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Abstract 

Cardiovascular disease (CVD) remains the leading cause of mortality worldwide, while 

obstructive sleep apnoea (OSA) is recognised as an independent risk factor. Polysomnography 

(PSG), the gold standard for OSA assessment, records multiple physiological signals that can 

be transformed into parameters with prognostic value. The apnoea–hypopnoea index (AHI), 

although commonly used as a clinical diagnostic measure for OSA, is less informative when 

used as a predictor of CVD outcomes. Alternative oximetry-derived measures, including the 

oxygen desaturation index (ODI), the total sleep time spent below 90% oxygen saturation (T90), 

and desaturation area–based parameters, provide a more detailed characterisation of nocturnal 

hypoxaemia. Differences in the American Academy of Sleep Medicine (AASM) criteria, 

interpretations of parameter definitions, and computational approaches have resulted in 

methodological inconsistencies and limited comparability across studies. This thesis 

investigates whether PSG-derived parameters, with a particular focus on oximetry-derived 

parameters, can improve prediction of CVD mortality, and whether explainable machine 

learning frameworks can provide robust and clinically relevant outcome prediction at the 

individual level. 

 

Two experiments were conducted using data from the Sleep Heart Health Study (SHHS). 

Experiment 1 systematically compared three major desaturation area–based algorithms within 

a unified computational framework. This comparison showed that algorithmic variations affect 

parameter value and predictive performance for CVD mortality. It clarified the reasons for 

inconsistent findings in prior studies and identified the robust and best-performing method, 

establishing the methodological foundation for subsequent work. 

 

Experiment 2 was designed to test whether combining PSG-derived parameters could improve 

outcome prediction for CVD mortality beyond single-parameter approaches, while also 

addressing the current limitation that OSA–CVD analyses often focus on relative hazard rather 

than individual-level prediction. It evaluated the predictive value of ODI, T90, and desaturation 

area–based parameters in combination for short-term outcomes. Results showed that the 

combined use of multiple parameters improved predictive performance compared with single 

metrics. Based on these findings, an explainable machine learning framework was developed 

to integrate PSG-derived parameters with demographic, lifestyle, and medical information. The 

framework achieved strong predictive performance (Area under the curve (AUC) = 0.89± 0.05; 
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F1 score of 86.20%), generalised across 3-, 5-, and 10-year horizons, and remained 

interpretable through SHapley Additive exPlanations (SHAP). It also required fewer 

specialised clinical inputs than existing resource-intensive approaches, supporting its potential 

for use in large-scale screening, resource-limited healthcare settings, and home-based 

monitoring. 

 

In summary, this thesis resolves methodological discrepancies in oximetry-derived parameter 

computation and develops an explainable machine learning framework for individual-level 

outcome prediction. These contributions demonstrate the potential of PSG-derived data to 

provide scalable and actionable prediction of CVD mortality.  
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Glossary 

AAA — Abdominal Aortic Aneurysm; localised dilation of the abdominal aorta that increases 

the risk of rupture. 

AASM — American Academy of Sleep Medicine; provides standardised clinical guidelines 

for scoring sleep and respiratory events, with key respiratory event scoring standards updated 

in 1999, 2007, and 2012. 
AHI — Apnoea–Hypopnoea Index; number of apnoea and hypopnoea events per hour of sleep, 

used to assess the severity of obstructive sleep apnoea. 

AUC — Area Under the Receiver Operating Characteristic Curve; performance metric 

quantifies the overall performance of the classifier across all decision thresholds. 

BMI — Body Mass Index; body mass divided by the square of height (kg m⁻²). 

CAD — Coronary Artery Disease; a subtype of cardiovascular disease caused by 

atherosclerotic narrowing of the coronary arteries. 

CI — Confidence Interval; a statistical range within which the true population parameter is 

expected to lie with a specified probability. 

COPD — Chronic Obstructive Pulmonary Disease; a progressive lung disorder that may 

coexist with sleep apnoea, contributing to nocturnal hypoxaemia and increased cardiovascular 

risk. 

CPAP — Continuous Positive Airway Pressure; first-line therapy for moderate-to-severe OSA 

that maintains airway patency during sleep.  

CSA — Central Sleep Apnoea; sleep-related breathing disorder characterised by cessation of 

airflow due to lack of respiratory effort, distinct from OSA. 

CVD — Cardiovascular Disease; encompasses coronary artery disease, cerebrovascular 

disease, peripheral artery disease, and aortic atherosclerosis. 

DesSev — Desaturation Severity; A desaturation area–based algorithms that automatically 

calculates the area of oxygen desaturation events. 

ECG — Electrocardiography; records electrical activity of the heart to detect arrhythmia and 

evaluate heart rate variability. 

EEG — Electroencephalography; measures cortical electrical activity for sleep staging and 

arousal detection. 

EMG — Electromyography; measures skeletal muscle activity, used for REM stage 

identification and limb-movement detection. 
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EOG — Electro-oculography; records eye movements used to determine sleep stages, 

particularly REM. 

HB — Hypoxic Burden; a desaturation area–based parameter that quantifies the cumulative 

area of desaturation events, associated with manually scored respiratory events. 

HL — Hypoxic Load; a desaturation area-based parameter that is independent of any 

respiratory and desaturation events. 

HR — Hazard Ratio; ratio of hazards between two groups in the Cox proportional hazards 

model, quantifying relative risk of an event. 

HRV — Heart Rate Variability; beat-to-beat variation in heart rate reflecting autonomic 

nervous system balance. 

LDA — Linear Discriminant Analysis; classical supervised learning algorithm that projects 

data to maximise class separability. 

MACEs — Major Adverse Cardiovascular Events, typically including cardiovascular death, 

nonfatal myocardial infarction, and stroke. 

MinSat — Minimum Oxygen Saturation during sleep; the lowest oxygen saturation value 

recorded, used as an indicator of nocturnal hypoxaemia severity. 

MrOS — Osteoporotic Fractures in Men Study; a large-scale longitudinal cohort used in sleep 

and cardiovascular outcome research. 

OAm — Oral Appliance Mandibular Advancement Device; mechanical treatment that 

repositions the jaw forward to reduce airway collapse. 

ODI — Oxygen Desaturation Index; number of desaturation events (≥ 3 % or 4 %) per hour of 

sleep, reflecting intermittent hypoxia. 

OSA — Obstructive Sleep Apnoea; disorder characterised by repetitive upper-airway collapse 

during sleep, leading to intermittent oxygen desaturation and arousals. 

PAD — Peripheral Artery Disease; atherosclerotic obstruction of peripheral arteries, 

particularly in the lower limbs. 

PSG — Polysomnography; comprehensive overnight recording of multiple physiological 

signals (EEG, EOG, EMG, ECG, airflow, thoracoabdominal movements, and oximetry) to 

diagnose sleep disorders. 

REDTA — Respiratory Event Desaturation Transient Area; a desaturation area–based 

algorithm that quantifies the area of manually scored respiratory events, expressed in %·hours. 

REM — Rapid Eye Movement; sleep stage characterised by vivid dreaming, rapid eye 

movements, and muscle atonia. 
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RF — Random Forest; ensemble tree-based algorithm that aggregates multiple decision trees 

trained on bootstrapped samples to improve predictive accuracy and reduce overfitting.  

ROC — Receiver Operating Characteristic; curve plotting the true-positive rate against the 

false-positive rate to assess a model’s ability to discriminate between classes. 

SDB — Sleep-Disordered Breathing; umbrella term encompassing OSA, CSA, and related 

sleep-related respiratory disturbances. 

SHAP — SHapley Additive exPlanations; model-agnostic interpretability framework based on 

cooperative game theory that quantifies the contribution of each feature to individual 

predictions. 

SHHS — Sleep Heart Health Study; multicentre cohort providing PSG and cardiovascular 

outcome data, used for all analysis in this thesis. 

SpO2 — Peripheral Capillary Oxygen Saturation; proportion of oxygen-saturated 

haemoglobin measured by pulse oximetry during sleep. 

SRC — Sleep Reading Centre; coordinating laboratory responsible for respiratory event 

scoring in the SHHS.  

SVM — Support Vector Machine; supervised learning algorithm that separates classes using 

maximum-margin hyperplanes and kernel functions. 

T90 — The total sleep time with oxygen saturation < 90 %; quantifies cumulative hypoxemic 

burden. 

The Cox model — Cox Proportional Hazards Model; a semi-parametric regression framework 

that estimates the effect of covariates on event risk over time under the proportional-hazards 

assumption. 

TST — Total Sleep Time; cumulative duration of all scored sleep epochs during a PSG 

recording. 

XGBoost — Extreme Gradient Boosting; scalable, regularised gradient-boosted decision-tree 

algorithm used for outcome classification. 
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1 Introduction 
This thesis focuses on predicting cardiovascular disease (CVD) mortality outcomes using 

polysomnogram (PSG)-derived parameters. Two experiments were conducted alongside a 

comprehensive literature review of published oximetry-derived parameters. The thesis aims to 

analyse the use of PSG-derived parameters in predicting CVD mortality outcomes, refine 

existing algorithms, and propose a robust and flexible model for individual-level CVD outcome 

prediction suited to population screening. This chapter introduces the background of the thesis 

and outlines the motivation for the research, objectives, and its contributions and significance. 

The thesis structure and list of publications are also presented in this chapter. 

1.1 Motivation 

CVD remains the leading cause of mortality worldwide, accounting for nearly one-third of all 

deaths despite significant advances in prevention and treatment [1, 2]. In Australia alone, CVD 

accounted for more than 45,000 deaths in 2022 [1]. Parallel to this, obstructive sleep apnoea 

(OSA) is highly prevalent, affecting an estimated one billion adults globally and 3 million 

adults in Australia, yet remains substantially underdiagnosed and undertreated [3]. Mounting 

evidence suggests that OSA is not merely a comorbidity but an independent risk factor for 

adverse cardiovascular outcomes, mediated by mechanisms such as intermittent hypoxia, 

systemic inflammation, and vascular dysfunction [4-6]. 

 

OSA and CVD manifest very differently across the lifespan. OSA is often symptomatic and 

can be recognised through signs such as loud snoring, nocturnal arousals, and excessive 

daytime sleepiness, which frequently prompt medical attention. In contrast, CVD typically 

remains clinically silent for many years, with individuals often asymptomatic until 

experiencing a severe or fatal event later in life [7]. This asymmetry highlights a clinical 

opportunity: if OSA is diagnosed earlier and leveraged as a window into cardiovascular risk, 

then predicting CVD outcomes becomes feasible at a stage when preventive strategies can still 

alter long-term trajectories. Ideally, the early recognition of OSA combined with accurate 

prediction of future CVD mortality outcome could enable timely intervention, improve quality 

of life, and ultimately save lives. 

 

PSG, the gold standard for OSA assessment, records a comprehensive set of physiological 

signals, including respiratory airflow, oxygen saturation (SpO2), electrocardiography (ECG), 
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electroencephalography (EEG), electromyography (EMG), and electro-oculography (EOG) [8-

10]. These signals provide a comprehensive characterisation of sleep physiology and offer a 

valuable resource for understanding the pathways linking OSA to CVD. However, clinical 

practice continues to rely predominantly on the apnoea–hypopnoea index (AHI) for diagnosing 

and stratifying the severity of OSA. Although AHI quantifies the number of apnoea and 

hypopnoea events per hour, it has limited prognostic ability because it fails to capture the 

duration of respiratory events, the burden of hypoxia, or sleep fragmentation, and it has 

repeatedly been shown to be a poor independent predictor of cardiovascular outcomes [11-13]. 

This limitation underscores the need for alternative PSG-derived parameters that more 

comprehensively reflect nocturnal hypoxaemia and its cardiovascular consequences. 

 

Over the last decade, oximetry-derived measures such as the oxygen desaturation index (ODI), 

the total sleep time spent below 90% oxygen saturation (T90), and, more recently, desaturation 

area–based parameters have been proposed as complementary or alternative predictors [6, 14]. 

These parameters better quantify both the depth and duration of desaturation events, thereby 

capturing the overall hypoxic burden more accurately. Emerging evidence indicates that they 

outperform AHI in predicting cardiovascular outcomes [12, 15]. However, computational 

discrepancies by varying American Academy of Sleep Medicine (AASM) criteria, inconsistent 

interpretations of parameter definitions, and computational approaches, have fragmented the 

field and limited cross-study comparability [16, 17]. To date, no unified evaluation has 

systematically compared these algorithms in the same population and computational 

framework. Experiment 1 of this thesis specifically addresses this gap by focusing on 

desaturation area–based measures, with the aim of identifying the most robust and clinically 

useful method for predicting CVD mortality in large population settings. 

 

While PSG provides a rich source of multidimensional information, its potential for CVD 

outcome prediction remains underutilised. Existing studies have largely relied on single-

parameter evaluations within conventional proportional hazards models, reporting relative 

effects such as hazard ratios [18]. While valuable for time-to-event analysis, this focus may 

overlook the benefits of multiparameter prediction, as cardiovascular risk arises from the 

combined influence of multiple interacting factors [19]. In addition, hazard ratios reflect 

relative rather than absolute risk, which can be difficult to interpret for non-statistical end-users, 

including patients [20]. These limitations restrict their application to personalised 

cardiovascular risk stratification and form the rationale for Experiment 2 in this thesis. 
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Machine learning approaches, by contrast, can accommodate multidimensional PSG data, 

capture complex nonlinear feature interactions, and generate individual-level predictions of 

CVD outcomes [21-26]. Importantly, explainable machine learning methods offer interpretable 

insights into feature contributions, addressing the “black box” concerns associated with 

conventional machine learning and supporting clinical translation [18]. Despite this promise, 

most prior studies either restricted their focus to features that demand substantial clinical inputs 

and specialist annotations or employed complex models such as deep learning. Such 

requirements hinder their applicability in medically underserved settings, where access to 

specialist equipment and expertise is limited. Consequently, the benefits of predictive 

modelling are often restricted to well-resourced populations, limiting broader translational 

impact. 

 

Against this background, the motivation of this thesis is threefold: first, to clarify and compare 

desaturation area–based algorithms and identify the best-performing method for CVD 

prediction; second, to investigate whether PSG-derived parameters (particularly oximetry-

derived parameters), when assessed collectively, can enhance predictive performance; and 

third, to establish explainable machine learning methods that can provide robust, individualised 

CVD outcome predictions, with the ultimate goal of enabling scalable and clinically actionable 

risk stratification for both population-level screening and patient-level decision-making. The 

detailed rationale for these aims is presented in Chapters 4 and 5. 

1.2 Objective 

The overarching objective of this thesis is to investigate the role of PSG-derived parameters, 

with a particular focus on oximetry-derived parameters, in predicting CVD mortality, and to 

establish explainable machine learning approaches for robust, individual-level outcome 

prediction. This objective is pursued through four interlinked aims: 

1.2.1 Objective 1: Review the current oximetry-derived parameters 

To critically review published oximetry-derived parameters for predicting CVD outcomes, 

with the aim of demonstrating the limitations of relying on AHI alone. This objective also seeks 

to highlight methodological inconsistencies in the computation of desaturation area–based 

metrics. 
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1.2.2 Objective 2: Systematically evaluate desaturation area–based 

algorithms 

To conduct the first direct comparison of three major desaturation area–based methods 

(Hypoxic Burden (HB), respiratory event desaturation transient area (REDTA), and 

desaturation severity (DesSev)) within the same patient population (the Sleep Heart Health 

Study). This objective aims to examine how differences in event definitions, sampling windows, 

and baseline choices influence computational behaviour and predictive performance, and to 

identify the most robust approach for population-based CVD prediction. 

1.2.3 Objective 3: Investigate the predictive value of oximetry-derived 

parameters 

To assess whether established measures such as ODI3 and T90, together with desaturation 

area–based parameters, can predict short-term CVD mortality individually and in combination. 

This objective further aims to determine whether multiparameter integration improves 

predictive accuracy beyond single metrics, and to inform feature selection for subsequent 

model development. 

1.2.4 Objective 4: Develop an explainable machine learning framework. 

To design and evaluate interpretable predictive models that integrate PSG-derived parameters, 

demographics, lifestyle factors, and medical history for predicting CVD mortality at the 

individual level. The framework aims to achieve a balance between predictive accuracy and 

interpretability, with minimal reliance on specialised clinical inputs, thereby improving 

scalability for broader populations. In addition, this objective explores the capacity of models 

to generalise across different time horizons, enabling flexible CVD outcome prediction beyond 

the short-term window. 

 

Through these objectives, the thesis aims to make both methodological and applied 

contributions. Methodologically, it seeks to clarify the computational foundations of 

desaturation area–based metrics, address key discrepancies in their implementation, and 

identify the most robust approach for predicting CVD mortality in large population datasets. 

Practically, it aims to propose a pathway for integrating sleep study data into CVD outcome 

prediction that is scalable, clinically interpretable, and capable of producing reliable individual-
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level estimates for broader populations, while maintaining flexibility across different time 

horizons. 

1.3 Thesis contribution 

This thesis contributes to both methodological development and applied prediction of CVD 

mortality using PSG-derived parameters. The contributions are distributed across three main 

chapters. Chapter 3 reviews and consolidates existing evidence on PSG-derived parameters for 

predicting CVD mortality, with particular emphasis on oximetry-derived measures, and 

identifies methodological discrepancies, thereby providing the rationale and methodological 

foundation for subsequent investigations. Chapter 4 systematically compares desaturation 

area–based algorithms, clarifies the impact of varying computational approaches on predictive 

performance, and identifies the most robust method for CVD mortality prediction in a large 

population setting. Chapter 5 contributes in two ways: first, by evaluating the combined 

predictive utility of oximetry-derived parameters, and second, by developing an explainable 

machine learning framework that achieves strong predictive performance while minimising 

reliance on specialised medical expertise. The detailed contributions are summarised below. 

1.3.1 Chapter 3: Clarification of current limitations and methodological 

discrepancies. 

This chapter consolidates prior evidence on PSG-derived parameters and demonstrates that 

conventional diagnostic metrics such as the AHI are insufficient for predicting CVD outcomes 

[11, 12, 27]. It highlights methodological discrepancies in the computation of oximetry-derived 

measures, particularly desaturation area–based parameters, where differences in event 

definition, baseline determination, and sampling windows have led to inconsistencies across 

studies [12, 15, 28, 29]. By identifying these limitations, the thesis establishes the rationale for 

systematic comparison. 

1.3.2 Chapter 4: Systematic comparison of desaturation area–based 

algorithms 

A central methodological contribution is the first direct comparison of three widely used 

desaturation area–based algorithms (HB, REDTA, and DesSev) implemented under a unified 

computational framework within the Sleep Heart Health Study. This analysis demonstrates 

how computational differences influence both parameter values and predictive performance, 

thereby clarifying why results have varied across studies. The chapter refines algorithm 
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implementation, identifies the best-performing and robust method for predicting CVD 

mortality, and shows that predictive outcomes are affected by variations in computational 

choices. 

1.3.3 Chapter 5: Development of machine learning model for predicting 

CVD mortality outcome at individual-level 

1.3.3.1 Phase 1: Evaluation of the predictive value of oximetry-derived parameters 

The thesis evaluates whether established metrics such as ODI3 and T90, together with 

desaturation area–based parameters, can predict CVD mortality outcomes. It demonstrates that 

while individual parameters have predictive value, integrating multiple oximetry-derived 

parameters achieves superior performance compared with single metrics. This provides 

empirical evidence supporting the combined use of these measures and establishes the basis 

for feature selection in subsequent modelling. 

1.3.3.2 Phase 2: Development of an explainable and scalable machine learning 

framework with minimal clinical reliance 

Building on these findings, this phase of experiment develops and evaluates explainable 

machine learning models that integrate PSG-derived parameters with demographic, lifestyle, 

and medical information. Unlike traditional Cox regression, which is restricted by linear 

assumptions and relative hazard ratios, the framework accommodates nonlinear interactions 

and generates individual-level predictions while maintaining interpretability [18, 21-26]. 

 

Moreover, this experiment demonstrates that strong predictive performance can be achieved 

with reduced reliance on specialised clinical inputs. By focusing on PSG-derived parameters 

and general patient information, the framework is implemented in a way that is scalable to large 

population cohorts and adaptable across diverse healthcare settings. It also shows that the 

proposed predictive model generalises across different time horizons, maintaining stable 

performance rather than being limited to a single follow-up period. 

1.4 Significance of research 

This thesis makes significant contributions to both the methodological development and the 

applied use of PSG-derived parameters in predicting CVD mortality. 
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From a methodological perspective, the thesis delivers the first systematic comparison of 

desaturation area–based algorithms within the same cohort. Previous studies have relied on 

heterogeneous implementations, leading to inconsistent results and limited comparability. By 

unifying the computational framework and directly comparing HB, REDTA, and DesSev, this 

work demonstrates how discrepancies in event definition, baseline determination, and sampling 

windows influence parameter values and predictive performance. This systematic evaluation 

resolves a long-standing gap in the literature, clarifies the consequences of methodological 

variation, and provides insights for future algorithm development. It also identifies a reliable 

and best-performing desaturation area–based method for predicting CVD mortality, thereby 

advancing the methodological rigour of OSA–CVD analysis. 

 

From an applied perspective, the thesis demonstrates the predictive value of combining 

multiple PSG-derived parameters, moving beyond single-metric approaches such as the AHI, 

ODI3, or T90. It shows that integrated measures deliver more accurate and stable predictions, 

offering a more comprehensive characterisation of nocturnal hypoxaemia and its 

cardiovascular consequences. These findings support the adoption of multivariable approaches 

in OSA-CVD analysis, with direct implications for both research design and clinical practice. 

 

In addition, the thesis develops an explainable machine learning framework that integrates 

PSG-derived parameters with demographic, lifestyle, and medical information. The framework 

addresses the limitations of traditional survival models by accommodating nonlinear feature 

interactions, generating individual-level predictions, and maintaining interpretability through 

SHapley Additive exPlanations (SHAP) analysis. It achieves predictive performance 

comparable to more resource-intensive approaches while requiring substantially fewer 

specialised medical inputs. This reduced dependence on expert annotation and complex 

equipment enhances scalability to large populations and adaptability across healthcare settings. 

Furthermore, the framework demonstrates generalisability across multiple prediction horizons 

(3-, 5-, and 10-year), in contrast to most existing models that are restricted to a single follow-

up period. By relying on accessible inputs such as oximetry and general health information, the 

framework also supports potential integration into home-based monitoring or online platforms, 

extending predictive modelling beyond specialist clinical environments. 

 

Overall, the significance of this research lies in its dual impact: advancing methodological 

clarity in the computation and application of oximetry-derived parameters, and proposing a 
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clinically relevant, explainable machine learning framework that delivers robust, individual-

level predictions of CVD mortality with minimal medical resources required. Together, these 

advances provide a pathway for scalable and actionable cardiovascular risk stratification based 

on PSG data, highlighting the potential of sleep studies to improve early CVD outcome 

prediction and reduce the long-term health burden through timely intervention. 

1.5 Thesis structure 

This thesis is organised into six chapters, each addressing a distinct component of the research 

while contributing to the overarching objective of investigating the role of PSG-derived 

parameters, particularly oximetry-derived measures, in predicting CVD mortality through 

explainable machine learning frameworks. 

 

Chapter 1 outlines the motivation, objectives, contributions, and significance of the thesis. It 

serves as an overview of the thesis and provides a guide for the reader. The structure of the 

thesis and the list of publications are also presented. 

 

Chapter 2 reviews the epidemiological and pathophysiological associations between OSA and 

CVD, outlining the mechanisms that link the two conditions. It introduces PSG as the gold 

standard for OSA diagnosis and describes the physiological signals it records. The chapter 

highlights the potential role of sleep measurements in strengthening CVD prediction and 

improving risk stratification. It also summarises prior evidence on the limitations of the AHI 

for CVD outcome prediction and introduces alternative PSG-derived parameters that may 

provide greater prognostic value. By emphasising both the clinical importance of OSA 

physiology and the inadequacy of existing diagnostic metrics, Chapter 2 establishes the clinical 

background and provides the rationale for the methodological investigations pursued in the 

subsequent chapters. 

 

Chapter 3 addresses Objective 1 by reviewing published PSG-derived parameters, primarily 

oximetry-derived, in relation to CVD outcome prediction. It discusses their methodologies and 

predictive performance, identifies methodological discrepancies, and demonstrates how such 

inconsistencies limit comparability across studies. These findings establish the methodological 

rationale and background for the systematic evaluation presented in Chapter 4. In addition, 

Chapter 3 introduces the statistical tool (the Cox proportional hazards analysis) used in Chapter 
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4 and the machine learning techniques and performance evaluation methods applied in Chapter 

5. 

 

Chapter 4 addresses Objective 2 by conducting the first systematic comparison of three major 

desaturation area–based methods within the same patient population. Each algorithm is 

implemented under a unified computational framework to ensure reproducibility and 

comparability. The chapter analyses how variations in algorithm design affect both 

computational behaviour and predictive performance for CVD mortality, and identifies the 

most robust and best-performing method for CVD prediction. 

 

Chapter 5 addresses Objectives 3 and 4. In Phase 1, it evaluates the predictive value of 

established oximetry-derived parameters (ODI3, T90, and desaturation area–based measures) 

for short-term (3-year) CVD mortality, and investigates whether combining parameters 

improves predictive performance compared with individual metrics. The results from this stage 

inform feature selection for model development. In Phase 2 and its extension, the chapter 

develops and evaluates explainable machine learning models that integrate PSG-derived 

parameters, demographics, lifestyle factors, and medical history to provide individual-level 

outcome predictions. The framework emphasises predictive accuracy, interpretability, 

scalability, minimal reliance on specialised clinical inputs, and the ability to generalise across 

different time horizons (3-, 5-, and 10-year). 

 

Chapter 6 concludes the thesis. It synthesises the findings from the preceding chapters, 

highlights the contributions, and discusses directions for future development in addressing the 

limitations identified in this work. 
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2 Clinical background 
This chapter provides key clinical information on CVD and OSA as relevant to this thesis, 

detailing their physiological and epidemiological characteristics. It further discusses the risk 

factors associated with CVD, along with the diagnosis and treatment of OSA, to elucidate the 

potential relationship between two diseases and highlight the challenges in current clinical 

practice. By establishing a strong clinical foundation, this chapter aims to enhance the reader’s 

understanding of the context in which this research is situated and to underscore the critical 

need for the research presented in this thesis. 

2.1 Cardiovascular disease 

2.1.1 Epidemiology and Pathophysiology  

CVD, also referred to as heart disease, remains the leading cause of mortality worldwide. 

According to the World Health Organization, CVD accounts for approximately 17.9 million 

deaths annually, representing 32% of global mortality [2]. In Australia, although the CVD-

related mortality rate has declined over the years, reaching an all-time low, the condition still 

accounted for 45,000 deaths in 2022, corresponding to a rate of 173 deaths per 100,000 

individuals. Furthermore, the 2022 National Health Survey conducted by the Australian Bureau 

of Statistics estimated that 1.3 million Australians aged 18 and over were living with one or 

more CVD-related conditions [1]. 

 

CVD encompasses four major diseases/conditions: coronary artery disease (CAD), 

cerebrovascular disease, peripheral artery disease (PAD), and aortic atherosclerosis [30]. CAD, 

which accounts for approximately one-third to one-half of all CVD cases, arises from reduced 

myocardial perfusion, leading to angina, myocardial infarction, and heart failure. Traditionally 

regarded as a cholesterol storage disease, CAD is now increasingly recognised as an 

inflammatory disorder [31]. Inflammation plays a critical role in all stages of atherogenesis, 

contributing to the formation of atherosclerotic plaques that obstruct the coronary artery lumen 

[32].  

 

Cerebrovascular disease, commonly referred to as stroke, is a condition characterised by an 

abnormality in the brain's blood supply. Stroke can be classified into two main types: ischemic 

stroke, which results from a vascular blockage and accounts for approximately 85% of cases, 
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and haemorrhagic stroke, which occurs due to bleeding and comprises the remaining 15% [33]. 

Both types can lead to significant neurological deficits. While hypertension is often regarded 

as the primary cause of ischemic stroke, other factors such as clotting disorders, carotid 

dissection, and illicit drug use are more prevalent among younger populations [34]. Over the 

past decades, stroke has emerged as a leading cause of adult disability [35]. 

 

PAD is an arterial disorder affecting the limbs, predominantly observed in elderly men. 

Atherosclerosis is the primary cause of approximately 90% of PAD cases, with additional 

contributions from inflammation and lipid accumulation [7, 36]. The gradual build-up of 

atherosclerotic plaques in the arteries of the legs and arms often remains asymptomatic for 

years, typically manifesting in later life. Intermittent claudication, characterised by muscle pain 

in the legs during exertion, is the most common and earliest symptom of PAD and is often 

considered a key diagnostic indicator [7]. The severity of PAD is determined by the extent of 

atherosclerotic plaque formation and the diameter of the affected blood vessels, resulting in 

varying degrees of symptomatic presentation among individuals [36]. 

 

Aortic atherosclerosis, which includes thoracic and abdominal aortic aneurysms (AAA), is 

characterised by the dilation of the aorta, the major artery responsible for carrying blood from 

the heart to the abdomen. AAA has become a significant health concern, with its incidence 

increasing over the past decades and being more prevalent in men than in women [37]. Similar 

to PAD, AAA typically remains asymptomatic until a critical rupture occurs. Although the 

precise underlying mechanisms are not fully understood, AAA is associated with the 

degradation of the elastic media of the atheromatous aorta. Notably, smoking has been 

identified as a major contributing factor in the development of aneurysms [38]. 

 

In summary, CVD is the leading cause of death worldwide and imposes a significant health 

burden on the ageing population. The underlying pathophysiology of CVD events is 

predominantly driven by atherosclerosis. However, other mechanisms, including thrombosis, 

hypertension, arrhythmias, inflammation, and structural abnormalities, also play critical roles 

in disease progression [32, 39-42]. 
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2.1.2 Traditional risk factors 

Despite differences in pathophysiology, all cardiovascular diseases share common risk factors, 

which can be categorised into two groups: non-modifiable and modifiable. Non-modifiable risk 

factors cannot be controlled or altered by external factors, whereas modifiable risk factors can 

be mitigated through lifestyle modifications or behavioural changes. In general, possessing one 

or more risk factors increases the likelihood of experiencing CVD events; however, managing 

these risk factors does not eliminate the possibility of developing CVD [43, 44]. 

 

Non-modifiable risk factors refer to those that individuals are born with or cannot be controlled 

through lifestyle changes. Age, for example, is widely recognised as an independent risk factor 

for CVD events. Studies show a strong association between increasing age (particularly over 

65 years), and stroke, with risks increasing incrementally per decade [45]. Gender is another 

factor that exhibits distinct differences between groups. Historically, CVD has been considered 

a predominantly male disease; however, the risk of CVD in women has often been 

underestimated [46]. While both men and women share a similar overall risk of developing 

CVD, studies have shown that women are more likely to have diabetes and tend to develop 

CVD at older ages than men [46, 47]. In contrast, PAD and AAA are generally more prevalent 

in men than in women [7, 38]. Similar differences are also observed across ethnicities, with 

studies suggesting that individuals of South Asian and African descent have a higher risk of 

developing CVD compared to other populations [48, 49]. Another critical non-modifiable risk 

factor is family medical history, which plays a significant role in determining an individual’s 

susceptibility to CVD. Studies suggested that a family history of CVD increases risk among 

first-degree relatives, with a 40% increased risk among siblings and 60%-75% increased risks 

among offspring [50].  

 

Modifiable risk factors, on the other hand, can be controlled and altered through lifestyle 

changes. These include body mass index (BMI), hypertension, diabetes, and various lifestyle 

habits. BMI, which measures weight in relation to height, is strongly correlated with CVD 

events. Notably, higher BMI has the strongest association with incident heart failure among all 

CVD subtypes [51]. Overweight and obese women exhibit progressively higher risk of CVD 

mortality, with hazard ratios reported as high as 4.71 in severe obesity categories [52]. 

Hypertension and diabetes are established predictors of CVD and are closely interrelated. 

Hypertension is found to be twice as prevalent in patients with diabetes compared to those 
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without, while diabetes develops more rapidly in hypertensive individuals than in those with 

normal blood pressure [53]. Fundamental lifestyle habits such as dietary choices, smoking 

status, alcohol consumption, and physical inactivity are key modifiable contributors to CVD 

risk. Epidemiological evidence indicates that even low-intensity smoking is associated with 

approximately a 50% increased risk of CVD relative to never smoking, and the combination of 

smoking with physical inactivity confers greater than a two-fold increased risk of CVD 

mortality. Conversely, adherence to a constellation of healthy lifestyle behaviours, including a 

healthy diet, regular physical activity, non-smoking, and moderate alcohol intake, has been 

associated with up to a ~66% lower risk of cardiovascular disease in prospective cohort 

analyses. [54-57]. 

