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Abstract

Sleep disorders, including insomnia and sleep apnoea, affect a significant proportion of the
global population and are closely linked to cardiovascular, metabolic, and mental health
conditions. Accurate and long-term monitoring of sleep is therefore a public health priority,
as early detection and personalised management can substantially improve quality of life and
reduce healthcare costs.

This dissertation explores how wrist-worn wearable devices, combined with advanced machine
learning and explainable artificial intelligence (XAl) techniques, can enhance the monitoring
and analysis of sleep. While polysomnography (PSG) remains the clinical gold standard
for sleep assessment, its cost, intrusiveness, and limited scalability restrict its long-term
and widespread applicability. To address these limitations, this work proposes an integrated
framework that leverages multimodal data, including photoplethysmography (PPG) and ac-
celerometry, for automatic sleep stage classification and the detection of sleep apnoea.

The system incorporates ensemble machine learning models to generate high-quality, per-
sonalised insights into sleep quality. Furthermore, explainability is ensured through the ap-
plication of XAl methods, namely SHAP and LIME, enabling healthcare professionals and
end-users to understand and trust model predictions. Experimental validation was conducted
using multiple publicly available datasets, demonstrating the system’s robustness and gen-
eralisability across heterogeneous populations.

Ultimately, this research contributes to the development of transparent, non-invasive, and
scalable sleep monitoring solutions. It lays the groundwork for real-world applications in
personalised healthcare and the early detection of sleep disorders, promoting better clinical
decision-making and long-term well-being.

Keywords: Artificial Intelligence, Machine Learning, Wearable Technology, Sleep Monitor-
ing, Sleep Apnoea Detection, Explainable Al






Resumo

Os disturbios do sono, incluindo a insénia e a apneia do sono, afetam uma parte significa-
tiva da populacdo mundial e estdo intimamente associados a condigbes cardiovasculares,
metabdlicas e de salide mental. A monitorizacdo precisa e de longo prazo do sono é, por
isso, uma prioridade de salde publica, uma vez que a detecdo precoce e a gestdo personal-
izada podem melhorar substancialmente a qualidade de vida e reduzir os custos dos cuidados
de salde.

Esta dissertacdo explora de que forma os dispositivos vestiveis de pulso, em combinacdo com
técnicas avancadas de aprendizagem automatica e inteligéncia artificial explicavel (XAl), po-
dem melhorar a monitorizag¢do e analise do sono. Embora a polissonografia (PSG) continue
a ser o padrao clinico de referéncia para a avaliacdo do sono, o seu custo, caracter intrusivo
e limitada escalabilidade restringem a sua aplicabilidade em contextos de longo prazo e em
larga escala. Para colmatar estas limitacdes, este trabalho propde um sistema integrado que
utiliza dados multimodais, nomeadamente fotopletismografia (PPG) e acelerometria, para
a classificacdo automatica das fases do sono e detecdo de apneia do sono.

O sistema recorre a modelos de aprendizagem automatica em ensemble para gerar infor-
macdes personalizadas e de elevada qualidade sobre a qualidade do sono. A explicabilidade
é assegurada através da aplicacdo de métodos XAl, como o SHAP e o LIME, permitindo
que profissionais de salde e utilizadores compreendam e confiem nas previsdes geradas pelos
modelos. A validacdo experimental foi realizada com mdltiplos conjuntos de dados publi-
cos, demonstrando a robustez e a capacidade de generalizacdo do sistema em populacdes
heterogéneas.

Em dltima analise, esta investigacdo contribui para o desenvolvimento de solucdes de mon-
itorizacdo do sono transparentes, nao invasivas e escalaveis. Estabelece as bases para apli-
cacdes reais no contexto da salide personalizada e na detecdo precoce de distlrbios do sono,
promovendo uma melhor tomada de decisdo clinica e o bem-estar a longo prazo.

Palavras-chave: Artificial Intelligence, Machine Learning, Wearable Technology, Sleep Mon-
itoring, Sleep Apnoea Detection, Explainable Al
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Chapter 1

Introduction

This chapter lays the foundation for the dissertation by presenting the motivation, scope,
and expected contributions of the research. It is structured into five main sections, each
designed to progressively guide the reader from the broader context to the specific objectives
of the work.

The first section, Context, discusses the growing role of wearable devices in health monitor-
ing, with an emphasis on their application to sleep analysis. The second section, Problem
Statement, defines the key challenges that underpin this research, including the limitations
of current approaches and the gaps that remain in the state of the art. The third section,
Objectives and Research Questions, outlines the overall aim of the thesis, breaking it down
into specific objectives and formulating the central research question. The fourth section,
Contributions, highlights the main scientific, methodological, and practical outcomes ex-
pected from this work. Finally, the section Document Structure explains how the remainder
of the dissertation is organised, providing a roadmap for the chapters that follow.

1.1 Context

In recent years, wearable devices have emerged as powerful tools for monitoring health and
well-being. Among these, wrist-worn wearables, such as smartwatches and fitness bands, are
particularly notable for their continuous monitoring of daily activities, offering a non-invasive
alternative for personalised health monitoring. Thanks to advances in sensing technologies
and artificial intelligence (Al), these devices enable increasingly accurate and accessible anal-
yses, transforming our understanding and management of essential factors for quality of life
(Leclercq et al. 2022).

Sleep is a critical pillar of both physical and mental health, playing a central role in processes
like physiological recovery, memory consolidation, mood regulation, and metabolic function-
ing. However, sleep disorders, such as insomnia and sleep apnoea, impose a significant
socio-economic burden, increasing healthcare costs and reducing workplace productivity. In-
somnia leads to absenteeism and presenteeism, while sleep apnoea is linked to long-term
health issues like cardiovascular diseases (Skaer and Sclar 2010). While traditional sleep
monitoring methods, such as polysomnography, are considered the gold standard, they have
several limitations, such as high costs, invasiveness, and impracticality for large-scale and
everyday applications (Borazio et al. 2014).

In order to better understand the impact and distribution of sleep disorders, recent studies
provide detailed prevalence data, as summarized in Table 1.1.



Chapter 1. Introduction
Table 1.1: Prevalence of sleep disorders based on recent studies.
Sleep Disorder Prevalence Notes Source
Insomnia 7.4%-15.8% Higher in older adults and (Fund et al.

Sleep-disordered
breathing (SDB)

24%-47.3%

associated with psychological
stress.

Higher prevalence in men and
older adults; linked to obesity

2019),(McArdle
et al. 2022)
(McArdle et al.
2022)

and metabolic syndromes.
Reported as more common in
middle-aged women and asso-
ciated with distress.

Restless Legs 2.2%-3.7%

Syndrome (RLS)

(McArdle et al.
2022)

Excessive Day- 13.4%-31% Frequently reported among (Ahn et al. 2023),
time Sleepiness students and older adults; (Jahrami et al.
affects productivity and quality 2019)
of life.
Obstructive 14.41%- Increasing prevalence globally (Ahn et al. 2023),
Sleep Apnoea 47.3% due to rising obesity rates. (McArdle et al.
2022)
Parasomnias 12%-25.7% Higher prevalence in younger (Hua, Lyu, and Du
(e.g., Night- populations; influenced by 2022)
mares) stress and  environmental
factors.

Wrist-worn wearables present an innovative solution to address these challenges. They fa-
cilitate continuous and real-time monitoring, collecting data that improve our understanding
of factors influencing sleep quality. When integrated with machine learning algorithms and
Al, these devices can provide a holistic view of sleep patterns and habits, allowing not only
monitoring but also the identification of trends and offering personalised interventions to
improve health and well-being (Roberts et al. 2020).

While the potential impact of wrist-worn wearables is widely acknowledged, significant gaps
still exist. Many studies tend to focus solely on classifying sleep stages or measuring isolated
parameters, often overlooking the need for more integrated analyses that consider multiple
factors. In addition, there are ongoing challenges related to the precision and generalisability
of analytical models and the adaptation of these solutions to diverse populations and contexts
(S. Chen et al. 2015; Robbins et al. 2024).

Given the increasing prevalence of sleep-related issues and their association with various
aspects of health, it is imperative to study the role of wrist-worn devices in sleep monitoring
and quality improvement. These devices not only enable more accessible diagnostics and
personalised interventions, but also present a unique opportunity to deepen our understanding
of how daily habits, behavioural factors, and health conditions interact with sleep (Song,
Chowdhury, et al. 2023).

1.2 Problem Statement

Despite significant advancements in wearable technologies and their integration with artificial
intelligence (Al), there are still notable challenges in utilizing wrist-worn devices to derive

2



1.2. Problem Statement

meaningful and actionable insights regarding sleep quality. Current methodologies mainly
focus on classifying sleep stages or measuring isolated parameters, frequently overlooking
the multifactorial nature of sleep, which is influenced by a complex interplay of daily habits,
behavioural patterns, and underlying health conditions (Hamza et al. 2023).

While wrist-worn wearables offer an accessible and non-invasive alternative to traditional
sleep monitoring methods, they still face limitations concerning accuracy and reliability (Man-
tua, Gravel, and Spencer 2016; Robbins et al. 2024). Traditional techniques remain widely
regarded for precision in sleep analysis, delivering detailed and robust insights. However,
their resource-intensive nature and the need for controlled environments render them im-
practical for long-term or large-scale applications (Y. J. Lee et al. 2024). This highlights an
urgent need for wearables to not only complement traditional methods but also tackle the
challenges of scalability and accessibility.

Furthermore, existing analytical models employed in wrist-worn wearables often struggle to
integrate multiple data streams and generalize across diverse populations effectively. Many
studies tend to focus on isolated metrics, such as heart rate or movement, thereby ignoring
the broader interplay of factors that impact sleep quality. This oversight limits the potential
of wearables to deliver actionable, high-quality insights capable of informing personalized
interventions (Hamza et al. 2023; Moreno-Pino et al. 2022).

These challenges are exemplified by recent studies. For instance, an evaluation of the Fit-
bit Charge 4 demonstrated limitations in measuring sleep stages, particularly in accurately
identifying deep sleep and REM sleep. While the device performed adequately in estimating
total sleep time, its specificity for certain stages remains low, highlighting gaps in the pre-
cision of wearable sleep metrics (Schyvens et al. 2023). Similarly, a study leveraging deep
learning with reflective photoplethysmography (rPPG) for the apnoea—hypopnea index (AHI)
estimation achieved moderate correlation with gold-standard polysomnography (r = 0.61)
and limited diagnostic reliability (Cohen's kappa = 0.51). This underscores the challenges in
integrating and analysing complex physiological data for robust insights (Papini et al. 2020).

Another significant challenge is adapting these wearable solutions to various populations and
contexts. Differences in lifestyle, health conditions, and environmental factors can influence
the reliability and applicability of generated insights. While traditional methods excel in
diagnostic precision, wearable technologies present an untapped opportunity to bridge this
gap by providing accessible solutions tailored to real-world scenarios (Ojalvo, Pacheco, and
Benedict 2023).

The present work aims to address these challenges by developing a robust framework to
extract high-quality, integrated insights into sleep quality through wrist-worn wearables. By
leveraging advanced machine learning models (M. P. Lee et al. 2024), integrating diverse
data streams (Moreno-Pino et al. 2022), and incorporating contextual factors, this research
seeks to merge the strengths of traditional precision with the accessibility offered by wear-
ables. Improving the accuracy and integration of wearable data not only enhances sleep
diagnosis but also enables more personalised, timely interventions. By combining multiple
metrics it becomes possible to identify early signs of sleep disorders and offer personal-
ized advice, leading to better management of conditions such as insomnia or sleep apnoea
(Wongtaweesup et al. 2023). The ultimate goal is to enhance sleep monitoring and gener-
ate actionable insights that can guide personalized interventions, thereby promoting healthier
sleep habits and improving overall well-being (Jenefa et al. 2023).
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This thesis is carried out under the Remote Monitoring for Active and Independent Ageing
(REMO) (Remote Monitoring for Active and Independent Ageing) project, which develops
unobtrusive, continuous monitoring and personalized coaching solutions for older adults. It
should be noted that this work represents an initial phase of the REMO project. A subsequent
stage will involve the collection of real-world data from users in home settings. This will
allow the proposed solution to be evaluated under more heterogeneous conditions, thereby
enhancing its external validity and practical applicability.

1.3 Objectives and Research Questions

The main goal of this thesis is to develop a framework for leveraging wrist-worn wearable data
and ensemble Artificial Intelligence (Al) techniques to support personalized sleep monitoring.
With this broader goal in mind, the following specific objectives were established:

e OB1: Investigate the state-of-the-art methods for utilizing wrist-worn wearable device
data in sleep monitoring, including data collection techniques, processing methodolo-
gies, and analytical frameworks.

e OB2: Identify and characterize specific sleep patterns, behaviours, and influencing
factors that can be derived from wrist-worn wearable data.

e OB3: Develop and apply ensemble Al models capable of integrating multiple data
streams from wrist-worn wearable devices to generate high-quality, personalized in-
sights into sleep quality.

e OB4: Explore using explainable artificial intelligence (Explainable Artificial Intelligence
(XAl)) techniques to interpret wrist-worn wearable device data, ensuring transparency
and trustworthiness in the analysis.

e OBb: Validate and evaluate the developed framework using real-world wrist-worn wear-
able datasets, demonstrating its practical applicability and adaptability across diverse
populations and contexts.

To guide the research conducted within the scope of this thesis and successfully accomplish
the established objectives, the main research question was carefully formulated: 'How can
wearable data and ensemble Al techniques support personalised sleep monitoring?”.

1.4 Contributions

This thesis advances wrist-based, Al-supported sleep monitoring along four main axes:

1. End-to-End Wearable Framework
A complete pipeline is designed that converts raw photoplethysmography (PPG) and
tri-axial accelerometry into five-class sleep staging and multi-class apnoea detection,
ready for deployment on commodity smart-bands.

2. Interpretable Ensemble-Learning Models
Lightweight, tree-based ensembles (Random Forest, LightGBM, AdaBoost) are engi-
neered and optimised to outperform baseline methods while remaining fast enough for
edge inference. Integrated SHAP and LIME analyses expose the physiological basis of
each decision, fostering clinical trust.
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3. Ethical-Regulatory Blueprint
A practical compliance strategy is articulated for high-risk healthcare Al under the
European Al Act and GDPR, covering data minimisation, bias auditing, continual
monitoring, and human-in-the-loop oversight.

4. Open Sharing
All code, trained models, and example notebooks will be released openly.

5. Dissemination

Results have already been presented in the peer-reviewed conference paper “Lightweight
Tree Ensembles with Optimized Features for Five-Class Sleep Apnea Stratification”
(EPIA 2025). The author has also co-authored of the forthcoming journal article
“Comprehensive Analysis of Machine Learning Models for Five-Class Sleep Stage Clas-
sification Using PPG Signals”. Collectively, these contributions deliver an accurate,
transparent, and regulation-ready foundation for large-scale, personalised sleep/health
applications.

1.5 Document Structure

This dissertation is organised into six chapters and two appendices. The sequence is
designed to lead the reader from the initial motivation through to the main findings and
future work:

1.

Chapter 1 — Introduction
Presents the research motivation, problem statement, objectives, research question,
and the expected contributions of the thesis.

Chapter 2 — State of the Art

Provides a critical review of recent literature on wrist-based sleep monitoring, covering
data-collection methods, signal-processing techniques, machine-learning models, and
current research gaps.

. Chapter 3 — Methods, Materials, and Technological Challenges

Details the end-to-end pipeline developed in this work, including signal preprocess-
ing, feature extraction, data preparation, model selection and optimisation, and the
explainability (XAl) framework. The chapter also describes the architecture of the
integrated backend—frontend system.

. Chapter 4 — Results and Ethical-Social Considerations

Reports the experimental results for (i) sleep-stage classification and (ii) multi-class
detection of sleep-disordered breathing events. Global metrics, per-class analyses,
confusion matrices, ROC curves, and both global and local XAl explanations are dis-
cussed. Additionally, examines the ethical, legal, and societal implications of using Al
in healthcare.

Chapter 5 — Conclusions

Summarises the main achievements, evaluates the extent to which the research objec-
tives were met, and outlines directions for future work, such as large-scale validation,
additional sensor integration, and on-device deployment.






Chapter 2

State-of-the-art

This chapter explores the state of the art in the fields relevant to this research, providing
a robust foundation for understanding the technological and methodological context. It is
divided into two sections, each addressing critical aspects necessary for developing this study.

The first section, Technological Foundations, delves into the core technologies, frameworks,
and methodologies that underpin this research. It provides an overview of the essential tools
and innovations driving progress in the field and establishes the groundwork for the proposed
approaches.

The second section focuses on a systematic review of the literature, conducted using the
PRISMA framework. This rigorous methodology ensures a transparent and unbiased evalu-
ation of existing studies. The section details the inclusion and exclusion criteria, the quality
assessment process, and the synthesis of findings to address key research questions.

Together, these sections provide a comprehensive overview of the field’s current advance-
ments, challenges, and gaps, offering insights that inform the direction and contributions of
this study.

2.1 Technological Foundations

This section delves into the technological frameworks and tools underpinning this research.
It highlights the essential concepts, methods, and platforms that enable the implementation
of the proposed methodologies. The discussion focuses on the core technologies driving
innovation in this domain and their practical implications.

2.1.1 Introduction to Wearable Technology

Wearable technology refers to intelligent electronic devices that can be worn on the body
as accessories or integrated into clothing. These devices are designed to collect data, track
activities, and provide real-time information to users (Lima 2023). Wearable technology has
evolved rapidly in recent years, transitioning from simple pedometers to highly sophisticated
multifunctional devices. Currently, a wide range of products is available, from smartwatches
and smart glasses to clothing with embedded sensors (Cantanhede et al. 2018).

The benefits of wearable technology are numerous and span various domains. In healthcare,
wearable devices enable continuous monitoring of vital signs, early detection of complica-
tions, and remote patient follow-up. For instance, smartwatches can detect cardiac arrhyth-
mias and send immediate alerts in cases of risk (Chirieleison et al. 2024). In fitness and
wellness, wearables like fitness bands and smartwatches help users track physical activity,
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sleep, and other health habits, promoting a more active and healthy lifestyle (Hedrick et al.
2020). Additionally, wearable technology is revolutionizing diagnostic medicine by enabling
continuous collection of physiological data, which can be analysed to identify patterns and
predict potential health issues (Moraes et al. 2023). In rehabilitation, wearable devices are
being used to monitor and stimulate specific exercises, as demonstrated in studies involving
sensor-controlled games embedded in sandals for foot rehabilitation (De Assis et al. 2024).
In medical research, wearables provide valuable data, enabling broader and more longitudinal
studies on health and human behaviour (Gomes, Montanini, and Rocha Sobrinho 2024).

The relevance of wearable technology continues to grow, with applications expanding beyond
health and fitness into areas such as workplace safety, entertainment, and social interaction.
As this technology becomes more sophisticated and accessible, its impact on daily life and
various industries is expected to increase significantly(Cantanhede et al. 2018).

Wearable technology encompasses a variety of devices designed to be worn on the body,
some of which are represented in Figure 2.1. Key categories include headwear, such as

- 90
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Smart glasses Smart shoes Smart belts

Figure 2.1: loT-based Wearable products; Image from (Bello and Figetakis
2023).

smart glasses and AR/VR headsets, which provide immersive visual experiences or overlay
information onto the real environment. Smart clothing integrates sensors to monitor vital
signs, posture, and even regulate body temperature, as seen in shirts that measure heart
rate(Tat et al. 2022). Smart jewellery, like rings and bracelets, tracks activities, monitors
sleep, and supports contactless payments. Smart footwear includes shoes and insoles with
embedded sensors for gait analysis, step counting, and energy generation through movement
(Mousavi et al. 2023). Among wearables, wrist-worn devices are the most popular, offering
a balance of functionality, convenience, and style. Smartwatches, like the Apple Watch
and Samsung Galaxy Watch, provide notifications, health monitoring, GPS, and contactless
payments, combining versatility and an extensive range of apps. Fitness bands, such as
Fitbit and Xiaomi Mi Band, focus on activity tracking, sleep monitoring, and heart rate
measurement, with minimalist designs and long battery life. Hybrid devices, like the Garmin
Vivomove, blend traditional watch aesthetics with discreet smart features. Additionally,
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health-focused devices offer advanced monitoring capabilities, including heart rate variability
and body temperature, delivering more precise and comprehensive health data.

2.1.2 Sensors in Wearables

Wearable devices have revolutionized personal health monitoring by incorporating a variety
of sensors that collect real-time data on various physiological parameters. These sensors
play a crucial role in tracking health, activity, and well-being, providing users with valuable
insights into their daily lives and overall health status.

Accelerometers and gyroscopes are fundamental components of many wearable devices,
working in tandem to provide comprehensive motion tracking. Accelerometers measure linear
acceleration and changes in position, while gyroscopes complement this data by measuring
orientation and rotation. These sensors are essential for tracking physical activities such
as step counting and exercise monitoring, analysing gait and body posture, and enhancing
augmented reality applications (Calisti and Lattanzi 2024),(R. T. Li et al. 2016).

Heart rate monitoring has become a standard feature in many smartwatches and fitness
trackers. These devices typically use optical heart rate sensors that continuously monitor a
user's heart rate, providing real-time data on cardiovascular health. Some advanced wear-
ables even offer electrocardiogram (ECG) capabilities for more detailed heart rhythm analysis
(Dhar, Kumar, and Karmakar 2023).

Body temperature monitoring is another important feature of many wearable devices. The
MLX90614 sensor, for example, can be used to measure body temperature when positioned
on the wrist. This capability is particularly useful for detecting fevers, monitoring temper-
ature changes during physical exercise, and assisting in early detection of potential health
issues (Anggraini et al. 2023).

Blood oxygen saturation (SpO2) monitoring has gained significant attention, especially in re-
cent years. Wearable devices often incorporate sensors like the MAX30100 to measure SpO2
levels. This feature is crucial for monitoring respiratory health, detecting potential breathing
problems, and assisting in the management of conditions like sleep apnoea (Anggraini et al.
2023).

