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Enhancing Athlete Monitoring:

A Machine Learning Approach to Predicting Ratings of Perceived

Exertion and Oxygen Uptake in Team Sports

Dermot Sheridan

Abstract

Technological advances have increased data monitoring in sport, offering

potential competitive advantages. Wearable technologies, in particular,

generate large volumes of data with untapped potential for athlete mon-

itoring. However, practitioners face challenges in managing and inter-

preting these data. While commonly used descriptively, there is grow-

ing interest in leveraging historical data to inform decisions on training

loads and performance. This thesis uses training load data from Global

Navigation Satellite Systems (GNSS) and Inertial Measurement Unit

(IMU) wearable sensors to develop predictive models for Rating of Per-

ceived Exertion (RPE) and Oxygen Uptake (VO2) in team sports. Fea-

ture engineering combined with deep learning was employed to enhance

prediction accuracy. Results show that integrating domain knowledge

with engineered features improves RPE prediction over traditional met-

rics. A pilot study also demonstrates that GNSS and IMU data can

predict breath-by-breath VO2, with linear models performing compara-

bly to deep learning approaches. The findings offer practical tools for

coaches and sports scientists, supporting more effective load manage-

ment and non-invasive, evidence-based performance monitoring in elite

team sports.
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Chapter 1

General Introduction

This dissertation is at the intersection of sports science and machine learning, exam-

ining how data-driven techniques can improve the accuracy, efficiency and depth of

athlete monitoring. It investigates whether machine learning can accurately model

training load data, identify the most critical metrics for performance evaluation

and leverage patterns in historical records alongside additional data streams known

to influence athletic outcomes. Beyond replicating current practices, the research

assesses whether machine learning can refine and enhance these methodologies, ulti-

mately guiding more personalised training prescriptions. In addition, it explores the

untapped potential of raw sensor data to produce more granular high-frequency in-

sights, with the goal of predicting the physiological responses of athletes with greater

precision than ever before. By integrating principles from data science and sports

science, this dissertation transcends traditional disciplinary boundaries, aspiring to

establish a more dynamic, data-informed era of decision making in sports training

and performance optimisation.

1.1 Introduction

Athlete monitoring has become a cornerstone of high-performance sports, allowing

coaches and practitioners to optimise training and reduce the risk of injury. At its

core, athlete monitoring involves systematically collecting and analysing data related
1



to an athlete’s training and performance, encompassing both quantitative and qual-

itative metrics such as training loads, recovery, health, well-being and behaviours

(A. J. Coutts et al., 2018; Impellizzeri et al., 2019; Timmerman et al., 2024). These

insights inform decision-making processes that improve the effectiveness of training

programmes while minimising risks such as overtraining, burnout and injury (A.

Coutts, 2019).

The emergence of wearable technology, such as the Global Navigation Satellite

Systems (GNSS) and Inertial Measurement Unit (IMU) has revolutionised athlete

monitoring by providing detailed real-time data on training loads. Wearable devices

enable practitioners to capture a range of movement-related data (Seshadri et al.,

2019b). However, estimations of energy expenditure and biomechanics are subject

to variability depending on the sensor type and context of use (ODriscoll et al.,

2018)(Rana & Mittal, 2021).

Advances in wearable sensors have also facilitated the modelling of dose-response

relationships, reducing the need for external tests and supporting real-time fitness

and fatigue assessments during training (Helwig et al., 2023). However, the vast

amounts of high-frequency multidimensional data generated by these devices are

often underused as a result of the absence of advanced analytical frameworks.

Recent technological advances, including cloud computing, wireless connectiv-

ity and Artificial Intelligence (AI) have the ability to transform the monitoring

of athletes. These innovations have paved the way for sports analytics as a dis-

cipline that combines sports science and data science (Passfield & Hopker, 2017;

S. West et al., 2024). This interdisciplinary field aims to develop computational

tools that address the unique challenges of team sports analysis (Blei & Smyth,

2017; Stein et al., 2017), allowing more objective evaluations of training and per-

formance. Although traditional statistical methods provide a foundation for data

analysis (Thornton et al., 2019), many organisations remain data-informed rather

than fully data-driven, relying heavily on descriptive analytics that risk confirma-

tion bias. A proposed framework for elite sports analytics categorises analytics into
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four stages: descriptive, diagnostic, predictive and prescriptive (Houtmeyers et al.,

2021). Moving beyond retrospective analysis, predictive and prescriptive analytics

enable forward-looking strategies that optimise athlete monitoring.

AI and Machine Learning (ML) have shown promise as transformative tools in

sports analytics, particularly in identifying complex patterns in tactical and per-

formance data (Chmait & Westerbeek, 2021; Claudino et al., 2019). While their

use in athlete monitoring is growing, especially through wearable data, their role

in physiological monitoring is still evolving and requires further validation (Doherty

et al., 2024).. Research has demonstrated their potential to predict injury risk, per-

formance outcomes, and perceived exertion with greater accuracy than traditional

approaches (Bartlett et al., 2017; Rossi et al., 2019). ML models excel in inte-

grating and analysing diverse data sources such as external load metrics, internal

physiological markers and contextual factors offering a comprehensive view of ath-

lete performance (Geurkink et al., 2019). This capability is particularly valuable for

monitoring individual athletes, as ML models can account for the unique interplay

of these variables. By streamlining monitoring systems and generating actionable

insights, ML enables sports scientists and coaches to personalise training load pre-

scriptions, improve recovery strategies, and enhance overall athlete well-being.

Despite these innovations, significant challenges remain in fully utilising wearable

sensor data. Translating high-dimensional data into actionable insights requires so-

phisticated feature engineering and predictive modelling approaches. This research

addresses these gaps by integrating wearable sensor data and machine learning tech-

niques to develop predictive models for key perceptual metrics (Rating of Perceived

Exertion (RPE)) and physiological metrics (Oxygen Uptake (VO2)). Specifically, it

aims to determine the key variables that influence perceptual responses, assess the

impact of personal and contextual factors on individual training responses, and in-

vestigate whether raw sensor data can enhance predictive performance compared to

aggregated metrics. Furthermore, this research explores the feasibility of predicting

physiological responses, such as VO2, using traditional and deep learning models
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with raw sensor data. Focusing on elite Gaelic football, this work bridges the gap

between descriptive monitoring and predictive analytics, providing evidence-based

tools to improve training load management and support more effective decision

making in team sports.

1.2 Problem Statement

Athlete monitoring is a critical component of high-performance sports, aimed at opti-

mising training processes and reducing the risks of injury, overtraining and burnout.

Despite the widespread adoption of wearable technologies, such as GNSS and IMU,

and the increasing volume of high-frequency, multidimensional data they generate,

many current monitoring systems remain limited to descriptive analytics. These

systems primarily offer retrospective information on training loads and athlete per-

formance, failing to provide forward-looking predictive capabilities.

Existing approaches are constrained by several key challenges:

• Underutilisation of Data: Wearable sensor data, while detailed and exten-

sive, is often underutilised due to the absence of advanced analytical models

capable of extracting actionable insights from raw and complex datasets.

• Reliance on Descriptive and Aggregate Metrics: Current methods of-

ten rely on aggregated data and subjective assessments, such as the RPE,

without adequately accounting for individual variations or contextual factors

influencing training responses.

• Lack of Integration of Advanced Analytics: The integration of AI and

ML into athlete monitoring has been limited. Although these tools have shown

potential in other domains, their application in predicting physiological (e.g.

VO2) and perceptual (e.g. RPE) responses remains underexplored.

• Complexity of Training Load Responses: The dynamic and individ-

ualised nature of the response of athletes to training, particularly in team
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sports, requires predictive models that can handle the interaction of external

and internal load metrics with contextual and personal variables.

Without addressing these challenges, athlete monitoring systems risk being reac-

tive rather than proactive, limiting their ability to support evidence-based decision

making and optimise performance in high-stakes environments.

1.2.1 Hypothesis

Wearable sensor-derived biometric data can accurately predict perceptual responses

(RPE) and physiological responses (VO2) using machine learning models in elite

Gaelic football players.

These predictions are made using data from wearable sensors (GNSS and IMU),

enriched with contextual information (e.g., training session characteristics) and in-

dividual factors (e.g., body composition, positional role).

The integration of granular time-series features and machine learning-based op-

timisation techniques is expected to support data-driven decision-making in training

load planning and athlete monitoring.

1.2.2 Research Questions (RQ)

• RQ1: Baseline for RPE Prediction. How do absolute and relative Exter-

nal Load Indices (ELI) compare in their ability to predict RPE using various

machine learning algorithms?

• RQ2: Impact of Additional Variables. To what extent does incorporat-

ing personal characteristics, perceived wellness scores, and contextual factors

improve the predictive accuracy of RPE models beyond using ELI alone?

• RQ3: Time-Series Feature Sets for RPE Prediction. How do time-

series features extracted from raw GNSS data enhance the predictive perfor-

mance of RPE models compared to traditional models that use only aggregated
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metrics? In addition, what insights can these features provide into athlete re-

sponses to training?

• RQ4: Comparing Traditional and Deep Learning Models for Esti-

mating Oxygen Uptake. To what extent can deep learning models ac-

curately predict VO2) during simulated team sports activities using detailed

GNSS and IMU sensor data, and how does their performance compare to

traditional regression models

1.3 Contributions of the Dissertation

This research aims to significant contributions to the field of sports science and ath-

lete monitoring by developing advanced machine learning models and methodologies

that enhance the management of training load in team sports. The key contributions

are as follows.

1. Development of Predictive Models for RPE Estimation:

• Designed and validated machine learning models to predict RPE using

GNSS data.

• Investigated the relative importance of training volume versus intensity as

key predictors of RPE, providing new insights into external load metrics.

• Demonstrated the value of incorporating additional variables such as in-

dividual characteristics, perceived wellness, and contextual factors to im-

prove model performance.

2. Time-Series Feature Sets for RPE Prediction:

• Explored the use of time-series feature extraction techniques to process

raw GNSS data, focusing on improving the predictive accuracy of RPE

models.
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• Validated the effectiveness of time-series feature engineering as a scal-

able and computationally efficient alternative to deep learning for athlete

monitoring

3. Estimation of Oxygen Uptake Using Wearable Sensor Data:

• Developed machine learning models to estimate VO2 during high-intensity

activities using wearable sensor data.

• Evaluated the effectiveness of different modelling approaches and data

representations for physiological monitoring.

1.4 Thesis Structure

This thesis is organised into seven chapters, each contributing to the overarching

goal of enhancing athlete monitoring and training load management using advanced

machine learning models and wearable sensor data.

Chapter 1: Introduction Introduces the background, motivation, and objec-

tives of the investigation. It presents the problem statement, hypothesis, research

questions and key contributions, guiding the reader through the structure of the

research.

Chapter 2: Literature Review Reviews key concepts, frameworks and method-

ologies relevant to athlete monitoring, training load management, and the applica-

tion of machine learning in sports science. Identifies gaps in the existing literature

and establishes the foundation for the research conducted in this dissertation.

Chapter 3: Data and Methods Details the research design, including the

common equipment and instruments used, as well as the data collection and pre-

processing methods. This chapter also describes the machine learning models em-

ployed and provides an overview of the methodological framework underpinning the

experiments. The chapter serves as a foundational reference for understanding the

data and models used in the thesis.
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Chapter 4: Predictive Analysis of RPE Addresses RQ1 and RQ2 by de-

veloping baseline predictive models for RPE using aggregated GNSS data. This

chapter investigates the roles of external load indicators, individual characteris-

tics and contextual variables in improving the accuracy of the model. It explores

whether processed data from device manufacturers sufficiently captures the infor-

mation needed for accurate RPE predictions, identifying potential limitations and

areas for improvement.

Chapter 5: Time-Series Feature Sets for RPE Prediction Addresses

RQ3 by investigating the predictive potential of raw GNSS data. This chapter

explores the use of time-series features extracted from raw data to estimate RPE. By

comparing these time-series features with aggregated metrics, the chapter evaluates

the added value of capturing detailed temporal and spatial dynamics to improve

predictive accuracy.

Chapter 6: Estimation of Oxygen Uptake (VO2) Focuses on answer-

ing RQ4 by shifting the investigation to an objective physiological response (VO2)

rather than subjective RPE. This chapter explores the use of raw GNSS and IMU

data to estimate VO2, comparing traditional regression models with deep learning

techniques. It evaluates the ability of these approaches to capture physiological re-

sponses and provides insights into the differences between simple and complex ML

methods.

Chapter 7: Conclusion and Future Work Summarises the key findings,

emphasises the contributions of the research and discusses implications for athlete

monitoring and training load management. It proposes directions for future research,

including the exploration of hybrid models and the application of machine learning

to new domains in sports science.

This structure provides a cohesive journey through the research, with each chap-

ter building on the last to answer the research questions and demonstrate advances

in athlete monitoring, performance optimisation and injury risk reduction in elite

team sports.
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Chapter 2

Literature Review

In this chapter, the key concepts, methodologies, and research developments that

underlie this thesis are introduced. Establishing this background is essential for

understanding the subsequent chapters and the research questions they address. The

chapter is divided into two main sections: the first section (Section 2.1) examines

the evolution of continuous data monitoring in sports, the challenges associated with

data collection, interpretation and the relationship between external and internal

training load. The second section (Section 2.3) explores the applications of Machine

Learning (ML) in athlete monitoring, highlighting both the potential and the current

limitations of these emerging approaches.

2.1 Athlete Monitoring

Athlete monitoring can assist in managing training load and informing performance

strategies (Ryan et al., 2019). A robust theoretical framework for athlete monitoring

involves the quantification of training load and the evaluation of individual responses

to the training stimulus (Impellizzeri et al., 2005).

