without a velocity zone tran-
sition triggering a new action boundary. It is also possible that in a small number
of cases, brief GNSS signal degradation may have prevented zone transitions from
being detected, artificially extending an action. These occurrences are rare and do
not affect the overall action-level representation, as evidenced by the stable average
durations reported across games in Table 3.15.

High-speed events are a key aspect of the game, and as a result, predicting them
is the central objective of the following analysis. In addition, knowing in advance
the amount of high-speed distance covered by players can be beneficial for sports
coaches to manage and optimize players’ time on the pitch, to avoid fatigue or

prevent injuries.

Predicting High-Speed Running Events

An event-level dataset was constructed to characterize the activity levels of players

during matches. To demonstrate the potential of this dataset for machine learning
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Figure 3.11: Frequency of events per high-speed distance. Right: Frequency of
events per high-speed distance > 35 m.

applications, an experiment was designed to predict high-speed distance (speed >
5.5 m/s) during the second half of a game.

This predictive task is enabled by first pre-processing and reshaping the Event
dataset through relevant feature engineering and target variable preparation. The

new manipulation of the Event dataset represents the input dataset for the machine

learning models. In the following steps, we detail the data processing pipeline.

e Input Data Definition. The Event dataset, obtained at the end of the multi-
step framework and shown in Table 3.13, represents the input dataset. This
specific task utilized only the following columns: GamelD, Half, PlayerID, and

High-Speed Distance, excluding all the others.

e Testing Games Using Leave-1 Game Out- Cross Validation. For each
player, the second half of one game was used as the test set, and the first half
plus the remaining games as the training set. This method is called Leave-1
Game Out- (LOGO) Cross Validation, and it permits assessing the model’s
prediction accuracy on multiple datasets (1 per each second half of the available
games) while replicating a real-case scenario (using available games and the
first half to predict high-speed distance in the second half). The machine

learning model was trained on the training set, and results were collected on
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the test set. Then, the experiment was repeated by changing at each time the

tested game and the training set.

Preparing Event Data for High-Speed Distance Forecasting. After
selecting one game as the test set, the Event dataset is processed to predict
players’ high-speed distance based on data from the first half and other games.
Predicting at the event level allows the model to follow how a player’s effort
changes over time during the half, which is something a single total prediction
cannot show. In addition, forecasting a cumulative total distance would require
a high amount of player-game samples, while predicting event-level sequences
uses more data points (one prediction per event instead of one per game) from
each game. This means the model can learn well even with fewer overall games
because it uses many smaller pieces of data from each game. Instead of needing
many whole-game examples, the model benefits from the increased number of
event-level data points, which speeds up learning and improves accuracy. This
approach also allows the model to better learn how a player’s effort changes

over time. The steps to process the Event dataset are the following:

— From the Event dataset, the second half of the selected game was ex-
tracted. The dataset was then filtered to use only players who completed

the full game, discarding the rest.

— For players who played the entire game, the time series data of high-speed
distance from the remaining games, plus the first half of the tested game,
were merged into a single time series. The first half of the tested game

was placed at the end of this time series, as shown in Figure 3.12.

— Then, for each player, a sequence of 30 consecutive high-speed distance
values was used as a new set of features, and the variable to predict was
the high-speed distance at the 31st position (Table 3.19). In summary,
30 consecutive rows in the Event dataset were used as columns in the

new dataset to predict the 31st row. The dataset displayed in Table 3.19
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Figure 3.12: The time series of high-speed distance for the remaining games are
merged to form a unique time series. The first half of the tested game is placed in the
last position. These data constitute the training set for the predictive experiments.

Table 3.19: Structure of the transformed dataset used for the prediction of high-
speed distance (H.S.D.) covered by players during the second half of a game. The
target feature to predict is the variable 315 H.S.D located at the end of the

sequence.
P.ID | ist H.S.D. | 2nd H.S.D. | 3rd H.S.D. 29th H.S.D. | 30th H.S.D. | 31st H.S.D.
152 0 0 0 3.2 0 5.1
152 0 0 0 0 5.1 0
152 0 0 15.4 5.1 0 0
152 0 15.4 0 0 0 21.3
152 15.4 0 2.6 0 21.3 0

represents the training test, where the variable to predict is the value in

the 31st H.S.D. column.

— While the learning phase uses data from prior games together with the

first half of the target game, during the testing phase, the test set is

formed by the model’s predictions at each iteration. This approach is

known as recursive forecasting. In this method, the model is trained on

historical data, and rather than having a separate test set, it uses its

predictions as inputs for future predictions. Assuming N the number of

events performed by player i during the first half of the tested game, the

realization of the testing set can be described as follows:

1. The last 30 high-speed distance values of the first half are used as

input (test set) by the model to generate the first prediction.

2. The last 29 high-speed distance values of the first half and the first

prediction of the second half are used as input by the model to gen-
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erate the second prediction.

3. Finally, the Nprediction uses the previous N-1 predictions. If N—1 <
30, the remaining inputs are taken from the final high-speed values

in the first half.

At the start of the second half, the number of player events for the half
is unknown. For the purpose of the experiment, this number is assumed
to be equal to the number of events in the first half. Thus, the recursive
prediction process is repeated as many times as the number of events
performed by the player during the first half. Finally, the predicted dis-
tances are summed to obtain the final high-speed distance covered by the

player.

e Testing Machine Learning Models for Player-Specific Prediction. Ta-
ble 3.19, obtained in the previous step, represents the input dataset for the
machine learning models. Three distinctive machine learning models were
tested to predict their effectiveness in predicting high-speed running distance.
Instead of using a single model with data from all players, the same three
machine learning models were trained and tested separately for each player.
This approach forces the model to learn patterns specific to each player, recog-
nizing that different players may have different behaviors. The set of features
(30 consecutive values of distance at high speed) used is the same for each
model (and each player). The machine learning models implemented to solve

the predictive task were the following:

— XGBoost [102] with the following hyperparameters: n_estimators, 100;
learning_rate, 0.1; max_depth, 3; min_child_weight, 1; colsample_bytree, 1;
subsample, 1; reg_alpha, 0; reg_lambda, 1.

— A Long Short-Term Memory Network (LSTM) formed by the follow-

ing layers: Bidirectional LSTM (unites = 64, activation = ’tanh’) [103],

Bidirectional LSTM (unites = 32, activation = ’tanh’), Dropout (0.20),
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Figure 3.13: Architecture of the LSTM-based neural network proposed.

LSTM (unites = 16, activation = tanh’), Feed Forward (units = 20, acti-
vation = 'relu’), and Feed Forward (units = 1, activation = ’linear’). The
optimizer used was ’Adam’ [104], while the learning rate and the num-
ber of epochs were 0.001 and 50, respectively. Figure 3.13 presents the
architecture of the LSTM neural network, highlighting the configuration

of each layer and its specific parameters.

— A Convolutional Neural Network (CNN) formed by the following layers:
one-dimensional convolutional (filters = 64, kernel size = 5, activation =
'relu’) [105], one-dimensional convolutional (filters = 32, kernel size = 3,
activation = 'relu’), one-dimensional convolutional (filters = 10, kernel -
size = 5, activation = 'relu’), one-dimensional MaxPooling (pool_size = 2)
[106], Flatten, Feed Forward (40, activation = 'relu’), Dropout (0.2), and
Feed Forward (1, activation = ’linear’). The optimizer used is ’Adam’,
while the learning rate and the number of epochs were equal to 0.001 and
50, respectively. The structure of the CNN network is shown in Figure
3.14.

Both LSTM and CNN networks were implemented in Keras [107].

For each player, the number of events in the first half is assumed for the
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Figure 3.14: Architecture of the CNN-based neural network proposed.

second half, with high-speed distance predicted for each event. These
predicted distances are summed to obtain the total predicted high-speed

distance for the second half.

e Predictive Experiment Results. Table 3.20 presents the average Mean
Absolute Error (MAE) for XGBoost, LSTM, and CNN when predicting total
high-speed distance across a series of competitive games. The mean absolute
error (MAE) measures the average absolute difference between the predicted
values and the actual target values. MAE was used in this study because it is

less sensitive to outliers than other metrics. In formula:
| N
MAE = NZ |yi — Uil
=1
where y; are the actual target values, y; are the predicted values, and N is the

number of observations.

Here, calculating the mean absolute error (MAE) for each event was not pos-

sible because the number of events in the second half is unknown at halftime.

For this experiment, calculating MAFE scores for each specific event was not
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feasible due to the assumption of an equal number of events between the first
and second halves. However, since the actual number of events performed by
a player in the upcoming half was unknown before its start, it was decided to
predict, for each player, the high-speed distance per event based on a number of
events equal to those performed by the same player during the first half of the
same game. This approach assumes that the number of events does not differ
substantially between halves for players who completed both. The absolute
error between the total predicted and actual high-speed distances across these
events was computed for each player, and the mean of these per-player errors

within a game represents the reported MAE for that game.

Across all games, XGBoost achieved the lowest overall average MAE at ap-
proximately 65 m, followed by LSTM at 87 m and CNN at 103 m. However,
per-game errors for XGBoost range from 44.5 m to 106.9 m, and in individ-
ual player predictions errors exceeding 200 m were observed, representing a
substantial proportion of the total high-speed distance a player might cover
in a half. Model performance varies considerably from match to match, which
may reflect differences in game context, tactical intensity, player fitness, and
the limited number of games available for training under the LOGO cross-
validation scheme. These results should therefore be interpreted with caution.
While XGBoost consistently outperformed LSTM and CNN across all tested
games, the magnitude of errors in some cases limits the practical utility of
the current model for precision workload management. The findings are best
understood as a proof-of-concept demonstration that the Event dataset struc-
ture is compatible with sequence-based machine learning tasks, rather than as

a fully validated predictive tool ready for applied deployment.

To contextualize these results, the MAE can be expressed relative to the mean
high-speed distance per player per half. Based on a full-game mean high-speed
distance of 1,453.6 m, the estimated mean per half is approximately 727 m,

giving an average relative MAE of approximately 9.5% for XGBoost, with
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per-game values ranging from 6.1% to 14.7%. No published studies predicting
high-speed distance at event level in Gaelic football or in sufficiently analo-
gous contexts were identified, and direct benchmarking against other models

therefore remains a direction for future work.

Several limitations of this predictive experiment should be acknowledged. First,
the dataset comprises only 11 games from a single team, which restricts the
volume of training data available per player and limits the generalisability of
the findings. Second, the assumption that the number of events in the second
half equals the number in the first half introduces a structural approximation
that may propagate error into the final summed prediction. Third, no con-
textual features (for example, match score, opposition quality, or positional
role) were included in the model, all of which are known to influence high-
speed running output. Future work with larger multi-team datasets, richer
feature sets, and systematic hyperparameter optimization would be necessary
to establish whether the predictive performance demonstrated here generalizes

beyond this sample.

Table 3.20: Average Mean Absolute Error (MAE) per model for each tested game.
The MAE is computed on the total high-speed distance predicted per player.

Game ID | XGBoost | LSTM | CNN
788 83.9 110.2 140.3
811 65.6 85.1 90.8
869 106.9 130.4 180.3
893 82.9 105.3 120.6
934 60.4 75.3 88.5
838 56.6 70.4 85.2
873 70.0 85.9 93.0
889 62.5 78.4 85.4
973 60.8 75.2 95.1
997 67.8 90.4 99.2
946 44.5 57.8 65.3

To illustrate the model’s performance at the individual player level, Figure 3.15
presents the true and XGBoost-predicted total high-speed distances for each

player in Game 788. The predictions demonstrate variation in accuracy across
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players, with some predictions closely matching actual performance while oth-
ers show larger deviations. For example, Player 146’s predicted workload for
the second half is 576.9 m, very similar to previous performances such as 603.2
m in Game 946 and 595.8 m in Game 838, but higher than the 423.9 m ac-
tually covered in the current match. Player 152’s true high-speed distance in
the second half of Game 788 is 359.6 m, substantially lower than the predicted
517.2 m, and less than a previous peak value of 765.7 m (Game 811). Player
163 ran 428.9 m at high distance, with 582.5 m predicted. This overestimation

contrasts with prior performances in the 400-500 m range across other games.

Game 788: True vs. XGBoost Predicted High-Speed Distance per Player (Excluding Low HSD)

- Fue
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Figure 3.15: Comparison of true and XGBoost predicted total high-speed distances
for each player in Game 788.

Figure 3.16 presents a detailed comparison of Player 152’s true and XGBoost-
predicted total high-speed distances across multiple games, demonstrating how
predictions vary both within and across matches. In the vast majority of
games, predicted and true values are very close. However, for some games, this
difference is high. In detail, in Game 788, the model predicts a significantly
higher workload (517.2 m) compared to the true recorded distance (359.6 m).
On the contrary, in Game 889, the model prediction is greatly lower than
the actual workload (573.4 m predicted vs. 815.1 m true). These prediction
errors, while substantial, fall within the range of the model’s average MAE of

approximately 65 m when considered across all predictions.
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Player 152: True vs. XGBoost Predicted Total High-Speed Distance Across Games
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Figure 3.16: Comparison of Player 152’s true and XGBoost predicted total high-
speed distances across games.

3.5 Summary

Despite advances in wearable sensor technology, there remains a gap between us-
able knowledge (player movement and workload) and raw sensor data. This chap-
ter presented a multi-step feature engineering framework that transforms the high-
frequency, sequential sensor data into the Action and Event datasets. The Action
dataset segments continuous player movement into discrete velocity-based actions,
preserving information about timing and type of activity. Instead, the Event dataset
aggregates these actions into periods of activity separated by rest states. The re-
sulting datasets not only align with running profiles in Gaelic football but also offer
the possibility of advanced analytics and predictive tasks.

This approach maintains essential player information while reducing data size
(99.8%) from original raw data, which significantly speeds up data processing and
analysis without losing critical details.

The practical relevance of the framework was further demonstrated through pre-
dictive modelling experiments using the Event dataset to forecast the high-speed
running distances in the second half of games for individual players. Among the ma-
chine learning models tested, XGBoost achieved the lowest prediction errors across

all games, with an average MAE of approximately 65 m per player per half. However,
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errors varied substantially across games and individual players, with some predic-
tions exceeding 200 m. These results serve as a proof-of-concept demonstration of
the Event dataset’s compatibility with sequence-based predictive modelling, rather
than a fully validated applied tool, and future work with larger datasets will be
necessary to establish the generalizability of these findings.

In addition, the value of this framework lies in making the sequential structure
of player movement visible and analyzable. By segmenting continuous sensor data
into discrete actions and grouping them into events, practitioners can examine how
movement sequences are composed. Identifying the most common sequences and
their associated durations and intensities allows coaches and conditioning staff to
design training drills that replicate the actual movement patterns players experience

during competitive match play.
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Chapter 4

Interpreting Player Movement

Using a Spatial Grid Model

The work presented in this chapter has been published in:

e Antonini Valerio, Michael Scriney, Alessandra Mileo, and Mark
Roantree. “Using a Spatial Grid Model to Interpret Players Move-
ment in Field Sports.” In International Conference on Big Data
Analytics and Knowledge Discovery, pp. 395-400. Cham: Springer

Nature Switzerland, 2024.

4.1 Introduction

Chapter 3 presented the development and validation of a framework that converts
raw high-frequency sensor data into structured datasets. This enables detailed char-
acterization of player running activity, assessment of movement intensities across ve-
locity zones, and the use of predictive models for high-speed running distance. This
work established a clear, reproducible framework for analyzing individual player
activity and transitions between intensity levels.

However, while these datasets effectively characterize when and how intensely

players move, they represent the spatial dimension only as individual coordinates.
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This characteristic is shared with most sensor-based performance analyses in the
existing sport science literature, where the movements at different speeds in the
playing area are rarely examined [46], [108].

Addressing this gap is important because it allows practitioners to understand
key aspects of match demands. Specifically, the research question (RQ2) investigates

whether graph-based representations can reveal the following:

e Critical transition zones: Which zones of the playing area frequently serve
as important transition points where players move between different areas,

identified through betweenness centrality analysis.

e Spatial communities with distinct workload profiles: How groups of
spatial cells form natural communities representing areas of coordinated player
activity (identified through community detection algorithms) with distinct

running intensity profiles.

e Temporal evolution: How the transition zones, spatial communities, and

their associated running profiles change across consecutive time windows.

The Time-Window Spatial Activity Graph framework that will be introduced
in this chapter leverages the Action dataset, realized in the previous chapter, to
construct a series of spatial movement networks, capturing how player movements
are organized through the playing areas. It provides a novel spatial perspective
on player behavior that addresses a gap identified in the broader team sports lit-
erature: while GNSS-based analyses have extensively characterized the temporal
and intensity dimensions of player movement [46], [23], the spatial organization of
these movements across the playing area has received considerably less attention,
with spatiotemporal analysis in team sports having concentrated predominantly on
football and basketball rather than other invasion sports such as Gaelic football
[108].

The novel contribution of this chapter is the TWG framework itself: the in-

tegration of the Action dataset with spatial tessellation, the rolling time window
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Figure 4.1: Diagram of steps involved in realizing the Time-Window Spatial Activity
Graph.

construction of spatio-temporal multi-graphs, and the edge weighting scheme (w =
d-S péed1'5), applied to wearable sensor data in Gaelic football performance analy-
sis. The analytical components used within the framework, specifically betweenness
centrality [109], Louvain community detection [110], and the tessellation algorithm
[111], are established methods from the literature. The novelty lies in their integra-

tion into a unified framework and their application to this specific domain.

4.2 Methodology

This section presents a graph-based framework that converts the Action dataset into
a spatio-temporal graph, enabling analyses achievable only with this specific data
representation. The steps to realize the framework are summarized in Figure 4.1.
The objective of this section is to expose the required methodology to represent the
actions of Gaelic football players of a team during a game as a graph, to extract pat-
terns and insights about players’ movement dynamics in the playing area, otherwise
difficult or impossible to obtain from any other type of data representation.

Each step of the framework is illustrated using a running example from Game
934. This example helps demonstrate spatial cell mapping, graph construction, and

graph analytic results.
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Coordinates of Players Actions in Game 934
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Figure 4.2: Coordinates of players’” actions in Game 934.

The graph-based framework is composed of the following steps.

4.2.1 Input Data

The input data of the framework is represented by the Action dataset described
in Chapter 3.3. The Action dataset describes the journey of players during games
as a set of consecutive actions, expressed as consecutive seconds spent in the same
velocity zone with a starting and ending location given by a pair of latitude and
longitude coordinates. Figure 4.2 shows the coordinates of player actions during
Game 934, where each coordinate represents the starting or ending point of each

action during the game.