 

2.2 Obstructive sleep apnoea 

OSA is a prevalent sleep disorder caused by recurrent upper airway collapse during sleep. This 

obstruction leads to apnoea (complete airway blockage), hypopnoea (partial airway 

obstruction), or a combination of both, resulting in intermittent hypoxia, hypercapnia, cortical 

arousal, and sleep fragmentation. Sleep fragmentation induces daytime sleepiness, negatively 

impacting quality of life and increasing the risk of motor vehicle accidents. Beyond its 

immediate effects, OSA significantly heightens the risk of CVD events due to OSA-induced 

endothelial dysfunction, coagulation-fibrinolysis imbalance, oxidative stress, elevated 

sympathetic activity, and systemic inflammation [4, 5]. The cumulative hypoxic events caused 

by airway collapse contribute to nocturnal hypoxia, which may lead to serious systemic 

impairments, including high cholesterol levels, hypertension, insulin resistance, and glucose 

dysregulation [6, 58]. These conditions are well-established CVD risk factors and present a 

significant health burden, particularly among older populations. 

2.2.1 Pathophysiology  

The respiratory system comprises the organs responsible for air conduction, filtration, and gas 

exchange and is divided into the upper and lower respiratory systems, as shown in Figure 2.1A. 

The upper respiratory system, which includes the nasal cavity, pharynx, and larynx, facilitates 

airflow during ventilation [59]. Among these structures, the pharynx plays a critical role in 

maintaining airway patency, particularly in the context of OSA. OSA-induced airway 

obstruction occurs in the pharynx, where the balance between pharyngeal muscle function and 

transmural pressure determines whether the airway remains open or collapses. In healthy 



Clinical background  

18 

individuals, pharyngeal muscle activity decreases during sleep, yet the airway remains 

unobstructed. However, in those with compromised neural activation or abnormal pharyngeal 

anatomy, the muscles are unable to maintain airway patency, leading to recurrent airway 

collapse and manifesting as apnoea or hypopnoea [60]. 

 

As a result, airway obstruction in OSA occurs recurrently throughout sleep and may involve 

collapse at multiple anatomical sites. The velopharynx is the primary site of collapse in most 

patients but narrowing can also occur in the anterior (nasopharynx) or lower posterior regions 

(oropharynx and hypopharynx), as illustrated in Figure 2.1B [61, 62]. The pattern and severity 

of upper-airway obstruction influence airflow dynamics and oxygenation. Both apnoea and 

hypopnoea are characterised by airflow limitation and increased airway resistance, which can 

lead to intermittent oxygen desaturation and sleep fragmentation. The extent of desaturation 

varies across events depending on their duration, depth of airflow reduction, and baseline 

oxygen reserve [10]. In the short term, these disturbances trigger nocturnal arousals and 

fragmented sleep architecture, often resulting in next-day symptoms such as excessive daytime 

sleepiness. With chronic and repeated exposure over months to years, persistent sleep 

disruption and intermittent hypoxemic stress may contribute to longer-term clinical 

consequences, including sustained fatigue, impaired cognitive function, and increased 

cardiometabolic risk [63]. 

 

 
Figure 2.1 An overview of respiratory system. Figure 2.1A provides a summary of the upper 

and lower respiratory systems, while Figure 2.1B offers a detailed close-up view of the pharynx. 

(Figure 2.1A modified from [64], and Figure 2.1B modified from [63]). 



Clinical background  

19 

Repetitive apnoea and hypopnoea events have significant impacts on ventilation, sleep stability, 

and overall health. With sleep onset, activity of the pharyngeal dilator muscles decreases, 

reducing upper-airway stability and increasing susceptibility to airway collapse. During 

inspiration, negative intraluminal pressure can then promote airway narrowing, thereby 

restricting airflow. Partial or complete obstruction results in reduced ventilation, leading to 

transient oxygen desaturation (hypoxaemia) and carbon dioxide retention (hypercapnia), which 

typically terminate with arousal and restoration of airflow. In response to these disturbances, 

the body triggers arousals, activating the pharyngeal dilator muscles and temporarily restoring 

airway patency. However, as the airway reopens, the carbon dioxide level decline and the 

oxygen level increase, allowing the patient to fall asleep again. This, in turn, leads to recurrent 

airway obstruction, perpetuating the cycle [60]. This process, as summarised in Figure 2.2, can 

occur hundreds of times per night without the patient’s awareness, leading to intermittent 

hypoxia, cortical arousals, and fragmented sleep—hallmarks of OSA. 

 
Figure 2.2 Schematic representation of the recurrent cycle of OSA. The factors outside the 

circle indicate the physiological causes that trigger each stage of the cycle. 

2.2.2 Epidemiology  

OSA is considered a significant contributor to healthcare burden. In general, OSA is more 

common in men than in women, particularly in individuals aged 50 years and older. Patients 
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with OSA typically have a higher average BMI compared to healthy populations, and studies 

have reported a positive, approximately linear association between BMI and OSA severity [65, 

66]. In 2007, the World Health Organization estimated that OSA affected more than 100 

million individuals; however, this figure likely underestimates the true prevalence, as it is based 

primarily on diagnosed and treated cases [67]. Studies have suggested that a substantial 

proportion of OSA cases remain undiagnosed or untreated, with variations between countries 

due to societal and economic factors. The diagnosis of OSA requires significant medical 

resources, and populations must have an adequate level of awareness and education about OSA 

before seeking consultation in sleep clinics. In developing countries, the diagnosis and 

treatment of OSA are often inaccessible to most of the population due to inadequate sleep 

laboratory infrastructure and limited investment in sleep research. Even in developed countries, 

high costs restrict widespread screening, resulting in many potential cases remaining 

undiagnosed [68].  

 

Benjafield et al. conducted a comprehensive review of OSA prevalence across 16 countries, 

providing a reliable estimate of the total affected population worldwide. According to their 

study, approximately 1 billion individuals globally (29.16%) aged between 30 and 69 years 

have OSA, with 425 million (13.24%) experiencing moderate to severe forms of this disorder 

[3]. An estimated 24.5% of Australians aged between 30 and 69 years are affected by OSA, 

with approximately 4.8% meeting criteria for moderate-to-severe OSA [3]. The ten countries 

with the highest estimated OSA populations are presented in Table 2.1. In some countries, 

more than 50% of the population aged 30–69 years is affected by OSA, with nearly 40% having 

moderate to severe OSA. Notably, in France, an estimated 75% of adults in this age group are 

considered to have OSA, with approximately half experiencing moderate to severe symptoms. 

However, only 18.1% of French adults self-reported being at high risk for OSA, and merely 

3.5% had received treatment for this disorder [69]. A similar pattern is observed worldwide. In 

the United States, approximately 8% of the population has been diagnosed with OSA, while 

the estimated prevalence exceeds 33% [70, 71]. According to Ip et al., 6.2% of the Chinese 

population has been diagnosed with OSA in Hong Kong, whereas nearly 24% are estimated to 

have the condition [3, 72, 73]. This disparity indicates a substantial number of undiagnosed 

OSA cases, highlighting significant potential health risks posed by untreated OSA patients. 

 

Despite its high prevalence, OSA is frequently under-recognised and undertreated in clinical 

practice. Studies have shown that a large proportion of individuals with OSA remain 
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undiagnosed, which may lead to underestimation of disease burden and delay in management, 

especially in patients with mild disease where symptoms are less overt or classical 

presentations are absent [74, 75]. This diagnostic gap has important implications because even 

mild forms of OSA may be associated with adverse health outcomes, yet are often overlooked 

in both screening and routine care. 

 

Table 2.1 Summary of ten countries with the highest estimated OSA populations aged 30-69 

years, ranked from the highest to the lowest [3]. 

Country* Total 

population 

aged 30-69 

years, million 

OSA population 

(OSA Prevalence), 

million (%) 

Mild OSA** (OSA 

Prevalence), 

million (%) 

Moderate to 

severe OSA 

**(OSA 

Prevalence), 

million (%) 

Worldwide 3210 936 (29.16) 511 (15.92) 425 (13.24) 

China 744 176 (23.66) 110 (14.78) 66 (8.87) 

USA 163 54 (33.13) 30 (18.40) 24 (14.72) 

Brazil 98 49 (50.00) 24 (24.49) 25 (25.51) 

India 534 52 (9.74) 23 (4.31) 29 (5.43) 

Pakistan 63 42 (66.67) 25 (39.68) 17 (26.98) 

Russia 78 40 (51.28) 20 (25.64) 20 (25.64) 

Nigeria 51 31 (60.78) 19 (37.25) 12 (23.53) 

Germany 43 26 (60.47) 12 (27.91) 14 (32.56) 

France 32 24 (75.00) 12 (37.50) 12 (37.50) 

Japan 67 22 (32.84) 13 (19.40) 9 (13.43) 

** The estimation model was developed using available data from 16 countries and was 

subsequently applied to estimate OSA prevalence in 193 countries. A detailed description of 

the estimation model can be found in the supplementary material provided by Benjafield et al. 

[3]. 

* The severity of OSA is categorised using the AHI, where an AHI ≥5 and <15 is classified as 

mild OSA, and an AHI ≥15 indicates moderate to severe OSA. The measurement methods and 

criteria for AHI will be explained in the following sections. 
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2.2.3 Diagnosis 

Overnight PSG is considered the gold standard for diagnosing OSA. It measures a range of 

physiological signals, including EEG, ECG, EOG, pulse oximetry, EMG, oronasal airflow, 

body position, and respiratory effort (thoracic and abdominal movements), with sensor 

placements illustrated in Figure 2.3 [9, 10, 76, 77]. PSG is conducted in accordance with the 

guidelines of the AASM to determine the AHI, the principal diagnostic metric for OSA. 

 

The traditional type I PSG study requires overnight monitoring in a sleep laboratory, where 

patients sleep in an unfamiliar environment, such as a sleep clinic or hospital, with multiple 

sensors attached to their body. Consequently, PSG has several drawbacks: it is expensive, 

resource-intensive, and often inaccessible due to the limited availability of sleep laboratories. 

To address these challenges, current diagnostic strategies involve pre-screening patients with 

sleep disorder symptoms and referring only those with a high suspicion of OSA for PSG testing. 

The screening process typically includes validated questionnaires and self-reported surveys to 

identify at-risk individuals. 

 
Figure 2.3 A graphic presentation of PSG wire connection. Figure adapted from [78] Fig 2. 
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2.2.3.1 Polysomnogram (PSG) 

The standard diagnostic criterion for OSA is laboratory-based PSG, which monitors overnight 

sleep and respiratory patterns. PSG records several key physiological signals, including sleep 

stages, arousal events, apnoea and hypopnoea episodes, oxygen desaturation, and cardiac 

rhythm. A full Type I PSG study may also incorporate limb electromyography to detect 

periodic limb movements during sleep and, when clinically indicated, transcutaneous carbon 

dioxide monitoring [8]. To assess sleep stages, multiple physiological signals are involved. In 

a sleep study, at least three channels of EEG with ear references are required for sleep stage 

classification. Most sleep laboratories use four EEG channels, comprising two central and two 

occipital channels, referenced to the ears, to additionally measure sleep duration and detect 

arousal events. For patients with epilepsy, an extra EEG channel may be used to monitor 

abnormal epileptiform activity. EOG signals track horizontal and vertical eye movements, 

aiding in sleep stage classification. Typically, two EOG channels with four electrodes are used 

in OSA studies to capture the onset of rapid eye movement (REM) sleep and the presence of 

slow-rolling eye movements. EMG is recorded using at least three chin electrodes, with an 

additional two electrodes placed on the anterior tibialis muscles. EMG assists in sleep staging, 

identifying REM sleep without atonia, and detecting periodic limb movements [79]. 

 

ECG, recorded using a single modified lead II configuration, evaluates heart rate variability 

and detects arrhythmias. Apnoea and hypopnoea events are identified through oronasal airflow 

measurements, which are recorded using thermal airflow sensors and nasal pressure 

transducers. Different apnoea subtypes (obstructive, central, and mixed) are distinguished 

based on airflow patterns. Respiratory effort, assessed via thoracic and abdominal movement, 

helps differentiate between obstructive and central apnoea events. Pulse oximetry is another 

essential PSG measurement, focusing on detecting oxygen desaturation associated with 

respiratory events [79]. 

 

These physiological signals operate in concert to construct a comprehensive evaluation of a 

patient’s sleep condition. Each recorded measurement offers unique insights into different 

aspects of sleep, yet they interact dynamically to reveal the intricate mechanisms underpinning 

sleep physiology [8]. Figure 2.4, as an example, illustrates the interplay between EEG, pulse 

oximetry, airflow, and respiratory effort in identifying obstructive apnoea events. In 

contemporary diagnostic practices and OSA analysis, the integration of data from multiple 
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signals enables a more holistic understanding of sleep disturbances. These measurements hold 

significant clinical value beyond the conventional reliance on the AHI as the key diagnostic 

metric, enriching range and depth of analysis. 

 

 
Figure 2.4 Example of a 5-minute PSG recording, demonstrating the correlation of each 

recorded signal with obstructive apnoea events. The absence of airflow is a key indicator of 

obstructive apnoea, with corresponding real-time thoracic and abdominal movements. This 

movement pattern, known as paradoxical breathing, occurs as a compensatory response to 

oxygen desaturation. The oxygen levels measured by pulse oximeter exhibit a slight delay due 

to the circulation time between lungs and fingertip. EEG is used to detect arousal events. The 

occurrence of arousal indicating airway reopening and may signal the transition into the next 

cycle of OSA. Figure adapted from [8], Figure 2. 
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2.2.3.2 American Academy of Sleep Medicine (AASM) Scoring Guideline 

The AASM provides standardised clinical guidelines for scoring sleep and respiratory events, 

ensuring the consistency in sleep analysis [10]. The manual outlines the recommended sleep 

measurements, including sleep scoring data (such as sleep latency and total recording time), 

arousals, respiratory events (including different subtypes of apnoea and hypopnoea, as well as 

the oxygen saturation levels), cardiac responses, arrhythmias, and EEG/ECG abnormalities. 

These are considered essential measures, as they commonly occur during sleep and contribute 

to clinical decision-making. Additionally, the manual includes optional choices such as 

respiratory effort-related events, sleep hypnograms, and leg muscle movements, which, while 

insightful, are not always needed for routine sleep assessments. 

 

Over time, the AASM manual has undergone multiple updates, refining criteria for scoring key 

sleep and respiratory events. A prominent example is the evolving definitions of apnoea and 

hypopnoea, as summarised in Table 2.2. In 1999, the initial guidelines lacked differentiation 

between apnoea and hypopnoea. The criteria at the time included an airway obstruction 

exceeding 50%, oxygen desaturation of ≥3%, and an event duration of at least 10 seconds [10]. 

The subsequent 2007 updates to the AASM manual redefined the apnoea as a complete airway 

blockage but introduced two versions (recommendation vs alternative) of the hypopnoea 

definition, differing in airflow reduction and oxygen desaturation thresholds [80]. These 

variations led to inconsistencies in scoring across studies, complicating cross-study 

comparisons and hindering the reproducibility of PSG-derived parameter algorithms, as 

different studies adopted different scoring criteria. Since 2012, a standardised definition of 

apnoea and hypopnoea has been established and has remained unchanged [16]. 
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Table 2.2 Summary of updates of AASM criteria for apnoea and hypopnea from 1999 to 2012. 

Year Apnoea definition Hypopnea definition 

1999 Chicago 

criteria [10] 

- Airflow drop > 50% from 

baseline*  

- Or a clear amplitude reduction 

of breathing with an oxygen 

desaturation ≥ 3% or an arousal  

- Or event duration ≥ 10 seconds 

- Airflow drop > 50% from 

baseline*  

- Or a clear amplitude reduction 

of breathing with an oxygen 

desaturation ≥ 3% or an arousal- 

Or event duration ≥ 10 seconds 

2007 

Recommendation 

[80] 
- Peak signal excursion** drops ≥ 

90% of pre-event baseline for ≥ 

10 seconds. 

- Nasal pressure peak signal 

excursions drop ≥ 30% of pre-

event baseline for ≥ 10 seconds, 

and  

- Oxygen desaturation ≥ 4% or 

event associated with an arousal 

2007 

Alternative [80] 

- Nasal pressure signal drops ≥ 

50% of baseline for ≥ 10 

seconds, and  

- Oxygen desaturation ≥ 3% or 

event associated with an arousal 

2012 Version 2.0 

[16] 

- Drop in peak thermal sensor 

excursion ≥ 90% of pre-event 

baseline for ≥ 10 seconds, and  

- If a shorter portion of a 

hypopnoea event meets apnoea 

criteria, the entire event is scored 

as apnoea 

- Nasal pressure signal 

excursion** drops ≥ 30% of pre-

event baseline, for ≥ 10 seconds, 

and  

- Oxygen desaturation ≥ 3% or 

event associated with an arousal 

*Baseline is defined as the mean amplitude of stable breathing or the three largest breaths in 

the two minutes preceding event onset for patients without stable breathing. 

**Peak signal excursion is measured using an oronasal thermal sensor, a positive airway 

pressure titration device, or alternative apnoea sensors. 
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2.2.3.3 Apnoea-Hypopnoea Index (AHI) and Obstructive Sleep Apnoea (OSA) 

The AHI is considered the gold standard metric for OSA diagnosis and is commonly used in 

clinical practice to classify OSA severity. Based on the AASM criteria outlined in Table 2.2, 

AHI quantifies the frequency of apnoea and hypopnoea events per hour of sleep. An AHI of 

less than 5 is considered normal, indicating a healthy population. Mild OSA is defined as an 

AHI between 5 and 15, where sleepiness may occur during tasks requiring minimal attention, 

often making it difficult to realise at this stage. Moderate OSA, with an AHI between 15 and 

30, is associated with worsening sleep quality, and sleepiness may become apparent during 

meetings or presentations. Severe OSA is diagnosed when AHI exceeds 30, requiring 

immediate medical attention. At this stage, symptoms are more pronounced, and excessive 

daytime sleepiness can occur even during active tasks such as talking or driving [81]. Although 

OSA is commonly categorised by severity using the AHI, exceptions exist whereby individuals 

with mild OSA may experience substantial daytime sleepiness or impaired sleep quality, 

whereas some patients with moderate or severe OSA may report minimal or no symptoms 

despite a high AHI [82, 83] 

 

Notably, the event scoring process accounts for not only obstructive events but also central and 

mixed events. Central sleep apnoea (CSA), unlike OSA, is not caused by airway obstruction 

but rather by disrupted neural regulation of breathing cycles. CSA and OSA are distinguished 

using nasal airflow, respiratory effort, and pulse oximetry signals. OSA events are typically 

accompanied by thoracic movements, whereas CSA events lack this respiratory effort. 

Additionally, airflow patterns differ between the two conditions: OSA is characterised by a 

flattened inspiratory peak in nasal pressure recordings, whereas CSA displays rounded 

inspiratory peaks. Oxygen desaturation patterns also vary, with OSA exhibiting an 

asymmetrical decline and recovery, whereas CSA follows a clear sinusoidal curve. 

Furthermore, OSA cycles occur unpredictably, while CSA follows a consistent periodic pattern 

[84]. When a patient exhibits both OSA and CSA features during sleep, the condition is 

classified as mixed sleep apnoea. This condition begins with obstructive respiratory failure, 

followed by a brief period of CSA occurring seconds prior to the obstructive event, with 

thoracic and abdominal movements resuming thereafter [85]. 
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2.2.3.4 Questionnaires and home-based monitoring 

Despite the advantages of PSG-based diagnostic procedures, several limitations remain 

significant. Traditional PSG is expensive, resource-intensive, and often inaccessible due to the 

limited availability of sleep laboratories. The diagnostic process requires trained technicians 

and sleep specialists for both overnight monitoring and event scoring. Additionally, patients 

must sleep in a laboratory setting for a single night, an unfamiliar environment that may lead 

to atypical sleep patterns and potentially unrepresentative measurements. 

 

To address these limitations, pre-procedure screening is incorporated into standard OSA 

diagnostic pathways to ensure that only patients with a high likelihood of OSA are referred for 

PSG. The diagnostic pathway and pre-procedure screening is detailed in section 2.2.4.5 and 

Figure 2.7. Common pre-screening tools for OSA include self-reported questionnaires such as 

the STOP-Bang questionnaire, the Sleep Apnoea Clinical Score, the Berlin Questionnaire, and 

the NoSAS score. While these assessments do not provide detailed insights into sleep 

physiology, they are sufficiently sensitive to exclude individuals who are unlikely to require 

PSG testing [86]. 

 

Home-based monitoring has emerged as an alternative for the diagnosis of OSA and became 

routine clinical practice for patients with high suspicion of OSA , enabling the measurement of 

key physiological parameters such as airflow, respiratory effort, and oxygen saturation. Unlike 

traditional PSG, home-based monitoring employs self-applied sensors without the supervision 

of sleep experts. Various studies have demonstrated that current at-home monitoring methods 

exhibit high sensitivity and specificity, with an area under the curve (AUC) exceeding 0.85 

[87-89]. While home-based testing presents a viable alternative when PSG is unavailable, 

further improvements and validation are necessary, particularly for patients with a high pre-

test probability of disease [90, 91]. 

2.2.4 Treatment 

The treatment strategies for OSA include continuous positive airway pressure (CPAP), lifestyle 

modifications, oral appliances, and surgical interventions. These strategies can be used in 

combination to improve outcomes, and some serve as alternatives to others. 
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2.2.4.1 Continuous positive airway pressure 

CPAP is the most common and effective treatment for OSA and was first introduced by Dr 

Sullivan at the University of Sydney in 1981 [92]. It is the first-line therapy for severe OSA 

(AHI ≥15) and is also beneficial for treating mild to moderate OSA (AHI ≥5 and <15) [9, 93-

97]. CPAP delivers a continuous stream of positive pressured air through a mask connected to 

a bedside air-pumping machine via a tube. This creates a pneumatic splint in the pharynx, 

keeping the airway open and maintaining oxygen levels. Studies have validated the 

effectiveness of CPAP therapy in reducing ventilatory drive in response to upper airway 

collapse and increasing the arousal threshold [95]. Additionally, improvements in memory, 

recognition skills, and increased grey matter volume following CPAP treatment highlight its 

potential to reverse OSA-induced cognitive and neurological impairments [98]. 

 

However, the side effects of CPAP play a critical role in influencing patient compliance. 

Common side effects include rhinorrhoea (runny nose) (35% of CPAP users), dry skin (65% 

of CPAP users), nasal congestion (25% of CPAP users), mask intolerance, air leakage, 

difficulty exhaling, and excessive device noise [99]. When CPAP was first introduced, the 

compliance rate was as low as 46% due to these side effects. However, with advancements in 

patient education and machine design, compliance rates have significantly improved, now 

exceeding 80% [100, 101]. These improvements have been specifically aimed at mitigating 

side effects to enhance patient adherence. 

 

To address mask-related discomfort, various CPAP mask designs have been developed to 

improve fit and adherence. These include oronasal masks, nasal masks, and nasal pillow masks, 

settings as shown in Figure 2.5. Oronasal masks cover both the nose and mouth, whereas nasal 

masks fit over the nose only. Nasal pillow masks, a lightweight and user-friendly alternative, 

provide a modified version of nasal masks. Other less commonly used designs include total 

face masks, which cover the entire face, oral masks, which cover only the mouth, and hybrid 

masks, which combine the previously mentioned designs. Studies have shown that switching 

to a different mask type can effectively reduce air leakage, improve patient adherence, and 

lower residual AHI [102]. 

 

Additionally, unlike CPAP, which provides constant air pressure and may cause breathing 

discomfort, auto-titrating CPAP (APAP) and bi-level positive airway pressure (BiPAP) deliver 



Clinical background  

30 

variable airway pressure to improve tolerance and compliance. APAP, also referred to as a 

“smart machine,” continuously adjusts air pressure based on detected sleep stages and body 

position. It has been shown to be as effective as CPAP in normalising the AHI and improving 

daytime sleepiness while also enhancing adherence in both adults and children during the initial 

stages of treatment [103, 104]. BiPAP, similar to APAP, delivers two levels of air pressure, 

higher during inhalation and lower during exhalation. It specifically addresses a common 

CPAP-related side effect, where users may experience resistance during exhalation [105]. 

However, some studies have reported that neither APAP nor BiPAP is necessarily more 

effective than CPAP in improving compliance rates or OSA symptoms, and some patients 

prefer CPAP over these alternatives [73, 105]. 

 
Figure 2.5 Example of CPAP setup (A) and face masks for CPAP treatment (B–D). 

(A) A standard CPAP setup: a tube connects the bedside CPAP blower unit to an oronasal face 

mask. The CPAP blower generates constant airway pressure, which is transmitted through the 

tube to the mask and then to the pharynx. (B) Nasal pillow masks, (C) Nasal masks, and (D) 

Oronasal masks. Figure modified from [106], Figures 1 and 4. 
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2.2.4.2 Lifestyle modification  

Lifestyle modification aims to manage the risk factors associated with OSA. Rather than 

directly treating airway obstruction, this approach focuses on altering lifestyle habits to reduce 

the risk of developing OSA. Recommended strategies include weight loss, positional therapy, 

reducing smoking frequency, limiting alcohol intake, and preventing sleep deprivation, as these 

factors are commonly associated with OSA risk. Notably, lifestyle modifications are typically 

used in conjunction with other treatments, such as CPAP or oral devices, rather than as 

standalone therapies. Positional therapy, used as a supplementary treatment to CPAP, involves 

encouraging patients to sleep in a lateral position with their heads propped at a 30- to 60-degree 

angle. This technique helps stabilise the pharynx and consequently reduces the frequency of 

apnoea and hypopnoea events. However, positional therapy alone is insufficient for alleviating 

OSA symptoms and must be combined with CPAP for optimal effectiveness. Additionally, 

studies have shown that positional changes have limited impact during REM sleep [60]. 

Furthermore, improvements in OSA symptoms do not always correspond linearly with lifestyle 

modifications. For instance, weight loss has a curvilinear relationship with OSA improvement, 

meaning that reduction of AHI is observed only with substantial weight loss [107]. GLP-1 

receptor agonist weight-loss medications, such as semaglutide and tirzepatide, have shown 

potential to reduce OSA severity by lowering body weight and improving AHI in individuals 

with obesity [108]. 

 

2.2.4.3 Oral appliance  

Oral appliance mandibular advancement devices (OAm) function as mouthguards that 

reposition the tongue and jaw forward, increasing the space in the posterior pharyngeal area 

and consequently keeping the airway open for breathing, as shown in Figure 2.6 [60, 94]. 

Unlike CPAP, which delivers steady positive airway pressure, OAms rely purely on 

mechanical displacement. As a result, their ideal use is limited to patients with healthy teeth to 

anchor the device, flexible temporomandibular joints, and unobstructed nasal airways. OAms 

are commonly prescribed as an alternative for patients who cannot tolerate CPAP. Most oral 

appliances are designed primarily to address snoring, with only a subset specifically developed 

for OSA treatment. Studies have shown that OAms are effective for patients with mild to 

moderate OSA but are not recommended for those with severe OSA [109]. Even among 

patients with mild to moderate OSA, CPAP has been demonstrated to provide greater 

improvements in the AHI and daytime sleepiness compared to OAms [110, 111]. 
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Figure 2.6 Example of an oral appliance mandibular advancement device. The mouthguard 

positionally advances the jaw and tongue (yellow arrow), increasing the pharyngeal space and 

reducing airway collapse (blue arrow). Figure adapted from [109], Figure 3 (Copyright Alila 

Medical Media). 

2.2.4.4 Surgical interventions 

Surgical intervention is often offered to patients with moderate to severe OSA, who are unable 

or unwilling to undergo CPAP or oral appliance therapy. A wide range of surgical options are 

available, most of which target anatomical obstructions [60]. Surgical treatments can be 

categorised into three main types: procedures to improve nasal patency and breathing, 

procedures to address retropalatal obstruction, and procedures to treat tongue-base and 

hypopharyngeal obstruction [112]. 

 

Procedures targeting nasal patency and breathing aim to clear nasal obstructions, thereby 

improving airflow and allowing patients to better tolerate CPAP or oral appliances. 

Retropalatal procedures, such as uvulopalatopharyngoplasty and the uvulopalatal flap 

technique, widen the airway by addressing obstructions in the soft palate, lateral pharyngeal 

walls, and tonsils. However, these procedures are not designed to enhance CPAP adherence 

and may result in side effects such as oral air leakage, which can reduce CPAP compliance. 

Even when performed by experienced otolaryngologists, the success rate for procedures 

targeting retropalatal obstruction is relatively low, at approximately 40%. 
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Surgical interventions for tongue-base and hypopharyngeal obstruction vary in technique but 

generally demonstrate higher success rates compared to other methods. Among these, 

maxillomandibular advancement is currently the most effective surgical option, showing 

significant reductions in AHI postoperatively. Initially considered a secondary option after soft 

tissue surgery, maxillomandibular advancement is increasingly being used as a first-line 

treatment for patients with significant craniofacial anomalies or multiple obstruction sites. The 

success rate of maxillomandibular advancement ranges from 75% to 100%, making it a highly 

effective alternative to CPAP. For patients who have failed CPAP or oral appliance therapy, 

maxillomandibular advancement provides a promising opportunity to alleviate OSA severity 

[113, 114]. 

2.2.4.5 Standard referral algorithm for OSA treatment 

For patients presenting with sleep disorder symptoms, the standardised diagnostic and 

treatment procedure is outlined in Figure 2.7 [112]. A thorough medical history assessment is 

conducted to identify risk factors associated with OSA, including BMI, blood pressure, and 

cholesterol levels. Additionally, an examination of the tonsil size, nasal passages, oral cavity, 

and neck is performed to assess anatomical factors relevant to treatment planning. If OSA is 

suspected, patients undergo a sleep study for diagnosis and are referred to a sleep physician. 

Based on the diagnosis, patients may be advised to undertake non-invasive treatments such as 

lifestyle modifications, CPAP therapy, or using oral appliances. For individuals who decline 

or are unable to tolerate CPAP or oral appliance therapy, surgical intervention may be 

considered. At this stage, patients are referred to an otolaryngologist for a more detailed pre-

surgical evaluation and preparation for surgery. 
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Figure 2.7 Referral algorithm for OSA treatment. Figure is adapted from [112] Figure 2. 
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2.3 Associations between Cardiovascular disease (CVD) and 

Obstructive Sleep Apnoea (OSA) 

OSA is increasingly recognised as a significant risk factor for CVD, with recurrent hypoxemic 

cycles during sleep contributing to adverse cardiovascular effects through inflammation, 

sympathetic activation, and oxidative stress. Untreated OSA has been linked to neurocognitive 

impairments (such as daytime sleepiness and reduced attention) and metabolic complications 

(including diabetes, hypertension, and stroke), ultimately driving the development and 

progression of CVD. Studies have reported a co-aggregated relationship between CVD and 

OSA, with a high prevalence of OSA observed among patients with CVD. 

 

Given the global health burden of CVD and its association with OSA, improving CVD 

outcomes prediction through OSA measurements could help mitigate its impact, particularly 

in older populations. In sleep research, AHI is traditionally used to quantify OSA severity and 

assess its relationship with CVD. However, evidence suggests that AHI is a poor predictor of 

CVD outcomes, as it fails to capture critical physiological factors involved in cardiovascular 

pathophysiology [11, 27]. To address this limitation, novel PSG-derived parameters are being 

explored as alternative predictors to enhance risk stratification. 

2.3.1 Pathophysiology and Epidemiology  

Previous studies have not established a direct link between OSA and CVD, as OSA is 

frequently associated with comorbid conditions such as diabetes, hypertension, and obesity. 

Each of which is an independent risk factor for CVD [86]. The theoretical pathway linking 

OSA to CVD is summarised in Figure 2.8 [115]. OSA contributes to intermittent hypoxia, 

sleep fragmentation, negative intrathoracic pressure, arousals, and, in some cases, hypercapnia. 

These physiological disturbances stimulate inflammatory response, trigger sympathetic 

nervous system activation, and increase oxidative stress levels. These changes, in turn, 

contribute to metabolic dysregulation and vascular endothelial dysfunction. Such 

pathophysiological responses may directly drive the development of CVD events or lead to 

intermediate clinical conditions, such as hypertension, diabetes, and dyslipidaemia, that are 

widely recognised as primary risk factors for CVD. 

 

A key component of the pathophysiological pathway is oxygen disturbance during sleep, with 

OSA generating recurrent episodes of hypoxaemia, which is defined as reduced arterial oxygen 
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saturation and quantifiable using pulse oximetry metrics [16]. Hypoxia, in contrast, refers to 

inadequate oxygen availability at the tissue level and may arise downstream of hypoxaemia or 

from impaired oxygen delivery or utilisation independent of arterial saturation [116]. Although 

hypoxaemia can contribute to tissue hypoxia, the two states are not synonymous, and tissue 

hypoxia may occur even when arterial oxygen saturation remains within the normal range [116]. 

For example, in anaemia, oxygen saturation may be preserved despite reduced haemoglobin 

concentration and diminished total oxygen-carrying capacity [117]. Similarly, low cardiac 

output states can impair tissue oxygen delivery despite adequate arterial oxygenation [118]. 

Histotoxic hypoxia, in which tissues are unable to utilise delivered oxygen (e.g., due to cyanide 

toxicity), provides an additional example of dissociation between blood oxygenation and 

cellular oxygen use [116]. These distinctions highlight that oximetry-derived measures capture 

an important but incomplete aspect of oxygen-related mechanisms linking OSA to 

cardiovascular risk. 