Systematic data collection supports this framework, taking advantage of various

technologies and tools designed to monitor and describe the training process in de-

tail (Halson, 2014; Timmerman et al., 2024). Technological advances have expanded

the range and precision of tools available for monitoring both internal and external
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loads (Bourdon et al., 2017). These innovations enable practitioners to collect data

that inform decisions about the planning and delivery of training loads, optimising

individual readiness for training and competition (Gabbett et al., 2017). Under-

standing the dynamic relationship between training load and athlete responses at

the individual level is essential to maximise the utility of these data (Impellizzeri

et al., 2019).

As the volume and complexity of the athletes’ monitoring data continues to

grow due to advances in continuous monitoring technologies (S. West et al., 2024),

traditional descriptive statistics are often insufficient to identify meaningful patterns

(Weaving et al., 2017). Advanced analytical techniques, including data science and

ML have emerged as powerful tools to address this challenge.

2.1.1 Framework for Athlete Monitoring: Internal and Ex-

ternal Load Measures

Modern athlete monitoring systems rely on a dual framework that integrates external

and internal load measures, providing a comprehensive understanding of training

demands and responses. This approach combines physiological, psychological, and

performance data, enabling practitioners to assess the effectiveness of training and

adapt strategies accordingly (McGuigan et al., 2020; Thornton et al., 2019).

External training load refers to the quantifiable physical work performed by

an athlete, often measured through metrics such as distance, speed, and acceleration

using tools such as the Global Navigation Satellite Systems (GNSS) and Inertial

Measurement Unit (IMU) (Miguel et al., 2021). These metrics provide objective

data on the physical demands of training sessions and competitions, forming the

"dose" aspect of the training process.

In contrast, the internal training load represents physiological and psycholog-

ical responses to external loads, reflecting the "stress" experienced by the athlete.

Internal load is commonly assessed through heart rate monitoring, blood lactate

analysis, oxygen consumption measurements and subjective ratings such as the Rat-
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ing of Perceived Exertion (RPE) scale (Bourdon et al., 2017). Although external

load provides objective measures of physical activity, internal load metrics offer

valuable insight into individual variability in training responses (Impellizzeri et al.,

2019).

The interplay between external and internal loads is critical for effective load

management in training. External load data alone cannot fully capture an athlete’s

readiness or capacity to perform as it does not account for individual factors such

as training status, health or environmental conditions. These contextual elements

significantly influence internal load and, consequently, training outcomes (Impel-

lizzeri et al., 2019). Studies have highlighted notable discrepancies between the

training intensities prescribed by the coach and the perceived effort levels of the

athletes, highlighting the importance of monitoring both external and internal loads

to bridge this gap (Inoue et al., 2022).

Due to these factors, accurately estimating the internal load before exercise re-

mains a challenge. For example, two athletes who perform the same external work-

load may experience vastly different internal responses due to variations in fitness

levels, recovery status or environmental stressors (Foster et al., 2017). This vari-

ability underscores the need for individualised monitoring approaches to optimise

training outcomes.

By combining external and internal load measures within a cohesive framework,

practitioners can gain deeper insights into the training process. This integration

supports informed decision making allowing adjustments to improve performance,

reduce fatigue and mitigate risk of injury (Weaving et al., 2014).

2.1.2 Internal-External Load Relationship

Understanding the relationship between external and internal load is essential to

explain why players perceive training sessions or matches as easy, moderate or hard

(Wiig et al., 2020). This relationship also serves as a valuable tool for evaluating

improvements in player efficiency. For example, an athlete who performs higher ex-
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ternal loads compared to a previously lower internal load indicates improved fitness

or adaptation (Delaney et al., 2018). Research in team sports consistently reports

moderate to significant correlations between external and internal load measures.

Metrics such as PlayerLoad and total distance, which reflect external load volume,

are strongly associated with internal measures such as Session Rating of Perceived

Exertion (sRPE) and variables derived from heart rate (Helwig et al., 2023; McLaren

et al., 2018). Similar findings have been observed in elite team sports, including soc-

cer (Gaudino et al., 2015), rugby league (Lovell et al., 2013), and Gaelic football (S.

Malone et al., 2020). External load indicators such as total distance covered, high-

speed running distances, accelerations, and PlayerLoad a proprietary metric derived

from triaxial accelerometer data that quantifies the cumulative rate of change in ac-

celeration across three planes are consistently linked to sRPE (Gómez-Carmona et

al., 2019), highlighting their utility in monitoring athlete performance (Casamichana

et al., 2013; Gaudino et al., 2015; S. Malone et al., 2020).

Despite these correlations, the complexity of the training load dynamics presents

significant challenges for traditional statistical approaches. Methods such as correla-

tion analysis, general linear models and multivariate adjusted within-subject models

provide valuable information, but mainly describe associations and lack predictive

capabilities (McCall et al., 2017). These approaches also struggle to model the non-

linear, interactive and multidimensional relationships inherent in training load data

(Weaving et al., 2017). In addition, they often fail to account for critical factors such

as the varied training modalities, the characteristics of each athlete and the diverse

physiological responses to exercise, limiting their ability to provide personalised in-

formation (Helwig et al., 2023; Wiig et al., 2020). To address these limitations, it is

increasingly recognised that external-internal load relationships should be analysed

at the individual player level. This approach accounts for factors such as train-

ing status, personal characteristics and environmental influences, allowing a more

nuanced understanding of load responses and their implications for training (Im-

pellizzeri et al., 2019). By tailoring training prescriptions to these individualised
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insights, practitioners can enhance training effectiveness and reduce the risk of over-

training or injury.

Given the inherent complexity of these relationships, there is a growing need

for advanced analytical techniques capable of modelling non-linear interactions and

integrating diverse datasets. Future research should prioritise the development of

accurate predictive models that reliably forecast individual outcomes, such as per-

formance and injury risk (McCall et al., 2017). Recent advances in Artificial In-

telligence (AI) and ML underscore their potential for analysing training load data

in team sports. These approaches provide a robust framework for understanding

the intricate interplay between external and internal loads, enabling more precise

and individualised load monitoring. Using AI and ML, practitioners can unlock

new opportunities to optimise training strategies and improve athlete performance

(Claudino et al., 2019).

2.2 Understanding RPE and Oxygen Uptake (VO2)

as Physiological Constructs

Athlete monitoring systems commonly rely on both subjective and objective mea-

sures to assess training load and physiological response. In the context of this thesis,

RPE and VO2 serve as the key dependent variables. A clear understanding of these

constructs is essential to appropriately interpret the machine learning approaches

explored later in the study.

There are two prevailing definitions of perceived exertion (PE), reflecting differ-

ing views on its physiological and psychological basis (Halperin & Emanuel, 2020).

Borg originally defined PE as the feeling of how heavy and strenuous a physical task

is (p. 8), emphasising sensations from the working muscles and cardiorespiratory

system during exercise (Borg, 1998). In contrast, Marcora later conceptualised PE

as the conscious sensation of how hard, heavy, and strenuous a physical task is,

highlighting its cognitive and affective components, particularly linked to breathing
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and effort perception (Marcora, 2010, 2019). Although both perspectives converge

in their practical applicationoften using Borgs RPE scalethey stem from different

theoretical underpinnings. Marcora, for instance, advocates tailoring RPE queries

to the activity type to improve measurement accuracy (Halperin & Emanuel, 2020).

Additionally, Abbiss et al. distinguish between effort (the mental or physical energy

required for a task) and exertion (the sensation of heaviness and strain), cautioning

against the interchangeable use of these terms as it may obscure clarity in research

and application (Abbiss et al., 2015).

The concept of perceived exertion as a measurable construct was pioneered by

Gunnar Borg in the 1970s, driven by the need to quantify an individual’s subjective

experience of effort during physical activity. Borgs early work focused on creating

scales that could reliably capture the intensity of exercise-induced sensations across

individuals, even when objective physiological markers such as heart rate or oxygen

uptake were not available (Lopes et al., 2022).

Initially, Borg introduced a 7-point category scale, which he later expanded

to a 21-point scale to provide more nuanced feedback during physical testing.

Observing that perceived exertion values often paralleled physiological data, Borg

developed the 15-point RPE scale, ranging from 6 to 20, with the design intent

that the RPE score multiplied by 10 approximates heart rate (e.g., RPE 17 �

170 bpm). This relationship made it easier to interpret subjective effort alongside

objective physiological measures such as heart rate and VO2 uptake (Borg, 1998).

To further refine the measurement of exercise intensity and sensory experience,

Borg later introduced the Category-Ratio 10 (CR10) scale. Unlike the fixed-

range 620 scale, the CR10 scale allows for the inclusion of decimal points and

values exceeding 10, enabling more flexible and granular reporting of perceived

effort. This was particularly useful in contexts where exertion exceeded traditional

limits or required finer discrimination between intensity levels. The CR10 scale was

designed to maintain strong correlations with physiological markers, such as heart

rate and oxygen consumption, while improving the sensitivity of perceived exertion
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reporting (Lopes et al., 2022).

Despite the widespread use of RPE scales in sport and exercise science, sev-

eral methodological concerns remain. These challenges stem from inconsistencies in

the definition of perceived effort and the strategies used to measure it (Halperin &

Emanuel, 2020). Discrepancies in how perceived exertion is conceptualisedwhether

as effort, strain, or a combination of sensory cuescan impact the validity and reliabil-

ity of RPE data. Moreover, the effectiveness of RPE scales heavily depends on the

clarity of instructions provided to athletes. Without precise guidance, individuals

may interpret the numerical values differently, leading to measurement error and

reduced comparability across studies or applied settings.

Oxygen uptake (VO2), defined as the volume of oxygen consumed per minute,

is a fundamental parameter in exercise physiology. Reflects the rate at which the

body uses oxygen during physical activity and serves as a direct indicator of aerobic

metabolism. VO2 is widely considered a key marker of cardiorespiratory fitness,

playing a central role in both clinical evaluation and sports performance diagnostics

(Guazzi et al., 2017).

Direct measurement of VO2 is typically performed via open-circuit spirometry,

which calculates the difference between inspired and expired oxygen concentrations.

Alternatively, it can be estimated using the Fick principle, which considers cardiac

output and the arteriovenous oxygen difference (Ferretti, 2015). These laboratory-

based methods represent the gold standard but are often impractical in applied

sport settings due to their cost, complexity, and requirement for controlled testing

environments.

In sport science, VO2 valuesparticularly Maximal Oxygen Uptake (VO2 max)are

frequently used to guide exercise prescription and monitor training load. VO2 max

represents the maximal rate of oxygen consumption and is positively associated with

endurance performance. Elite athletes typically demonstrate significantly higher

VO2 max values, reflecting superior aerobic capacity and enhanced recovery poten-

tial between high-intensity efforts (Srivastava et al., 2024). However, its relationship
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with performance outcomes is context-dependent. For example, while VO2 max

moderately correlates with repeated sprint performance, locomotor variables such

as sprint speed are often stronger predictors (Buchheit, 2012).

Due to the limitations of direct measurement, field-based tests have been widely

adopted to estimate VO2 max. The Yo-Yo Intermittent Endurance Test (YYIET)

and the Bronco 1200 m shuttle run are two commonly used protocols. The YYIET

has shown strong correlations with VO2 max in rugby players (Sulaiman et al., 2012),

although its validity is reduced in youth and female populations (Castagna et al.,

2006; Martínez-Lagunas & Hartmann, 2014). Similarly, the Bronco test showed

moderate correlation with maximal aerobic speed (Maximal Aerobic Speed (MAS))

in rugby players (r = 0.73) but tended to underestimate VO2 max (Bennett et al.,

2024). Research has further shown poor concordance between YYIR1 test estimates

and directly measured VO2 max in elite soccer players (Cabrera Hernández et al.,

2018). These findings highlight the need for sport-specific validation when applying

field tests in high-performance contexts.

Recent advances in wearable technology have enabled the estimation of VO2

max through integrated sensors including HR, GPS, and accelerometry. Consumer-

grade devices such as the Garmin fnix series, Apple Watch, and Polar Ignite use

proprietary algorithms to predict VO2 max during exercise. Algorithm type plays a

crucial role in estimation accuracy: exercise-based algorithms generally yield lower

systematic and random error compared to resting-based methods (Molina-Garcia

et al., 2022).

Accuracy varies by device and population. For instance, the Garmin fnix 6

demonstrated higher accuracy in athletic populations, with a mean absolute per-

centage error (MAPE) of 6.85%, whereas the Apple Watch Series 7 showed a MAPE

of 15.79% in general populations (Carrier et al., 2023; Caserman et al., 2024). The

context of use also matters: the Garmin Forerunner 245 showed improved accuracy

after repeated assessments, reducing its MAPE from 5.58% after one run to 1.06%

after two runs (Düking et al., 2024).
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Despite their accessibility, wearable-derived VO2 max estimates are influenced

by device-specific algorithms, user characteristics, and activity patterns. Studies

comparing different wearables have demonstrated varying degrees of validity, with

some devices overestimating or underestimating VO2 max depending on the use

case (Freeberg et al., 2019; Hernandez et al., 2023). These findings underscore the

importance of validating wearables for specific populations and cautioning against

overreliance on single-session estimates for training decisions.

2.3 Machine Learning

This section provides an overview of key ML principles, focussing on their application

to team sports data. Traditional approaches to sports analytics rely on predefined

rules and structured data to solve specific problems. In contrast, ML, a branch of

AI, adopts a data-driven approach to uncover patterns and relationships in high-

dimensional data. ML offers flexible methods for making predictions and improving

decision-making for athletes (Blei & Smyth, 2017). During the past two decades, AI

and ML have significantly transformed sports analytics, improving insights into both

performance metrics and injury risk (Chmait & Westerbeek, 2021). ML encompasses

a variety of algorithms that enable systems to learn from data and improve their

performance over time without requiring explicit programming (Bodemer, n.d.).

These algorithms are generally classified into supervised learning, which uses input-

output data pairs to build predictive models (Singh et al., 2016) and unsupervised

learning, which relies solely on input data to identify patterns or clusters and inform

data-driven decisions (Bishop, 2006).