4.2.2 Spatial Cells Mapping

The next step is the segmentation of the playing area into cells. Dividing a play-
ing area into non-overlapping, square cells using the GNSS coordinates covered by
players during the game is subject to the orientation of the area on the globe, which
makes this process not scalable and automatic. In addition, not every portion of the

playing area is covered during a game. To analyze player movements, the playing
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Figure 4.3: Division of playing area into cells obtained via tessellation algorithm.

area was divided into non-overlapping, gap-free cells using a tessellation algorithm
[111]. Each cell corresponds to a specific area of the stadium, with a known centroid
defined by latitude and longitude coordinates. Figure 4.3 shows the partition of the
playing area into distinct spatial cells for Game 934 obtained with the tessellation
algorithm. Only the four corner points of each cell (top-left, top-right, bottom-left,

and bottom-right) are displayed in the figure to define the cell boundaries.

It should be noted that pitch dimensions were not standardized across the games
analyzed, as Gaelic football pitches can vary considerably in size [26]. The tessella-
tion algorithm was applied independently to each game using the GNSS coordinates
recorded during that specific match, meaning the spatial grid was generated relative
to the actual area covered in each individual game rather than a fixed reference

pitch.

Player GNSS coordinates recorded during the match were mapped to the nearest
cell by calculating the Fuclidean distance to each cell centroid and assigning the co-
ordinate to the closest one. Cells without assigned coordinates were excluded from
the analysis, as they represent parts of the playing area or stadium not covered dur-

ing play. This spatial grid enables the identification of the start and end locations
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Figure 4.4: Spatial mapping coordinates-to-cells in Game 934.

for each player’s action within the subdivided cells of the playing area. Grouping
nearby action start or end points into the same cell permits analyzing player move-
ments over cells rather than single data points. This approach simplifies the data
without losing important information and improves the clarity and interpretability
of movement patterns. Figure 4.4 illustrates the spatial mapping in our example:

each coordinate is assigned to the nearest cell.

4.2.3 Describing Player Movements as a Multi-Edges Graphs

Once the playing area is divided into cells, the next step is the construction of
spatio-temporal graphs. In simple terms, the playing area is divided into small
zones, and players are tracked to investigate how they move between these zones
during different parts of the game. For example, it can be observed whether a player
frequently moves from the defensive area to midfield or often covers certain corridors
on the field. This reveals where players spend most of their time and how they move
around the field. By representing player movements as connections between these
zones over time, coaches can better understand how their team uses space. For

instance, they might discover that players gather in certain areas during specific
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phases of the game or that some zones act as common routes for player transitions.

For a selected game and the relative playing area, the game is divided into fixed
time intervals using rolling windows to create snapshots of spatial activity within the
field’s cells, represented by the Time-Window Spatial Activity Multi Graph (TWG).
A rolling window is a technique for analyzing time-dependent data by calculating
metrics over a fixed-size segment (window) that moves forward by a set step size.
TWG is a set of spatial-activity graphs where each graph is a snapshot of activity
for a timepoint w within a cell a. Each Spatial Activity Graph is a directed multi-
graph TWG,.,, = (N, E) where N is the set of nodes representing a cell of the
playing area and n denotes a tuple containing the latitude and longitude of the
cell’s centroid n =< lat,Ilng >,n € N. FE denotes the set of edges within the
graph, where each edge e indicates an action represented by a four-tuple e =<
nfmm,nto,Spéed, d,w,l,0,P > e € E where, ngon and ny are the to and from
nodes for the directed edge (starting and ending cells of the action), Speed is the
average speed during the action, d is the duration of the action, w is the weight of
the action defined as d - Sp_eedl'S, [ the traversed distance, # is the turning angle
associated with the action and P is the player who performed the action. The multi-
graph representation permits multiple edges between the same pair of spatial nodes.
Each edge is described by multiple metadata attributes (Speed,d, w, [, 6, P), which

allows a richer, multi-dimensional representation of each player action.

While six attributes per edge may appear heavy, the graph remains manageable
in practice because players only move between a limited number of neighboring cells,
meaning most cell pairs have no connecting edge, and the overall structure remains
sparse. Not all attributes are equally relevant to every coaching question: the weight
w, which combines duration and speed into a measure of physical workload, is the
primary attribute used in this chapter, while the others serve as optional descriptors

that can be ignored depending on the task at hand.

The pseudocode for realizing the TWG is presented in Algorithm 4.1, where T'W

is a distinct list of time windows (for example, [0, 5], [1, 6]...), of 5-minute length and
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1-minute step size, and A is the set of actions annotated with the cell number. The
duration of the time window can be selected according to the specific objectives and

temporal granularity required by the analysis

Algorithm 4.1 TWG Construction Algorithm
Require:
TW: List of time windows (for example, [0, 5], [1,6],...)
A: Set of player actions, each with attributes: start time, end time, start cell,
end cell, player ID, average speed, duration, turning angle, distance
C": Mapping of cell IDs to centroid coordinates (latitude, longitude)
Ensure:
TWG: Set of time-windowed spatial activity graphs, each TWG,,, = (N, E)

1: for all time window w in TW do

2: for all cell a in C do

3: Initialize empty multi-graph TW G, ,, = (N, E)

4: N < set of centroids of all pitch cells (from C')

5: for all action act € A do

6: if act occurs within time window w and act starts or ends in cell a
then

7: Nfrom < Clact.start_cell]

8: nto <— Clact.end_cell]

9: Speed + act.avg_speed

10: d < act.duration

11: Wedge < d - SpéedL5

12: l < act.distance

13: 0 < act.turning_angle

14: P <« act.player _id

15: Add directed edge e = (Nfrom,N) With attributes
(Speed, d, Wedge, 1,0, P) to TWG 4.

16: end if

17: end for

18: Store TWG,,, in TWG

19: end for

20: end for

21: return TWG

Figure 4.5 presents a simplified TWG using a small sample from Game 934.
Only a few players, actions, and spatial cells (nodes 1, 2, and 3) are shown. Each
colored edge represents a single action by a player moving between two cells, with
action details such as player, speed, duration, distance, angle, and edge weight
provided next to the edge. For example, between node 1 and node 2 there are two
separate edges, each representing a distinct action. One edge corresponds to Player

A, whose action lasted 3 seconds with an average speed of 5 m/s. The other edge
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Figure 4.5: Example TWG for Game 934, using a simplified network with a few
players and spatial cells.

corresponds to Player B, whose action lasted 2 seconds at an average speed of 6
m/s. This illustrates how the multi-graph representation captures multiple different

movements between the same locations.

4.2.4 Aggregation into a Simpler Directed Graph

Some graph metrics, such as betweenness centrality and community detection, re-
quire a simple directed graph TWG' = (N, E') without multiple parallel edges.
Deriving a weighted directed graph from a multi-graph involves combining multi-
ple edges between the same pair of nodes into a single representative edge with an
aggregated weight. The steps required to transform the TWG into TWG' are the

following:

1. Multiple parallel edges between nodes are aggregated by computing the aver-

age of the weight:

k
_ 1
Wy,y = E;we“ (4.1)
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where the k edges e; connect node u to node v.
2. k represent the count of edges between nodes u to node v.

3. The weight is computed to reflect both intensity and frequency, emphasizing

transitions that are intense and frequent:

1
= 4.2
wu,v U_)u,v . k? + E’ ( )

with a very small ¢ > 0 for to avoid 0 division. This inverse weighting means
edges with high cost (w,,) and frequency k have lower weight, effectively mak-
ing these edges more preferred in shortest-path calculations, node importance,

and community detection analyses.

Figure 4.6 shows the aggregated weighted undirected graph (TWG’) derived from
the TWG for Game 934. Here, multiple player actions between the same pair of
spatial cells (nodes 1, 2, and 3) have been combined into single edges. The edge
labels display the computed weight values according to the aggregation and the

number of original edges combined between those nodes ("k”).

4.2.5 Analysis of Field Zones with Graph Metrics

From the directed graph TWG' = (N, E'), where N is the set of playing area’s cells
and £ = {(u,v) € N : w,, = m} the set of edges, it is possible to extract

graph theory metrics.

e Node Degree (ND). Node degree indicates the number of connections a par-
ticular playing area’s cell has with other cells via player movements. A high
degree means that a cell frequently serves as a starting or ending point for
transitions, reflecting its involvement in multiple movement pathways. In a

directed graph, there are two types of node degree:
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Figure 4.6: Aggregated graph (TWG’) for our running example in Game 934, created
by combining the edges from the TWG sample into single weighted edges between
cell pairs.

— In-degree k™: the number of incoming edges to cell 4, representing tran-

sitions ending in cell 7. This is formally defined in Equation 4.3:

J

— Out-degree k?"*: the number of outgoing edges from cell i, representing

transitions starting from cell i. Equation 4.4 formally defines k¢

]fZ-OUt — ZAi’j’ (44)
J

The average node degree k; summarizes the overall connectivity level of the
network, indicating the typical number of connections per cell through player
movements. It is computed as the mean degree across all nodes, as shown in

Equation 4.5:
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||

i kzn kout 4

where |N| is the total number of cells. A higher average node degree sug-
gests that, on average, cells are involved in more transitions, reflecting a more

interconnected playing area.

e Node Centrality. Node centrality highlights which field cells are most influ-
ential in connecting play. Nodes with high centrality are zones that players
frequently use as ”bridges” to move between regions and velocity zones, mak-
ing them key areas for transitions and tactical importance. In simpler terms,
cells with high betweenness centrality are areas where players tend to move
through frequently when transitioning between different regions. These cells
are strategically important as they serve as key connectors within the team’s
spatial organization, reflecting regions with significant player movement activ-
ity.

Betweenness centrality is a measure of network centrality that quantifies how
often a node lies on the shortest paths between other nodes in the network
[112]. The formula for calculating betweenness scores [109] is shown in Equa-
tion (4.6) where oy, is the total number of shortest path going from s to ¢, and

0s(x) the number of those paths passing through node .

BC(x)= Y LZiC) (4.6)

o
SsFETFL st

This centrality measure assigns to each node in the graph a score reflecting its

importance (in terms of centrality and connections) in the graph.

In Figure 4.7, it is shown the betweenness centrality computed for the first
300 seconds of Game 934. Cells with higher betweenness centrality scores (in

yellow and lighter colors) indicate influential zones where many shortest paths
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Figure 4.7: Betweenness centrality values for Game 934 during the first 5 minutes
(0-300 seconds).

of player movement converge. In the first half of Game 934, the team’s goal
is located in the bottom-left of the image and the opposing team’s goal in the
top-right, meaning the direction of play runs from bottom-left to top-right. In
this example, the betweenness centrality scores were highest in the defensive
central area of the playing area, meaning that it was a strategic area through

which players frequently passed or moved to connect different parts of the

field.

Community Detection. Community detection is a graph-based technique that
identifies clusters of field cells frequently connected by player movements within
a given time window. These communities reveal regions of the playing area
formed by a group of cells, where players tend to move within and between
cells more frequently than to other parts of the playing area. By applying
community detection to the aggregated movement graph (TWG’), it is pos-
sible to identify spatial groupings that emerge from players’ behavior during

games. This offers a view of how the team is organized spatially, revealing
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zones of high internal connectivity that imply more concentrated activity. For
example, clusters may show areas where defenders often move between nearby
zones or midfield corridors that players use to transition between different
parts of the field. The number and shape of communities can change across
time windows, reflecting the evolving positioning of the team. Larger com-
munities indicate broader zones of shared activity, while smaller communities

reflect more isolated areas of action.

The Louvain community detection algorithm groups data points into clusters
by maximizing the density of connections within communities relative to con-
nections between communities, as quantified by modularity using Equation
(4.7). Here A;; represents the weight of the edge between i and j, ki = 3, A;
is the sum of the weights of the edges connected to node i, ¢; is the community
to which node ¢ is assigned, and 0 is a function such that §(c¢;c;) = 1 if node i

and node j are assigned to the same community [110] and 0 otherwise.

Mo L S A — k":;]a(cicj) (4.7)

1]

Figure 4.8 displays the results of community detection applied to the player

movement graph for Game 934 during the first 5 minutes of play. In this example,

five different communities are detected, and, interestingly, no community is located

in the midfield area. Instead, all groups seem to converge from the outer edges of the

playing area toward the center. This is likely explained by the early phase of play,

where players start from wide distributed positions and move inward as they track

the ball. The midfield area in this window appears to function as a transitional

corridor connecting the peripheral communities rather than a zone of sustained

coordinated activity, which is consistent with the high betweenness centrality scores

observed in the central area for the same game.
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Figure 4.8: Communities detected for Game 934 during the first 5 minutes (0-300
seconds).

4.3 Results

In this section, the ability of the Time-Window Spatial Activity Graph to analyze
the spatial movement of players across consecutive time windows is assessed in two
different games played on diverse fields. In both cases, the analysis includes each

available movement player with the exception of the goalkeeper.

Games 811 and 893 were selected as illustrative examples from the available
dataset, played in two different stadiums, to demonstrate the framework across

different spatial environments.

The research question asks whether graph-based representations can reveal: (1)
critical transition zones, (2) spatial communities with distinct workload profiles,
and (3) temporal evolution of these patterns. The two case studies address these
components differently. Game 811 demonstrates all three components: betweenness
centrality identifies critical transition zones, community detection reveals spatial
groupings with speed profiles, and rolling 5-minute windows track temporal evolu-

tion of both transition zones and community structures. Game 893 addresses two
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components: community detection with detailed workload profiling (speed, accel-
eration, intensity distributions) and temporal evolution of community structures
between two 15-minute phases. Betweenness centrality was not computed for Game
893, thus, critical transition zones are not examined in that case study. Together,
these analyses demonstrate the framework’s analytical flexibility while addressing

the research question’s core elements.

4.3.1 Evaluation: Spatio-Temporal Analysis of Game 811

This analysis addresses all three components of the research question. Using rolling
5-minute windows across the opening 8 minutes of Game 811, it is examined: (1) how
critical transition zones shift through betweenness centrality analysis, (2) how spatial
communities group different playing areas and their associated speed profiles, and
(3) how both transition zones and community structures evolve temporally across
consecutive windows.

This analysis offers novel insights into activity in the playing area, player move-
ment, and connectivity dynamics, contributing to a deeper understanding of the
spatio-temporal complexities of Gaelic football performance. The input dataset is
the Action dataset related to Game 811, comprising 13,586 actions that capture

spatio-temporal coordinates and extracted features throughout the match.

Spatial Cell Mapping

After segmenting the playing area into sub-cells, every GNSS location recorded
for players during the match was then associated with its nearest cell centroid.
Figure 4.9 illustrates the grid points generated with the tessellation algorithm (left)

and the result of assigning each coordinate to the closest cell (right).

TWG’ Generation

Using the spatial cells as nodes, Temporal Window Directed Graphs (TWG’) were re-

alized to model dynamic player movements over time, generating one graph for each
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Figure 4.9: Spatial grid mapping of the pitch. Left: grid points obtained via
tessellation algorithm. Right: the result of assigning each coordinate to the closest
cell.

rolling time window. Following the construction of the spatio-temporal multi-graphs,
each was subsequently transformed into a weighted directed graph as described in
Section 5.2.1. This transformation involved merging multiple edges between spa-
tial cell pairs into a single weighted edge that reflects both the frequency and cost
(speed) of transitions. The resulting directed graphs enabled the computation of

structural metrics such as betweenness centrality and community detection.

The length of the rolling window was set to 5 minutes, with a sliding size of 1
minute, resulting in the following intervals: [0,5], [1,6], etc. The 5-minute window
was selected as a pragmatic compromise between temporal resolution and data vol-
ume, consistent with its established use in GPS-based match analysis in team sports,
where 5-minute rolling averages have been applied to examine physical demands in
professional soccer [113] [114]. Shorter windows capture finer temporal changes but
contain fewer actions, which can limit the stability of graph-based metrics such as
community detection, while longer windows provide more data but reduce the ability
to detect tactical shifts within a half. Using a 5-minute window with a sliding size

of 1 minute in the tested game, which lasted 78 minutes, results in the generation

of 74 TWG".
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Identifying Key Zones Within the Playing Area Through Betweenness

Centrality

The betweenness centrality of cells in the weighted directed graph (TWG'), com-
puted for each 5-minute time window, was used to identify the most important cells
where directional changes and transitions between velocity zones occur most fre-
quently. Figure 4.10 compares betweenness centrality scores across four consecutive
rolling windows: [0, 5], [1, 6], [2, 7], and [3, 8], describing the first 8 minutes of
activity at the beginning of Game 811. The analysis included only cells visited by
players during the time window. In this first half, the betweenness centrality scores
were computed using the inverse edge weights described in Section 4.2.5, which inte-
grate both frequency and intensity, ensuring that high-centrality cells reflect frequent

paths.

The importance of locations changes during the time windows analyzed: Fig-
ure 4.10 illustrates this transition from central to peripheral areas, observable in the
difference of scores between the first time window [0, 5] and two successive windows
([1, 6] and [3, 8]). In the top-right of the playing area is located the team’s goal,

while on the other side, bottom-left, is located the opposition team’s goal.

In the first two time windows (top-left and top-right), the highest betweenness
centrality scores (indicated by yellow or lighter points) are concentrated in the cen-
tral corridor of the playing area. The team tends to use the middle area to connect
defensive and attacking moves, with players often passing or running through these
central zones. While in the third window, the central area remains important, in
the fourth window (bottom-right), the highest centrality shifts toward the attacking
region, particularly close to the opposition goal in the bottom-left of the playing
area. This transition reflects more frequent movements through the attacking area,
as the team’s activity becomes focused on creating scoring opportunities. This shift
is captured by the graph approach: as the number and intensity of directed move-
ments through the attacking cells rise, these zones emerge as important connectors

in the flow of play. Betweenness centrality identifies cells that act as bridges in
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Figure 4.10: Betweenness centrality for 5-minute rolling windows: [0, 5) (top-left),
[1, 6) (top-right), [2, 7) (bottom-left), and [3, 8) (bottom-right).

frequent and intense movement sequences, not only zones with high activity.

Discovering Spatial Groupings in the Playing Area

Figure 4.11 shows the results of Louvain community detection applied to the playing
area’s cells across four consecutive 5-minute windows in Game 811. These commu-
nities reveal clusters of adjacent pitch zones where players tend to move and change
speed together.

In the first window, six distinct communities are detected. The defensive area is
grouped into the same community (in brown), while the attacking area is fragmented
into three different communities (yellow, green, and red). The red community (ex-
ternal attacking side) records the highest first quartile speed (2.4 m/s), average (3.6
m/s), and third quartile (4.9 m/s). For a coach, this means the red zone during
this window was the scene of high-speed movements. In contrast, yellow and brown

communities cover areas with the slowest speeds.
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Four communities emerge in the [1,6) window: approximately divisible in defensive-
left (red), defensive-right (blue), offensive-left (green), and offensive-right (yellow).
Defensive players move as a single cohesive block and a small group on the right.
Similar to the previous window, the offensive-left community shows the highest speed
statistics, operating as a corridor for fast transitions.

In the third window, on the bottom-left of Figure 4.11, five communities are now
identified by the algorithm. The defensive area is now divided into three groups:
center-right (blue), center (purple), and center-left (red), reflecting less grouped
movements of the players.