 

OSA has been shown to have a high prevalence among individuals with CVD risk factors and 

CVD outcomes. Epidemiological studies and clinical trials suggest that OSA is an independent 

risk factor for hypertension, a well-established risk factor of CVD [119-121]. Peppard et al. 

demonstrated that individuals with mild to moderate OSA have twice the odds of developing 

hypertension (odds ratio = 2.03), while those with severe OSA face a threefold increase in risk 

[119]. A prospective analysis of a Spanish cohort further indicated that long-term treatment of 

OSA with CPAP significantly reduces the risk of developing hypertension [122]. Additionally, 

OSA is frequently comorbid with CAD [123]. Studies have reported that 30.5% to over 50% 

of CVD cases consist of OSA, while an estimated 20% to 25% of OSA patients have CAD 

[124, 125]. This prevalence suggests that OSA may serve as an independent risk factor for 

CAD, despite the lack of a clearly established link between two diseases [86]. Similarly, 

research has shown that 47% to 76% of heart failure cases present with OSA symptoms. The 

presence of OSA exacerbates heart failure morbidity via increased sympathetic activation, 

cardiac afterload, and myocardial oxygen desaturation [126, 127]. Furthermore, OSA has been 

strongly associated with atrial fibrillation, with evidence of a co-aggregated relationship. 

Studies indicate that 43% of OSA patients experience persistent atrial fibrillation, while OSA 

prevalence reaches 49% in atrial fibrillation patients beyond cardioversion [128, 129]. 
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Figure 2.8 The pathophysiological link between OSA and CVD. The top block highlights the 

key mechanisms of OSA, followed by its pathophysiological consequences. These processes 

contribute to intermediate clinical conditions (blue block) and ultimately lead to major CVD 

events (yellow block). Figure is modified from [115], Fig 1.PAI-1: Plasminogen activator 

inhibitor-1; ROS: Reactive oxygen species; NO: Nitric oxide; FMD: Flow-mediated dilatation; 

IMT: Intima-media thickness; PWV: Pulse wave velocity; CAVI: Cardio-ankle vascular index. 

2.3.2 Why predicting cardiovascular disease (CVD) outcomes matters 

CVD is a leading cause of death worldwide, particularly among older populations, and often 

progresses asymptomatically for years, potentially leading to irreversible or life-threatening 

damage. Traditional CVD risk factors are classified into modifiable and non-modifiable 

categories, with effective management of modifiable factors helping to reduce overall risk. 

Accurately predicting an individual's future CVD risk could enable early intervention and 

targeted risk managing strategies. OSA, increasingly recognised as an independent risk factor 

for CVD, presents a valuable opportunity in this regard. Given that OSA symptoms, such as 

snoring, daytime sleepiness, and impaired attention, are often more detectable than early-stage 

CVD, leveraging sleep study data could enhance CVD prediction and facilitate timely and 

effective risk management. Integrating OSA assessment into CVD management strategies may 

ultimately help mitigate the global health burden of CVD. 
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2.3.3 Limitation of Apnoea-Hypopnoea Index (AHI) 

While the AHI remains the gold standard for assessing OSA severity in clinical practice, its 

predictive value for future CVD events in OSA patients has been shown to be limited [130]. 

AHI quantifies only the frequency of apnoea and hypopnoea events, assuming that all 

respiratory disturbances have the same impact on OSA severity. However, it fails to account 

for inter-individual variability in the pathological consequences of these events and lacks the 

ability to capture detailed characteristics of associated oxygen desaturation and cortical 

arousals [131]. Muraja-Murro et al. demonstrated that an adjusted AHI, incorporating the 

duration of airway obstruction, was a stronger predictor of CVD mortality and morbidity than 

AHI alone. Similarly, Azarbarzin et al. found that AHI was insufficient for predicting heart 

failure in men, whereas T90% (the percentage of total sleep time with oxygen saturation below 

90%) and desaturation area outperformed AHI in predicting all-cause mortality [12, 132]. 

Furthermore, AHI has not only been shown to be inferior to T90% in predicting CVD mortality 

but also exhibits limited effectiveness in forecasting hypertension risk [120]. Butler et al. 

further highlighted that additional PSG-derived parameters, such as respiratory event duration, 

provide predictive value for CVD outcomes beyond what AHI alone can offer [27]. These 

findings underscore the necessity of incorporating alternative PSG-derived metrics beyond 

AHI to enhance the analysis of the relationship between OSA and CVD [133]. 

2.3.4 Novel PSG-derived parameters 

To address the limitations of AHI and maximise the utility of recorded PSG signals in sleep 

studies, alternative PSG-derived parameters have been investigated for predicting CVD events. 

This thesis primarily focuses on oximetry-derived parameters, which can be categorised into 

four main groups, as summarised in Figure 2.9 [13]. Oximetry was selected from among the 

various PSG signals as an initial focus due to its direct reflection of hypoxaemia and its 

widespread accessibility. A detailed exploration of each parameter and its predictive 

performance for CVD outcomes will be presented in the following chapters. This section serves 

as an overview of the key parameters used in this thesis. 

 

Desaturation-related parameters are typically associated with scored respiratory events and 

play a crucial role in describing the oxygen desaturation profile of patients. The ODI, despite 

variations in desaturation threshold criteria, quantifies the frequency of desaturation events. 

Desaturation depth and duration provide further insights into desaturation severity and can be 
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manifested as desaturation area. Time-based parameters quantify the overall distribution of 

oximetry data and are widely used in the prediction of CVD outcome. A notable example is 

T90, which calculates the cumulative duration of oximetry recordings below 90% and has 

demonstrated strong predictive performance for multiple CVD outcomes [134-136]. 

Frequency-domain metrics derived from the power spectral density and non-linear metrics, 

such as, regularity, complexity, and non-linear variability, are less commonly explored 

compared to desaturation-related and time-based parameters in current studies [13]. However, 

they provide valuable insights into sleep characteristics and can serve as important predictive 

markers in future research. 

 

Moreover, recent studies have also incorporated ECG- and EEG-derived parameters in the 

analysis of OSA and its association with CVD. ECG-derived metrices, including PR interval, 

QRS interval, corrected QT interval, left ventricular hypertrophy, and heart rate, have been 

identified as strong predictors of CVD mortality, as demonstrated by Deo et al. [137]. 

Additionally, quantitative EEG measures in both the time and frequency domains have shown 

significant associations with all-cause mortality. As summarised in Figure 2.10, common 

frequency-domain metrics include the mean power of delta, theta, alpha, sigma, and beta 

frequency bands derived from the power spectral density. Commonly referenced time-domain 

parameters include the percentage of time spent in non-REM and REM sleep stages, total time 

of sleep, and the arousal index [138]. This thesis integrates selected EEG time-domain metrics 

both directly and indirectly to enhance the prediction of CVD risk. 
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Figure 2.9 Summary of Oximetry-Derived Parameters for Predicting CVD outcomes. (A) 

Example trace of an oximetry recording. (B) Zoomed-in segment of oximetry data highlighting 

desaturation-related metrics, which collectively characterise oxygen desaturation and indicate 

OSA severity. (C) Overview of time-domain parameters. (D) Frequency-domain representation 

of the oximetry recording. (E) Summary of non-linear variables, including measures of 

regularity, complexity, and variability. Figure is adapted from [13], Fig 1.  
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Figure 2.10 Common EEG measures across different sleep stages (REM and non-REM sleep) 

paired with corresponding hypnogram on the right. Figure is adapted from [139], Figure 2. 

2.4 Summary 

OSA is a sleep disorder caused by repeated collapse of the upper airway during sleep. It is more 

commonly observed in patients over 40 years old, with a larger BMI, or who have a narrow 

airway and a unique facial structure. Patients with OSA have a higher chance of developing 

depression, CVD, and diabetes, and of having car accidents. The OSA-induced repetitive upper 

airway obstruction leads to intermittent hypoxic events overnight and sleep fragmentation, 

resulting in adverse neurocognitive, daytime sleepiness, and metabolic complications. The 

nocturnal hypoxemic burden caused by cumulative hypoxic events can increase vascular 

inflammation, blood pressure, and sympathetic nervous system action, and ultimately may 

increase the risk of CVD, which is the leading cause of death worldwide. Studies have shown 

a clear association between OSA and CVD events, including but not limited to CAD, heart 

failure, and atrial fibrillation. Considering the global health burden of CVD and its association 

with OSA, the risk of CVD can be mitigated by measuring OSA condition, forecasting CVD 

outcomes, and managing relevant risk factors. 

 

PSG is commonly used for OSA diagnosis with the AHI being the standard measure for 

determining the presence and severity of OSA. PSG signals record blood oxygen level 

(measured with finger-based pulse oximetry), respiratory pressure/flow and effort, brain 

activity, skeletal muscle activity, heart rate, and eye movements. The AHI measures the number 

of apnoea and hypopnoea events per hour of sleep. However, studies show that AHI is not a 
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good predictor of CVD mortality as AHI fails to capture factors that have crucial impacts on 

the cardiovascular system, namely, blood oxygen levels, high sympathetic activity, respiratory 

event duration, sleep fragmentation, and arousal events.  

 

As the understanding of the links between CVD and OSA has grown, new PSG-based 

parameters have been proposed that may reveal more information about the impact of sleep 

apnoea on hypoxemia that may be predictive of future CVD events. Furthermore, PSG is 

primarily conducted for diagnostic purposes and is both expensive and resource intensive. 

Given that multiple physiological signals are recorded during PSG, it is inefficient to use these 

data solely to calculate the frequency of respiratory events.  

 

This thesis aims to maximise the utility of PSG-derived signals to improve the understanding 

of the relationship between OSA and CVD, ultimately advancing the application of OSA 

measures in cardiovascular clinical practice. The thesis primarily focuses on oximetry signal, 

aiming to address current limitations of widely used oximetry-derived parameters. It examines 

how variations in computational approaches influence CVD outcome prediction and identifies 

suitable algorithms for handling large-scale datasets. Furthermore, the thesis develops an 

explainable machine learning model using PSG-derived parameters to predict CVD mortality 

outcomes at the individual level and across specific time horizons. The model is designed to 

deliver reliable predictions with minimal clinical input, making it accessible to the general 

population. It also provides insights into how sleep measurements contribute to CVD outcome 

prediction.  
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3 Methodological background 
In Chapter 2, the clinical background for this thesis was presented. The review examined the 

pathophysiological and epidemiological association between OSA and CVD, highlighted the 

need for using OSA measurements to predict future CVD outcomes, identified the limitations 

of the standard OSA diagnostic metric, AHI, in predictive studies, and briefly summarised the 

novel parameters explored as alternative solutions. 

 

This chapter introduces the novel parameters employed in Experiments 1 and 2, along with the 

predictive performance evaluation methods used in this thesis. Section 3.1 provides a detailed 

explanation of the selected oximetry-derived parameters, including their mathematical 

definitions, variations in computational approaches, predictive performance in CVD analysis, 

and current limitations. Section 3.2 expands on additional parameters used in the study, though 

these are discussed briefly, as the primary focus of this thesis is on oximetry-derived parameters. 

Section 3.3 describes the Cox proportional hazards model, the principal statistical method used 

to evaluate the predictive performance of these parameters. As the predictive ability of 

oximetry-derived parameters is evaluated using hazard analysis, this thesis further explores the 

potential of machine learning models to address the central research question: Can PSG-

derived parameters effectively predict CVD outcomes at the individual level? Section 3.4 

introduces the machine learning techniques applied alongside the features described in Sections 

3.1 and 3.2, aiming to enhance predictive accuracy and risk stratification. 

 

This chapter serves solely as a literature review, providing the technical background necessary 

for a better understanding of the two experiments conducted in this thesis. It highlights the 

potential limitations of existing novel parameters and established the rationale for the 

experiments. The developed methods and algorithms for both experiments will be detailed in 

the following chapters. 
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3.1 Oximetry-derived parameters 

The primary focus of this thesis is on oximetry-derived parameters that quantify nocturnal 

hypoxaemia from pulse oximetry signals. Hypoxaemia during sleep may manifest as either 

sustained reductions in oxygen saturation or intermittent, event-related desaturations [140]. 

Measures based on cumulative duration, such as T90, are commonly used to characterise 

prolonged or sustained nocturnal hypoxaemia, which may reflect underlying cardiopulmonary 

impairment or sleep-related hypoventilation [140]. In contrast, event-based metrics such as the 

ODI and desaturation area-based parameters are designed to capture intermittent desaturation 

patterns that are typical of OSA [15, 16]. Although these oximetry-derived parameters are often 

conceptually linked to distinct hypoxaemia patterns (sustained versus intermittent), they are 

not mutually exclusive and are widely applied in the assessment of OSA [15].  

 

This section provides a detailed description of oximetry-derived parameters. The 

computational approaches discussed here are based on published literature and serve as 

baseline methods for experiments. This section covers T90, ODI, and variations of desaturation 

area-based parameters (described in Sections 3.1.1–3.1.3). The predictive performance and 

limitations of each parameter in relation to CVD outcomes are discussed in detail to establish 

the motivation for later experiments (presented alongside each parameter and summarised in 

Section 3.1.4).  

3.1.1 Time below 90% Saturation 

T90 is widely recognised as an independent predictor of all-cause CVD mortality and is 

extensively used in research [6, 141-145]. The calculation methods for T90 vary across studies 

and can be broadly classified into time-based and percentage-based approaches, as summarised 

in Table 3.1 [6, 12, 14, 145-147].  

 

The time-based TST90 quantifies the total duration during sleep in which oxygen saturation 

falls below 90%, thereby measuring the cumulative hypoxemic burden. In contrast, the 

percentage-based T90% calculates the proportion of total sleep time spent below 90%, 

reflecting the rate of hypoxemic insult. Both methods have demonstrated strong predictive 

performance for CVD events. Xu et al. concluded that TST90 is a robust predictor of major 

adverse cardiovascular events (MACEs) and significantly outperforms AHI in this role [145]. 

Baumert et al. further categorised time-based TST90 according to the proximity of the dips 
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below 90% to desaturation events. T90desaturation represents the cumulative duration during 

which SpO2 experiences at least a 4% oxygen desaturation associated with TST90. In contrast, 

T90non-specific represents the duration during which SpO2 fails to fully recover following a 

preceding desaturation event, defined as an incomplete return to at least two-thirds of the 

baseline saturation within 150 seconds of event onset. This incomplete recovery results in 

sustained baseline oxygen levels below 90%. Both metrics have been shown to be strong 

indicators of the association between OSA and CVD mortality. The researchers suggested that 

incorporating T90desaturation and T90non-specific as multivariate inputs could enhance the 

predictive performance of CVD mortality models [6].  

 

The percentage-based T90% is also a reliable predictor of CVD events. Wang et al. found that 

T90% outperformed TST90 in predicting incident CVD in patients with non-sleepy sleep-

disordered breathing (SDB) [14]. However, other studies have not consistently supported this 

conclusion. For instance, Sutherland et al. reported no significant association between T90% 

and incident CVD in OSA patients [148]. Currently, it remains unclear whether TST90 or T90% 

serves as the superior predictor of CVD outcomes. Further research comparing the performance 

of these metrics across different datasets may be required. 
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Table 3.1 Different calculation methods of T90. Examples of each method with the corresponding database, the aim of analysis, and results are 

provided. 

Type of T90 Name of T90 Calculation Method Population/Aims 

Time-based 
parameter 

TST90 [145] 
The total sleep time below 90% oxygen saturation. 
The unit of this parameter is hours. 

1860 Chinese participants from a clinic-based 
retrospective cohort study in Hong Kong, China. 
Participants were excluded from study if they had a 
sleep disorder other than OSA; received treatments 
other than CPAP; or had conditions with a known 
effect on OSA. 
Aims: Association between T90 and MACEs. 

T90desaturation [6] 

The total sleep time with at least 4% oxygen 
desaturation while the oxygen level drops below 90% 
as shown in Figure 3.1A. The unit of this parameter 
is minutes. 

3135 community-dwelling male participants aged 
65 years old and above from the Osteoporotic 
Fractures in Men Study (MrOS). 
Aims: Association between T90desaturation and 
CVD mortality. 

T90non-specific [6] 

The total sleep time associated with non-specific 
drifts in oxygen saturation. As shown in Figure 3.1B, 
due to the incomplete recovery of the previous 
desaturation event, the oxygen baseline is drifting, 
and the oxygen level is below 90% without 
experiencing oxygen desaturation. The unit of this 
parameter is minutes. 

3135 community-dwelling male participants aged 
65 years old and above from the MrOS sleep study. 
Aims: Association between T90desaturation and 
CVD mortality. 

Percentage-
based 

parameter 
T90% [14] 

The percentage of sleep time with oxygen saturation 
level below 90%. The unit of this parameter is %. 

3626 randomly selected Chinese community-
dwelling participants. A total of 30.7% of the 
participants suffer from SDB, of which 96.5% is 
non-sleepy SDB. 
Aims: Association between T90% and CVD 
incident in non-sleepy SDB patients. 
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Figure 3.1 Pulse oximetry trace from the SHHS database. (A) T90desaturation represents the 

time when SpO2 is below 90% while experiencing at least 4% oxygen desaturation. It counts 

the duration of oxygen level below 90% (as indicated by red arrows) associated with acute 

desaturation events (as indicated by blue arrow). (B) T90non-specific represents the time when 

SpO2 fails to fully recover from previous desaturation event or SpO2 experience baseline drifts 

and results in the baseline oxygen level below 90%. It counts the duration of oxygen level 

below 90% (below red baseline) and excludes time of oxygen level above 90% (as indicated 

by red arrow). 

3.1.2 Oxygen Desaturation Index 

ODI is commonly used to indicate intermittent hypoxemia and is defined as the number of 

oxygen desaturation events per hour of sleep [12]. Although ODI and AHI both measure event 

rates, ODI performs better in predicting adverse CVD outcomes [149, 150]. ODI measures the 

number of transient desaturation events from a baseline value and divided by the hours of sleep. 

The AASM does not specify the criteria for scoring desaturation events [150-154], and hence 

a range of methods have been used to calculate ODI. Some studies define ODI as the rate of 

oxygen desaturation events occurring when SpO2 drops lower than the desaturation threshold 

from the average saturation in the previous 120 s and persists for at least 10 s [155, 156]. An 

issue with this definition occurs when events are separated by less than 120 s (as it happens on 

average for a severe sleep apnoea case), resulting in the baseline being influenced by previous 

events. Other studies chose the baseline as either the average SpO2 value of the whole 

recording or the mean SpO2 value in the first 3 min [157-160]. The desaturation thresholds of 
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3% (ODI3) or 4% (ODI4) are commonly chosen in the analysis of OSA and CVD [152, 161, 

162]. Sutherland et al. provided a comparison of ODI2, ODI3, ODI4, and ODI5 for predicting 

prevalent CVD in OSA patients free of CVD at baseline, and found that 4% and 5% provide 

the best performance in predicting CVD events in women [148, 163]. Karhu et al. concluded 

that ODI4 is more reliable than ODI3 in determining the impact of OSA, since respiratory 

events with desaturation ≥ 4% are usually considered as hypopnoea [16, 152]. However, results 

from several studies showed that ODI3 as a CVD risk factor has a higher significant odds ratio 

than ODI4 [164, 165]. Further research undertaken by Punjabi et al. explored whether ODIs 

within a specific range (2–2.9%, 3–3.9%, and 4–4.9%) are associated with CVD events. The 

results showed that only ODI (4–4.9%) is statistically significant in the analysis,and supported 

Tuomas et al.’s findings on ODI4 [163]. The hardware and software used to measure ODI 

metrics also impacts the ODI parameter. There was a clinically significant difference between 

the ODI measurements from the same studies measured using the ResMed ApneaLink Plus 

device (ResMed, Sydney, Australia) and the Compumedics Grael Profusion PSG3 system 

(Compumedics Limited, Abbotsford, Victoria, Australia) [153]. Ng et al. suggested that this 

discrepancy may be caused by the noise cancellation process rather than the ODI scoring 

algorithm [153]. 

3.1.3 Desaturation Area-Based Parameters 

Recent studies introduced novel parameters as potential indicators of future CVD events. These 

parameters quantify the area above the SpO2 curve associated with key sleep disorder breathing 

events per hour of sleep. They are distinguished by their different calculation methods. The 

units of these measures are oxygen saturation %, and they thus provide a weighted average 

representation of the SpO2 trace. This group of parameters can be categorised according to 

their dependence on the respiratory event scoring. Hypoxic Burden (HB) and Respiratory Event 

Desaturation Transient Area (REDTA) are derived from manually scored respiratory events, 

while hypoxic load (HL) and Desaturation Severity (DesSev) are independent of respiratory 

events [12, 28, 166, 167]. 

3.1.3.1 Respiratory event scoring 

Respiratory event scoring is a systematic process used to identify sleep stages, arousals, and 

respiratory events. This scoring occurs after overnight PSG recording and serves as a 

foundation for subsequent sleep analysis. This section uses the Sleep Heart Health Study 

(SHHS) as an example to provide a detailed explanation of the PSG scoring process. 

 



Methodological background  

50 

Respiratory event scoring in SHHS was conducted by the Sleep Reading Centre (SRC) in 

Boston, USA, following AASM criteria. All PSG recordings were initially pre-analysed using 

the Compumedics software and subsequently reviewed by sleep experts. The scoring process 

involved two review stages. In the first stage, sleep experts manually identified sleep stages 

and arousals on an epoch-by-epoch basis. In the second stage, oxygen desaturation and 

respiratory events (apnoea and hypopnoea) were manually marked using a 2- or 5-minute 

sampling period. 

 

Sleep stages and arousals were identified based on EEG signals, divided into 30-second epochs, 

following the Rechtschaffen and Kales criteria [168, 169]. The classification of respiratory 

events (apnoea and hypopnoea) was based on airflow measurements. Events with airflow 

reduction >75% lasting ≥10 seconds were classified as obstructive apnoea, while events with 

airflow reduction >30% lasting ≥10 seconds were classified as hypopnoea. Central apnoea was 

labelled in the absence of chest or abdominal movement. Desaturation events associated with 

respiratory events were assessed based on amplitude attenuation. The desaturation sampling 

window was centred around the nadir point, typically within a 30-second timeframe. 

Desaturation magnitude was calculated as the amplitude difference between the nadir and the 

maximum oxygen level within the sampling window [170]. 

 

This thesis incorporates apnoea and hypopnoea events that involve either oxygen 

desaturation >3% or an arousal event occurring within 5 seconds after the respiratory event in 

the calculations presented in Sections 3.2.3.02 and 3.2.3.03. 

3.1.3.2 Hypoxic Burden (HB) 

Azerbarzin et al. proposed HB which is defined as the sum of the area between the SpO2 trace 

and the desaturation baseline associated with all apnoea and hypopnoea events divided by the 

total time of sleep, as shown in Equation 3.1 [12]: 

𝑯𝑩 =
𝒆𝒗𝒆𝒏𝒕𝒔																																																																																										
∑ 𝒂𝒓𝒆𝒂	𝒐𝒇	𝒂𝒏	𝒊𝒏𝒅𝒊𝒗𝒊𝒅𝒖𝒂𝒍	𝒅𝒆𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒊𝒐𝒏	𝒆𝒗𝒆𝒏𝒕	

∑ 𝒕𝒊𝒎𝒆	𝒐𝒇	𝒔𝒍𝒆𝒆𝒑
                                                               (3.1) 

The authors present the unit of HB as %minutes per hour of sleep which is equivalent to a 

measure with units of % scaled by a factor of 60.  

 

The calculation for HB can be decomposed into three main steps: (1) All SpO2 segments 

associated with manually scored respiratory events for one individual recording are averaged 
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and processed to calculate the boundaries of a sampling window. The sampling window 

boundaries are determined by the two peaks of the averaged respiratory event as shown in 

Figure 3.2A. (2) The desaturation baseline for each respiratory event (Figure 3.2B) is 

calculated as the maximum SpO2 value within 100 s prior to the end of the event (Figure 3.2C). 

(3) The desaturation area for a single respiratory event is the area within the sampling window, 

desaturation baseline, and the SpO2 trace, as shown in Figure 3.2C. HB is then calculated 

using Equation 3.1 [12].  

 

Other researchers have attempted to replicate HB with varying success. Trzepizur et al. [171] 

developed their own algorithms for HB but post hoc analysis by Mehra and Azarbarzin [12] 

suggested Trzepizur et al.’s method underestimated HB [172]. Based on the published material 

in [12], the algorithm was replicated by de Chazal et al., and the MATLAB code is publicly 

available in the online sharing platform GitHub (https://github.com/pdechazal/Hypoxic-

Burden (14 March 2025)). Two other commercial software packages calculate HB, Respironics 

(Murrysville, PA, USA) and Cidelec (Sainte-Gemmes-sur-Loire, France) [173]. However, the 

lack of a full disclosure of the algorithmic details of HB by the original authors has led to some 

confusion in the reproducibility of the HB calculation. 

 

Researchers suggest that HB has a better performance than AHI in predicting CVD mortality 

and morbidity as it measures more information about the depth and duration of desaturations 

associated with apnoea and hypopnoea events [132, 171, 173-175]. Azarbarzin et al. conducted 

analysis on two population groups and demonstrated that HB has uniformly good performance 

for predicting CVD mortality in the two groups [12]. Blanchard et al. explored the correlation 

between OSA and stroke incidences using the database of the Pays de la Loire Sleep Cohort 

and, concluded that HB was a significant predictor of CVD events [174]. Trzepizur et al. 

compared the performance of ODI, T90, and HB in predicting MACEs, and concluded that 

T90 performs the best, while HB also proved to be a promising predictor [28, 171]. However, 

HB outperformed T90 in predicting CVD mortality in patients from the SHHS [28]. The varied 

conclusions regarding the performance of T90 and HB may be caused by the differences in 

database and target CVD events. As T90 and HB present different information derived from 

the SpO2 trace, future research could consider T90 and HB as multivariate predictors of CVD 

events. 

https://github.com/pdechazal/Hypoxic-Burden
https://github.com/pdechazal/Hypoxic-Burden
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Figure 3.2 The example of HB calculation. (A) The sampling window is defined as the two 

peaks of the averaged SpO2 trace. (B) The nasal flow (blue) and the end points of a respiratory 

event (event start: yellow star; event end: purple star) are shown. (C) The SpO2 trace of the 

corresponding respiratory event is shown. The desaturation area for a single event (grey) is the 

area above the SpO2 trace (blue), below the desaturation baseline (magenta), and within the 

sampling window (between window start and window end). The desaturation baseline is the 

maximum SpO2 value within 100s prior to the event end (yellow star). HB is calculated as the 

sum of desaturation events divided by the total time of sleep [12]. 
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3.1.3.3 Respiratory Event Desaturation Transient Area (REDTA) 

Studies note that HB has limitations when used for some noisy recordings or recordings with 

few respiratory events. The accurate calculation of the desaturation area is challenging, as the 

desaturation baseline and the onset or offset of the average desaturation response are 

susceptible to noise. Moreover, the desaturation baseline is difficult to estimate when the 

interval between desaturation events is less than 100 s [28]. Our group proposed REDTA as a 

novel desaturation area-based parameter, which is less sensitive to noise than HB and has good 

predictivity of long-term CVD outcomes. REDTA is defined as the sum of the area between 

the SpO2 trace and the 100% desaturation baseline for all manually scored respiratory events 

divided by 3600, as shown in Equation 3.2: 

𝑹𝑬𝑫𝑻𝑨 =
𝒆𝒗𝒆𝒏𝒕𝒔																																																																																												
∑ 𝒂𝒓𝒆𝒂	𝒐𝒇	𝒂𝒏	𝒊𝒏𝒅𝒊𝒗𝒊𝒅𝒖𝒂𝒍	𝒅𝒆𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒊𝒐𝒏	𝒆𝒗𝒆𝒏𝒕	

𝟑𝟔𝟎𝟎
,                                                      (3.2) 

where the unit of each desaturation area is %seconds and the unit of REDTA is % hours [28].  

 

REDTA is calculated using three main steps: (1) The sampling window is fixed and starts from 

the midway through the event and extends for 2.5 times the event duration. The sampling 

window is population-based (derived from the SHHS study) and is assumed to be appropriate 

for all respiratory events. (2) The desaturation area for a single respiratory event is the area 

between the 100% desaturation baseline and the SpO2 trace within the sampling window, as 

shown in Figure 3.3. (3) REDTA is the sum of the desaturation area divided by 3600. REDTA 

does not include the total time of sleep in the calculation. Its value increases with longer 

desaturation duration, more desaturation events, and greater depth of desaturation [28], and it 

thus is a measure of the hypoxemia insult per night. The software ABOSA (Version 1.1) 

implements REDTA [176]. The unit of REDTA is %hours. 

 

REDTA was proposed to provide a simple, reproducible desaturation area-based SpO2 

measure [28, 177-179]. Pahari et al. and de Chazal et al. compared the prognostic value of T90, 

ODI3, HB and REDTA for predicting CVD mortality. They concluded that REDTA performed 

comparably to HB (HR = 1.71 vs 1.62) and provided stronger predictive associations than 

conventional metrics such as T90 (HR = 1.48) [28, 180]. Further work investigating REDTA 

and other CVD events is required. 



Methodological background  

54 

 
Figure 3.3 The example of REDTA calculation. (A) The nasal flow and a respiratory event are 

shown. The sampling window starts at the midway of the respiratory event and extends for 2.5 

T, where T is the event duration. (B) The SpO2 trace of the corresponding respiratory event is 

shown. REDTA is calculated as the sum of the area (grey) within the sampling window, SpO2 

trace, and the 100% desaturation baseline divided by 3600 [28]. 

3.1.3.4 Desaturation Severity (DesSev) 

Unlike HB and REDTA, DesSev does not use the respiratory events to calculate the area, which 

is derived based on automatically detected desaturation events. The software package ABOSA 

implements DesSev and is freely available for other researchers to use [176]. DesSev is defined 

as the sum of the desaturation area associated with SpO2 events with a saturation drop greater 

than 3% divided by the total time of sleep [29, 176]. The calculation of DesSev can be divided 

into three steps, including an automated desaturation events detection algorithm: (1) The 

potential start and end points of desaturation events are approximately identified. The start 

point is the peak of the SpO2 signal, and the end point is located at the minimum of the SpO2 

signal, with at least 5 s between start and end point. (2) The start and end points are matched 
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to form the candidate desaturation event list. The desaturation events are automatically selected 

from the candidate desaturation event list based on four criteria: the event duration does not 

exceed 180 s; desaturation events do not overlap; if the flat plateau is longer than 30 s, the 

corresponding end point moves up to the end of the plateau; and the transient drop of 

desaturation event is greater than 3%. (3) As shown in Figure 3.4, the desaturation area is 

calculated as the area between the desaturation baseline and the SpO2 trace within the sampling 

window, while the desaturation baseline is the value of the start point, and the sampling window 

is defined by the start and end points of each automatically detected desaturation events. 

DesSev is calculated using Equation 3.3: 

𝑫𝒆𝒔𝑺𝒆𝒗 =
∑ 𝑫𝒆𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒊𝒐𝒏	𝒂𝒓𝒆𝒂𝒏
𝒏𝒖𝒎𝒃𝒆𝒓	𝒐𝒇	𝒅𝒆𝒔𝒂𝒕𝒖𝒓𝒂𝒕𝒊𝒐𝒏	𝒆𝒗𝒆𝒏𝒕𝒔
𝒏0𝟏

∑ 𝒕𝒊𝒎𝒆	𝒐𝒇	𝒔𝒍𝒆𝒆𝒑
,                                                       (3.3) 

and the unit of DesSev is % [176]. The algorithm for calculating is DesSev is complex but 

conveniently the authors provide an online analysis package (ABOSA) that can process a 

supplied SpO2 signal [176]. 

 

Studies have used DesSev to explore the association between OSA, CVD events, and cardiac 

response, and have concluded that DesSev is an informative indicator of OSA and cardiac 

response [181-187]. Kainulainen et al. concluded that there is a stronger association between 

average daytime sleepiness latency and DesSev than AHI or ODI. They suggested that 

excessive daytime sleepiness is more related to the depth and duration of desaturation events 

rather than to the number of desaturation events [181, 182, 184]. Associations between DesSev 

and the short-term time- and frequency-domain heart rate variability (HRV) parameters have 

been explored, and authors concluded that there is a significant association between DesSev 

and HRV in OSA patients [185]. DesSev may have some key limitations when applied to OSA 

patients. Because DesSev is independent of respiratory events, the desaturation area associated 

with respiratory events may be overestimated due to incomplete recovery from prior 

desaturation or non-OSA-induced hypoxemia [173]. To improve the accuracy of respiratory 

event-related desaturation severity estimation, Kulkas et al. introduced obstruction severity 

(ObsSev), later renamed sleep breathing impairment index (SBII) by Cao et al., which links 

DesSev to hypopnoea and apnoea events, as shown in Equation 3.4: 

𝑂𝑏𝑠𝑆𝑒𝑣 = 𝑆𝐵𝐼𝐼 =  

∑ 6789:;×9=>?@:;?@ABC	?;=?2	D	∑ E89:;	×	9=>?@:;?@ABC	?;=?2
234567	89	:;<
20=

234567	89	>?;<
20=

∑ @AF=	BG	>H==8
,             (3.4) 
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where Hyps is the number of hypopnoea events, Aps is the number of apnoea events, HypDur 

is the duration of a single hypopnoea event, and ApDur is the duration of a single apnoea event. 

The unit of ObsSev (SBII) is %seconds [29, 188]. 