In team sports, a systematic review identified eleven distinct AI techniques ap-

plied in twelve sports, with the most widely used methods being Neural Networks

(NN), Decision Tree (DT) classifiers, and Support Vector Machine (SVM) (Claudino

et al., 2019). Approximately two-thirds of these studies focused on improving sport-

ing performance, while the rest addressed injury risk assessment. This highlights

the growing interest in the use of AI and ML to optimise player performance and
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mitigate injury risks in team sports. AI tools have the potential to revolutionise the

prescription of training load by providing coaches and practitioners with data-driven

insights to optimise training plans and manage athlete workloads. By analysing

historical and real-time data, these tools can tailor individual training loads, con-

sidering variables such as personal characteristics and environmental factors. This

level of personalisation not only enhances training results but also reduces the risk

of overtraining, contributing to improved athletic performance (Bodemer, n.d.).

2.4 Understanding Athlete Responses to Training

Load

Understanding how athletes respond to training is a fundamental aspect of sports

science, essential to optimise performance and reduce injury risk. This involves eval-

uating internal parameters, which measure the physiological response of the body

to exercise, in four key areas as outlined by Helwig et al. (2023). Their frame-

work emphasises internal load during exercise, evaluated through metrics such as

heart rate indices, RPE, VO2, and lactate levels, to gauge the intensity of exercise.

Long-term adaptations such as improvements in VO2 max, evaluate how consistent

training enhances aerobic capacity. Evaluating current health and fitness status,

shaped by factors such as age, gender and genetics establishes a baseline for tailor-

ing training interventions. Crucially, the framework integrates internal parameters

with external load data collected through wearable devices, such as Microelectrome-

chanical Systems (MEMS), enabling a deeper understanding of how physiological

responses, such as heart rate or RPE, correlate with objective movement and ef-

fort data. This integration supports the growing interest in continuous real-time

monitoring of internal load during training and match play, facilitating the transi-

tion from laboratory-based assessments to practical field applications. This review

synthesises empirical studies and methodological frameworks from the last decade,

focusing on machine learning applied to internal-external load relationships and
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subjective athlete responses.

In the following sections, the ability of ML is explored to enhance our under-

standing of the relationship between external wearable sensor data and athlete phys-

iological responses. In Section 2.4.1, the role of ML in predicting athlete responses

is examined, with a focus on planning training loads through RPE. This is followed

by an exploration of recovery status indicators after exercise in Section 2.4.2. Next,

in Section 2.4.3, the impact of feature engineering on wearable sensor data to im-

prove the accuracy and reliability of these predictions is reviewed. The potential of

ML to estimate fitness status is outlined in Section 2.4.4, specifically through the

prediction of oxygen uptake from wearable sensor data, as detailed in Section 2.4.5.

Together, these sections provide a comprehensive approach to athlete monitoring

and performance optimisation.

2.4.1 Machine Learning Applications in RPE Prediction

RPE has emerged as a widely used proxy of internal load in sport science due to its

simplicity and cost-effectiveness. However, predicting RPE from external load data

remains challenging due to inter-individual variation and the limitations of linear

modelling. Machine learning offers an opportunity to model non-linear, multivariate

relationships between athlete workload and perceived exertion.

Accurately prescribing individualised training loads remains a significant chal-

lenge in team sports. Athletes often perceive training sessions as more or less intense

than the practitioners intended, which can lead to maladaptation or suboptimal per-

formance if not effectively managed (Brink et al., 2014). Despite the recognised dif-

ferences in athletes’ responses to the same external training loads (Impellizzeri et al.,

2019), physical training is typically planned around external load variables obtained

from GNSS in team sports (Ravé et al., 2020). Individual variations in physiological

and psychological responses can result in vastly different outcomes among players

(T. Gallo et al., 2015; S. Malone et al., 2020). This variability underscores the

need for more sophisticated tools to address inter-individual differences. Predicting
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how GNSS data and additional factors influence the RPE is essential for examining

athletes’ responses. This approach can help in accurately prescribing individualised

internal loads by manipulating GNSS variables to drive and promote adaptation.

ML techniques have demonstrated superior performance in predicting athletes’

responses to training load compared to traditional methods, enabling more per-

sonalised load monitoring (Bartlett et al., 2017; Jaspers et al., 2018). One of the

first applications of ML in team sports was conducted by Bartlett et al. (2017),

who used NN to predict RPE, highlighting the need for an individual approach to

training load monitoring. Their experiments highlighted the ability of GNSS vari-

ables such as session distance and speed to predict RPE. However, the exclusion of

key GNSS metrics like accelerations and decelerations, along with the absence of

individual factors such as fitness or psychological status, limited its application to

intermittent team sports. While NN improved predictive accuracy, their black-box

nature hindered interpretability for practical use.

Further research sought to address these limitations by analysing a broader range

of GNSS variables and incorporating individual characteristics to enhance personal-

isation. Employing more interpretable ML techniques, such as feature importance

analysis, could make findings more actionable while maintaining accuracy. The

study by Bastiaansen et al. (2020) provided a foundational framework, but further

investigation was needed to maximise its practical utility.

Based on this, Jaspers et al. (2018) incorporated a larger set of external load in-

dicators (67 External Load Indices (ELI)) and compared the predictive performance

of the ANN and the Least Absolute Shrinkage and Selection Operator (LASSO)

models. By including additional variables, such as accelerations and decelerations,

they addressed some limitations of earlier studies. LASSO outperformed the neural

network, achieving a 29.8% reduction in mean absolute error over a naive baseline.

This demonstrated that simpler, interpretable models can outperform complex ones

when variable selection and multicollinearity are well-managed. However, the model

still lacked individual characteristics such as fitness or recovery status, limiting its
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ability to personalise training prescriptions.

Advancing the field, Geurkink et al. (2019) modelled the sRPE using Gradi-

ent Boosting Machine (GBM), integrating variables beyond ELI. This research was

among the first ones to incorporate Internal Load Indices (ILI), individual char-

acteristics, and supplementary variables into predictive modelling. ELI accounted

for 61.5% of the model’s predictive power, with the remainder from supplementary

variables. However, player-specific markers contributed only 17%, raising concerns

about overfitting and generalisability. ILI and Individual Characteristics (IC) were

minimally predictive (1.0% and 4.5%, respectively). The limited range of extreme

sRPE values further restricted the models applicability.

Rossi et al. (2019) made significant progress by incorporating contextual fac-

tors, workload metrics, and individual characteristics to predict RPE and sRPE.

It was the first study to compare the predictive performance of RPE and sRPE,

revealing that training volume, particularly total distance, was the strongest predic-

tor, outperforming intensity-based metrics such as high-speed running. Aggregated

sRPE predictions were more accurate than RPE due to their reduced variability.

Contextual factors, such as proximity to the match and psychological stress, also

significantly influenced perceived exertion. Acute workloads were more strongly as-

sociated with RPE than chronic workloads or metrics such as the acute-to-chronic

workload ratio. A strength of this study was the use of Recursive Feature Elimi-

nation with Cross-Validation (RFECV) for feature reduction, focussing on relevant

predictors. However, the absence of correlation analysis may have inflated the im-

portance of multicollinear variables, reducing the models robustness. The models

also struggled with extreme RPE values, suggesting a need for methodological refine-

ment and larger datasets. Although several ML methods were tested, including DT,

Random Forest (RF), and Support Vector Regression, the results focused mainly on

ordinal regression, limiting insight into model comparisons.

Marynowicz et al. (2021) emphasised model interpretability and individualisa-

tion, demonstrating the use of DT models in football. DT models provide clear vi-
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sualisations and interpretable relationships between predictors and outcomes. They

found that individualised models outperformed group-level models in predicting

RPE, reflecting the variability in physiological and psychological responses among

young athletes. The model prioritised high-speed running per minute as the most

important predictor, contrasting with previous studies that emphasised volume met-

rics. However, the rationale for de-emphasising volume was not clearly justified,

potentially overlooking its relevance in cumulative load and recovery, particularly in

youth athletes.

Together, these studies highlight the evolution of ML applications in predicting

RPE using GNSS data, highlighting advances and challenges. Early studies used NN

to emphasise individualisation, but often excluded key variables and lacked integra-

tion of individual characteristics. Subsequent research incorporated a wider range

of indicators and compared different ML models, finding that simpler models can

outperform complex algorithms when effectively managed. However, gaps remain

in the integration of relative load measures, contextual factors, and individual char-

acteristics. Models often struggle with generalisability and predicting extreme RPE

values due to overfitting and data set limitations. Building on these advancements,

this study in Chapter 4 will address these limitations by developing predictive mod-

els tailored for elite Gaelic football. Absolute and relative GNSS measures along

with individual, contextual, and perceived wellness variables will be incorporated to

improve RPE prediction and optimise training load monitoring. In addition, a wide

range of classification and regression models will be compared to identify the most

effective algorithms for our specific context.

2.4.2 Machine Learning Applications in Predicting Recov-

ery Status

Monitoring athlete fatigue and recovery is crucial to devising effective training sched-

ules and optimising performance. The recovery process is complex, influenced by

intrinsic factors such as training status, age, and gender, as well as extrinsic factors
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such as match results and opponent quality. This complexity leads to significant vari-

ability in the recovery time between players (Nédélec et al., 2012, 2013). Despite

the popularity of subjective wellness questionnaires, few studies have successfully

integrated these with objective training load data for predictive purposes. ML ap-

proaches, by modelling these multidimensional datasets, can bridge this gap and

support more individualised recovery monitoring.

A systematic review by Doeven et al. (2017) highlights the necessity of un-

derstanding recovery profiles in team ball sports such as soccer, rugby, handball,

basketball and Australian rules football. These sports involve high-intensity, inter-

mittent activities that place unique demands on athletes, including frequent jumps,

sprints and collisions (Taylor et al., 2017). Consequently, specific recovery strategies

are required to address the distinct physiological stresses of each sport. The review

concludes that there is substantial variability in postmatch recovery time courses in

different team ball sports, observed both within and between physical performance

tests and biochemical markers (Doeven et al., 2017). Physical performance metrics

such as Countermovement Movement Jump (CMJ) height and sprint times, recover

more rapidly than biochemical markers such as Creatine Kinase (CK) levels. For ex-

ample, players might be physically ready for subsequent training sessions or matches

as early as 48 hours after the match based on performance recovery measures. How-

ever, impairments in sprinting and jumping abilities can persist up to 72 hours after

a match (J. R. Silva et al., 2018).

Research in minor Gaelic football players demonstrated significant short-term

changes in markers of muscle damage, soreness, and performance measures, such

as CMJ height and sprint times of 5 m and 20 m after match play. CK levels,

Delayed-Onset Muscle Soreness (DOMS) and sprint performance were transiently

affected, muscle force and leukocyte counts showed significant fluctuations over a

60-hour period (Sheridan, 2021). These findings underscore the substantial physical

demands of Gaelic football and the specific recovery requirements after a match.

Insufficient recovery time can lead to both acute and chronic fatigue, potentially
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leading to underperformance and an increased risk of injury. The challenge of op-

timising recovery is further compounded by considerable inter-individual variability

in responses to training and competitive matches (Nédélec et al., 2012; J. R. Silva

et al., 2018). This variability requires personalised recovery strategies to ensure that

each athlete can return to optimal performance levels safely and effectively.

Determining which external load variables during soccer matches predict post-

match acute and residual fatigue could help adjust training programmes to minimise

injury risk and improve recovery. For example, running distance above 5.5 m s�1 was

identified as the most sensitive variable for predicting biochemical and neuromus-

cular responses within the first 24 hours post-match. It showed a strong correlation

between muscle damage markers and CMJ Peak Power Output (PPO). For every

100 metres run above 5.5 m s�1, CK activity increased by 30%, and CMJ PPO de-

creased by 0.5% 24 hours after the match. In contrast, the total distance covered

did not show a significant relationship with fatigue-related markers, indicating that

it is not a sensitive measure for fatigue monitoring (Hader et al., 2019). The anal-

ysis techniques in this study found no strong link between the tracking data and

subjective markers of the players after the matches, although many soccer clubs use

simple self-report tools to check the recovery and well-being of the players.

Subjective measures, such as self-reported recovery and wellness scores, are

widely used due to their ease of implementation and low cost (Saw et al., 2016).

These measures provide valuable information on the physical stress and recovery

needs of athletes, helping inform training decisions and optimise performance. How-

ever, balancing exercise intensity and recovery remains a critical component of the

training process to prevent performance declines and health issues (Bourdon et al.,

2017; Halson, 2014). Despite their value, subjective scores are influenced by psy-

chological and contextual factors, which may limit objectivity. Integrating these

with physiological markerssuch as heart rate variability (HRV), electromyography

(EMG), and skin temperaturecan improve the sensitivity of recovery models. How-

ever, these sensors are underutilised in team sport settings, likely due to cost, prac-
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ticality, or validation constraints.

GNSS have revolutionised athlete monitoring by enabling the collection of ex-

tensive data on players’ training and match workloads. This data provides a multi-

dimensional perspective on players’ physical demands, offering a more comprehen-

sive understanding of their health and performance compared to traditional one-

dimensional approaches (Rossi et al., 2022). Previous studies relying on single-

variable analyses often oversimplified the complexity of training stimuli, missing

intricate patterns within workloads (T. F. Gallo et al., 2016). ML models have the

capacity to uncover latent patterns within complex, high-dimensional databridg-

ing subjective self-report tools and objective sensor data to produce more accurate,

individualised recovery predictions.

ML techniques present a promising solution for predicting player wellness and

recovery by analysing multidimensional training load data. These models enable

sports scientists to simulate player responses to varying workloads, providing deeper

insights into how training stimuli affect recovery and wellness. This data-driven ap-

proach facilitates the development of optimised training schedules, enhancing per-

formance and recovery outcomes (Mandorino et al., 2022; Op De Beéck et al., 2019).