Five communities persisted in the last window, but the yellow community now
represents the main region of high-speed movements, with higher speed quartiles and
averages. Its position signals a phase of increased attacking movements, confirmed
by the fact that the slowest activities are concentrated in the red community (part
of the defensive area). These changes in groups, movement, and speed let coaches
understand when and where the team is pushing forward to attack or staying more

compact to protect their own goal.

Discussion

This case study addressed all three research question components through rolling
5-minute window analysis.

Critical transition zones: Betweenness centrality quantified shifting zone im-
portance from the central corridor (windows [0,5) and [1,6)) to the attacking region
(window [3,8)), demonstrating tactical evolution from build-up to offensive pressure.

Spatial communities with workload profiles: Community detection re-
vealed distinct speed characteristics across zones, with the external attacking side
(red, 3.6 m/s average) exhibiting highest speeds in window [0,5), the offensive-left
corridor (green) in window [1,6), and the center-right offensive area (yellow) in win-
dow [3,8).

Temporal evolution: Both transition zones and community structures evolved
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Figure 4.11: Community detection for 5-minute rolling windows: [0, 5) (top-left),
[1, 6) (top-right), [2, 7) (bottom-left), and [3, 8) (bottom-right). Black points

represent coordinates not covered by players in the analyzed time window.
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dynamically: betweenness centrality shifted from central to attacking regions, com-
munity organization reorganized from unified defensive (brown) to fragmented defen-
sive zones, and high-speed corridors relocated sequentially across different attacking

areas (red — green — yellow).

4.3.2 Evaluation: Spatio-Temporal Analysis of Game 893

This case study examines the first 30 minutes of Game 893, divided into two distinct
and consecutive non-overlapping time windows: 0-15 minutes and 15-30 minutes.
The previous analysis used rolling windows, whereas this approach compares fixed
intervals to assess changes between separate phases of play.

Fixed 15-minute intervals are a well-established unit in team sport match analysis
for examining temporal changes in physical and technical performance across distinct
phases of play [115], [116]. The choice here was deliberate: rather than capturing
short-term fluctuations, the aim was to compare broad spatial community structures
between early and mid-match phases. Aggregating actions over each window is
therefore an intentional design decision, with the acknowledged trade-off that within-
phase variations are not captured at this resolution.

This analysis addresses two components of the research question: spatial com-
munities with distinct workload profiles and their temporal evolution. Using two
consecutive 15-minute windows (0-15 min and 15-30 min), it is examined: (1) how
spatial communities group different playing areas and their associated physical char-
acteristics (speed, acceleration, intensity distributions), and (2) how community
structures and workload profiles evolve between early and mid-match phases. Be-
tweenness centrality is not computed in this case study, as the focus here is on
community-level workload profiling rather than transition zone analysis, providing
a complementary perspective to the Game 811 case study.

The match (Game 893) selected for this case study was a county-level male Gaelic
football match with 16 players, which lasted for 75 minutes. The action dataset of

this match consists of 12688 records.
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Figure 4.12: Spatial grid mapping of the pitch. Left: grid points obtained via
tessellation algorithm. Right: the result of the association of players’ coordinates
to their closest grid point.

Spatial Cell Mapping

The initial step involves creating a grid of the playing area through a tessellation
algorithm, which divides the space into non-overlapping, gap-free cells. Player co-

ordinates are then assigned to the nearest cell, as illustrated in Figure 4.12.

TWG’ Generation

In this case study, analysis focused on players’ actions during two consecutive non-
overlapping time windows: the first 15 minutes of the game and from the 15th to
the 30th minute. Using the action dataset, we then created the multi-graphs TWGs
(one for each time window) and the subsequent directed simple graphs TWG’s,
aggregating multiple edges between nodes following the logic explained in Section
5.2.1. The edges between the nodes take into account the average speed of the
actions starting in a node and ending in the other, in addition to the duration and

the frequency (Section 5.2.1).

Spatial Analysis of Actions in the 0—15 Minute Time Window

Spatial communities detected through Louvain community detection within the first
15 minutes of play were analyzed by visualizing the spatial distribution of players’

movements in Figure 4.13 and summarizing their running activity within the de-
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tected communities in Table 4.1. The visualization in Figure 4.13 displays TWG’
with nodes colored according to communities detected via the Louvain algorithm,
edges colored and weighted to reflect their average speed, and node sizes scaled by
their degree. Table 4.1 details the number of playing area cells and unique players per
community, along with average and interquartile range for speed and acceleration,
high-acceleration events, and the proportions of distinct action intensities catego-

rized as standing/walking, jogging, running, and high-intensity running/sprinting.

Among the detected communities, Community 1 stands out as the largest with 37
cells and all 14 players traversing these cells, followed by Community 2 (28 cells, 14
players), Community 7 (18 cells, 14 players), and Community 0 (10 cells, 13 players).
These four communities collectively represent the entire playing area. Considering
the goalkeeper’s position, we can identify Community 2 as corresponding to the cen-
tral and defensive center-right regions of the playing area, Community 7 as covering
the defensive-left and left regions, Community 0 as representing the offensive left
zone, and Community 1 as encompassing the offensive and central offensive right re-
gions. Smaller communities have many fewer cells and involve fewer unique players,
indicating more isolated zones of action. Figure 4.13 illustrates that the majority of
actions occur in the central region of the playing area, with slightly more activity on
the left side compared to the right, as suggested by the density of edges and the sizes
of the nodes. The offensive regions also show increased actions at higher speeds, as
indicated by the lighter color of the edges. In addition, the directions of these actions
seem to follow diagonal trajectories moving from the defensive toward the offensive
zones, suggesting that most movements at higher speeds involve forward, diagonal
runs during attacking phases. Community 1 (offensive and central offensive right)
is characterized by the largest spatial extent and player involvement, the highest
count of high-acceleration events, and a slightly higher proportion of running ac-
tions. Community 2 (central and defensive center-right) balances moderate average
speeds with substantial acceleration variability and high acceleration events, reflect-

ing the presence of mixed-intensity actions. Community 7 (defensive-left and left
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Table 4.1: Summary of spatial communities with key physical features for the time
window 0-15 minutes. For each community, the number of nodes and unique play-
ers, average and spread of speed (AvgSpd, SpdIQR) and acceleration (AvgAcc, Ac-
cIQR), total high-acceleration events (HighAcc), and proportions of key action inten-
sities: combined Standing/Walking (Stand/Walk), Jogging (Jog), Running (Run),
and High-Intensity Running plus Sprint (HIRun_Sprint) are shown. Values repre-
sent means or proportions per community.

Comm. Nodes Players AvgSpd SpdIQR AvgAcc AcclQR HighAce Stand/Walk Jog Run HIRun_Sprint

(m/s) (m/s) (m/s?) (m/s?) (count) % % % %
0 10 13 2.88 2.30 1.71 0.77 25 0.34 041 0.16 0.07
1 37 14 2.93 2.50 1.81 0.80 82 0.32 042 0.19 0.06
2 28 14 2.74 2.40 1.70 0.90 74 0.36 0.39 0.18 0.05
3 2 3 1.94 1.50 1.75 0.99 1 0.60 0.40 0.00 0.00
4 1 1 5.50 0.90 2.18 0.03 1 0.00 0.00 0.50 0.50
5 2 3 1.81 1.10 1.41 1.03 1 0.66 0.33 0.00 0.00
6 1 1 0.10 0.00 0.40 0.00 0 1.00 0.00 0.00 0.00
7 18 14 3.02 2.60 1.80 0.82 43 0.30 0.41 0.19 0.08
8 1 1 1.50 0.00 1.49 0.00 0 1.00 0.00 0.00 0.00

areas) exhibits the highest average speed and proportion of high-speed running or
sprinting actions among the four communities, indicating frequent high-movement
actions typical of defensive or counter-attacking phases. Community 0 (offensive
left) exhibits similar average speed and acceleration values to Communities 1 and 2,
with a proportion (7%) of high-speed running and sprinting actions. Furthermore,
it demonstrates a rate of high-acceleration events at approximately 0.40 per cell,
indicating that despite its smaller spatial size, this community still represents cells

characterized by intense player activity.

It is acknowledged that 15-minute communities are limited by design and reveal
overall spatial organization rather than fine-grained tactical shifts. The more in-
formative signal at this resolution comes from the edge colors in Figure 4.13: the
concentration of lighter edges along the left corridor and central offensive corridor
indicates that high-speed activity is not uniformly distributed but systematically
channelled through specific areas of the playing area. This suggests the team’s at-
tacking play during this phase is built predominantly around left-side and central
forward runs, while defensive zones show consistently lower speeds, reflecting a more

controlled movement profile in those areas.
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Figure 4.13: Spatio-temporal graph depicting detected communities during the first
15 minutes of the game (0, 900 seconds). Node colors represent communities, edge
colors indicate average speed, and node sizes correspond to their degree. The label
‘goalkeeper’ represents the average position of the goalkeeper in the time window.
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Spatial Analysis of Actions in the 15-30 Minute Time Window

This section uses the TWG’ to analyze the spatial running performance of players
during the 15th to 30th minute time window of the selected game. Figure 4.14 shows
the TWG’ for the analyzed window. Since only the cells traversed during this time
window are inserted as nodes, the graph looks slightly different from the previous
graph or the spatial grid mapping of the field (where the entire set of latitude and

longitude coordinates covered during the entire match was used).

Louvain community detection identified a lower number of communities (6) com-
pared to the previous time window, distinguishing 2 main communities: Community
0 (midfield and offensive regions of the playing area) and Community 1 (defensive
and left regions). The majority of traversed cells are situated in the midfield and
center-offensive regions. There is a notable presence of lighter colored edges on
the left side of the pitch, in both defensive and offensive zones, indicating a higher

frequency of actions at higher speeds in these zones.

Community 0 is the largest and most active spatial cluster, with 39 cells and
involving all 14 players who traversed it, indicating its central role in overall player
movement. This community exhibits a relatively high average speed of 3.0 m/s,
coupled with a broad speed interquartile range of 2.40 m/s, which reflects a wide
variety of movement intensities consistent with dynamic and physically demanding
regions, such as midfield or offensive zones. In terms of acceleration, Community
0 leads present a total of 115 high-acceleration events, with an average of 2.94
acceleration events per cell. This highlights frequent bursts of speed and intense
activity throughout this zone. Looking at the distribution of action intensities, there
is a balanced mix: about 30.5 of the actions are combined standing/walking, 42.4%
are jogging, 20.3% are running, and 6.7% are high-intensity running or sprinting.
While players spend significant time in moderate movement phases (jogging), they

also engage regularly in high-speed and intense effort actions within this community.

Community 1 is closely comparable in size to Community 0, with 37 nodes and

the same number of participating players (14). Speed metrics for Community 1 are

134



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

Table 4.2: Summary of spatial communities with key physical features for the time
window 15-30 minutes. For each community, the number of nodes and unique play-
ers, average and spread of speed (AvgSpd, SpdIQR) and acceleration (AvgAcc, Ac-
cIQR), total high-acceleration events (HighAcc), and proportions of key action inten-
sities: combined Standing/Walking (Stand/Walk), Jogging (Jog), Running (Run),
and High-Intensity Running plus Sprint (HIRun_Sprint) are shown. Values repre-
sent means or proportions per community.

Comm. Nodes Players AvgSpd SpdIQR AvgAcc AccIQR HighAce Stand/Walk Jog Run HIRun Sprint
(m/s) (m/s) (m/s?) (m/s?) (count) % % % %o

0 39 14 3.00 2.40 1.80 0.78 115 0.30 0.42 0.20 0.07
1 37 14 2.75 2.10 1.70 0.89 82 0.37 0.39 0.16 0.06
2 4 7 1.93 1.70 1.45 1.03 5 0.59 0.35 0.05 0.00
3 1 3 1.72 0.52 1.68 1.04 1 0.75 0.25 0.00 0.00
4 1 1 4.1 0 1.2 0 0 0.00 0.00 1.00 0.00
5 9 14 2.62 2.32 1.65 0.97 22 0.41 0.37 0.16 0.05

slightly lower, with an average speed of 2.75 m/s and an interquartile range of 2.10
m/s, reflecting less variability in movement intensity compared to Community 0.
Even the number of acceleration events is lower (82), with an average of 2.22 per
cell.

Action intensity proportions for this community, representing the defensive and
left side of the playing area, show a higher frequency of lower-intensity movements,
with approximately 37.5% of actions in standing/walking. Jogging accounts for
39.8%, running 16.6%, and high-intensity running or sprinting 6.0%.

In this time window, midfield and offensive regions exhibit higher average speeds,
greater speed variability, and more frequent high-acceleration events, indicating dy-
namic and intense activity. The defensive and left zones show slightly lower speeds
and fewer intense actions at higher speeds, with the vast majority happening on the

left side.

Discussion

This case study addressed two research question components: spatial communities
with distinct workload profiles and their temporal evolution. The spatial running
activity across the playing area in the two time windows (0-15 minutes and 15-30
minutes) reveals both consistent patterns and changes that can inform coaching

perspectives.
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Figure 4.14: Spatio-temporal graph depicting detected communities during the time
window [900, 1800 seconds), corresponding to the interval from the 15th to the 30th
minute of the game. Node colors represent communities, edge colors indicate average

speed, and node sizes correspond to their degree.
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In the midfield and offensive regions (Communities 1 and 0 in Figure 4.13 and
Community 0 in Figure 4.14), both time windows show similarly high average speeds
around 2.9 to 3.0 m/s, with wide speed variability (2.4 m/s) and frequent high-
acceleration events. This pattern highlights these central and attacking corridors
as regions where players alternate between moderate-paced jogging and explosive

sprints or accelerations.

The defensive zones (Community 2 in Figure 4.13 and Community 1 in Fig-
ure 4.14) observed lower average speed (around 2.7 to 2.8 m/s) and fewer accelera-

tion bursts, indicating a generally more measured pace.

On the left side of the playing area (Community 7 in Figure 4.13 and the left
portion of Community 1 in Figure 4.14), the presence of high-speed actions persists
across both windows. This suggests that the left side remains an active zone for
quick movements, possibly related to counterattacks, overlapping runs, or defensive

pressing actions.

When considering the right and central defensive zones, the data show less pro-
nounced high-speed activity compared to other sides and slightly more moderate
intensity overall. The right side’s activity tends to cluster around running and jog-
ging, with fewer explosive acceleration events, especially in the first 15 minutes.
However, during the early phase, the offensive-right corridor (Community 1 in Fig-
ure 4.13) displayed one of the widest spatial coverages and the highest number of
high-acceleration events. As the match progressed, activity in this corridor became

less intense, both in terms of frequency and speed.

Between the two windows, the main evolution is a simplification in spatial com-
munity structure: from multiple smaller communities in the first window to fewer,
larger communities in the second. This may indicate an extension of player move-
ments into broader zones, suggesting reduced distance between lines of players and
more uniform movements. Despite this spatial simplification, the physical activity

metrics per pitch area remain largely consistent between the two time windows.

For coaches, these findings reinforce that the midfield and offensive regions de-
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mand sustained high intensity and variability in movement, requiring endurance
for repeated high-speed efforts. The left side’s persistent bursts of high-speed ac-
tions suggest high loads, necessitating specialized conditioning and tactical drills for
players operating there. Defensive zones overall show a more tempered pace but
intermittently require sudden high-intensity actions, highlighting the importance of
agility and rapid reactive capacity in defensive roles. Last, the analysis indicates that
the right side of the playing area is less frequently occupied by players, suggesting

potential opportunities for more effective utilization.

4.4 Summary

This chapter introduced and validated the Time-Window Spatial Activity Graph
framework as a novel graph-based method to analyze and interpret the spatio-
temporal dynamics of Gaelic football players during competitive matches. By trans-
forming detailed player action datasets into spatial graphs, the TWG approach en-
ables a better understanding of player movements, speed variations, and spatial
connectivity across the playing field over time.

The methodological contribution lies in segmenting the playing area into spatial
cells and constructing directed multi-graphs within time windows, embedding meta-
data on the edges. This representation supports graph-theoretic analysis, including
betweenness centrality and Louvain community detection, which reveal strategic
zones and clusters of coordinated activity.

In two case studies involving male county-level Gaelic football matches, the
framework demonstrated its capability to analyze player dynamics and spatial strate-
gies. Betweenness centrality revealed the shifting importance of cells over time,
highlighting zones frequently acting as connectors for player transitions. Commu-
nity detection identified groups of spatial cells where players tend to move together
more often than in other areas on the field and described connectivity patterns with
running workload metrics. In the two case studies presented, the midfield and offen-

sive zones exhibited elevated speeds and frequent high-intensity efforts, the defensive
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area showed reduced speeds, and the left side was characterized by high-speed ac-
tions. These observations should be interpreted as illustrative of the framework’s
analytical capability rather than as established positional trends, given the limited
number of games analyzed.

In summary, the TWG framework advances the quantitative analysis of team
sport performance by integrating spatial, temporal, and physical dimensions into a
comprehensive graph-based model.

The present chapter should be understood as a proof-of-concept demonstration of
the TWG framework rather than a basis for establishing generalized spatial patterns
in Gaelic football. The two case studies involve a single team across a small number
of inter-county matches, and the observed spatial patterns may reflect team-specific
tactical organization, opposition-dependent behavior, or match-specific contextual
factors rather than universal characteristics of the sport. Comparisons with similar
graph-based spatial frameworks in other sports are limited by the novelty of this ap-
proach: while spatio-temporal graph models have been applied to movement analysis
in domains such as urban mobility [79] and environmental activity [77], direct equiv-
alents applied to invasion field team sport performance analysis have not been es-
tablished in the literature, reinforcing the methodological contribution of this work.
Several limitations should be acknowledged. Pitch dimensions varied across games,
and the tessellation grid was derived independently per match, meaning spatial cells
are not directly comparable across fixtures. The analysis excluded the goalkeeper,
and the rolling window parameters were selected pragmatically rather than vali-
dated against alternative configurations. Future work should apply the framework
across a larger sample of games, teams, and competitive levels to assess whether
the spatial patterns identified here are consistent or context-dependent. System-
atic comparison of cell size parameters and window lengths would also strengthen
the methodological foundation, and extension to multi-player and opposition-aware

graph representations would substantially increase tactical interpretability.
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Chapter 5

Forecasting Transitions in

Metabolic Workload

The work presented in this chapter has been accepted for publication in:

e Antonini Valerio, Michael Scriney, and Mark Roantree. “Forecast-
ing High-Intensity Activity in Elite Gaelic Football: A Machine
Learning Approach Using Wearable Sensor Data and Metabolic
Work Ratio.” Accepted at the 3rd International Sports Analyt-
ics Conference and Ezxhibition (ISACE), June 2026. To appear in

conference proceedings.