 

 It has been suggested that as ObsSev (SBII) captures more respiratory event information than 

other conventional SpO2 parameters, it may better predict OSA-related CVD outcomes [29, 

188]. Investigators have also found that ObsSev (SBII) is more age-related than AHI, and 

therefore can be used to estimate long-term CVD progression [189]. 

 
 

Figure 3.4 The example of DesSev calculation. DesSev is calculated as the sum of the 

desaturation area divided by the total time of sleep associated with automated desaturation 

event detection algorithm. The desaturation area (grey) is calculated as the area between the 

desaturation baseline (magenta) and the SpO2 trace (blue) within the sampling window. The 

sampling window is to be defined as the time between the maximum and minimum values (blue 

triangles). However, due to the presence of a plateau (red arrow), the end of the sampling 

window is shifted forward to the end of the plateau (purple star). The desaturation baseline is 

the maximum value [176]. 
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3.1.3.5 Hypoxia Load (HL) 

HL differs from other desaturation area-based parameters, as it is independent of any 

desaturation threshold or respiratory events. As shown in Figure 3.5, HL is defined as the 

desaturation area above the SpO2 trace divided by the total time of sleep. The calculation of 

HL can be divided into two steps: (1) The SpO2 saturation area is calculated by the numerical 

integration of the SpO2 trace using the trapezoidal rule, as shown in Equation 3.5: 

∫ 𝐴𝑟𝑒𝑎I8JK ≈ ∑ (I8JK2	D	I8JK2@=)	×	(@2@=N	@2)
K

O
CPQ

@B@?H	@AF=	BG	>H==8
R ,                                      (3.5) 

where SpO2n and SpO2n+1 are successive samples of the SpO2 trace, and the unit of the 

integrated area is %seconds [167]. (2) The average saturation is then calculated by dividing 

this area by the sleep time. HL is calculated using Equation 3.6. It is worth noting that the 

average saturation values in HL are also most exactly equal to the average SpO2 value during 

sleep reported by most PSG analysis software packages, the only difference being that the 

trapezoidal rule is used to calculate the area for HL whereas the average value use the 

rectangular rule to calculate the area. 

𝐻𝐿 = 100% − STUVWTUXYZ	TW[T	\VWXZ]	S^[[_
∑ @AF=	BG	>H==8

  

= 100%− 𝑎𝑣𝑒𝑟𝑎𝑔𝑒	𝑆𝑝𝑂2	𝑣𝑎𝑙𝑢𝑒	𝑑𝑢𝑟𝑖𝑛𝑔	𝑠𝑙𝑒𝑒𝑝,                                                                 (3.6) 

The unit of HL is % [167]. Because HL, unlike all previously discussed parameters, is not 

affected by any desaturation event criteria and thresholds, it is less likely to be miscalculated, 

which is ideal for cross-study analysis. However, HL has limitation as the information revealed 

by HL is not specific to transient changes in the SpO2 and may down-play the importance of 

OSA-related oxygen transients. 

 

HL has not been widely used in the prediction of CVD events, but its association with other 

OSA-related symptoms has been explored. HL has been shown to be an independent predictor 

of fasting blood glucose and haemoglobin A1c levels [190]. Linz et al. demostrated that HL is 

also significantly correlated with CVD indicators in OSA patients after acute myocardial 

infarction, whereas AHI and other traditional metrics are not [167]. Similarly, Khoshkish et al. 

found a strong association between HL and blood pressure, while the conventional metrics of 

hypoxemia do not present such an association. Although the correlation between nocturnal 

systolic blood pressure and HL became insignificant after adjusting for BMI, HL was strongly 

associated with the pulse pressure before and after the adjustment for BMI. It was suggested 

that HL is a suitable marker of blood pressure patterns [191, 192]. Considering that 
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hypertension and diabetes are both associated with OSA, future studies may reveal associations 

between OSA and CVD [193-196]. 

 
Figure 3.5 The example of HL calculation. HL is calculated as the integrated area (grey) 

between the 100% baseline and the SpO2 trace divided by the total time of sleep [167]. The 

inset demonstrates the use of the trapezoid rule for determining the area. 

3.1.4 Summary of novel oximetry-derived parameters and their 

performance in predicting cardiovascular disease (CVD) events 

Current studies have introduced various oximetry-derived parameters as potential predictors of 

CVD outcomes. However, no single parameter has demonstrated predictive capability across 

all event types. Table 3.2 summarises the performance of these novel parameters, with 

statistically significant predictors of CVD outcomes listed in the second column and non-

significant predictors in the third column. 

 

As shown in Table 3.2, HB, T90desaturation, and REDTA have been identified as the most 

effective predictors of CVD mortality [6, 12, 28]. In contrast, T90non-specific and ODI4 

exhibit non-significant hazard ratios in predictive analysis [6]. TST90 has shown strong 
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predictive performance for MACEs, hypertension, diabetes, and endothelial dysfunction, many 

of which are recognised as risk factors or precursors to CVD events [134, 145, 197]. T90% 

outperforms other parameters in predicting right ventricular stroke, metabolic syndrome in 

women, and incident CVD in patients with non-sleepy SDB, while T90non-specific is 

particularly useful in predicting pulmonary hypertension [14, 135, 136, 198]. Although Karhu 

et al. suggested that ODI4 is a more reliable metric than ODI3, more recent studies indicate 

that ODI3 is superior in predicting coronary plaque burden, OSA severity, and specific CVD 

risks [6, 158, 161, 199, 200]. HB demonstrates strong performance in predicting stroke 

incidence, incident heart failure, and MACEs compared to other desaturation area-based 

parameters [132, 171, 174]. Unlike HB and REDTA, DesSev and ObsSev/SBII are independent 

of scored respiratory events and have been used to predict excessive daytime sleepiness, HRV, 

mean daytime sleep latency, acute stroke, transient ischaemic attack, and CVD morbidity [131, 

178, 180, 181, 201]. Few studies have examined HL, though it has been shown to predict 

HbA1c levels and blood pressure in patients with sleep disorders, which may assist in 

diagnosing diabetes and hypertension [190, 191]. 

 

Despite the promising results of these parameters in predicting CVD events, most fail to 

provide consistent predictive value in OSA patient populations. Sutherland et al. and Linz et 

al. reported that TST90, T90%, ODI3, ODI4, and HB had non-significant predictive value for 

incident CVD in OSA patients, and composite CVD outcomes in OSA patients with high CVD 

risks, respectively [148]. This inconsistency in predictive performance may be attributed to 

several factors. First, differences in patient populations can significantly impact parameter 

performance. The SHHS dataset, for example, is drawn from a community-based sample, 

which has a much greater representation on controls than clinical samples or OSA-only samples. 

It is perhaps unreasonable to expect a particular parameter to perform well across these distinct 

populations. Theoretically the most useful populations to study these parameters in are clinical 

populations, because these are patient populations (by definition) seen in clinical practice. 

Second, variations in baseline comorbidities and treatment regimens must be accurately 

accounted for in studies. Without comprehensive documentation of these factors, differences 

in patient health status may influence parameter performance. Third, the lack of standardised 

and reproducible definitions for these parameters affects their predictive reliability. Differences 

in computational implementations across studies may lead to inconsistent results.
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Table 3.2 Summary of AHI and oximetry-derived parameters and their performance in the prediction of CVD outcomes. 

Parameter Is a Predictor of Is Not a Predictor of 

AHI 

All-cause mortality [202] Incident heart failure [132] 

Composite CVD outcomes * [141] 

Hypertension [122] 

TST90 

MACE [145] 

Hypertension [197] 

Diabetes [197] 

Endothelial dysfunction [134] 

Composite CVD outcomes ** [199] 

T90% 

Incident CVD in patients with non-sleepy SDB [14] 

Right ventricular stroke [135] 

Metabolic syndrome in women [136] 

Incident CVD in patients with OSA only [148] 

T90desaturation CVD mortality [6]  

T90non-specific Pulmonary hypertension [198] CVD mortality [6] 

ODI3 

Coronary plaque burden [161] 

Severity of OSA [158] 

CVD risks *** [200] 

Incident CVD in patients with OSA only [148] 

ODI4 
 CVD mortality [6] 

Composite CVD outcomes * [199] 

HB 
CVD mortality [12]; Stroke incidence [174] 

MACE **** [171]; Incident heart failure [132] 

Incident CVD in patients with OSA only [148] 
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Parameter Is a Predictor of Is Not a Predictor of 

REDTA CVD mortality [28]  

DesSev 
Excessive daytime sleepiness [179] 

HRV [178] 

 

ObsSev/SBII 

Mean daytime sleep latency [181] 

Acute stroke and transient ischemic attack [201] 

CVD morbidity [131] 

 

HL 
haemoglobin A1c level [190] 

Blood pressure [191] 

 

* Composite CVD outcomes include myocardial infarction, congestive heart failure, stroke, revascularization procedure, or death from any cause. 

** Composite CVD outcomes (CVD death, stroke, myocardial infarction, heart failure, angina, transient ischemic event) in OSA patients with 

high CVD risks. *** CVD risks: the risks of CVD and CVD events including hypertensive disease, ischemic heart disease, cerebrovascular disease, 

diseases of arteries, arterioles, capillaries, and congestive heart failure. **** MACE: a composite outcome including all-cause mortality, acute 

myocardial infarction, stroke, and unplanned coronary revascularization.
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3.1.5 Limitation of published algorithms and detailed motivation of 

Experiments 

A major limitation in current research is the variation in computational algorithms and 

parameter definitions, which hinders cross-study comparisons. The absence of standardised 

computational approaches and discrepancies in AASM scoring criteria impact parameter 

performance in predicting CVD events. Some studies rely on commercial software for 

parameter calculations, which often lacks transparency and validation due to the unclear criteria 

for calculation and variations in data processing techniques [153]. 

 

To address these limitations, Experiment 1 of this thesis was designed to investigate how 

different computational approaches of parameters influence the predictive performance for 

CVD mortality outcomes. The primary focus of Experiment 1 is on desaturation area-based 

parameters, as these are the most affected by computational variability. Additionally, each 

published desaturation area-based parameter has specific limitations related to calculation 

complexity and application in large datasets, which will be discussed in detail in the following 

chapters. Experiment 1 aims to address these challenges and identify the most effective 

predictor for CVD mortality. 

 

Furthermore, most of current studies focus on the predictive performance of individual 

parameters, without exploring their combined utility. Each parameter captures only a partial 

representation of oximetry information, limiting its ability to fully characterise sleep 

disturbances. For instance, T90 focus on the duration of exposure to hypoxemia, whereas 

desaturation area-based parameters measure the transient hypoxemia associated with 

desaturation events. Until the complete understanding of the role of hypoxia in impacting CVD 

outcomes, a multivariate approach to CVD outcome prediction, which includes a range of 

oximetry and other PSG-derived parameters, will likely be a more successful approach than 

focusing on one particular parameter [15]. This rationale forms the basis of Experiment 2, 

which will be described in detail in the subsequent chapters. 

 

Motivated by the above considerations, Experiment 1 systematically selects and characterises 

three existing desaturation area-based algorithms, analysing how variations in event selection, 

sampling window, and baseline calculation influence the performance of parameters in 

predicting CVD mortality outcomes. It further identifies an algorithm that demonstrates 
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robustness and scalability for large-scale datasets. Experiment 2 proposes an explainable 

machine learning model to predict CVD mortality outcomes and investigates whether 

incorporating PSG-derived parameters as multivariate inputs enhances predictive performance. 

The goal is to enable accurate, individual-level prediction of CVD mortality outcomes using 

input features that require minimal clinical resources, thereby making the approach suitable for 

widespread application in the general population. 

3.2 Additional Polysomnogram (PSG)-derived parameters and 

medical information   

To further support the motivation behind both experiments, additional PSG-derived parameters 

and medical information were incorporated into the analysis, as summarised in Table 3.3. 

 

Total sleep time (TST), derived from EEG recordings, has been shown to be associated with 

adverse CVD outcomes, including stroke, incident CAD, and total CVD risk. The relationship 

between TST and CVD outcomes follows a U-shaped pattern, suggesting that both short and 

long sleep durations are linked to different CVD events. P. Cappuccio et al. summarised that 

short TST is associated with a higher risk of CAD mortality and stroke, whereas long TST is 

linked to an increased risk of total CVD [203]. Minimum SpO2 during TST (MinSat), though 

rarely considered in CVD analysis, has shown potential associations with CVD development. 

Gunnarsson et al. proposed that MinSat is an independent predictor of future carotid plaque 

burden, a well-established indicator of subclinical arterial disease capable of predicting CVD 

events [204]. 

 

This thesis also incorporates demographic information in the predictive analysis, including age, 

BMI, race, gender, smoking status, and alcohol intake, as these are traditionally well-

established predictors of CVD outcomes. According to Damen et al., the most common 

predictors in CVD models are age and smoking status, with many models being gender- and 

race-specific [205]. 

 

Additionally, participants' medical history was considered to ensure a less biased analysis. In 

Experiment 1, medical history and other parameters were included as covariates, which were 

adjusted during the performance evaluation process to eliminate their confounding influence 

in predicting CVD mortality. In Experiment 2, some medical history variables were used as 
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features to assist in predicting CVD mortality within a specific timeframe. Medical history was 

categorised into three types: 

1. Diseases coexisting with CVD – Chronic obstructive pulmonary disease (COPD) and 

CVD frequently co-occur, with up to 70% of CVD patients also having COPD. COPD 

has been linked to an increased risk of CVD events [206, 207]. 

2. Doctor-reported CVD symptoms, events, and procedures – Angina (chest pain) is 

strongly associated with future CVD events and was included in the analysis as a 

predictor [208]. 

3. CVD risk factors – Conditions such as diabetes, hypertension, and abnormal cholesterol 

levels were incorporated into the analysis, as they are precursors of CVD [86]. 

 

Table 3.3 Summary of other PSG-derived parameters/ medical information used in this thesis 

and their association with CVD events. 

Type Parameters Associated with 

EEG-derived TST 

Stroke [203] 

CAD morbidity and mortality [203] 

CVD [203] 

Oximetry-derived MinSat Future carotid plaque burden [204] 

Demographic 

information 

Age, BMI, Race, Gender, 

Smoking status, and 

Alcohol intake. 

independent predictor of CVD [205] 

Medical history 

History of COPD, Angina, 

Stroke, Heart failure, 

Myocardial infarction, 

Coronary artery bypass 

graft, Coronary 

angioplasty, Diabetes, 

Hyperlipidaemia and 

Hypertension. 

 

COPD: Co-exist with CVD [206] 

 

Symptoms of CVD: Angina [208] 

 

CVD events: Stroke, Heart failure, and 

Myocardial infarction 

 

CVD procedures: Coronary artery 

bypass graft and Coronary angioplasty 

 

CVD risk factor: Diabetes, 

Hyperlipidaemia and Hypertension [86] 
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3.3 Cox proportional hazards analysis 

The evaluation tool for Experiment 1 is the Cox proportional hazards model (hereafter referred 

to as the Cox model), a subtype of survival analysis used to assess the relationship between 

target predictors and the risk of an endpoint event under a proportional assumption. Experiment 

1 applies the Cox model using desaturation area-based parameters as predictors, with the model 

adjusted for covariates, including other PSG-derived parameters and medical information, to 

estimate the risk of CVD mortality outcomes over time. 

 

To establish a strong statistical foundation for readers, this section begins with a brief 

introduction to survival analysis, covering some key concepts as a basis for understanding the 

Cox model. The discussion of the Cox model will include: 

1. Definition of the model 

2. Key assumptions for the model 

3. Advantages compared to other inferential approaches 

4. The necessity of incorporating covariates 

5. Example applications of the model in OSA-CVD analysis 

6. Potential risks of using the model 

3.3.1 Survival analysis 

Survival analysis is a family of statistical methods used to examine the relationship between a 

designated exposure and the occurrence of an outcome within a specified time period [209]. 

While commonly applied to mortality data, survival analysis is broadly used for all time-to-

event outcomes. Two of the most frequent applications in medical research include the time-

to-death and relapse-free survival time (or disease-free survival time), which measures the 

duration between a patient’s response to treatment and the recurrence of symptoms [210].  

 

Since survival analysis evaluates time-dependent risks, defining the starting point and endpoint 

is essential. The starting point is not pre-standardised and can vary, particularly in observational 

studies. The definition of "time zero" depends on study design. For instance, in survival 

analysis for CAD patients, the starting point could be the first day the patient self-reports angina, 

the date of an official CAD diagnosis by a physician, or the detection of significant coronary 

artery stenosis [209]. In contrast, the endpoint is typically well-defined, referring to the date of 

the target outcome, such as death, symptom relapse, or disease progression.  
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An important concept in survival analysis is censored observation, which occurs when the 

target outcome is not observed for some patients before the study ends. Censoring typically 

arises in the following conditions: the patient does not experience the target outcome (e.g., 

remains disease-free or alive) by the end of the study period; the patient is lost to follow-up 

due to withdrawal from the study; the patient experiences an unrelated event that prevents 

further follow-up or affects the ability to observe the target outcome. Censoring can be 

categorised into left censoring and right censoring, with right censoring being more common 

in the survival analysis. Right censoring occurs when the event of interest has not been 

observed by the end of the follow-up period. For example, in a 10-year mortality study, if a 

participant remains alive beyond the 10-year mark, the outcome is considered as right 

censoring. Left censoring occurs when the event of interest has already occurred before the 

start of follow-up period, but the exact time of occurrence is unknown. For instance, in tracking 

an infectious disease, if the study’s starting point is the first positive test for infection, but the 

actual date of exposure to the infectious agent is unknown, this scenario qualifies as left 

censoring [211]. 

 

Compared to other time-related statistical models, such as simple proportion models, survival 

analysis is particularly advantageous due to its ability to handle censored observations. Simple 

proportion models fail to account for varying follow-up durations, making them less effective 

in longitudinal studies. In contrast, survival analysis accommodates censored data, allowing 

for partial observations while maintaining an unbiased time-to-event estimation. This 

capability makes survival analysis particularly useful in medical research involving cancer, 

CVD, and OSA. 

3.3.2 Key concepts used in survival analysis 

Survivor function represents the probability that an individual remains alive (or event-free) 

beyond a specified time point, as shown in Equation 3.7: 

𝑆(𝑡) = Pr(𝑇 > 𝑡)       where 0 ≤ t < ∞                                                                                                      (3.7) 

where t represents the time of interest, S(t) represents the probability of survival beyond time 

t, T denotes the patient’s lifetime. Since t ranges from 0 to infinity, S(t) is always a positive 

value between 0 and 1. As time progresses, S(t) can either remain constant or decrease, but it 

can never increase [212]. The survivor function is a fundamental component in the 

interpretation of survival data and is commonly estimated using the Kaplan–Meier estimator. 
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Hazard function quantifies the instantaneous risk of a target event at a specific time point during 

the follow-up period, as shown in Equation 3.8: 

ℎ(𝑡) = lim
∆@→R

I(@)NI(@D∆@)
∆@

                                                                                                            (3.8) 

where t is the specific time which the hazard rate is calculated and ∆t represents a small increase 

in time t [213]. The hazard function reflects the rate of decline in the survivor function over an 

infinitesimal time interval, essentially capturing the instantaneous failure rate at time t. Unlike 

the survivor function with probability ranging from 0 to 1, h(t) is a rate, and its value depends 

on the unit of time used in the analysis. The relationship between the survivor function and the 

hazard function is defined through the cumulative hazard function, which is the integral of the 

hazard function over time. Mathematically, the survivor function S(t) is expressed as the 

exponential of the negative cumulative hazard, as detailed in Equation 3.9: 

𝑆(𝑡) = expY−𝐻(𝑡)Z = exp	(−∫ ℎ(𝑢)𝑑𝑢@
R )                                                                          (3.9) 

where H(t) is the cumulative hazard function and h(t) represents the instantaneous risk [214]. 

Equation 3.9 indicates that a higher hazard rate h(t) results in a faster decline of the survival 

curve S(t). In other words, increased instantaneous risk leads to lower survival probabilities 

over time. 

 

Given two covariate profiles 𝑥R  and 𝑥Q , the hazard ratio (HR) measures the comparative 

instantaneous risk ratio between two hazard functions, as shown in Equation 3.10: 

𝐻𝑅 = b(@|d=)
b(@|dA)

                                                                                                                         (3.10) 

Under the Cox proportional hazards model, the hazard function is specified as Equation 3.11: 

ℎ(𝑡|𝑥) = ℎR(𝑡) ∗ exp	(𝛽e𝑥)                                                                                                (3.11) 

where ℎR(𝑡) is an unspecified baseline hazard, which all variables are 0 at baseline, and 𝛽e 

denotes the vector of regression coefficients. Substituting Equation 3.11 into Equation 3.10 

yields 

𝐻𝑅 = exp	(𝛽e(𝑥Q − 𝑥R))                                                                                                     (3.12) 

which is constant over time when the proportional hazards assumption holds. The hazard 

function, h(t), describes the instantaneous risk of an event occurring at time t within a single 

group or individual, whereas the HR represents the relative risk of the event between two 

groups, typically a target group and a control group [211].  

 



Methodological background  

68 

HR and survival curves are two of the most used tools in medical research, each serving distinct 

purposes. Survival curves, derived from the survivor function, provide a graphical overview of 

survival trends over time. In contrast, the HR quantifies the group differences on the risk of an 

event occurring and further reveals the relative effect of covariates. HR is typically estimated 

using the Cox model and is widely employed to assess the relative impact of variables on event 

risk in survival analysis. In this thesis, the predictive performance of desaturation area-based 

parameters will be evaluated by comparing the HRs between groups defined by parameter 

values. Greater differences in hazard between groups indicate that the parameter more 

effectively distinguishes patients with different survival risks, thereby implying stronger 

predictive ability of parameters. The detailed methodology for calculating HR, as well as a 

comparison between the Cox model and other estimating approaches, will be presented in the 

following sections. 

3.3.3 Cox proportional hazards model 

As the aim of Experiment 1 is inferential: comparing survival differences between groups 

defined by parameter values, methods focusing on comparative analysis are more appropriate. 

The Kaplan–Meier estimator, while a valuable descriptive tool in survival analysis, is not suited 

to this experiment because it visualises overall survival trends but does not formally test group 

differences or quantify effect sizes. In contrast, the Cox model is well-suited for this purpose. 

As a semi-parametric and inferential method, it not only evaluates for differences between 

groups but also estimates HRs, thereby quantifying the relative impact of parameters on 

survival. In addition, the model can incorporate multiple covariates without requiring strict 

distributional assumptions about the baseline hazard. 

3.3.3.1 Definition of the model 

The Cox model was introduced by Sir David Cox in 1972 as a method for estimating 

differences in survival attributable to independent variables. As a regression-based approach, 

it has become the most widely used method among inferential statistical techniques in survival 

analysis [215, 216].  The Cox model is based on hazard function, which can be expressed as 

Equation 3.13: 

𝐻(𝑡) = 𝐻R(𝑡) × exp	[𝑏Q𝑥Q + 𝑏K𝑥K +⋯𝑏f𝑥f]                                                                   (3.13) 

where  𝐻(𝑡)  represents the hazard at time t,  𝐻R(𝑡) is the baseline hazard when all variables 

are zero, 𝑏f  indicates the regression coefficient and 𝑥f  denotes the predictor and covariate 

variables. By estimating the regression coefficients, one can compute the HR for a given 
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predictor as exp	(𝑏f), along with its corresponding confidence interval. Mathematically, both 

predictors and covariates are represented as 𝑥f  in the model. However, they differ in 

interpretation depending on the study objective. Specifically, regression coefficients for 

predictors are interpreted as measures of their independent association with the event of 

interests, while covariates are included to adjust for potential confounding and help isolate the 

true impact of the target predictor on the event of interest. 

3.3.3.2 Key assumptions for the model 

There are four key assumptions underlying the Cox proportional hazards model [217, 218]: 

1. Proportional hazards assumption: The model assumes that HRs associated with a given 

predictor remain constant over time. In other words, the effect of a covariate on the 

hazard is multiplicative and does not vary with time. 

2. Semi-parametric structure: The Cox model is semi-parametric, meaning it does not 

require specification of the baseline hazard function. This flexibility allows the model 

to estimate hazard ratios without assuming a particular form for the hazard over time. 

3. Independence of survival times: The model assumes that survival times are independent 

between groups or individuals. That is, the survival time of one subject or group does 

not influence the survival time of another. 

4. Non-informative censoring: If censored data are included, censoring must be non-

informative, meaning the reason for censoring is unrelated to the likelihood of 

experiencing the event of interest. More specifically, censored individuals are assumed 

to have the same risk of the event as those who remain in the study, had follow-up 

continued. 

 

Before applying the Cox model in survival analysis, each variable should be evaluated for 

compliance with the proportional hazard assumption, and the event-to-time data should be 

examined to ensure that censoring is non-informative. 

3.3.3.3 Advantages compared to other inferential approaches 

In addition to the Cox model, other inferential strategies are available for survival analysis, 

such as the log-rank test. Also known as the Mantel–Cox test, the log-rank test is a non-

parametric method used to evaluate the null hypothesis that there is no difference in survival 

between groups, that is, the hazard functions are equal over time. Although it does not estimate 

HRs like the Cox model, the log-rank test also performs under the proportional hazard 
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assumption, where the relative risk between groups is assumed to remain constant throughout 

the observation period [219].  

 

Although the log-rank test is suitable for detecting survival differences between groups, it has 

important limitations compared to the Cox model, particularly for analysis such as Experiment 

1. First, the log-rank test evaluates only one variable at a time, whereas the Cox model allows 

for the inclusion of multiple covariates, helping to control for confounding effects. Second, 

unlike the Cox model, the log-rank test does not accommodate multiple categorical or 

continuous variables (e.g. age, BMI), which are commonly used predictors in the CVD studies. 

Most importantly, the log-rank test is non-parametric and does not assume any mathematical 

form of survivor and hazard functions, simply comparing the observed events and the expected 

events. Thus, it can detect the present of differences in survival between groups, but cannot 

quantify the effects through hazard ratios, as the Cox model does. Additionally, the log-rank 

test is most effective when survival curves are clearly separated, a scenario that is uncommon 

in many CVD-related survival studies [219, 220]. 

 

For these reasons, the Cox model is the more appropriate evaluation method for Experiment 1, 

offering greater flexibility, interpretability, and control of confounders compared to other 

inferential approaches. 

3.3.3.4 The necessity of incorporating covariates 

As mentioned in the previous section, one of the key advantages of the Cox model is its ability 

to incorporate covariates. This concept is particularly important in comparative analyses that 

assess the predictive ability of specific parameters, such as Experiment 1 in this thesis. The 

inclusion of covariates allows the model to control for confounding effects, which is essential 

for producing valid and unbiased estimates. 

 

In predictive analyses, confounders are variables that are associated with both the target 

predictor and the outcome of interest, potentially distorting the observed relationship between 

them. For example, when examining the association between the severity of OSA and CVD 

mortality, age acts as a key positive confounder, as it influences both the development of OSA 

and the risk of CVD mortality. As age increases, the severity of OSA tends to worsen, since 

OSA is more common in older populations, and the risk of CVD mortality also rises. If age is 

not accounted for in the model, the HR may be overestimated, falsely attributing the effect of 
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age to the predictor. Conversely, the HR could be underestimated if a confounder exerts a 

negative effect on the predictor but a positive effect on the outcome. In both cases, the 

confounder's influence leads to a biased estimation of the HR, affecting the reliability of the 

conclusions drawn about the predictor’s value in forecasting outcomes. 

 

By including relevant covariates in the analysis, the Cox model helps adjust for these 

confounding effects, enabling a more accurate and isolated assessment of the association 

between the target predictor and the outcome of interest. 

3.3.3.5 Example applications of the model in OSA-CVD analysis 

In addition to the theoretical justification for using the Cox model with covariates in 

Experiment 1, numerous published studies have employed the same modelling approach to 

evaluate the predictive ability of OSA-related parameters for CVD outcomes. For example, 

Baumert et al. used the Cox model to investigate the association between T90 and CVD 

mortality in community-dwelling older men. Their model was adjusted for anthropometric 

characteristics, lifestyle factors, and medical history, and the study concluded that T90 is an 

independent predictor of CVD mortality [6]. Similarly, Azarbarzin et al. applied the Cox model, 

with similar covariate adjustments, to assess the predictive value of HB for CVD mortality. 

Their analysis, conducted across both the SHHS and the MrOS cohorts, demonstrated that HB 

is a robust predictor of CVD mortality [12]. 

 

These examples, along with others, further support the appropriateness of using the Cox model 

in Experiment 1 of this thesis, particularly when aiming to isolate the independent predictive 

value of desaturation area-based parameters for CVD mortality outcomes while adjusting for 

confounding variables. 

3.3.3.6 Potential risks of using the model 

Despite the advantages of the Cox model and its widespread use in medical research, it has 

several limitations that require careful adjustments of variables in analysis. First, the Cox model 

assumes a proportional hazards framework, meaning it estimates a constant difference in HR 

between groups over time. However, if the impact of a predictor varies with time, this 

assumption may not hold, leading to inaccurate estimates [221]. Second, the Cox model 

assumes that predictors and covariates are independent. When variables are highly correlated, 

the model produces unstable estimates, reducing the reliability of the analysis. Moreover, the 

model assumes a log-linear relationship between predictors and the hazard function. If 
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predictors exhibit a nonlinear association with survival, the estimated hazard risks may be 

misleading [222]. To address these limitations, several strategies can be applied: considering 

stratified Cox model, applying principal component analysis to mitigate collinearity among 

highly correlated inputs, and performing variable transformations (e.g., log transformation) to 

improve the linearity between predictors and hazard risks. These adjustments help improve the 

robustness and accuracy of the Cox model estimations, all of which can be considered in the 

Experiment 1. 

3.4 Machine learning 

In Experiment 2, machine learning methods are employed to predict CVD mortality at a given 

time, in contrast to the traditional statistical approach, the Cox model used in Experiment 1. 

This methodological shift is driven by both the limitations of the Cox model and the broader 

scope of Experiment 2, which aims to predict individual-level outcomes using multivariate 

approaches for enhanced predictive accuracy. 

 

While the Cox model is widely used in survival analysis, it has several constraints in the context 

of Experiment 2. First, it requires strict assumptions, such as the proportionality of hazard 

functions and the independence of survival times. In addition, the Cox model primarily 

provides relative effect estimates in the form of hazard ratios, rather than absolute risk 

probabilities that may be more directly interpretable for individual-level risk assessment. 

Finally, the model focuses on assessing the independent effect of each predictor. To capture 

the combined or interactive effects of multiple variables, explicit interaction terms must be 

included, which can substantially increase the complexity of the model and reduce 

interpretability [18].  

 

Accordingly, while the continued value of traditional survival models for time-to-event 

analysis is fully acknowledged, machine-learning approaches are considered in Experiment 2 

as a complementary methodological framework to support individual-level outcome prediction. 

Previous studies have demonstrated that machine learning approaches can perform at least as 

well as the Cox model in predictive analysis, particularly in complex, multivariate contexts 

[21-26]. Machine learning methods offer several advantages that align with the aims of 

Experiment 2. They can accommodate interactions among predictors, enabling the assessment 

of both independent and combined predictive contributions. While interactions among 

variables are more readily captured by flexible machine learning models, the models can be 
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interpreted by explainability tools as well (discussed in Section 3.4.6.5). In addition, these 

approaches can generate absolute risk estimates at defined time horizons, supporting more 

patient friendly individual-level risk assessment.  

3.4.1 Supervised learning vs unsupervised learning 

Machine learning techniques are generally categorised into supervised and unsupervised 

learning, with the primary distinction being the use of target outcome labels in the training data 

[223]. Unsupervised learning operates labelled outcomes-free and is typically used for 

exploratory or descriptive analysis. It focuses on identifying underlying patterns, groupings, or 

structures within the input data, without prior knowledge of the target labels. In contrast, 

supervised learning relies on labelled datasets, where the model learns to predict the outcome 

of interest based on input features. In other words, supervised learning establishes a functional 

relationship between input variables and known outcomes. Once trained, the model can use 

this relationship to predict or forecast outcomes for new, unseen data, making it particularly 

suitable for the predictive objectives of Experiment 2 in this thesis [224].  

 

Supervised machine learning is designed to address classification and regression problems. In 

classification tasks, the model maps input features to predefined class labels, while in 

regression tasks, the model maps inputs to a continuous value domain [225]. Experiment 2 in 

this thesis is framed as a classification problem, where the CVD mortality outcome is defined 

as a binary label (e.g., event vs no event). The model uses PSG-derived parameters, 

demographic information, and medical history as input features. The classification process 

consists of two key phases: training and testing [225]. During the training phase, the model is 

built by feeding both features and corresponding outcome labels into a learning algorithm, 

which seeks to establish a functional relationship between inputs and the target outcome [226]. 

In the testing phase, the trained model is applied to unseen data to predict the individual 

probability of the outcome occurring for each participant. Based on the estimated probabilities, 

the performance of the learning model and the combined predictive ability of input features 

can be assessed using the confusion matrix. Additionally, the independent contribution of each 

feature to the predictions can be interpreted using SHAP. 