Many wearables include GPS functionality, which is particularly useful for outdoor activities.
GPS sensors allow users to track location during runs, walks, or cycling sessions, measure
distance travelled and pace, and enhance safety during outdoor workouts.

The field of wearable technology is rapidly evolving, with new types of sensors being inte-
grated to expand monitoring capabilities. Electrodermal activity (EDA) sensors measure skin
conductivity and are often used for stress monitoring and emotional state assessment. Blood
pressure sensors are starting to appear in advanced smartwatches. Additionally, cutting-edge
wearables are beginning to include biochemical sensors capable of measuring biomarkers like
glucose, lactate, and cortisol, opening up new possibilities for continuous health monitoring
(Dhar, Kumar, and Karmakar 2023), (Moses 2024).

The true power of these sensors lies in their ability to collect and analyse data in real-time.
Modern wearables use sophisticated algorithms and artificial intelligence to process sensor
data, providing users with actionable insights. This real-time processing enables immediate
alerts for abnormal health readings, continuous tracking of physical activity and fitness
progress, and early detection of potential health issues (Nur 2024).
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A summary of the key sensors commonly found in wearable devices, along with their functions
and benefits, is provided in Table 2.1.

Table 2.1: Sensors in Wearable Devices.

Sensor Function Example

Accelerometer Measures acceleration and Steps, exercise
movement

Gyroscope Measures rotation and orienta-  Augmented reality (AR)
tion

Heart Rate Monitors heartbeats Heart rate tracking

Temperature Measures body temperature Fever monitoring

SpO2 Measures blood oxygen satura- Respiratory monitoring
tion

GPS Tracks location Running, walking

EDA Measures skin conductivity Stress, emotions

Blood Pressure Measures blood pressure Advanced devices

Biochemical Measures biomarkers (glucose, Continuous monitoring

etc.)

While wearable sensors have made significant strides, there are still challenges to overcome.
Ensuring accuracy and reliability across various activities and conditions remains a priority.
Data privacy and security are crucial, as these devices collect sensitive health information.
Balancing sensor performance with energy efficiency is also key for long-term usability. Future
developments in wearable sensor technology are focusing on integrating more advanced
biochemical sensors for comprehensive health monitoring, developing non-invasive, flexible
sensors that can provide accurate, continuous health information without disrupting daily
activities, and enhancing Al and machine learning algorithms to improve data interpretation
and predictive capabilities (Nur 2024), (Haval and Afzal 2024), (Moses 2024).

In conclusion, sensors in wearable devices are at the forefront of a healthcare revolution,
enabling personalized, real-time health monitoring. As technology continues to advance,
these devices are poised to play an increasingly important role in preventive healthcare and
chronic disease management.

2.1.3 Artificial Intelligence Applied to Wearable Devices

The integration of Artificial Intelligence (Al) in wearable devices has revolutionized the way
health and wellness data are collected and analysed. Technologies such as Machine Learning
(ML) and Deep Learning (Deep Learning (DL)) play a crucial role in interpreting complex
data from sensors, enabling more accurate and personalized insights.

Machine Learning (ML) refers to the ability of systems to learn and improve from data with-
out relying on explicit programming. In wearable devices, ML is fundamental for applications
such as detecting physical activities, monitoring sleep patterns, and predicting health risks.
Popular techniques include Decision Trees, Support Vector Machines (SVM), and Random
Forests. A notable example of ML application is the use of algorithms to detect daily ac-
tivities and identify nearby objects. Proximity and sound sensors, for instance, have been
used in wearable devices to monitor social distancing compliance during infectious disease
outbreaks (Umutoni et al. 2023).

10
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Deep Learning (DL), a subfield of ML, leverages artificial neural networks with multiple layers
to learn complex data representations. In wearable devices, DL is applied to tasks such as
advanced ECG signal analysis, recognition of complex movement patterns, and detection of
cardiac anomalies. Frequently used models include Convolutional Neural Networks (CNN),
Recurrent Neural Networks (RNN), and Long Short-Term Memory (LSTM). A recent study
demonstrated the use of a combined CNN-LSTM architecture for Human Activity Recogni-
tion (HAR), significantly improving activity classification accuracy (C. Liu et al. 2024).

Explainable Al (XAl) is an approach aimed at making Al models more transparent and under-
standable, which is particularly critical in healthcare applications. XAl plays an essential role
in increasing trust among users and healthcare professionals, facilitating the interpretation
of complex results, and helping to identify potential biases in the models. A recent study
explored the use of XAl techniques to analyse factors that significantly influence ML models
in HAR, clearly demonstrating these impacts (C. Liu et al. 2024).

Despite advancements, there are significant challenges. Issues such as data privacy and
security are increasingly critical as the use of personal information grows (Brutzman et al.
2024). Additionally, energy efficiency is a priority, requiring Al algorithms that minimize
energy consumption to extend wearable device battery life (Bhat and Raychowdhury 2023).
Another major challenge is personalization, as there is a growing need for Al models tai-
lored to each user’s unique characteristics (Kargarandehkordi, Slade, and Washington 2024).
The integration of multiple sensors is also essential, allowing for more comprehensive and
accurate analyses by combining data from various types of sensors (Brutzman et al. 2024).
Enhancing real-time processing capabilities to provide immediate feedback and investing in
clinical validation are necessary to ensure algorithms’ efficacy and accuracy in real-world
scenarios (Olawade et al. 2024).

With the continuous advancement of technology, the integration of Al into wearable devices
promises to significantly transform health and wellness monitoring. These devices are ex-
pected to become increasingly seamless and integrated into daily life, offering deeper, more
personalized, and impactful insights into users’ health (lyer, Gejji, and Pandya 2022).

2.2 Systematic review

This section provides a comprehensive exploration of the systematic review conducted to
evaluate the current state-of-the-art in Al-supported wearable technologies for sleep analysis.
It aims to establish the foundational knowledge required to address the research questions
outlined in the study.

The section begins by outlining the systematic methodology employed, including adherence
to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
framework, ensuring a rigorous and unbiased selection of pertinent literature. This is fol-
lowed by a detailed description of the primary data sources utilised, emphasising their mul-
tidisciplinary scope and relevance. A clear set of inclusion and exclusion criteria is then
presented, ensuring that the selected studies align with the objectives and scope of this
review. All included studies underwent a thorough quality assessment to ensure scientific
rigour, highlighting their methodological robustness and significance. The insights gained
from the review are synthesised to address key aspects, such as data types, methodologies,
and applications related to the research focus.

11
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This structured approach lays the groundwork for the proposed study and identifies significant
gaps and opportunities for future research in the field.

2.2.1 Research Methodology

A systematic review is a rigorous method for evaluating and synthesising all available re-
search related to a specific research question, topic, or area of interest (T. Li, Saldanha,
and Robinson 2022). This review adheres to the PRISMA guidelines (PRISMA Group 2024),
with necessary adaptations to ensure a thorough examination of current research and to in-
form the development of innovative methods for sleep monitoring using wearable devices
(Page et al. 2021). Following these guidelines, the review will proceed through the follow-
ing steps: Conduct a systematic search of relevant studies detailing the data sources and
search strategies used, including keywords. Screen and select studies based on predefined
inclusion and exclusion criteria. Assess the quality of selected studies using standardised
quality evaluation frameworks. Extract and analyse data systematically, focusing on key
outcomes, methodologies, and findings. Finally, the evidence will be synthesised, the results
will be interpreted, and the findings will be presented to address the research questions and
comprehensively identify future research opportunities.

2.2.2 Research Questions

To conduct the systematic review, the following research questions were defined to guide
the analysis of data and techniques applied to wearable devices in the context of sleep
assessment and monitoring:

e RQ1: “What data types from wrist-worn wearable devices are most frequently utilized
to assess and evaluate sleep?”

e RQ2: “What specific sleep patterns and behaviours can be inferred from data collected
by wrist-worn wearable devices?”

e RQ3: "What key factors influencing sleep are identified and quantified through wrist-
worn wearable device data?”

e RQ4: "How can explainable artificial intelligence (XAl) techniques be effectively applied
to analyse and interpret wrist-worn wearable sleep data?”

These questions aim to guide the systematic review in identifying the most relevant ap-
proaches, methods, and technologies in the field of wearable devices applied to sleep analy-
sis.

2.2.3 Data Sources

The data sources for this review were selected from four major academic databases: PubMed,
Web of Science, IEEE Xplore, and Science Direct. These databases were chosen for
their comprehensive coverage, relevance to the study objectives, and accessibility to high-
quality research across multidisciplinary fields. Table 2.2 presents a brief description of each
database.

PubMed was selected for its extensive collection of biomedical literature. As this review
focuses on sleep analysis and wearable devices, PubMed provided access to studies addressing

12
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health-related aspects, including physiological and clinical insights critical to understanding
sleep patterns and disorders.

Web of Science was included due to its multidisciplinary nature. It offers a wide range of peer-
reviewed articles across various fields. This database was particularly valuable for exploring
the intersections between technology, health sciences, and behavioural studies relevant to
wearable-based sleep research.

IEEE Xplore was chosen for its focus on engineering, computer science, and electronics.
Given the technological nature of wearable devices and the increasing role of machine learn-
ing and Al in sleep analysis, IEEE Xplore offered access to cutting-edge research in these
domains.

Science Direct was included for its robust collection of scientific and technical articles,
particularly in the physical and health sciences. This database complemented the others by
providing insights into the technical aspects of wearable technologies and their applications
in sleep monitoring.

By leveraging these four databases, this review ensured a comprehensive and multidisciplinary
approach, enabling the identification of high-quality and relevant studies to address the
research objectives.

Table 2.2: Description of Databases Used

Database Description

PubMed ! A database of biomedical literature, including research articles
related to health and medicine.

Web of Science 2 A multidisciplinary database providing access to scientific ar-
ticles across various disciplines.

|IEEE Xplore 3 A database focusing on engineering, computer science, and
electronics research.

Science Direct 4 A database offering access to scientific and technical research

articles, primarily in the physical sciences, health sciences, and
social sciences.

2.2.4 Search Terms and Keywords

The identified keywords used in the search queries are summarised as follows:
e Sleep-related terms: sleep.
o Wearable-related terms: wearable, wearables, fitness tracker, smart bands.
e Al-related terms: machine learning, deep learning, artificial intelligence.

The search terms applied to each database are described below:

pubmed.ncbi.nlm.nih.gov
www.webofscience.com

1
2
3ieeexplore.ieee.org
4

wWwWw.sciencedirect.com
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e PubMed: ("sleep") AND ("wearable" OR "wearables" OR "fitness tracker" OR
"smart bands") AND ("machine learning" OR "deep learning" OR "artificial intelli-
gence").

e Web of Science (WoS): TS=("sleep" AND ("wearable" OR "wearables" OR "fit-
ness tracker" OR "smart bands") AND ("machine learning" OR "deep learning" OR
"artificial intelligence")).

e ScienceDirect: ("sleep") AND ("wearable" OR "wearables" OR "fitness tracker"
OR "smart bands") AND ("machine learning" OR "deep learning" OR "artificial in-
telligence").

e IEEE Xplore: (("All Metadata":"sleep") AND ("All Metadata":"wearable" OR "All
Metadata":"wearables" OR "All Metadata":"fitness tracker" OR "All Metadata":
"'smart bands") AND ("All Metadata":"machine learning" OR "deep learning" OR
"All Metadata":"artificial intelligence™)).

2.2.5 Inclusion and Exclusion Criteria

The selection of studies for this review was guided by a comprehensive set of inclusion and
exclusion criteria, as outlined in Tables 2.3 and 2.4. These criteria ensured the relevance,
quality, and alignment of the selected sources with the research objectives.

The inclusion criteria focused on identifying sources that addressed wearable data for sleep
analysis (IC1), examined relationships between sleep patterns and other influencing factors
(IC2), or explored Al techniques, including explainable AI(XAI), applied to wearable sleep
data (IC3).

Conversely, the exclusion criteria were designed to eliminate sources that did not meet the
scope or quality requirements of this review. Studies not written in English (EC1), published
before 2020 (EC2), or lacking a focus on wrist-worn wearable data or Al techniques for sleep
(EC3) were excluded. Additional exclusions included sources that did not report measurable
metrics (EC4), duplicate records (EC5), systematic reviews or other review articles (EC6),
and studies focusing on specific conditions outside the intended scope (EC7).

Table 2.3: Inclusion Criteria

Criteria Description

IC1 The source addresses the use of wearable data for sleep
analysis.

IC2 The source examines relationships between other fac-
tors and sleep patterns.

IC3 The source explores Al techniques applied to wearable

sleep data, including explainable Al (XAl).

2.2.6 Quality Assessment

To ensure the reliability and validity of the findings, a rigorous quality assessment was con-
ducted on all studies included in the final review. Each study was evaluated based on
predefined criteria to assess the reported outcomes’ methodological robustness, relevance,
and clarity.

14
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Table 2.4: Exclusion Criteria

Criteria Description

EC1 Sources not written in English.

EC2 Sources published before 2020.

EC3 Sources that do not focus on using wrist-worn wearable
data or Al techniques for sleep.

EC4 Sources that do not report measurable metrics.

EC5 Duplicated sources.

EC6 Sources classified as systematic reviews or other review
articles.

EC7 Sources focusing on particular conditions.

The quality assessment process focused on several key aspects:

e Clarity of Objectives: Studies were assessed to ensure they presented clearly defined
research questions and objectives that align with the scope of this review.

e Methodological Rigour: The methodological design was critically examined, focusing
on data collection methods, sample size, and analytical approaches to ensure scientific
robustness.

e Relevance of OQutcomes: The reported results were evaluated based on their align-
ment with the inclusion criteria and contribution to addressing the research questions.

e Transparency and Reproducibility: Studies were reviewed for sufficient methodolog-
ical detail and data presentation to allow replication or validation of findings.

e Bibliometric Criterion: All articles published in journals ranked as Quartile 1 (journal
impact ranking) (Q1) and Quartile 2 (journal impact ranking) (Q2) were included.
Articles from journals ranked as Q3 and Q4 were excluded unless they demonstrated
significant scientific relevance and/or a high number of citations, warranting their
inclusion.

The quality assessment protocol was meticulously implemented to include only those studies
that satisfied rigorous methodological standards and demonstrated relevance to the research
focus. This systematic approach ensured that the final compilation of studies provided ro-
bust, well-substantiated, and applicable insights regarding the research questions. Conse-
quently, this process preserved the scientific integrity and credibility of the review.

2.2.7 Data Extraction and Synthesis

In total, 812 records were identified across multiple databases, including PubMed (229),
Web of Science (412), IEEE Xplore (92), and Science Direct (79). After 243 duplicate
records were removed, 569 unique sources proceeded to the abstract screening phase.

During this phase, sources were assessed based on the inclusion and exclusion criteria. A
total of 485 records were excluded due to irrelevance or failure to meet the criteria. This left
84 reports sought for retrieval, all of which were successfully retrieved for further evaluation.
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The 84 retrieved reports underwent an eligibility assessment. Based on a detailed application
of the exclusion criteria, 29 were excluded. Ultimately, 55 studies were deemed relevant and
included in the final review (see Appendix A for the table with the articles).

Figure 2.2 illustrates the selection process, highlighting each stage from identification to
inclusion.

Identification of new studies via databases and registers

Records identified from:
B Databases (n =812):
'5 Pubmed (n = 229) Records removed before screening:
= Web of Science (n= 412) Duplicate records (n =243)
é IEEE Xplore (n = 92)
= Science Direct (n = 79)
Records screened Records excluded
(n =569) (n =485)

o Y
= . .
= Reports sought for retrieval Reports not refrieved
9 (n=84) ™ (n=0)
3]
@

Y

Reporis assessed for eligibility Reports excluded:
(n=84) Exclusion Criterias (n= 29 )

Y
E New studies included in review
3 (n = 55)
=

Figure 2.2: Flow diagram of the paper selection process for the systematic
review

2.2.8 Research Questions’ Answers

This section aims to address the research questions (RQ) based on the findings of the
systematic review. Each subsection provides a detailed response to the respective research
question, highlighting key insights and evidence from the reviewed literature.

RQ1: What types of data collected by wrist-worn wearable devices are most frequently
utilised to assess and evaluate sleep?
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Table 2.5 summarizes the primary data types collected by wrist-worn wearables and their
frequency of use in sleep monitoring research. The analysis reveals three dominant data
sources: Photoplethysmography (PPG), Electrocardiogram (ECG), and accelerometer data,
which collectively form the foundation for modern sleep analysis in wearable devices.

Table 2.5: Summary of Data Types and Relevant Articles

Data Type

Articles

Electrocardiogram

(Ma et al. 2023)

(Z. Wang et al. 2022)

(Yang et al. 2022)

(Qin and G. Liu 2022)
(Ratheesh et al. 2023)

(Sumitra et al. 2023)

(Zhou, He, and K. Kang 2022)
(Topalidis et al. 2023)

(Park et al. 2024)

(Iwasaki et al. 2021)

(Liang and Chapa-Martell 2021)
(Paul et al. 2024)

(Chih et al. 2024)

(Bahrami and Forouzanfar 2022)
(Sharma et al. 2024)

(A. John, Cardiff, and D. John 2021)
(Das Turja et al. 2024)

(X. Wang et al. 2020)

(J.-W. Chen et al. 2023)

(Shen et al. 2021)

Photoplethysmography

(Silva et al. 2024)

(S. Wang et al. 2023)
(Benedetti et al. 2022)

(Q. Li et al. 2021)

(Topalidis et al. 2023)

(Song, SR, et al. 2023)

(Nam et al. 2024)

(Papini et al. 2020)

(Liang and Chapa-Martell 2021)
(Di Credico et al. 2024)

(Chih et al. 2024)

(Kotzen et al. 2023)

(Motin et al. 2020)

(Habib et al. 2023)
(Khajehpiri et al. 2024)
(Choksatchawathi et al. 2024)
(Ye et al. 2021)

(Olsen et al. 2024)
(Osathitporn et al. 2023)

Accelerometer

(Silva et al. 2024)
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Data Type Articles

(Benedetti et al. 2022)

(Mahadevan et al. 2021)
(Sundararajan et al. 2021)

(Liang and Chapa-Martell 2021)
(Kilic, Saylam, and Incel 2023)
(Peraza et al. 2020)

(S. Chakraborty, Aich, and Kim 2021)

Other types of data, such as skin temperature (Anusha et al. 2022), are used less frequently
and primarily serve as auxiliary sources to complement the core data types like PPG, ECG,
and accelerometer signals.

PPG is an optical technique used to measure blood volume changes in the microvascular bed
of tissue. Wearable devices use light emitters (usually LEDs) and photodetectors to capture
variations in light absorption caused by the pulsing blood flow. This data provides insights
into heart rate, blood oxygen saturation (SpO2), and other cardiovascular metrics (Khajeh-
piri et al. 2024). PPG is widely utilised due to its non-invasive nature and compatibility with
compact sensors in wearables.

ECG measures the electrical activity of the heart by detecting and amplifying electrical im-
pulses generated during the cardiac cycle. It provides precise information on heart rate
variability (HRV) (Z. Wang et al. 2022), arrhythmias, and sleep-related conditions like ap-
noea (Shen et al. 2021). While traditionally collected through clinical equipment, wearable
technologies have adapted ECG for continuous monitoring in real-world environments, how-
ever, it remains a technique that is rarely implemented in the most commonly used consumer
wearables.

Accelerometers detect movement and orientation by measuring acceleration forces. In sleep
monitoring, this data helps identify sleep-wake states (Sundararajan et al. 2021), restless
movements, and transitions between different stages of sleep (Song, SR, et al. 2023). Ac-
celerometer data is particularly useful for detecting sleep patterns and disturbances, making
it a foundational element in many wearable devices.

RQ2: What specific sleep patterns and behaviours can be inferred from data collected
by wrist-worn wearable devices?

This section addresses RQ2 by exploring how data collected from wrist-worn wearable devices
can provide insights into sleep patterns and behaviours. The focus is on three key areas:
general sleep quality assessment, sleep stage classification, and the detection of sleep apnoea,
highlighting the potential of these devices to enhance sleep monitoring and personalised
healthcare.

Sleep Quality

The integration of wearable technology and machine learning has made remarkable ad-
vancements in sleep quality assessment. These devices provide detailed insights into various
physiological and behavioural metrics captured during sleep. Non-invasive and continuous
monitoring of critical data, such as heart rate, breathing patterns, movement, and blood
pressure, plays a central role in evaluating sleep quality and its associated metrics.
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For example, stress levels during sleep have been effectively monitored through heart rate
and breathing fluctuations, with machine learning models achieving up to 98.41% accuracy,
demonstrating their potential for early intervention systems (N et al. 2024). Similarly, Gra-
dient Boosting models have successfully classified several sleep disturbances with 93.51%
accuracy, highlighting the intricate relationship between lifestyle factors and sleep quality
(Soni, Gupta, and Uppal 2023).

However, studies often face limitations due to the narrow range of sleep efficiency values
measured (e.g., between 0.93 and 0.95), which reduces variability and may influence the
high accuracy observed in predictive models. Additionally, personal differences, such as
individual sleep patterns or temporal variations during exam periods and holidays, are often
not accounted for, potentially limiting generalizability (Kilic, Saylam, and Incel 2023).

Monitoring transitions between sleep and wake states provides another layer of valuable
information. Models such as the Deep Learning Sleep algorithm have achieved high accu-
racy and device-independent robustness in classifying sleep-wake segments. This robustness
addresses data variability effectively, supporting both clinical and real-world applications (Per-
aza et al. 2020). Furthermore, accelerometer-based analyses using Random Forest models
have improved sleep-wake detection and wear/non-wear period classification, offering a cost-
effective alternative to traditional methods like polysomnography (Sundararajan et al. 2021).
Advanced pipelines that integrate accelerometer, temperature, and light data have further
enhanced the precision of sleep metrics, aligning them closely with polysomnography mea-
sures in both clinical and home settings (Mahadevan et al. 2021).