Op De Beéck et al. (2019) employed Gradient Boosting (GB) regression model

to predict Future Perceived Wellness (FPW) in professional soccer players. Their

model incorporated external load, internal load, and Presession Perceived Wellness

(PPW), offering some individualisation. However, intrinsic factors such as age and

fitness status were not explicitly accounted for, and contextual factors such as match

schedules were excluded, potentially limiting the model’s applicability. Despite these

limitations, the study demonstrated how ML techniques can uncover complex rela-

tionships between training loads and wellness outcomes, paving the way for more

personalised training programmes. Rossi et al. (2022) used XGBoost to predict

FPW, achieving 74% accuracy in cross-validation and 87% in real-scenario valida-

tion. Chronic workload metrics, such as high metabolic load distance per minute and

accelerations, were the most important predictors. However, intrinsic factors such
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as age, training status and position, as well as contextual variables such as match

results or opponent quality, were not included. This study highlighted the significant

impact of specific external workload features on players’ wellness and recovery status

throughout the season. Mandorino et al. (2022) addressed previous gaps using ML

to predict recovery status, measured as Total Quality Recovery (TQR) scale based

on internal and external training load metrics. Their study demonstrated the util-

ity of features such as previous TQR, age and decelerations for predicting recovery,

but also noted challenges such as class imbalance and the absence of external vali-

dation. In future work, including underused physiological variables and contextual

features such as travel, match pressure, or sleep quality may further improve model

robustness.

Chapter 5.2.1 builds on these findings by integrating recovery status to detect

early signs of fatigue and maximise players performance. This approach improves the

integration of recovery metrics with training load analysis, offering a comprehensive

method to optimise training, reduce injury risk, and support athlete well-being. The

dual focus on recovery and training load establishes a robust framework to manage

performance and ensure physical and psychological readiness (Selmi et al., 2018).

...

2.4.3 Improving Machine Learning Models with Feature En-

gineering of GNSS and IMU Data

Building on the importance of predicting athlete responses to training load, the

next step involves enhancing the predictive power of ML models by using advanced

data sources and feature engineering techniques. GNSS combined with IMU signals

are widely used to track athletes’ positions and physical demands during training

and competition (Gómez-Carmona et al., 2019; Theodoropoulos et al., 2020). The

analysis of data collected from these wearable devices provides valuable insights

into the activities of players and their relationships with performance, enabling a

better understanding and management of training demands (Claudino et al., 2019;
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Mandorino et al., 2024).

Wearable GNSS devices typically produce summarised features such as total dis-

tance, high speed running, and average speed during a session or specific periods

(Cardinale & Varley, 2017). Additionally, they can offer mechanical and energetic

information, including accelerations, decelerations, and energy expenditure (Gray

et al., 2018). However, the precision of these measurements can be influenced by

technical factors, such as the devices sampling frequency, signal filtering, and satel-

lite configuration. For example, GNSS devices often struggle with precision over

short, high-speed movements or sharp turns due to low-velocity filtering (Varley

et al., 2017). Moreover, the quality of the GNSS signals depends on the number and

arrangement of satellites in the sky, which affects the accuracy and consistency (J. J.

Malone et al., 2017). Despite these limitations, the integration of IMU technology

with GNSS data has enhanced the capabilities of wearable devices. IMU provide

additional data on accelerations, angular velocity, and orientation, complementing

GNSS-based measurements and improving overall reliability. This integration ad-

dresses some limitations of GNSS, particularly in high-speed or multidirectional

movements, where IMU can bridge data gaps (J. J. Malone et al., 2017).

Practitioners typically rely on summarised GNSS data for player monitoring,

often neglecting the raw GNSS and IMU data. A study predicting Acceleration-

Velocity (A-V) profiles in elite football players combined commercial GNSS features

with novel features extracted from raw data. Using mean values and exponential

weighting functions, features were engineered from both time and frequency do-

mains, employing the discrete Fourier transform and the TSfresh Python module

to identify 779 potential features. The 10 most relevant characteristics were se-

lected on the basis of statistical significance (F statistic and p-value). Although

GNSS features alone showed limited relevance in predicting A-V profiles, the study

highlighted the potential of advanced signal processing and higher sampling rates to

improve performance and injury modelling (Imbach et al., 2022). Kim et al. (2022)

introduced a novel deep-learning model, FatigueNet, to predict RPE using raw move-
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ment data rather than aggregated features. The raw GNSS data was transformed

into local coordinates, down-sampled to reduce noise, and subjected to feature en-

gineering to calculate feature vectors for each player. These vectors included both

linear (velocity, acceleration, jerk) and angular (angular velocity, angular accelera-

tion, angular jerk) components, better capturing the demands of intense team sports

activities such as sprints and directional changes. FatigueNet demonstrated superior

performance in RPE prediction, achieving a MAE of 0:8494 � 0:0557 and a Root

Mean Square Error (RMSE) of 1:2166�0:0737, representing a 22.66% improvement

in MAE and an 11.17% improvement in RMSE compared to the best GB regression

model.

White et al. (2022) introduced a new methodological framework for identify-

ing Sequential Movement Patterns (SMP) in athletes using GNSS data, improving

the evaluation of external load structures in sports. This framework integrates

spatiotemporal data, including geospatial coordinates (latitude and longitude), in-

stantaneous velocity, and acceleration, to analyse athlete movement sequences in

a comprehensive way. Movement units were formed by segmenting the data into

distinct actions based on these variables. A key component was the computation

of turning angles, defined as changes in direction between consecutive GNSS sam-

ples, capturing critical directional changes for field-based team sports. Antonini

et al. (2024) introduced a multistep feature engineering framework to transform

raw sequential data into optimised feature sets for ML applications. This frame-

work addresses the challenges posed by raw data, which, while abundant, is not

inherently suitable for direct analysis or ML tasks. The transformation involves

multiple processing steps to refine and structure the data, making it applicable to

both supervised and unsupervised ML models.

In addition to traditional time-domain features, researchers have explored frequency-

domain and shape-based representations to improve the sensitivity of ML models

to complex movement dynamics. Techniques such as Fast Fourier Transform (FFT)

(Alemayoh et al., 2021) and discrete wavelet transform (DWT) (Mitchell et al.,
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2013) enable the extraction of spectral and structural features from GNSS or IMU

time series. These features can improve model performance in detecting fatigue,

load patterns, and abnormal events. Such transformations are particularly useful

for capturing periodicity, intensity fluctuations, or subtle variations in movement

profiles that are not evident in basic kinematic data.

Recent studies have also introduced alternative machine learning architectures

beyond tree-based models and standard neural networks. Hybrid models, such as

convolutional LSTM (CNNLSTM) networks, and attention-based mechanisms have

been proposed to capture spatiotemporal dependencies in athlete movement data

(Chang et al., 2023). While these approaches show promise, their practical deploy-

ment in applied sport settings remains limited due to challenges related to inter-

pretability, computational demands, and data requirements. In parallel, unsuper-

vised approachessuch as clustering and dimensionality reductionare gaining traction

for identifying movement signatures and recovery states without the need for la-

belled outcomes (J. Wang et al., 2019). Emerging alternatives such as unsupervised

learning, frequency-domain features, and hybrid deep learning models offer potential

for future work but remain limited in their current application due to deployment

and interpretability challenges

In Chapter 5.2.1, these studies will be built on to develop a feature engineering

process that allows more stable and accurate predictions of athlete responses to

training. Using raw GNSS and IMU data, the temporal and mechanical aspects

of movement, such as acceleration, deceleration, and directional changes will be

examined. This approach provides a deeper understanding of how athletes respond

to training loads, improves the reliability of ML models and supports better training

and recovery strategies.
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2.4.4 Machine Learning Applications in Predicting Fitness

Status

The training loads in soccer are designed to improve the fitness of the players by

tailoring the intensity and volume to individual needs throughout the season (Im-

pellizzeri et al., 2005). However, group exercises can produce varied effects on per-

formance, as they often do not take into account the unique fitness level of each

player, which can lead to suboptimal improvements. The dose-response relationship

in training describes how the training load influences physical and physiological

adaptations (Impellizzeri et al., 2023). This relationship is shaped by factors such

as player readiness, training suitability, season stage and exercise customisation.

Furthermore, the methods used to measure training loads significantly affect this

relationship, influencing the accuracy of adaptation assessments. Machine learning

models offer an emerging avenue for estimating aerobic capacity and performance

status without additional testing burden. Accurate modelling of athlete fitness us-

ing GNSS-derived data provides a means of assessing adaptations over time in a

minimally intrusive way (Imbach et al., 2022). This invisible monitoring approach

holds particular promise in congested team sport schedules, where traditional fitness

testing may be impractical or disruptive to periodised plans.

Invisible monitoring leverages data collected during regular training sessions,

avoiding additional testing burdens on players or coaches (S. W. West et al., 2021).

This unobtrusive approach eliminates the need for traditional invasive testing pro-

cedures used to track physiological changes, making it an attractive alternative to

monitor player adaptations over time (Lacome et al., 2018). Submaximal fitness

tests have gained popularity for their efficiency in time and ease of administration

(Shushan et al., 2023). These tests, categorised by exercise regimens and intensity

progressions, typically rely on heart rate-derived indices to assess training effects,

offering a practical method of tracking positive adaptations (Shushan et al., 2022).

Recent advances in machine learning have introduced innovative techniques for

predicting fitness status. A new fitness index uses machine learning to compare
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actual and predicted heart rates during training sessions, providing a novel non-

invasive metric to assess player fitness. This fitness index holds promise for practical

applications in soccer, such as personalised training adjustments and injury preven-

tion. Integrating this index with traditional fitness tests could further enhance the

accuracy of fitness evaluations and the effectiveness of individualised training pro-

grammes (Mandorino et al., 2024). Other wearable metrics, such as heart rate vari-

ability (HRV), skin temperature, or sweat-based sensors, may offer complementary

physiological insights, but their adoption remains limited by issues with accuracy,

validation, and practicality in applied team sport environments (Seshadri et al.,

2019a).

The training loads in soccer are designed to improve the fitness of the players

by tailoring the intensity and volume to individual needs throughout the season

(Impellizzeri et al., 2005). However, group exercises can produce varied effects on

performance, as they often do not take into account the unique fitness level of each

player, which can lead to suboptimal improvements. The dose-response relationship

in training describes how the training load influences physical and physiological

adaptations (Impellizzeri et al., 2023). This relationship is shaped by factors such

as player readiness, training suitability, season stage and exercise customisation.

Furthermore, the methods used to measure training loads significantly affect this

relationship, influencing the accuracy of adaptation assessments. Accurate mod-

elling of athletic performance using GNSS data offers another approach to improve

understanding and prediction of player performance (Imbach et al., 2022). This

data-driven method provides information on player workloads without the need for

additional testing, allowing more precise fitness and performance evaluations.

2.4.5 Estimating Oxygen Uptake from Wearable Sensor Data

Emerging methods for fitness assessment have advanced non-invasive monitoring

techniques for evaluating player performance discussed above. Although these ap-

proaches provide valuable information, they often only offer estimates rather than
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precise measurements of the physiological demands placed on athletes (Impellizzeri

et al., 2005). Internal responses, stimulated by external loads during exercise, drive

critical adaptations. However, these adaptations can only be directly measured by

fitness testing (Clemente et al., 2019). Manari et al. (2016) highlight VO2 max as a

key metabolic parameter to determine the role of an athlete on the field and training

needs in elite soccer, showing significant variability between positions and seasonal

phases. In contrast, VO2 at anaerobic threshold remains stable, which underscores

its reliability in assessing overall performance.

Team sports require a high aerobic contribution, making it essential to track

changes in aerobic fitness to optimise performance. Aerobic fitness significantly

influences key performance metrics such as repeated sprint ability and fatigue re-

sistance, both critical to maintaining high intensity performance in team sports

(Gharbi et al., 2015; Kelly et al., 2018). For example, research in Gaelic football

demonstrates that players with superior aerobic adaptations, measured by VO2 max,

cover greater distances during games, emphasising the importance of systematically

monitoring and developing aerobic fitness to improve on-field performance (Daly

et al., 2024).

Traditional fitness testing methods, such as spiroergometry or cardiopulmonary

assessments, are often impractical during competitive periods due to scheduling

constraints (Doeven et al., 2017). As a result, tests are typically limited to the pre-

season, leaving gaps in the monitoring of fitness levels and adaptations throughout

the season (Altmann et al., 2020). To address this limitation, there is a growing

need for non-obtrusive methods that allow for continuous monitoring of aerobic

fitness. Recent advances in wearable technology have highlighted the potential of

using external load metrics to estimate aerobic adaptations such as VO2 max. Hel-

wig et al. (2023) demonstrated that accumulated metrics such as PlayerLoadTM,

total distances, and intensity-specific movement zones (e.g., high speed running and

accelerations) strongly correlate with VO2 max improvements over time (Clemente

et al., 2019). Derived from MEMS, these wearable-based metrics offer practical,
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noninvasive alternatives to traditional laboratory assessments, making them highly

suitable for field-based sports environments.

Estimating energetic demands during team sports remains complex due to the

dynamic nature of play, characterised by frequent accelerations, decelerations, and

collisions (Taylor et al., 2017). GNSS-based metabolic power calculations have been

proposed as a method to estimate instantaneous metabolic power and oxygen con-

sumption (di Prampero & Osgnach, 2018; Osgnach & di Prampero, 2018). Although

this approach provides valuable information on the energetic demands of team sports

(S. Malone et al., 2017), its validity remains contested. Some studies report strong

correlations with indirect calorimetry (Osgnach et al., 2016), while others highlight

significant underestimations under certain conditions (Oxendale et al., 2017; Savoia

et al., 2020).