 

Commonly used supervised learning methods in medical research are summarised in Figure 

3.6, encompassing both single models and ensemble learning techniques. Single models 

include approaches such as linear models, K-Nearest Neighbours, Decision Trees, Support 
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Vector Machines (SVM), and Neural Networks. These models operate independently and apply 

distinct strategies for classification. In contrast, ensemble learning combines multiple models 

to improve predictive performance and robustness. This category includes methods based on 

bagging and boosting, with widely used examples being Random Forest (RF) and Extreme 

Gradient Boosting (XGBoost).  

 

A selected subset of machine learning models is applied in this thesis, with the rationale for 

their inclusion explained in detail in the following sections. The primary principles guiding 

model selection are effectiveness and explainability, meaning that the chosen models are both 

well-suited for data in Experiment 2 and interpretable by end-users, including clinicians and 

patients. Although previous studies have demonstrated the strong predictive performance of 

machine learning models in medical applications, many treat the models as uninterpretable 

"black boxes", particularly in the case of neural networks [18]. This lack of transparency can 

pose a significant barrier to clinical trust and adoption, as clinicians are often cautious about 

relying on predictions when the decision-making process is unclear [18]. Considering the 

ultimate goal of this thesis is to contribute to clinical practice and to early risk stratification in 

OSA and CVD patients, it is essential to prioritise explainability in models.  

 
Figure 3.6 Summary of commonly used machine learning models and highlights their key 

differences. Not all methods are covered in this thesis, as some are not well suited to the scope 

of Experiment 2.  
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3.4.2 Linear Discriminate Analysis (LDA) 

LDA is a well-established linear dimensionality reduction technique that seeks to identify a 

linear combination of input features that best separates distinct classes [227]. In the context of 

Experiment 2, LDA aims to distinguish between CVD mortality outcomes using linear 

combinations of PSG-derived and clinical features. LDA has been widely applied in fields such 

as face recognition, bioinformatics, and medical signal processing, due to its simplicity, 

interpretability, and effectiveness in reducing dimensions and extracting discriminative 

features [228, 229]. For a given set of features 𝑋 and class labels	𝐶, the goal of LDA is to find 

the projection vector ω that maximises the Fisher criterion: 

𝐽(	𝜔) = 	gBhCg
	gBhD	g

                                                                                                                  (3.14) 

where 𝜔 is the direction onto which the data is projected for maximum class separability, Si 

is the within-class scatter matrix and Sj is the between-class covariance of 𝑋. The equations of 

Sj and Si are calculated as follows: 

Sj =	∑ 𝑁A(𝜇A − 𝜇)k
APQ (𝜇A − 𝜇)e                                                                                            (3.15)                                                  

Si =	∑ ∑ (𝑥 − 𝜇A)d∈kE
k
APQ (𝑥 − 𝜇A)e                                                                                   (3.16) 

where 𝜇A is the averaged vector of class 𝑖, 𝜇 is the global mean vector across all samples, 𝑁A  is 

the number of samples in class 𝑖, and 𝐶A is the set of samples in class 𝑖 [227]. Intuitively, Si 

captures the compactness: how tightly clustered the samples are within each class, while Sj 

measures separability: how far apart the class means are. To achieve better class discrimination, 

LDA seeks to maximise between-class variance (Sj), while minimising within-class variance 

(Si). In scenarios where the input data is imbalanced, one way to improve the performance of 

LDA is by introducing class weighting. This technique adjusts the influence of each sample or 

class when calculating the scatter matrix, thereby reducing bias toward the majority class. The 

weighted within-class and between-class scatter matrices are defined as: 

𝑆i
m=Anb@=o =	∑ ∑ 𝜔(𝑥)(𝑥 − 𝜇A)d∈kE

p
APQ (𝑥 − 𝜇A)e                                                               (3.17) 

𝑆j
m=Anb@=o =	∑ 𝜔(𝐶A)(𝜇A − 𝜇)p

APQ (𝜇A − 𝜇)e                                                                       (3.18) 

where 𝜔(𝑥) is the weight to sample 𝑥 and 𝜔(𝐶A) is the weight to class 𝐶A. 

 

The use of LDA relies on one essential condition and three key assumptions to ensure reliable 

class separation. The essential condition is the number of samples in the smallest class should 

be greater than the number of input features. If this condition is not met, the Si	may become 
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singular (non-invertible), leading to instability or overfitting during model training [230]. Key 

assumptions for optimal LDA performance are listed as follows [230, 231]: 

1. Multivariate normality: The input features within each class are assumed to follow a 

multivariate Gaussian distribution. This supports the generative modelling approach of 

LDA. 

2. Homoscedasticity (equal covariance): The variance–covariance structure of the features 

is assumed to be the same across all classes. That is, LDA assumes a common within-

class covariance matrix. 

3. Independence of observations: Each observation (row of features) is assumed to be 

independently drawn. This assumption ensures that samples do not introduce 

dependency biases into the model. 

 

In practice, although LDA is sensitive to outliers and violations of its underlying assumptions, 

it often performs robustly under mild deviations from ideal conditions [232]. However, to 

further enhance its performance and broaden its applicability, several variants of LDA have 

been proposed. For instance, Kumar and Andreou introduced Heteroscedastic Discriminant 

Analysis, a maximum likelihood approach addresses cases where the Gaussian-distributed 

classes are not proportional or equal in their variances [233]. To accommodate clustered data, 

Mixture Discriminant Analysis was developed, incorporating a Gaussian mixture model to 

better capture complex data distributions [234]. In addition, regularisation techniques have 

been applied to LDA to reduce overfitting and improve generalisability, particularly in high-

dimensional settings [235, 236]. Furthermore, combining LDA with Principal Component 

Analysis has been shown to enhance predictive performance, especially when dealing with 

highly correlated or redundant features [237]. 

 

In this thesis, LDA with class weighting is employed as a benchmark model for the initial 

evaluation of feature combinations and serves as a baseline for performance comparisons 

across various machine learning models. 

 

The key difference between LDA and the other machine learning approaches in this thesis lies 

in their modelling philosophy: LDA is a generative model, whereas the others are 

discriminative. Generative models, such as LDA, attempt to model the distribution of input 

features using Bayes’ Rule. They estimate the feature distributions within each class and then 

compute the probability of a given sample belonging to a particular class. In contrast, 
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discriminative models focus solely on learning the decision boundary between classes. They 

model the conditional probability of the class label given the input features and predict the class 

label directly, without assuming any specific distribution of the features [238]. The shift toward 

discriminative models in this thesis is motivated by their greater robustness to assumption 

violations, such as skewed data distributions or non-linear relationships, and their higher 

tolerance to outliers, making them particularly well-suited to the predictive objectives of 

Experiment 2. 

3.4.3 Support Vector Machine (SVM) 

SVM is a well-established discriminative machine learning model that aims to maximise the 

margin between classes [239]. Traditional statistical learning methods often rely on empirical 

risk minimisation, which focuses on reducing error on the training data. However, this 

approach may fail to accurately estimate the expected risk (i.e. the error on unseen data), 

resulting in poor generalisability [240]. To improve the model performance, SVM is grounded 

in statistical learning theory and follows the principle of structural risk minimisation, which 

explicitly balances empirical risk and model complexity. This foundation gives SVM a strong 

ability to generalise, particularly in high-dimensional or limited-sample datasets [241]. Owing 

to these advantages, SVM has become a widely used and powerful tool for classification tasks 

in medical research, including applications in diagnosis, prognosis, predictive modelling, and 

risk assessment. These characteristics make SVM a suitable choice for Experiment 2 in this 

thesis [242]. 

 

SVM employs a hyperplane (decision boundary) to separate training data into distinct classes. 

The complexity of the classifier is constrained by the margin, which is the minimum distance 

between the hyperplane and the nearest training examples, referred to as the support vectors, 

as shown in Figure 3.7. SVM adheres to the principle of structural risk minimisation, which 

posits that classification performance improves as the margin increases. Accordingly, an ideal 

SVM model identifies a maximum-margin hyperplane that both maximises the separation 

between classes and ensures correct classification of the training data. The optimal hyperplane 

is found by solving a quadratic optimisation problem [241].  

 

The classic approach of SVM for classification problem, which used in this thesis, is based on 

a linear hyperplane function [243]: 

𝑦 = 𝜔e𝑥 + 𝑏                                                                                                                             (3.19) 
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where 𝑥 is the sets of input features, 𝜔 is the weight vector, and 𝑏 is the estimated bias. The 

optimal hyperplane equation is achieved solving the quadratic programming model under soft 

margin optimisation [242]: 

𝑚𝑖𝑛 Q
K
‖𝜔‖K + 𝐶∑ 𝜉AH

APQ                                                                                                           (3.20) 

where 𝜉A is the slack variable that allow margin violation and 𝐶 is the user-defined regulation 

term that controls the trade-off between maximising the margin and minimising errors. The 

geometric margin is given by: 

𝑚𝑎𝑟𝑔𝑖𝑛 = 	 K
‖g‖

                                                                                                                                            (3.21) 

The constraints for the optimisation are given by: 

𝑦A(𝜔e𝑥A + 𝑏) − 1 + 𝜉A ≥ 0                                                                                                  (3.22) 

where 𝜉A ≥ 0	 [242]. The loss function employed is hinge loss, which is regulated by Q
K
‖𝜔‖K. 

In the scenario where one class is significantly smaller size wise than the other, class weighting 

can be introduced to the soft margin optimization, as shown in Equation 3.23: 

𝑚𝑖𝑛 Q
K
‖𝜔‖K + ∑ 𝐶A𝜉AH

APQ                                                                                                            (3.23) 

where 𝐶A is the class weighting regulation term, with a higher value for the minority class to 

increase its influence during training. The constraint for the optimization remains the same. 

 

Over the years, various extensions of SVM have been developed, including models that employ 

non-linear hyperplane functions using kernel methods. However, for the purposes of 

Experiment 2 in this thesis, a linear SVM is considered more suitable. The linear SVM offers 

several key advantages: it provides greater interpretability, is computationally efficient 

(particularly important for high-dimensional data), and is generally faster to train. Additionally, 

linear SVMs are less prone to overfitting, especially with imbalanced datasets, due to the 

presence of a regularisation term that constrains model complexity and improves generalisation 

[244]. These characteristics make linear SVM a practical and effective choice for the predictive 

task in this thesis. 
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Figure 3.7 An example of linear SVM classification. Two classes, represented in red and blue, 

are separated by a hyperplane with margins clearly shown on either side. 

3.4.4 Ensemble learning 

Beyond single-model classification approaches, this thesis also employs ensemble learning 

methods. The primary motivation for adopting ensemble learning stems from the understanding 

that individual models often have limitations and may introduce errors that hinder predictive 

accuracy, particularly in real-world medical applications. Ensemble learning addresses these 

limitations by combining the predictions of multiple classifiers through a predefined 

aggregation strategy, forming a “committee” of decision-makers. By leveraging the 

complementary strengths of individual models, typically through weighted or unweighted 

voting, ensemble methods often achieve greater performance and robustness than single 

models alone [245]. For ensemble learning to be effective, two fundamental conditions must 

be met: the base classifiers must be both accurate and diverse [243]. Accuracy implies that each 

classifier performs better than random guessing, while diversity requires that the classifiers be 

statistically uncorrelated and make independent predictions [246]. 
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Ensemble models have been widely applied in the medical field, including tasks such as disease 

diagnosis, disease progression prediction, and cell type classification [247-249]. Given that 

ensemble methods frequently outperform individual models that makes them up, this thesis 

adopts two widely used decision tree-based ensemble algorithms: RF and XGBoost, in place 

of standalone decision trees. Both RF and XGBoost use decision trees as base learners but 

differ in their training philosophies, as shown in Figure 3.8. RF is a bagging algorithm that 

builds multiple fully grown trees from randomly divided training subsets and aggregates 

predictions via majority voting for classification tasks [250]. In contrast, XGBoost is a boosting 

algorithm that constructs an ensemble of shallow trees sequentially, with each tree aiming to 

correct the errors of its predecessors [251]. This fundamental difference, independent learners 

in bagging versus dependent learners in boosting, also influences how each method handles 

imbalanced data. RF relies heavily on class weights to guide decision-making, whereas 

XGBoost often performs well without the need for explicit weighting. 

 
Figure 3.8 Overview of bagging (A) and boosting (B) approaches in ensemble learning. The 

bagging algorithm constructs multiple independent trees in parallel and combines their outputs 

through aggregation or majority voting. The boosting algorithm builds trees sequentially, with 

each new tree focusing on correcting the errors of the previous ones. 

 

A B 
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3.4.4.1 Random Forest (RF) 

RF is an ensemble learning method composed of multiple tree-structured classifiers, where 

each decision tree is trained using bootstrap aggregating and random feature selection. Each 

tree acts as base classifier and independently casts a vote for the predicted class. The final 

decision is made by majority voting across all trees, as shown in Figure 3.8A [252]. As an 

ensemble of decision trees, RF inherits several advantages of individual decision trees, 

including invariance to feature transformation, robustness to irrelevant features, the ability to 

capture complex feature interactions, and resilience to noisy data. Moreover, RF addresses 

some key limitations of decision trees, it reduces overfitting and provides reliable estimates of 

feature importance [253].  

 

This algorithm relies on two key sources of randomness. Bootstrap aggregating (bagging) trains 

each tree on a randomly drawn subsets with replacement (the bootstrap sample) from the 

training dataset. On average, each bootstrap sample includes approximately 64% of instance, 

while the remaining 36% out-of-bag instance can be used for internal validation. Bagging helps 

to reduce the variance of the model by averaging predictions over multiple slightly different 

training sets [249]. Random feature selection refers to the process in which, at each split within 

a tree, a random subset of features is selected, and the best split is determined within that subset. 

This technique introduces additional diversity among the trees, reduces inter-tree correlation, 

and significantly enhances generalisation performance compared to a single decision tree [254-

256].  
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Based on the principle of bagging and random feature selection, the general process of the RF 

algorithm can be summarised as Algorithm 1, where N is the number of trees in the forest, S is 

the number of features randomly selected at each split, and F is the full set of input features. 

Algorithm 1: Summarily of the RF algorithm [252].  

Create an empty vector 𝑅𝐹rrrrr⃗  

for 𝑖	= 1	→ N do 

Create an empty tree 𝑇A 

Repeat 

 Sample S features from F using bootstrap sampling 

 Create a vector of the S features  𝐹Irrr⃗  

 Find the best split feature 𝐵(𝐹Irrr⃗ ) 

 Create a new node using 𝐵(𝐹Irrr⃗ ) in 𝑇A 

Until no more instances to split 

Add 𝑇A to the 𝑅𝐹rrrrr⃗  

end for 

Output: A vector of trees 𝑅𝐹rrrrr⃗  

 

In addition to bagging and random feature selection, the splitting criterion used at internal 

nodes plays a critical role in the performance of RF. During tree construction, the algorithm 

evaluates all possible feature–threshold combinations at each node to identify the split that 

most effectively separates the classes. The splitting criterion is designed to minimise node 

impurity, thereby selecting the most informative feature for partitioning the data. This process 

determines the optimal split feature 𝐵(𝐹Irrr⃗ ) in Algorithm 1, ensuring that each decision tree 

contributes to improved class discrimination within the ensemble. For classification problem, 

as in the case in Experiment 2, RF uses Gini impurity as the splitting criterion during tree 

construction [257]. The standard Gini impurity is defined as: 

𝐺𝑖𝑛𝑖 = 1 − ∑ 𝑝AKk
APQ                                                                                                                 (3.24) 

where 𝐶 is the class, 𝑝A represents the probability of a sample belonging to class 𝑖, which is 

calculated as: 

𝑝A =	
CE
C

                                                                                                                                   (3.25) 

here 𝑛 denotes the number of samples in the node, and 𝑛A  refers to the number of samples 

belonging to class 𝑖. Gini impurity is widely used in classification problems, which is easier in 
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computational complexity and is effective in node splitting [257]. To address class imbalance, 

a weighted version of Gini impurity can be applied by incorporating class weights 𝑤, which 

penalise the misclassification of minority classes. The weighted class probability is defined as: 

𝑝A =	
mE∗CE

∑ mF∗CFG
F0=

                                                                                                                      (3.26) 

where 𝑤A  is the class weight of class 𝑖 , 𝑗 is the loop variable to sum across all class, and 

∑ 𝑤s ∗ 𝑛sk
sPQ  counts for the total weighted sample in the node. 

 

To enhance the performance of RF, this thesis employs Grid Search to optimise key 

hyperparameters, controlling the structure of individual trees and the level of randomness in 

the model. Grid Search systematically evaluates all possible combinations of predefined values 

within the hyperparameter space to identify the optimal configuration [258]. Table 3.4 

Overview of commonly adjusted RF hyperparameters and their typical values. Table adapted 

from [258]. summarises the commonly adjusted RF hyperparameters, along with their typical 

values. One of the central hyperparameters is mtry, which defines the number of features 

randomly selected at each split during tree construction. A smaller mtry encourages the 

development of more diverse and uncorrelated trees, leading to more stable aggregate 

predictions. However, this may come at the cost of reduced individual model accuracy, 

requiring a trade-off between stability and predictive power [258]. A commonly used rule of 

thumb for classification problems is √𝐹, where F is the total number of features [259]. The 

sample size determines the number of observations drawn (with or without replacement) for 

training each tree, which is often experiment dependent. Like mtry, it involves a trade-off 

between stability and accuracy and can be tuned based on out-of-bag prediction performance. 

When the optimal sample size is chosen, the replacement strategy (sampling with or without 

replacement) typically has limited influence on overall performance [260]. However, some 

studies have raised concerns that sampling with replacement may introduce a slight variable 

selection bias [261, 262]. The node size controls the minimum number of observations required 

in a leaf node. Smaller values result in deeper trees and finer splits. For classification tasks, a 

node size of 1 is standard, though performance can be further improved by fine-tuning this 

parameter [258, 263]. Finally, the number of trees in the forest is also an important 

consideration and data dependent. While more trees generally lead to improved performance, 

the greatest gains are often achieved in the first 100 trees, especially in larger datasets [264, 

265].  
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Table 3.4 Overview of commonly adjusted RF hyperparameters and their typical values. Table 

adapted from [258]. 

Hyperparameter Description Typical values 

mtry 
Number of features randomly 

selected in each split 
√𝐹 (classification) 

Sample size 
Number of observations that are 

drawn for a tree 
Number of observations 

Replacement 
Draw observation with or without 

replacement 
With/ Without replacement 

Node size 
Minimum number of observations 

in a leaf node 
[1, 5, 10, 20] 

Number of trees Number of trees in the forest [50, 100, 200, 500] 

Splitting 

criterion 
How split is chosen 

Gini impurity (classification & 

used), MSE (regression) 

Class weight 
Particularly used for imbalanced 

data 

Custom value via class weighting 

equation 

 

3.4.4.2  Extreme Gradient Boosting (XGBoost) 

XGBoost is a scalable, loss-driven, decision tree–based boosting ensemble model that is widely 

used for tabular data [266]. Boosting refers to a strategy in which the model begins with a weak 

learner (shallow tree) and sequentially builds new models that learn from the errors of previous 

iterations, ultimately improving overall performance, as shown in Figure 3.8B. Unlike bagging, 

which is used by RF and builds trees independently, boosting constructs trees sequentially, 

with each tree trained to reduce the residual errors of the previous ones [267]. 

 

XGBoost builds the model as combination of 𝑇 additive functions to predict the final output, 

as shown in Equation 3.27 [266]: 

𝑓(𝑥) = 	∑ 𝑓@(𝑥A)			e
@PQ                                                                                                                   (3.27) 

where 𝑓(𝑥) is the final prediction for given input feature 𝑥, and 𝑓@(𝑥A) indicates each decision 

tree trained at iteration 𝑡. The input feature subset 𝑥A for each iteration can be optimised by 

hyperparameter tuning, allowing each tree to use either a randomly selected subset of features 
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or the full feature set. Each decision tree is associated with a mapping that assigns an input 

instance 𝑥A to a corresponding leaf node, defined as Equation 3.28: 

𝑓@(𝑥A) = 	𝜔t(dE)                                                                                                                            (3.28) 

where 𝜔 is a set of leaf weights, representing the predicted score for all instances falling into 

that leaf. The structure function 𝑞(𝑥A)  defines trees’ architecture by feature-based split 

conditions, determining the traversal path from the root to a specific leaf node [266]. Details 

of how these splits are selected will be discussed in subsequent sections. 

 

The fundamental goal of XGBoost is to minimise the regularised objective function, as shown 

in Equation 3.29, for better predictive performance [266]: 

ℒ (@) = ∑ 𝑙 |𝑦A , 𝑦u}
(@NQ) + 𝑓@(𝑥A)~ + Ω(𝑓@)C

APQ                                                                                      (3.29) 

where 𝑦u}
(@NQ) is the current prediction of instance 𝑖 at previous iteration 𝑡 − 1, 𝑓@(𝑥A) indicates 

the current decision tree fitted to correct the current residual error, Ω(𝑓@)  is used as a 

regularisation term  penalising model complexity, and 𝑙(𝑦A , 𝑦u}) denotes the logistic loss used 

for binary classification problem, which is suited for Experiment 2 in this thesis. The loss 

function is approximated by the second-order Taylor expansion, as illustrated in Equation 3.30 

to 3.32: 

𝑙 |𝑦A , 𝑦u}
(@NQ) + 𝑓@(𝑥A)~ ≈ 𝑙Y𝑦A , 𝑦u}

(@NQ)Z + 𝑔A𝑓A(𝑥A) +	
Q
K
ℎA𝑓A(𝑥A)K	                                           (3.30) 

𝑔A =	
vH
v7Hw

= 𝑝u} − 𝑦A                                                                                                                 (3.31) 

ℎA =	
vIH
v7Hw

I = 𝑝u}(1 − 𝑝u})                                                                                                                 (3.32) 

where 𝑔A  is the first derivative, ℎA  is the second derivative, and 𝑝u}  represents the sigmoid 

predicted probability, which  𝑝u} = 	𝜎𝑦u} . Thus, the objective Equation 3.29 can be approximated 

as: 

ℒ (@) = ∑ �𝑔A𝑓A(𝑥A) +	
Q
K
ℎA𝑓A

K(𝑥A)� + Ω(𝑓@)C
APQ                                                                          (3.33) 

with regularisation term defined as: 

Ω(𝑓@) = γT + Q
K
𝜆∑ 𝜔sKe

s                                                                                                      (3.34)         

If 𝐼s is defined as a set of instances in leaf 𝑗. Combined Equation 3.33 and 3.34, the objective 

equation can be expanded as:  

ℒ (@) = ∑ �𝑔A𝑓A(𝑥A) +	
Q
K
ℎA𝑓A

K(𝑥A)� + γT +
Q
K
𝜆 ∑ 𝜔sKe

s
C
APQ                                                     (3.35) 

Then substituting Equation 3.28 into 3.35, the objective function becomes: 
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ℒ (@) =	∑ [(∑ 𝑔A)𝜔sA∈xF
e
sPQ + Q

K
(∑ ℎA + 𝜆)𝜔sK] + γTA∈xF                                                          (3.36)       

 

For the feature-based splitting approach mentioned above, this thesis employs the approximate 

framework, as shown in Algorithm 2 [268-270].  

Algorithm 2: approximate algorithm for split finding, adapted from Algorithm 2 [266]. 

for 𝑘	= 1 to m do 

Propose  𝑆f = {𝑠fQ, 𝑠fK, 𝑠fy, … , 𝑠fH} by percentiles on feature 𝑘 

Propose can be done per tree or per split 

end 

for 𝑘	= 1 to m do 

𝐺fz 	←= ∑ 𝑔ss∈{s|>J,L|dFJ}>J,LM=}   

    𝐻fz 	←= ∑ ℎss∈{s|>J,L|dFJ}>J,LM=}   

end  

Split with maximised gain 

 

In summary, XGBoost optimises the splitting threshold by discretising continuous features into 

percentile-based bins (e.g., 10th, 20th percentiles, etc.). The binning process can be applied 

once per tree across all nodes for faster computation, or independently at each split for greater 

precision. The aggregated first (𝐺fz) and second (𝐻fz	) derivative for each candidate split	𝑠fz 

are computed for all instances. Then, based on the computed 𝐺fz and 𝐻fz, the split gain is 

determined as Equation 3.37, assuming a binary partition of tree nodes (left and right):  

ℒ>8HA@	n?AC =
Q
K
	| �IN
6ND�

+ �IO
6OD�

− (�ND�O)I

6ND6OD�
~ − γ                                                                        (3.37) 

where 𝐻� or 𝐺� is the aggregated statistic to the left of split, 𝐻� or 𝐺� is the aggregated statistic 

to the right of split, and 𝜆 or γ is the regularisation term preventing overfitting [266]. The 

maximised ℒ>8HA@	n?AC  helps determine the optimal feature splitting and the corresponding split 

thresholds. This approximation improves the scalability of model and is as robust as the mostly 

used exact greedy split finding approach. 

 

Unlike the previously discussed models, XGBoost does not strictly require the explicit 

specification of class weights when handling imbalanced data. This is attributed to its boosting 

framework and gradient-based optimisation, which inherently focus on learning from 
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misclassified instances. By sequentially constructing trees that correct errors made by previous 

iterations, XGBoost gradually enhances its ability to identify minority class samples.  

 

Similar to RF, the performance of XGBoost can be significantly improved through 

hyperparameter tuning. In Experiment 2 of this thesis, XGBoost was optimised using Bayesian 

optimisation, a sequential model-based optimisation strategy for hyperparameter tuning. 

Bayesian optimisation constructs a surrogate model to approximate the unknown objective 

function and uses an acquisition function (often based on expected improvement or 

information-theoretic principles) to balance exploration (sampling in regions of high 

uncertainty) and exploitation (sampling near the current optimum). At each iteration, the 

acquisition function is maximised, and the surrogate model is updated with the new result [271]. 

 

XGBoost and RF share several common hyperparameters, such as the number of trees and the 

number of features at each split. Besides, XGBoost also relies on some unique hyperparameters. 

These include the learning rate, subsampling ratios for features and training data, the minimum 

gain required to make a split, and L1/L2 regularisation terms on leaf weights. These 

hyperparameters offer fine-grained control over model complexity and allow for performance 

optimisation. 

3.4.5 Imbalanced data 

Class imbalance refers to a condition in classification problems where one class significantly 

outnumbers the others, typically described as the majority class versus the minority class. Class 

imbalance is a common challenge that hinders the accurate estimation of instances from the 

minority class. Most machine learning algorithms are designed to maximise overall accuracy 

and minimise errors, which generally performs well when the classes are evenly distributed. 

However, in imbalanced scenarios, these algorithms tend to favour the majority class, leading 

to poor sensitivity and inadequate classification of the minority class [272]. This issue is 

especially prevalent in the biomedical field, where the positive class (disease diagnosis or event 

occurrence) is often much less frequent than the negative class. Techniques for addressing class 

imbalance are generally divided into two categories: data level approaches and algorithm level 

approaches [273]. 

 

Data level approaches are external techniques that address class imbalance by resampling the 

dataset, aiming to achieve a more balanced class distribution. These methods either oversample 
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the minority class or undersample the majority class to reach an equitable representation. In 

oversampling, additional instances of the minority class are generated, while in undersampling, 

a portion of the majority class is removed to match the minority class size. A widely adopted 

oversampling technique is the Synthetic Minority Oversampling Technique (SMOTE), which 

creates synthetic samples of the minority class rather than simply duplicating existing ones 

[274]. SMOTE has been successfully applied in various domains, including network intrusion 

detection, breast cancer diagnosis, and miRNA gene prediction [275]. However, resampling 

methods also raise concerns. Undersampling may lead to the loss of information by removing 

potentially informative majority class instances. Oversampling, such as SMOTE, may fail to 

accurately preserve the original data distribution and could introduce the risk of overfitting and 

misclassification [276].  

 

Algorithm level approaches address class imbalance by incorporating class weights into the 

cost function during training. This strategy achieves class balance by down-weighting the 

majority class or up-weighting the minority class, penalising the model more heavily for 

misclassifying minority class instances. Compared to data-level approaches, introducing class 

weights into the algorithm has the advantage of using the entire dataset without discarding 

samples or without interference from synthetic noises, thereby avoiding the risks of information 

loss or overfitting due to synthetic noise. The class weight is based on the Equation 3.38: 

𝜔k =
O

�∗OG
                                                                                                                                (3.38) 

where  𝜔k  is the weight assigned to class 𝐶 , 𝑁  denotes the total number of instances, 𝐾 

represents the total number of classes, and 𝑁k  is the total number of instances within class 𝐶 

[277]. The equation can be simply as a basic inverse-frequency weighting scheme: 

𝜔k =	
Q
OG

                                                                                                                              (3.39) 

which assigns larger weight to minority classes. Class weights are incorporated into the cost 

function for most models used in this thesis, except for XGBoost. This is because XGBoost 

handles class imbalance more flexibly. Its boosting framework naturally emphasises 

misclassified instances and therefore does not require the explicit introduction of class weights 

for regularisation in the same way as other models. 

3.4.6 Performance measurement 

The performance of Experiment 2 in this thesis, which employs various machine learning 

models, is evaluated using the following strategies. Model performance in classifying CVD 
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mortality outcomes is assessed through metrics derived from the confusion matrix, including 

sensitivity, specificity, accuracy, and F1 score. To ensure reliable and stable performance 

estimates, 10-fold cross-validation is applied throughout the experiments. In addition, to 

evaluate the statistical significance of performance differences between models and feature 

combinations, Wilcoxon signed ranks test are conducted. While overall performance is 

quantified through these standard classification metrics, the individual contributions of features 

are interpreted using SHAP analysis, providing insights into feature importance and improving 

model interpretability. The details of each evaluation strategy are discussed in this section. 

3.4.6.1 Confusion matrix 

A confusion matrix is a widely used tool for visualising and evaluating the performance of 

classification models. It compares the predicted class labels with the actual labels, providing a 

summary of model performance in classification. An example confusion matrix for a binary 

classification problem is presented in Table 3.5 [278]. In a binary classification task, such as 

disease diagnosis or the task in Experiment 2 of this thesis, the outcome is typically classified 

as either positive or negative. There are four possible outcomes when comparing the predicted 

and actual labels, as summarised in Table 3.5: 

• True Positive (TP): the actual label is positive, and the model correctly predicts it as 

positive. 

• True Negative (TN): the actual label is negative, and the model correctly predicts it as 

negative. 

• False Positive (FP): the actual label is negative, but the model incorrectly predicts it as 

positive. 

• False Negative (FN): the actual label is positive, but the model incorrectly predicts it as 

negative. 

 

Based on the four possible outcomes in the confusion matrix, the performance of classification 

models can be evaluated using several key metrics: Sensitivity, Specificity, Accuracy, and F1 

Score. Sensitivity, also known as Recall, measures the proportion of individuals who have the 

condition and are correctly identified by the model as positive. It is calculated as: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 	 e�
e�D�O

=	 e�
OP∗

                                                                                                             (3.40) 

Specificity, or Selectivity, quantifies the proportion of individuals who do not have the 

condition and are correctly classified as negative: 
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 	 eO
eOD��

=	 eO
OR∗

                                                                                                              (3.41) 

Accuracy reflects the overall correctness of the model by measuring the proportion of total 

predictions that are correct: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 eODe�
eOD��De�D�O

=	 eODe�
O∗∗

                                                                                                             (3.42) 

The F1 Score is a widely used metric for imbalanced datasets, especially when the focus is on 

correctly identifying positive cases, as is the case in Experiment 2 of this thesis. It is defined 

as the harmonic mean of Positive Predictive Value (PPV) and Sensitivity: 

𝐹1	𝑆𝑐𝑜𝑟𝑒 = 	2 × ���	×I=C
���DI=C

=	 Ke�
Ke�D��D�O

                                                                                     (3.43) 

where PPV measures the proportion of people who predicted positive for a disease and have 

the disease: 

𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒	𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒	𝑉𝑎𝑙𝑢𝑒 = 	 e�
e�D��

=	 e�
O∗P

                                                                                            (3.44) 

 

Table 3.5 An example of a binary classification confusion matrix. 

 
Predicted class label  

Positive Negative Sum 

Actual 

label 

Positive True Positive (TP) False Negative (FN) NP* 

Negative False Positive (FP) True Negative (TN) NN* 

 Sum N*P N*N N** 

 

3.4.6.2 Receiver operating characteristic (ROC) curve and Area under the ROC curve 

(AUC) 

The ROC curve is a graphical tool for evaluating the performance of a binary classification 

method, and is useful for assessing a model’s ability to discriminate between classes. By 

plotting the true positive rate (sensitivity) against the false positive rate (1-specificity) at 

different thresholds, the ROC curve reveals the trade-off between sensitivity and specificity 

across the full range of operating points. The AUC, representing the area under the ROC curve, 

quantifies the overall performance of the classifier across all decision thresholds. The AUC 

value ranges from 0 to 1, with a value of 0.5 or below indicating no predictive ability (random 

guessing), and a value close to 1 indicating strong predictive ability [279]. 
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As shown in Figure 3.9, the averaged ROC curve obtained via 10-fold cross validation 

illustrates the performance of an XGBoost model in predicting CVD mortality. The mean ROC 

curve (blue) represents the model’s performance across all possible decision thresholds, with a 

curve closer to the top-left corner indicating better performance due to higher sensitivity and 

lower false positive rate. The curve also facilitates the selection of an appropriate decision 

threshold to meet specific clinical needs. For instance, if high sensitivity is prioritised, the 

selected threshold should correspond to a point on the curve where sensitivity is maximised, 

even if it comes at the cost of a higher false positive rate. 