Insights into mental health are also increasingly drawn from wearable data. Balanced Ran-
dom Forest models trained on sleep features and light sleep ratios have been instrumental
in evaluating depression, anxiety, and positive mood states, achieving F1 scores of up to
0.776 for depression (Fukuda et al. 2020). Similarly, ensemble learning methods combining
classifiers such as Support Vector Machine (SVM) and k-Nearest Neighbors (KNN) have
demonstrated 87% accuracy in detecting depression linked to sleep disturbances, further
validating the connection between mental health and sleep quality (Hu et al. 2024).

Wearable data analysis has markedly improved the ability to evaluate sleep quality with pre-
cision. For instance, machine learning models optimised to extract meaningful patterns from
sleep data have achieved an accuracy of 97.54%, making them highly effective for person-
alised healthcare applications (Hamza et al. 2023). CNN models have also proven capable of
assessing sleep over time, achieving up to 97.30% accuracy in weekly evaluations and iden-
tifying consistent patterns in sleep quality across longer durations (Arora, P. Chakraborty,
and Bhatia 2020). Additionally, Random Forest models have exhibited strong performance
in distinguishing between sleep and wake states, achieving 96.04% accuracy, thus providing
practical, cost-effective solutions for independent and reliable sleep monitoring in real-world
scenarios (S. Chakraborty, Aich, and Kim 2021).

Cardiovascular insights also emerge from wearable sleep data, with models offering non-
invasive blood pressure estimation using photoplethysmography (PPG) signals. These meth-
ods capture dynamic blood pressure variations during sleep, reinforcing the link between sleep
quality and cardiovascular health (Khajehpiri et al. 2024; Motin et al. 2020). Predictive
frameworks further extend these applications by identifying critical health events, such as
in-sleep strokes, using accelerometer data, underscoring the broader potential of sleep data
beyond quality metrics (S. Jeon, Y.-S. Lee, and Son 2023).
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In conclusion, wearable devices combined with machine learning have revolutionised the
understanding of sleep quality by enabling precise, real-time monitoring of physiological and
behavioural metrics. From stress levels and wake-sleep transitions to mental health and
cardiovascular insights, the data collected by these systems offer immense potential for
advancing personalised healthcare and enhancing overall well-being.

Sleep Stage

The use of wrist-worn wearable devices for sleep stage classification has gained prominence
due to their accessibility and scalability, especially with advancements in models leverag-
ing photoplethysmography (PPG) signals and accelerometers combined with deep learning.
Models such as SleepPPG-Net utilise temporal convolutional networks (Temporal Convo-
lutional Network (TCN)) to capture contextual information from PPG data, achieving up
to 84% accuracy and a kappa coefficient of 0.75. These models surpass traditional meth-
ods while facilitating adaptation to new populations through transfer learning approaches
(Kotzen et al. 2023).

Similar potential is reflected in approaches like Res-U-Net, which processes PPG and ac-
celerometer signals to predict sleep stages and detect obstructive sleep apnoea, combining
pre-training on large datasets such as MESA with fine-tuning for specific applications, re-
sulting in improved F1-scores and generalisation (Olsen et al. 2024).

Recent advancements in multitask learning (Multitask Learning (MTL)) further enhance the
potential of wearable devices for sleep staging. By leveraging correlated tasks, MTL models
improve the efficiency of learning while reducing the amount of required input data and com-
putational resources. One such MTL model achieved a mean per night accuracy of 77.5%
and a Cohen’s kappa of 0.643 using low-frequency PPG data from a wrist-worn device,
demonstrating its compatibility with wearable technology. This model integrates features
such as heart rate (Heart Rate (HR)) and heart rate variability (HRV), effectively predict-
ing sleep stages (wake, light, deep, and REM) with significantly fewer training parameters
compared to traditional deep learning models (Chih et al. 2024).

Another significant development in PPG-based sleep stage classification is the use of con-
volutional neural networks (CNNs) to directly process PPG signals without requiring manual
feature extraction. A study by Habib et al. introduced a CNN model that achieved classi-
fication accuracies of 94.4%, 94.2%, and 92.9% for two-stage (Wake-Sleep), three-stage
(Wake-NREM-REM), and four-stage (Wake-Light, Deep, REM) sleep classification, respec-
tively (Habib et al. 2023). This model utilises overlapped segmentation for data augmen-
tation, addressing the challenge of limited data in sleep studies. By adopting a weighted
loss function, the CNN ensures balanced classification across sleep stages, demonstrating
superior performance compared to traditional machine learning approaches and other deep
learning models. These findings highlight the suitability of CNN-based methods for PPG
data, particularly in wearable applications where scalability and reliability are essential.

Recent advancements in transfer learning have demonstrated significant improvements in
sleep stage classification using PPG signals. (Q. Li et al. 2021) proposed a deep convolu-
tional neural network (CNN) model initially trained on ECG data from a large dataset (Sleep
Heart Health Study) and refined using PPG and actigraphy signals through transfer learning.
This approach achieved accuracies of up to 81.49% for binary classification and 68.62% for
four-class sleep staging, alongside Cohen’s Kappa values of 0.58 and 0.44, respectively (Q.
Li et al. 2021). The model leveraged features such as heart rate variability (HRV), car-
diorespiratory coupling (CRC), and signal quality metrics, demonstrating that PPG signals
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can reliably replace ECG for sleep staging in many scenarios. These results highlight the
potential of transfer learning to bridge data gaps between sensing modalities, enabling the
use of wrist-worn wearables for accurate and scalable sleep staging.

Another innovative approach to sleep stage classification is the SLAMSS (Sequence-to-
Sequence Long Short-Term Memory (LSTM) for Automated Mobile Sleep Staging) model,
which utilises actigraphy signals and heart rate metrics derived from wearable devices. The
model performs three-stage (wake, Non-Rapid Eye Movement (NREM), REM) and four-
stage (wake, light, deep, REM) classification with accuracies of up to 79% and 72%, re-
spectively, when applied to independent populations (Song, SR, et al. 2023). SLAMSS
demonstrated robustness in handling low temporal resolution data from consumer-grade
wearables, employing attention mechanisms to optimise performance in class-imbalanced
scenarios, particularly for the under-represented deep sleep stage. Additionally, the model
was validated on an Apple Watch dataset, highlighting its applicability to widely available
commercial devices and promoting the feasibility of large-scale continuous sleep monitoring.

In the commercial sector, Samsung smartwatches have achieved 72.0% accuracy and a
kappa coefficient of 0.58 in classifying deep sleep and REM stages. However, they still face
limitations in identifying light sleep, particularly in individuals over 50, due to age-related
changes and an increased apnoea-hypopnea index (Apnoea-Hypopnoea Index (AHI)) Silva
et al. 2024. Signal variability and susceptibility to noise, common challenges in consumer-
grade devices, are further compounded by lower data granularity, which hampers the accurate
classification of minority stages such as deep sleep. Techniques like undersampling and more
robust multi-class metrics have shown promise in addressing these limitations (Liang and
Chapa-Martell 2021).

Light sleep classification remains one of the most significant challenges due to its overlapping
with other stages and inherent class imbalance. However, solutions such as Synthetic Mi-
nority Over-sampling Technique (SMOTE) and weighted loss functions have demonstrated
encouraging results (Sundararajan et al. 2021). Moreover, inter- and intra-individual variabil-
ity, particularly in elderly populations or those with sleep apnoea, limits the generalizability of
many models. Integrating additional signals, such as skin temperature and electrodermal ac-
tivity, has notably improved accuracy, particularly in multimodal approaches that differentiate
light and deep sleep (Anusha et al. 2022; Topalidis et al. 2023).

Future advancements include refining light and deep sleep classification, expanding multi-
modal data, and developing personalised models with real-time feedback, fostering greater
user adherence and a broader impact on population-wide sleep health (Ma et al. 2023).

Sleep Apnoea

Sleep apnoea, particularly obstructive sleep apnoea (Obstructive Sleep Apnoea (OSA)), has
been extensively studied due to its negative impact on sleep quality and vital physiological
functions. While polysomnography (PSG) remains the gold standard for diagnosis, its high
costs, complexity, and patient discomfort during clinical monitoring limit its widespread use.

As illustrated in Figure 2.3, polysomnography provides a comprehensive example of the
traditional diagnostic approach. The image highlights the multiple sensors and equipment
required, showcasing the discomfort and complexity often experienced by patients during
this procedure. Wearable solutions that leverage physiological signals such as ECG, Pho-
toplethysmography (PPG), and hybrid models are emerging as promising alternatives to
continuous, home-based monitoring.
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Figure 2.3: Polysomnography example; Image from (Y. Jeon, Heo, and S. J.
Kang 2020).

Single-lead ECG data is a key signal that reveals heart rate variability (HRV) and R-R interval
(RRI) patterns indicative of apnoea episodes. Recent advancements in deep learning have
yielded exceptional results(Z. Wang et al. 2022). For instance, 1D-SEResGNet combines
residual learning and attention mechanisms, achieving 90.3% accuracy and 87.6% sensitivity
for OSA detection (Yang et al. 2022). Similarly, IDCNN-RLM with BiGRU-TDM incorpo-
rates long-term temporal dependencies, reaching a detection accuracy 91.1% (Qin and G.
Liu 2022). An LSTM-based forecasting model using R-R intervals and R-peak amplitudes
achieved 94.95% accuracy, highlighting ECG's ability to capture temporal apnoea patterns
(Bahrami and Forouzanfar 2022).

In addition, an Al-based scoring toolkit utilising a 1D Convolutional Neural Network (CNN)
predicts the AHI, achieving F1 scores of up to 0.83, providing real-time predictions suit-
able for home-based applications (Ratheesh et al. 2023). A novel LSTM model using raw
R-R interval (RRI) data demonstrated 100% sensitivity and specificity with a 60-second
segmentation window. This approach showed strong correlations with Peripheral Oxygen
Saturation (SpO-) levels, arousal index, and apnoea events, offering robust performance
even with limited clinical data (Iwasaki et al. 2021). FENet, a frequency extraction net-
work, introduces dilated convolution layers to analyse RR-interval signals across multiple
frequency bands. FENet excels in continuous and discontinuous OSA detection, achieving
superior performance on large datasets such as BestAlIR while reducing energy consumption
for wearable devices (Ye et al. 2021).

Another study introduced a multiscale IDCNN model (Multiscale Deep Neural Network - 1D
Convolutional Neural Network (MSDA-1DCNN)), which uses RR intervals to detect OSA
with 89.4% accuracy. The method balances high recognition rates and low computational
load by leveraging multiscale convolution and attention mechanisms, making it suitable for
wearable devices (Shen et al. 2021). A 10-layer convolutional neural network trained on
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the Apnoea-ECG database achieved 97.8% accuracy after 50 epochs, leveraging spatial
information from ECG recordings with batch normalisation and RelLU activations, proving
highly effective for OSA detection (X. Wang et al. 2020).

In addition, ResNet and CSPNet models have been proposed to improve accuracy and pa-
rameter efficiency. Using SHHS1 data, models achieved 57.55% accuracy in four-level OSA
classification, outperforming earlier methods reliant on segmented ECG signals (J.-W. Chen
et al. 2023).

Another study introduced a 1D-CNN-based model for sleep apnoea detection using ECG
signals from wearable loT devices, achieving a remarkable second-by-second classification
accuracy of 99.56% and sensitivity of 96.05% (A. John, Cardiff, and D. John 2021).

Photoplethysmography (PPG) is another non-invasive signal commonly available in wearable
devices like smartwatches and rings. It monitors peripheral blood volume changes, which cor-
relate with respiratory activity. ApSense, a deep learning algorithm optimised for PPG-based
apnoea sensing, achieved state-of-the-art results using spatio-temporal blocks, BCNNs, and
variational dropout LSTMs. ApSense demonstrated superior performance in balancing sen-
sitivity and specificity across two benchmark datasets (MESA and HeartBEAT), achieving
the highest AUROC in challenging high-variance data (Choksatchawathi et al. 2024). An
intelligent ring system achieved detection accuracy of 86.73%, sensitivity of 87.42%, and
specificity of 85.42% compared to Polysomnography (PSG). This low-cost device ( USD
22) offers a practical, wearable solution for at-home OSA screening (S. Wang et al. 2023).

A 1D-CNN named SomnNET leverages peripheral oxygen saturation (SpO2) data for high-
resolution, per-second apnoea detection. SomnNET achieved 97.08% accuracy, outperform-
ing lower-resolution state-of-the-art methods. It demonstrated feasibility for smartwatch de-
ployment with reduced complexity via pruning and binarisation techniques (A. John, Nundy,
et al. 2021). In addition, a dual-stream temporal Res-U-Net, a deep transfer learning archi-
tecture, effectively classifies sleep stages and identifies sleep apnoea events from minimally
preprocessed PPG signals. This method achieved high AHI alignment and robust general-
isation across multiple datasets by leveraging auxiliary tasks like sleep stage prediction and
employing transfer learning with datasets like MESA (Olsen et al. 2024).

Furthermore, (Benedetti et al. 2022; Papini et al. 2020) proposed an innovative AHI estima-
tion method leveraging wrist-worn PPG. (Papini et al. 2020) deep learning model demon-
strated strong agreement with PSG-derived AHI values (correlation = 0.61, estimation error
= 3 £ 10 events/h). These results highlight the potential of low-cost, wearable solutions
for OSA severity classification and screening, achieving robust performance even in clinically
heterogeneous populations. Despite its advantages, PPG data remains susceptible to motion
artefacts and signal noise, necessitating advanced denoising and preprocessing techniques.

Hybrid models integrating ECG and PPG signals aim to overcome individual signal limitations
and improve detection accuracy. For example, BiGRU-based temporal models combined with
ADASYN address imbalanced data issues, achieving a balanced trade-off between sensitivity
and specificity for apnoea classification (Sumitra et al. 2023; Zhou, He, and K. Kang 2022).
Hybrid models that combine scalograms and temporal features have also demonstrated en-
hanced performance in apnoea detection tasks, effectively improving classification robustness
(Paul et al. 2024). Multi-frequency analysis models like FENet utilise both PPG and ECG
signals, significantly improving detection accuracy while optimising energy consumption for
wearable devices (Xianda Chen et al. 2021), (Ye et al. 2021). These approaches leverage
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complementary features from ECG and PPG, improving detection robustness and scalability
for real-world applications.

The development of ECG, PPG, and hybrid models, supported by advanced deep learning
techniques, has paved the way for cost-effective and non-invasive sleep apnoea detection.
Solutions like ApSense, SomnNET, and dual-stream Res-U-Net demonstrate high reliability
and accuracy, providing practical alternatives to polysomnography for home-based monitor-
ing. However, challenges such as signal variability, susceptibility to noise, and the need for
extensive clinical validation remain. Future research should focus on refining deep learning
models with attention mechanisms, integrating ECG and PPG signals, and ensuring robust
performance across diverse datasets. These advancements hold significant potential for
continuous, unobtrusive monitoring, enabling early intervention and effective management
of sleep apnoea.

RQ3: What key factors influencing sleep are identified and quantified through wrist-
worn wearable device data?

For the RQ3 question, recent literature identifies four main factors influencing sleep quality,
analysed through data from wrist-worn wearable devices. Regarding physical activity, four
articles (Arias 2022; Hidayat, Budiarto, and Pardamean 2023; Park et al. 2022; Zamani
et al. 2023) highlighted the importance of intensity, regularity, and timing of activity, with
a significant impact on sleep efficiency and duration. Concerning light exposure, only one
article (Park et al. 2022) explored how light at different times of the day affects sleep
efficiency, with benefits observed for exposure in the late afternoon of the previous day. In
the nutrition field, one article (Arias 2022) demonstrated the relationship between balanced
dietary patterns and improvements in sleep duration and regularity. Finally, physiological
variables, such as heart rate variability (HRV), were analysed in two articles (Di Credico
et al. 2024; Park et al. 2024), which point to the critical role of these metrics as indicators
of the interaction between external factors and sleep quality.

Table 2.6 summarises the key factors identified in the studies along with their corresponding
references, providing a clear and concise overview to support the analysis of sleep quality.

Table 2.6: Factors and Associated Articles

Factor Articles

Physical Activity (Zamani et al. 2023)
(Hidayat, Budiarto, and Pardamean 2023)
(Park et al. 2022)
(Arias 2022)

Light Exposure (Park et al. 2022)
Nutrition (Arias 2022)

Physiological Variables (Park et al. 2024)
(Di Credico et al. 2024)

Recent literature has extensively explored the relationship between behavioural and physio-
logical factors and sleep quality, mainly using data collected through wearable devices. These
devices enable continuous, real-time information collection on physical activity, nutrition, and
physiological variables, allowing for monitoring sleep patterns and a deeper understanding of
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how these factors influence sleep quality. Analysing these factors highlights the importance
of data-driven interventions to improve sleep health.

Physical activity

Physical activity consistently emerges as one of the most significant and widely studied fac-
tors in modulating sleep quality. Recent studies emphasise that physical activities’ intensity,
timing, and regularity play critical roles (Soni, Gupta, and Uppal 2023).

The study employing the DLM-WESHMS model (Zamani et al. 2023) reveals that moder-
ate daytime activities are positively associated with longer and more efficient sleep, while
evening exercise can compromise rest. This study, with an accuracy of 97.54%, underscores
the importance of aligning exercise routines with the circadian rhythm, demonstrating that
personalised interventions can significantly benefit sleep health.

Additionally, a study utilising LSTM networks (Hidayat, Budiarto, and Pardamean 2023)
demonstrated that temporal granularity in data collection is crucial for capturing subtle
patterns between physical activity and sleep. Metrics such as heart rate (HR) and step
count (NS) were identified as effective predictors of deep sleep duration, reinforcing that
regular daytime exercise is associated with improved sleep efficiency. This model, which
analysed data in 10-minute intervals, achieved robust results with an RMSE of 52.18 and
an MAE of 40.89, highlighting the relevance of detailed temporal analyses.

Another significant study (Park et al. 2022) found that morning and afternoon physical
activity on the previous day was associated with greater sleep efficiency (> 90%), while
reduced nighttime activity improved overall sleep quality. A cumulative two-day analysis
proved particularly effective for sleep quality prediction, suggesting continuous monitoring-
based interventions can offer deep and personalised insights. Finally, an additional article
(Arias 2022) emphasised that regular exercise positively impacts objective metrics such as
sleep duration and efficiency. Data collected by wearables, such as calories burned, activity
duration, and step count, highlight that both the intensity and timing of physical activities
can influence different sleep stages, such as deep sleep and Rapid Eye Movement (REM).

Light Exposure

Light exposure is crucial in regulating the circadian rhythm, significantly impacting sleep
quality. An article (Park et al. 2022) highlights that light exposure during specific periods of
the day can directly influence sleep efficiency. Greater light exposure during the afternoon
and evening of the previous day is associated with higher sleep efficiency (> 90%), while
reduced light exposure during the afternoon and evening of the same day also contributes
to better sleep quality. These findings suggest that light exposure later in the previous day
positively prepares for subsequent sleep. In contrast, excessive light exposure on the same
day, particularly before bedtime, may delay the circadian phase and impair sleep onset.

Nutrition

In nutrition, the literature points to a strong connection between balanced dietary patterns
and sleep quality. An article (Arias 2022) highlights that diets rich in proteins, fibre, and
micronutrients such as calcium, potassium, iron, sodium, and vitamin C are associated with
longer sleep duration and more regular sleep patterns. Conversely, unbalanced diets are often
linked to shorter and poorer-quality sleep, underscoring the importance of informed dietary
choices for optimised sleep health. Applications such as MyFitnessPal and Noom, which
allow self-reported nutrition data collection, were identified as valuable tools for integrating
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dietary patterns with data collected through wearables. This integration enables a detailed
analysis of how macronutrients and micronutrients influence rest quality.

Physiological variables

Physiological variables, such as heart rate variability (HRV), have emerged as critical indica-
tors for understanding how non-sleep factors influence sleep quality. HRV, a measure of the
variability between heartbeats, reflects the autonomic nervous system's response to external
stressors and overall physiological balance, providing insights into how psychological stress,
daily activities, and lifestyle choices impact rest. A study (Park et al. 2024) demonstrated
that including HRV data in predictive sleep models significantly improves their accuracy
(85%) and AUC (80%) using the XGBoost algorithm, suggesting that the physiological state
during wakefulness plays a pivotal role in determining sleep efficiency. Additionally, another
study (Di Credico et al. 2024) used photoplethysmography (PPG) sensors to measure HRV
during periods of wakefulness, achieving a classification accuracy of 76.7%. These findings
underline how HRV serves as a biomarker linking external influences such as psychological
stress or physical activity with subsequent sleep quality. Together, these studies highlight
HRV's potential for identifying how non-sleep factors interact with physiological systems to
impact rest, offering valuable insights for developing targeted, real-world interventions to
improve sleep.

The literature highlights the interaction between physical activity, nutrition, and physiological
variables as the most influential factors in sleep quality. Physical activity is widely associated
with longer and more efficient sleep, with intensity and timing being crucial. Nutrition plays
an essential role, with balanced diets positively impacting sleep patterns. Lastly, physiological
variables, such as HRV, provide deep insights into the relationship between sleep and psy-
chological state. The integration of these factors, facilitated by wearable devices, not only
allows precise monitoring but also provides a solid foundation for personalised interventions,
paving the way for significant advancements in sleep health.

RQ4: How can explainable artificial intelligence (XAl) techniques be effectively applied
to analyse and interpret wrist-worn wearable sleep data?

For the RQ4 question, Explainable Artificial Intelligence (XAl) techniques are essential for
analysing and interpreting sleep data collected from wrist-worn wearable devices, enhancing
the transparency, trust, and clinical applicability of automated models. These techniques
were explored in five articles (Das Turja et al. 2024; Nam et al. 2024; Osathitporn et al. 2023;
Sharma et al. 2024; Shen et al. 2021) that address different applications and methodologies.