5.1 Introduction

While Chapter 4 provided a retrospective analysis of player movements using spatial-
temporal graphs, a critical gap remains in managing athlete performance during
matches. Current approaches mostly provide retrospective descriptions of player
activity [23], [24], [54], without the ability to anticipate changes in workload that
could affect players’ physical performance and fatigue levels. This lack of predictive
methods may limit coaches and practitioners from optimizing players’ time man-

agement during games. This chapter addresses this gap by introducing a predictive
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machine learning framework designed to forecast short-term transitions in metabolic
power output. By leveraging the Metabolic Work Ratio (MWR), a metabolic power-
based metric introduced in this thesis, which captures the balance between exertion
and recovery within fixed time windows, this chapter moves beyond descriptive
analytics toward predictions using machine learning models. This work presents
a proof-of-concept framework demonstrating the possibility and accuracy of pre-
dicting metabolic load transitions, offering a foundation for technology systems to

implement this functionality.

5.1.1 Metabolic Power Framework

The metabolic power model is a theoretical approach designed to estimate the
metabolic energy demands of accelerative and decelerative movements in team sports
[80], [117]. It operates on the principle that running with acceleration (deceleration)
on flat terrain is energetically comparable to running uphill (downhill) at a constant
speed, with the slope determined by the forward acceleration [80]. Given the well-
established energy cost of uphill running, it is possible to translate the forward
acceleration during sprint running into the equivalent up-slope and obtain the cor-
responding energy cost [80]. This energy cost is combined with the instantaneous
forward speed to compute the metabolic power [80]. This theoretical model has
been applied to soccer to evaluate match performance in top-level players through
video analysis and GNSS data, enabling the assessment of instantaneous metabolic
power and redefining the concept of high-intensity effort based on metabolic power
rather than speed alone [81], [118]. Metabolic power is defined as the required rate
of ATP hydrolysis to perform the muscular work during running, representing the
net metabolic demands incurred by locomotion [119]. It is calculated as the product

1

of instantaneous energy cost (expressed in J-kg~'-m™') and speed (m-s™!), and is

! indicating the amount of energy required per second

typically expressed in W - kg~
per kilogram [120]. The formula that calculates the metabolic power M P was taken

from [80] and is derived from Equations 5.4 to 5.2. The computation proceeds in
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three steps: first, the forward acceleration is used to compute the equivalent slope
ES and equivalent mass EM; these are then combined to obtain the energy cost

EC; finally, EC' is multiplied by speed to yield metabolic power M P.

ES = tan <90 — arctan <i)) (5.1)
ay

ES is the equivalent slope [80], representing the incline that would produce the
same energetic cost as the observed acceleration. Here ¢ ~ 9.81 m - s72 is the

gravitational acceleration and a; is the forward acceleration (m - s72).

EM = |1+ (%)2 (5.2)

EM is the equivalent mass [81], reflecting the additional inertial load imposed
on the athlete by acceleration. It scales the energy cost to account for the effort of

changing speed.

EC = (1554 ES® — 304 ES* —43.3 ES® + 46.3 ES® + 19.5 ES + 3.6) - EM (5.3)

EC is the energy cost of accelerated running (J-kg~'-m™"!) [80]. The polynomial
coefficients were empirically derived by di Prampero et al. [80] from the known
energy cost of uphill running at constant speed, mapping the equivalent slope to a
metabolic cost per unit distance. EM scales this cost to account for the inertial

load of acceleration.

MP = EC v (5.4)

M P is the metabolic power (W - kg™!), computed as the product of the energy
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cost EC and the instantaneous running speed v (m - s7') [80].

Gaelic football is considered a high-demand sport, a high-speed game with few
moments of pause and a lot of consecutive stops and sprints performed by play-
ers. Elite players typically cover between 8,160 4+ 1,482 m and 9,222 + 1,588 m
during match play. Players perform 166-184 accelerations and cover 445-524 m at
very high speeds (> 22 km/h), with high-speed running (> 17 km/h) accounting
for 1,677 + 419 m to 1,731 + 659 m, depending on positional demands [121]. This
nature of the game makes it one of the most strenuous sports. The stop-start nature
of soccer match-play suggests that focusing solely on velocity thresholds may pro-
vide an incomplete analysis. Therefore, it is necessary to account for accelerations,

decelerations, and the energy expenditure associated with changes in velocity [84].

Significant associations between metabolic power variables and objective mea-
sures of aerobic fitness were reported in elite Gaelic football players in [47]. The
study highlights significant associations between metabolic power variables (among
which is high metabolic load distance) and objective measures of aerobic fitness,
such as VO2max and velocity at VO2max (the maximum speed athletes can sustain
while using their maximal oxygen uptake) [47]. These associations suggest that av-
erage metabolic power and high metabolic load distance offer a practical indicator

for monitoring aerobic fitness responses to training and match play in elite Gaelic

football [47].

Metabolic power variables have been explored in elite Gaelic football, with re-
search demonstrating their utility in understanding the positional and temporal
demands of match play. For instance, midfielders were shown to have the high-
est activity profiles, covering greater total and high-speed distances and expending
more energy compared to other positions. Additionally, significant reductions in
metabolic power and running-based variables were observed as matches progressed,

emphasizing the dynamic nature of match demands [48].

Nevertheless, the metabolic power model carries important limitations that are

relevant when applied in the Gaelic football context. The model was originally
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developed and validated using soccer data [81], and its accuracy in estimating en-
ergy expenditure assumes that locomotor cost is the dominant contributor to total
energetic demand. In Gaelic football, this assumption may be weakened by the
substantial energetic contribution of contact-based actions (including tackling and
blocking), which involve significant muscular effort but produce little or no displace-
ment detectable by GNSS sensors. These demands are not captured by metabolic
power calculations, meaning that the true physiological load may be underestimated,
particularly for positions with high contact involvement. These limitations should be
considered when interpreting metabolic power-based metrics in the Gaelic football
context.

This chapter addresses the gap between descriptive workload monitoring and the
predictive capability needed to support real-time coaching decisions. The specific

alms are:

1. The introduction of the Metabolic Work Ratio (MWR), a player-specific metric
quantifying the balance between high-intensity metabolic demand and recovery

within fixed time windows.

2. The development of a machine learning framework that forecasts short-term
transitions in metabolic workload using features derived from GNSS and IMU

sensor data.

3. The assessment of whether accurate prediction of imminent workload changes
is achievable from data collected during elite Gaelic football matches, as a

proof-of-concept for future real-time implementation.

5.2 Methodology

This section describes the methodology used to predict player metabolic workload
using data from wearable sensors. Data were collected using the STATSports Apex

10 Hz GNSS and 100Hz IMU device, as described in Section 3.2.1. Our approach
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Figure 5.1: Methodology diagram illustrating the sequential data processing and
analysis steps.

combines GNSS and IMU data with the Metabolic Work Ratio (MWR), a work-
load metric introduced in this thesis, which captures the balance of energetic effort
and recovery within fixed time windows. To the best of the candidate’s knowledge,
no equivalent metric combining player-specific metabolic baselines with active and
recovery area ratios in this form has been reported in the existing literature. The
methodology consists of two main parts: first, feature engineering and metric con-
struction, which transform raw sensor data into workload indicators, and second,
a machine learning pipeline that predicts workload changes using these engineered
features.

This section first addresses data preprocessing and feature extraction from raw
sensor data, followed by the MWR metric computation and workload labeling method-
ology. The modeling pipeline is subsequently introduced, covering cross-validation,
class imbalance management, and model interpretation. The approach is summa-
rized in Figure 5.1.

For this study, features were extracted from 3 minutes of GNSS and IMU data
during games to describe player activity within that time window. These features

were then combined with cumulative features representing the player’s activity from
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the start of the game. Using this feature set, the prediction targets whether the
MWR in the next time window will exceed or fall below the player’s average MWR

from previous games.

5.2.1 Input Data

This study uses data collected during 11 Gaelic football games over the seasons
2019-2020-2021. During these games, players have worn two types of sensors: a 10
Hz GNSS sensor and a 100 Hz inertial measurement unit (IMU). The GNSS sensor
captures positional data by recording latitude, longitude, and speed at 10 samples
per second during play. Acceleration from GNSS data is computed as the rate of
change of speed between consecutive time points. The IMU comprises a triaxial
accelerometer and a triaxial gyroscope, each sampling at 100 Hz, providing 100

measurements per second along the x, y, and z axes.

5.2.2 Feature Engineering

Feature engineering is a critical step that transforms the raw, high-frequency GNSS
and IMU sensor data into summarized descriptors of player activity. This process
enables capturing complex workload patterns while reducing data dimensionality for
effective machine learning modeling.

Per-Second Feature Extraction. The input raw sensor data were aggregated
at 1-second frequency by computing the average for speed, acceleration, location
(latitude and longitude), acceleration x, y, and z, and gyroscope x, y, and z in that
second. This aggregation balances the need for temporal precision and computa-

tional manageability. Several key per-second features were computed, including:

e Metabolic Power: an estimate of instantaneous energetic demand calculated
from sensor-derived metrics (Section 5.1.1). This variable is not directly pro-
vided by the GNSS or IMU sensors; therefore, it is computed using the formula
described in Section 5.1.1. The metabolic power for each player in each second

is computed and added as a new column to the original dataframe.
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e Player Load and Gyroscope Load: measures of movement intensity variability
and rotational dynamics computed from accelerometer and gyroscope signals,

respectively [122, 123]. Player load is obtained by using the following formula:

PL = \/(%,t — Qg p-1)? + (ays — ays—1)? + (Qzp — azp-1)? (5.5)

PL is calculated as a variation of the vector magnitude, determined by taking
the square root of the sum of the squared differences in acceleration over time

across the three movement axes (x, y, and z) [122].

In the same way, we computed gyroscope load [123]. Gyroscope load can
be described as how fast the direction of the gyroscope’s rotation changes
between one moment and the next. It is measured by combining the rotation
speeds around all three axes into a single value that shows the overall rate of

directional change [123].

e Distance Metrics: spatial features quantifying player positioning relative to
teammates. Using the Haversine formula, three key spatial metrics were com-
puted for each player-second combination: minimum distance to teammates,
maximum distance to teammates, and average distance to teammates. These
metrics provide insights into tactical positioning and collective movement pat-

terns during gameplay.

e Cumulative Workload Features: progressive measures of accumulated high-
speed movement, metabolic power, and acceleration counts capturing evolving
player fatigue and exertion during games. Four progressive workload metrics,
describing the running activity of players since the beginning of the game,
were calculated: cumulative high speed distance (distance covered above 5.5
m/s speed threshold), acceleration count (number of accelerations exceeding

2 m/s?), cumulative metabolic power, and cumulative high metabolic load

147



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

distance (total distance covered above 20 W /kg threshold).

These per-second features and sensor-derived per-second variables were aggre-
gated into 3-minute intervals using a sliding window approach.

3-Minute Window Aggregation and Feature Extraction. In this step, the
shape of the dataset was modified by aggregating data into 3-minute time windows
and extracting features describing the player’s activity within each window. The
choice of a 3-minute sliding window for data aggregation is supported by findings
in elite soccer research, where moving averages of 1, 3, and 5 minutes have been
used effectively to capture peak running performance and workload fluctuations
[113, 124, 125], and in elite rugby union, where 3-minute epochs have been applied
to quantify worst-case movement demands [126]. A 3-minute window was selected
here as a balance between temporal granularity and data volume: it is short enough
to capture meaningful short-term transitions in metabolic workload, which is the
target of the predictive model, while providing sufficient data points per window for
stable feature extraction.

The input dataset is composed of the sequences of variables returned by GNSS
and IMU sensors, along with metabolic power, distance, and cumulative metrics
describing, for each player, 1 second of activity during games. By using sliding 3-
minute windows, we extract from these variables a set of features described in Table
5.1. The full set of features extracted at this stage and shown in Table 5.1, serves

as inputs for subsequent predictive modelling.

5.2.3 Labelling

This section introduces the Metabolic Work Ratio (MWR), a derived metric express-
ing the energetic demand of player activity over fixed time periods, and explains how
the workload labels for prediction are created.

Leave-1-Game-Out Cross-Validation. For each iteration of the analysis, one
full game was extracted as the test set, with the remaining games used as the training

set. Using the training data, player-specific MWR baselines were computed for label
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Table 5.1: Features extracted from GNSS and IMU variables.

Variable Features Extracted

Metabolic power Average, Max, Cumulative metabolic power (total accumulated
metabolic power from the start of the game up to the current window),
High metabolic load distance (distance covered when metabolic power >
20 W - kg~!'), Cumulative high metabolic load distance, Percent time in
zones (1: <10, 2: 10-20, 3: 20-35, 4: >35 W - kg™ '), Trend (it fits a
simple linear regression model to the sequence of values and returns the
slope coefficient), Intensity drop (calculates the mean of the first and last
quarters of the window, and returns the relative decrease as an index),
Work-rest ratio (counts the total duration spent at high-intensity (; 20
W - kg™') versus resting).

Speed Average, Max, Percent time standing/walking (<2 m/s), jog-
ging/running (2-5.5 m/s), high-speed running/sprinting (>5.5 m/s),
Trend, Intensity drop, Distance covered, Cumulative distance

Acceleration Average, Max, Number of accelerations (>2 m/s®), Number of decelera-
tions (<-2 m/s?), Trend, Intensity drop, Mean acceleration jerk
Player Load Average, Standard deviation, Count of peaks (>90th percentile)

Gyroscope Load — Average, Standard deviation, Count of peaks (>90th percentile)
Latitude & Lon- Avg. distance to others, Avg. min/max distance to others, Betweennees
gitude centrality score (nodes are the players and edges the distances)

generation. Machine learning predictions were then performed on the test game
using these labels. The process was repeated with a different test game, recalculating
MWR baselines from the revised training set before the model retraining and testing.
This iterative approach, called Leave-1-Game-Out Cross-Validation, ensures that
model evaluation is performed on held-out games not seen during training, a strategy
employed across sports analytics to assess model generalization [127], [128], [129].
It should be noted that strict temporal separation between training and test sets is
only guaranteed in the fold where the chronologically last game is held out as the
test set. In all other folds, some training games are temporally later than the test
game, meaning future information is implicitly available during training. This is
an inherent limitation of applying LOGO cross-validation to a small dataset of 11
games, where a fully chronological holdout scheme would leave insufficient training
data. The approach is retained as the most practical evaluation strategy available
given the dataset size, but results should be interpreted with this constraint in mind.
Furthermore, since all data derive from a single team, the model may capture team-

specific movement tendencies rather than generalisable workload patterns, which
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limits external validity.

From a practical standpoint, LOGO cross-validation is computationally man-
ageable for datasets of this size, as each fold trains on 10 games and tests on 1,
requiring only 11 model fits per experiment. However, a known disadvantage is that
with only 11 games, each training fold contains limited diversity in terms of match
context, opposition quality, and seasonal variation, which may reduce the model’s
ability to generalize to unseen conditions. An alternative approach would be a fully
chronological holdout, where only games occurring before the test game are used for
training, eliminating any temporal leakage. This was not adopted here as it would
leave the earliest games with very little training data, making model fitting unreli-
able. A further alternative is k-fold cross-validation stratified by game, though this
does not respect the temporal structure of the data. LOGO was therefore retained
as the most appropriate strategy given the constraints of the dataset.

Player-Specific Average Metabolic Power in the Training Set. The
MWR is computed separately for each player because the average metabolic power
in the training set (M P), which is used to derive MWR, varies between players.
For each player, the average metabolic power M P is calculated using all available
data from the games in the training set. Since metabolic power values are recorded
every second during these games, M P represents the average of all second-by-second

values across the entire training set, as shown in Equation 5.6:

1 Ntrain

MP =
Ntrain

MP; (5.6)

where M P; is the metabolic power at each second 2, and Ny, is the total
number of seconds the player was active in the games of the training set.

State Segmentation. For each player and each 3-minute window in a given
game, metabolic power values for each second (M P(t)) are classified as active or
recovery states depending on whether the observed value is above or below the

player’s average metabolic power from the training set, as shown in Equation 5.7:
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1 if Mp(t) > Mpplayer
Action State(t) = (5.7)

0 if MP(t) S Mpplayer

State changes are detected using cumulative shifts to identify transitions (e.g.,
active — recovery — active), which help segment continuous periods of activity or
recovery.

Segment Area Calculation. In this step, the deviation of metabolic power
from the player’s baseline is quantified during each continuous active or recovery
segment. This is done by calculating the area between the metabolic power curve
and the baseline within each segment. This area provides a measure of elevated or

reduced energy expenditure over time.

e Active Area (AA): sum of areas from all segments where MP(t) > MP(t),

formally defined in Equation 5.8:

IV / o (MP(t) — MPjuer) dt (5.8)

active segments tstart

The AA is the sum of the area under the curve formed by consecutive metabolic
power values higher than the player-specific average metabolic power in the
training set and the straight line of this average metabolic power. This area

quantifies elevated energy expenditure.

e Recovery Area (RA): sum of absolute areas from all segments where M P(t) <

MP(t), formally defined in Equation 5.9:

tend

RA = >

recovery segments tstart

(MP(t) = MPpjayer) dt| (5.9)
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The RA is the sum of the area under the metabolic power curve during periods
when the athlete’s metabolic power is below their average metabolic power.
This area represents periods at lower metabolic workloads, likely reflecting

recovery or periods at less metabolic intensity.

MWR Computation. The formula to compute MWR for the window is expressed

in Equation 5.10:

AA . Zactive fend (MP(t) - MPplayer) dt

— . t — tstart .
RALE € aveny [ 78 (MP(E) = MPyager) ] +

tstart

MWR t, (5.10)

where ¢ is the size in minutes of the time window, € a very small positive number
to avoid division by 0 when no recovery occurs (|RA| = 0), AA and RA are the
active and the recovery areas formally defined in Equation 5.8 and 5.9, respectively.
The factor t, which is the length of the time window in seconds, adjusts the ratio
so that the MWR reflects the total metabolic effort relative to the duration of the
window. This scaling makes it possible to compare MWR values calculated from
windows of different lengths.

In summary, MWR quantifies the ratio of cumulative metabolic demand above
the player’s baseline to cumulative demand below baseline within a fixed time win-
dow, scaled by the window duration.

Figure 5.2 shows the metabolic power profile of a randomly selected player
over a short 30-second interval. The blue line traces the metabolic power M P(t)
recorded each second ¢, while the red dashed line represents the player-specific av-
erage metabolic power M P computed from their training data, serving as an indi-
vidualized baseline. The green striped areas indicate periods when metabolic power
exceeds the baseline (Active Area), reflecting bursts of elevated metabolic power
output. The grey striped areas correspond to times when metabolic power is at or
below the baseline (Recovery Area), representing phases of reduced energy demand

or recovery. This plot shows how the metabolic power values are divided into ac-
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Metabolic Work Ratio (MWR) Calculation: Identifying Active and Recovery Periods
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Figure 5.2: Active and Recovery Areas obtained from metabolic power trend and
average metabolic power.

tive and recovery periods during a short time frame. Although the Metabolic Work
Ratio (MWR) was calculated over 3-minute periods, displaying the entire 3 minutes
would render the plot difficult to interpret. Therefore, only a 30-second segment is
shown to clearly illustrate the separation and measurement of active and recovery

areas

After computing MWR, MW R pange is then calculated. MW R ponge quantifies
the relative variation in a player’s workload intensity between consecutive 3-minute
windows. The metric is normalized to the player’s historical average metabolic
work ratio in the training set (M WRplayer), enabling individualized comparisons of

workload dynamics. The formula is expressed as:

MWRt-l—l - MWRplayer
MWRplaye’r ’

MW Rchange = (5.11)

where MW R;, is the metabolic work ratio calculated for the next 3-minute
window, and MW Ryjaye. the player-specific average MW R computed across all
training data. Our goal is to use features extracted from 3 minutes of data combined

with cumulative features from the beginning of the game to predict the MW R pange
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in the next 3-minute window.