 
Figure 3.9 An example of the ROC curve and AUC for a binary classifier. The false positive 

rate (1 − specificity) represents the proportion of actual negative cases incorrectly classified as 

positive, while the true positive rate indicates the proportion of actual positive cases correctly 

classified as positive. The diagonal grey line (Chance) represents the performance of random 

guessing, whereas the blue ROC curve illustrates the classifier’s performance across all 

possible decision thresholds. 

3.4.6.3 10-fold cross validation 

When evaluating the performance of a predictive model, the strategy of using data plays a 

critical role in ensuring accurate and unbiased assessment. For example, if the same dataset is 
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used for both training and testing, the model is likely to memorise the training data, leading to 

an overestimated performance. In such cases, the model may appear highly accurate but is 

unlikely to generalise well to unseen data, resulting in overfitting. The ideal approach is to train 

the model on one subset of data and evaluate its performance on a separate, unseen subset, 

ensuring a more realistic estimate of how the model would perform in real-world applications 

[280]. To achieve this, 10-fold cross validation is employed in Experiment 2 of this thesis.  

 

In 10-fold cross validation, the input dataset is randomly divided into 10 equally sized subsets, 

referred to as 10 folds. For each of the 10 iterations, one fold is used as the testing set, while 

the remaining nine folds are used to train the model. This process is repeated 10 times, with 

each fold serving as the testing set exactly once [280]. At the end of this procedure, every data 

point is used for training and testing. For each fold, the model is trained on the corresponding 

training set and evaluated on the held-out testing set, with performance metrics (e.g. sensitivity, 

specificity, accuracy, and F1 score) calculated for each round. The overall performance of the 

model is then obtained by averaging the metrics across all folds, as shown in Figure 3.10.  

 

The key advantage of 10-fold cross validation, compared to other data partitioning strategies 

such as the 80/20 hold-out method, is that it ensures all data are used for both training and 

testing. This means that no information is excluded from the training process, reducing the risk 

of underfitting and preventing performance underestimation due to an undertrained model. At 

the same time, the method avoids testing on seen data, thereby offering a reliable and unbiased 

estimate of predictive performance and minimising the risk of overfitting.  

 

In scenarios involving imbalanced datasets, 10-fold cross validation can be adapted to preserve 

class distribution across folds through a method known as stratified 10-fold cross validation. 

In stratified cross validation, each fold contains approximately the same proportion of samples 

from each class as in the original input dataset. This approach ensures that in every iteration, 

the model is trained on representative samples from all class labels and evaluated on a test set 

that also reflects the class distribution. As a result, stratified 10-fold cross validation retains the 

core advantages of standard cross validation while suitable for imbalanced classification 

problems. 
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Figure 3.10 Demonstration of 10-fold cross validation. The dataset is divided into 10 equal-

sized subsets (folds). In each iteration, one fold is used as the testing set, while the remaining 

nine folds are used for training. Performance metrics are computed for each iteration, and the 

overall model performance is obtained by averaging the results across all folds. 

3.4.6.4 Wilcoxon signed ranks test 

Since this thesis involves comparing multiple machine learning models to identify the best-

performing model for predicting CVD mortality outcomes, the statistical significance of 

performance differences is also assessed. Specifically, when an improvement in performance 

is observed between two models, the Wilcoxon signed ranks test is conducted to rank the 

performance difference between two models, as shown in Equation 3.45 [281].  

𝑇 = min	(𝑅D, 𝑅N)                                                                                                                                        (3.45) 

where 𝑇 is the Wilcoxon-statistic, 𝑅D denotes the sum of ranks where Model 2 outperforms 

Model 1, and 𝑅N represents the sum of ranks for the opposite case. 𝑅D and 𝑅N are calculated 

as: 

𝑅D = ∑ 𝑟𝑎𝑛𝑘(𝑑A)oE}R                                                                                                         (3.46) 

𝑅D = ∑ 𝑟𝑎𝑛𝑘(𝑑A)oE�R                                                                                                         (3.47) 

where 𝑑A is the difference between each pair 𝑖 , and the standard Wilcoxon signed ranks test 

considers 𝑑A = 0 excluded [282]. The advantage of using the Wilcoxon signed ranks test over 

the traditional paired t-test is that it does not assume normality of the differences between 

observations, making it more robust to a variety of data distribution [281]. In this context, the 

p-value represents the probability of observing a test statistic as extreme or more extreme than 

the calculated Wilcoxon-statistic, assuming the null hypothesis (the median difference between 
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models is 0) is true. A p-value less than 0.05 indicates a statistically significant difference 

between model performances. 

3.4.6.5 SHapley Additive exPlanations (SHAP) 

Beyond seeking for an effective machine learning model for classifying CVD mortality 

outcomes, this thesis also emphasises the importance of model explainability. Transparency in 

model decision-making is essential for fostering trust and understanding among end users, 

particularly clinicians and patients. Accordingly, a range of machine learning models were 

selected based on both predictive performance and interpretability. While simpler models such 

as LDA offer high transparency, they often exhibit suboptimal performance. In contrast, more 

complex models, such as those based on ensemble learning, tend to achieve superior predictive 

accuracy but are inherently more difficult to interpret. To address this challenge, SHAP 

analysis is employed in this thesis to interpret the individual contribution of each feature to the 

model’s prediction, enhancing the interpretability of advanced models without compromising 

on performance [283]. 

 

SHAP analysis is a commonly used method within the class of additive feature attribution 

techniques, grounded in Shapley values from cooperative game theory. Additive feature 

attribution methods explain a model’s prediction by assigning interpretable contributions to 

each input feature, under the assumption that the model output can be expressed as the sum of 

individual feature effects. This is represented by Equation 3.48: 

𝑔(𝑧�) = ∅R + ∑ ∅A𝑧�A�
APQ                                                                                                       (3.48) 

where 𝑔(𝑧�) is the explanation model, 𝑧 ∈ {0,1}� M is the number of simplified input features, 

∅A denotes the individual effect of features, and ∅R represents the expected model output over 

the background dataset. It serves as the baseline prediction prior to the contribution of 

individual features. The SHAP value is based on the additive feature attribution equation, 

seeking the solution of  ∅A(𝑓, 𝑥): 

∅A(𝑓, 𝑥) = ∑ ��S�!��N��S�NQ�!
�!�S⊆dS [𝑓d(𝑧�) − 𝑓d(𝑧�\𝑖)]                                                                 (3.49) 

𝑓d(𝑧�) = 𝐸[𝑓(𝑧)|𝑧I]                                                                                                             (3.50) 

where 𝑓  is the original model, and 𝑥  is the original input features, 𝐸[𝑓(𝑧)] represents the 

baseline value, and 𝑆 is the set of non-zero indexes in 𝑧�. Compared to other additive feature 

attribution methods, SHAP uniquely satisfies three desirable properties for local explanations: 

1. Local accuracy: the sum of SHAP values equals the model output. 

2. Missingness: if a feature is not used in a prediction, its SHAP value is zero. 
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3. Consistency: if a model change such that the contribution of a feature increases or stays 

the same, its SHAP value does not decrease. 

 

In general, a larger absolute SHAP value (regardless of positive or negative) indicates a 

stronger contribution of a feature to the model’s prediction. A positive SHAP value suggests 

that the feature pushes the prediction towards the positive class, whereas a negative SHAP 

value implies that the feature drives the prediction towards the negative class. An informative 

way to visualise SHAP values is through a beeswarm plot, as shown in Figure 3.11 [284]. In 

this plot, features are listed on the y-axis (left), ranked from top to bottom based on their overall 

contribution to the predictive model (from the most to the least important). Each dot represents 

an individual data instance, and its position along the x-axis corresponds to the SHAP value 

for that instance and feature. The colour gradient, shown along the y-axis (right), reflects the 

original feature value, with red indicating high values and blue indicating low values. 

 

For example, consider the row corresponding to the feature MedInc in Figure 3.11. This feature 

appears at the top of the plot, indicating its high overall importance in the predictive model. 

The red dots positioned on the right side of the SHAP axis show that higher values of MedInc 

are associated with positive SHAP values, thereby increasing the likelihood of a positive class 

prediction. In contrast, blue dots, representing lower MedInc values, are mostly located on the 

left side, indicating a contribution to predicting the negative class. Therefore, the ranking of 

features along the y-axis reflects their general importance, while the distribution and colour of 

dots for each feature provide insight into how individual instances influence the model’s output. 

 
Figure 3.11 An example of SHAP analysis using beeswarm plots, Figure adapted from [284]. 
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3.5 Summary 

This chapter outlines the methodology and rationale underlying the two experiments conducted 

in this thesis. The chapter serves two primary purposes. First, Sections 3.1 and 3.2 provide a 

detailed review of PSG-derived parameters, as well as demographic and medical history 

information commonly used in OSA–CVD analysis. Section 3.1 focuses on optimal oximetry-

derived parameters for CVD prediction, including their definitions, computational methods, 

and current limitations. Based on this analytical review, the motivation for Experiment 1 and 

part of the rationale for Experiment 2 are introduced in Section 3.1.5. Section 3.2 expands the 

discussion to additional parameters that may serve as covariates in Experiment 1 or as baseline 

features in Experiment 2. 

 

The second part of the chapter, Sections 3.3 and 3.4 shift focus to the evaluation tools used 

across both experiments. Section 3.3 presents the Cox proportional hazards model, which is 

used to examine the relative hazard associated with oximetry-derived parameters in predicting 

CVD mortality. This section addresses the key research question: Can oximetry-derived 

parameters effectively predict CVD outcomes? The Cox model is introduced along with its 

theoretical foundations, ability to assess independent effects, and potential limitations when 

applied inappropriately. To overcome the constraints of the Cox model, particularly its focus 

on relative risk rather than individual-level prediction, Section 3.4 introduces machine learning 

techniques. These models are applied in Experiment 2, alongside the features described in 

Sections 3.1 and 3.2, to enable individualised prediction of CVD mortality and to explore the 

combined predictive performance of PSG-derived parameters. 
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4 Comparison of oxygen desaturation area-based 

methods in predicting cardiovascular disease 

mortality outcomes 
This chapter particularly focuses on the oximetry signals and use of desaturation area-based 

parameters in predicting CVD mortality. Desaturation area-based parameters have emerged as 

novel predictor of CVD mortality [12, 28]. Existing algorithms estimate the area under the 

oximetry curve but differ in computational aspects due to variations in baseline, sampling 

window, and event choice. These differences result in varying computational complexity and 

predictive performance. This chapter systematically characterises the published desaturation 

area-based algorithms and evaluates the fifteen possible combinations of event choices, 

baseline, and sampling windows to identify the most effective method for predicting CVD 

mortality. 

 

This experiment presents the first comprehensive comparison of these algorithms within the 

same patient population, using a standardised definition of events to identify the most effective 

method for predicting CVD mortality. Furthermore, the comparison between manually scored 

respiratory events and automatically detected desaturation events offers valuable insights for 

improving future automated algorithm development. 

4.1 Rationale 

AHI, the standard measure of OSA severity and a primary diagnostic tool, quantifies the 

frequency of apnoea and hypopnoea events during sleep [66, 285-288]. However, as discussed 

in previous chapters, many studies suggest that AHI may not adequately elucidate the 

association between OSA and CVD. It fails to capture factors such as respiratory event duration, 

sleep fragmentation, arousal events, and oxygen saturation, all of which exert critical impacts 

on the cardiovascular system [12, 27, 114]. With the growing understanding of the association 

between OSA and CVD, a range of oximetry-based parameters has been employed to analyse 

this relationship [289]. Among these, T90 and ODI are routinely calculated in sleep studies and 

have shown promise as predictors of CVD outcomes in patients with OSA [6, 14]. 
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Over the last decade, a novel set of oximetry parameters has been introduced: the desaturation 

area-based parameters. Evidence so far suggests that these parameters may provide superior 

prediction of CVD outcomes in community populations and chronic heart failure-free 

populations [12, 15, 290], compared to the T90 and ODI parameters. Desaturation area-based 

parameters measure the cumulative area of the oximetry trace within a sampling window 

beneath a baseline associated with sleep events. 

 

To date, desaturation area-based parameters have generally been classified according to the 

type of event used as the trigger: respiratory events, typically annotated manually by sleep 

experts following AASM guidelines, and blood oxygen desaturation events, which can be 

identified automatically by algorithms. To capture both approaches, this experiment selected 

three published desaturation area-based algorithms. HB and REDTA are based on manually 

scored respiratory events, whereas DesSev is calculated directly from automated algorithms 

[12, 28, 166]. DesSev was chosen over many other automated methods because it is open-

sourced and supported by published software. This ensures reproducibility and alignment with 

the original design. By contrast, other automated algorithms, such as HBoxi, have not disclosed 

full implementation details. This limits reproducibility and raises the risk that differences in 

performance may reflect variations in reimplementation rather than differences in the 

algorithms themselves [291]. Although HBoxi has shown promise in predicting CVD mortality, 

its limited methodological transparency placed it beyond the scope of this thesis. 

 

These three algorithms also differ in how the sampling window and baseline are defined. 

DesSev employs an event-specific sampling window, HB applies a record-specific window, 

and REDTA uses a fixed window. In terms of baselines, both DesSev and HB adopt event-

specific baselines, whereas REDTA assumes a fixed baseline of 100% [11, 15, 28, 166]. The 

visual demonstrations of sampling windows and baselines are presented in Figure 3.2 (HB), 

Figure 3.3 (REDTA), and Figure 3.4 (DesSev). Event-specific windows and baselines allow 

the area calculation to be tailored precisely to each event, but they are more susceptible to noise 

[28]. Moreover, when events occur in close succession, the residual effects of earlier events 

can interfere with baseline estimation for subsequent ones, reducing the reliability of event-

specific approaches [292]. By contrast, fixed windows and baselines adopt a “one-size-fits-all” 

approach that is more robust to noise but is not customised for the recording/event under study. 

The record-specific approach represents a compromise between the two extremes but requires 
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additional human interpretation to determine how the windows should be adapted for each 

recording. 

 

To our knowledge, no study has systematically examined how computational variations affect 

desaturation area-based parameters or whether such differences alter their ability to capture the 

association between OSA and CVD. Existing studies vary in their computational methods, 

definitions of sleep events (based on different AASM criteria), and study populations, making 

cross-study comparisons difficult [16, 17]. Moreover, the current parameters have not been 

jointly assessed in the same database for predicting the same outcomes, thus limiting direct 

performance comparisons. 

 

This experiment addresses these gaps by conducting a comprehensive comparison of major 

desaturation area-based methods within the same patient population, using consistent 

definitions of respiratory and desaturation events. To ensure accurate implementation, the 

algorithms were applied using their original methods proposed by the authors (REDTA), 

validated replication methods (HB), and publicly available software (DesSev). The aim of this 

experiment is to examine the effects of event selection, sampling window, and baseline 

calculation on desaturation area-based measures for predicting CVD mortality and to identify 

the method that best suits this prediction. 

4.2 Database 

4.2.1 Study samples 

This experiment used data from the SHHS, a community-based multi-centre cohort study 

conducted by the National Heart, Lung, and Blood Institute. The dataset is publicly available 

and was designed to investigate the consequences of sleep-disordered breathing, including 

cardiovascular outcomes [293, 294]. A total of 6441 men and women aged 40 years and older 

participated in an unattended PSG at baseline, with a follow-up examination conducted over 

the subsequent decade. The follow-up collected information on CVD outcomes, demographics, 

smoking history, and alcohol use through interviews, self-reported questionnaires, telephone 

contacts, and adjusted surveillance methods. Of the initial 6441 participants who met the 

inclusion criteria (no history of sleep apnoea treatment, current home oxygen therapy, or 

tracheostomy), 5804 completed the study. 
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During the PSG examination, SpO2 signals were recorded using a fingertip pulse oximeter 

(Nonin, Minneapolis, MN) at a sampling rate of 1 Hz. Respiratory events were manually scored 

by the SRC in Boston, USA, in accordance with the SHHS Reading Centre Manual of 

Operations. Desaturation events were identified based on amplitude attenuation, apnoea and 

hypopnoea events were detected using airflow measurements, and arousals associated with 

respiratory events were identified through EEG signals [294, 295]. The event scoring criteria 

are detailed in Chapter 3. 

4.2.2 Sample selection and characteristics 

The experiment selected participants with completed PSG, CVD mortality outcomes, and 

covariates. According to the experimental design, the covariates included demographic 

variables, smoking status, alcohol intake, non-CVD-related medical history, AHI, T90, MinSat, 

and concurrent cardio-metabolic diseases (heart failure, stroke, angina, coronary 

revascularisation, and myocardial infarction). Of the 5,804 participants who completed the 

study, 11 were excluded due to missing PSG data, 711 due to missing covariate data, 393 due 

to missing CVD mortality outcome data, and 206 due to the missing desaturation areas that the 

DesSev software failed to compute. This resulted in a final sample of 4,483 participants eligible 

for analysis, as depicted in Figure 4.1. Within this cohort, 311 deaths were attributable to CVD 

[58]. The sample characteristics are presented in Table 4.1. In the CVD survivor group, 

females comprised 53.91% of participants, whereas in the CVD mortality group, males were 

more prevalent, accounting for 53.38%. Participants were predominantly Caucasian in both the 

survivor group (88.49%) and the mortality group (88.75%). The mean age was 63.47 years in 

the survivor group and 75.79 years in the mortality group. The mean AHI indicated moderate 

OSA, with values of 17.73 in the survivor group and 20.94 in the mortality group. 
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Figure 4.1 Flow chart for the study sample identified for inclusion from SHHS cohort database. 



Experiment 1 

103 

Table 4.1 Sample characteristics of the SHHS involved in the analysis 

 Total n= 4483 (100%) 

Variables CVD survivor 

n = 4172 (93.1%) 

CVD death 

n = 311 (6.9%) 

Age (years), mean (SD) 63.47 (10.64) 75.79 (7.60) 

BMI (kg/m^2), mean (SD) 28.34 (5.09) 27.33 (4.79) 

Race  

     Caucasian, n (%) 3692 (88.49) 276 (88.75) 

     Other, n (%) 480 (11.51) 35 (11.25) 

Gender  

     Male, n (%) 1923 (46.09) 166 (53.38) 

     Female, n (%) 2249 (53.91) 145 (46.62) 

Smoking status  

     Never, n (%) 1941 (46.53) 142 (45.66) 

     Former, n (%) 1830 (43.86) 148 (47.59) 

     Current, n (%) 401 (9.61) 21 (6.75) 

Total time of sleep (TST), n (%)  

     £ 5h 626 (15.00) 79 (25.40) 

     5-8h 3499 (83.87) 230 (73.95) 

     ³ 8h 47 (1.13) 2 (0.65) 

T90 (%TST), mean (SD) 3.36 (9.96) 6.01 (15.53) 

AHI (events/h), mean (SD) 17.73 (15.73) 20.94 (16.00) 

COPD, n (%) 50 (1.20) 3 (0.96) 

Stroke, n (%) 125 (3.00) 32 (10.29) 

Heart failure, n (%) 57 (1.37) 21 (6.75) 

Diabetes, n (%) 254 (6.09) 65 (20.90) 

Hypertension, n (%) 1576 (37.78)  218 (70.10) 

Lipid-lowering medication use, n (%) 507 (12.15) 50 (16.08) 
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4.3 Methodology 

4.3.1 Desaturation area-based methods 

To achieve the goal of assessing the impact of different computational approaches on 

desaturation area-based parameters in predicting CVD mortality, and of identifying the method 

best suited for this prediction, the experiment began with the implementation of three published 

algorithms: DesSev, HB, and REDTA (the implementation details are provided in Chapter 3). 

These three oximetry-derived algorithms all characterise the overnight desaturation area: the 

area between the oximetry trace and the baseline within sampling windows, which are 

associated with sleep events. However, they differ in computational methodology and can be 

categorised along three dimensions: the choice of events, the definition of sampling windows, 

and baselines. As shown in Table 4.2, DesSev employs event-specific sampling windows and 

event-specific baselines, with windows triggered by automatically detected desaturation events 

[29, 176]. In contrast, HB and REDTA both rely on manually scored respiratory event 

annotations. HB is calculated using record-specific sampling windows and event-specific 

baselines, whereas REDTA is designed as a “one-size-fits-all” method, applying fixed 

sampling windows and a fixed baseline [12, 28]. The detailed computational steps for each 

algorithm, including event scoring criteria, were detailed in previous chapters. 

 

The implementation provided the basis for the subsequent experiment. To maintain consistency 

with the published algorithms, the same standards were applied for event annotation, sampling 

windows, and baselines.  

For the events: 

• Automatically detected desaturation events with a 3% SpO2 drop were annotated 

using the open-source ABOSA package, developed by the original team for calculating 

DesSev [176]. 

• Respiratory events were manually scored by the SRC and provided by the SHHS 

database. 

For the sampling windows: 

• The event-specific window was defined as the start and end of each respiratory or 

desaturation event [176]. 

• The record-specific window was defined by the two peaks of the averaged SpO2 trace 

[12]. 
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• The fixed window started at the midpoint of the event and extended to 2.5 times the 

event duration [28]. 

For the baselines: 

• The event-specific baseline was set as the maximum SpO2 value within 100 seconds 

before the end of the event [12], except for DesSev, whose baseline was calculated 

directly by the ABOSA software. 

• The record-specific baseline was defined as the 99th percentile of the SpO2 signal 

within a single recording [292]. 

• The fixed baseline was set at 100% [28]. 

 

Table 4.2 Summary of the desaturation area calculation methods implemented*. Due to 

limitations of software used for processing signals we were unable to implement the 3 methods 

shaded grey. All other methods were implemented. 

 Manually scored respiratory events 
Automatically detected desaturation 

events 

Sampling 

window 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

sampling 

window 

AEEM AERM AEFM 
AEEA 

(DesSev) 
AERA AEFA 

Record-

specific 

sampling 

window 

AREM 
(HB) 

ARRM ARFM AREA ARRA ARFA 

Fixed 

sampling 

window 

AFEM AFRM 
AFFM 

(REDTA) 
AFEA AFRA AFFA 

* Aa,b,c: A denotes desaturation area methods, a represents the sampling window (E: event-

specific; R: record-specific; F: fixed), b is the choice of baseline (E: event-specific; R: record-

specific; F: fixed), and c indicates the type of events (M: manually scored respiratory events; 

A: automatically detected desaturation events). 
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With standards set, this experiment generated 15 possible combinations of desaturation area-

based methods, varying among event choices, sampling window definition, and baseline 

calculations, as summarised in Table 4.2. This experiment introduced a unified notation for all 

these methods. A method is denoted with the Aa,b,c, where a represents the sampling window 

(E: event-specific; R: record-specific; F: fixed), b is the choice of baseline (E: event-specific; 

R: record-specific; F: fixed), and c indicates the type of events (M: manually scored respiratory 

events; A: automatically detected desaturation events). Using this notation, three base 

algorithms are denoted as follows: DesSev (AEEA), HB (AREM), and REDTA (AFFM).  

 

While most methods were computed in MATLAB following the predefined standards above, 

the computation of AEEA (DesSev), AERA, and AEFA were an exception, as these were 

implemented using the ABOSA software. The rationale for using ABOSA for these methods, 

rather than manual implementation as with the others, was to ensure that observed performance 

differences were attributable solely to the algorithms, not to potential inconsistencies 

introduced during algorithm reimplementation. 

AEEA (DesSev): 

• Implemented directly via ABOSA software. 

• The event-specific baseline was defined as the maximum SpO2 value during an event 

(usually at the start of the event), representing a minor deviation from the definition 

above. 

AEFA: 

• Implemented directly via ABOSA software, without deviation from the standard 

methodology. 

AERA: 

• Calculated using ABOSA software. 

• The value of the record-specific baseline was first determined. A constant value equal 

to the difference between this value and 100% was then added to every SpO2 sample, 

so that the record-specific baseline was adjusted to exactly 100%. The adjusted SpO2 

signal was then processed by ABOSA, and the resulting fixed baseline output was taken 

as AERA. 

 

Additionally, as the ABOSA software is currently unable to accept a respiratory event list, this 

experiment could not calculate three methods associated with the event-specific sampling 
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window and manually scored respiratory events, as indicated in grey in Table 4.2. The software 

functions as a closed and highly integrated package, with no facility to modify event 

annotations or import externally respiratory event lists. As a result, the event-specific sampling 

windows and baselines can only be computed within the software’s native workflow, as 

originally implemented by the authors. However, because ABOSA cannot accept manually 

scored respiratory events as input, it is not possible to combine manually score respiratory 

events timing with the software’s automated baseline and sampling window calculations. Thus, 

the three desaturation area–based methods shaded in grey could not be evaluated in this 

experiment. 

 

Consequently, a total of 15 combinations were evaluated. Although two event variations 

combined with three sampling window variations and three baseline variations could 

theoretically yield 18 combinations, three of these could not be implemented due to software 

limitations. 

4.3.2 Statistical analysis 

The results of each desaturation area method were normalised (z-scores) and treated as distinct 

SpO2 predictors of CVD mortality [148]. Normalisation was necessary to allow direct 

comparison across parameters with different units. It was performed by subtracting the mean 

value of each set of desaturation areas and dividing by its corresponding standard deviation. 

HR, p-values, and associated 95% confidence intervals (95% CI), derived from the Cox 

proportional hazards regression analysis [215], were used to compare the ability of each 

desaturation area method to predict CVD mortality. A p-value threshold of 0.05 was applied to 

determine statistical significance, and a threshold of 0.10 was applied to indicate statistical 

trend. A higher hazard ratio with statistical significance indicated a stronger predictive ability 

of the desaturation area method for CVD mortality. 

 

The Cox proportional hazards regression models in this study were adjusted using the same 

covariates as those in Model 4 of the study by Azarbarzin et al. [12]. These covariates included 

age, race, gender, total sleep time, smoking status, alcohol use, existing COPD, AHI, T90, 

event-related MinSat, and concurrent cardio-metabolic diseases (heart failure, stroke, angina, 

coronary revascularisation, and myocardial infarction). In total, three Cox regression models 

were fitted. The unadjusted model estimated HRs for CVD mortality using desaturation areas 

alone. The partially adjusted model incorporated demographic factors, smoking status, alcohol 
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intake, and non-CVD–related medical history as covariates. The fully adjusted model included 

the same covariates as the partially adjusted model, with the additional adjustment for 

concurrent cardiometabolic disease. 

 

4.4 Results 

To evaluate the predictive efficacy of fifteen desaturation area-based methods, we conducted a 

comparison of their performance in predicting CVD mortality using the same covariates. Table 

4.3 shows the unadjusted HRs with corresponding 95% CI, while Table 4.4 and Table 4.5 

present the adjusted HRs with corresponding 95% CI for normalized desaturation areas as 

predictors of CVD mortality.  

The results in Table 4.4 and Table 4.5 indicate that the oximetry desaturation areas based on 

automatically detected desaturation events were unsuccessful in predicting CVD mortality as 

all p-values of the HRs were greater then 0.1, for partially and fully adjusted covariate models. 

In contrast, the p-values of the HRs for oximetry desaturation areas based on manually scored 

respiratory events were less than 0.1 for the partially adjusted model (Table 4.4) suggesting a 

trend of this group of oximetry parameters providing independent predicting performance of 

CVD mortality. The ARRM, ARFM, and AFRM models all demonstrated statistical significance. 

These results did not hold up for the fully adjusted model (Table 4.5). The only parameter that 

achieved statistical significance was ARRM (HR of 1.79 (95% CI: 1.00–3.19)). ARFM, and AFRM 

demonstrated a statistical trend with a p-value less than 0.1 and all other parameters resulted in 

a p-value greater 0.1.  
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Table 4.3 Desaturation area-based methods predicting CVD mortality in the SHHS with 

unadjusted model. The hazard ratios and corresponding 95% confidence intervals are shown 

for evaluating the performance. All methods are statistically significant.  

 

 

 
Manually scored respiratory 

events 

Automatically detected desaturation 

events 

Sampling 

window 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

sampling 

window 

AEEM AERM AEFM 

AEEA 

(DesSev) 

1.45 

(1.23-1.70) 

AERA 

1.49 

(1.27-1.75) 

AEFA 

1.51 

(1.28-1.77) 

Record-

specific 

sampling 

window 

AREM (HB) 

2.59 

(1.94-3.48) 

ARRM 

3.45 

(2.50-4.68) 

ARFM 

4.10 

(2.87-5.85) 

AREA 

1.33 

(1.13-1.56) 

ARRA 

1.38 

(1.18-1.62) 

ARFA 

1.41 

(1.20-1.66) 

Fixed 

sampling 

window 

AFEM 

1.82 

(1.46-2.27) 

AFRM 

2.10 

(1.67-2.66) 

AFFM 

(REDTA) 

2.25 

(1.75-2.89) 

AFEA 

1.25 

(1.07-1.47) 

AFRA 

1.29 

(1.10-1.52) 

AFFA 

1.30 

(1.11-1.53) 
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Table 4.4 Desaturation area-based methods predicting CVD mortality in the SHHS with 

partially adjusted model. The hazard ratios and corresponding 95% confidence intervals are 

shown for evaluating the performance. P-values shown when less than 0.1. 

The hazard model is partially adjusted by demographic covariates, smoking status, alcohol 

intake, and non-CVD-related medical history. 

 

 
Manually scored respiratory 

events 

Automatically detected desaturation 

events 

Sampling 

window 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

sampling 

window 

AEEM AERM AEFM 

AEEA 

(DesSev) 

1.06 

(0.89-1.27) 

AERA 

1.10 

(0.92-1.31) 

AEFA 

1.08 

(0.90-1.29) 

Record-

specific 

sampling 

window 

AREM (HB) 

1.34 

(0.96-1.87) 

p=0.09 

ARRM 

1.57 

(1.09-2.27) 

p=0.02 

ARFM 

1.62 

(1.08-2.42) 

p=0.02 

AREA 

1.03 

(0.87-1.23) 

ARRA 

1.06 

(0.89-1.27) 

ARFA 

1.05 

(0.88-1.26) 

Fixed 

sampling 

window 

AFEM 

1.19 

(0.94-1.51) 

AFRM 

1.30 

(1.00-1.69) 

p=0.04 

AFFM 

(REDTA) 

1.31 

(0.99-1.73) 

p=0.06 

AFEA 

1.00 

(0.88-1.14) 

AFRA 

1.03 

(0.89-1.18) 

AFFA 

1.01 

(0.89-1.16) 
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Table 4.5 Desaturation area-based methods predicting CVD mortality in the SHHS with fully 

adjusted model. The hazard ratios and corresponding 95% confidence intervals are shown for 

evaluating the performance. P-values are shown when less than 0.1. 

The hazard model is fully adjusted by demographic covariates, smoking status, alcohol intake, 

non-CVD-related medical history, AHI, T90, MinSat, and concurrent cardio-metabolic disease 

(heart failure, stroke, angina, coronary revascularisation, and myocardial infarction).  

 

 
Manually scored respiratory 

events 

Automatically detected desaturation 

events 

Sampling 

window 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

baseline 

Record-

specific 

baseline 

Fixed 

baseline 

Event-

specific 

sampling 

window 

AEEM AERM AEFM 

AEEA 

(DesSev) 

1.02 

(0.79-1.32) 

AERA 

1.08 

(0.84-1.39) 

AEFA 

1.02 

(0.79-1.32) 

Record-

specific 

sampling 

window 

AREM (HB) 

1.56 

(0.84-2.89) 

ARRM 

1.79 

(1.00-3.19) 

p=0.04 

ARFM 

1.69 

(0.91-3.15) 

p=0.1 

AREA 

0.96 

(0.74-1.23) 

ARRA 

1.00 

(0.78-1.28) 

ARFA 

0.98 

(0.76-1.25) 

Fixed 

sampling 

window 

AFEM 

1.24 

(0.79-1.96) 

AFRM 

1.53 

(0.93-2.52) 

p=0.09 

AFFM 

(REDTA) 

1.47 

(0.88-2.46) 

AFEA 

0.94 

(0.82-1.07) 

AFRA 

0.96 

(0.83-1.11) 

AFFA 

0.95 

(0.82-1.09) 
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4.5 Discussion 

This experiment conducted a comprehensive comparison of desaturation area-based methods 

to evaluate their effectiveness in predicting CVD mortality among middle-aged and older adult 

cohorts. Variations in event choice, sampling window, and baseline for area-based 

computational methods were examined, and the predictive performance of each was assessed 

for CVD mortality. The results indicate that parameters associated with manually scored 

respiratory events generally demonstrated some evidence of predictive ability for CVD 

mortality. Among these, methods using record-specific sampling windows achieved the 

strongest performance in both partially and fully adjusted models. Specifically, in the fully 

adjusted model, the ARRM method outperformed all others with a significant hazard ratio. 

Besides, ARFM and AFRM showed significance in the partially adjusted model but became only 

marginally significant after adjustment for all covariates. By contrast, there was minimal 

evidence linking CVD mortality to parameters derived from automatically detected 

desaturation events. Methods associated with the automated desaturation detection algorithms 

chosen in this thesis consistently produced p-values greater than 0.1, regardless of the level of 

covariate adjustment, indicating negligible predictive ability for CVD mortality. 