Explainable Artificial Intelligence (XAl) techniques can be pivotal in analysing and interpreting
sleep data collected from wrist-worn wearables, particularly by enhancing automated mod-
els' transparency, trustworthiness, and clinical applicability. Wearables increasingly capture
physiological signals like heart rate variability (HRV), photoplethysmography (PPG), and
accelerometer datanon-invasiveon-invasive, low-cost, and long-term monitoring capabilities.
XAl methods make these models interpretable, allowing clinicians and users to understand
how predictions are made, thereby increasing trust and enabling targeted interventions for
sleep-related disorders.

For instance, a study (Nam et al. 2024) demonstrated the potential of combining PPG and
accelerometer data from wearables with machine learning for monitoring sleep stages. By
using models such as Gradient Boosting Machines (GBMs) and Explainable Al tools like
SHAP (Shapley Additive Explanations), the study identified the importance of features like
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HRV and activity patterns in classifying different sleep stages, such as REM and non-REM
phases. XAl allowed clinicians to visualise the influence of these features on the classification
process, ensuring that the model’s predictions align with clinical expectations while improving
the system’s trustworthiness for personalised healthcare.

Additionally, another study (Sharma et al. 2024) explored the application of Deep Wavelet
Scattering Networks to detect insomnia using Electrocardiogram (ECG) signals from wear-
ables. This method, coupled with classifiers such as Weighted K-nearest neighbours and
Trilayered Neural Networks (TNN), achieved accuracies above 99% across multiple datasets.
By integrating SHAP for feature ranking, the study provided insights into how key signal
characteristics contributed to model decisions, facilitating clinician trust and ensuring the
applicability of these models in clinical settings.

Similarly, a study (Das Turja et al. 2024) highlighted the use of Heart Rate Variability
(HRV) features derived from ECG signals in monitoring sleep apnoea. The study achieved
high accuracy by employing an interpretable extreme gradient boosting classifier, showcasing
how HRV data alone can be a reliable indicator for apnoea events. The interpretable nature
of the model enabled the visualisation of HRV's contributions, enhancing both clinical utility
and patient outcomes in wearable-based, long-term monitoring.

In a related development, the RRWaveNet study (Osathitporn et al. 2023) introduced an
innovative end-to-end deep learning model for respiratory rate (RR) estimation, a crucial
biomarker for various medical conditions, including sleep disorders. The model processes
PPG signals directly without requiring feature engineering and demonstrated superior perfor-
mance across multiple datasets, achieving mean absolute errors as low as 1.23 + 0.61 breaths
per minute in remote monitoring settings. Leveraging transfer learning further enhanced its
performance on wrist-worn wearable data. Notably, the study integrated explainable AI(XAl)
tools to reveal how signal features, such as peak intensities and their distributions, contribute
to RR estimations. These insights are critical for fostering clinician trust and translating
models into practical telemedicine applications for sleep monitoring.

In a more advanced application, a study (Shen et al. 2021) proposed a multiscale deep
neural network (MSDA-1DCNN) for obstructive sleep apnoea (OSA) detection using HRV
derived from single-lead ECG signals. The model achieved an accuracy of 89.4% and utilised
dilated convolutions and attention mechanisms to extract high-quality features across mul-
tiple scales. The study also tackled data imbalance issues through weighted loss functions,
emphasising that combining multiscale feature extraction with explainable Alcan highlight
which HRV features most indicate apnoea events, improving model interpretability and per-
formance.

These studies emphasise how XAl techniques such as SHAP and attention-based mechanisms
empower clinicians and researchers to comprehend the inner workings of machine learning
models. XAl bridges the gap between complex algorithms and their practical applications
by providing visualisations and importance rankings of features like HRV, PPG, and activity
data. This fosters trust among end-users and healthcare professionals and enhances the
personalisation of sleep monitoring systems. Integrating XAl will be essential for advancing
diagnostic accuracy and ensuring equitable, user-centred healthcare solutions as wearable
technologies evolve.
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2.2.9 Integrative Discussion

The integration of data from wearable devices with artificial intelligence (Al) models and
explainable artificial intelligence (XAl) techniques offers a unique opportunity to enhance
the understanding and management of sleep quality. The advancements presented in this
analysis highlight the potential of deep learning algorithms and machine learning techniques
to monitor sleep patterns, identify influencing factors, and diagnose sleep-related disorders
such as obstructive sleep apnoea (OSA).

A deeper analysis of the differences between the Al models discussed reveals their distinct
advantages and challenges. For instance, models like MSDA-1DCNN (Shen et al. 2021),
which employ dilated convolutions and attention mechanisms, achieved 89.4% accuracy in
OSA detection. These models excel at handling multiscale features in heart rate variability
(HRV) signals, standing out for their ability to extract high-quality features. However,
such gains in accuracy often come with increased computational costs, which may limit
their adoption in wearable devices due to energy and processing constraints. Moreover,
existing approaches frequently address sleep disorder detection as a binary classification task,
typically distinguishing only between the presence and absence of conditions like obstructive
sleep apnoea (OSA). This binary framing inherently limits the capability to capture nuanced
severity levels or subtypes of disorders, reducing the overall clinical utility of such methods.

On the other hand, lighter approaches, such as the use of Random Forest and Gradient
Boosting Machines (GBM) combined with explainability techniques like SHAP (Nam et al.
2024), offer greater interpretability and computational efficiency. These models are partic-
ularly valuable for clinical applications, as they allow healthcare professionals to understand
how metrics like HRV and activity patterns contribute to sleep predictions. However, these
methods may face limitations in complex, high-dimensional data scenarios where deep learn-
ing approaches, such as CNNs or LSTMs, tend to perform better (Das Turja et al. 2024;
Sharma et al. 2024).

Another key point is the use of multimodal data in hybrid models, such as the integration
of ECG and PPG signals (Sumitra et al. 2023; Ye et al. 2021). These approaches have
shown promise in overcoming the limitations of noise and artifacts often associated with
standalone PPG data (Topalidis et al. 2023). For example, the combination of BiGRU-based
models and ADASYN demonstrated a robust balance between sensitivity and specificity in
classifying apnoea episodes (Zhou, He, and K. Kang 2022). However, the increased technical
complexity of these models can pose challenges for scalability and adoption in consumer
devices. Additionally, advanced physiological sensors such as ECG are not yet common in
most commercially available wrist-worn wearables due to their higher cost, complexity, and
energy consumption.

In the context of explainability, methods like SHAP and attention mechanisms in neural
networks have played a crucial role in making Al models more accessible and trustworthy
for healthcare professionals and end-users. Studies such as RRWaveNet (Osathitporn et
al. 2023) have demonstrated how explaining key features, such as peak intensities in PPG
signals, can enhance the clinical acceptance of wearable devices. However, models like
MSDA-1DCNN (Shen et al. 2021) and SomnNET (A. John, Nundy, et al. 2021), despite
their high performance, face challenges in balancing explainability with model complexity.

Finally, the applicability of these models to wearables depends on their ability to operate
in energy-constrained environments and handle heterogeneous data. The development of
efficient, low-cost pipelines will be crucial to ensure that technologies like SomnNET or
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ApSense (Choksatchawathi et al. 2024; A. John, Nundy, et al. 2021) can be widely imple-
mented without compromising accuracy or user trust.

In conclusion, the integrated analysis of Al models applied to wearable devices underscores
the need to balance performance, computational efficiency, and interpretability. Future
advancements should prioritize the combination of machine learning techniques, model op-
timization, and multimodal data integration to create scalable, accessible, and effective
solutions. Additionally, the use of XAl will be indispensable for ensuring transparency, fos-
tering trust, and driving the adoption of wearables as fundamental tools for improving sleep
health. It is also important to highlight the clear lack of traditional machine learning models
with acceptable performance. These models are generally more explainable and compu-
tationally efficient, which makes them especially valuable in clinical contexts and wearable
applications. Addressing this gap could contribute to the development of more interpretable
and deployable systems, without significantly compromising diagnostic capabilities.
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Chapter 3

Methodology and Technological
Challenges

This chapter details the complete methodology pipeline developed in this thesis. Three well
defined tasks are addressed and will be revisited in separate sections:

1.
2.

Sleep stage classification from wrist photoplethysmography (PPG).

Sleep apnoea event stratification from wrist PPG complemented by tri-axial ac-
celerometry (ACC).

Integrated sleep system combining sleep stage classification and sleep apnoea de-
tection into a unified framework using multimodal physiological signals for enhanced
sleep monitoring and personalized health insights.

For sleep stage classification (3.1) and sleep apnoea event stratification (3.2), we follow the
same structured, six-step pipeline:

1.
2.
3.

Reading: raw signal import and sanity checks.
Pre-processing: signal quality assessment, filtering, and artefact suppression.

Feature extraction: physiological and motion descriptors engineered per fixed-length
epoch.

Data preparation: class balancing and feature scaling.
Model training and testing: hyper-parameter optimisation and evaluation metrics.

Explainable Al: interpretation and visualisation of model decisions using XAl tech-
niques.

Detailed numerical results are deferred to Chapter 4; the focus here is strictly on reproducible
methodology.

3.1 Sleep—stage classification

Figure 3.1 illustrates the workflow adopted in this work for automatic five-class sleep stage
annotation from wrist photoplethysmography (PPG). All signal processing and machine-
learning steps were implemented in Python 3.11, using numpy, scipy, scikit-learn,
imbalanced-learn, among other libraries.
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Pre-Processing (2) Feature Extraction (3)
Filter out invalid Noise filtering Extract PFG and IBI Feature selection
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Data Preparation (4) Model Training and Testing (5)

‘ Balance labels HFeaMre normalizafion | Models with different Model comparation
sefs of features

Figure 3.1: Workflow for automatic five-class sleep stage annotation from
wrist PPG.

3.1.1 Dataset

The MESA Sleep cohort, a subset of the Multi-Ethnic Study of Atherosclerosis (MESA), was
employed in this work. The MESA Sleep dataset comprises overnight laboratory polysomnog-
raphy (PSG) recordings from a large, ethnically diverse community-based population in the
United States, collected between 2010 and 2013 (Xiaoli Chen et al. 2015). In addition to
the standard PSG channels, the database includes simultaneous wrist photoplethysmography
(PPG) recorded at 256 Hz, as well as comprehensive demographic and clinical data for each
participant. The full cohort consists of more than two thousand individuals aged between
45 and 84 years, representing four major ethnic groups: White, African-American, Hispanic,
and Chinese-American.

To keep the computational burden tractable whilst maintaining ethnic, sex, and age di-
versity, 48 subjects were selected at random from the database (mean age = 56.3 +
15.8 y; 52% female). Sleep stage annotations for each subject follow the 2012 AASM
rules, providing the canonical five stages: Wake, N1, N2, N3, and REM.

3.1.2 Signal reading and segmentation

The raw PPG signals were extracted from vendor-supplied EDF files and resampled to 64
Hz using polyphase FIR interpolation, ensuring compatibility with typical consumer-grade
wearable devices (Virtanen et al. 2020). Each overnight recording was initially divided into
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consecutive, non-overlapping epochs of 30 seconds and aligned temporally with sleep stage
annotations obtained from polysomnography (PSG).

Various studies recommend the use of stationary data intervals of at least 120 seconds
for reliable heart rate variability (HRV) analysis (Huthart et al. 2020). Given sufficient
data availability, epochs were grouped into sliding windows of 3 minutes, consisting of six
consecutive epochs. These windows moved forward every 60 seconds, following literature
recommendations to balance longer signal duration with the diversity and size of the dataset.
This overlapping approach increased the number of training examples and enhanced feature
robustness.

Each 3-minute window was labeled according to the most frequent sleep stage among the
six epochs it included. In cases where a tie occurred, the deeper sleep stage was chosen,
such as selecting N2 instead of N1. This choice is supported by evidence that deeper sleep
stages are physiologically linked to greater autonomic stability, reduced heart and respiratory
rates, and more consistent HRV patterns. Such stable physiological patterns contribute
significantly to improving the reliability and interpretability of classification results (Biczuk
et al. 2024; Chouchou and Desseilles 2014).

Figure 3.2 illustrates the process of signal extraction, segmentation, and sleep stage labeling.

Read PPG |

and Resample PPG Signal (EDF) |

Spiitinto 305 ™355 305 | 30s | 30s | 30s | 30s | 30s | 30s | 30s | 30s | 305 | 30s | 30s | 30s | 30s | 30s | 30s | 30s |
intervals
Regtdagséiep Wake | Wake |Wake| S1 |Wake| S1 |Wake| s1 | s1 | s2 | s2 | s1 | s2 | s2 | s1 | s2 | s3 | s3
Group into | 3 minutes PPG |
3-minute blocks Majority: Wake
| 3 minutes PPG |
Majority: Wake
| 3 minutes PPG |
Majority: S1
| 3 minutes PPG
Majority: 51
| 3 minutes PPG
Majority: 52
| 3 minutes PPG |
Majority: 52
| 3 minutes PPG
Majority: 52

Figure 3.2: lllustration of the signal reading, segmentation, and sleep stage
labelling process.

The final class distribution of the labeled 3-minute windows in the selected MESA Sleep
dataset is presented in Table 3.1.

Table 3.1: Distribution of labelled 3-minute windows in the MESA subset
used for this study.

Stage Wake N1 N2 N3  REM

Windows 3057 611 5965 1236 1361
Share (%) 25.0 5.0 488 10.1 11.1
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3.1.3 Pre-processing

Two complementary procedures were employed to ensure high-quality feature extraction
from the PPG signals:

Signal—quality screening. Each window was subjected to a quality control step and re-
jected if the peak-to-peak amplitude fell outside the range 0.05 < A < 2 (arbitrary units), or
if the number of detected systolic peaks was fewer than 90 or greater than 330, correspond-
ing to heart rate values below 30 bpm or above 110 bpm. This peak range was chosen as it
encompasses the typical resting heart rate observed under normal physiological conditions
during wakefulness (60-100 bpm) (Avram et al. 2019), while also accounting for the lower
heart rates commonly recorded during sleep.

Band-pass filtering. Windows that passed the screening were processed using a zero-
phase fourth-order Butterworth band-pass filter with a passband of 0.5Hz to 5Hz (H. Liu
et al. 2021). This filtering step served to suppress baseline drift, motion artefacts, and
high-frequency sensor noise, thus enhancing the reliability of downstream analyses.

3.1.4 Feature extraction

Photoplethysmography (PPG) signals encode physiological information across two distinct
time scales. The beat-to-beat morphology of the pulse waveform reflects peripheral va-
sodynamics, while slower fluctuations in the sequence of beat intervals capture aspects of
autonomic regulation. To comprehensively represent both these components, each 3 min
window was characterised by two complementary families of features, as listed in Tables 3.2
and 3.3. The direct PPG feature set quantifies properties of the raw optical waveform in
the time, frequency, and shape domains. The IBI-HRV set is derived from the same window
after extracting the inter-beat interval (IBl) series and calculating standard heart rate vari-
ability (HRV) descriptors. The joint use of these feature families enables the combination
of noise-resilient HRV statistics with fine-grained morphological information, thus providing
a richer characterisation of sleep physiology.

Table 3.2: PPG-based features (22 per window).

Group Features Brief description
Descriptive ppg_mean, ppg_median, ppg_std, Basic location and spread
ppg_mad, ppg_iqr statistics
Morphology ppg_rise_time, ppg_decay_time, Pulse shape, rise/fall time,
ppg_slope global trend
Frequency domain ppg_psd, ppg_peak_freq, Spectral power and frequency
ppg_cwt_energy, ppg_fft_energy features
Heart rate ppg_bpm, ppg_peak_rate Estimated heart rate and de-
tected peak rate
Signal shape ppg_skewness, ppg_kurtosis Higher-order moment descrip-
tors
Complexity (Hjorth) ppg_hjorth_activity, Hjorth mobility, activity, com-
ppg_hjorth_mobility, plexity

ppg_hjorth_complexity
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Table 3.3: IBI-based features (10 per window).

Group Feature Brief description

Time-domain HRV  ibis_mean, ibis_std, ibis_rmssd, Mean, spread, and short-term
ibis_pnnb0, ibis_nnb0, ibis_cv variability of intervals

Frequency domain ibis_v1f_power, ibis_1f_power, Spectral powerin VLF, LF, and
ibis_hf_power, ibis_1fhf_ratio, HF bands and ratios
ibis_total_power

Non-linear ibis_sampen, ibis_sd1, ibis_sd2, Entropy, Poincaré plot, DFA
ibis_dfa

3.1.5 Data preparation

With the features extracted in the previous stage and the corresponding sleep stage la-
bels, the dataset was prepared for machine learning through a two-step process designed to
mitigate the effects of class imbalance and to improve model convergence.

Class balancing. Sleep stages are naturally unequally distributed throughout the night,
resulting in significant imbalance in the extracted 3-minute windows. To address this, class
balancing was performed separately for the development (training) and test sets. For the
development set, a two-step strategy was implemented: minority classes were oversampled
using the Synthetic Minority Over-sampling Technique (SMOTE), which generates synthetic
samples via interpolation in feature space; simultaneously, majority classes were randomly
undersampled. The target was set to 4,473 samples per class, corresponding to the most
represented original class. This approach resulted in a balanced development set with equal
representation of all five sleep stages. Figure 3.3 clearly demonstrates the impact of the
class-balancing procedure, contrasting the markedly skewed original distribution of 3-minute
windows with the uniform distribution achieved for each sleep stage after the combined over
and undersampling steps. For the hold-out test set, only random undersampling was applied,
reducing all classes to the size of the smallest class (153 windows). No synthetic samples
were introduced in the test set, ensuring an unbiased and realistic evaluation.
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Development set: original vs. balanced
6000 Original

Balanced (4473)
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4000
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Number of 3-minute windows
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Wake N1 N2 N3 REM

Figure 3.3: Distribution of 3 min windows in the development set before and
after balancing.

Normalization. To promote efficient model training and avoid issues related to disparate
feature scales, all features were individually normalized to the [0, 1] interval using min—max
scaling. The transformation is given by:

X — Xmin

Xnorm =
Xmax - Xmin

where X is the original feature value, Xnin and Xmnax are the minimum and maximum val-
ues for that feature, estimated exclusively from the development set. This normalization
facilitates model convergence and is particularly beneficial for algorithms sensitive to feature
scaling, such as support vector machines and k-nearest neighbours.

3.1.6 Model selection and optimisation

To evaluate the performance of different machine learning approaches for sleep stage clas-
sification, six standard algorithms were selected: a single classification tree, an ensemble
random forest, Gaussian Naive Bayes (GNB), k-nearest neighbours (KNN), a support vec-
tor machine (SVM) with RBF kernel, and the eXtreme Gradient Boosting library (XGBoost).
These models were chosen to represent a diverse set of methodologies, spanning probabilis-
tic, instance-based, tree-based, and ensemble learning paradigms.

Hyperparameter optimisation was performed using an exhaustive grid search within a strat-
ified five-fold cross-validation framework on the development set. The macro-averaged F;
score was adopted as the selection criterion, ensuring a balanced evaluation of precision and
recall across all five sleep stages.

Table 3.4 summarises the hyperparameter search spaces explored for each model, along with
brief model descriptions. For each algorithm, the primary hyperparameters considered and
their tested values are listed.
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Table 3.4: Trained models and respective hyperparameter search spaces.

Model Hyperparameter Values tested
Classification Tree criterion gini, entropy
max__depth None, 5, 10
min_samples_split 2, 5, 10
Random Forest n_estimators 100, 150, 250
max__ depth None, 5, 10
min_samples _split 2, 5, 10
Gaussian NB var_smoothing 1x107° 1x1078 1x 107"
KNN n_neighbors 3,5, 10
weights uniform, distance
metric euclidean, manhattan
SVM C 0.1, 1,10
kernel linear, rbf
gamma scale, auto
degree 2,3, 4
XGBoost n_estimators 50, 100, 150
learning _rate 0.01,0.1,0.2
max_depth 3,57

After identifying the optimal hyperparameter configuration for each model, the final versions
were retrained on the entire development set. Their performance was then evaluated on the
independent hold-out set, as described in Section 3.1.5.

3.1.7 Evaluation

Final model evaluation was performed by retraining each classifier on the entire balanced
development set, followed by assessment on the independent hold-out set. Multiple metrics
were reported to provide a comprehensive view of model performance: overall accuracy,
Cohen's k, per-class precision, recall, and Fi-score, as well as the full confusion matrix.
This set of metrics enables robust and transparent comparison with results reported in the
contemporary literature. A detailed discussion of these results is provided in the following
sections.

3.1.8 Explainable Al

To ensure the interpretability of the Machine Learning models developed in this work, a
component of Explainable Artificial Intelligence (XAl) will be incorporated. This component
aims to provide a deeper understanding of the internal workings of the model and of the
factors that most influence its predictions, both at a general and individual level.

The approach will be divided into two main categories of explanations:
Global Explanations

Global explanations aim to provide an overall view of the model’s behavior in relation to the
entire dataset. The following techniques will be applied:

e Permutation Feature Importance: This technique will be used to evaluate the rela-
tive importance of each feature by measuring the change in the model's performance
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when the values of a given variable are randomly permuted. The importance will be
quantified using the mean and standard deviation of performance degradation over
multiple repetitions.

e SHAP (SHapley Additive exPlanations) — Global: The mean SHAP values will be
computed for each feature and for each class, allowing identification of the variables
that contribute most significantly to the model’s predictions. This approach is based
on Game Theory and provides consistent and fair explanations.

e Partial Dependence Plots (PDPs): PDPs will be used to illustrate how isolated
variation in a given feature affects the predicted probability for each class. Since
automatic PDP generation is not supported for this type of multiclass data, a manual
simulation will be performed: the mean values of the other features are fixed, and the
feature of interest is varied across its observed range. The predicted probability is then
recorded at each step. This approach provides a simple and interpretable view of the
individual effect of continuous variables on model predictions Friedman 2001.