To address these challenges, alternative approaches to quantifying loads for team

sport athletes are required. IMU, which combine 3D accelerometers, 3D gyroscopes

and 3D magnetometers, offer a promising solution. Captured at high frequencies

(e.g. 100 Hz), the IMU data provides a more sensitive measure of high-intensity

actions (Nedergaard et al., 2014). Custom accelerometer metrics derived from these

data enable the quantification of three-dimensional movement and the estimation

of oxygen consumption, although accuracy varies depending on activity (Gómez-

Carmona et al., 2019; Vähä-Ypyä et al., 2023). Building on these advancements, ML

has emerged as a transformative tool to model human physiological responses from

sensor data, addressing the limitations of traditional statistical models. Unlike these

models, which depend on significant predictors and often struggle with non-linear

and complex relationships, ML techniques excel at uncovering intricate patterns

within high-dimensional data (Zignoli et al., 2019). For example, ML models that

use inputs such as heart rate, respiration rate and acceleration data from medical-

grade wearables have significantly reduced errors in VO2 estimation. In particular,

during progressively intense exercises, such as the Bruce treadmill test, ML methods

demonstrated superior accuracy compared to traditional heart rate-based models (Z.
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Wang et al., 2022).

Recent advancements in VO2 estimation during exercise have explored a variety

of ML models, including random forests, LSTM networks, and Temporal Convolu-

tional Networks (TCN). These models use various inputs, such as heart rate, work

rate and accelerometer data, to predict ML dynamics at different intensity levels

of exercise (Altini et al., 2016; Beltrame et al., 2016; Hedge & Hughson, 2020).

Integrating data from IMU, GNSS, and heart rate sensors has further enhanced

prediction accuracy during outdoor activities, highlighting the potential of neural

networks for real-time energy expenditure assessments (Davidson et al., 2023). In

particular, ML models have proven to be effective in estimating VO2 dynamics dur-

ing both steady-state and non-steady-state activities, including transitions between

exercise intensities (Hedge et al., 2023). The development of personalised models

marks a significant advancement in this domain. LSTM neural networks, trained

on individual-specific data such as heart rate, mechanical power output, cadence,

and respiratory rate have demonstrated high predictive accuracy in diverse exer-

cise intensities (Zignoli et al., 2020). Such models facilitate the transition from

laboratory-based assessments to field applications, enabling non-intrusive, real-time

monitoring of aerobic fitness (Alzamer et al., 2021). By integrating wearable sen-

sor data with ML algorithms, coaches and sports scientists can create personalised

fitness models for athletes, continuously monitor cardiorespiratory fitness, and op-

timise training loads during both games and training. This approach represents

a pivotal step in improving athletic performance and understanding physiological

states in real world scenarios.

Despite these advancements, to date, no study has specifically examined the use

of ML to predict VO2 during team sports activities. This represents a unique chal-

lenge due to the intermittent nature of these sports and their frequent transitions

between different intensity states. The dynamic and unpredictable nature of team

sports introduces additional complexities in modelling VO2 dynamics, requiring ad-

vanced ML techniques capable of handling non-linear relationships and real-time
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variations in physiological responses. Addressing this gap presents an opportunity

for innovative approaches accurately to monitor and predict oxygen uptake in such

demanding environments. Chapter 6 will focus on investigating the performance of

various ML models to predict individual VO2 during simulated team sports circuits,

using physiological test data collected during graded exercise tests in a laboratory

setting. By integrating data from a combination of body-worn accelerometers, this

study evaluate of the ability of IMU motion data ability to estimate VO2. Person-

alised models developed from preseason test data allow for continuous monitoring of

VO2 demands during training, providing valuable insights into athletes’ responses

to exercise and supporting performance optimisation and load management.

2.5 Summary

This chapter explored the role of ML in enhancing athlete monitoring through wear-

able sensor data, identifying critical gaps and opportunities that shaped the direction

of this research. The review began by detailing the frameworks that underpin ath-

lete monitoring, distinguishing between internal and external loads. It highlighted

the inherent challenge of managing internal loads, which are only measurable af-

ter training or competition. This challenge is further complicated by individual

differences, which result in unique responses among athletes, and the reliance on

subjective measures such as RPE.

The discussion then progressed to the advantages of applying ML to model the

dose-response relationship between internal and external loads. Unlike traditional

methods, ML models can integrate diverse data sources, providing a more com-

prehensive understanding of this relationship. These models have the potential to

identify key factors that influence internal loads (for example, RPE and offer in-

sight into the status of an athlete, allowing more informed and personalised training

strategies.

The review then addressed the limitations of current research, which focusses

primarily on aggregated sensor data, and examined the potential of using raw, high-
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resolution wearable sensor data to build predictive models. Incorporating raw data

can enhance the accuracy and reliability of predictions, offering a richer understand-

ing of the relationship between training loads and athlete responses.

Finally, the chapter explored whether raw sensor data could be used to predict

physiological responses, such as VO2. This approach could overcome the reliance

on subjective metrics like RPE by providing objective, non-intrusive methods for

monitoring internal loads. Advancing this understanding could significantly improve

the precision of training load management and expand the utility of wearable sensor

data in sports science.

Through this progression, the chapter identified the research gaps addressed in

this thesis: the need for integrating raw sensor data, leveraging advanced feature en-

gineering, and applying ML to predict both perceptual and physiological responses.

These foundations set the stage for the subsequent chapters, where these challenges

are systematically tackled to advance the field of athlete monitoring.
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Chapter 3

Data Acquisition and Machine

Learning Methods

This chapter outlines the data collection hardware and methodologies employed in

this research to generate the data required for subsequent machine learning ex-

periments. Reusing existing data was not feasible due to the need for validated

methodologies that ensured the accuracy, consistency, and relevance of the data for

this specific context. Developing and adhering to a rigorous data acquisition process

was considered a critical step to ensure the quality of the data and its suitability to

address research objectives. Consequently, it was necessary to acquire or generate

custom data sets tailored to the requirements of the three major studies presented

in this thesis.

The chapter begins with a description of the devices and instruments in Section

3.1 used to generate data for each of the three studies that form the basis of this

investigation. In Section 3.2 a detailed account of the data acquisition process for

each experiment is provided. This includes descriptions of the hardware devices

used, the methodologies implemented, and the adherence to established practices

and standards during data collection. This comprehensive overview of the data and

methods establishes a solid foundation for presenting the results in the following

chapters.
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3.1 Common Equipment, Instruments and Ma-

chine Learning Models

In this section, an overview of each sensor, together with their characteristics and ca-

pabilities is outlined. Some equipment is commonly used in sports- or activity-based

research, while others are less common and are used in more specialised experiments.

Wearable tracking sensors, such as Inertial Measurement Unit (IMU) and Global

Navigation Satellite Systems (GNSS), are widely used to monitor athletes’ move-

ment, energy expenditure and biomechanical and physiological parameters. These

tools are key in tailoring training regimens to reduce the risk of soft tissue injuries

(Seshadri et al., 2019b).

3.1.1 Global Navigation Satellite Systems (GNSS)

Originally developed for military applications, the GNSS technology consists of a

satellite network that provides precise time and position data. A GNSS receiver

calculates three-dimensional positions by determining the distance to multiple satel-

lites, enabling accurate measurements of speed and position. Traditional methods

for measuring human locomotion, often constrained by frame rate, viewing angle,

and location suitability, have limitations. The introduction of GNSS in the 1990s

provided a more flexible and accurate alternative, allowing improved measurement

capabilities in field studies (Townshend et al., 2008). GNSS has shown promise in

assessing speed during physical activities. However, improvements are necessary to

increase accuracy, particularly at lower speeds. Future research should focus on the

potential benefits of differential GNSS corrections to improve precision (Schutz &

Chambaz, 1997). Non-differential GNSS refers to the standard method in which

a single GNSS receiver determines its position, speed and other data solely based

on signals from GNSS satellites. Speed measurements using non-differential GNSS,

particularly through the Doppler shift method, demonstrate high accuracy and are

strongly correlated with actual speeds, especially on straight paths, and maintained
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reasonable accuracy even on curved paths. Speed data obtained by Doppler shift

and positional changes over time were compared with actual speeds measured by

chronometry, confirming the reliability of the method (Townshend et al., 2008).

In contrast, differential GNSS improves accuracy by using a network of station-

ary reference stations that have known positions. These stations calculate errors in

satellite signals they receive and send correction data to nearby mobile GNSS re-

ceivers. The mobile receivers then adjust their calculated position and speed based

on these corrections, significantly enhancing accuracy. differential GNSS is a reliable

tool for assessing human locomotion speed, offering significant improvements over

traditional methods and nondifferential GNSS. Studies show that differential GNSS

improves accuracy by a factor of 10 compared to non-differential GNSS, making

it a superior option for precise speed measurement in physical activity evaluations

(Schutz & Herren, 2000). The utility of differential GNSS suggests that, in the

future, it may combine with other biosignals to conduct comprehensive studies of

exercise physiology in the field. It demonstrates the utility of differential GNSS in

improving the accuracy and applicability of sport-specific field tests, contributing

valuable insights to research on exercise physiology (Larsson, 2003).

3.1.2 Inertial Measurement Unit (IMU)

An IMU is a sensor device that measures and reports a specific force, angular rate

and sometimes the magnetic field surrounding the device. IMU have gained popular-

ity because of their compact size and ease of attachment to body segments. These

wearable sensors typically contain a gyroscope, magnetometer and accelerometer

to measure motion and orientation, making them practical and discreet. IMU can

provide three-dimensional rotational data for each body segment by combining data

from these components, allowing sufficiently accurate kinematic calculations outside

laboratory settings (Morrow et al., 2017).
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Accelerometer

Accelerometers measure linear acceleration on three perpendicular axes (X, Y, and

Z). They detect changes in velocity along these axes, which can be used to infer

the direction and magnitude of movement. They are widely used in various fields,

including smartphones, vehicles, aerospace, and healthcare. Known for their high

sensitivity and robust design, accelerometers can effectively capture motion data

(Gauri Sawarkar et al., 2023). The basic operation of a Microelectromechanical

Systems (MEMS) accelerometer relies on Newton’s second law. There are two pri-

mary methods for measuring acceleration in MEMS accelerometers: displacement

measurement, which tracks the displacement of a mass attached to a spring, and

frequency measurement, which monitors changes in the frequency of a vibrating el-

ement as tension changes. Accelerometers are used to measure linear acceleration

and, by integrating the acceleration signal twice, the position of an object can be

determined (Alanen et al., 2021). Accelerometers equipped with triaxial sensors

are increasingly used to measure external load by analysing movement acceleration

across three axes. The PlayerLoad variable, derived from these measurements, has

become a standard in sports such as basketball, rugby and soccer (Gómez-Carmona

et al., 2020). In addition, physiological variables, such as HR and Maximal Oxy-

gen Uptake (VO2 max), play a significant role in the quantification of load. Muscle

Oxygen Saturation (SmO2) is also emerging as a reliable indicator, closely correlated

with Oxygen Uptake (VO2) (Gómez-Carmona et al., 2020).

Gyroscope

Gyroscopes are devices that sense the angular velocity, the rate of rotation around

the three axes (roll, pitch, and yaw). They have been validated for use in various

sports, such as tracking snow sports athletes’ performance, including metrics like

the number of jumps, flight time, and rotation rates. This information is valuable

for managing training loads and analysing performance (Ross et al., 2020). MEMS

gyroscopes use the Coriolis effect, which states that in a rotating frame of reference,
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a moving mass experiences a force perpendicular to both its velocity and the axis

of rotation. This effect is used to measure the angular velocity. The operation of a

gyroscope involves detecting changes in capacitance. When the gyroscope rotates,

variations in capacitance occur, allowing it to detect displacements and measure an-

gular velocity. Mechanical gyroscopes consist of a spinning mass that rotates around

its axis. When mounted on gimbals, which allow movement in three-dimensional

space, the axis remains stable in its orientation despite changes in the environment.

This stability results from physical phenomena like precession and nutation. By

integrating the angular velocity signal, a gyroscope can determine the orientation of

an object which is crucial for applications that require precise tracking of orientation

and movement (Alanen et al., 2021).

3.1.3 Athlete Subjective Response Measures

Rating of Perceived Excretion (RPE)

The Rating of Perceived Exertion (RPE) is a widely used single item scale in exercise

and sports science that serves as a surrogate measure of physiological stress or

internal load, helping to quantify exercise intensity and overall training load (M. J.

Chen et al., 2002). It has gained popularity as an alternative to objective measures

such as heart rate and blood lactate levels, mainly due to its practicality and ease

of use (Foster et al., 2021). The validity of RPE as an effective tool for quantifying

internal training load has been established in various team sports, including soccer

(A. J. Coutts et al., 2009; Impellizzeri et al., 2004), rugby (McLaren et al., 2017),

and Australian football (T. J. Scott et al., 2013). However, it is important to

note that RPE may not be sensitive to small changes in exercise intensity during

brief, intermittent run bouts (T. J. Scott et al., 2013). Coaches are encouraged to

incorporate additional subjective measures in conjunction with RPE to enhance the

sensitivity and individualisation of athlete monitoring. This approach moves toward

a more personalised system, allowing daily adjustments to the training schedule

based on the athlete’s actual status (Haddad et al., 2017). Despite some limitations,
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the sRPE method remains inexpensive, simple, and practical for monitoring internal

training load in sports settings (Eston, 2012). In this research project the RPE scale

was used to collect data on athlete perceived exertion, acknowledging its widespread

acceptance and validated effectiveness in capturing internal load responses during

training and competition.