MW Rchange can be interpreted in the following way:

o Positive MW Repange: the athlete’s MWR in the next 3-minute window is
higher than their average MWR. This suggests an increase in the metabolic
expenditure relative to their typical level. The higher the value, the larger the

mcrease.

o Negative MW Repange: the athlete’s MWR in the next 3-minute window is
lower than their average MWR, indicating a decrease in the metabolic expen-
diture relative to their typical level. The more negative the value, the larger

the decrease.

o MW Rcpange near to zero: the athlete’s MWR in the next 3-minute window
is close to their average MWR, suggesting a stable or consistent metabolic

expenditure.

3rd Quantile Labeling. After computing MW R pqnge values for each 3-minute
window in the training data, we calculate the player-specific threshold as the third
quartile (75th percentile) of the training distribution of MW Repange values. For-
mally, for player p with training set T},:

@f:QgcﬂﬂVR@ :teTH),

change

where ()3 denotes the third quartile function and ¢ a time window taken from
the training set.

We then assign binary labels y,(,t) for each time window ¢ in both training and
test sets as:

1, if MWRY >4

change
y =
0, otherwise
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This procedure transforms the continuous MW Rpange Values into a binary clas-
sification problem by identifying high workload transitions (label 1), which corre-
spond to the top 25% of metabolic workload fluctuations for each player. These
metabolic workload thresholds are player-specific and recalculated for each training
fold, enabling adaptive and individualized labeling that reflects unique workload
profiles.

This approach focuses the model on detecting the most critical workload changes
likely related to increased physiological stress, rather than predicting all small vari-
ations.

Instead of relying on arbitrary or expert-defined thresholds (which may not gen-
eralize across players or sports), data mining techniques identify natural divisions
in the data based on underlying patterns and variations. Automatically detected
thresholds techniques adapt to unique workload profiles of players, ensuring that
labels reflect individualised or team-based performance metrics rather than generic
cut-offs [99]. Data mining approaches have been applied in sports science research
[99], [130], [62], [37], with k-means clustering specifically used in several studies
[130], [99],]62].

5.2.4 Model Pipeline

The model pipeline defines the process for training, validating, and interpreting ma-
chine learning models aimed at predicting player workload transitions. To ensure
robust and realistic evaluation, a cross-validation strategy tailored to the sequen-
tial and game-structured nature of sports data is employed. The pipeline includes
techniques to handle class imbalance in the target labels, comparison of multiple
classification algorithms, and post-hoc interpretability analyses to explain model
predictions.

The prediction task is designed as a binary classification problem. For each player
and each 3-minute time window, the objective is to classify whether the metabolic

workload change (MW Rehange) in the subsequent window exceeds a player-specific
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threshold, defined as the 3rd quartile of their historical MW Rcpange Values, indicating
a high workload transition (label 1), or remains below this threshold (label 0). This
approach prioritizes detecting increases in energetic demand over predicting exact
continuous values.

Leave-One-Game-Out Cross-Validation. To evaluate the predictive perfor-
mance and the robustness of classifiers trained on event-level graph and action fea-
tures, a Leave-One-Game-Out (LOGO) cross-validation scheme is adopted. LOGO
cross-validation mimics a real-world scenario where data from past games are used
to predict outcomes in the current game.

In this strategy, one game is used in turn as a testing set, while all remaining
games form the training set. This approach ensures independence between training
and testing data by preventing information leakage across game boundaries, which
is critical in spatio-temporal sports datasets where observations within a game are
temporally and contextually dependent.

Formally, given a dataset split into GG distinct games:

{gla g27 s 7gG}7

for each fold g € {1,...,G}, the training set is

G
Dt(f;in = U gj’

j=1

J#9

and the test set is

Dggs)t = gg-

This ensures that the model evaluation simulates the realistic task of predicting
MW Rcpange on entirely unseen games.

Within each fold, all preprocessing steps are conducted only on the training data
to avoid data leakage. The trained model is then evaluated on the remaining test

game, and performance metrics are recorded.
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The calculation of MW R pange and the division into classes are repeated each
time. Indeed, both the player-specific average MW R in the training set (M WRplayer),
and the 3rd quantile of the distribution of MW R pange, change at each iteration as
we change the composition of the training set.

Handling Class Imbalance. The target variable MW Rpange (class 1) exhibits
significant class imbalance, with fewer positive samples (MW Rpange above the 3rd
quantile) compared to negative ones. This imbalance represents a challenge for su-
pervised learning algorithms, which may become biased toward predicting majority
class outcomes, with the effect of underperforming on the minority class.

To address this problem, the Synthetic Minority Oversampling Technique (SMOTE)
is used to balance the class distribution during training [131]. SMOTE works by
generating artificial examples of the minority class through linear interpolation be-
tween existing samples in the feature space. Given a minority class sample P and
one of its k nearest minority class neighbors Q, a synthetic sample Z is generated

as:

Z=P+u-(Q—-P), u~U(0,1)

where U(0, 1) denotes the continuous uniform distribution [131]. This formula-
tion places Z somewhere along the line segment between P and Q.

SMOTE was applied only to the training folds during cross-validation to avoid
any data leakage into the test data. During each Leave-One-Game-Out (LOGO)
split, synthetic samples were generated within the training set after feature selection
but before model fitting.

It should be acknowledged that standard SMOTE carries known limitations when
applied to time-dependent data, as linear interpolation between samples from dif-
ferent time points may generate synthetic instances that do not respect the tem-
poral ordering of the original sequence [132]. Alternatives such as SMOTE-ENN,
which combines oversampling with edited nearest neighbour cleaning to clarify class

boundaries [133], or SMOTE-TS, which is specifically designed to preserve temporal

157



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

dependencies during oversampling, would address this issue more directly. Anomaly
detection approaches could also be considered, given that high MWR transitions
represent extreme values by definition [134]. Standard SMOTE was used here be-
cause the features used for the classifier are window-level aggregates rather than raw
time series: each sample represents a summarised 3-minute window, and the tempo-
ral ordering of windows is not directly encoded in the feature vectors, which reduces
but does not remove the concern about temporal interpolation. Future work should
evaluate whether SMOTE-TS or anomaly detection methods improve classification
performance in this setting. Regarding causality, player substitutions and red cards
represent a known issue: when a player leaves the game, the absence of their data
may cause abrupt transitions in the MWR distribution that do not reflect genuine
workload changes. This was partially addressed by the contextual filtering described
in Section 3.2.1, though some cases may remain.

Machine Learning Models and Feature Set. Our analysis is structured
around two main experiments, conducted sequentially to answer distinct research

questions.

1. Experiment 1: Feature Set Fvaluation. The first experiment employs the Gra-
dient Boosting Machine (GBM) to assess the capability of different feature
sets in predicting whether the Metabolic Work Ratio change exceeds a player-

specific threshold. We compare three feature sets:

e Standard: uses the full set of features described in Table 5.1, extracted
from the current 3-minute window, plus cumulative features tracking ac-
cumulated workload since the start of the match. These features were
chosen to capture the player’s immediate physical state (current speed,
metabolic power, acceleration patterns, player load, and spatial position-

ing) alongside their overall fatigue trajectory through cumulative metrics.

e Lag I: augments the ”Standard” feature set with the same features from

the immediately preceding 3-minute window. The rationale is that a
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player’s workload in the next window may depend not only on their cur-
rent state but also on what they were doing in the previous window, for

example whether they are recovering from a recent high-intensity phase.

e Lag 2: augments the "Standard” feature set with features from the two
preceding windows, extending the temporal context to 9 minutes of prior
activity. This tests whether a longer recent history improves prediction,

for example by capturing fatigue accumulation over a sustained period of

play.

The objective is to compare predictive results across varying time windows
to determine the optimal temporal horizon for achieving high accuracy. This
analysis aims to understand how a player’s recent history affects changes in

their metabolic power over time.

2. Experiment 2: Model Comparison. Following identification of the best-performing
feature set from Experiment 1, this set is used to evaluate the predictive per-
formance of multiple machine learning models (Logistic Regression, Random
Forest, Gradient Boosting, and XGBoost) for binary classification of metabolic
workload transitions. This experiment evaluates which model architecture best

captures metabolic workload dynamics on the selected feature representation.

In summary, both experiments address the same binary classification task of
predicting metabolic workload transitions. However, in Experiment 1, the machine
learning model (Gradient Boosting Machine) is fixed, and the focus is on identify-
ing the best feature set by comparing different temporal contexts. In Experiment
2, the best-performing feature set from Experiment 1 is fixed, and the predictive
performance of various machine learning models is evaluated to determine the best-
performing model.

Post-Hoc Explainability via SHAP Analysis. SHAP (SHapley Additive
exPlanations), a method for quantifying the contribution of each input feature to

the model prediction, was employed to interpret the predictive models [135]. SHAP
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is based on cooperative game theory, assigning each feature a Shapley value based
on its marginal contribution to the model prediction.

Given a trained model f and an input instance x = (z1,9,...,2y) with M
features, SHAP constructs an explanation model g expressed as an additive feature

attribution [135]:

M
9(7) = 60+ > 6%,
j=1
where:

e 7/ € {0,1}M is a simplified binary vector indicating the presence (1) or absence

(0) of each feature in the coalition,

o oo = Ef f (x)] is the expected value of the model output over the background

dataset,

e ¢; is the SHAP value for feature j, representing its contribution to the devia-

tion of the prediction f(x) from the expected output.

The SHAP value ¢; for feature j is defined as the weighted average of feature j’s

marginal contributions over all possible subsets S of features not including j [135]:

|S|IN(M —|S|— D), .
¢ = Z i fsugn (xsugiy) — fs(xs)],
SCF\{j}
where:
o FF={1,2,..., M} is the set of all features.

S is a subset of features excluding j.

|S| is the number of elements of the subset S.

The factorial terms |S|! and (M — |S| —1)! together with the denominator M!

constitute a weighting factor:

S| (M — |S] — 1)!
M!
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This weighting corresponds to the proportion of all possible permutations of

the feature set where the subset S appears before feature j.
° fS(xS) is the model output when only features in .S are present.

° f SU{j} (x Su{j}) is the model prediction when the feature j is added to the subset
S.

e The difference

~

Fsugy(xsugy) — fs(xs)

represents the marginal contribution of feature j to the prediction when added

to the coalition S.

In our experiments, SHAP analysis was applied post-hoc to the best-performing
classifiers. For each game, SHAP values for each feature were computed using the
Python library SHAP [136]. Then, these values were averaged to obtain an im-
portance score for each feature, along with the direction of its influence. This
approach provides clear explanations of how different features and activity met-
rics affect metabolic power trends through the MWR framework and player-specific
adaptive thresholds.

The SHAP values are averaged across all 11 games rather than computed for a
single game. Since MWR is a physical metric grounded in consistent physiological
principles, the relative importance of features is expected to remain broadly stable
across games: the same physical signals that drive workload transitions in one match
should drive them in another. Averaging across games reduces game-specific noise
and provides a more stable and generalizable picture of feature importance than

relying on a single game, which could reflect specific match conditions.

5.3 Validation and Discussion

Figure 5.3 shows, for each player except the goalkeeper, information regarding player

participation in the sampled games. Players who played less than three games
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were excluded to ensure reliability and consistency when interpreting results. These
players represent a small sample size, often with highly variable or very low playing
times, which can introduce noise. In addition, for the test set, instances related to
players who played less than five minutes were removed. Such brief appearances

may not provide sufficient data to model player performance effectively.

Beyond participation-related noise, several additional sources of variability should
be acknowledged. First, GPS and IMU sensor accuracy introduces measurement
uncertainty, particularly at high velocities and during non-linear movements, which
may affect the precision of metabolic power estimates derived from positional data
[46], [96]. Second, contextual factors inherent to match play (opposition quality,
scoreline, tactical formation, pitch dimensions, and weather conditions) are not cap-
tured in the sensor data and may substantially influence the physical demands placed
on individual players within any given 3-minute window. Third, positional role
changes, mid-game tactical substitutions, and periods of reduced involvement due
to game state may create within-game variability that the model cannot distinguish
from genuine workload transitions. These limitations mean that prediction errors
in some games and for some players may reflect contextual variability rather than

model inadequacy and should be considered when interpreting the results.

For each experiment, one game is iteratively selected as testing set while all the
remaining as training set, ensuring the LOGO cross-validation scheme defined in
Section 5.2.4. Following the methodology described in Section 5.2, the MW Rcpange
is computed for each player, and a binary label is assigned based on the player-
specific threshold derived from the training distribution. The machine learning
model is then trained on the training set and evaluated on the test game. This
process is repeated for every game in the dataset to ensure robust and generalizable

evaluation of model performance across different match conditions.
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Figure 5.3: This figure compares each player’s total games, games with over 30
minutes played, average minutes per game, and average minutes when participating,
highlighting variations in participation and playing time across the team.

5.3.1 Experiment 1: Feature Set Evaluation

The first experiment uses Gradient Boosting Machine to evaluate the predictive per-
formance of the model trained on different feature sets, comparing the ”Standard”
feature set with lagged feature sets ("Lag 1”7 and "Lag 2”) that incorporate data
from previous time windows. This comparison aims to determine whether includ-
ing temporal context from prior windows improves the classification of metabolic
workload transitions. The binary classification task remains consistent across sets,
with models predicting whether the metabolic work ratio change exceeds the player-

specific threshold described earlier.

Table 5.2 summarizes the average accuracy and F1 scores achieved by GBM when
trained on different feature sets. The F1 score is first calculated for each test game
in the LOGO cross-validation, and then the average and standard deviation across

all games are reported to summarize overall performance. The ”Standard” feature
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Table 5.2: Comparison of predictive performance across different feature sets.

Features Set Avg F1 Score Avg Accuracy

Standard 0.69 4+ 0.05 0.71 &£ 0.04
Lag 1 0.68 £ 0.06 0.70 £ 0.06
Lag 2 0.68 & 0.07 0.71 £ 0.05

set includes metrics extracted from the current time window and cumulative values
since the start of the game, while "Lag 17 and ”Lag 2”7 feature sets augment the
”Standard” features with data from one and two previous time windows, respectively
(Section 6.2.4). The results indicate that adding information from previous time
windows does not increase the performance of the machine learning model: the F1
score for the "Standard” feature sets across the 11 games is the highest and the most
stable (0.69 £ 0.05). The average accuracy does not vary significantly for the diverse
feature set (0.71, 0.70, and 0.71), with ”Standard” features obtaining more stable
results (standard deviation equal to 0.04, 0.06 and 0.05, respectively). The analysis
demonstrates that prediction of metabolic power trends for the next 3 minutes is
most effectively achieved using the player’s activity data from the current 3-minute
period, without increasing the temporal window. Some temporal information is
still included in the cumulative features collected on some specific variables (Section
5.2.2), which return a history of the evolution of these features since the beginning

of the game.

5.3.2 Experiment 2: Model Comparison

A comparison of the results of machine learning models using the ” Standard” feature
set individually for each tested game is shown in Figure 5.4. The classification results
across 11 test games highlight the effectiveness of tree-based ensemble methods
for metabolic workload pattern recognition. Gradient Boosting (GB) achieves the
highest F1 scores in 6 of 11 games, while Random Forest (RF) in 4 games. The
superior performance of GB and RF highlights the importance of hierarchical feature
interactions and non-linear decision boundaries in predicting metabolic workload

transitions. However, model efficacy varies substantially across teams: for example,
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GB’s F1 drops to 0.58 in Game 997 but peaks at 0.80 in Game 947, implying game-
specific factors influence predictability. XGBoost shows intermediate performance.
Overall, GB emerges as the most robust model, balancing predictive power (average

F1: 0.67 &+ 0.06) and consistency across datasets.
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Figure 5.4: This figure presents a comparative analysis of Logistic Regression (LR),
Random Forest (RF), Gradient Boosting (GB), and XGBoost (XGB), across mul-

tiple test games, showing their F1 scores and accuracy to evaluate their predictive
performance.

=

Figure 5.5 illustrates the conditional distribution of subsequent MWR classes
based on the MWR class in the current window, offering insight into the temporal
stability and transition dynamics of workload states. When the current MWR class
is 0, a majority (77.5%) of subsequent windows remain in class 0, while 22.5%
transition to class 1. In the same way, when the current class is 1, 69.2% of the
next windows diverge to class 0, with 30.8% persisting to class 1. This pattern
indicates moderate persistence within each workload class, with a higher likelihood
of remaining in a lower workload state (class 0) compared to a higher workload state
(class 1). The increased probability of transitioning from class 0 to class 1 (30.8%)
suggests that high workload periods are often followed by a stability in intensity,
potentially reflecting intensive game moments. These results are highly dependent

on the chosen size of the time window, 3 minutes in this study.
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Figure 5.5: Count of classes in the next time window based on the current class.

The boxplot in Figure 5.6 shows the distribution of F1 scores, obtained using the
GMB model, across players, with colors indicating the number of games played. In
general, the model tends to obtain better results for players with a higher presence
in games (yellow and green colors), with some exceptions. For example, Players 220
and 194, despite their elevated presence, exhibited considerable variability in F1
scores. On the contrary, Players 174, 146, and 201 combined high involvement with
stable and elevated F1 performance. Some players with lower levels of participation,
such as Players 323 and 308, demonstrated consistently high F1 scores. The model
reaches lower results with players with less presence (example: Players 163, 122,
218, 155, and 286).

In summary, the model’s performance is more robust for those players with more
participation, reflecting their higher presence both in the test and in the training
set. This may indicate that the model learns patterns of player behavior when it is
exposed to a sufficient number of relevant personal examples. This is confirmed by

the low average F1 score those players who played a lower number of games.

Figure 5.7 illustrates the distribution of the GBM model’s weighted F1 scores

across consecutive time windows in the first and second halves. In the first half,
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Figure 5.6: Boxplots showing the distribution of F1 scores per player across games,
with colors indicating the number of games played and individual points representing
single-game performances.

the F1 score starts at a moderate level and exhibits a generally upward trend, with
some oscillations and local peaks, such as for the 540-720 and 1440-1620 windows.
The model’s performance stays relatively stable and finishes the half with one of its
highest values. The second half displays greater variability and more peaks, with F'1
score reaching the highest and lowest values. After a drop in the middle of the half,
the model’s performance follows a growing trend towards the end of the half, with
a drop in the last window. The model demonstrates robust predictive performance
throughout the match, with a tendency for higher accuracy in the later stages of
both halves. Interestingly, both halves follow the same pattern in the central part,
with F1 scores reaching the same score in two consecutive windows (540-720) and

(720-900).