Local Explanations

Local explanations focus on interpreting the model’s decisions for individual instances, helping
to understand why a specific prediction was made. The following techniques will be applied:

e SHAP — Local: Specific predictions will be analyzed using waterfall plots, which intu-
itively show how each feature contributed to the model's decision. One representative
instance will be selected per class (predicted as that class) for individual analysis.

e LIME (Local Interpretable Model-agnostic Explanations): This technique approx-
imates the model’s behavior in the local neighborhood of the analyzed instance using
a simple interpretable model, usually linear. Explanations will be generated for rep-
resentative instances of each class, highlighting the variables with the greatest local
impact on the prediction.

This combination of techniques will enable a comprehensive, transparent, and trustworthy
analysis of the model’'s decision logic, fostering user trust and helping to identify bias or
unexpected patterns.

3.2 Sleep Apnoea Detection

This section describes the methodology developed for the automatic detection of sleep
apnoea events using wrist photoplethysmography (PPG) signals, supplemented by tri-axial
accelerometry data. The overall workflow, illustrated in Fig. 3.4, mirrors the structure
established for sleep stage classification, including segmentation, feature extraction, data
preparation, model selection and optimisation, and performance evaluation.

Unless otherwise specified, dataset partitions, preprocessing strategies, and feature extrac-
tion procedures were consistent with those described previously. The use of accelerometry
features was specifically explored to assess their added value in apnoea event detection. The
following subsections detail each stage of the pipeline.
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Figure 3.4: Workflow for sleep apnoea detection from wrist PPG and ac-
celerometry.

Model Training and Testing (5)

3.2.1 Dataset

The publicly available DREAMT dataset (Dataset for Real-time Sleep-stage Estimation
using Multisensor Wearable Technology) (W. K. Wang et al. 2024) comprises a single
overnight polysomnography-validated (PSG) recording for each of 100 adults. The cohort
spans both healthy volunteers and patients diagnosed with diverse forms of sleep-disordered
breathing, ensuring a robust foundation for clinically oriented analysis.

Each participant’s file contains multiple physiological signals recorded at various frequencies,
such as 64 Hz for both the TIMESTAMP and BVP signals, 32 Hz for triaxial accelerometry
(ACC_X, ACC Y, ACC_Z), 4 Hz for both EDA and TEMP, and 1 Hz for HR, alongside
the technician annotated sleep stage labels that are recorded every 30 seconds. Notably,
DREAMT is unique in that it is the only dataset obtained using wearable technology specif-
ically for real-time sleep stage estimation.

An assessment of missing values revealed that the dataset is remarkably complete, with only
a few instances of missing sleep stage annotations typically due to re-setup events during
the recording session. This high level of data completeness enhances the reliability of the
derived insights. The average age is approximately 56.24 years, with participants represented
from 21 years onward, thereby offering a comprehensive demographic spread. The gender
distribution is balanced, with a slight predominance of females, which minimises potential
gender bias in subsequent analyses. Investigation of body mass index (BMI) shows that
overweight and obese individuals form the majority of the sample, a finding that may reflect
the higher BMI prevalence typical of the U.S. population (Health n.d.).
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The analysis extends to an examination of common medical conditions, with the most
frequently occurring conditions clearly illustrated in Figure 3.5. Additionally, the preva-
lence of sleep disorders has been explored and notable conditions such as obstructive sleep
apnoea (OSA) and insomnia are among those most frequently observed, underscoring the
dataset’s relevance for sleep disorder research. A moderate correlation between the Apnoea-
Hypopnoea Index (AHI) and BMI suggests that increased body mass may be associated with
more severe sleep-disordered breathing, while a strong inverse correlation between oxygen
saturation (Mean Sa02) and sleep apnoea emphasises the clinical significance of oxygen
levels in sleep health assessments.

Top 10 Medical Conditions
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Figure 3.5: Top 10 medical conditions in the DREAMT dataset

In terms of age-related trends, the analysis of the apnoea index indicates that although no
definitive trends were evident overall, there is a noticeable increase in the 30—40 age group,
possibly influenced by outliers. These insights provide valuable information on the intricate
relationships between physiological signals and sleep stages.

Overall, the exploration of the DREAMT dataset confirms its remarkable detail and spe-
cialised nature. The findings derived from this analysis lay a robust foundation for subsequent
feature engineering, model development, and validation, and highlight the datasets potential
to advance research in real-time sleep stage estimation using wearable technology.

3.2.2 Data Reading and Segmentation

This subsection details how the nightly CSV files supplied by the DREAMT repository were
converted into a uniform collection of fixed-length, labelled segments, forming the foundation
for subsequent analysis. Each file included wrist photoplethysmography (PPG) sampled at
64 Hz, tri-axial accelerometry (ACC), instantaneous heart rate, inter-beat intervals (IBI), and
event counters reflecting clinical scoring. Channels unrelated to cardiorespiratory analysis,
such as skin temperature and electrodermal activity, were discarded, retaining only the signals
relevant for this study.
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Timestamps were referenced as seconds from lights-off, and the streams were partitioned
into consecutive, non-overlapping thirty-second epochs. The choice to maintain fixed 30-
second windows in this context was driven by the characteristics of apnoea events. These
episodes are typically short, often lasting between 10 and 30 seconds, and are annotated
with precise timing (Berry et al. 2017). Aggregating such events into longer windows, as
done for sleep staging, would either split individual episodes across segments or combine
heterogeneous events, resulting in loss of specificity and clarity. Therefore, preserving the
original segmentation ensured full event capture, better label consistency, and alignment
with clinical annotation practices. Each segment retained the full vector of PPG and ACC
samples, the corresponding mean heart rate, and the list of IBls within the epoch.

Figure 3.6 illustrates the complete process of data reading, channel selection, and segmen-
tation adopted in this work.

Read CSV | CSV file |

Spitinto 30s. | 308 | 308 | 308 | 308 [ 308 | 308 |
intervals

Rei: ;}‘I’:ea | None | Obstructive|Central | None | Hypopnea | Mixed | Obstuctive |

Apnea Labels

simpiified MNone Mixed Mone Hypopnea Mixed Obstructive

Figure 3.6: Workflow for reading and segmenting raw data from the
DREAMT repository into uniform thirty-second epochs suitable for machine
learning.

The four event counters provided, wich are obstructive apnoea, central apnoea, hypopnoea,
and mixed events, were consolidated into a single categorical label for each segment. If
only one event counter was non-zero, the corresponding event type was assigned; if none
were active, the label None was applied; and if multiple counters were active, the label
Mixed was used. The resulting labels were encoded as integer values suitable for machine
learning algorithms. This procedure, applied to the entire DREAMT cohort, yielded 60,082
fully annotated thirty-second segments, which served as the basis for subsequent feature
extraction and model development.

3.2.3 Preprocessing

To ensure high-quality signals for feature extraction, a comprehensive preprocessing pipeline
was implemented.

Quality Checks. Segments labelled as "Missing" or "Wake" were excluded. Additionally,
segments showing unrealistic or flat-line PPG signals were discarded.

Filtering. PPG signals underwent a second-order high-pass Butterworth filter (cut-off fre-
quency 0.15 Hz) to remove baseline wander, followed by a fourth-order Butterworth band-
pass filter (0.7-8 Hz) isolating cardiac-related frequencies and attenuating respiratory or
high-frequency noise.
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Artefact Removal. Motion artefacts were further mitigated by replacing samples exceed-
ing a robust median-based z-score threshold (>5 standard deviations) with the median value
of the segment and smoothing the result with a three-sample median filter.

An example illustrating the effect of the preprocessing pipeline on a raw wrist PPG segment
is shown in Fig. 3.7.
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Figure 3.7: Example of raw and filtered wrist-PPG signal segment (30 s).
Panel (a): Raw PPG signal with artefacts; Panel (b): Cleaned signal after
high-pass and band-pass filtering.

3.2.4 Feature Extraction

Feature extraction for sleep apnoea detection leveraged information from three complemen-
tary sources: pulse-wave morphology (PPG), heart rate variability (IBl-derived), and wrist
accelerometry. The complete feature set comprised 42 variables per window, as summarised
in Tables 3.5-3.7.

Table 3.5 details the 22 PPG-based features, capturing classical statistics, pulse morphol-
ogy, spectral content, beat timing, higher-order shape descriptors, and signal quality indices.
Table 3.6 lists the 10 IBl-derived heart rate variability metrics, which reflect autonomic reg-
ulation and temporal complexity of cardiac cycles. Table 3.7 presents the 10 accelerometer
features, describing the intensity and directionality of body motion.

Although this multi-source feature space is rich, including all variables can unnecessarily
inflate model complexity and promote overfitting. To address this, a systematic feature
selection process was conducted. Feature relevance was assessed using four complementary
methods: mutual information and ANOVA F-tests for univariate ranking, principal com-
ponent analysis (PCA) for global contribution, and pairwise Pearson correlation to detect
redundancy. Features consistently ranked as low-importance or exhibiting strong redundancy
were removed. Specifically, ppg_mean and ppg_peak_freq were discarded, yielding a final
input space of 40 variables for model training.
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Table 3.5: PPG-based features (22 per window).

Group Feature Brief description

Descriptive ppg_mean, ppg_median, Classical location and spread
ppg_std, ppg_mad, measures.
ppg_iqr

Morphology ppg_rise_time, Global rise, fall, and trend of
ppg_decay_time, the pulse wave
ppg_slope

Cardiac power ppg_band_pow, Welch power (0.7-4Hz) and
ppg_peak_freq its peak frequency.

Time—frequency PpPg_cwt_energy, Energy from Gaussian-CWT
ppg_fft_energy map and half-sided FFT.

Beat timing ppg_hr_bpm, Heart-rate and mean RR inter-

PpPg_rr_mean

val from detected peaks.

Shape/complexity ppg_skewness,
ppg_kurtosis
hjorth_activity,
hjorth_mobility,
hjorth_complexity

Higher-order moments and
Hjorth parameters.

Quality/Respiratory  ppg_snr_db,
kurt_ratio,
resp_amp_mean,
resp_amp_std

Fast SNR proxy, kurtosis ratio,
and respiratory-band envelope
statistics.

Table 3.6: IBl-based features (10 per window).

Group Feature

Brief description

Time-domain HRV ibis_mean, ibis_std
sdnn, ibis_rmssd,

Mean, spread and short-term
variability of successive inter-

rmssd, ibis_pnn50 vals.

Poincaré ibis_sdl, ibis_sd2 Short and long axis spread of
the Poincaré plot.

Complexity ibis_sampen Sample entropy (irregularity)
of the Inter-Beat Interval (IBI)
series.

Spectral power ibis_total_power Integrated 0.003-0.4 Hz power

of the HRV spectrum.
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Table 3.7: Accelerometer features (10 per window).

Group Feature Brief description
Axis statistics acc_{x,y,z}_mean, Mean and standard deviation
acc_{x,y,z}_std for each axis.
Axis energy acc_{x,y,z}_energy Sum of squared samples per
axis (movement intensity).
Composite acc_mag_mean Mean vector magnitude (over-
all motion).

3.2.5 Data Preparation

Due to inherent class imbalance, data preparation involved careful balancing:

Stratified Splitting. The dataset (60,082 segments) was split into an 80% development
set and a 20% independent hold-out set, preserving original event proportions.

Class Balancing. The training set underwent synthetic oversampling of minority classes
using the SMOTE (Synthetic Minority Oversampling Technique) algorithm, followed by
random undersampling of majority classes to create an evenly balanced training set. The
final balanced training set consisted of 6,640 samples (1,328 per class), and the hold-out
set contained 830 evenly distributed samples (166 per class) for unbiased model evaluation.
Figure 3.8 clearly demonstrates the impact of this procedure.
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Figure 3.8: Distribution of 30-second windows in the dataset before and after
balancing.

Feature Scaling. Features were normalised using min-max scaling, mapping values to the
range [0,1].
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3.2.6 Model Training and Hyperparameter Optimisation

Interpretable, lightweight machine learning models were selected and rigorously evaluated,
including Decision Tree, Random Forest, AdaBoost, k-Nearest Neighbours (KNN), Extreme
Gradient Boosting (XGBoost), and Light Gradient Boosting Machine (LightGBM). These
algorithms were chosen to balance predictive power with interpretability and computational
efficiency.

Hyperparameter optimisation was performed through either an exhaustive grid search or
a 200-draw randomised search, depending on model complexity and computational cost.
All search procedures were wrapped in stratified k-fold cross-validation to avoid optimistic
bias and ensure robust generalisation. Hyperparameters explored included the number of
estimators, maximum tree depth, minimum samples per split, number of neighbours, learning
rates, and other model-specific complexity controls.

The full search spaces for each classifier are detailed in Table 3.8.

Table 3.8: Hyperparameter grids/ranges explored for each candidate model.

Model Parameter Values tested

Decision Tree criterion {gini, entropy}
max_depth {None, 5, 10}
min_samples_split {2, 5, 10}

Random Forest

n_estimators
max_depth
min_samples_split
min_samples_leaf

200-1500 (14 values)
{5, 15,25, ..., 95}
{2, 5, 10, 20}
{1,2, 4, 8}

criterion {gini, entropy, log_loss}
XGBoost n_estimators {100, 150, 200}
max_depth {None, 5, 10}
min_samples_split {2, 5, 10}
k-Nearest Neighbours n_neighbors {3,5, 7}

weights {uniform, distance}

metric {euclidean, manhattan}
AdaBoost n_estimators {50, 100, 150}

learning_rate {0.01, 0.1, 1.0}
LightGBM n_estimators 200-1500 (14 values)

max_depth
learning_rate
num_leaves
min_child_samples

{5, 15, 25, ..., 95}
0.001-0.30 (30 values)
20-140 (step 10)
5-95 (step 10)

3.2.7 Evaluation Metrics

The trained models were evaluated on the independent hold-out set using a range of perfor-
mance metrics commonly adopted in clinical sleep apnoea research. In addition to balanced
accuracy, defined as the mean recall across all five event categories, Cohen's k statistic was
calculated to quantify inter-rater agreement beyond chance. Precision, recall, and F;-score
were reported both globally and on a per-class basis, providing a nuanced view of classifier
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performance across the different apnoea event types. Confusion matrices were examined to
further elucidate patterns of misclassification.

This comprehensive evaluation approach facilitates direct comparison with established results
in the field. Detailed results and interpretation are presented in Chapter 4.

3.2.8 Explainable Al

The explainable Al methodology applied to sleep apnoea detection mirrors the previously de-
scribed approach for sleep stage classification, maintaining consistency across tasks. Global
feature importance (including permutation importance), SHAP-based analyses (both global
and local), and representative instance explanations are reused to interpret the best-performing
model for apnoea event stratification. This unified framework enables coherent analysis and
facilitates direct comparison of interpretability results between the two classification prob-
lems.

3.3 Integrated sleep system

This section presents the integrated system developed to simultaneously analyse sleep stage
occurrence and the incidence of apnoea events using signals collected from wrist-worn wear-
able devices. The goal is to provide a comprehensive view of an individual’s nocturnal phys-
iology by combining two complementary tasks: sleep stage classification and apnoea event
detection. Both tasks are performed independently but synchronously, based on the same
physiological signals, specifically photoplethysmography (PPG) and tri-axial accelerometry
(ACC), allowing for unified and clinically relevant interpretation. The system pipeline is il-
lustrated in Figure 3.9. Raw signals recorded throughout the night are first subjected to a
preprocessing stage involving signal cleaning and normalisation. This step removes artefacts,
non-physiological fluctuations, and invalid data segments, ensuring that only high-quality
data are passed on to subsequent analysis. The signals are then directed into two parallel
branches, each optimised for the requirements of its respective task.

For sleep stage classification, signals are segmented into three-minute overlapping windows,
capturing the longer-term dynamics typical of sleep architecture. A set of physiological
features is extracted from each window, describing waveform morphology, heart rate, and
beat-to-beat variability. These features are used by a pre-trained machine learning model to
assign one of the five canonical sleep stages: Wake, N1, N2, N3 or REM to each window.

In parallel, for apnoea detection, signals are divided into consecutive, non-overlapping thirty-
second windows in line with clinical scoring practices. Feature extraction includes PPG-
based markers, variability metrics from inter-beat intervals, and motion descriptors from
accelerometry. These features are used to classify each segment into one of five categories:
obstructive apnoea, central apnoea, hypopnoea, mixed event or no event, using a separately
trained model.

The outputs from both models are then temporally aligned using timestamp information,
producing a coherent time series in which both sleep stage and respiratory event predictions
can be reviewed side by side. This fusion allows for integrated visual representations such
as layered hypnograms and supports cross-analysis between sleep structure and disordered
breathing. The modular design of the system also facilitates the independent upgrade or
replacement of individual components without compromising overall functionality.
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In addition to automated classification, the system incorporates a dedicated interpretability
component that makes the models’ decisions transparent. This is especially important in
clinical contexts where trust in algorithmic output is essential. The explanations for each
prediction are generated following the methodological protocol described earlier in this chap-
ter, using explainable Al techniques such as feature importance, permutation analysis and
Shapley values. These methods are applied consistently to both models, enabling the system
to highlight which physiological or motion-based features contributed most to each decision,
whether for sleep staging or apnoea event detection. The outputs include both global ex-
planations, which summarise the overall importance of features, and local explanations for
individual time windows, allowing for detailed inspection and validation.

The entire processing pipeline described above will be implemented in a backend environment
using the Flask framework in Python. This includes signal preprocessing, feature extraction,
classification for both sleep staging and apnoea detection, as well as the generation of global
and local explanations using explainable Al techniques. The backend will expose the results
through RESTful Application Programming Interface (API) endpoints, making it possible
to retrieve structured outputs such as predicted labels, timestamps, feature importance
scores, and explanatory visualisations. By centralising all computational steps in a dedicated
backend, the system ensures scalability, maintainability, and clear separation of concerns
between data processing and presentation.

To enhance accessibility and usability, a user-friendly frontend will be developed using web
technologies such as JavaScript, HTML and CSS. This interface will allow clinicians, re-
searchers or end-users to interact with the system in an intuitive environment, where both
sleep stage and apnoea event predictions can be visualised in synchrony. Visual elements
such as layered hypnograms, feature contribution plots, and annotated timelines will facili-
tate the interpretation of results, supporting informed decision-making. The frontend also
ensures modular integration with the backend models, enabling real-time interaction and
promoting practical deployment of the system in clinical or home-based settings.

In summary, the integrated sleep system proposed here enables automated and interpretable
monitoring of sleep structure and breathing disturbances using wearable technology. This
approach represents a significant step forward in accessible, non-invasive sleep analysis,
combining accuracy, transparency and practical applicability.
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Chapter 4

Results and Ethical-Social
Considerations

This chapter presents and discusses the empirical findings of the thesis. The material is
organised around the two analytical tasks introduced in Chapter 3. Section 4.1 examines
how accurately wrist photoplethysmography (PPG) can discriminate the five canonical sleep
stages, while Section 4.2 evaluates multi-class detection of sleep-disordered breathing events
using a combination of PPG and tri-axial accelerometry.

Beyond the core analytical results, Section 4.3 demonstrates the complete system integra-
tion, including the orchestration of all modules through RESTful APIs and the generation
of synchronised outputs with local and global interpretability features. These examples il-
lustrate not only the technical feasibility of the system but also its practical applicability in
real-world monitoring scenarios.

The chapter also includes a commentary that relates the empirical findings to current liter-
ature and highlights the main limitations and open challenges that remain.

Finally, Section 4.5 examines the ethical, legal, and societal implications of deploying Al in
healthcare. Particular attention is given to compliance with the General Data Protection
Regulation (GDPR) and the European Al Act, as well as broader concerns of transparency,
fairness, and data protection. This reflection situates the technical contributions within the
regulatory and societal landscape that increasingly shapes Al-driven healthcare innovation.

4.1 Sleep Stage Classification

This section presents the results for automatic multi-class classification of sleep stages from
wrist-worn photoplethysmography (PPG) and inter-beat interval (IBI) features. All models
were evaluated on an independent, stratified test set comprising five mutually exclusive
classes. The subsections that follow first report overall model performance metrics and then
analyse per-class behaviour and error patterns.

4.1.1 Overall Model Performance

The overall classification performance, as detailed in Table 4.1, highlights the relevance
of combining photoplethysmography (PPG) and inter-beat interval (IBI) features in sleep
stage prediction. Among all evaluated models, Random Forest stands out with the highest
accuracy (72.16%) and Cohen’s Kappa (0.652), indicating strong agreement beyond chance.
K-Nearest Neighbors (71.63%, k = 0.645) and XGBoost (69.54%, k = 0.619) also delivered
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competitive results, reinforcing the robustness of ensemble and instance-based methods in
handling physiological variability.

In contrast, models such as Support Vector Machines (56.73%, k = 0.459) and Gaussian
Naive Bayes (32.03%, k = 0.150) exhibited markedly lower performance. These results
suggest that simpler or linear classifiers may struggle to capture the complex and non-
linear dynamics inherent in biosignals, especially when class distributions are imbalanced or
overlapping.

The variation in performance across models highlights the critical importance of model selec-
tion when working with physiological data. Ensemble-based approaches appear particularly
well-suited to the task, likely due to their ability to model feature interactions and adapt to
signal variability.

In the following sections, we delve deeper into class-wise performance and interpretability
aspects, offering a more granular understanding of each model's strengths and limitations.