The Perceived Recovery Status Scale (PRS)

Monitoring recovery in team sports is crucial to optimise performance and reduce the

risk of injury. Changes in perceived recovery have been associated with an increased

risk of injury among athletes (van der Does et al., 2017) The Perceived Recovery

Status (PRS) scale has emerged as a practical and reproducible tool to assess the

recovery status of athletes and predict performance outcomes (Laurent et al., 2011;

Paul et al., 2019; Tolusso et al., 2022). Studies have shown that PRS is strongly

correlated with physical performance measures, suggesting that it may serve as

a subjective marker of recovery following intense exercise protocols (Laurent et al.,

2011). Furthermore, PRS has been effective in detecting changes in performance that

were not captured by other physiological and psychological measures, highlighting its

sensitivity and utility in athlete monitoring (Paul et al., 2019). Incorporating PRS

assessments allows coaches to monitor players’ psychometric recovery states before

training sessions and matches, allowing the early detection of fatigue signs and the

adjustment of training loads to improve performance while avoiding physical and

technical declines (Selmi et al., 2022). The practicality and ease of use of the scale

make it suitable for daily recovery evaluations, even in youth athletes, where it has

been shown to be a highly reproducible tool (Paul et al., 2019). In general, the PRS

scale provides valuable information on athletes’ recovery levels, facilitating informed

decision making in training prescription and contributing to enhanced performance

and reduced injury risks.
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3.1.4 Machine Learning Models Chapter 4 & Chapter 5

Logistic Regression

Logistic regression is a statistical and supervised machine learning algorithm used

for binary and multiclass classification tasks. It uses a logistic function to model the

relationship between the input features and the probability of a specific outcome.

The algorithm estimates coefficients for each feature to maximise the likelihood of

correctly predicting the target class. Logistic regression is simple, interpretable and

works well for linearly separable data (Cox, 1958). Logistic regression provides a

baseline model to evaluate classification tasks, such as predicting player RPE into

categories such as low, moderate and high. Its interpretability allows practitioners to

understand how individual predictors, such as training load metrics, wellness scores,

or player characteristics, contribute to the classification. In addition, it serves as a

valuable reference point for comparing the performance of more complex models.

Decision Tree (DT)

A DT is a supervised machine learning algorithm that is used for both classification

and regression tasks. It works by splitting the data set into subsets based on fea-

ture values, creating a tree-like model of decisions. Each node represents a feature,

branches indicate decision rules and leaves represent results. DTs are interpretable

and easy to visualise but may overfit the data without pruning (Breiman et al.,

2017). DTs are particularly valuable for their ability to provide information on the

relationships between input features, such as training load metrics and the target

variable, such as RPE or other performance indicators. Their interpretability makes

them a suitable choice for practitioners who require models that can be easily trans-

lated into actionable decisions. For example, a DT can highlight thresholds or key

factors that influence player responses, aiding in coaching decisions or training load

adjustments. In addition, DTs serve as a foundational model to benchmark the

performance of more complex algorithms.
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Random Forest (RF)

RF is an ensemble learning method that builds multiple DTs during training and

aggregates their predictions for classification or regression tasks. By introducing

randomness in the feature selection and data sampling for each tree, it reduces

overfitting and improves generalisation. RF is robust, handles missing data well and

is effective for both small and large data sets (Breiman, 2001). RF is particularly

suitable for analysing complex datasets with many features, such as training load

metrics, wellness scores and player characteristics. Its ability to calculate feature

importance provides valuable insight into the most influential predictors, helping

in model interpretation and practical decision-making for athlete monitoring and

performance optimisation.

Bootstrap Aggregating (Bagging)

Bootstrap Aggregating (Bagging) is an ensemble learning technique designed to

improve the stability and accuracy of machine learning models, particularly for

classification and regression. It works by creating multiple subsets of the training

data through bootstrapping (random sampling with replacement). A separate model

is trained on each subset, and their predictions are averaged (for regression) or voted

on (for classification) to produce the final output. Bagging reduces variance and

mitigates overfitting, making it particularly effective with high-variance models like

DTs (Breiman, 1996). Bagging is useful for building stable models from noisy or

variable data, such as GNSS or IMU metrics, where overfitting is a concern. It

ensures that the model generalises well, even when the dataset contains anomalies

or is limited in size.

Light Gradient Boosting Machine (LightGBM)

LightGBM is a highly efficient gradient boosting framework designed for large datasets

and high-dimensional features. It splits the data using a leaf-wise strategy rather

than the level-wise approach used in other gradient-boosting algorithms, which im-
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proves its efficiency and reduces computation time. LightGBM is well suited for

classification tasks, is able to handle categorical features and missing values effec-

tively and supports advanced techniques such as feature importance and early stop-

ping (Ke et al., 2017). LightGBM excels at handling large, structured datasets with

many training load metrics or athlete characteristics. Its efficiency makes it ideal

for rapid experimentation, while its ability to compute the importance of features

aids in identifying key predictors of outcomes such as RPE.

Gradient Boosting (GB)

GB is an ensemble learning method that builds predictive models sequentially by

combining weak learners, typically DTs. Each new tree corrects the errors of the

previous ones by minimising a differentiable loss function. The classifier optimises

performance by focussing more on incorrectly predicted instances in successive iter-

ations, making it robust and highly accurate for classification tasks. However, it can

be computationally intensive and prone to overfitting without proper regularisation

(Friedman, 2001). GB is highly effective in sport science in capturing subtle non-

linear relationships between features and outcomes, such as the impact of combined

training load metrics on player performance. Its robustness ensures high predictive

accuracy, making it a preferred choice for complex data sets.

eXtreme Gradient Boosting (XGBoost)

XGBoost is an advanced gradient boost framework optimised for efficiency, scalabil-

ity, and flexibility. It enhances traditional gradient enhancement by implementing

features like regularisation (L1 and L2), parallel processing, and tree pruning, which

improve model performance and prevent overfitting. XGBoost is highly effective for

classification tasks in structured / tabular data and is known for its speed and

predictive accuracy in machine learning competitions (T. Chen & Guestrin, 2016).

XGBoost is well suited for data sets with many interrelated features, such as ag-

gregated training data, wellness scores, and positional differences. Its efficiency and
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predictive accuracy make it ideal for high-stakes applications such as predicting

injury risk or performance outcomes.

Neural Networks (NN)

NN are computational models inspired by biological neural networks (McCulloch &

Pitts, 1943). They consist of layers of interconnected nodes, or neurons, where each

connection has an associated weight (Figure 3.1 . These weights are adjusted during

training, enabling the network to learn patterns in the data (Ali et al., 2020).

Key Components of Neural Networks

• Neurons: Each neuron receives inputs, computes a weighted sum, applies an

activation function (e.g., sigmoid, ReLU) and passes the result to the next

layer.

• Connections and Weights: Connections between neurons are weighted

links that determine the strength of the signal passed.

• Layers: NN typically have three types of layers:

– Input Layer: Receives raw data or features.

– Hidden Layers: Process and transform data through multiple neurons.

– Output Layer: Produces the final prediction or classification.

NN are trained using algorithms such as backpropagation and gradient descent,

where the weights are iteratively adjusted to minimise prediction error. This enables

the network to model complex, non-linear relationships in data.

NN are widely used for tasks such as regression and classification because of their

flexibility. However, their effectiveness depends on sufficient data and computational

resources.
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Figure 3.1: A simple artificial neural network with input, hidden and output layers.

3.1.5 Machine Learning Models Chapter 6

Multiple Linear Regression (MLR)

Multiple Linear Regression (MLR) is a linear method for modelling the relationship

between a dependent variable and one or more independent variables by fitting a lin-

ear function to the observed data (Bishop, 2006). Its simplicity and interpretability

make it a common starting point for evaluating more complex models. The coef-

ficients of the regression function are determined by minimising the residual error

between the predicted and actual data values.

To enhance model efficiency and address potential multicollinearity, Principal

Component Analysis (PCA) was applied prior to model training. PCA transforms

the input feature space into orthogonal components, which can help reduce dimen-

sionality, improve computational efficiency, and mitigate overfitting. In this study,

MLR with PCA served as a baseline model for predicting breath-by-breath _V O2,

against which more complex, nonlinear models were compared.
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Nonlinear Regression Model: XGBoost

Extreme Gradient Boosting (XGBoost) is a high-performance machine learning al-

gorithm built on the Gradient Boosting Decision Trees (GBDT) framework, known

for its superior performance in both regression and classification tasks (T. Chen

& Guestrin, 2016). It effectively handles complex, nonlinear relationships and can

manage missing data without requiring imputation.

XGBoost incorporates regularisation strategies, including both L1 (LASSO) and

L2 (Ridge), which help control model complexity and reduce the risk of overfitting,

thereby improving generalisability. It is optimised for speed and scalability, sup-

porting large datasets and distributed training environments. These characteristics

make it a leading model in modern machine learning pipelines.

For this study, the XGBoost regression model was implemented with various

hyperparameter configurations to evaluate its performance. Model architectures

tested included different numbers of trees (500, 1000, 3000, 5000) and maximum

tree depths (3, 5, 7, 10). The final prediction is computed by summing the outputs

of K decision trees, each contributing to the model’s ability to represent complex,

nonlinear mappings between input features and _V O2.

Deep Learning Models

In addition to traditional machine learning models, Chapter 6 employed deep learn-

ing approaches to evaluate whether end-to-end temporal feature extraction from raw

data could improve the estimation of VO2. Deep learning architectures were selected

due to their proven capacity to capture complex patterns and temporal dependencies

in sequential dataan essential characteristic when modelling physiological responses

in dynamic sports environments (Tunca et al., 2020).

Multi-Layer Perceptron (MLP)

Multi-Layer Perceptron (MLP): MLP networks are adept at handling non-

linearity, internal randomness, and long-term unpredictability in time series data.
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They transform high-dimensional input data into a manageable latent space to make

accurate predictions (Rozos et al., 2021). Architecture Details: The activation

function is ReLU; there is no dropout, and L2 regularisation is used with weight

decay 1e-4 to reduce overfitting. Various configurations test different depths (from

one to four layers) and widths (32 or 64 neurones per layer), examining how each

configuration affects the performance of the model.

Long Short-Term Memory (LSTM)]

Long Short-Term Memory (LSTM): The LSTM model is well suited for time

series predictions due to its ability to remember patterns based on previous time-

step states, making it effective in capturing long-term dependencies within sequential

data (Hochreiter & Schmidhuber, 1997). A bidirectional LSTM version, which pro-

cesses its inputs in a bidirectional manner along the breath dimension to capture

contextual information from past and future breaths, enhancing predictive accuracy

was adpoted for this study. Architecture Details: In LSTM, we consider breath

a time step, so we have a fixed length (7, 5, 3, 1 breath); no padding is needed.

There is no dropout; regularisation with the weight decay 1e-4 to reduce overfitting

are used. Various configurations, ranging from 1 to 4 hidden layers, each with 32 or

64 units are tested.

Convolutional Neural Network (CNN):

Convolutional Neural Network (CNN): A CNN is well suited for time series

predictions due to its effectiveness in extracting local temporal features from se-

quential data (Reusch et al., 2022). The model uses a series of convolutional layers;

each CNN layer has kernels to slide the breath dimension, computing and extracting

temporal features at every single timestep. Like the LSTM, the CNN focusses on

the output from the middle breath for final processing, ensuring relevance to the

temporal centre of the data. Architecture Details: A fully connected layer ini-

tially processes each breath and generates latent vectors at the level of the breath
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prepared for subsequent 1D convolution. The 1D convolution is performed along

the breath dimension, using the’same’ padding to maintain the original input shape

by adding zero padding at the edges. A stride of 1 is used, ensuring that the con-

volution operation moves along the breath dimension one step at a time. The CNN

configurations vary in depth, ranging from 3 to 5 convolutional layers and in the

number of kernels, using either 32 or 64 kernels per layer. This variability allows

the model to learn features at different levels of abstraction. A consistent kernel size

of 3 is applied across all convolutional layers, effectively capturing local temporal

patterns while maintaining broader contextual information.

3.2 Data Acquisition

3.2.1 Data Acquisition for Chapter 4

In this section the data acquisition procedures used in Chapter 4, which focusses

on collecting and processing data to predict the RPE in elite Gaelic football players

using external load metrics derived from GNSS wearable devices are outlined.

Participants

This study involved a cohort of 49 elite Gaelic football players (Mean ś SD, age:

25.59 ś 4.01 years; height: 1.82 ś 0.06 m; mass: 81.97 ś 7.10 kg) during the 2020,

2021 and 2022 intercounty seasons. The players competed in Division 2 and Division

3 of the National Football League (NFL) during the data collection period. Data

from goalkeepers were excluded due to the distinct demands of their position. The

study included players from the five outfield position groups: nine fullbacks, eleven

halfbacks, eight midfielders, ten half-forwards and eight full-forwards.

Data were initially collected as part of routine performance monitoring in the

candidates professional role as a sport scientist, prior to the commencement of the

PhD and before formal ethical approval was in place. Ethical approval for the re-

search use of these data was subsequently granted by the Dublin City University
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Research Ethics Committee (REC Reference: DCUREC/2021/267), with notifica-

tion received on 27th January 2022. From that point onward, all procedures adhered

to the approved protocol in accordance with the Declaration of Helsinki.

Accordingly, the study design is best described as a mixed retrospective-

prospective design, with early-season data analysed retrospectively and subse-

quent data collected prospectively under approved ethical oversight.

Study Design

Internal and external load data were collected during training sessions and matches

in each season of an elite Gaelic football team over three seasons. All field training

sessions were conducted on a full-length GAA grass field. Strength and recovery ses-

sions were excluded to ensure greater consistency between training sessions. GNSS

technology was used to measure the activity levels of elite Gaelic football players

during training and match play in the three intercounty seasons. RPE was recorded

from the players using a mobile application after the completion of each training ses-

sion and match. Training sessions were limited to field sessions and were completed

on a grass playing surface of approximately 140 m in length and 80 m in width. A

total of 1616 GPS data files and concurrent measures of RPE were recorded. This

included 96 training sessions and 44 matches, resulting in 1205 and 411 records, re-

spectively. A total of 562, 575 and 479 records were collected during the 2020, 2021,

and 2022 playing seasons, respectively. The median (range) number of observations

per player was 29 (298) with a mean ś SD of 32.6 ś 22.9.