 

With the goal of identifying a desaturation area method that reliably predicts CVD mortality, 

ARRM emerges as the most promising approach. Its record-specific sampling window is patient-

oriented and tailored to each recording, reducing the risk of incomplete capturing of 

desaturation events, especially in patients with prolonged respiratory events. Additionally, the 

record-specific baseline offers greater noise tolerance than event-by-event baselines, 

minimising the influence of recording quality on predictive performance. ARRM strikes an 

optimal balance between individualised analysis and noise resistance, showing strong potential 

for CVD mortality prediction. This method represents a significant step toward clinical 

implementation and could be valuable for early risk stratification in CVD patients. 

 

Moreover, the unadjusted Cox models (Table 4.3) generally yielded larger hazard ratios than 

the covariate-adjusted models (Table 4.4 and Table 4.5). This attenuation after adjustment 

suggests that part of the association between desaturation area-based metrics and CVD 

mortality may be explained by established CVD risk factors such as age, BMI, hypertension, 

and diabetes. In other words, the unadjusted estimates capture both the direct prognostic 

contribution of the desaturation area-based metrics and its shared variation with traditional 
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clinical covariates. After controlling for these factors, the adjusted hazard ratios more 

specifically reflect the independent association of the desaturation area-based metrics with 

mortality risk. These findings highlight the importance of multivariable modelling when 

evaluating sleep-related predictors, as apparent effects in univariable analyses may be partly 

attributable to confounding or overlapping risk pathways. Nonetheless, the persistence of 

statistically significant associations in adjusted models would support the added prognostic 

value of desaturation area-based metrics beyond conventional cardiovascular risk factors. 

 

In addition to evaluating predictive performance, this experiment also discussed the reasons 

underlying the distinct differences between methods based on manually scored respiratory 

events and those based on automatically detected desaturation events. As shown in Table 4.4 

and Table 4.5, methods triggered by automatically detected desaturation events yielded 

insignificant HR values across both Cox model adjustments, suggesting no predictive ability 

for CVD mortality. By contrast, methods with the same paired sampling windows and baseline 

choices but based on manually scored respiratory events demonstrated promising outcomes. 

For example, AFRM and AFRA showed substantial variation in predictive performance, with AFRM 

achieving a significant HR (1.53) and AFRA showing an insignificant HR (0.96) in the fully 

adjusted models. The only difference between these methods was the choice of events, despite 

both using the same fixed sampling window and record-specific baseline. This finding suggests 

that event choice can greatly influence the predictive ability of desaturation area-based methods 

for CVD mortality. 

 

A possible explanation for this inconsistency is the exclusion of arousal events by the 

automated desaturation event detection algorithm. The automatically detected desaturation 

events used in this experiment were obtained directly from the oximetry signal. The system 

applied a moving sampling window across the recording and captured any oxygen desaturation 

greater than 3%. By contrast, manually scored respiratory events were annotated using multiple 

signals to identify apnoea and hypopnoea events. As described in previous chapters, the scoring 

criteria for hypopnoea events incorporate not only oxygen desaturation but also arousals. This 

difference in annotation means that hypopnoea events associated with arousal may be 

undercounted when using automated detection algorithms. As exampled in Figure 4.2, a 

hypopnoea event scored in the SHHS database was associated with an arousal that occurred 

within 5 seconds after the event ended, despite the absence of a desaturation greater than 3%. 

If the area method employs manually scored respiratory events, this event is still counted 
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toward the area calculation. However, when using automated algorithms that rely solely on 

oxygen desaturation, this event is neglected in the calculation, leading to inaccurate estimation 

of overnight hypoxemic burden. Within the same SHHS recording, manually scored respiratory 

events outnumbered automatically detected desaturation events by an average factor of five, 

suggesting that a substantial number of events are excluded when applying automated 

approaches to desaturation area-based methods. 

 

Similar outcomes were observed by Esmaeili et al., who developed an automated desaturation 

method, HBoxi, based solely on the oximetry signal with a 2% desaturation threshold, and 

reported promising results in predicting CVD outcomes [291]. According to Esmaeili et al., 

applying a 3% threshold (as recommended by the AASM criteria) to the automated method did 

not yield statistically significant results. This suggests that automated methods using thresholds 

aligned with AASM criteria may not provide a valid characterisation of overnight hypoxia, 

thereby reducing their predictive performance for CVD mortality. Although HBoxi was not 

included in this experiment due to technical limitations, as the authors did not disclose detailed 

implementation instructions, placing it beyond the scope of this study, their observations 

regarding the desaturation threshold align with the findings of this experiment. Both indicate 

that desaturation area-based methods are highly sensitive to the sleep events. This means that 

even when the sampling window and baseline are held the same, the definition of annotated 

sleep events can substantially influence the performance of parameters in predicting CVD 

outcomes. Therefore, in the future development of automated desaturation area-based 

algorithms, particular attention should be given to the approach used to annotate sleep events. 
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Figure 4.2 An example of a hypopnoea event is one accompanied by an arousal event 

(identified based on EEG signal) that begins within 5 seconds after the hypopnoea event ends. 

If the associated desaturation is less than 3% (as illustrated in this figure), such events can only 

be identified through manual respiratory event scoring, which relies on expert input and 

multiple signals from overnight PSG. Consequently, the number of manually scored respiratory 

events is typically higher than that of automatically detected desaturation events. 
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4.6 Limitations 

This experiment has some limitations. The SHHS represents a community-based population of 

middle-aged and older adults, predominately Caucasian, with limited information on OSA 

treatment history. Additionally, the duration of OSA in patients is unknown, which may 

influence the adaption of the cardiovascular system to long-term hypoxemia and hence may 

influence the oximetry desaturation area-based parameters [295].  In future studies, the 

comparison could be made in larger and more diverse databases, and there is a need to conduct 

such experiment on clinical populations or populations with OSA patients only. 

 

Furthermore, the discussion of event scoring has its limitations. Comparisons between 

manually scored respiratory events and automatically detected desaturation events were 

conducted in one database. To derive more reliable conclusions regarding the impact of 

automated desaturation event detection on CVD mortality prediction, further investigations 

using multiple databases are necessary. Additionally, the automatic detection algorithm used 

in this study is only one of several available methods and does not represent the performance 

of all published algorithms. Terrill et al. introduced an algorithm for detecting desaturation 

events and calculating a dynamic baseline for oximetry data [296] and Esmaeili et al. developed 

HBoxi [291]. Both approaches could be explored in future research. 

 

Moreover, one potential explanation for the comparatively lower performance of the automated 

algorithms observed in this experiment is their sensitivity to the choice of desaturation 

threshold. The DesSev method was originally developed using a 3% desaturation criterion, 

consistent with the AASM scoring manual. However, previous studies have suggested that a 

2% threshold may improve performance in certain contexts [291]. Therefore, it would be 

valuable to explore whether applying a lower desaturation threshold within the ABOSA 

software implementation of DesSev could enhance predictive accuracy. Nevertheless, such 

sensitivity analyses could not be undertaken in the present study because the ABOSA software 

operates as a closed and highly integrated package. To ensure that the algorithm was 

implemented exactly as proposed by the original authors, the software had to be used in its 

native form, which does not permit modification of desaturation thresholds or event annotation 

criteria. Consequently, threshold-based investigations were not feasible within the current 

experimental framework.  



 

117 

 

 

 
 

Chapter 5 

Experiment 2  



Experiment 2 

118 

5 Using PSG-derived parameters and explainable 

machine learning approaches to predict CVD 

mortality 
This chapter investigates the predictive ability of combined PSG-derived parameters and aims 

to provide individualised CVD mortality outcome estimates for patients through a machine 

learning approach. The experiment comprises two phases:  

• Phase 1 builds on previous analyses by examining whether oximetry-derived 

parameters can predict 3-year CVD mortality outcomes.  

• Phase 2 focuses on identifying an explainable machine learning model that predicts 

individual-level CVD mortality outcome, incorporating features from demographics, 

medical history, lifestyle factors, and PSG-derived parameters.  

 

This experiment is distinctive in its holistic assessment of sleep study parameters as an 

integrated set, moving beyond the traditional focus on single-parameter analysis. By exploring 

whether internal interactions among PSG-derived features can enhance predictive performance, 

this study offers new insights into the complex relationship between OSA and CVD. 

Furthermore, it introduces individualised outcome estimates, a significant step towards 

practical clinical application that bridges the gap between sleep study data and actionable 

cardiovascular risk management. 

5.1 Rationale 

In the previous chapters, OSA has been increasingly recognised as an independent risk factor 

for CVD, presenting a valuable opportunity for future CVD risk stratification. Overnight PSG, 

the gold standard for OSA assessment, records a comprehensive set of physiological signals, 

including respiratory flow, blood oxygen saturation, heart rate, muscle and brain activity, and 

eye movements. These signals characterise the OSA condition and can provide insights for 

predicting CVD outcomes. While the traditional metric AHI remains the gold standard for OSA 

diagnosis, it is a poor independent predictor of CVD mortality, primarily due to its inability to 

capture the full consequences of respiratory disturbances.  Alternative PSG-derived metrics 

have been explored, and several have demonstrated promising performance in predicting CVD 

outcomes. Among these, oximetry-derived parameters, such as T90 and ODI3, have 
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consistently shown strong predictive ability across various CVD outcomes. Desaturation area-

based parameters, despite their computational variations, have also emerged as novel and 

promising indicators of CVD mortality. These are discussed in detail in Chapter 4 [15, 28, 132, 

188, 200]. Additionally, the association between sleep metrics and CVD risk extends beyond 

oximetry-derived measures. For instance, EEG-derived TST demonstrates a U-shaped 

relationship with CVD risk [297]. 

 

However, existing studies predominantly evaluate parameters in isolation, assessing the 

predictive ability of each parameter individually rather than in combination. This single-

parameter focus fails to capture the multifaceted nature of OSA, wherein each parameter 

reflects only a specific physiological dimension. Relying solely on partial representations of 

the OSA condition may limit the accuracy of predicting future CVD outcomes [19]. Supporting 

this, Baumert et al. demonstrated that combining two T90-based measures significantly 

improved the prediction of CVD mortality compared to single-parameter models, highlighting 

the value of multi-dimensional predictors that better characterise nocturnal hypoxaemia [6]. 

While combining features can enhance predictive performance, the relationship is not strictly 

additive, as the inclusion of excessive or irrelevant variables may degrade model performance. 

Therefore, rigorous and systematic parameter selection remains critical. Nevertheless, in the 

context of disease prediction, particularly for complex conditions like heart disease, multi-

dimensional parameters that provide complementary insights are often necessary for robust 

risk stratification [298]. 

 

Methodologically, most current studies rely on the Cox model, a traditional survival analysis 

technique that estimates the relationship between predictors and time-to-event outcomes. The 

widely used Cox proportional hazards model estimates relative effects in the form of hazard 

ratios rather than absolute risk probabilities. Although survival models remain essential for 

time-to-event analysis and can support dynamic assessment of how risk evolves with changes 

in risk factors over time, relative hazard measures are often difficult for non-statistical end-

users, such as patients, to interpret in terms of the severity of their condition. This limitation 

may reduce the clinical utility of such models for personalised risk assessment. In clinical 

communication, statements such as “your sleep measurement corresponds to a hazard ratio of 

X, indicating an X-fold higher hazard of CVD mortality compared with the baseline level” may 

provide limited practical meaning for patients, as the concept of the baseline level is often 

unclear. As a result, patients may struggle to interpret what such relative risk estimates imply 
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about the severity of their condition or their personal prognosis. Additionally, modelling the 

combined effects of multiple variables requires explicit interaction terms, increasing model 

complexity and potentially reducing interpretability [18].  

 

In contrast, machine learning approaches inherently capture nonlinear interactions between 

features and can demonstrate personalised survival probabilities at specific time points. These 

methods provide a more intuitive and actionable framework for clinical decision-making by 

presenting clear, individual-level CVD outcome estimates. Studies have shown that machine 

learning survival models achieve performance comparable to, and often exceeding, that of the 

Cox model, particularly in complex, multivariate contexts such as disease prediction [21-26]. 

More recent work applying machine learning approaches to metastatic relapse prediction 

further supports their utility for complex outcome modelling beyond traditional regression-

based survival analysis [24]. Given the concerns of single-parameter analyses and the goal of 

improving individual-level CVD outcome prediction, a methodological shift towards machine-

learning approaches may serve as a valuable complement to conventional statistic models. Such 

approaches can integrate multiple parameters and provide more intuitive risk estimates, thereby 

supporting clearer communication of cardiovascular risk to patients. 

 

To address the common concern regarding the “black-box” nature of certain machine learning 

algorithms, this experiment prioritises the use of explainable models. Given the goal of 

supporting clinical application, it is essential to select models that are interpretable and 

transparent for end-users, including clinicians and patients. While previous studies have 

demonstrated strong predictive performance using less-interpretable methods, particularly 

deep learning, the lack of transparency poses a significant barrier to clinical applications, as 

clinicians are unlikely to base decisions on models that are difficult to interpret. Explainable 

machine learning offers a promising solution to these concerns, as it provides greater 

transparency while also outperforming traditional statistical methods in various medical 

contexts [18]. Therefore, explainable machine learning provides a flexible, data-driven, and 

clinically relevant framework for predicting CVD outcomes using PSG-derived parameters. 
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5.2 Database 

5.2.1 Sample selection 

To ensure consistency in comparing the predictive abilities of parameters for CVD mortality, 

this experiment also utilised PSG recordings, corresponding CVD outcomes, demographic data, 

and medical history from the SHHS cohort. Details of the SHHS cohort have been described 

in the previous chapter. Samples included in this experiment were selected based on predefined 

criteria, as outlined in Figure 5.1. Specifically, only participants with complete PSG data, 

covariate data, and CVD outcome data were considered in the experiment. The covariates used 

in the sample selection process included age, race, BMI, gender, smoking status, daily alcohol 

intake, and medical history of hypertension, diabetes, heart failure, and hyperlipidaemia. 

Importantly, while the feature sets differ among the two phases of the experiment, the same 

samples were used in both phases to control for potential bias introduced by varying sample 

selection in the training and testing datasets. 

5.2.2 Sample characteristics  

Of 5804 participants who completed the study, 11 were excluded due to missing PSG data, 711 

due to missing covariate data, 393 due to missing CVD mortality outcome data, and 151 due 

to censored CVD mortality outcome data. This resulted in a final sample of 4.538 participants 

eligible for the analysis, as depicted in Figure 5.1. Within this cohort, samples were categorised 

using a 3-year cut-off threshold: 3-year CVD death group and 3-year CVD survivor group for 

the first two phases of the experiment. The 3-year CVD mortality group explicitly excludes 

151 censored participants whose follow-up ended within 3 years without an observed CVD 

event. Table 5.1 summarised the sample characteristics. In the 3-year CVD survivor group, 

females comprised 53.20% of the participants, whereas in the 3-year CVD death group, males 

were more prevalent, representing 58.93%. Participants were predominantly Caucasian in both 

the survivor group (87.29%) and the mortality group (85.71%). The mean age was 64.23 years 

in the survivor group and 76.54 years in the mortality group. The mean AHI (17.95 in the 

survivor group and 23.41 in the mortality group) indicated moderate OSA.  
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Figure 5.1 Flow chart for the study sample identified for inclusion from SHHS cohort database. 
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Table 5.1 Sample characteristics of the SHHS involved in the analysis. 

 Total n= 4538 (100%) 

Variables 3-year CVD survivor 

n = 4482 (98.8%) 

3-year CVD death 

n = 56 (1.2%) 

Age (years), mean (SD) 64.23 (10.76) 76.54 (7.31) 

BMI (kg/m^2), mean (SD) 28.30 (5.08) 26.44 (5.27) 

Race  

     Caucasian, n (%) 3961 (87.29) 48 (85.71) 

     Other, n (%) 521 (12.71) 8 (14.29) 

Gender  

     Male, n (%) 2124 (46.80) 33 (58.93) 

     Female, n (%) 2414 (53.20) 23 (41.07) 

Smoking status  

     Never, n (%) 2088 (46.01) 26 (46.43) 

     Ever, n (%) 2450 (53.99) 30 (53.57) 

Alcohol intake (drinks per day) 2.70 (5.74) 2.18 (5.43) 

Total time of sleep (TST), n (%)  

     5-8h 3854 (84.93) 50 (89.29) 

     £ 5h 684 (15.07) 6 (10.71) 

T90 (%TST), mean (SD) 3.38 (10.02) 10.07 (20.59) 

AHI (events/h), mean (SD) 17.95 (15.72) 23.41 (17.23) 

ODI3*(events), mean (SD) 76.17 (75.71) 81 (68.87) 

Heart failure, n (%) 70 (1.54) 11 (19.64) 

Diabetes, n (%) 313 (6.90) 18 (32.14) 

Hypertension, n (%) 1807 (39.82)  41 (73.21) 

Lipid-lowering medication use, n (%) 573 (12.63) 12 (21.43) 

*The ODI3 used in this experiment was calculated according to the SHHS cumulative 

definition, where ODI3 represents the total number of oxygen saturation with desaturation >= 

3%. 
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5.3 Methodology 

To achieve the goal of personalised CVD mortality outcome forecasting, the experiment was 

divided into two phases. Phase 1 validated whether a selected group of oximetry-derived 

parameters can enhance predictive performance for future 3-year CVD mortality, while Phase 

2 developed an explainable machine learning model that balances predictive accuracy, 

computational simplicity, and interpretable decision-making for end-users.  

 

The experiments in both phases followed the same classification system, as illustrated in 

Figure 5.2 and detailed in the following sections. The system comprised four main steps, from 

signal pre-processing to performance evaluation. In the first step, signals (different in two 

phases) from the SHHS database underwent pre-processing to prepare for subsequent feature 

extraction. Then, the calculated features, alongside demographic information and medical 

history, were selected and passed to the classification stage. Finally, the proposed model was 

evaluated for its predictive performance in forecasting individualised CVD mortality outcomes. 

In addition, the combined and individual contributions of features were analysed to enhance 

model interpretability. These steps were iteratively performed to identify optimal feature and 

classifier combinations that maximise the predictive performance while minimising reliance 

on specialised clinical inputs and reducing classifier complexity. 

 

This strategy was designed to maximise the model’s applicability across a broader population. 

Models that rely exclusively on features obtained through clinical assessments or specialist 

manual annotations are inherently limited to individuals with access to professional sleep 

testing: resources that may not be available in medically underserved regions or for individuals 

facing financial constraints (as discussed in Chapter 2). By focusing on general features such 

as basic medical history, lifestyle factors, or unattended measurable parameters, the model has 

the potential for broader application in primary care settings or home environments, thereby 

supporting large-scale population screening. Furthermore, prioritising simpler and more 

interpretable models enhances the likelihood of adoption by end-users, including both 

clinicians and patients, and improves feasibility in low-resource settings or portable platforms. 
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Figure 5.2 Block diagram of the classification system used in this experiment. 

5.3.1 Phase 1: Can oximetry-derived parameters effectively predict CVD 

outcomes? 

Phase 1 served as an extension of the previous chapters, where the individual predictive 

abilities of oximetry-derived parameters were summarised, and the influence of computational 

differences on CVD mortality prediction was discussed. As demonstrated in Section 3.1.5, 

although oximetry-derived parameters have shown promise in predicting CVD outcomes, 

existing studies have rarely explored the combined utility of these parameters and their 

interactive effects on prediction. Therefore, Phase 1 specifically focused on evaluating the 

combined predictive power of oximetry-derived parameters in relation to CVD mortality. This 

analysis also aims to provide preliminary guidance for feature selection in the subsequent phase 

of the study. 

5.3.1.1 Data preparation 

This study analysed 4,246 SpO2 recordings, along with corresponding demographic 

information, lifestyle habits, and 3-year CVD mortality outcomes. The overnight SpO2 signals 

were pre-processed using a 50% SpO2 cut-off to remove sensor movement artefacts [299]. 

Manually annotated sleep stages were incorporated to distinguish sleep from wake periods, 

ensuring all features were calculated during sleep only [16, 80]. Participants were categorised 

into two classes based on 3-year CVD mortality outcomes: those who died within 3 years (n = 

56) [mortality class] and those who lived for 3 or more years (n = 4,190) [survivor class].  
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Due to the highly imbalanced nature of the dataset, comprising 56 positive cases and 4190 

negative cases, class weighting was applied to mitigate the bias toward the majority class. As 

detailed in Chapter 3.4.5, the class weights were calculated using a simplified inverse-

frequency weighting scheme, as shown in Equation 3.39: 

𝜔k =	
Q
OG

                                                                                                                                                                 (3.39) 

where  𝜔k  is the weight assigned to class 𝐶, 𝑁k  is the total number of samples within class 𝐶 

[277]. In this study, the minority class was assigned a weight of 𝜔FB;@?HA@7 =	
Q
��
≈ 0.0179, 

while the majority class received 𝜔>:;zAzB; =	
Q

�Q�R
≈ 0.00024 . These weights were 

incorporated into the class prior probabilities, which influence the discriminant function of the 

LDA classifier, thereby balancing the contribution of each class during classification. 

5.3.1.2 Feature extraction 

To evaluate the interactive contribution of oximetry-derived parameters in predicting 3-year 

CVD mortality, this study selected features from self-reported data and oximetry signals, 

following a primary feature selection principle: prioritising oximetry-derived parameters while 

including only simple, low-risk features unlikely to be misreported, such as basic demographics 

and lifestyle habits. This approach aims to minimise the influence of potentially inaccurate 

self-reported data and better reflects the true predictive value of oximetry-derived features.  

 

The selected features were grouped into three models for comparative analysis, as summarised 

in Table 5.2. Model A (baseline) included demographic and lifestyle features; Model B 

included only oximetry-derived parameters; and Model C combined all features from Models 

A and B. Age were log-transformed, ensuring they are suitable for the subsequent classification. 

 

Demographic features included age (in years), BMI, race (Caucasian or non-Caucasian), and 

gender (male or female). Age was recorded at the time of the SHHS experiment, with any value 

above 90 capped at 90 years. BMI was calculated using height and weight measured at the time 

of study, using the standard formula: 

𝐵𝑀𝐼	(𝑘𝑔 𝑚K⁄ ) = i=Anb@	AC	fAHBn;?F
6=Anb@	AC	F=@;=I

                                                                                                         (5.1) 

Lifestyle features comprised two major CVD risk factors: smoking status (categorised as never 

or ever) and alcohol intake (quantified as the number of drinks per day). The oximetry-derived 

parameters: T90, ODI3, and HB, were computed for the sleep period only, as prior findings (in 

Chapter 3 and 4) highlighted their strong predictive performance for CVD mortality. 
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As shown in Figure 5.3, T90 quantifies cumulative hypoxemic insult by measuring the total 

duration of sleep during which oxygen levels fall below 90% [15]. ODI3 is a commonly used 

metric to indicate intermittent hypoxemia. It measures the number of oxygen desaturation 

events greater than 3% per during sleep. The calculation method involves identifying 

desaturation events with at least a 3% decrease in oxygen levels from the baseline [15]. This 

experiment employs SHHS cumulative definition of ODI3, which is the total number of oxygen 

saturation with desaturation >= 3%. HB is a widely used desaturation area-based parameter 

that calculates the sum of desaturation areas per hour of sleep. Each desaturation area is 

associated with apnoea or hypopnoea events that involve at least a 3% oxygen levels drop or 

arousal events occurring within 5 seconds. The HB method applied in this experiment follows 

the original approach proposed by Azarbarzin et al. The area is measured as the space between 

the SpO2 trace and the pre-event baseline, within a recording-specific sampling window. This 

sampling window is defined as the interval between two peaks of the averaged events in a 

recording and remains consistent for all events in that recording. The pre-event baseline is 

determined as the maximum SpO2 value observed within 100 seconds prior to the end of each 

event [12].  

 

Table 5.2 Summary of three feature combinations used in Phase 1. 

Model Features 

A 
Demographic information: Age, BMI, Race, and Gender 

Lifestyle habits: Smoking status and Alcohol intake 

B Oximetry-derived features: T90, ODI, and HB 

C 

Demographic information 

Lifestyle habits  

Oximetry-derived features. 
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Figure 5.3 The oximetry-derived parameters used in this study are illustrated with each 

parameter highlighted in a different colour for clarity. T90 (in purple) represents the total 

duration of sleep with SpO2 levels below 90%. ODI3 (in red) is an event-based parameter that 

counts the number of desaturation events where SpO2 decreases by more than 3%. Hypoxic 

burden (in grey) is a desaturation area-based parameter that measures the total area between 

the baseline and SpO2 trace associated with desaturation events. 

5.3.1.3 Classification 

As Phase 1 focuses on evaluating the predictive ability of oximetry-derived features, a simple 

and interpretable classification model was employed: LDA, a traditional discriminant classifier. 

LDA aims to identify a linear decision boundary where the prior probabilities of the classes are 

equal, under the assumption of multivariate normality and homoscedasticity. This choice offers 

computational efficiency and allows for straightforward assessment of both individual and 

combined feature contributions. Given the highly imbalanced nature of the dataset, Weighted 

LDA was applied by incorporating class weights into the calculation of the within-class and 

between-class scatter matrices. This weighting scheme increases the influence of the minority 

class (positive cases) during the determination of the discriminant direction. 

 

Mathematically, the objective of Weighted LDA is to identify the projection vector 𝜔 that 

maximises the ratio of between-class variance to within-class variance, also known as the 

weighted multivariate Fisher criterion: 

𝐽(	𝜔) = 	gBIC
T6EUVW6X	g

	gBID
T6EUVW6X	g

                                                                                                                  (5.2)                                         
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where 𝜔 is the optimal projection direction that enhances class separability. 𝑆j
m=Anb@=o   and 

𝑆i
m=Anb@=o denote the weighted between-class and within-class scatter matrices, respectively, 

as detailed in Chapter 3.4.2 [227].  

5.3.1.4 Performance evaluation 

As this study specifically aimed to evaluate the interactive effects of oximetry-derived 

parameters in predicting CVD mortality, the optimisation step shown in the classification 

system (Figure 5.2) was not applied in this phase. Model performance was assessed using 10-

fold cross-validation. The dataset was randomly partitioned into 10 folds, with each fold 

serving once as the testing set while the remaining nine folds were used for training. To secure 

a fair comparison, the same random fold separation was maintained across all models. For each 

model, performance metrics including sensitivity, specificity, accuracy, and F1 score were 

calculated based on the confusion matrix from each fold and then averaged. Standard errors 

(SE) of the metrics were also computed to quantify the variability. To ensure that performance 

comparisons were statistically robust, the Wilcoxon signed-rank test was employed to assess 

whether differences between models were statistically significant [281].  

 

While the combined predictive ability of oximetry-derived parameters was assessed using 

performance metrics, the individual contribution of each parameter was evaluated using the 

univariate Fisher score: 

𝐽 = (�=N�I)I

�=ID�II
                                                                                                                             (5.3) 

where 𝜇  and 𝜎  represent the mean and variance of a given feature within each class, 

respectively [300]. Although the multivariate Fisher criterion shares the same underlying 

principle: maximising class separability, the univariate version evaluates each parameter 

independently and allows for individual ranking. In this study, the univariate Fisher score was 

employed to quantify the discriminatory power of each oximetry-derived parameter and to 

inform feature selection in the subsequent Phase 2 analysis. 

5.3.2 Phase 2: Explainable machine learning model for predicting 3-year 

CVD mortality outcome 

At this phase of the experiment, the research focus shifted from evaluating the predictive 

performance of oximetry-derived parameters for CVD mortality to developing an explainable 

model that utilises sleep measurements to provide personalised assessments suitable for clinical 
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application. Current OSA–CVD analyses predominantly rely on the Cox model to assess the 

association between sleep measurements and CVD outcomes. While informative, this approach 

estimates relative hazard ratios across groups defined by a particular sleep metric and does not 

generate individualised predictions, limiting its clinical applicability. To serve as a 

complementary, this study proposed an explainable machine learning model that builds upon 

the previously identified PSG-derived parameters to provide accurate, individual-level 

predictions of CVD mortality outcome. Importantly, the model maintains transparency in its 

decision-making process while minimising reliance on medical resources, thereby enhancing 

both its trustworthiness and broader utility for end-users. This phase of the experiment began 

with building the predictive model for 3-year CVD mortality. Once the optimal combination 

of models and features was established, the analysis was extended to 5-year and 10-year CVD 

mortality to evaluate the generalisability of the proposed machine learning model. 

5.3.2.1 Data preparation 

This phase of the study retained the data preparation strategies employed in Phase 1. The SpO2 

signal was pre-processed using a 50% cut-off threshold, and CVD mortality outcomes were 

categorised based on a 3-year period. To address class imbalance, class weights were again 

applied during model training. In addition to the methods used in Phase 1, this phase 

incorporated manually annotated EEG and airflow signals, which were used to identify non-

REM and REM sleep stages as well as key sleep events (arousals, apnoea, and hypopnoea) for 

feature extraction. Sleep stages and arousal events were scored by experts using 30-second 

epochs based on EEG signals, while apnoea and hypopnoea events were identified using 

airflow measurements over 2- or 5-minute windows [168, 169]. Obstructive apnoea was 

defined as a ≥75% reduction in airflow lasting at least 10 seconds, whereas hypopnoea was 

defined as a ≥30% reduction in airflow of the same duration. 

5.3.2.2 Feature extraction 

The feature extraction process in this study followed a key principle: prioritising features that 

require minimal expert input while remaining concise and informative, yet still achieving 

strong predictive performance for CVD mortality outcome. This strategy aims to broaden the 

model’s applicability, enabling effective CVD outcome assessments for populations in 

medically underserved regions or for individuals experiencing financial burden, without 

necessitating extensive clinical resources.  
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The optimisation process for feature selection in this study comprised two stages: preliminary 

feature selection and comprehensive feature selection, as detailed in Table 5.3. In the 

preliminary stage, features were manually selected based on their minimal reliance on clinical 

resources. These included: (i) variables that can be self-reported without medical assessment 

(e.g., demographic information and lifestyle habits); (ii) common medical history items that 

are widely understood by the general population and are recognised as independent risk factors 

for both CVD and OSA; and (iii) unattended measurable parameters that can be obtained using 

portable devices (e.g., smartwatches and fitness trackers), thereby reducing dependence on 

specialised equipment. The final model then underwent comprehensive feature selection, 

which was guided by performance outcomes from both Phase 1 and Phase 2. Feature 

combinations were iteratively refined to optimise predictive performance while maintaining 

interpretability and clinical applicability. 

 

Table 5.3 Summary of features used in two stages in Phase 2. 

Stage of feature selection Features 

Preliminary stage 

(i) Age, BMI, race, gender, smoking status, and alcohol intake  

(ii) Hypertension, diabetes, heart failure, and hyperlipidaemia 

(iii) HB, T90, ODI3, TST, and AHI 

Comprehensive stage 

(i) Age, BMI, race, gender, and alcohol intake  

(ii) Hypertension, diabetes, and heart failure 

(iii) HB, T90, TST, and AHI 

 

In addition to the features used in Phase 1 (Table 5.2), this study incorporated two additional 

PSG-derived parameters: TST, and AHI. TST, derived from EEG recordings, is calculated by 

summing the duration of manually identified non-REM and REM sleep stages. It has been 

recognised as a promising predictor of adverse CVD outcomes [203]. AHI, the standard metric 

for OSA diagnosis, is manually calculated based on airflow, with specific scoring criteria 

detailed in Section 5.3.2.1. Although it has been widely acknowledged that AHI inadequately 

captures the full respiratory disturbances, often resulting in suboptimal predictive performance, 

it was still included in this study. This decision is based on the recognition that univariate 

analyses may overlook important interactive effects, and that features with limited individual 

predictive power can nonetheless contribute meaningfully to model performance when used in 

combination with other variables [11, 27, 301].  
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Medical history in this study was intentionally simplified to include only conditions that are 

widely understood by the general population. The response format was binary (“ever” or 

“never”) to minimise ambiguity and facilitate self-reporting. The included conditions: 

hypertension, diabetes, hyperlipidaemia, and heart failure, are all strongly associated with both 

CVD and OSA, as detailed in Chapter 2. 

5.3.2.3 Classifiers 

Given that the objective of this study is to classify participants into appropriate CVD mortality 

groups (i.e., 3-year CVD death versus 3-year CVD survivor), the choice of classifiers was 

restricted to supervised learning methods. Furthermore, to align with the study’s goal of 

developing an explainable model with a transparent decision-making process, only 

interpretable models were considered. These included two single classifiers: LDA and SVM, 

and two decision tree-based ensemble learning methods: RF (bagging) and XGBoost 

(boosting). Neural networks and deep learning models were excluded due to their inherent 

complexity and black-box decision logic, which can undermine trust and hinder practical 

application by end-users. Additionally, for tabular data as used in this study, boosting methods, 

particularly XGBoost, have consistently demonstrated superior performance [266, 302, 303]. 

 

This study considered LDA as the baseline model, as detailed in Phase 1. The linear SVM 

included in this study is a margin-based classifier that identifies a linear decision boundary by 

maximising the margin between classes. This is achieved by solving a quadratic programming 

problem under the soft-margin formulation: 

 𝑚𝑖𝑛 Q
K
‖𝜔‖K + 𝐶 ∑ 𝜉AH

APQ                                                                                                                   (3.20) 

where 𝜉A is the slack variable that allow margin violation and 𝐶 is the user-defined regulation 

term that controls the trade-off between maximising the margin and minimising errors [242, 

243]. The key difference between LDA and SVM is that SVM does not rely on any 

distributional assumptions about the input features, and is generally less prone to overfitting 

due to its margin-maximising framework and regularisation. Class weights can also be 

incorporated into SVM to address class imbalance during training. 