Table 4.1: Overall performance on the test set: accuracy and Cohen’s k for

each model.
Model Accuracy (%) Cohen’s Kappa
Random Forest 72.16 0.652
K-Nearest Neighbors 71.63 0.645
XGBoost 69.54 0.619
Classification Tree 58.43 0.480
Support Vector Machine 56.73 0.459
Gaussian NB 32.03 0.150

4.1.2 Per-Class Performance

Detailed per-class metrics for Random Forest, KNN, and XGBoost are presented in Ta-
ble 4.2.Among the evaluated models, Random Forest consistently achieved the best overall
performance, particularly excelling in the classification of Wake (W) and deep sleep (S3)
stages, with a high precision of 0.86 and recall of 0.88, respectively. The REM stage was
also accurately identified, with balanced precision and recall contributing to a high F; Score
(F1)-score of 0.82. In contrast, Random Forest struggled to classify stage S1, with a notably
low precision of 0.69 and recall of 0.41, likely due to physiological overlap with neighbouring
stages.

The KNN model demonstrated relatively balanced performance across most sleep stages,
achieving solid results in REM and S3. This suggests its capability to capture well-defined
physiological patterns. However, its performance was less consistent in transitional stages
such as S2 and S1, where overlap and signal ambiguity are more pronounced.

XGBoost showed comparable effectiveness in detecting stages like Wake and REM, closely
matching Random Forest in terms of precision and recall. Nonetheless, it faced significant
difficulties in classifying stage S1, similarly to the other models. This consistent under-
performance across models highlights the inherent complexity of accurately distinguishing
transient and ambiguous sleep stages such as S1.
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Table 4.2: Per-class metrics for Random Forest, KNN, and XGBoost.

Class Random Forest ‘ KNN ‘ XGBoost

Prec Rec F; |Prec Rec F; |Prec Rec F;

W 0.69 089 0.77| 070 080 0.74| 076 0.86 0.81
S1 0.69 041 051|064 053 058 ]| 047 0.29 0.36
S2 0.59 0.70 064 | 061 0.70 0.65| 0.56 0.77 0.65
S3 0.86 0.78 082|084 0.77 0.80| 0.84 0.75 0.79
REM 080 083 082]| 0.78 0.78 0.78 | 0.79 0.82 0.81

4.1.3 Confusion Matrices and Error Patterns

Confusion matrices for Random Forest, KNN, and XGBoost models (Tables 4.3, 4.4, and
4.5) offer detailed insights into classification performance and error patterns.

Table 4.3: Confusion Matrix - Random Forest (Accuracy: 72.16%, Cohen'’s
Kappa: 0.652)

W S1 S2 S3 REM

W 136 5 7 3 2
S1 32 62 35 9 15
S2 14 14 107 7 11
S3 6 2 22 120 3
REM 10 7 9 0 127

Table 4.4: Confusion Matrix — k-Nearest Neighbors (Accuracy: 71.63%,
Cohen's Kappa: 0.645)

W S1 S2 S3 REM

W 122 11 13 4 3
S1 20 81 26 7 19
S2 12 15 107 7 12
S3 4 4 25 117 3
REM 9 7 9 7 121

Table 4.5: Confusion Matrix - XGBoost (Accuracy: 69.54%, Cohen’s Kappa:
0.619)

W S1 S2 S3 REM

W 132 4 13 3 1
S1 32 45 55 5 16

S2 11 8 118 7 9
S3 3 1 32 114 3
REM 11 4 15 0 123
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The Random Forest model achieved an accuracy of 72.16% and a Cohen’s kappa of 0.652.
It correctly classified the majority of Wake instances (136/153) and REM epochs (127/153),
showing strong performance in these classes. However, it confused 32 S1 epochs as Wake
and 35 as S2, highlighting the difficulty of distinguishing transitional stages. Stage S2
also showed complexity, being correctly classified in 107 cases but misclassified as S1 in 14
instances and as REM in 11 instances.

The KNN model obtained an accuracy of 71.63% and a Cohen’s kappa of 0.645. It classified
Wake with reasonable precision (122 correct) but misclassified 11 epochs as S1 and 13 as S2.
S1 achieved 81 correct classifications, yet 26 were labelled as S2 and 19 as REM, reinforcing
the challenge of early sleep stage discrimination. Similarly, S2 was well recognised in 107
instances, but 15 were mistaken for S1 and 12 for REM, showing overlap across adjacent
stages.

XGBoost reached an accuracy of 69.54% and a Cohen's kappa of 0.619. It performed
strongly for REM (123 correct) and S3 (114 correct), but significantly struggled with S1.
Out of all S1 epochs, only 45 were correctly classified, while 32 were misclassified as Wake
and 55 as S2, indicating substantial confusion in this transitional stage. S2, despite being
correctly identified 118 times, was also misclassified as S1 in 8 cases and as REM in 9 cases.

In summary, although all models showed solid performance in detecting well-defined stages
such as Wake, S3, and REM, they consistently struggled with stage S1. The frequent
misclassifications observed in the confusion matrices emphasise the intrinsic challenge of
distinguishing transitional sleep stages based solely on PPG and IBI features.

4.1.4 Model Explainability and Interpretation

To understand the decision-making logic of the sleep-stage classifier, the same tiered ap-
proach adopted for apnoea was applied: global, class-specific and local perspectives obtained
with permutation importance, SHAP, LIME and partial-dependence plots.

Global Feature Importance

Permutation importance computed on the min—max normalised space highlights the promi-
nence of nonlinear PPG-HRV descriptors. Sample Entropy (ibi_sampen) and basic PPG
morphology metrics (ppg median, ppg kurtosis, ppg skewness) top the ranking, fol-
lowed by heart-rate indices (ppg bpm, ppg peak rate) and signal-complexity measures
(hjorth__complexity, ibi__higuchi_fd). The ten most influential variables are summarised in
Table 4.6.
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Table 4.6: Top 10 features according to permutation importance (sleep-stage

model).
Feature Importance Mean Importance Std
ibi_sampen 0.0468 0.0041
ppg_median 0.0441 0.0094
ppg_ kurtosis 0.0297 0.0078
ppg_skewness 0.0268 0.0058
hjorth complexity 0.0241 0.0044
ppg_bpm 0.0209 0.0068
ppg peak rate 0.0195 0.0050
ibi__higuchi_fd 0.0187 0.0094
ibi__mean 0.0180 0.0051
ppg _cwt energy 0.0174 0.0054

These results suggest that nonlinear and statistical descriptors derived from PPG and IBI
signals, particularly those reflecting signal irregularity and morphology, are crucial for distin-
guishing between sleep stages. The prominence of ibi_sampen and ppg median highlights
the importance of entropy and central tendency in heart rhythm analysis, while features such
as ppg_ kurtosis and hjorth complexity underline the contribution of waveform shape and
complexity. This reinforces the relevance of combining both time-domain and complexity-
based metrics in sleep-stage classification tasks.

Class-Specific SHAP Analysis

The SHAP breakdown in Table 4.7 reveals stage-dependent patterns of relevance:

Wake (0) — Characterised by heightened cardiovascular activity, this stage is primarily
associated with rate-based PPG indicators (ppg peak rate, ppg bpm) and wave-
form sharpness (ppg_kurtosis), along with higher signal irreqularity (ibi sampen),
reflecting sympathetic dominance and movement artefacts.

N1 (1) — As a transitional stage, N1 is influenced by low-frequency heart rate variability
(vIf_power) and complexity metrics (higuchi_fd, sd2, sdnn), highlighting reduced
autonomic stability and the beginning of parasympathetic engagement.

N2 (2) — This light sleep stage shows dominant contributions from entropy-based
(ibi_sampen) and spectral features (vIif power), with shape-based descriptors (ppg -
kurtosis, ppg _skewness) capturing increased waveform regularity as sleep stabilizes.

N3 (3) — Deep sleep is strongly associated with high vif power and entropy, indi-
cating profound parasympathetic activity. Morphological features like ppg skewness
and ppg kurtosis reflect the symmetric, low-variability nature of the waveform, while
geometric spread (sd2) signals autonomic consistency.

REM (4) — This stage exhibits a mixed autonomic profile, where median pulse am-
plitude (ppg median), entropy (ibi sampen, spectral _entropy), and spectral power
(vIf_power) dominate, capturing the instability and variability characteristic of REM
physiology.
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Table 4.7: Top 5 SHAP features for each sleep stage.

Rank Wake (0) N1 (1) N2 (2) N3 (3) REM (4)

1 ppg peak rate vIf power ibi_sampen vif power ppg median
0.0237 0.0191 0.0198 0.0193 0.0263

2 ppg_bpm higuchi_ fd vIf _power ibi_sampen ibi__sampen
0.0235 0.0154 0.0182 0.0193 0.0208

3 ppg_ kurtosis sd?2 ppg kurtosis  ppg_skewness vIf power
0.0188 0.0149 0.0178 0.0181 0.0199

4 ibi__sampen sdnn mean ppg_kurtosis  ppg_skewness
0.0160 0.0137 0.0119 0.0179 0.0173

5 ppg _median ppg kurtosis ppg skewness sd2 spectral _entropy
0.0147 0.0127 0.0108 0.0178 0.0164

Partial Dependence Plots (PDPs)

To assess the impact of the three highest-ranked predictors, which are ibi sampen (in
the figure as sampen), ppg median and ppg kurtosis, each feature was systematically
perturbed across its normalised range while the model’s class probabilities were tracked
(Figure 4.1).

Despite their global importance, the partial-dependence curves reveal moderate sensitivity.
The largest shifts (0.10-0.15) occur for Wake and NI: Wake probability declines and NI
rises as ibi_sampen exceeds roughly 0.3, indicating a mild preference for more irregular
inter-beat intervals during light sleep. A similar trade-off appears when ppg median sur-
passes 0.6, with a subsequent uptick in REM above 0.75. Probabilities for N2 and N3
remain within £0.05 across all three features, and ppg kurtosis triggers only a brief adjust-
ment near the origin before plateauing. These results confirm that even the model's most
influential features do not single-handedly dominate predictions; their effects are modest and
largely stage-specific.
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Figure 4.1: Partial-dependence curves for the three most important features
in sleep stage classification

For an expanded version of these curves with enhanced readability, please refer to Appendix B
(see Figure B.1).

Local Interpretability: SHAP and LIME (Sleep Staging)

To understand how the sleep stage classifier forms individual predictions, we generated both
SHAP and LIME explanations for a representative test instance from each stage (Wake, N1,
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N2, N3, REM). Explanations were computed in the min—max normalised feature space to
enable cross-feature comparison. Table 4.8 lists the top five contributing features per stage
for SHAP and LIME.

Agreement between the two methods is generally good (typically three or more overlap-
ping variables), though effect direction and magnitude sometimes differ because SHAP inte-
grates the model’s non—linear interactions while LIME fits a local surrogate that is condition-
dependent. For Wake, pulse rate and pulsatility metrics (e.g., ppg_bpm, ppg_peak_rate)
dominate SHAP, whereas LIME emphasises low spectral power and signal-complexity thresh-
olds. NI is strongly associated with low-frequency variability (v1f_power) and nonlinear
complexity (higuchi_fd), with supporting evidence from HRV dispersion (sd2, std_dev).
Deep sleep (N3) shows increased parasympathetic tone (hf _power) together with higher sig-
nal irregularity (ibi_sampen) and HRV spread (sdnn); decreases in pulsatile rate (ppg_pea-
k_rate) also contribute. REM predictions are strongly modulated by PPG amplitude/distri-
butional shape (ppg_median, ppg_skewness) and by central autonomic markers (higuchi_-
fd, v1f_power). Overall, the local attributions align with the global importance rankings
and map plausibly onto known sleep physiology: lighter stages favour higher variability and
rate reactivity, deep sleep reflects vagal dominance and waveform regularisation, and REM
is marked by distinctive PPG amplitude shifts.
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Table 4.8: Top 5 local features (absolute contribution) for a representative
instance of each sleep stage using SHAP and LIME. Values are shown in the
min—max normalised feature space.

Stage SHAP LIME
Feature Value Feature Value
ppg_bpm 0.0412 higuchi fd < 0.41 0.0189
ppg peak rate 0.0398 vif _power < 0.00 -0.0184
Wake hjorth complexity 0.0171 ppg bpm > 0.23 -0.0172
ppg_ kurtosis 0.0150 ppg_kurtosis < 0.00 -0.0158
ppg _median -0.0094 ppg peak rate > 0.23 -0.0143
vIf  power 0.0457 higuchi fd < 0.41 0.0190
higuchi_ fd 0.0313 vif _power > 0.01 0.0122
N1 sd2 0.0252 sdnn > 0.17 0.0104
ppg_bpm 0.0243 std dev > 0.17 0.0102
std dev 0.0239 0.61 < ppg_median < 0.68 0.0100
pnn50 0.0425 ppg__median > 0.74 -0.0223
nn50 0.0305 higuchi fd < 0.41 0.0196
N2 ppg_median 0.0210 ppg_ kurtosis > 0.00 0.0141
hjorth _mobility 0.0201 vif power > 0.01 0.0136
ppg_bpm 0.0199 sdnn > 0.17 0.0128
hf power 0.0483 ppg bpm > 0.23 -0.0182
ibi_sampen 0.0393 ppg median < 0.61 0.0165
N3 sdnn 0.0359 ppg peak rate > 0.23 -0.0140
ppg peak rate -0.0246 hjorth _mobility > 0.44 -0.0118
std dev 0.0232 ibi_sampen > 0.41 -0.0098
ppg__median 0.0808 ppg__median > 0.74 -0.0246
pPpg _skewness 0.0647 higuchi fd < 0.41 0.0197
REM  higuchi_fd 0.0519 ppg_ kurtosis < 0.00 -0.0154
vIif _power 0.0356 vif _power > 0.01 0.0102
ppg_bpm 0.0287 hjorth  complexity > 0.38  -0.0094

4.2 Sleep Apnoea Detection

This section presents the experimental results for automatic multi-class classification of
sleep-disordered breathing events from wrist-worn signals. The models were evaluated on an
independent, stratified test set comprising five mutually exclusive classes: central apnoea,
hypopnoea, mixed apnoea, obstructive apnoea, and the negative class (None), as described
in the previous chapter.

4.2.1 Overall Model Performance

Table 4.9 provides a detailed overview of the global performance metrics achieved by all
candidate models on the test set, considering both classification accuracy and Cohen's k as
primary indicators of success.
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The ensemble models, particularly Random Forest and LightGBM, achieved the highest per-
formance across all evaluated methods. Random Forest attained an accuracy of 62.05%
and a Cohen’s k of 0.526, with LightGBM presenting very similar results (61.81% accuracy
and 0.523 k). These outcomes clearly demonstrate the effectiveness of ensemble learning
strategies for handling complex, multi-class physiological data derived from wrist-worn sen-
sors. The ability of these models to capture subtle, overlapping patterns is reflected in both
their robust accuracy and moderate-to-strong agreement beyond chance.

Intermediate models such as XGBoost and K-Nearest Neighbours (KNN) also performed
well, with XGBoost achieving 59.76% accuracy and a Cohen's k of 0.497, and KNN obtain-
ing 56.51% accuracy and 0.456 k. These results further confirm that more sophisticated
algorithms, which can leverage complex decision boundaries or neighbourhood information,
are highly beneficial for this task.

While the simpler models, Decision Tree and AdaBoost, showed comparatively lower re-
sults (45.06% and 42.53% accuracy, with k values of 0.313 and 0.282, respectively), their
inclusion in this evaluation is crucial. They provide a clear benchmark and underscore the
value added by advanced ensemble and optimised models. Their performance, while modest,
demonstrates the inherent challenge of the classification problem and validates the need for
more robust approaches.

Table 4.9: Overall performance on the test set: accuracy and Cohen's k for

each model.
Model Accuracy (%) Cohen’s Kappa
Decision Tree 45.06 0.313
AdaBoost 42.53 0.282
KNN 56.51 0.456
XGBoost 59.76 0.497
LightGBM 61.81 0.523
Random Forest 62.05 0.526

Having established the overall effectiveness of each model, it is important to examine how well
the best-performing approaches distinguish between individual classes of sleep events. While
aggregate metrics such as accuracy and Cohen’s k provide a useful summary, they may mask
important differences in model performance across specific event categories. Therefore, the
following section provides a more detailed per-class analysis.

4.2.2 Per-Class Analysis

In order to better understand the strengths and limitations of the proposed approach, we
conducted a detailed per-class analysis of the two best-performing models: Random Forest
and LightGBM.

Table 4.10 presents the per-class precision, recall, and Fi-score for the two top-performing
models, Random Forest and LightGBM. This breakdown enables a more nuanced under-
standing of model performance beyond the aggregate metrics, highlighting the strengths
and limitations in distinguishing between specific sleep event categories.

Both Random Forest and LightGBM deliver high sensitivity and precision for central apnoea
(recall 0.73, precision 0.68-0.70) and for the “None” class (recall 0.68-0.69, precision 0.64).
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These results indicate that the models are particularly effective in identifying events with
clear and distinct physiological signatures, achieving consistent and reliable predictions for
these categories.

Obstructive apnoea is also detected with good recall (0.70 for both models), but with lower
precision (0.52-0.54). This imbalance suggests a tendency towards false positives, which
may arise due to overlapping features between obstructive apnoea and other respiratory
events, especially in cases where the physiological presentation is less clear-cut.

The most challenging categories for both models are hypopnoea and mixed apnoea. For
hypopnoea, Fi-scores remain moderate (0.61), reflecting difficulties in consistently distin-
guishing these milder events, which often exhibit less pronounced or more variable sensor
patterns. Mixed apnoea presents the greatest challenge, with Fi-scores of 0.51 (Random
Forest) and 0.47 (LightGBM). The low recall (0.41 and 0.37, respectively) in this class
further underlines the complexity of accurately identifying hybrid or ambiguous physiological
events based solely on wrist-worn sensor data.

Table 4.10: Per-class metrics for Random Forest and LightGBM (support:
166 segments per class).

Class Random Forest | LightGBM | Support
Prec Rec F; ‘ Prec Rec F; ‘ (n)
Central 0.70 0.73 0.71 ] 0.68 0.73 0.71 166
Hypopnoea 0.63 0.58 0.61 | 0.61 0.60 0.61 166
Mixed 0.67 041 051 ]| 0.66 037 047 166
None 0.64 0.68 0.66| 0.64 0.69 0.66 166

Obstructive 0.52 0.70 0.59 | 0.54 0.70 0.61 166

These tendencies highlight the complexities of multi-class classification in sleep medicine,
especially when using non-invasive wearable sensors. To gain further insight into the nature
and distribution of these misclassifications, the following section examines the confusion
matrices for both models, providing a detailed view of where and how errors are most likely
to occur.

Given that Random Forest achieved the best aggregate and per—class performance while
requiring considerably less hyper-parameter tuning time than LightGBM, the remainder of
this section concentrates on a one—vs—rest ROC evaluation solely for the Random-Forest
model. As will be shown in Fig. 4.2, the resulting class-wise AUCs corroborate the preci-
sion/recall patterns observed above: excellent separability for Central events (AUC 0.92)
and robust discrimination for None, Hypopnoea and Obstructive (AUCs 0.87—0.88), while
Mixed apnoea remains the most challenging category (AUC 0.85). These Receiver Operat-
ing Characteristic (ROC) findings reinforce the choice of Random Forest as the reference
architecture for the subsequent interpretability analyses.
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Figure 4.2: One—vs—rest - ROC curves for the Random-Forest apnoea clas-
sifier

4.2.3 Confusion Matrices and Error Patterns

The confusion matrices presented in Tables 4.11 and 4.12 provide a granular view of model
behaviour, illustrating not only the frequency of correct classifications but also the specific
nature of misclassifications between classes. This detailed breakdown is essential for under-
standing how and why errors occur, offering valuable insights for further model refinement
and clinical interpretation.

Examining the Random Forest confusion matrix, we observe that the majority of central
apnoea events (121 out of 161) are accurately identified. The remaining central apnoea
cases are most commonly confused with obstructive apnoea (16 instances) or incorrectly
labelled as None (7 instances). This pattern suggests that, while the model is generally
adept at recognising central apnoea, a subset of cases shares physiological characteristics
with other apnoea types, leading to occasional ambiguity in classification.

For hypopnoea, the model correctly classifies 97 segments, yet misclassifies a substantial pro-
portion as None (33) or obstructive apnoea (21). This tendency likely reflects the subtle and
less distinctive physiological signatures associated with hypopnoea, which can overlap both
with normal sleep and with milder forms of obstructive events in the PPG and accelerometer
data.

Mixed apnoea poses the greatest challenge for the model, with only 68 out of 166 events
correctly identified. The majority of mixed apnoea events are misclassified as obstructive
apnoea (58) or central apnoea (21), highlighting the inherent difficulty in distinguishing
hybrid apnoeic events using peripheral sensor data. The physiological overlap and transition
states present in mixed apnoea likely contribute to this confusion, as these cases may not
exhibit clear or consistent patterns distinct from the other classes.
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The None class is generally well identified (113 out of 166), although some segments are
mislabelled as hypopnoea (22) or central apnoea (15), again reflecting the complexity of
accurately differentiating normal sleep from mild or ambiguous apnoeic events.

Obstructive apnoea, meanwhile, demonstrates strong sensitivity (116 out of 167 correctly
classified), but some events are incorrectly assigned to other classes, most notably mixed
(13), hypopnoea (13), or central apnoea (13). This indicates that, while the model is reliable
in detecting clear-cut obstructive events, there remains some degree of overlap with other
respiratory disturbances.

Table 4.11: Confusion matrix — Random Forest (rows: true, columns: pre-
dicted).

Central Hypopnoea Mixed None Obstructive

Central 121 10 7 7 16
Hypopnoea 4 97 11 33 21
Mixed 21 12 63 7 58
None 15 22 3 113 13
Obstructive 13 13 13 11 116

A similar pattern is seen in the LightGBM confusion matrix, which closely mirrors the results
of Random Forest. Central apnoea, None, and obstructive apnoea are generally well cap-
tured, while mixed apnoea continues to represent the most significant source of confusion.
The consistent misclassification patterns between the two top-performing models confirm
the robustness of the analytical pipeline, while also pointing to underlying physiological com-
plexities that present challenges for all current approaches.

Table 4.12: Confusion matrix — Light GBM (rows: true, columns: predicted).