Data Acquisition Procedures

RPE was measured using the modified Borg CR10 scale (Foster et al., 2001). Rat-

ings were recorded approximately 30 minutes after each training session using the

Smartabase mobile app (Smartabase, v.6.8.08, Fusion Sport, Milton, Australia).

The use of a mobile application allowed ratings to be recorded privately without

the influence of peer presence or other related environmental factors (Minetti et
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al., 2002). All participants were familiar with the use of the CR10 scale before

participating in the present study.

External load metrics of activity were collected using GPS units sampling at a

rate of 18 Hz (GPEXE LT, Exelio, Italy). During each training session and match,

the players wore an individual GPS unit that was placed between the scapulae in

a custom-made undergarment. These units have shown good to moderate validity

(<10% typical error of estimate) and good (<5% coefficient of variation) reliability

for distance covered over a range of movement speeds in a sport-specific team circuit

(Hoppe et al., 2018; M. T. U. Scott et al., 2016). Following each training session

and match, the data were downloaded to the manufacturer’s proprietary software

(GPEXE Bridge v.6.9.25) to remove values not related to the training session or

match. Forty-two different movement indices related to speed and distance were

extracted from each GNSS data file (Table A.1).

Perceived wellness was examined before each training session and matched us-

ing a 5-item questionnaire submitted through a mobile application (Smartabase,

v.6.8.08, Fusion Sport, Milton, Australia). Each item was rated on a 10-point scale.

Individual elements were then categorised as muscle soreness, sleep quality, or energy

levels using the average score for each element in the section.

The stature was measured to the nearest 0.1 cm using a portable stadiometer

(model 213, SECA, Hamburg, Germany). Body mass was measured to the nearest

0.1 kg using a portable digital scale (model 813, SECA, Hamburg, Germany). The

lean mass index and body fat percentage were evaluated using Dual-energy X-ray

Absorptiometry (DEXA). Age, body mass index, playing position and playing expe-

rience, classified as the number of years playing at the elite level of Gaelic football,

were also included. MAS was determined using the time taken to complete a 1200

m Time Trial (TT). The TT was performed at the beginning of each playing season.

To track changes in workload over a given training period, 21 Acute Chronic

Workload Ratio (ACWR) indices were generated from the GNSS data (Table 3.1),

allowing effective monitoring of the dynamics of the training load.
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ACWR Indices Description
7-day total distance Total distance in the previous 7 days (m)
14-day total distance Total distance in the previous 14 days (m)
21-day total distance Total distance in the previous 21 days (m)
28-day total distance Total distance in the previous 28 days (m)
7-day average total distance Average total distance across 7 days (m)
28-day average total distance Average total distance across 28 days (m)
Total distance ACWR Acute chronic ratio for total distance
7-day high-speed distance High-speed distance in the previous 7 days (m)
14-day high-speed distance High-speed distance in the previous 14 days (m)
21-day high-speed distance High-speed distance in the previous 21 days (m)
28-day high-speed distance High-speed distance in the previous 28 days (m)
7-day average high-speed distance Average high-speed distance across 7 days (m)
28-day average high-speed distance Average high-speed distance across 28 days (m)
High-speed ACWR Acute chronic ratio for high-speed distance
7-day very high-speed distance Very high-speed distance in the previous 7 days (m)
14-day very high-speed distance Very high-speed distance in the previous 14 days (m)
21-day very high-speed distance Very high-speed distance in the previous 21 days (m)
28-day very high-speed distance Very high-speed distance in the previous 28 days (m)
7-day average very high-speed distance Average very high-speed distance across 7 days (m)
28-day average very high-speed distance Average very high-speed distance across 28 days (m)
Very high-speed ACR Acute chronic ratio for very high-speed distance

Table 3.1: Acute Chronic Workload Ratio Indices.

A MySQL database was designed to manage the various data sources. Separate

tables were created for the GNSS data, perceived wellness, RPE, and individual

characteristics. Each table was linked through a unique user identification (UUID),

forming a relational database structure. This setup allowed for seamless data in-

tegration and ensured the scalability of data processing. Automated routines were

implemented to handle data entry, validation and merging across data sets. This

section detailed the data acquisition procedures for Study 1, focusing on the collec-

tion of RPE scores, external load metrics via GNSS devices, wellness questionnaires

and individual characteristics of elite Gaelic football players over three seasons.

Dataset Description

The dataset used for model development consisted of athletes who were highly ad-

herent to the monitoring protocol and regularly submitted both GNSS and RPE

data. As such, there is a potential selection bias toward more compliant and consis-

tently available participants. This may limit the representativeness of the findings to

broader team sport populations, particularly those with lower compliance or differ-
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ent monitoring infrastructures. Furthermore, the cohort comprised elite intercounty

Gaelic footballers, which may limit generalisability to other sports or levels of com-

petition. The models developed should therefore be interpreted as context-specific

to this population and should be validated externally before being applied more

broadly.

Following all preprocessing stepsincluding cleaning, filtering for valid RPE labels,

and alignment of input featuresthe final dataset used across Experiments 1 to 3

consisted of 1616 total records. This included 1205 training sessions and 411 match

sessions collected between 2020 and 2022.

For the classification tasks, class imbalance was addressed through random un-

dersampling to the size of the minority class. After an 80/20 train-test split resulted

in a test set of 267 instances (89 per RPE category: Low, Moderate, High), as shown

in Figure 4.7. This consistent subset was used across all attribute sets to enable di-

rect model comparisons. Table 3.2 summarises the final instance counts and class

balancing approach.

Table 3.2: Final data availability for classification and regression experiments after
filtering and class balancing (Chapter 4)

Experiment Task Type Total Records Used Train Set (80%) Test Set (20%)

Experiment 1 Classification (Aggregated Metrics) 1616 1349 267 (balanced: 89/class)

Experiment 1 Regression (Aggregated Metrics) 1616 1349 267

3.2.2 Data Acquisition for Chapter 5

In this section the data acquisition procedures used in Chapter 5, which focusses

on collecting and processing data to predict the RPE in elite Gaelic football players

using raw data from the GNSS of wearable devices are outlined.

Participants

A cohort of 35 elite male Gaelic football players (mean ś standard deviation [SD]:

age 24.94 ś 3.46 years; height 183.04 ś 3.82 cm; body mass 86.18 ś 5.00 kg) from one

intercounty team participated in this study. The players competed in Division 2 of
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the National Football League (NFL) during the data collection period. Goalkeepers

were excluded due to the distinct demands of their position, resulting in a focus

on outfield players in five positional groups: full back (10 players), half back (7

players), midfield (5 players), half forward (8 players), and full forward (5 players).

All participants provided their informed written consent prior to participation. The

study was approved by the Research Ethics Committee at Dublin City University

in accordance with the Declaration of Helsinki (Reference: DCU/REC/2021/267).

Study Design

GNSS and IMU technology was used to measure the activity levels of elite Gaelic

football players during training and match play in the 2024 season. RPE was

recorded from the players on a one-to-one basis after the completion of each train-

ing session and match. All field training sessions and matches were conducted on

a full-length grass pitch of the Gaelic Athletic Association (GAA) measuring ap-

proximately 140 metres in length and 80 meters in width. A total of 73 training

sessions and matches were observed, comprising 48 field training sessions, 13 offi-

cial matches, 9 challenge matches and 3 internal matches. A total of 1,031 GNSS

raw data files and concomitant measures of RPE were collected. This included 644

training records, 200 official match records, 148 challenge match records, and 39

internal match records. The median number of observations (range) per player was

31 (24.50-33.4), with a mean ś standard deviation (SD) of 29.46 ś 9.51.

Data Acquisition Procedures

Stature was measured to the nearest 0.1 cm using a portable stadiometer (Model

213, SECA, Hamburg, Germany), and body mass was measured to the nearest 0.1

kg using a digital scale (Model 813, SECA, Hamburg, Germany). Age and playing

position were also recorded. The maximum sprint speed (MSS) was determined

using GNSS devices during 60-meter sprint trials conducted periodically throughout

the season; the highest velocity recorded during these trials was used as the MSS
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of each player. The maximum aerobic speed (MAS) was determined using the time

taken to complete a 1,200-meter time trial. Due to more than 10% missing data for

MAS, this variable was excluded from further analysis.

The recovery status of the players was estimated using the PRS prior to training

sessions and matches. The 10-point PRS scale, a validated method for assessing

recovery status in athletes, provided information on players’ readiness and poten-

tial influences on their performance and perceived exertion (Laurent et al., 2011).

Players individually completed a custom designed electronic survey using an iPad

(Google LLC, n.d.) approximately 15 minutes before the warm-up of each training

session or match. All players were familiar with the PRS scale prior to the study.

The RPE was recorded approximately 30 minutes after the completion of each

training session and match. This timing allowed players to reflect on the session

while minimising immediate fatigue effects on their perception. The Borg CR-10

Scale was used to quantify perceived exertion. Players provided their RPE using a

custom-designed electronic survey on an iPad (Google LLC, n.d.), ensuring privacy

and reducing potential biases from peer influence. All players were familiar with the

RPE scale prior to the study.

External load data were collected using GNSS and IMU devices (STATSports

Apex, Northern Ireland) sampling at a frequency of 10 Hz and 100 Hz, respectively.

The STATSports Apex units have demonstrated good levels of accuracy (bias < 5%)

for measuring distance covered across various movement speeds in team sportspecific

circuits (Beato et al., 2018). During each training session and match, players wore

individual GNSS units placed between the scapulae using custom-made vests to

minimise movement artefacts. Following each session, data were downloaded from

GNSS units using the manufacturer’s proprietary software (Sonra v4.5.19). Data

not related to the training session or match were removed to ensure data integrity.

Raw GNSS and IMU data for each player were downloaded and exported, enabling

the design of features from the raw sensor data (Table 3.3).

To prepare GNSS and IMU data for modelling, we applied the following transfor-
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Feature Description Data Type
PlayerID Player identifier String
Time Timestamp for each recorded instance String
Lat Latitude position of the player Float64
Lon Longitude position of the player Float64
Speed (m/s) Speed of the player in meters per second Float64
Heart Rate (bpm) Heart rate in beats per minute Float64
Hacc Horizontal accuracy of the GNSS signal Float64
Hdop Horizontal dilution of precision Float64
Quality of Signal Quality of the GNSS signal Float64
No. of Satellites Number of satellites used to acquire the GNSS signal Float64
Inst Accel Impulse Instantaneous Acceleration Impulse value Float64
Accl X Acceleration in the x-axis Float64
Accl Y Acceleration in the y-axis Float64
Accl Z Acceleration in the z-axis Float64
Gyro X Gyroscope value in the x-axis Float64
Gyro Y Gyroscope value in the y-axis Float64
Gyro Z Gyroscope value in the z-axis Float64

Table 3.3: Overview of Raw GNSS and IMU Dataset

mations: Using metadata from file names, we extracted session dates, drill names,

and session labels, extracted metadata was integrated directly into the dataset to

retain context, which aids in future filtering, grouping and analysis. A Butterworth

Low-Pass Filter (Cutoff Frequency: 10 Hz; Sampling Rate: 100 Hz) was applied on

accelerometer and gyroscope data to remove high-frequency noise. This smooths out

the signal, improving the quality of movement metrics. The data were downsampled

in two steps: first from 100 Hz to 10 Hz by averaging numeric columns and then

from 10 Hz to 2 Hz. For nonnumeric columns, forward filling was applied after each

step to maintain consistent metadata across rows. The distances between consec-

utive GNSS points was calculated using the Haversine formula 3.1, which provides

an accurate movement distance between latitude and longitude points.

d = 2R � arcsin

 s
sin2

�
��

2

�
+ cos(�1) � cos(�2) � sin2

�
��

2

�!
(3.1)
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where:

d : Great-circle distance between two points

R : Earth’s radius (mean radius = 6,371,000 meters)

�1; �2 : Latitudes of the two points in radians

�1; �2 : Longitudes of the two points in radians

�� = �2 � �1

�� = �2 � �1

Anomaly Detection for Quality Control: Speed and distance data points

were flagged as anomalous based on predefined thresholds for speed (� 11 m/s) and

positional changes (�11 m/s), helping to identify possible data collection errors.

Time differences between consecutive points was computed, which is critical for de-

tecting irregular time gaps and evaluating movement patterns. Instances where

consecutive points exceed a specified time difference (� 1 second) were flagged

as anomalous, which could indicate gaps or irregularities in data collection. All

anomaly types (speed, distance, time gap) were consolidated into a single anomaly

column, simplifying the identification of data points that require further review or

exclusion. These steps ensure that the data are cleaned, normalised, resampled and

quality checked, ready for further analysis or model training with minimal noise and

anomalies. These procedures ensured a clean, normalised dataset, ready for feature

engineering and predictive modelling.

Dataset Description

The dataset used for model development consisted of athletes who were highly ad-

herent to the monitoring protocol and regularly submitted both GNSS and RPE

data. As such, there is a potential selection bias toward more compliant and consis-

tently available participants. This may limit the representativeness of the findings to
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broader team sport populations, particularly those with lower compliance or differ-

ent monitoring infrastructures. Furthermore, the cohort comprised elite intercounty

Gaelic footballers, which may limit generalisability to other sports or levels of com-

petition. The models developed should therefore be interpreted as context-specific

to this population and should be validated externally before being applied more

broadly.

A separate dataset was used comprising 1,031 raw GNSS files matched with valid

RPE responses. This dataset represented a refined time-series collection used solely

for regression modelling and consisted of 644 training sessions, 200 official match

sessions, 148 challenge match sessions, and 39 internal match sessions. Following

standard preprocessing, feature extraction, and alignment procedures, all records

were retained for model development and evaluation using an 80/20 train-test split.