5.3.3 Insights on Features

The SHAP summary plot in Figure 5.8 illustrates the mean feature contributions to
the prediction of Class 1 (high MW Rpange) across all games obtained using GB in

combination with ”Standard” feature set. Cumulative metabolic power (Cumula-
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Figure 5.7: F1 score of the predictive model across sequential time windows for the
first and second half of the matches.

tive_mp), cumulative distance (cumulative_distance), and cumulative high-metabolic
load distance (cumulative_hmld) are the most influential positive predictors, suggest-
ing that higher values of these features increase the probability of a high MW R pange
event in the next window. This may indicate that the level of activity increases in
later stages of the game. Percentage time in metabolic power zone 4 (Percent_time_-
zone4_mp) has the strongest negative influence, indicating that higher time spent
in the most intense metabolic power zones is associated with a reduced likelihood
of experiencing a transition to a high metabolic workload change (Class 1) event
in the next window. Same situation for max speed (max_speed), suggesting how
higher efforts in the current window are followed by recovery phases in the following
window. Other features such as high-speed running or sprinting time in the win-
dow (hsr or sprinting), number of accelerations (num_accelerations), and standard
deviation of player load values in the window (std_player_load), also show mean-
ingful negative contributions, whereas metrics like average distance to teammates
(avg_avg_dist), average minimum distance to teammates (avg-min_dist) and aver-
age maximum distance to teammates (avg_max_dist) positively influence the model’s

prediction of class 1. The mix of positive and negative SHAP values among top fea-
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tures highlights the interplay between acute high-intensity exposure (which appears
indicative of normal activity states) and cumulative workload (which elevates risk
for significant workload changes). This pattern underscores how metrics on the cur-
rent window and historical metrics contribute significantly in predicting transitions

in athlete load profiles.

At the lower end of the influence spectrum, the five features with the smallest
mean SHAP values were mean player load (mean_player_load), maximum metabolic
power (max_metabolic_power), gyroscope load peak count (gyro_load_peaks_count),
high metabolic load distance (hml_distance), and mean gyroscope load (mean_gyro_-
load). Four of these five features exert a negative influence on Class 1 predictions,
while high metabolic load distance shows a weak positive contribution. The minimal
influence of gyroscope-derived features suggests that rotational movement patterns
at the 3-minute aggregation level do not meaningfully discriminate between workload
transition states in this dataset, possibly because their effects are averaged out over
the window duration. The low contribution of maximum metabolic power, despite
its theoretical relevance to workload intensity, may reflect redundancy with the
cumulative metabolic power feature which captures a similar physiological signal

over a longer time horizon and emerged as the strongest positive predictor.

It should also be noted that SHAP values would be expected to vary during a
game: in early windows, current-window intensity features are likely more informa-
tive, while cumulative features become increasingly dominant as fatigue accumulates
in the following stages of the match. Computing SHAP values separately for early,
mid, and late match windows to examine this within-game evolution is identified as

a direction for future work.

By leveraging a rich feature set and machine learning models, our approach
achieved high accuracy in forecasting transitions between high-intensity and recov-
ery phases, as demonstrated in Figure 5.4, 5.6, 5.7. This demonstrates the potential
for coaches to monitor player workload and make data-driven decisions based on in-

terpretable indicators that reflect the demands of match play, provided the required
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Figure 5.8: Direction of influence of the features to predict class 1 obtained by
averaging shapley values across the tested games.

raw sensor data streaming infrastructure is available.

5.4 Summary

This work presents a new methodology to forecast the intensity of activity in elite
Gaelic football players using advanced sensor data and machine learning techniques.
A novel metric, the Metabolic Work Ratio (MWR), is introduced, which quantifies
the balance between high-intensity work and recovery within a short time window
based on metabolic power calculation. Data collected from 11 official matches using
GNSS and IMU sensors were processed to extract features describing players’ activ-
ity levels. These features were then reduced to train machine learning models for
predicting the MWR in the subsequent 3-minute window. Our results indicate that
the proposed method predicts with good accuracy whether a player’s metabolic
workload will significantly increase within the next 3-minute window, effectively

capturing changes in the intensity of their physical activity.

While this study introduces a valuable framework for predicting transitions in

170



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

metabolic power states in elite Gaelic football, it is important to note that the re-
sults are influenced by the choice of time window used for feature extraction and
prediction, which may affect the detection of brief changes in intensity. In addition,
although the MWR offers a novel perspective, its physiological relevance requires
further validation. Implementing this method during live matches would require
continuous streaming of raw sensor data, which is not currently available through
standard commercial monitoring platforms such as STATSports, where live dash-
boards display only aggregate summary statistics. This work therefore operates as
a proof-of-concept, demonstrating that accurate prediction of metabolic workload
transitions is achievable when raw data is accessible offline. Real-time deployment
remains a direction for future work, contingent on advances in live raw data stream-

ing infrastructure.
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Chapter 6

Detecting Shot Events in (Game
Phases

The work presented in this chapter has been published in:

e Sheridan Dermot, Valerio Antonini, Michael Scriney, and Mark
Roantree. “Automated Detection of Shot Events in Game Phases
Using GNSS Data from a Single Team.” In International Work-
shop on Machine Learning and Data Mining for Sports Analytics,
pp. 95-105. Cham: Springer Nature Switzerland, 2024. [52]

The first and second authors contributed equally to all aspects of this
work, including: conception and design of the feature engineering method-
ology, implementation of the pairwise adjacency matriz approach, devel-
opment and evaluation of the machine learning pipeline, analysis and

interpretation of results, and drafting of the manuscript.

6.1 Introduction

Chapter 5 presented a machine learning framework for forecasting periods of high
energy demand in elite Gaelic football players using wearable sensor data. The study

predicted metabolic workload transitions over 3-minute windows, achieving robust
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performance with Gradient Boosting model (average F1 score: 0.69 £+ 0.05) using
metrics extracted from GNSS and IMU sensor data.

In contrast to the previous chapters, this chapter addresses a distinct but related
challenge in sports performance analysis: the creation and availability of contextual
game data. While Chapters 3, 4, and 5 demonstrated various analytical approaches
using sensor data, they assumed that contextual data would be available when
understanding the context is needed. However, this assumption does not reflect
the practical reality faced by many clubs and teams.

In professional or elite-level sports, contextual game data (referred to as log data
in this research) is generated through manual video analysis. Sport analysts re-
watch recorded matches and use specialized software to code specific events such as
ball possession changes, attacking phases, defensive transitions, kickouts, and shot
attempts with precise timestamps [137]. This manual annotation process provides
information that can enrich the analysis of physical performance patterns obtained
with sensor data. However, collecting log data in this way presents several limita-

tions:

e Time-intensive: A single match requires hours of manual coding by trained

sport analysts [137].

e FErpensive: The cost of employing specialized analysts and software represents

a significant resource commitment.

e Prone to errors: The coding process can be inconsistent and prone to errors

even with standardized protocols [137].

e Not scalable: The manual approach cannot scale to analyze multiple matches

simultaneously or provide real-time insights during live matches.

e Retrospective gap: Many clubs accumulated years of sensor data from wearable

devices, but not the corresponding log data.

This creates a practical problem: while wearable sensor technology has become

increasingly accessible and affordable, the ability to extract contextual insights from
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this data remains limited to organizations that can afford dedicated video analysis
resources. In addition, log data can sometimes report errors or inconsistencies. As a
result, a large amount of collected sensor data remains underutilized, analyzed only
for physical purposes without tactical interpretation [46], [108], [21].

Chapter 5 found movement patterns in how teams use different parts of the
playing area, but without game logs, these patterns could not be linked to specific
phases of play. In Chapter 5, predictive models could forecast changes in physical
intensity, but without context, they could not explain which game situations caused
those changes. If contextual information could be automatically extracted from
sensor data, it would be possible to explain movement patterns found in Chapter 4 or
changes in metabolic power observed in Chapter 5 without needing time-consuming
manual video coding.

Chapter 7 addresses this challenge by investigating to what degree key game
phases can be automatically identified using only sensor data, without requiring
manually annotated log data. Specifically, machine learning models are investigated
to determine if they can identify game phases (possession sequences from ball ac-
quisition to loss of possession or shot attempt) directly from one team’s movement

patterns captured by wearable sensors.

6.1.1 Log Data: Collection and Structure

Log data are generated from video analysis, and teams use these data in combination
with sensor data to enhance their performance by analysing both their and the
opponents’ gameplay systematically [138]. Log data are event-based: they are only
recorded when a specific situation of play occurs in the game. Game footage from
internal team video recordings and external media broadcasters was imported and
coded using tagging software. All games were coded using Nacsport Scout Plus
software (Scout Plus V 6.5.0, New Assistant for Coach Sport, S.L).

A trained sport analyst, employed by the team, re-watched each game and an-

notated specific playing events. Each recorded entry in the log data contains three
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temporal components and a text description (plus some additional information not

used in this analysis):

e Start: The timestamp marking the beginning of the playing event.

e (lick: The timestamp marking the precise moment when the event actually
happens. It represents the instant the analyst clicks to mark the key moment.
For example, the exact moment a tackle is made, a shot is taken, or possession

changes. In some cases, start and click can be the same timestamp.

e Fnd: The timestamp marking the conclusion of the event. For example, when
the ball goes out of play after a shot, or when possession is fully established

by the opposing team.

e Category: A categorical label provided by the sports analyst describing the
type of event, for example: "TA Shot’, "TB Kickout’, "Turnover TA’, "Throw
in’.

The log data contains various categorical labels that describe playing events
during games, such as 'Throw in’, ’Attack Team A’, ’Attack Team B’, "TB Shot’,
"TA Shot’, "TA Kickout’, 'TB Kickout’, "TA Possession from KO’, "TB Possession
from KO’, "Turnover TA’, "Turnover TB’, and others. Here, "TA’ is the shortcut
for Team A, while "TB’ for Team B. Throughout this chapter, Team A represents
the team from which the sensor data were collected, while Team B represents the
opposing team. Since the sensor data were collected on the same team, Team A
remains consistent across all games.

An example of log data for a game is shown in Figure 6.1.

6.1.2 Selecting Shots Phases as Classification Target

In this research, game phases are defined as time intervals of ball possession that
start when a team gains control of the ball and end when the same team loses pos-

session or attempts a shot. The variety of categorical labels in log data necessitates
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Category Start Click End

TB Pos from Throw in-up 00:05 00:10 00:15
Throw in 00:05 00:10 00:15
Team A Pos frm TO 00:00 00:15 01:15
Turnover TB 00:15 00:15 00:44
Attack Team A 00:39 00:44 01:05
TA Shot(P) 00:50 00:50 01:05
TB Kickout 01:13 01:13 01:22
TA Pos frm KO 01:12 01:22 01:38
Attack Team A 01:18 01:23 01:38
TA Shot(P) 01:27 01:27 01:38
TB Kickout 01:49 01:49 01:57
TA Pos frm KO 01:47 01:57 02:14
TB Foul 01:55 02:00 02:05
Attack Team A 01:57 02:02 02:14
TA Shot(P) 02:07 02:07 02:14
Team B Pos frm TO 01:59 02:14 02:59

Figure 6.1: Example of log data for a game, showing sequential entries with start,
click, and end timestamps, along with the relative categories provided by the sports
analyst.

determination of which game phases should be prioritized for automatic classifi-

cation. Figure 6.2 presents the frequency distribution of all categories across our

dataset.
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Figure 6.2: Distribution of category frequencies across all games.

Due to the different frequencies of each playing category shown in Figure 6.2,
and the nature of the game, classifying all categories is challenging. Therefore,
this chapter focuses exclusively on classifying, in two separate experiments, shot
phases done by the two teams, represented by the categories "TA Shot(P)" and 'TB
Shot(P)’. Here, (P) denotes shots made during play (P) as opposed to shots made

as free-kicks after a foul (F). This focus is motivated by:
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o Tactical significance. Shots represent key moments that directly determine
scoring opportunities [138] [38]. Thus, identifying when shooting phases oc-
cur provides coaches with critical contextual information about attacking and

defensive situations.

e Distinctive movement patterns. Among all the situations of play, phases end-
ing in shots are hypothesized to produce the most distinct sensor movement
patterns in terms of speed, accelerations, and trajectories, consistent with find-
ings in IMU-based event detection research in field sports [139], making them

a practical starting point for automatic classification.

By demonstrating the feasibility of automatically detecting phases ending in

shots using sensor data, this work could be extended to address remaining categories.

6.1.3 Experimental Design

Two different classification experiments using the same methodology are performed

in this chapter:

e Team A shot phases (Experiment 1): Game phases that end with a
shot attempt by the team whose sensor data is being analyzed (Team A).
These phases represent offensive sequences where the tracked team maintains
possession and takes a shot. In our labelling scheme, phases ending with a
"TA Shot’ event are assigned label 1, while all other phases are assigned label
0. The objective is to classify, using only Team A sensor data, when a game

phase will end in a shot made by Team A.

e Team B shot phases (Experiment 2): Game phases that end with a shot
made by the opposing team (Team B). When Team B gains possession, the
game phase begins, and if it concludes with a "TB Shot’ event, it is labelled
with 1. All the remaining game phases are labelled with 0. The objective is
to classify, using only Team A sensor data, whether the opponent team (Team

B) took a shot.
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The primary objective of this chapter is to explore the feasibility of automatically
classifying shooting phases based on sensor data from only one team, without relying
on manually coded log data or data from the opposing team. While existing log data
are used to label game phases, the goal is to develop models that can operate only
with sensor data from one team.

Existing approaches to automatic game phase and event detection in team sports
rely on optical tracking systems providing full positional data for both teams and the
ball, using ball-centric features such as ball velocity, acceleration, and proximity to
players to classify events [90], [91], [92], [93]. These methods achieve high detection
accuracy but require expensive infrastructure unavailable to most clubs. Where
wearable sensor data has been used for event detection, studies have focused on
individual player actions using ball-contact IMU signals rather than collective team
movement patterns [139]. Relational representations of player interactions have
been explored in graph-based tactical analysis [68], [70], but have not been applied
to game phase classification from wearable GPS and IMU data. Critically, no prior
work has addressed automatic game phase detection using only single-team wearable
sensor data without ball position or opponent tracking data. This chapter addresses
this gap through a novel feature engineering methodology that constructs adjacency
matrices from pairwise differences in spatial and inertial metrics (distance, speed,
3D acceleration, and 3D gyroscope) between every pair of players during each game
phase. These matrices encode the collective inter-player coordination patterns of
a single team and serve as input features for supervised machine learning models,
representing a methodological departure from both ball-centric event detection and

individual player activity recognition approaches.

6.2 Methodology

This section describes the methodology to automatically classify phases ending in
shots using sensor data from a single team. The methodology is composed of the fol-

lowing sequential steps: extraction of game phases from log data, feature extraction
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from sensor data, feature selection, and model building.

Figure 6.3 provides a visual overview of the full methodology pipeline described

in this section.

1. Raw Sensor Data
GNSS (10H: 2. Per-second aggregation
MU ﬁélo H;)) R 3. For each t, g and to,
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Figure 6.3: Overview of the methodology for shot event detection. Raw GNSS and
IMU sensor data and log data are processed through pairwise feature engineering to
construct adjacency matrices, which are flattened into feature vectors and fed into
machine learning classifiers following RFECV-based feature selection.

6.2.1 Game Phases Extraction from Log Data

The first step involves identifying game phases from the log data and extracting the
timestamps that mark their start and end. In Section 6.1.2, game phases are defined
as time intervals of ball possession that start when a team gains control of the ball
and end when the same team loses possession or attempts a shot.

A team gains possession after one of the following events:

The start of a half, after a throw-in.

A turnover, including situations where the team in possession commits a foul,

resulting in possession transferring to the opposing team.

A kickout.

A foul committed by the opposing team.

A line ball awarded to the team.
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It should be noted that the possession events captured in the log data are de-
pendent on the categorical labels defined by the analyst using the Nacsport coding
system. Events such as line balls and fouls committed by the team in possession are
recorded as turnovers within this coding scheme, meaning they are captured under
the turnover category rather than as separate event types. Any possession-changing
event not captured by these categories would represent a limitation of the log data

and may result in some game phases being incorrectly bounded.

When one of the above events is detected in the log, we extract the click times-
tamp to mark the start of the game phase. A phase ends when the same team shoots
or loses possession, and the corresponding click timestamp is extracted to mark the
end of the phase. In the first classification experiment game phases starting when
Team A wins the ball from the opponents and ending with a shot are labelled with
1, and all the remaining game phases with 0. In the second experiment, game phases
starting when Team B wins the ball from Team A and ending with a shot made by
Team B are labelled with 1 and all the remaining game phases with 0. In Figure

6.4 is displayed an example of the extraction and labelling of game phases from the

log data.
Category Start Click End .
TB Pos from Throw in-up 00:05  00:40  00:15 Start End Descrip | Exp.1 | Exp.2
Throw in 00:05 00:10 00:15 Time Time tion Label Label
00:00 [0015] 01:15
Turnover TB 00:15 00:15 00:44 00:15 00:50 TA Shot 1 0
Attack Team A 00:39 00:44 01:05
00:50  [0O50]  01:05 : ;
TB Klckout 01:13 01:13 01:22 01:22 0127 TA Shot 1 0
o2 [IzZ] 0138 ——P
Attack Team A 01:18 01:23 01:38 02:02 02:07 TA Lass 0 0
01:27 01:38 Ball
TB Kickout 01:49 01:49 01:57
TA Pos frm KO 01:47 01:57 02:14 02:07 02:25 TB Shot 0 1
TB Foul 01:55 02:00 02:05
Attack Team A 01:57 02:02 02:14

Figure 6.4: Example of extraction and labelling of game phases from log data.

The resulting data frame for the game’s phases shows the corresponding events’
start and end times. This process is repeated for each of the 11 games in the dataset.

A sample of the resulting data frame of the phases of a game is shown in Table 6.1.
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Table 6.1: Sample data frame illustrating the phases of the game. Columns include
GamelD (ID of the corresponding game), Start Event (event initiating the phase),
End Event (event concluding the phase), Start Time (game time in seconds at the
beginning of the phase), End Time (game time in seconds at the end of the phase),
Team A Shot (1 if team A shots 0 otherwise), and Team B Shot (1 if team B shots
0 otherwise).

GamelD Start Event End Event | Start Time | End Time | Team A Shot | Team B Shot
1 Team A Pos frm TO | TA Shot(P) 5 62 1 0
1 TB Kickout TB Kickout 63 71 0 0
1 TA Pos frm KO TA Shot(P) 72 98 1 0
1 Team B Pos frm TO | Attack TB 99 149 0 0
1 Team A Pos frm TO | TA Shot(P) 150 227 1 0
1 TB Kickout TB Shot(P) 228 283 0 1

6.2.2 Feature Extraction from Sensor Data

Following the identification of game phases and their corresponding timestamps,
GNSS and IMU sensor data were used to extract features characterizing Team A’s
collective movement patterns during each phase. Rather than computing aggregate
team statistics or individual player metrics, a relational approach was adopted,
which quantifies pairwise relationships between all players, represented as adjacency
matrices.