Central Hypopnoea Mixed None Obstructive

Central 121 6 7 16 16
Hypopnoea 5 100 9 30 22
Mixed 25 22 61 8 50
None 16 22 2 114 12
Obstructive 10 14 14 11 117

Taken together, the confusion matrices reveal several key insights:

e Central apnoea and None are both reliably identified, with the majority of errors
involving classes with similar or overlapping physiological manifestations.

e Hypopnoea is frequently misclassified as None or obstructive apnoea, which can be
attributed to its less pronounced and often ambiguous physiological signatures in the
sensor data.

o Mixed apnoea stands out as the most challenging category, with the highest rate of
misclassification. This reflects the inherent physiological ambiguity of mixed events, as
well as the current limitations of using only peripheral sensor data for their detection.
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e Obstructive apnoea exhibits strong sensitivity, as evidenced by a high number of true
positives, but precision is somewhat lower, suggesting some tendency to over-predict
this class, particularly in borderline cases with hypopnoea or mixed characteristics.

4.2.4 Model Explainability and Interpretation

To understand the decision-making logic of the developed models, a set of explainability
techniques was applied. This section presents global, class-specific, and local interpretations
using SHAP, LIME, and permutation feature importance.

Global Feature Importance

The analysis of permutation importance, computed on the min—max normalised feature
space to ensure that all variables contribute on a comparable scale, reveals that accelerometry-
based features dominate the model’s behaviour, particularly acc _z meanand acc_y mean,
which exhibit the highest mean importance scores (0.0255 and 0.0223, respectively). This
suggests that body orientation and movement intensity along the vertical and sagittal axes
are strongly associated with the classification task.

Physiological features also contribute meaningfully: hr _mean ranks fourth (0.0130), and
PPG morphology and HRV indices, such as ppg skewness, ibis mean, and ibis_pnn50,
appear consistently among the top 10. This distribution indicates that the model balances
motor and cardiovascular cues, likely capturing both the presence of apnoeic movements and
autonomic changes during disordered breathing. These observations are visually supported
by the global importance ranking shown in Table 4.13.

Table 4.13: Top 10 features according to permutation importance.

Feature Importance Mean Importance Std
acc_z_mean 0.0255 0.0062
acc_y_ mean 0.0223 0.0078
acc_z_energy 0.0139 0.0015
hr _mean 0.0130 0.0056
acc_y energy 0.0100 0.0039
acc_x_mean 0.0092 0.0045
ppg_skewness 0.0086 0.0020
ibis_mean 0.0082 0.0054
ibis_ std 0.0082 0.0036
ibis__ pnn50 0.0075 0.0032

Class-Specific SHAP Analysis

The SHAP analysis per class, illustrated in Table 4.14, unveils patterns in feature relevance
that differ substantially across apnoea types. For the Central class (Class 0), the top feature
is acc_ x_energy, followed closely by ppg kurtosis and acc_y mean. This suggests that
the model recognises this subtype primarily through abrupt movement in the medio-lateral
direction and waveform shape changes in the PPG signal.
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In the Hypopnoea class (Class 1), PPG features dominate: ppg kurtosis, acc_z mean,
and hr_mean appear among the most relevant. This points to subtle cardiorespiratory vari-
ations rather than movement-related features, consistent with the less intense physiological
disruption associated with hypopnoea.

For the Mixed class (Class 2), no single modality stands out. The top features include
hjorth__mobility, ppg _hr _bpm and acc_x__std, suggesting the model requires both motion
and HRV fluctuations to resolve this hybrid category.

In the None class (Class 3), which represents absence of apnoea, the prominence of
acc_x_std, ppg_kurtosis and kurt ratio likely reflects the physiological baseline (i.e., reg-
ular movement and signal symmetry) used as a reference by the model.

Finally, in the Obstructive class (Class 4), acc_y mean is the most influential feature by
a wide margin (0.0282), with additional emphasis on acc_x_energy and ibis _mean. This
confirms the association between sustained torso motion and obstructive respiratory effort,
which aligns with clinical understanding.

Overall, these results confirm that the model adjusts its reliance on different physiological
domains depending on the apnoea subtype, supporting both the flexibility and interpretability
of the predictive process.

Table 4.14: Top 5 SHAP features for each class.

Rank Central Hypopnoea Mixed None Obstructive
(Class 0) (Class 1) (Class 2) (Class 3) (Class 4)

1 acc_x_energy ppg_kurtosis acc_x_std acc_x_ std acc_y mean
0.0237 0.0130 0.0201 0.0230 0.0282

2 ppg_kurtosis acc_z_ mean hjorth mobility ppg_kurtosis acc_x_energy
0.0192 0.0121 0.0161 0.0216 0.0169

3 acc_y mean acc_y mean acc_y mean acc_z_std acc_y_energy
0.0159 0.0110 0.0124 0.0183 0.0157

4 acc_z_mean  kurt_ratio ppg_hr_bpm kurt ratio ibis__mean
0.0157 0.0108 0.0111 0.0177 0.0127

5 ibis__mean hr _mean acc_z_std hjorth _mobility acc_x_std
0.0146 0.0100 0.0108 0.0168 0.0096

Partial Dependence Plots (PDPs)

This experiment deliberately takes the opposite perspective of the sleep stage analysis (where
the most influential predictors were highlighted). There, the goal was to show how strongly
the classifier reacts to its top-ranked features, here, the aim is to demonstrate that it
remains virtually unresponsive when truly peripheral variables are perturbed. The three PPG
summary statistics intentionally selected for their absence from every previous global analysis,
which are ppg median, ppg std, and ppg mad, display virtually flat partial-dependence
curves (all class-wise fluctuations stay within +0.02). As illustrated in Figure 4.3, their
uniformly horizontal profiles confirm that these variables contribute negligible discriminative
information to the classifier.
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Figure 4.3: Partial-dependence curves for the three low-relevance features.

For an expanded version of these curves with enhanced readability, please refer to Appendix B
(see Figure B.2).

Local Interpretability: SHAP and LIME

To explore how individual predictions are formed, both SHAP and LIME explanations were
applied to representative samples from each class. These local explanations reveal which
features were most influential in each case and how they contributed to the model’s output.

Table 4.15 compares the top five local features for a selected instance per class, showing
both SHAP and LIME contributions. While there is generally good agreement between
the methods, slight differences highlight how each approach captures local influence using
different approximation techniques.

The local explanations in Table 4.15 corroborate the global findings and add clinical nuance.
For both SHAP and LIME, computed on the min-max normalised space, accelerometry
dominates the apnoea positive classes: in Central and Obstructive events, high values of
acc_x_energy, acc_y_mean and acc_z_mean provide the strongest positive evidence, con-
sistent with brief arousal related motions and changes in arm orientation. Conversely, the
None class is driven by the absence of movement and by clean PPG morphology; here
ppg_kurtosis and kurt_ratio contribute negatively, signalling a stable, symmetrical pulse
wave. Hypopnoea instances reveal a mixed pattern, moderate accelerometric activity coupled
with subtle autonomic markers such as low ppg_hr_bpm, reflecting partial airway obstruc-
tion without full arousal. The high overlap between SHAP and LIME (three to four shared
variables per class) reinforces confidence in the model’s reasoning, while the occasional dif-
ferences illustrate how the two methods weight non—linear versus locally linear interactions.
Overall, the local analyses confirm that the integrated system fuses motor and cardiovascular
cues in a physiologically plausible manner.

63



Chapter 4. Results and Ethical-Social Considerations

Table 4.15: Top 5 local features for a representative instance of each class
using SHAP and LIME.

Class SHAP LIME
Feature Value Feature Value
acc_x_energy 0.0870 hr _mean < 0.16 -0.0167
acc_x_mean  0.0539 ppg  kurtosis > 0.01 -0.0137
Central (0) ppg_kurtosis  0.0386 kurt ratio > 0.00 -0.0120
acc_z mean  0.0306 acc_mag_mean > 0.63 0.0119
acc_z energy 0.0296 acc_x_energy > 0.50 -0.0091

acc_y mean 0.0224 0.01 < ppg_kurtosis < 0.01 -0.0114
acc_x_mean 0.0200 0.55 < acc_z mean < 0.76 -0.0106
Hypopnoea (1) acc_y energy 0.0155 0.00 < kurt ratio < 0.00  -0.0103

acc_ x_ std 0.0148 ppg_hr_bpm > 0.59 -0.0099
acc_x_energy 0.0139 ppg _mad < 0.14 0.0072
ppg _median 0.0312 ppg_ kurtosis > 0.01 -0.0116
acc_y std 0.0292 kurt ratio > 0.00 -0.0104
Mixed (2) acc_ x_std 0.0264 ppg hr bpm > 0.59 -0.0101
kurt ratio 0.0259 acc_x_std > 0.01 -0.0082
ppg_kurtosis 0.0244 ppg_rr_mean < 0.18 -0.0072
acc_ x_std 0.0477 ppg_ kurtosis < 0.00 0.0196
kurt ratio 0.0342 kurt ratio < 0.00 0.0137
None (3) ppg kurtosis  0.0235 ppg_skewness < 0.60 0.0105

ppg skewness 0.0231 hjorth  complexity < 0.10 0.0077
acc_y mean -0.0224 0.21 < hr_mean < 0.27 0.0073

acc_y mean  0.0948 acc_z_ mean > 0.87 0.0181
kurt ratio 0.0309 hr _mean < 0.16 -0.0167
Obstructive (4) acc_x_energy 0.0304 ppg_ kurtosis < 0.01 -0.0126
ppg _kurtosis  0.0229 kurt ratio < 0.00 -0.0109
acc_z_mean  0.0210 acc_x_energy < 0.03 0.0072

4.3 System Integration Results

To demonstrate the functional integration of the proposed sleep analysis system, a set of
complete test cases was executed, combining full-night recordings with both sleep stage and
apnoea event predictions. The pipeline, running fully on the backend, processes input sig-
nals, extracts features, performs classification using two independent models, and generates
interpretability outputs that are rendered in the frontend.

Table 4.16 lists the main RESTful endpoints exposed by the backend. Each endpoint corre-
sponds to a specific module of the system and is responsible for performing a core operation,
including sleep stage prediction, apnoea classification, signal segmentation and explainabil-
ity. This modular design ensures that components can be updated independently without
disrupting the full pipeline, a critical aspect for future scalability and clinical adaptation.
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Table 4.16: RESTful API endpoints provided by the backend.

Endpoint HTTP Method Description

/sleep_stage POST Predicts sleep stages from input signal

/sleep_apnea POST Classifies apnoea events in time windows
/xai_local_sleep POST Returns SHAP explanations for one sleep segment
/xai_local_apnea POST Returns SHAP explanations for one apnoea segment
/signal_sleep POST Extracts raw PPG signal for a selected sleep segment
/signal_apnea POST Extracts PPG and accelerometer signals for apnoea analysis

The system successfully returns time-aligned predictions for sleep stages and apnoea events,
ensuring that both phenomena can be analysed within the same temporal frame. This
temporal alignment is particularly important, since sleep disorders often manifest through
interactions between disordered breathing and altered sleep architecture. For example, re-
peated apnoea events typically fragment sleep and reduce the amount of restorative deep
and REM sleep. By presenting both outputs together, the system allows users to visually
associate respiratory disturbances with transitions between stages, providing a richer context
than isolated predictions. Figures 4.4 and 4.5 illustrate example outputs of the frontend:
apnoea events displayed across the night (Figure 4.4) and a hypnogram-like representation
of the predicted stages (Figure 4.5). Although these figures serve as representative exam-
ples of the system’s functionality rather than validated clinical reports, they highlight the
potential of integrated outputs for exploring relationships between apnoea burden and sleep
structure.

Local interpretability is also incorporated into the system for both tasks. Figure 4.6 presents
an example of a local explanation applied to a single sleep segment. For this prediction,
the system identifies which features contributed most positively and negatively to the as-
signed class. This level of detail is valuable for users such as clinicians or researchers, who
can immediately understand whether the model’s decision relied on physiologically mean-
ingful variables (e.g., heart rate variability or amplitude of PPG peaks) or on less relevant
fluctuations. Such transparency is essential for building trust in automated predictions and
facilitates error analysis when misclassifications occur. Once again, the figure illustrates a
representative output rather than a definitive conclusion for a specific subject.

The frontend also supports combined visualisation of raw signals and interpretability out-
puts, offering a more holistic view of the data. As shown in Figure 4.7, the input signals
(PPG and accelerometer) are displayed alongside the explanatory factors identified by the
model. This alignment allows users to inspect whether sudden changes in signal morphology
coincide with the features highlighted by the model. For instance, abrupt variations in PPG
amplitude or accelerometer activity may correspond to model-identified markers of wakeful-
ness or respiratory disturbance. This integration of raw and explanatory data makes it easier
to verify consistency between the physiological evidence and the model’s reasoning, adding
an additional layer of validation.

At the global level, the system also aggregates interpretability results across the entire
dataset. Figure 4.8 shows an example of global feature importance obtained from SHAP
values, highlighting the features that most consistently influenced classification outcomes.
These aggregated insights are useful for identifying which physiological variables the model
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considers generally most discriminative. For example, dominance of inter-beat interval vari-
ability might suggest strong reliance on autonomic nervous system dynamics, while promi-
nence of PPG-derived features could reflect sensitivity to vascular tone changes. Such global
summaries can inform model refinement, guide feature engineering, and help clinicians un-
derstand the typical drivers behind automated classifications.

In summary, these examples demonstrate that the backend and frontend modules are not
only functionally integrated but also capable of generating outputs that combine predictive
accuracy with interpretability. The alignment of apnoea and sleep stage predictions enables
joint analysis of respiratory and neurophysiological dimensions of sleep, while the inclusion
of local and global interpretability provides transparency at both the single-prediction and
dataset-wide levels. Together, these capabilities illustrate the practical functionality of the
proposed architecture and its potential applicability to real-world scenarios of sleep monitor-
ing and personalised healthcare.
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Figure 4.4: Predicted apnoea events over time.
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Figure 4.6: Local SHAP and LIME explanations for a specific prediction.
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Figure 4.7: Overlay of physiological signals and local XAl outputs.
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4.4 Synthesis of Results and Key Findings

Using wrist-derived photoplethysmography (PPG) alone, for sleep stage classification the
proposed Random Forest (RF) pipeline achieved an overall accuracy of 72.2% and a Cohen's
Kk of 0.65 on the independent test set. Performance was highest for Wake, REM and
deep-sleep (N3) stages (all F; > 0.77); the transitional N1 stage remained the main source
of confusion. Three factors frame these results:

(i) Task granularity — The model distinguishes the five canonical stages (Wake, N1,
N2, N3 and REM). Many wrist-worn studies collapse the problem to two or three
classes (e.g. Wake/Sleep or Wake+REM/NREM), often reporting accuracies above
80% when fusing PPG and accelerometry (Kotzen et al. 2023; Olsen et al. 2024).
When those same models are evaluated on this finer taxonomy, performance typically
falls below 70% (Silva et al. 2024).

(i) Sensor modality — Adding accelerometry, skin temperature or ECG generally yields
5-15 percentage-point improvements over PPG-only solutions (Peraza et al. 2020;
Topalidis et al. 2023). The present study deliberately restricts itself to a single op-
tical channel to keep hardware cost and energy usage compatible with commodity
smart-bands.

(i) Model complexity — Deep architectures such as SleepPPG-Net (temporal CNN)
report 84% accuracy after extensive pre-training and transfer learning (Kotzen et
al. 2023). The lightweight RF presented here attains a comparable macro k while
reducing computational cost by roughly two orders of magnitude relative to embedded
CNN inference (Olsen et al. 2024).

These observations show that classical ensemble learners, paired with carefully engineered
cardiovascular features, still provide an attractive accuracy—cost trade-off for fine-grained
staging on resource-constrained wearables.

For the five-class classification of none, central apnoea, obstructive apnoea, mixed apnoea
and hypopnoea, the best model (LightGBM) reached 62.4% accuracy and k = 0.52. Central
and obstructive events were detected with F; scores of 0.71 and 0.68, respectively, whereas
mixed apnoea and hypopnoea remained challenging (F; < 0.50). A comparison with other
wrist-based studies is summarised below:

(i) Binary screening — OSA screening with ECG or PPG routinely exceeds 90% accu-
racy, for example, 1D-SEResGNet on single-lead ECG (Yang et al. 2022) and ApSense
on PPG (Choksatchawathi et al. 2024). These systems, however, do not differentiate
phenotype, a clinically important gap for treatment titration.

(i) Multi-type systems — Detectors that combine respiratory inductance or SpO, with
motion signals achieve 65-75% accuracy (A. John, Cardiff, and D. John 2021; Ye
et al. 2021), but require extra sensors and nightly calibration.

(i) PPG+ ACC pipeline — The present approach relies solely on wrist-PPG and tri-
axial accelerometry yet attains comparable k, highlighting the diagnostic value of
posture and micro-movement features identified here and in prior actigraphy research
(S. Chakraborty, Aich, and Kim 2021).

These findings reinforce the central role of cardiorespiratory coupling captured by PPG and
the complementary contribution of body dynamics to apnoea phenotyping.
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For sleep staging, k = 0.65 lies in the Landis—Koch (Landis and Koch 1977) “substantial
agreement” band and is close to the ~0.70 typically achieved by two expert scorers, so it
is fit for home screening and longitudinal trend tracking. For sleep apnoea classification,
k = 0.52 falls into the “moderate agreement” band: good enough to flag high-risk nights and
prioritise further testing, yet below the reliability usually expected for stand-alone diagnosis.
Both models therefore serve well as low-cost triage tools.

Explainable-Al analyses (SHAP and LIME) further showed that model decisions align with
established sleep physiology: heart-rate variability and waveform morphology dominated
sleep-stage predictions, whereas movement intensity and posture changes drove apnoea
detection. Prioritising interpretability alongside accuracy ensures transparency, essential for
real-world adoption in health-care settings.

End-to-end validation on full-night recordings confirmed system robustness. The backend
processed raw signals, executed the classifiers and served synchronised outputs via a RESTful
API, while the frontend visualised predictions, signal windows and interpretability overlays in
a single interface. Unlike many studies that report algorithmic performance in isolation, this
framework demonstrates a modular, deployment-ready pipeline.

In summary, the proposed system balances performance, interpretability and practicality,
positioning it as a competitive and transparent solution for wearable-based sleep analysis
and as a solid foundation for future clinical and technological extensions.

4.5 Ethical and Social Challenges

In the context of the analysis and prediction of sleep patterns using Artificial Intelligence
(Al), there are significant technological and social challenges to address. These challenges
are largely driven by ethical considerations, regulatory frameworks such as the European
Union’s Al Act, and data protection laws such as the General Data Protection Regulation
(GDPR). Ensuring the responsible use of Al in healthcare-related applications is crucial for
maintaining trust, privacy, and fairness, especially when sensitive health data is involved
(Gerke, Minssen, and Cohen 2020).

To visualise the interplay between these ethical pillars, Figure 4.9 presents a schematic
overview of the key elements: data privacy (GDPR), regulatory compliance (European Al
Act), transparency (XAl), and fairness (accountability). This diagram helps to underscore
how these components together form the foundation for ethically compliant Al in sleep
analysis. Even though this work relies exclusively on publicly available datasets (MESA and
DREAMT), both databases were collected under institutional ethical approval, with explicit
informed consent obtained from all participants.

Throughout this section, we will discuss in detail how each of these requirements is met, and
the measures that have been or will be implemented to ensure their ongoing compliance.
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Figure 4.9: Four pillars (GDPR, European Al Act, XAl, Fairness) for ethically
compliant Al in sleep analysis.

4.5.1 Ethical Considerations in Sleep Data Analysis

The use of artificial intelligence (Al) to analyse sleep data presents several ethical consid-
erations, which are crucial to ensure that the technology is applied responsibly and for the
benefit of society. One of the main ethical issues revolves around data privacy. Given that
sleep data contains sensitive health information, it is essential that all practices related to
the collection, storage, and processing of such data respect individuals’ rights.

The integration of multimodal signals, such as PPG and accelerometry, offers improved
accuracy in identifying sleep patterns and apnoea events. However, it also raises ethical
concerns related to over-inference. When combined, these signals may unintentionally reveal
additional information such as movement patterns, restlessness, or potential neurological
issues that go beyond the intended scope of analysis. To address this, the principle of data
minimisation must be respected, ensuring that only relevant features are extracted and that
user profiling is explicitly avoided.

Moreover, ensuring fairness in Al applications is a significant ethical concern. Sleep data
analysis can be susceptible to biases, especially if Al models are trained on limited or non-
representative datasets. To ensure equitable outcomes, it is critical that the data used
to train the model includes a wide variety of conditions and demographic profiles, thus
preventing the system from producing biased or inaccurate results that could negatively
impact certain groups (e.g., minority or vulnerable populations) (Hanna et al. 2024). This
study mitigates potential algorithmic bias by selecting demographically diverse participants
from both MESA and DREAMT datasets. The cohorts include variation across age, gender,
ethnicity, and health status, which reduces the risk of under-representation. Nonetheless, to
ensure sustained fairness, it is essential that models are periodically re-evaluated with real-
world data, particularly from under-represented groups or wearable devices with differing
sensor characteristics (e.g., skin tones affecting PPG quality).