A breakdown of the final instance counts across all experiments is provided in Ta-

ble 3.4.

Table 3.4: Final data availability per experiment after filtering and preprocessing

Experiment Input Type Task Total Records Used Train/Test Split

Experiment 1 Aggregated Metrics Regression 1031 LOSOCV

Experiment 2 Raw GNSS Time-Series Regression 1031 LOSOCV

3.2.3 Data Acquisition for Chapter 6

In this section the data acquisition procedures employed in Chapter 6 which focus on

estimating individual oxygen uptake during simulated team sports activities using

data form wearable devices are outlined. The data generation during a series of

experiments is discussed. A description of the participants, how data was acquired

and the types of sensors deployed is provided.

Participants

A total of eight healthy male team sports athletes (age: 28.63 � 7.67 yr; height:

183.75 � 3.49 cm; mass: 81.38 � 9.81 kg; VO2 max: 58.51 � 4.57 mL �kg�1 �min�1)
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were recruited from November 2022 to July 2023 through social media advertise-

ments. Participants were selected based on the following inclusion criteria: a mini-

mum of four training sessions per week over two years, with at least three sessions

being pitch-based training or games. Eligibility also required no self-reported history

of metabolic, neurological, pulmonary, or cardiovascular disease and no significant

lower extremity injuries for at least six months prior to the study. All partici-

pants provided their informed written consent in accordance with the Declaration

of Helsinki. The study was approved by the local ethics committee of Dublin City

University (DCUREC/2021/256).

The final dataset included six participants, due to one dropout and one athlete

whose data were excluded because of sensor failure during testing. While the sample

size is limited, this was a pilot study intended to evaluate proof-of-concept relation-

ships between wearable sensor features and oxygen uptake. As such, the findings

are not intended to be generalised, but rather to inform future larger-scale inves-

tigations. No imputation was performed on missing data; only complete datasets

were retained for analysis.

Study Design

Each athlete participated in two sessions at Dublin City University (DCU), spaced

at least 48 hours apart. The first laboratory visit consisted of three phases to

assess VO2: a resting phase, a submaximal exercise protocol, and a maximal Graded

Exercise Test (GXT). During the resting phase, VO2 and respiratory frequency

were averaged over five minutes to establish baseline metabolic rates (Zignoli et

al., 2020). The submaximal trial started at 9 km h�1, increasing by 1 km h�1 every

six minutes until blood lactate levels reached � 3 mmol/L, with intermittent 1-

minute rest periods for lactate sampling (Garcia-Tabar et al., 2019). The treadmill

gradient remained fixed at 1% to simulate the energetic cost of outdoor running

(Jones & Doust, 1996). Following a 5-minute rest, the incremental maximal ramp

test commenced, starting at a speed 1 km h�1 below the final submaximal speed
60



and increasing by 1 km h�1 each minute until it reaches 16 km h�1 , followed by

incremental increases in slope by 1% each minute until voluntary exhaustion. The

second visit involved field tests on a synthetic pitch, incorporating a steady-state jog

and an intermittent team sport simulated circuit developed from existing protocols

(Wundersitz et al., 2015). Each circuit included three countermovement jumps, an

eight-metre jog, an eight-meter change of direction agility section, two jumps for

distance, a 10-m sprint, seven-metre walking and a tackle bag to be hit with force.

These activities are designed to reflect the dynamic nature of team sports and lasted

approximately 45 seconds, followed by 15 seconds of rest, repeated five times. All

tests were carried out under similar conditions (20-21řC).

Data Acquisition Procedures

This section describes the data measured during laboratory and field visits and the

features used for the dynamic oxygen prediction models. Figure 3.2 shows the mea-

surement setup of wearable sensors worn by the athlete during the protocol. Oxy-

gen Uptake (VO2): Pulmonary gas exchange data was captured using a Cosmed

K5 breath-by-breath metabolic analyser, calibrated with a specific gas mixture and

a flow metre before each session. VO2 values were normalised by body mass, pro-

viding a detailed measure of aerobic capacity for each breath (Perez-Suarez et al.

2018). Heart Rate (HR) & Breathing Rate (BR): HR and BR were monitored

using Zephyr Bio Harness 3.0, a validated tool for physiological monitoring in sports

settings (Hailstone & Kilding, 2011). Inertial Measurement Units (IMU):IMU

measured acceleration and angular velocity variations at five body locations, with

data sampled at 250 Hz. Sensor calibration ensured accurate and synchronised data

capture. Specific placements included the lower back, both tibiae and both wrists.

For each treadmill test, the VO2 max of the runner was calculated as the max-

imum value of the rolling average of the VO2 signal with a window length of 30

seconds. Recommendations for exercise physiologists have been published to adopt

these data processing strategies to reduce variability in VO2 measurements. A 15-
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Figure 3.2: Measurement Setup: The Cosmed K5 portable Metabolic (the gas anal-
yser is worn on the back and the face mask covers the mouth and nose), the Bio
Harness 3 HR and BR device is worn under the shirt, and the Shimmer 3 IMU
sensors are attached at five locations on the athlete’s bodies.

breath average can correct for a residual error in VO2 data sets to within 10% of

the raw variability (Robergs et al., 2010). Smoothing VO2 with a 31-point moving

average window to reduce interference noise was adopted for this exercise (Z. Wang

et al., 2022). The calculation of the maximum value from the 31-point moving av-

erage window of the VO2 signal was repeated for comparison. The treadmill speed

(km h�1) for each stage of the submaximal and maximal test was added to the VO2

data for Visit 1; for the outdoor test, the GNSS speed (km h�1) recorded on the

Cosmed K5 device was used to determine the speed of outdoor running. The Ac-

tivity Four class labels (Resting, Treadmill Running, Outdoor Running, Simulated

Team Sports Circuit) to describe movement during the protocol were engineered

and added to the VO2 data. The physical characteristics of the subject, age (years),

height (cm), weight (kg), resting oxygen uptake (VO2 rest) and VO2 max were in-

cluded as features. The Zephyr data (1 Hz) were processed and merged into the

breath-by-breath VO2 data. The 5 Shimmer IMU data files were merged into one

single file. To achieve this, the data was resampled from 250 Hz to 125 Hz to fa-

cilitate matching times. This raw IMU data was merged with the breath-by-breath
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(a) Accelerometer Data TM Running (b) Gyroscope Data TM Running

(c) Accelerometer Data Outdoor Run-
ning (d) Gyroscopec Data Outdoor Running

(e) Accelerometer Data Simulated Cir-
cuit (f) Gyroscope Data Simulated Circuit

Figure 3.3: Examples of IMU raw data from the Accelerometer and Gyroscope
over a 3-breath window during three different activities: Treadmill Running (TM),
Outdoor Running, and a Simulated Circuit.

VO2 data to preserve its frequency. The IMU data are marked by windows of each

breath recorded in the VO2 data, and an example of the data can be seen in Fig-

ure 3.3. Due to issues with two sensors (right arm and left leg) during different

sessions that failed to record during the experiment, these two of the five IMU sen-

sors were removed from the final data. Data were used only from the torso, right
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tibia, and left wrist.

3.3 Missing Data Patterns and Assumptions

Understanding the nature of missing data is essential in ensuring the validity of

subsequent machine learning analyses. Three common mechanisms of missingness

are typically considered in applied data science:

• Missing Completely at Random (MCAR): The probability of missing

data on a variable is unrelated to any observed or unobserved data.

• Missing at Random (MAR): The probability of missingness is systemati-

cally related to observed data but not to the missing data itself.

• Missing Not at Random (MNAR): The probability of missingness is re-

lated to the unobserved (missing) data, making it the most difficult to correct.

In this study, missing values primarily arose due to sensor dropout, file cor-

ruption, or missing concurrent RPE entries. To assess the pattern of missingness,

exploratory analysis was performed using visual inspection (e.g., heatmaps of miss-

ing values) and statistical summaries. Most missing data were confined to a small

subset of files, often clustered around match contexts or faulty sensor instances.

Given that missingness was not systematically associated with particular values

of RPE, or player-level characteristics, the data is assumed to be Missing at Ran-

dom (MAR). For example, RPE was sometimes unrecorded after training sessions,

but this was independent of the session’s training load or performance metrics.

Where feasible, missing values were handled using the following strategies:

• Exclusion of incomplete records during feature selection and model training

stages.

• For time-series derived features (e.g., in Experiment 2), sessions with partial

signal loss were excluded to preserve integrity of derived metrics.
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This assumption and handling strategy align with accepted practice in sports

science research using wearable data (Van Buuren, 2018) and ensure that model

results were not biased by imputation-based distortions or data leakage.

3.4 Summary

To support the machine learning experiments in this research, it was crucial to gen-

erate high-quality datasets under controlled conditions, applying rigorous method-

ologies to ensure the validity of the results and subsequent discussions. This chapter

detailed the methodologies employed, including the selection of subjects, the design

of data collection protocols, and the deployment of advanced hardware to capture

relevant metrics with precision and consistency.

Key processes for cleaning and preparing the collected data were outlined, es-

tablishing a solid foundation for the feature extraction and analytical approaches

presented in later chapters. The methodologies and sensor systems discussed here,

including GNSS and IMU devices, informed the experimental designs that underpin

the thesis, ensuring reliable insights into athlete monitoring.

By adhering to stringent data collection standards, this chapter provides the nec-

essary groundwork for the predictive modelling and analyses explored in subsequent

chapters, demonstrating a commitment to methodological rigour and data quality.
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Chapter 4

Predicting Ratings of Perceived

Exertion

4.1 Introduction

This chapter presents the first study of this thesis, which focusses on the predic-

tion of Rating of Perceived Exertion (RPE) in elite Gaelic football players using

traditional Machine Learning (ML) models. The study addresses key literature

gaps, particularly the limited integration of relative External Load Indices (ELI),

contextual factors, and individual characteristics into RPE prediction models. By

establishing a baseline for RPE prediction, this chapter establishes the foundation

for developing more advanced models in subsequent research. The primary objective

of this study is to compare the predictive accuracy of absolute and relative ELI in

various ML algorithms. Furthermore, whether incorporating variables such as per-

sonal characteristics (e.g., body mass, fitness level), perceived wellness scores (e.g.,

muscle soreness, sleep quality), and contextual factors (e.g., match schedules, recov-

ery days) improve model performance is investigate. This comprehensive approach

is designed to capture the complex interplay between external and internal training

loads, improving the understanding of how athletes respond to planned workloads.

A supervised ML approach is employed to identify relationships between predictor
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variables and RPE outcomes, allowing predictions for new unseen data. In the con-

text of elite Gaelic football, new data may be collected in real-time from live Global

Navigation Satellite Systems (GNSS) and sensor input during training sessions. Two

predictive modelling approaches are considered: regression, to estimate continuous

RPE values, and classification, to categorise RPE into discrete levels. This dual

approach allows for a more nuanced understanding of player responses to training

loads and facilitates actionable insights for workload management.

The chapter is organised to provide a clear and systematic presentation of the

study. Section 4.1 introduces the background and objectives, highlighting the impor-

tance of accurate prediction of RPE to optimise training load management. Section

4.2 details the experimental approach, feature engineering and the implementation

of ML models. Section 4.3 presents the results of the experiments, highlighting key

findings such as the comparative performance of absolute versus relative ELI and

the impact of integrated variables on predictive precision. Section 4.4 interprets

the results in the context of existing research, discusses practical implications for

Gaelic football training, and addresses potential limitations. Section 4.5 concludes

the chapter with a summary of key insights, contributions to the field, and recom-

mendations for future research. Data acquisition procedures, including participant

recruitment, GNSS data collection and preprocessing methods are detailed in Chap-

ter 3, Section 3.2.1.

This study contributes to the growing field of sports analytics by providing prac-

tical tools to predict RPE in elite Gaelic football players. By comparing a variety

of classification and regression models, this research identifies the most effective al-

gorithms and features for RPE prediction. The findings aim to support coaches and

sports scientists in designing individualised training interventions, optimising ath-

lete performance and managing workloads more effectively. Furthermore, this study

demonstrates how real-time sensor data can be integrated into predictive frame-

works, paving the way for dynamic and responsive load management of training.
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4.2 Methodology

Feature Engineering

Statistical summaries were generated for all features to identify potential incon-

sistencies, such as missing values or outliers. Only complete GNSS records with

associated RPE data were included in the analysis to ensure consistency between

all observations. The missing values for the performance of the Maximal Aerobic

Speed (MAS) (4%) were imputed using the mean of the group. This approach was

adopted to maintain sample size and ensure comparability between players. Regular

audits were conducted throughout the data cleaning process to verify the accuracy

and consistency of the data set before analysis. Correlations tests were performed

on all GNSS indices before inclusion in the model. Figure 4.1 shows the correlation

matrix of the GNSS metrics, with several indices showing high correlation values.

To mitigate multicollinearity, variables with a Variance Inflation Factor (VIF)

greater than five were removed sequentially. Expert knowledge was used to retain

features with the highest practical relevance (Hopkins et al., 2009). While VIF

filtering supports interpretability and model stability, we acknowledge that it may

result in the removal of informative but correlated features.

After this process, the number of GNSS indices was reduced from 42 to 4.

The final retained indices included the total distance, the high-speed distance (�

4:72 m � s�1), and the number of accelerations and decelerations (� 3 m � s�2). These

four GNSS indices were engineered to be expressed in relative terms (distance or

events per unit of time) to allow direct comparison with their absolute values, as

shown in Table 4.1. Following correlation tests of the 21 Acute Chronic Workload

Ratio (ACWR) indices, four ACWR indices were retained for further analysis: total

distance of 7 days, total distance of 28 days, total distance of ACWR, and high-speed

distance of ACWR.

RPE is the target variable; this is reported by athletes on a scale from 0 to 10.

For classification tasks, the RPE values were categorised into three intensity zones:
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