As a first step, the raw sensor data from wearable devices were downsampled to

1Hz:

e GNSS data (10Hz): latitude, longitude, and instantaneous speed. Data were

downsampled to 1 Hz by averaging every 10 samples within each second.

e IMU data (100Hz): 3D acceleration (a,, a,, a,) and 3D gyroscope (gz, gy, -)-
Data were downsampled to 1 Hz by averaging every 100 samples within each

second.

For each game phase (defined by start time ¢y and end time t.,4), pairwise
relationships between every pair of players (i, j) in Team A were computed. For each
second t in the interval [tsar, teng) delimiting a game phase, the following metrics

were calculated:

o FBuclidean distance d;;(t) between players ¢ and j computed from their latitude

and longitude coordinates.
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o Speed difference Av;;(t) = |v;(t) —v;(t)]: Absolute difference in instantaneous

speed.

o Acceleration differences Aaji(t), Aaj;(t), Aaf;(t): Absolute differences in each

acceleration component.

e Gyroscope differences Agfi(t), Agj;(t), Agii(t): Absolute differences in each

angular velocity component.

Using absolute values for pairwise differences emphasizes the magnitude of the
differences between players, irrespective of direction. For each variable (distance,
speed, acceleration x, y, z, gyroscope X, y, z), these sequences of differences across

the entire phase duration were aggregated into summary statistics:

1. Average of the pairwise metric over the phase duration.

2. Standard deviation of the pairwise metric over the phase duration.

An example of these steps is shown in Figure 6.5, where second-by-second dif-
ferences for a single variable are aggregated into summary statistics for one selected
game phase and a small sample of three players.

Although only 15 players participated per game phase, metrics were computed
for all possible player pairs in Team A across 11 games, since player participation
varied between games. Pairwise features involving players not participating in a
given phase were assigned a value of -1, to distinguish them from valid values whose
minimum is 0 due to absolute difference calculations. This approach ensures the
same feature dimensions across all phases.

For each pair of players and game phase, 8 values are generated representing
the average differences in distance, speed, acceleration (x, y, z), and gyroscope (X,
y, z); and 8 values representing the average standard deviation for distance, speed,
acceleration (x, y, z), and gyroscope (x, y, z) during that phase. In other words,

for each game phase, 16 37 x 37 adjacency matrices were generated, where 37 is
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From Raw Speed Data to Aggregated Pairwise Statistics

PHASE 1: Raw Speed Data Over Game Phase Duration (3 Players)
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Figure 6.5: Transformation from raw speed data to aggregated pairwise statistics
for three players.

the number of players in Team A. Figure 6.6 shows four illustrative matrices for

different metrics and a small sub-sample of players.

Then, each adjacency matrix is flattened to realize a long feature vector. In more
detail, each column of the final dataset represents the average or standard deviation
of the difference of one of the GNSS or IMU variables for a couple of players. For
each couple of players, we have 2 (summary statistics) * 8 (sensor variables) = 16
columns. Since we have 37 players in the team, this results in 13,921 columns. Each
row represents a phase of game from the 11 games in the sample. This dataset

represents the input data for the feature selection and machine learning models.

However, this approach creates a dataset composed of a very high number of
columns, with many rows having values equal to -1 in those columns where one of
the players in the pair was not playing. This situation is handled in the next steps

with a feature selection method.
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Example: Adjacency Matrices for a Game Phase
(4 out of 16 matrices shown)
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Figure 6.6: Example adjacency matrices representing pairwise metrics between a
sample of players during a single game phase. Four of the 16 total matrices are
displayed: average Euclidean distance, standard deviation of distance, average speed
difference, and average acceleration x difference. Only a small subsample of players
is shown.

6.2.3 Model Pipeline

Train-Test Split. The dataset was divided using 10 games for training and 1 game
for testing. This approach replaces the leave-one-game-out cross-validation used in
the previous chapters, due to computational costs. The automatic feature selec-
tion method with cross-validation performed on each model, with 13,921 features,
requires several hours. Repeating it across all 11 games would be too expensive.
With about 400 training phases from 10 games, the training set is large enough for
reliable feature selection, and the single game is used for an objective evaluation.
Recursive Feature Elimination with Cross-Validation. Our approach uses
an automated feature selection method to identify the most significant features for

predictive modelling from a data frame containing thousands of features. Recursive
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Feature Elimination with Cross-Validation (RFECV) method was used, which iter-
atively removes the least important features and evaluates model performance using
k-fold (k = 3) cross-validation [140]. K-fold cross-validation is a method used to
assess the performance of an ML model by dividing the data into k equal subsets.
The model is trained on k-1 subsets and validated on the remaining subset, and this
process is repeated k times, with each subset used exactly once as the validation set.
The RFECV method reduces the risk of overfitting and provides a reliable estimate
of the model’s generalizability. RFECV involves training a model on the full set
of features, ranking them based on importance scores, removing the least impor-
tant feature, and evaluating the model. This cycle repeats until only one feature
remains, and the set of features achieving the best cross-validation performance is
selected. RFECV was applied only for the training set (10 games). In the testing
phase (1 game), each model is evaluated using this optimized feature set to assess

its performance.

The motivation for using RFECV in this study is supported by several key
factors and references. RFECV is known for its ability to effectively handle high-
dimensional datasets by identifying the most relevant features, improving model
performance, and interpretability [141]. RFECV method helps in mitigating the
risk of overfitting by incorporating cross-validation, which ensures that the selected
features generalize well to unseen data [142]. RFECV has been used in various
domains, including malicious intrusion detection in computer networks [143], diag-
nosis of Alzheimer’s disease [144], and fraud detection [145]. This demonstrates its

robustness in selecting the best feature set.

RFECYV was chosen over simpler alternatives such as L1 regularisation for two
reasons. L1 regularisation performs feature selection within a linear model by shrink-
ing coefficients to zero, and when features are highly correlated, it tends to arbi-
trarily select one feature from a correlated group, potentially discarding others that
are equally informative [146]. RFECV instead uses the tree-based estimator’s own

feature importance scores, selecting features consistent with the non-linear decision
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boundaries of the final classifier, and directly optimizes the selected subset against
cross-validated classification performance [141].

Machine Learning Models. Four machine learning classifiers were evaluated:

e Logistic Regression: A probabilistic model that defines a linear decision
boundary by fitting a logistic function to the data [147]. For this study, logistic

regression is used as a baseline model.

e Decision Tree: A non-parametric model that partitions the feature space
with binary splits, creating a hierarchical tree structure. At each node, the
algorithm selects the feature and split threshold that maximizes information

gain [148].

¢ Random Forest: An ensemble method that builds multiple independent
decision trees on random subsets of both features and training samples, then

aggregates predictions with majority voting [149].

e XGBoost: A gradient boosting model that sequentially builds decision trees.
Each new tree is trained to correct prediction residuals from all previous trees

[102].

Class Imbalance. In both classification tasks, shot phases occur less frequently
than all other game phases combined. As a result, the datasets present class im-
balance. To address this problem, during model training, undersampling of the
majority class was applied [150]. This technique prevents models from achieving

high accuracy by simply predicting the majority class [131].

6.3 Results

In this section, the performance of machine learning models are compared on the two
distinct classification tasks: identifying game phases that culminate in a shooting
event for Team A (Task A) and for the opposing Team B (Task B), using data only

from Team A.
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This study aims to demonstrate the effectiveness of ML models in classifying
game phases, potentially leading to the future automation of event labelling based
only on spatio-temporal data from a single team when no log data are available.
Both tasks use sensor data collected on the same team during the 11 GF games
across the years 2019, 2020, and 2021. Data were collected using the STATSports
Apex 10 Hz GNSS and 100Hz IMU device, as described in Section 3.2.1. The analysis

includes data from all players participating in these games.

6.3.1 Experiment 1: Team A Shots Classification

This experiment evaluated the ability of machine learning models to classify attack-
ing game phases by Team A that lead to shots, using exclusively wearable sensor
data collected from that team.

Logistic Regression, Decision Tree, Random Forest, and XGBoost models were
trained and evaluated. For each, RFECYV identified the feature subset that achieved
the best performance. Table 6.2 summarizes the best results achieved by each model
with its optimized features. Random Forest resulted as the top-performing classifier,
achieving an F1 score of 0.69 using a substantial feature set (11,136 features). XG-
Boost showed competitive performance (F1 score 0.67) selecting only three features
without compromising accuracy. Logistic Regression’s poor performance (F1 score
0.52) suggests the inadequacy of linear models trained using this particular set of
features formed by pairwise relationships. Decision Tree used the highest amount
of features but underperformed compared to other methods.

The large number of features retained by Random Forest compared to XGBoost
reflects a fundamental difference in how the two models handle high-dimensional
feature spaces. Random Forest builds each tree independently on a random subset
of features and averages predictions across trees, which means it can tolerate a large
number of weakly informative features without overfitting, as the averaging process
reduces variance. As a result, RFECV finds little cross-validated benefit in remov-

ing additional features, since each individual feature contributes marginally across
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different trees. XGBoost, by contrast, builds trees sequentially and applies explicit
regularisation penalties on the number of leaves and the magnitude of weights [102],
which actively discourages the use of redundant features. This makes XGBoost
more aggressive in identifying a compact discriminative subset, explaining why it
achieved comparable classification performance with only 3 features.
Future work should explore alternative feature selection methods such as LASSO/L1

regularization, which may achieve more aggressive feature pruning than RFECV by
penalizing feature coefficients directly and would allow a direct comparison of se-

lected feature subsets and classification performance across methods [146].

Table 6.2: Performance metrics of ML models in classifying Team A shooting events.

Model Accuracy | F1 Score | AUC | Precision | Recall | Selected Features
Logistic Regression 0.52 0.52 0.53 0.52 0.52 4
Decision Tree 0.52 0.54 0.52 0.52 0.53 13786
Random Forest 0.63 0.69 0.61 0.65 0.63 11136
XGBoost 0.61 0.67 0.67 0.62 0.61 3

Random Forest was selected for a deeper analysis due to its highest accuracy and
F'1 score. The confusion matrix for the Random Forest model in Figure 6.7 reveals
details about its classification outcomes. The model accurately identified 10 phases
that ended in no shot, but it also classified 13 possession intervals incorrectly as
shots (false positives). On the other hand, it successfully detected 19 true shooting
phases while missing 4 (false negatives). This imbalance, where the model produces
more false alarms than missed shots, reflects a modeling choice in this feasibility
study to favor recall of shooting phases over precision, given the low base rate of

shots relative to non-shot phases.
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Classifying Shooting Events
for Team A (Random Forest)

Not Shot

True label

Shot

T
Not Shot shot
Predicted label

Figure 6.7: Confusion matrix for Random Forest classifying shooting events for
Team A.

6.3.2 Experiment 2: Team B Shots Classification

The second experiment aimed to classify game phases ending in shooting events by
the opposing team, Team B, using only wearable sensor data from Team A. The
methodology is the same as for Experiment 1, involving labelled phases from log
data, comprehensive feature engineering aggregating pairwise differences in sum-
mary statistics metrics, and recursive feature elimination (RFECV) applied for each

model to optimize the set of features.

As shown in Table 6.3, results were similar to experiment 1, with some differ-
ences. The Random Forest and XGBoost models resulted as the best models with
comparable accuracy scores (0.69). XGBoost achieved the highest AUC (0.78) and
precision /recall balance (0.69), while using only 15 features. This finding is sim-
ilar to Experiment 1, where XGBoost’s capacity of using only a small subset of
features did not compromise classification performance. Logistic Regression also
reached good performance (F1 score 0.68 and AUC 0.70), opposed to the result in
Experiment 1. In contrast, Decision Tree performance was notably weaker across

metrics, underscoring the benefits of ensemble approaches in handling complex and
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high-dimensional data typical of wearable sensor data.

The confusion matrix for the XGBoost model, illustrated in Figure 6.8, shows 19
true negatives, 7 false positives, 9 false negatives, and 16 true positives. Compared
to Experiment 1, this confusion matrix exhibits a more balanced false positive to
false negative ratio, indicating the model struggles more in identifying all shooting

phases but effectively reduces false alarms.

Table 6.3: Performance metrics of ML models in predicting opponent (Team B)
shooting events.

Model Accuracy | F1 Score | AUC | Precision | Recall | Selected Features
Logistic Regression 0.67 0.67 0.70 0.67 0.67 1695
Decision Tree 047 0.45 047 0.47 0.47 8294
Random Forest 0.69 0.68 0.73 0.68 0.68 11325
XGBoost 0.69 0.68 0.78 0.69 0.69 15

Classifying Shooting Events
for Team B (XGBoost)

18

No Shot - - 16

- 14

True label

Shot

T
No Shot Shot
Predicted label

Figure 6.8: Confusion matrix for XGBoost classifying shooting events for Team B.

6.4 Summary

In this chapter, the potential for automatic classification of game phases using sen-
sor data from only one team was explored. In particular, two experiments were

conducted: one aimed to identify game phases ending with shots made by the team
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with available data, and the other focused on identifying shots made by the opposing

team.

A new feature engineering approach was defined for both classification tasks.
Each feature in the input dataset for the classifiers represents the average or stan-
dard deviation of differences in several variables (distance, speed, 3D acceleration,
3D gyroscope) between each pair of players in the team during each game phase.
This approach constitutes a new method to construct features for machine learning
models in sports, which looks at pairwise differences in variables between players

represented as adjacency matrices.

Several machine learning classifiers were tested for both experiments. Due to
the large number of features, a feature selection process was implemented, applying
recursive feature elimination with cross-validation for each model to identify the

feature set that maximized the F1 score.

All tested models achieved good classification performance in both experiments.
For classifying Team A shot phases, Random Forest achieved the highest perfor-
mance (accuracy 0.63, F1 score 0.69) using a large feature set (11,136 features),
while XGBoost obtained similar results (accuracy 0.61, F1 score 0.67) with fewer
features (3). A similar situation was observed for Team B shot phases: both XG-
Boost and Random Forest produced comparable results (accuracy 0.69, F1 score

0.68) but with substantial differences in features’ use (15 vs. 11,325).

These results establish a proof-of-concept baseline demonstrating that collective
inter-player movement patterns from a single team’s wearable sensor data carry
discriminative information about game phases ending in shots, without requiring
ball position, opponent tracking, or manual video annotation. However, the findings
should be interpreted with caution. The models were evaluated on data from a single
team across 11 games, which limits generalisability, and the F'1 scores indicate that a
proportion of phases are still misclassified. Further validation across multiple teams,
competitions, and seasons is needed before these models could be considered reliable

for applied use. The log data used for labelling were produced by a single analyst,
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introducing the possibility of labelling inconsistency, and the high dimensionality
of the feature space relative to the available sample size may affect model stability
despite the feature selection procedure. From a practical standpoint, the value of
this framework lies in its potential to reduce the manual annotation burden currently
placed on video analysts. A match currently requires hours of post-match coding
to generate the contextual log data that clubs use alongside sensor data. By pre-
labelling candidate shot phases automatically, this framework could reduce that
workload substantially, and for clubs without dedicated analyst staff, it could make
basic tactical context extraction feasible where it is currently not possible. These
benefits are prospective and contingent on further validation. The framework is
also not limited to Gaelic football, since the approach relies on pairwise inter-player
movement relationships, it is transferable to any other invasion-field team sport

where wearable sensor data are collected.
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Chapter 7

Conclusion

7.1 Dissertation Overview

This thesis addressed four fundamental challenges in sports analytics: the absence
of transparent methodologies for processing sensor data, limited understanding of
spatio-temporal movement patterns, lack of studies focusing on predicting future
metabolic workload, and dependence on expensive manual video analysis for extract-
ing tactical context. Four distinct frameworks were developed to address these chal-
lenges using wearable sensor data from 11 elite Gaelic Football matches (76,313,030
raw observations from STATSports Apex 10 Hz GNSS with 100 Hz IMU).

Chapter 3 presented a systematic feature engineering framework that transforms
raw sensor data into structured Action and Event datasets through documented al-
gorithms, achieving 99.8% dimensionality reduction while preserving analytical in-
formation. Chapter 4 introduced the Time-Window Spatial Activity Graph frame-
work, using spatial cells as graph nodes to reveal critical transition zones and spa-
tial communities with distinct workload profiles. Chapter 5 developed a predictive
framework for forecasting 3-minute metabolic workload transitions, introducing the
Metabolic Work Ratio metric and achieving accuracy 0.71 £ 0.04, and F1 scores of
0.69 £ 0.05. Chapter 6 demonstrated that shooting phases of both teams can be
automatically classified with 0.63-0.69 accuracy using only single-team sensor data

through adjacency matrices of pairwise player movement relationships as machine
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learning input features.

These frameworks represent parallel analytical approaches rather than a sequen-
tial pipeline. The Action dataset from Chapter 3 is used as input directly only into
Chapter 4 for spatial analysis, while Chapters 5 and 6 extract features directly from

raw data at different temporal granularities suited to their specific objectives.

7.2 Research Questions and Findings

This section summarizes the key findings for each research question, demonstrating

how the four frameworks address the identified challenges in sports analytics.

7.2.1 Chapter 3: Developing a Threshold-Based Activity

Feature Set

The first research question asked whether raw sensor data could be systematically
transformed into structured datasets that preserve movement information while en-
abling diverse analyses. The developed framework uses velocity zone thresholds from
Rampinini et al. [53] to segment continuous data into discrete actions (continuous
movement within one velocity zone) and aggregates these into events (sequences
separated by rest periods). The framework reduced 76 million raw observations into
148,371 actions and 54,821 events across 11 matches.

Validation confirmed information preservation: derived running profiles matched
literature benchmarks with players covering 8,721 £+ 1,299 m total distance (vs.
8,160 + 1,482 m in [23]), 1,596 + 543 m high-speed distance (vs. 1,731 £+ 659 m),
and 462 + 178 m sprint distance (vs. 445 4+ 169 m). Actions averaged 2.9 seconds in
duration with 2.55 actions per event, and events averaged 7.1 seconds in duration.

The practical utility was demonstrated through predictive modeling of second-
half high-speed running distance. XGBoost models achieved an average error of 65
meters per player per half. The framework successfully addresses the transparency

gap by providing complete algorithmic specifications with pseudocode, published in
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[49], [50].

7.2.2 Chapter 4: Interpreting Player Movement Using a
Spatial Grid Model

The second research question examined whether graph representations with spatial
cells as nodes could reveal movement patterns that traditional player-centric analy-
ses cannot capture. Existing approaches in team sports use graph theory to model
player-to-player interactions through passing networks, where players are nodes. The
Time-Window Spatial Activity Graph framework introduces a fundamentally differ-
ent approach: spatial cells become nodes, with edges representing player transitions
between locations. This enables identification of critical spatial zones, detection
of areas with similar movement characteristics, and analysis of how spatial usage
evolves during matches. These insights cannot be obtained from player networks or
traditional position tracking.