Transparency is also a central ethical issue. While Al systems can generate valuable predic-
tions, these outcomes can often be difficult to interpret due to the opaque nature of many
models. To ensure that healthcare professionals can trust and effectively use Al results, it
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is necessary to make the decision-making process of the model more transparent, explaining
how each prediction is made and what factors influenced the decision (Ahmad, Eckert, and
Teredesai 2018). This interpretability is essential in healthcare, where decisions based on
Al can have a significant impact on patient care and outcomes. To address this need for
transparency, explainable Al (XAl) techniques, such as SHAP and LIME, have emerged as
valuable tools for making complex models more interpretable. These methods help uncover
how specific input features, like heart rate variability and activity patterns, contribute to
the model’s predictions (Nam et al. 2024; Osathitporn et al. 2023). By revealing the ra-
tionale behind each decision, XAl not only fosters trust among clinicians but also supports
personalised interventions and model refinement. However, this increased interpretability
often comes at a cost. The so-called “glass box versus crystal ball" dilemma (Hulsen 2023)
highlights the trade-off between transparency and accuracy: more interpretable models tend
to be simpler and potentially less accurate, while highly accurate models are often opaque.
As illustrated in Figure 4.10, finding the right balance between these extremes is especially
critical in healthcare, where even minor errors can have serious consequences.

accuracy

v

transparency

Figure 4.10: Relationship between transparency and accuracy in predictive
models, moving from a “crystal ball” (higher accuracy) to a “glass box" (higher
transparency). From (Hulsen 2023).

Finally, the autonomy of patients must be preserved, ensuring they can contest automated
decisions that might affect their health. Al should be seen as a tool to assist healthcare
professionals, not replace human judgment. The ultimate responsibility for medical deci-
sions should remain with qualified professionals, ensuring that patients’ ability to influence
decisions about their care is not compromised (Gerke, Minssen, and Cohen 2020).

These ethical considerations are crucial to ensure that Al not only improves healthcare
outcomes but does so in an ethical manner, respecting patients' rights and promoting fairness
and transparency in the handling of sensitive data. However, there are also established ethical
and legal frameworks that regulate these issues, and it is essential to ensure compliance with
such regulations to maintain accountability and protect patient welfare.
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Regulatory Compliance in Al-Driven Sleep Analysis As artificial intelligence continues to
advance in healthcare applications, ensuring compliance with legal and ethical regulations
is paramount. Al-driven sleep analysis systems must adhere to stringent frameworks to
safeguard patient rights, data privacy, and the responsible use of Al technologies.

In the European Union, two major regulatory frameworks govern the deployment of Al in
healthcare: the European Al Act and the General Data Protection Regulation (GDPR).
The European Al Act categorizes healthcare Al as a high-risk application, imposing strict
requirements on transparency, accountability, and bias prevention. Meanwhile, the GDPR
establishes fundamental principles for handling sensitive personal data, including explicit
consent, data minimization, and the right to contest Al-driven decisions.

This outlines the key legal requirements relevant to Al-based sleep analysis solutions, de-
tailing the measures taken to align with both the Al Act and GDPR. By adhering to these
regulations, Al models can be deployed in a manner that prioritizes safety, fairness, and
ethical integrity, ultimately fostering trust in Al-driven healthcare technologies.

Compliance with the European Al Act

The European Al Act, introduced by the European Commission, aims to ensure the safe
and ethical deployment of Al technologies across the EU. It categorizes Al applications into
various risk levels, with healthcare-related Al models falling under the "high-risk" category
due to the sensitive nature of health data . This mandates the implementation of stricter
regulations and requirements to ensure Al models in healthcare are developed, deployed and
monitored responsibly Parliament and European Union 2024. Figure 4.11 illustrates the risk-
based framework established by the Al Act, highlighting the four main levels: unacceptable
risk, high risk, limited risk, and minimal risk (AP4AI Initiative 2024).

#l Unacceptable
Risk

a High Risk

Limited Risk
(Al systems with specific
transparency obligations)

Minimal Risk

Figure 4.11: Risk-based classification of Al systems according to the Euro-
pean Al Act: from minimal risk at the base to unacceptable risk at the top.

The importance of the Al Act in the context of healthcare systems from the high potential
impact, both positive and negative, of Al-driven decisions on individuals' health, safety, and
fundamental rights. Unlike other sectors, healthcare involves deeply personal and sensitive
data, and decisions made by Al systems can directly affect diagnoses, treatment plans, and
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overall wellbeing. As such, the legislation seeks not only to prevent harm but also to promote
trustworthy and human-centric Al that respects patients autonomy, ensures transparency in
medical decision-making, and avoids biases that could disproportionately affect vulnerable
populations. In this regard, the Al Act plays a pivotal role in reinforcing public trust and
ensuring that innovation in healthcare remains aligned with ethical and legal standards.

In this study, the solution adheres to the European Al Act by implementing several key
practices, ensuring transparency, fairness, and accountability throughout the entire Al model
lifecycle.
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e Risk Management and Human Oversight: In compliance with the requirements of

the Al Act, high-risk systems must implement robust risk management measures. The
model has been developed as a tool to support the work of healthcare professionals,
rather than as a replacement. It provides recommendations and insights to assist in the
analysis of conditions such as sleep apnoea, ensuring that the final decision remains the
responsibility of the healthcare professional. Furthermore, the future integration of the
model into wearable devices is planned, enabling continuous data monitoring for early
detection. However, all results presented will include a clear warning emphasizing the
need for validation and consultation with a qualified healthcare professional, ensuring
that Al applies to principles of safety, ethics, and human oversight.

Data Quality and Bias Prevention: The Al Act highlights the need to train Al mod-
els on high-quality, diverse, and representative data to reduce bias. In this study, the
training datasets include a broad range of demographic factors such as age, gender,
and ethnicity, ensuring that predictions remain fair and accurate for all groups. Fur-
thermore, the physiological signals were preprocessed through filtering techniques and
validated to ensure data integrity and reliability prior to model training.

Transparency and Documentation: One of the fundamental principles of the Al
Act is transparency, which is crucial for building trust in Al systems. To comply
with this requirement, the solution provides comprehensive documentation on the Al
model’s development, training data, and performance evaluation. This includes clear
explanations of how the data is processed, what features are being used, and how
predictions are made. This transparency ensures that all clinicians and patients are
fully informed about the Al system’s capabilities and limitations.

Accountability and Monitoring: The Al Act places significant emphasis on account-
ability, requiring high-risk Al systems to undergo regular monitoring to ensure compli-
ance with safety and ethical standards. The models utilised will be subject to contin-
uous oversight to validate their performance, with particular focus on their ability to
generalise effectively to new, unseen data. Generalisation is a critical factor in ensuring
that the models maintain accuracy and fairness when applied to diverse populations
and varying conditions, rather than being limited to specific datasets or scenarios. This
capability is especially important in the healthcare domain, where individual variability
can greatly influence outcomes (Goetz et al. 2024). If issues such as reduced accuracy
or fairness are detected, corrective measures will be implemented promptly to ensure
compliance with the Al Act and uphold the reliability of the models.

Logging and Record-Keeping: To ensure auditability and traceability, the integrated
system developed in this study includes mechanisms for frequent logging into a ded-
icated log file. These logs capture key information such as input data, prediction
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outcomes, and relevant explanations generated by the interpretability tools. By main-
taining a continuous record of the model’s operation, the system ensures that, if nec-
essary, a detailed audit can be conducted in the future. This practice aligns with the
Al Act’s requirements for accountability and post-hoc analysis of high-risk Al systems.

e Robustness, Accuracy, and Cybersecurity: In accordance with the Al Act, high-risk
Al systems must demonstrate technical robustness and resilience to ensure safe de-
ployment in real-world settings. This study includes measures to evaluate the accuracy
of the model across different subsets of the population and test its reliability under
varying conditions. Although this research is conducted in a controlled environment,
future developments will incorporate security measures to protect the model against
adversarial attacks and unauthorised access, especially in scenarios where the Al sys-
tem is deployed on wearable devices. These steps are essential to ensure that the
model remains secure, stable, and trustworthy over time.

e Transparency of Al Model Outputs: To align with the transparency requirements of
the Al Act, the solution integrates mechanisms that make Al-driven predictions more
interpretable. The use of SHAP and LIME ensures that clinicians can understand the
rationale behind each prediction, providing clarity on which features influenced the
model’s decision. This interpretability is particularly important in healthcare, where
clinicians need to make informed decisions based on the outputs provided by the Al
system.

By integrating these key principles of the European Al Act into the development and deploy-
ment of the proposed Al solution, this study ensures that the system not only achieves high
technical performance but also operates within a framework of legal and ethical responsibil-
ity. This comprehensive approach enhances the reliability, transparency, and acceptability of
Al in clinical settings, laying the groundwork for its safe adoption in real-world healthcare
applications. Ultimately, aligning with the Al Act is not merely a legal requirement but a
necessary step toward fostering trust and ensuring that innovation serves the best interests
of patients and society.

General Data Protection Regulation (GDPR) Compliance

The General Data Protection Regulation (GDPR) (Parliament and European Union 2016)
will be a key consideration when handling sensitive sleep data. Given that sleep data involves
the collection of personal health information, it will be crucial that all processing of such
data complies with the GDPR's principles, particularly regarding consent, data minimisation,
and the right to be forgotten.

Under the GDPR, individuals will be required to provide explicit consent for their data to be
collected and processed. In the context of Al-based healthcare systems, patients must be
fully informed about how their data will be used, whether it will be stored, and for how long.

The right to access and correct data will be another important aspect of GDPR compliance.
Patients will have the ability to request access to their data, verify its accuracy, and correct
any inaccuracies. This will be particularly relevant in the context of sleep disorder detection,
where incorrect data could lead to misdiagnosis or improper treatment recommendations.

The datasets used for training the Al models were carefully selected to ensure full compli-
ance with GDPR regulations. This includes the DREAMT and MESA Sleep datasets, both
of which adhere to strict ethical and data protection standards. The DREAMT dataset
was collected under the supervision of the Duke Health Institutional Review Board (IRB
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#Pro00108961), with written informed consent that explicitly allows the sharing of de-
identified data. In the publicly available version, all direct identifiers have been removed and
timestamps have been time-shifted to protect participant identities, ensuring full anonymi-
sation in line with GDPR requirements.

The MESA Sleep dataset, although not publicly available, is accessible through formal ac-
cess requests and is governed by robust data usage agreements. These agreements ensure
that data are used exclusively for approved health-related research purposes, with explicit
participant consent and proper de-identification measures. By selecting these datasets, the
study ensures that no personally identifiable information is used and that all data processing
is performed ethically and legally, respecting participants’ privacy and consent.

Additionally, only the minimum necessary data from these datasets will be used to train the
Al models, in line with the GDPR's principle of data minimisation. By using only the relevant
data for sleep stage classification and apnoea detection, unnecessary or excessive data will
be avoided. This approach will ensure that privacy is respected, as no sensitive data beyond
what is required for the specific task will be used.

Furthermore, Al systems that involve automated decision-making, such as classifying sleep
stages or detecting apnoea, must allow individuals to challenge decisions made solely by Al.
Patients should be allowed to contest any automated conclusions that may impact their
health and well-being. Throughout the process, it will be ensured that individuals rights
under the GDPR, such as the right to access, correct, and contest decisions made by Al,
are protected. The datasets that will be used will be transparent in their sources and the
methods employed for obtaining consent from participants, thus ensuring compliance with
the regulation’s requirements for handling sensitive personal health data.

In summary, the careful selection and usage of pre-existing datasets for this Al-driven solution
will ensure that the system remains fully compliant with GDPR, upholding privacy rights and
ethical standards while facilitating accurate and effective healthcare outcomes.

4.5.2 Future Perspectives and Recommendations

Beyond the current ethical and regulatory challenges, the long-term success of Al-driven
sleep analysis systems will depend on continued social engagement and the development
of strategies that foster trust and adaptability. In this context, it is essential to establish
clear communication channels between developers, healthcare professionals, and end users.
Educating users about the capabilities and limitations of Al tools can help mitigate miscon-
ceptions and promote informed decision-making (Coeckelbergh 2019).

Moreover, continuous monitoring of model performance is vital to address any emerging
biases or discrepancies as the system interacts with increasingly diverse populations. This
includes the regular reassessment of training datasets to ensure they remain representative of
real-world conditions (Verma et al. 2023), as well as the implementation of adaptive learning
mechanisms that can update the models in response to new data and shifting societal needs
(Watson and Fernandez 2021).

The development of transparent feedback mechanisms, where users and clinicians can report
issues or suggest improvements, is also recommended. Such channels not only contribute
to the refinement of the technology but also reinforce accountability, ensuring that the Al
system evolves in alignment with ethical standards and public expectations (Khan et al.
2021).
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Figure 4.12 illustrates a continuous improvement cycle, where feedback from clinicians and
end users is collected to inform model retraining. Once refined, the updated models are
verified, deployed, and subsequently monitored in real-world scenarios. This cyclical process
ensures that the system remains adaptable to evolving conditions and user needs, thereby
promoting trust, transparency, and long-term sustainability.

Collect
Feedback

Retrain
Model

Verify
& Deploy

Figure 4.12: lterative cycle for Al model refinement: from collecting feedback
to monitoring performance.

Such a cyclical refinement process relies on the active input of multiple stakeholders, data
scientists, clinicians, ethicists, and legal experts, to ensure that each iteration is both tech-
nically robust and ethically sound. It is essential that any modifications arising from user
feedback or the identification of new biases are rigorously validated against established clin-
ical standards and relevant legal and ethical guidelines. Moreover, fostering interdisciplinary
collaboration is vital to ensure that technological innovations in Al-driven sleep analysis are
not only effective from a technical standpoint, but also socially responsible and sustainable
over time. By addressing these social and cultural dimensions, the integration of Al in sleep
health can be realised in a manner that is both ethically sound and broadly endorsed by the
community.

In conclusion, the successful integration of Al in sleep health requires more than just tech-
nological sophistication, it demands a commitment to ethical principles, legal compliance,
and inclusive collaboration. By prioritising transparency, fairness, continuous learning, and
active stakeholder involvement, it becomes possible to design Al systems that not only en-
hance clinical capabilities but also empower patients, protect rights, and foster societal trust.
The long-term sustainability of Al in healthcare will ultimately depend on this balanced and
human-centred approach.
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Chapter 5

Conclusions

This chapter summarises the contributions of the thesis, reflects on how the research objec-
tives have been addressed, and outlines potential directions for future work. The discussion
is structured in three parts: a contextualisation of the study, an evaluation of the research
goals and their fulfilment, and a perspective on next steps and ongoing developments.

5.1 Contextualisation of the Study

The work is positioned at the intersection of rapidly evolving wearable technologies and the
growing integration of artificial intelligence in healthcare. Traditionally, sleep monitoring has
relied on polysomnography, an accurate yet invasive and resource-intensive method. Wrist-
worn devices, in contrast, offer a non-invasive, continuous, and cost-effective alternative for
collecting physiological and behavioural data (M. P. Lee et al. 2024; Roberts et al. 2020).

In response to this paradigm shift, the present work developed an integrated framework that
combines multimodal data (PPG and accelerometry) with machine learning and explainable
Al (XAl) techniques. The system supports the automatic classification of sleep stages and
the detection of sleep-disordered breathing events, while also providing interpretable outputs
that facilitate clinical understanding and user trust (Moreno-Pino et al. 2022; Papini et al.
2020).

By addressing limitations observed in prior research, such as over-reliance on isolated metrics
and limited generalisability to diverse populations, this thesis contributes to the development
of scalable and adaptive approaches to sleep monitoring (S. Chen et al. 2015; Hamza et al.
2023). In particular, the application of XAl methods (e.g., SHAP and LIME) demonstrated
that model predictions can be explained in a way that aligns with established physiological
knowledge, supporting transparency and compliance with regulatory standards such as GDPR
and the European Al Act (Gerke, Minssen, and Cohen 2020).

In summary, the work presented in this thesis establishes a solid methodological foundation
for personalised, interpretable, and wearable-based sleep monitoring. It bridges the gap be-
tween algorithmic performance and clinical applicability, laying the groundwork for real-world
implementations. Future research will focus on large-scale validation across heterogeneous
datasets, on-device deployment for real-time monitoring, and longitudinal studies to evaluate
health outcomes in practical settings.
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5.2 Objectives and Their Fulfilment

The main objective of this thesis was to develop an integrated framework for personalised
sleep monitoring using data from wrist-worn wearable devices and ensemble artificial intel-
ligence techniques. The five research objectives outlined in Chapter 1 (OB1-OB5) guided
the work and are summarised below, along with how each was addressed.

OB1: Investigate state-of-the-art methods for using wrist-worn wearable device data in
sleep monitoring. A systematic review of current approaches was conducted and presented
in Chapter 2, covering data sources, signal processing techniques, machine learning models,
and evaluation strategies. This review identified key limitations in the field, including the
underutilisation of explainable Al and the lack of generalisability across populations.

OB2: Identify and characterise specific sleep patterns, behaviours, and influencing fac-
tors derived from wearable data. Physiological and behavioural features were extracted
from PPG and accelerometry signals, focusing on heart rate variability, waveform morphol-
ogy, and motion intensity. These features enabled the characterisation of distinct sleep
stages and respiratory events across multiple datasets.

OB3: Develop and apply ensemble Al models capable of integrating multiple data
streams to generate high-quality, personalised insights into sleep quality. The pipeline
incorporated ensemble models such as Random Forest, applied to both sleep stage classifi-
cation and sleep apnoea detection. These models leveraged multimodal inputs and demon-
strated performance metrics comparable to, or surpassing, those reported in recent literature.

OB4: Explore the use of explainable Al (XAl) techniques to interpret wearable sleep
data, ensuring transparency and trustworthiness. SHAP and LIME were applied to both
global and local predictions. The results demonstrated that model outputs could be explained
through physiologically meaningful features, such as heart rate variability and movement
patterns. These explanations were consistent across methods and support the interpretability
of the system.

OB5: Validate and evaluate the developed framework using real-world wrist-worn
wearable datasets. The framework was tested on multiple publicly available datasets,
including MESA, and DREAMT. Models were evaluated using standard performance metrics
(accuracy, F1, Cohen's k), and confusion matrices and ROC curves provided detailed insight
into class-wise performance. The system demonstrated robustness across datasets and
tasks.

In summary, all five research objectives were successfully addressed. The framework inte-
grates multimodal feature extraction, ensemble learning, and explainability in a unified and
modular architecture. The results support the feasibility of using wrist-worn devices for clin-
ically relevant sleep monitoring, laying the groundwork for future deployment in real-world
settings.

5.3 Contributions

The work developed in this thesis has resulted in a set of tangible and measurable contribu-
tions, spanning methodological innovations, system integration, and scientific dissemination.
These contributions not only advance the state of the art in wearable-based sleep monitoring
but also provide a foundation for future research and practical deployment. They can be
summarised as follows:
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e Peer-reviewed Publication on Apnoea Detection: The multi-class apnoea detec-
tion framework, based on lightweight tree ensembles and optimised feature sets, was
published in the international, peer-reviewed conference paper “Lightweight Tree En-
sembles with Optimized Features for Five-Class Sleep Apnea Stratification” (EPIA
2025). This contribution demonstrates that interpretable and computationally effi-
cient models can achieve competitive accuracy, supporting the feasibility of real-world
implementation on wearable platforms.

e Forthcoming Journal Article on Sleep Stage Classification: The author has co-
authored the journal article “Comprehensive Analysis of Machine Learning Models for
Five-Class Sleep Stage Classification Using PPG Signals”, submitted to Scientific Re-
ports. This contribution consolidates the empirical findings of the thesis by systemati-
cally benchmarking a wide range of machine learning models, identifying their strengths
and limitations, and positioning the proposed framework within the broader landscape
of wearable-based sleep research. The submission to a high-impact, peer-reviewed
journal underlines the scientific relevance and maturity of the work.

e Manuscript in Preparation on XAl and System Architecture: A third article is
currently being prepared for submission to a major international conference. It focuses
on the integration of explainable Al methods (SHAP and LIME) and the architecture
developed in this thesis.

Taken together, these scientific outputs showcase the originality, robustness, and applicability
of the research. They provide a regulation-ready foundation for large-scale, personalised
sleep and health applications, bridging the gap between experimental machine learning models
and clinically meaningful solutions.

5.4 Next Steps and Future Work

While the results presented in this thesis demonstrate the feasibility and effectiveness of
using wrist-worn wearable data for automatic sleep stage classification and apnoea detection,
several areas remain open for further investigation and development.

e Cross-Dataset Generalisation and External Validation: Although the framework
was evaluated on multiple datasets, further validation on larger and more diverse pop-
ulations is required. Future work should focus on cross-cohort experiments involving
different age groups, ethnic backgrounds, and clinical profiles, to ensure generalisability
and reduce dataset-specific bias.

e Temporal Modelling and Longitudinal Analysis: The current models rely on window-
based predictions without explicitly modelling long-range temporal dependencies. In-
corporating sequence-based architectures, such as temporal convolutional networks or
transformers, could improve the modelling of sleep dynamics and transitions between
stages.

e Integration of Additional Sensors and Multimodal Signals: Future work could
explore the integration of additional biosignals, such as nocturnal oximetry, respiratory
effort or skin temperature, to improve the detection of ambiguous events like mixed
apnoea and refine the characterisation of sleep quality.

e On-Device Deployment and Energy Efficiency: To support real-time applications in
wearable devices, further efforts are needed to optimise model size, inference speed and
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energy consumption. Techniques such as model quantisation, pruning or edge-oriented
inference strategies (e.g., TinyML) may enable practical deployment on resource-
constrained platforms.

Clinical Validation and Human-Centred Evaluation: Collaborating with clinical
partners will be essential to assess the usability, interpretability, and clinical value of
the system in practice. Prospective studies in real-world settings will help determine
whether the insights provided by the system can support clinical workflows, early di-
agnosis, or personalised interventions.

Expansion of Explainability Features: Although the current system integrates SHAP
and LIME to provide transparency, future work may consider exploring user-adaptive
explanations or interactive visualisation tools to enhance understanding by non-technical
users, including patients and healthcare professionals.

In summary, while this thesis has delivered a working and interpretable system for wearable-
based sleep analysis, future work should focus on enhancing robustness, broadening applica-
bility, and bridging the gap between technical development and clinical adoption. Addressing
these challenges will be crucial to enable the large-scale deployment of transparent and
personalised sleep monitoring tools.
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Figure B.1: Expanded partial-dependence curves for the three most important features in sleep stage classification. Larger version

provided for readability.
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