The framework divides playing areas into cells through tessellation algorithms,
maps player coordinates to the nearest cells, and constructs directed multi-graphs
where edge metadata captures transition frequency, speed, acceleration, and inten-
sity distributions. Two case studies demonstrated the framework’s capabilities using
different temporal approaches: Game 811 used rolling 5-minute windows to track
continuous evolution, while Game 893 used fixed 15-minute windows to compare
distinct match phases.

Betweenness centrality analysis in Game 811 revealed how critical zones shift
during matches. In the opening 5 minutes, highest centrality scores concentrated
in the central corridor where players connected defensive and attacking moves. By
minutes 3-8, centrality shifted toward the attacking region near the opposition goal.
This demonstrates that the framework identifies cells acting as bridges in movement
sequences, not just areas with high activity volume.

Community detection using the Louvain algorithm revealed spatial clusters where

players moved together with distinct characteristics. In Game 893’s first 15 minutes,
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nine communities were identified. Community 1 (offensive and central-right, 37 cells,
14 players) showed 2.93 m/s average speed with 82 high-acceleration events and 6%
high-intensity actions. Community 7 (defensive-left, 18 cells, 14 players) exhibited
the highest speed at 3.02 m/s with 8% high-intensity actions, indicating a corridor for
fast defensive or counter-attacking movements. In contrast, Community 2 (central
and defensive center-right, 28 cells, 14 players) displayed 2.74 m/s average speed
with 5% high-intensity actions, reflecting more measured pacing.

Temporal analysis between the two 15-minute windows revealed structural sim-
plification from nine to six communities, indicating reduced distances between player
lines. The midfield-offensive community (Community 0 in the second window: 39
cells, 14 players) maintained elevated activity with 3.0 m/s average speed, 115 high-
acceleration events, and 6.7% high-intensity actions. The defensive-left community
(Community 1: 37 cells, 14 players) showed 2.75 m/s with 82 acceleration events
and 6% high-intensity actions. These patterns persisted across windows: midfield
and offensive regions consistently demanded higher speeds and more frequent accel-
erations, while the left side maintained high-speed activity presence and the right
side exhibited less pronounced intensity.

The framework’s contribution, presented in [51], is methodological: it provides
the first cell-based spatial graph approach in team sports that integrates location,
movement intensity, and temporal evolution into a unified analytical model. This
enables quantification of spatio-movement patterns and identification of critical tran-

sition zones.

7.2.3 Chapter 5: Forecasting Transitions in Metabolic Work-

load

The third research question investigated whether machine learning could predict
imminent workload transitions to enable real-time interventions. The framework
operates on 3-minute rolling windows, introducing the Metabolic Work Ratio (ratio

of high metabolic load distance to total distance, with high load defined as metabolic
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power > 20 W/kg). The prediction task classifies whether players will experience
significant MWR changes (exceeding 75th percentile) in the next 3-minute window.

Feature engineering extracted different features per window: features describ-
ing the activity in the current window (velocity zones, metabolic power metrics,
accelerations, spatial distances to teammates) and cumulative features summariz-
ing activity from the start of the match up to the end of the current window (for
example, total distance covered and total high-speed distance). Gradient Boosting
achieved the best performance with accuracy 0.71 4+ 0.04, and F1 score 0.69 + 0.05
across all players and matches, substantially exceeding baseline performance.

Performance varied with player participation: high-presence players (174, 146,
201) showed stable F1 scores of 0.65-0.75, while low-presence players exhibited lower
scores (0.45-0.60), indicating models learn player-specific patterns with sufficient
data. Temporal analysis revealed F1 scores generally increased toward the end of
each half, suggesting prediction improves as historical data accumulates.

SHAP analysis identified key predictive factors: cumulative metrics (metabolic
power, distance, and high metabolic load distance) were strongest positive predic-
tors, while percent time in metabolic power zone 4 and maximum speed in the
current window showed strong negative associations. This pattern captures work-
recovery dynamics where high-intensity efforts are followed by recovery phases. The
framework demonstrates that 3-minute forward prediction achieves meaningful ac-

curacy for proactive interventions when real-time data streams are available.

7.2.4 Chapter 6: Detecting Shot Events in Game Phases

The fourth research question investigated whether shooting events could be auto-
matically classified using only single-team sensor data, eliminating dependence on
ball tracking or manual video analysis. The framework focuses on game phases (pos-
session sequences from ball acquisition to loss or shot) ending in shooting events due
to their tactical significance and distinctive movement signatures.

The novel feature engineering approach computes pairwise player differences: for
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each phase, summary statistics (mean, standard deviation) of six variables (distance,
speed, 3D accelerometer, and 3D gyroscope) are calculated per player. Then these
differences between every player pair are computed and represented as adjacency
matrices, which serve as input features for machine learning classifiers.

This generates 13,950 features per phase, encoding inter-player coordination pat-
terns. Recursive feature elimination with cross-validation identifies optimal feature
subsets for each model.

Two experiments were conducted. For own-team shooting phases (Experiment
1), Random Forest achieved 0.63 accuracy and 0.69 F1 score using 11,136 features,
correctly identifying 19 of 23 actual shots (83% recall) with the confusion matrix
showing 10 true negatives, 13 false positives, 19 true positives, and 4 false negatives.
The bias toward false positives reflects the model prioritizing shot detection over
precision. XGBoost achieved comparable performance (0.61 accuracy, 0.67 F1) using
only 3 features.

For opponent shooting phases (Experiment 2), both XGBoost and Random For-
est achieved 0.69 accuracy and 0.68 F1 score. XGBoost used just 15 features, with
the confusion matrix showing 19 true negatives, 7 false positives, 16 true positives,
and 9 false negatives. The ability to detect opponent shots using only own-team
defensive movements demonstrates that coordination patterns contain sufficient sig-
nal about opponent tactical situations. This work, presented in [52], establishes
the feasibility of automatic phase labeling that could reduce manual video analysis

requirements.

7.3 Integrated Findings and Practical Implications

The four frameworks developed in this thesis address distinct but related analytical
challenges, and understanding how they relate to each other analytically is important
for interpreting the contribution of the thesis as a whole. Chapter 3 takes raw sensor
data as input and produces two structured datasets (the Action dataset and the

Event dataset) through a reproducible, documented pipeline. The Action dataset is
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then used directly as input into Chapter 4 for spatial graph construction. Chapters
5 and 6 both work from the original raw sensor data, extracting features at different
temporal granularities suited to their specific prediction objectives. The frameworks
therefore do not form a strict sequential pipeline, but they share a common data
foundation and address complementary dimensions of the same underlying problem:
how to extract more value from wearable sensor data already collected by elite Gaelic
football clubs.

After conducting this programme of research, what is now known is that wear-
able GNSS and IMU sensor data, when processed through transparent, reproducible
frameworks, can support a substantially broader range of analytical objectives than
the current sports science literature exploits. Physical movement data can be struc-
tured into interpretable datasets that preserve temporal and intensity information
while reducing computational burden by 99.8%. Spatial representations of move-
ment reveal how different areas of the playing field are used at different intensities
across match phases, providing a perspective on performance that aggregate running
profiles cannot offer. Machine learning models trained on engineered features from
these data can forecast short-term metabolic workload transitions with meaningful
accuracy, offering a basis for proactive in-match decision support. Finally, collective
inter-player movement patterns carry sufficient signal to classify game phases ending
in shots (for both the tracked team and their opponents) without ball position data
or manual annotation. Collectively, these findings suggest that a single team’s sensor

data contains richer information than is currently extracted in applied practice.

7.4 Thesis Limitations

Several limitations apply across the thesis as a whole and should be considered when
interpreting the findings.

Single team and limited sample. All four frameworks were developed and
evaluated using data from a single elite inter-county Gaelic football team across 11

matches. While this provides a consistent and ecologically valid dataset, it limits
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the generalizability of all findings. Spatial patterns, workload transition dynamics,
and shot phase classification signals may reflect team-specific tactical organization
rather than universal characteristics of the sport. Replication across multiple teams,
competition levels, and seasons is necessary before any framework can be considered

validated for broad application.

Single season and contextual factors. The 11 matches span three years
but represent a single team’s competitive record. Match-level contextual factors
(scoreline, opposition quality, tactical formation, weather, and pitch dimensions)
vary across games and are not controlled for in any analysis. These factors may
substantially influence the physical and tactical patterns observed, and their absence

from the models represents an unobserved source of variability.

GPS and IMU measurement limitations. All analyses depend on GNSS
and IMU data collected at 10 Hz and 100 Hz respectively using the STATSports
Apex device. GPS accuracy is reduced at high velocities and during non-linear move-
ments, which introduces measurement uncertainty into velocity zone classifications,

metabolic power estimates, and pairwise distance calculations.

Temporal cross-validation constraints. The Leave-1-Game-Out cross-validation
scheme used in Chapters 5 and 6 does not guarantee strict temporal ordering across
all folds. Only the fold where the chronologically last game is held out preserves
full temporal separation. The small dataset size makes a fully chronological holdout
impractical, and results should be interpreted as indicative of model potential rather

than definitive performance estimates.

Log data limitations. The tactical context data used in Chapter 6 were gener-
ated by a single trained analyst using Nacsport software. Inter-rater reliability was
not assessed, and inconsistencies in event coding may have introduced noise into the

classification labels.

Proof-of-concept status. All four frameworks are presented as proof-of-concept
contributions rather than validated applied tools. The MWR metric’s physiologi-

cal validity has not been established through correlation with objective measures

200



Machine Learning Frameworks for Interpreting and Predicting Player Activity
Patterns in Gaelic Football

such as lactate or VOs. The spatial patterns identified in Chapter 4 are case-study
observations from two games. The shot classification models in Chapter 6 achieve
promising but imperfect F1 scores on a small test set. Each framework requires
substantially larger and more diverse datasets before it can be recommended for

routine applied use.

7.5 Suggestions for Future Research

This final section of the dissertation examines opportunities for future work based

on this research:

1. Advanced Graph Analysis: Extend spatial graph framework through graph
neural networks (GNNs) and predictive modeling to forecast spatial organiza-
tion. The cell-based graph representation from Chapter 4 could serve as input
to temporal GNNs trained to predict future spatial configurations: given spa-
tial graphs from minutes 0-15, predict the likely high-traffic zones and commu-
nity structures for minutes 15-30. Integrating event log data (shot attempts,
turnovers, scores) would enable tactical outcome prediction. For example, fore-
casting whether current spatial patterns precede goal-scoring opportunities or
poor defensive scenarios within the next 3-5 minutes. This would transform
spatial analysis from post-match description into predictive decision support,
enabling coaches to anticipate tactical developments and suggest proactive

adjustments.

2. MWR Validation: Correlate Metabolic Work Ratio with VOs measure-
ments during controlled training, examine MWR-lactate relationships validat-
ing intensity classifications, assess whether MWR changes predict autonomic
stress through heart rate variability, and conduct prospective studies examin-
ing whether MWR patterns precede injury events. While the MWR metric
introduced in Chapter 5 is theoretically grounded in metabolic power frame-

works and demonstrates predictive utility (F1 score 0.69 for transition fore-
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casting), its physiological validity remains unestablished.

3. Automatic Tactical Role Identification and Player Development:

Use unsupervised learning on movement patterns and spatial usage to au-
tomatically discover playing styles and track tactical evolution. Beyond sim-
ply clustering players into traditional positions, this approach could identify
emerging new tactical roles (for example, ”inverted wing-back,” ”box-to-box
midfielder,” ”pressing forward”) based purely on observable movement signa-
tures—spatial heat maps, velocity distributions, and transition patterns ex-
tracted from the Action dataset (Chapter 3). Tracking individual players
across multiple matches would reveal tactical flexibility: does a player con-
sistently occupy one role, or do they switch between multiple tactical profiles
depending on opponent or match situation? This may result in direct scout-
ing applications (identifying players with rare tactical profiles), player man-
agement implications, and player development value (tracking whether young

players’ movement patterns resemble more experienced elite athletes).

. Real-Time Streaming Data Architecture: Develop technical infrastruc-
ture for live predictive analytics during matches. Current STATSports sys-
tems provide data only after matches conclude, but the predictive models in
Chapters 5 and 6 demonstrate potential for real-time decision support. Im-
plementation requires streaming sensor data wirelessly to sideline computers
that immediately compute features (velocity zones, metabolic power, spatial
positions) and run trained models to generate predictions within seconds. The
models must be computationally efficient: the Gradient Boosting models from
Chapter 5 can generate predictions in milliseconds on standard laptops, mak-
ing real-time deployment technically feasible. The system would need fault
tolerance: if a sensor temporarily disconnects, the system should continue op-
erating with available data rather than failing. A practical deployment might
provide coaches with tablet displays showing which players are predicted to

enter high metabolic load in the next minutes and whether current movement
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patterns suggest imminent opponent shooting opportunity.

The frameworks established in this thesis provide methodological foundations
upon which these research directions can systematically build, advancing sports
analytics from descriptive pattern identification toward predictive and prescriptive

performance optimization.
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Appendix A

Terminology

This section defines key terms used throughout the thesis to ensure clarity and
consistency.

Raw Sensor Data refers to the unprocessed time-series measurements directly
recorded by wearable sensors, including GNSS position and velocity data sampled
at 10 Hz and IMU accelerometer and gyroscope data sampled at 100 Hz. Each
observation represents a single measurement without aggregation or transformation,
returned by the sensor software.

Structured Dataset refers to a tabular data representation where each observa-
tion corresponds to a movement segment defined by specific criteria (for example, a
continuous movement within a velocity zone) rather than individual sensor readings.
In this context, structured datasets are characterized by dimensional reduction from
high-frequency sensor data into discrete units and summary statistics and features
computed for each unit.

Features or Metrics. In this research, the terms features and metrics are
used interchangeably to refer to computed attributes derived from raw sensor data
through mathematical operations. ”Features” often refer to columns in datasets
or input variables for machine learning models and "metrics” refer to performance
measurements for analysis, both describe the same underlying computed attributes
in this thesis.

Framework refers to a structured methodological approach that defines the
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processes, algorithms, and data transformations required to accomplish a specific
analytical objective. In this thesis, frameworks encompass the complete workflow
from raw data acquisition through transformation to final analysis, including the

Action-Event framework (Chapter 3) and the Spatial Grid framework (Chapter 4).

Pipeline refers to a sequence of data processing steps where the output of one
step becomes the input for the next, creating an automated workflow for analysis
or prediction. Pipelines in this thesis include feature engineering pipelines that
transform raw sensor data into analytical features and machine learning pipelines
that combine preprocessing, feature selection, model training, and prediction steps

into reproducible workflows.

Data Science Techniques refers to computational methods that combine sta-
tistical analysis, machine learning, and domain knowledge to extract insights from
data. In the context of this thesis, data science techniques encompass feature engi-
neering, supervised and unsupervised machine learning, time series analysis, graph-

based analysis, and predictive modelling applied to sports sensor data.

Data Mining refers to the process of discovering patterns, correlations, and
meaningful structures in large datasets through algorithmic methods. In this re-
search, data mining techniques are applied to identify movement patterns, detect
spatial communities, extract characteristic sequences, and uncover relationships be-

tween player movements and match contexts.

Velocity Zones are discrete speed categories used to classify movement inten-
sity.

Intensity refers to the level of physical effort or exertion during movement,
typically quantified through velocity zones, acceleration magnitudes, or metabolic

power metrics.

Action is defined formally in Chapter 3 as a temporal interval [t,,t.] during
which a player’s velocity remains within the same velocity zone. Each action is
characterized by features including duration, distance covered, maximum speed,

and acceleration statistics.
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Event is defined formally in Chapter 3 as a sequence of consecutive actions
separated from other events by periods where velocity remains below 2 m/s for
a minimum duration of one second. Events represent higher-level movement pat-
terns and are characterized by aggregate features computed across their constituent

actions.

Movement Unit is a general term encompassing any discrete segment of player
movement extracted from continuous sensor data. Actions and events are specific

types of movement units with distinct segmentation criteria.

Segmentation refers to the algorithmic process of partitioning continuous sen-
sor data into discrete movement units based on velocity zone transitions. The seg-
mentation algorithm identifies temporal boundaries where a player’s velocity tran-

sitions between zones, creating action-level observations.

Aggregation refers to the process of grouping consecutive movement segments
into higher-level sequences based on temporal proximity and intensity thresholds.
The aggregation algorithm combines actions into events by identifying separating

periods of rest or low-intensity movement.

Rest or Recovery Period refers to intervals where player velocity remains
below 2 m/s, indicating periods of low physical demand between higher-intensity

movements.

Workload and Running Performance. While these terms emphasize differ-
ent aspects, they are used to describe the same underlying measurements in this
research. Both define the cumulative physical demands placed on a player. They
are quantified through metrics such as total distance, high-speed distance, sprint

counts, accelerations, and duration of activity.

Spatio-Temporal Movement refers to player movement patterns analyzed
simultaneously across both spatial dimensions (location on the playing field) and
temporal dimensions (changes over time). Spatio-temporal analysis captures where
players move, when movements occur, and how movement patterns evolve through-

out a match, enabling identification of tactical patterns, territorial control, and
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dynamic team behaviors.

Transition Zones refers to spatial regions or cells on the playing area where
players frequently change velocity zones, direction, or movement intensity. In graph-
based spatial analysis (Chapter 4), transition zones are identified as high-betweenness

nodes that serve as critical pathways connecting different areas of the field.

Time Window refers to a fixed duration interval used for aggregating or ana-
lyzing sensor data. Time windows are commonly used to compute rolling statistics

or segment continuous data into temporal units for analysis.

Performance in the context of sports analytics refers to the quantifiable aspects
of player output and capability during training or competition. Performance can be
measured through multiple dimensions, including physical output (distance, speed,
and acceleration) and technical execution (skills and tactics). In this thesis, per-
formance primarily focuses on physical and movement-based metrics derived from

sensor data.

Accuracy measures the proportion of correctly classified instances among all

instances. It is defined as:

TP+TN
TP+TN+ FP+ FN

Accuracy =

where T'P is true positives, T'N true negatives, F'P false positives, and I'N false

negatives.

Precision is the ratio of correctly predicted positive observations to the total

predicted positives:
TP

TP+ FP

Precision =

Recall is the ratio of correctly predicted positive observations to all actual pos-

itives:
TP
l= ——
Reca TP+ N

F1 Score is the harmonic mean of precision and recall, providing a balance
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between the two metrics:

F1 Score — 2 - Precision x Recall

Precision + Recall

Confusion Matrix is a tabular summary showing the counts of true positive,
true negative, false positive, and false negative predictions, used to visualize the
performance of a classification model.

AUC (Area Under the Curve) is the area under the Receiver Operating
Characteristic (ROC) curve, which plots the true positive rate (TPR) against the

false positive rate (FPR) over different threshold values. It is approximated by:

—_

n—

1

. TPRi+ PR,
2

(2

where TPR; and FPR; are the true positive and false positive rates at the ‘"
threshold. This metric indicates the model’s ability to discriminate between positive

and negative classes, with values closer to 1 representing better discrimination.
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