 

Two decision tree-based ensemble learning models employed in this study were RF and 

XGBoost. While both utilise decision trees as base learners, they differ fundamentally in their 

training strategies, as detailed in Chapter 3. RF follows a bagging approach, constructing 

multiple fully grown trees on bootstrapped subsets of the training data and aggregating their 
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predictions through majority voting. To mitigate the effects of class imbalance, RF typically 

incorporates class weights during model training [250]. In contrast, XGBoost implements a 

boosting strategy by sequentially building an ensemble of shallow trees, where each successive 

tree aims to correct the residual errors of its predecessors. Owing to its gradient-based 

optimisation framework, XGBoost is capable of handling class imbalance intrinsically, and 

thus does not mandatorily require the application of class weights [251]. Both models 

underwent hyperparameter tuning using Bayesian Optimisation (See Chapter 3, section 3.4.4.2) 

to efficiently enhance predictive performance [271]. Although these models are less 

interpretable than linear classifiers such as LDA or SVM, an external explainability framework 

was applied to improve transparency and support interpretability of the predictive results. 

5.3.2.4 Model optimisation and Feature selection 

To develop an explainable model, the optimisation process in this study comprised two 

consecutive steps: a preliminary analysis and a comprehensive analysis, as shown in Figure 

5.4.  

 

In the preliminary stage, a subset of features was manually selected based on their minimal 

reliance on clinical expertise. These included demographic information, lifestyle factors, 

common medical history, and unattended measurable parameters, as described in Table 5.3. 

Four machine learning models: LDA (baseline), SVM, RF, and XGBoost, were trained and 

evaluated using identical feature sets and random seed. Performance metrics and SHAP 

analysis (discussed in the next section) were used to assess model performance and feature 

contributions. This stage enabled an initial comparison and identification of the top two 

performing models and potential optimal feature combinations for the next stage of analysis. 

 

In the comprehensive analysis, feature selection was refined using insights from Phase 1 and 

the preliminary results. Features demonstrating limited individual contribution or high 

collinearity were excluded from further consideration. The top two models from the 

preliminary stage were re-evaluated using the optimised feature subsets. SHAP analysis was 

employed throughout this phase to support iterative refinement of feature selection. This 

iterative process was essential, as univariate Fisher scores do not account for interactions 

between features, and SHAP values, while informative, reflect marginal contributions and can 

be influenced by feature collinearity. Therefore, relying solely on these two analyses for feature 

selection may be insufficient and potentially hinder model performance, as features with 
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seemingly low individual importance may contribute significantly when combined with others. 

Repeated evaluations enabled the identification of an optimal feature set for the selected 

classifier, ultimately facilitating the development of a high-performing, explainable model 

suitable for clinical end-users. 

 
Figure 5.4 Summary of the two-stage analysis conducted in Phase 2, detailing the iterative 

process of feature and classifier optimisation. The preliminary stage involved manual selection 

of features requiring minimal clinical input and comparison of selected explainable classifiers 

(LDA, SVM, RF, XGBoost). The comprehensive stage refined feature selection based on Phase 

1 insights, SHAP analysis, and model performance in preliminary stage, ultimately identifying 

the optimal feature set and best-performing explainable model for predicting 3-year CVD 

mortality. 

5.3.2.5 Performance evaluation 

The performance evaluation stage primarily followed the strategies outlined in Phase 1, 

including 10-fold cross-validation and the use of standard performance metrics: sensitivity, 

specificity, accuracy, and F1 score. To ensure the reliability of performance comparisons, SE 

was calculated, and the Wilcoxon signed-rank test was applied to assess statistical significance. 

Unlike Phase 1, this phase incorporated the optimisation steps shown in Figure 5.2, which 

involved iterative feature selection and classifier tuning to identify the optimal model 

configuration. 
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In addition to standard performance metrics, this study also incorporated the ROC curve and 

the AUC to provide a more comprehensive evaluation of model performance. The ROC curve 

shows the trade-off between sensitivity and specificity across a range of decision thresholds 

(with 0.5 as the default), offering insight into the model’s performance under varying 

classification criteria. AUC, as a threshold-independent metric, quantifies the model’s overall 

ability to discriminate between positive and negative cases. This is particularly valuable in the 

context of imbalanced datasets, as in the present study. 

 

The ensemble learning models were interpreted using SHAP analysis, which quantifies the 

contribution of each feature to the model’s output. SHAP assumes that a model’s prediction 

can be represented as the sum of individual feature effects. Feature importance was visualised 

using a bee-swarm plot, in which features are ranked from top to bottom according to their 

mean absolute SHAP values. Higher absolute SHAP values indicate greater influence on the 

model’s predictions, while the horizontal spread of points illustrates the variability in each 

feature’s contribution across individual instances. 

5.3.3 Extension of Phase 2: Application of the best-performing explainable 

model to predict 5-year and 10-year CVD mortality outcomes 

Phase 2 proposed an explainable model with an optimised feature combination for predicting 

3-year CVD mortality outcomes. While this time horizon was selected as a preliminary step to 

facilitate model development and evaluation, a 3-year cutoff may not be ideal for all clinical 

purposes. The impact of a best-performing machine learning model based on features with 

minimal clinical reliance could be maximised if the model not only demonstrated strong 

predictive ability for a particular time horizon but also generalised to longer time frames. Such 

flexibility would enable the model to be applied to broader populations while accommodating 

different clinical needs. Therefore, an extension of Phase 2 was conducted to assess whether 

the proposed model could reliably predict CVD mortality outcomes across different time 

horizons. Specifically, this extended study evaluated the model’s ability to predict 5-year and 

10-year CVD mortality outcomes. 

5.3.3.1 Data preparation 

This study followed the same data preparation protocol as Phase 2, with the only modification 

being the selection of time horizons (5 and 10 year). Of the 4246 samples used in Phases 1 and 

2, 4035 were eligible for the 10-year CVD mortality analysis, as 211 more participants 
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discontinued follow-up within 10 years and were therefore excluded from outcome 

classification. For the 5-year CVD mortality prediction, 113 participants were categorised as 

5-year CVD deaths, and 4133 as 5-year CVD survivors. For the 10-year prediction, 289 

participants were identified as CVD deaths within 10 years, while 3746 were classified as 

survivors. 

5.3.3.2 Summary of this study 

The results of Phase 2 demonstrated that XGBoost, utilising the comprehensively selected 

feature set (Table 5.3), was the optimal explainable model for predicting 3-year CVD mortality 

outcomes. Building upon these findings, the extended study adopted the same model (XGBoost) 

and feature set—comprising age, gender, BMI, alcohol intake, hypertension, diabetes, heart 

failure, HB, T90, TST, AHI, and ODI3. The performance evaluation framework remained 

consistent with that of Phase 2, with the proposed model assessed separately for 5-year and 10-

year CVD mortality predictions using standard performance metrics, AUC and ROC curves, 

and SHAP analysis. 

5.4 Results 

This section presents the results of the proposed experiments conducted in Phase 1 and Phase 

2. The results from Phase 1 are reported independently, focusing on the evaluation of oximetry-

derived parameters. In contrast, the results from Phase 2 build upon those findings by 

incorporating the outcomes of Phase 1 as a reference in the feature optimisation process.  

5.4.1 Phase 1: Can oximetry-derived parameters effectively predict CVD 

outcomes? 

To evaluate the combined predictive ability of oximetry-derived parameters for 3-year CVD 

mortality and their potential to enhance model performance, three models were developed and 

tested using Weighted LDA as the classifier. The predictive performance of these models is 

summarised in Table 5.4, and the individual contribution of each feature is visualised in Figure 

5.5. 

 

As shown in Table 5.4, Model A, which incorporates demographic information and lifestyle 

habits, demonstrates high sensitivity (83.87% for the training set and 80.36% for the testing 

set) with slightly lower specificity (71.59% and 71.50%, respectively). The small SE values of 

all models indicate stable performance estimates. The F1 score of 75.66% highlights the 
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model’s balanced ability to capture both precision and sensitivity. In contrast, Model B, which 

includes only oximetry-derived parameters, achieves the highest accuracy across both datasets 

but yields lower F1 scores (58.10% for training and 53.65% for testing). Model C, which 

integrates features from both Models A and B, achieves the best overall performance. It 

delivers the highest sensitivity (85.97% for training and 82.50% for testing) and maintains good 

specificity. The F1 scores improve by approximately 2% compared to Model A, and the 

improvements are statistically significant (p < 0.001) in both datasets. 

 

The corresponding feature contributions in Model C are shown in Figure 5.5, based on 

univariate Fisher scores, which assess each feature’s discriminative power independently. 

Features are ranked from most to least important according to their Fisher scores. Age exhibited 

the highest discriminative ability (Fisher score = 1.05), followed by T90 (0.10), BMI (0.07), 

HB (0.06), and gender (0.04). In contrast, alcohol intake, race, ODI3, and smoking status had 

Fisher scores below 0.01, indicating limited individual discriminative power. 

 

Table 5.4 Performance of three feature combinations using Weighted LDA classifier 

predicting 3-year CVD mortality. 

Model** 

Training* Testing* 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

A 
83.87 

0.30 

71.59 

0.06 

71.75 

0.06 

77.24 

0.14 

80.36 

1.46 

71.50 

0.18 

71.62 

0.17 

75.66 

0.63 

B 
45.54    

0.92 

80.28 

0.38 

79.85 

0.37 

58.10 

0.67 

40.36 

2.69 

80.19 

0.35 

79.71 

0.36 

53.65 

2.48 

C 
85.97 

0.23 

73.07 

0.05 

73.24 

0.04 

79.00 

0.09 

82.50 

1.41 

73.04 

0.27 

73.16 

0.25 

77.47 

0.56 

* Values are expressed as percentages (%). SE: Standard Error 

** Model A includes demographic information, smoking status, and alcohol intake as features. 

Model B uses oximetry-derived features: T90, ODI, and HB. Model C has all features used in 

Model A and Model B. The performance improvements observed across models are 

statistically significant. 
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Figure 5.5 Univariate Fisher scores demonstrating individual feature contributions to the 

performance of Model C. Features are ranked from highest to lowest contribution, with greater 

Fisher scores indicating higher predictive importance. 

 

5.4.2 Phase 2: Explainable machine learning model for predicting 3-year 

CVD mortality outcome 

To determine an explainable machine learning model, Phase 2 comprised two stages: 

preliminary analysis and comprehensive analysis. In the preliminary stage, 3-year CVD 

mortality was predicted using manually selected features applied to a set of explainable 

classifiers (LDA, SVM, RF, XGBoost), along with an evaluation of individual feature 

contributions. In the comprehensive stage, the feature set was further refined based on insights 

from Phase 1 and the preliminary results. The top two performing models were then re-

evaluated using the optimised feature sets (Table 5.3), and their feature contributions were 

reassessed. 

 

The preliminary stage results encompass the performance metrics of selected machine learning 

models in predicting 3-year CVD mortality using manually selected feature sets. As 

summarised in Table 5.5, the baseline model LDA achieved F1 scores of 84.11% (training) 

and 81.53% (testing). SVM showed improved performance, with F1 scores of 84.65% and 
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82.89%. Notably, SVM maintained specificity and accuracy above 80% across both datasets, 

indicating a more balanced classification compared to LDA, and was identified as one of the 

top-performing models in this stage. In contrast, RF exhibited slightly inferior performance 

relative to LDA, with lower metrics across most categories except for training sensitivity (93.07% 

vs. 88.69%). Despite acceptable training performance, RF’s generalisability was compromised, 

as evidenced by a notable drop in testing F1 score (84.06% vs. 78.55%), suggesting potential 

overfitting. XGBoost outperformed all other models, achieving the highest metrics overall, 

with accuracy of 84.70% (training) and 84.50% (testing). Its F1 scores surpassed those of the 

baseline by over 4%, confirming its superior predictive capability in this preliminary evaluation. 

These improvements were statistically significant (P < 0.05), and the consistently small SEs 

across performance metrics showed the stability of the results. 

 

In addition to the performance metrics reported in Table 5.5, the best-performing model, 

XGBoost, was further evaluated using the ROC curve, AUC, and SHAP analysis to assess its 

overall discriminative ability and to interpret feature contributions for latter comprehensive 

analysis. The averaged ROC curve from 10-fold cross-validation yielded a mean AUC of 

0.87 ± 0.08, with the curve showing a consistently high true positive rate and low false positive 

rate across thresholds, indicating strong classification performance (Figure 5.6A). SHAP 

analysis was used to rank the features by their contribution to the model’s predictions, as shown 

in Figure 5.7A. Age, hypertension, and diabetes emerged as the most influential predictors, 

with higher values associated with an increased risk of CVD mortality. Other key contributors 

included PSG-derived features such as HB, TST, and AHI, as well as demographic BMI. The 

presence of both positive and negative SHAP values for these features suggests non-linear 

relationships or interactions with other variables. In contrast, features such as gender, 

hyperlipidaemia, smoking status, and race contributed minimally, as evidenced by SHAP 

values concentrated near zero. 

 

Based on insights gained from the preliminary analysis and Phase 1 results, the comprehensive 

study iteratively refined the feature set to include: age, gender, BMI, alcohol intake, 

hypertension, diabetes, heart failure, HB, T90, TST, AHI, and ODI3, as detailed in Table 5.3. 

While not all features exhibited strong individual contributions in earlier analyses, their 

interactions with higher-performing features were shown in results to enhance overall model 

performance, justifying their inclusion. The top two models from the preliminary stage were 

re-evaluated using these optimised features. The best-performing model was further assessed 
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using ROC curve, AUC, and SHAP analysis to evaluate both discriminative performance and 

model interpretability. 

 

As shown in Table 5.6, XGBoost consistently maintained the highest performance, 

outperforming SVM across all metrics in both training and testing datasets, with minimal SEs 

indicating stable model performance. Notably, XGBoost achieved F1 scores of 88.17% 

(training) and 86.20% (testing), approximately 4% higher than those of SVM. These 

improvements were statistically significant (P-value < 0.05). The steadily rising ROC curve 

and the improved mean AUC of 0.89 ± 0.05, compared to 0.87 in the preliminary analysis, 

demonstrate the effectiveness of the feature selection optimisation (Figure 5.6B). The 

cumulative testing confusion matrix for SVM and XGBoost are shown in Table 5.7 and Table 

5.8. 

 

Regarding feature contributions, the ranking remained largely consistent, as shown in Figure 

5.7B. Age, hypertension, TST, and diabetes continued to be the dominant predictors. Although 

the relative contribution of PSG-derived parameters was somewhat reduced compared to earlier 

models, they still provided added value, particularly in supporting the classification of one class. 

For instance, higher values of these parameters were associated with an increased likelihood of 

positive cases, while lower values did not show a comparable effect. The contribution of 

alcohol intake increased in this model, with higher intake aiding the classification of positive 

cases. Although gender appeared to contribute minimally with SHAP values around zero, its 

exclusion resulted in decreased model performance. 
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Table 5.5 Performance of selected explainable machine learning models for predicting 3-year 

CVD mortality, following preliminary feature selection. 

Model** 

Training* Testing* 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

LDA 
88.69 

0.29 

79.97 

0.29 

80.09 

0.29 

84.11 

0.27 

85 

5.24 

79.78 

0.89 

79.84 

0.87 

81.53 

2.53 

SVM 
88.89    

0.30 

80.80 

0.27 

80.91 

0.27 

84.65 

0.25 

86.67 

4.84 

80.74 

0.68 

80.81 

0.64 

82.89 

2.24 

RF 
93.07 

0.73 

76.76 

1.53 

76.98 

1.51 

84.06 

1.03 

82.67 

5.57 

76.75 

1.77 

76.82 

1.74 

78.55 

2.92 

XGBoost 
91.86 

0.60 

84.60 

0.54 

84.70 

0.53 

88.06 

0.36 

89.33 

4.61 

84.44 

1.15 

84.50 

1.11 

85.97 

2.21 

* Values are expressed as percentages (%).  

** The performance improvements observed from LDA to XGBoost are statistically significant 

across all evaluation metrics. (p value<0.05) 

 

Table 5.6 Performance of selected explainable machine learning models for predicting 3-year 

CVD mortality, following comprehensive feature selection. 

Model** 

Training* Testing* 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

SVM 
87.70    

0.38 

80.68 

0.20 

80.77 

0.20 

84.04 

0.24 

87.77 

2.72 

80.50 

0.40 

80.59 

0.39 

83.72 

1.14 

XGBoost 
91.87 

0.52 

84.80 

0.54 

84.89 

0.53 

88.17 

0.36 

88.00 

3.44 

85.89 

0.89 

85.21 

0.88 

86.20 

1.77 

* Values are expressed as percentages (%).  

** The performance improvements observed are statistically significant across all evaluation 

metrics. (p value<0.05) 
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Table 5.7 The cumulative confusion matrix of SVM predicting 3-year CVD mortality, 

following the comprehensive feature selection. 

 
Predicted class label* 

Positive Negative 

Actual label* 
Positive 49 7 

Negative 874 3608 

* The positive class represents participants who experienced 3-year CVD death, whereas the 

negative class represents individuals who survived beyond 3 years. 

 

Table 5.8 The cumulative confusion matrix of XGBoost predicting 3-year CVD mortality, 

following the comprehensive feature selection. 

 
Predicted class label* 

Positive Negative 

Actual label* 
Positive 49 7 

Negative 634 3848 

* The positive class represents participants who experienced 3-year CVD death, whereas the 

negative class represents individuals who survived beyond 3 years. 
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(A) Preliminary Feature Selection                                                                (B) Comprehensive Feature Selection                            

 
Figure 5.6 Average ROC curves for the XGBoost model. (A) shows the ROC curve following preliminary feature selection, where features were 

manually chosen based on minimal reliance on clinical expertise (demographics, basic medical history, lifestyle habits, and unattended measurable 

parameters). (B) illustrates the ROC curve after comprehensive feature selection, including optimisation steps and informed by the results from 

Phase 1
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(A) Preliminary Feature Selection                                                      (B) Comprehensive Feature Selection                            

 
Figure 5.7 SHAP analysis illustrating individual feature contributions to the XGBoost model's predictions. (A) presents the SHAP analysis 

following preliminary feature selection, wherein features were manually selected to minimise reliance on clinical expertise (including 

demographics, basic medical history, lifestyle habits, and unattended measurable parameters). (B) shows the SHAP analysis after comprehensive 

feature selection, including optimisation procedures informed by Phase 1 results.
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5.4.3 Extension of Phase 2: Application of the best-performing explainable 

model to predict 5-year and 10-year CVD mortality outcomes 

The best-performing explainable model for predicting 3-year CVD mortality was proposed in 

Phase 2. The same model was also applied to predict 5-year and 10-year CVD mortality to test 

its generalisability. As shown in Table 5.9, XGBoost with the selected features (age, gender, 

BMI, alcohol intake, hypertension, diabetes, heart failure, HB, T90, TST, AHI, and ODI3) 

performed consistently well in predicting 5-year and 10-year CVD mortality. The training and 

testing F1 scores were 83.51% and 83.03% for 5-year prediction, and 84.36% and 81.17% for 

10-year prediction, respectively. The ROC curves also rose steadily, with mean AUC values of 

0.87 ± 0.05 for 5-year prediction and 0.88 ± 0.03 for 10-year prediction. The cumulative testing 

confusion matrix for the 5- and 10-year prediction horizons are shown in Table 5.10 and Table 

5.11. 

 

The contributions of individual features to model performance were also assessed using SHAP 

analysis. Age was the predominant predictor for both the 5-year and 10-year predictions. 

Hypertension and diabetes were two key medical history variables that contributed to 

prediction across both time horizons. Among the oximetry-derived parameters, T90 was more 

informative for categorising 5-year CVD mortality, while HB contributed more to the 10-year 

prediction. By contrast, ODI3 ranked lowest for both predictions. TST, as a well-performing 

PSG-derived predictor, also demonstrated a meaningful contribution to both predictions. 

 

 

Table 5.9 Performance of proposed explainable machine learning model and feature selections 

(XGBoost with comprehensive feature selection) for predicting 5-year and 10-year CVD 

mortality. 

Model 

Training* Testing* 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

Sensitivity 

SE 

Specificity 

SE 

Accuracy 

SE 

F1 

Score 

SE 

5-year 
78.63 

0.39 

89.08 

0.50 

78.91 

0.38 

83.51 

0.22 

78.55 

0.75 

88.48 

2.46 

78.82 

0.73 

83.03 

1.16 

10-year 
82.26 

0.15 

86.51 

0.33 

82.58 

0.13 

84.36 

0.15 

81.90 

0.60 

80.74 

2.04 

81.81 

0.54 

81.17 

0.96 

* Values are expressed as percentages (%).  
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Table 5.10 The cumulative confusion matrix of proposed explainable machine learning model 

and feature selections (XGBoost with comprehensive feature selection) predicting 5-year CVD 

mortality.  

 
Predicted class label* 

Positive Negative 

Actual label* 
Positive 89 24 

Negative 494 3792 

* The positive class represents participants who experienced 5-year CVD death, whereas the 

negative class represents individuals who survived beyond 5 years. For the 5-year analysis, a 

total of 4,399 participants were included, of whom 113 experienced CVD death. 

 

Table 5.11The cumulative confusion matrix of proposed explainable machine learning model 

and feature selections (XGBoost with comprehensive feature selection) predicting 10-year 

CVD mortality.  

 
Predicted class label* 

Positive Negative 

Actual label* 
Positive 232 51 

Negative 688 2883 

* The positive class represents participants who experienced 10-year CVD death, whereas the 

negative class represents individuals who survived beyond 10 years. For the 10-year analysis, 

a total of 3854 participants were included, of whom 283 experienced CVD death. 
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(A) 5-year CVD mortality                                                                          (B) 10-year CVD mortality 

 
Figure 5.8  Average ROC curves for the proposed XGBoost model with comprehensively selected feature combinations predicting CVD mortality 

outcomes. (A) shows the ROC curve of model predicting 5-year CVD mortality. (B) shows the ROC curve of model predicting 10-year CVD 

mortality.
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(A) 5-year CVD mortality                                                                        (B) 10-year CVD mortality 

 
Figure 5.9 SHAP analysis illustrating individual feature contributions to the proposed XGBoost model's predictions. (A) presents the SHAP 

analysis of model predicting 5-year CVD mortality outcome. (B) shows the SHAP analysis of model predicting 10-year CVD mortality outcome.
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5.5 Discussion 

5.5.1 Phase 1: Can oximetry-derived parameters effectively predict CVD 

outcomes? 

Phase 1 evaluated the combined predictive ability of oximetry-derived parameters in predicting 

3-year CVD mortality outcomes. As shown in Table 5.4, the results highlight the extent to 

which these parameters enhance model performance when integrated with demographical and 

lifestyle predictors. 

 

The baseline model (Model A), which included only demographic and lifestyle features, 

achieved reasonably good performance. In contrast, Model B, comprising only oximetry-

derived parameters, demonstrated suboptimal predictive capability, suggesting that oximetry 

features alone may be insufficient for accurate CVD mortality prediction. However, when the 

features from Models A and B were combined in Model C, performance improved with a 

statistically significant 2% increase in the F1 score. This outcome suggests that while oximetry-

derived parameters may not be strong standalone predictors, their additive value effectively 

enhances prediction when combined with demographic and lifestyle variables. In other words, 

these parameters contribute meaningful supplementary information, supporting the statement 

that medical outcome prediction benefits from a multi-dimensional, multi-variable approach. 

The more diverse the input features, the better the model performance. 

 

To further explore the contributions of individual predictors underlying this performance boost, 

Figure 5.5 presents the feature contributions based on Fisher scores. Age emerged as the most 

influential predictor, which is physiologically intuitive given the experiment is predicting the 

life expectancy. Among oximetry-derived features, T90 and HB were the top two contributors 

to the model. Although their Fisher scores were markedly lower than that of age, their relative 

importance supports their discriminative ability, aligning with prior research findings [6, 12]. 

In contrast, features such as smoking status, race, and ODI3 yielded near-zero Fisher scores, 

suggesting limited individual predictive value. 

 

However, the univariate Fisher score used in this phase has inherent limitations. It evaluates 

features in isolation and does not capture potential interaction effects. In predictive modelling, 

it is not uncommon for a feature to appear irrelevant when considered alone, yet become highly 
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informative in conjunction with other variables [301]. For instance, although ODI3 ranked low 

individually, its combination with other oximetry-derived features contributed positively to 

model performance. This underscores the importance of recognising that univariate methods, 

such as the Fisher score, may overlook synergistic feature interactions. As such, Fisher scores 

should be regarded as a preliminary reference, not a definitive criterion for feature selection in 

Phase 2. 

 

In summary, this phase confirmed the additive value of oximetry-derived parameters in 

enhancing the prediction of 3-year CVD mortality and underscored the importance of 

incorporating features that represent multiple dimensions of patient health. Although the 

improvement was modest under the simplest setting (approximately a 2% gain using LDA with 

oximetry features alone), the results provided preliminary evidence that multivariable 

integration can yield measurable performance benefits. The findings therefore advocate for a 

comprehensive modelling approach that combines demographic information, lifestyle habits, 

physiological signals, and medical history, and directly informed the feature selection strategy 

in Phase 2, where predictive performance improved further with the inclusion of additional 

parameters prior to model optimisation. While the univariate Fisher scores offered valuable 

insights consistent with both model performance and physiological relevance, they should be 

interpreted with caution due to their inability to capture feature interactions. 

5.5.2 Phase 2: Explainable machine learning model for predicting 3-year 

CVD mortality outcome 

While Phase 1 extended previous studies by evaluating the combined predictive value of 

oximetry-derived parameters, Phase 2 aimed to deliver personalised CVD outcome predictions 

suitable for public screening. This phase was conducted in two stages: a preliminary analysis 

to support feature selection and classifier optimisation, followed by a comprehensive analysis 

to propose a robust and explainable machine learning model for individualised CVD mortality 

prediction. 

 

Using the selected feature set (age, BMI, gender, TST, T90, ODI3, HB, diabetes, hypertension, 

heart failure, and alcohol intake), XGBoost demonstrated superior predictive performance for 

predicting 3-year CVD mortality. It consistently surpassed alternative models across all 

evaluation metrics and maintained a balance between sensitivity and specificity. The model 

achieved an average AUC of 0.89 (Figure 5.6B) in the testing dataset, reflecting strong 
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capability to accurately stratify patients into 3-year CVD death versus 3-year CVD survivor 

groups, thus fulfilling the personalised prediction goal. 

 

Although XGBoost is inherently less transparent than simpler models (e.g., LDA), its 

interpretability was significantly enhanced through SHAP, which quantified each feature’s 

contribution to individual predictions. Among all predictors, age emerged as the most dominant 

feature, contributing substantially to both positive and negative outcome classes. The model 

using age as the sole input feature achieved an F1 score of 67.95% and an average AUC of 

0.80± 0.07, indicating that age alone exhibits strong predictive ability, consistent with the 

findings from the SHAP analysis. Beyond this, Figure 5.7B reveals class-specific patterns in 

feature relevance: ODI3 and HB were more influential in predicting negative outcomes, 

whereas alcohol intake and heart failure were key drivers of positive predictions. Gender, 

despite its limited standalone predictive power, improved overall model performance through 

interactions with other variables, aligning with established epidemiological links between male 

sex and elevated CVD risk. While visualising individual tree splits remains complex, the SHAP 

outputs offer a practical interpretability layer by identifying modifiable risk factors. For 

instance, if a patient is flagged as high risk of 3-year CVD death, SHAP analysis may highlight 

high alcohol intake as a major contributor, providing clinicians with a clear, actionable target 

for intervention. 

 

The feature contributions (Figure 5.7) observed in this study generally align with findings from 

previous studies. Established cardiovascular risk factors, including age, diabetes, and 

hypertension, demonstrated substantial contributions to the prediction of CVD mortality. 

However, notable differences were observed for specific sleep-associated measures. For 

instance, TST and HB, which demonstrated strong predictive utility in traditional Cox 

regression models, continued to serve as key contributors in the XGBoost model [12, 203]. In 

contrast, ODI3 and T90, which previously exhibited strong performance, particularly ODI3, 

showed reduced contributions in the current XGBoost-based analysis. Conversely, AHI, which 

was previously considered a suboptimal predictor due to its limited ability to reflect the full 

extent of hypoxic burden, contributed meaningfully in the current XGBoost model [6, 11, 27]. 

An unexpected pattern was observed for BMI. Higher BMI is generally considered a well-

established risk factor for cardiovascular disease through recognised physiological pathways; 

however, the SHAP analysis indicated that lower BMI values contributed to the prediction of 

CVD mortality in this model. This finding appears contradictory to conventional clinical 
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expectations. One possible explanation is the presence of interaction effects among predictors, 

whereby BMI may influence risk differently depending on other covariates included in the 

model. In addition, this pattern may reflect residual confounding or non-linear associations. 

 

These discrepancies may reflect fundamental differences in how predictor relationships are 

typically modelled. Although regression-based survival approaches such as Cox proportional 

hazards regression are multivariable in nature, OSA–CVD research has often emphasised the 

independent contribution of individual predictors, with limited systematic investigation of 

complex interactions among variables. While Cox models can accommodate interaction terms 

and non-linear transformations, these effects must be explicitly specified a priori, which may 

constrain the exploration of higher-order relationships in practice. In contrast, machine learning 

methods such as XGBoost can more flexibly capture non-linear associations and feature 

interdependencies without requiring manual definition of interaction structures. Consequently, 

variables that appear weak when considered individually may still contribute meaningfully 

through synergistic interactions, whereas predictors with strong marginal associations may 

show reduced importance once collinearity and shared information are accounted for in a 

multivariable setting. Therefore, analyses focused primarily on isolated predictor effects are 

valuable for preliminary interpretation but should not be viewed as definitive for feature 

selection when the goal is personalised prediction using multivariable machine learning 

frameworks. 

 

The ROC curve of the XGBoost model (Figure 5.6) illustrates the trade-off between true 

positive and false positive rates across varying decision thresholds. At the default decision 

threshold of 0.5, the model achieved a sensitivity of 91.87% (Table 5.6). However, this 

threshold can be adjusted to better align with clinical priorities. In the context of this study, 

where the primary objective is to identify individuals at high risk of dying from CVD within 

three years, a high sensitivity is critical to minimise missed cases. To achieve a sensitivity 

exceeding 99%, as might be required in public health screening settings, the decision threshold 

would need to be lowered below 0.05, as indicated by the ROC curve. Nonetheless, increasing 

sensitivity often comes at the expense of specificity and overall accuracy. Therefore, any 

adjustment to the decision threshold must carefully balance clinical priorities with the risk of 

over-prediction, ensuring that the model remains both sensitive and practically useful for broad 

application. 

 



Experiment 2 

153 

The model proposed in this experiment successfully identifies a balance between predictive 

performance and the complexity of required input features. A core principle guiding this work 

was to minimise reliance on clinical resources, thereby ensuring that the model remains 

applicable in medically underserved regions and among individuals with limited access to 

healthcare due to financial constraints. Compared to existing studies that employed less 

comprehensive feature sets for CVD prediction, the proposed model achieved an 8% higher 

AUC [304]. This improvement is largely attributable to the inclusion of sleep-related 

measurements, specifically oximetry-derived indicators, which underscore the role of 

nocturnal hypoxia as an important predictor of CVD outcomes. While some other studies 

reported even greater predictive performance, with AUC improvements of up to 9%, their 

models typically relied on an extensive range of clinically obtained variables, such as fasting 

blood glucose, lipid profiles, and other laboratory-based assessments [305]. In contrast, this 

study adopted a minimalist approach: aside from PSG-derived features (which can be captured 

through portable devices such as smartwatches), all other inputs were simplified into binary 

responses (e.g., yes/no for medical history), making the model far more amenable to self-

reported data collection. Although this strategy may compromise peak predictive performance, 

it significantly enhances accessibility and scalability. The resulting model represents a practical 

trade-off, slightly reduced performance in exchange for the potential to reach a broader 

population, including those without access to specialised medical assessments. 

5.5.3 Extension of Phase 2: Application of the best-performing explainable 

model to predict 5-year and 10-year CVD mortality outcomes 

The proposed explainable machine learning model, requiring minimal clinical resources, 

demonstrated strong predictive ability for 3-year CVD mortality. The next step was to evaluate 

its generalisability to broader time horizons, testing whether the model could maintain high 

performance in predicting CVD mortality outcomes across different timeframes and thereby 

support multiple clinical applications. Accordingly, the extension of Phase 2 applied the 

proposed best-performing explainable model to predict 5-year and 10-year CVD mortality 

outcomes. For the Phase 2 extension, XGBoost with the selected features (age, gender, BMI, 

alcohol intake, hypertension, diabetes, heart failure, HB, T90, TST, AHI, and ODI3) was 

applied to predict 5-year and 10-year CVD mortality. The mean AUCs were 0.87 for the 5-year 

prediction and 0.88 for the 10-year prediction (Figure 5.8). Compared with the mean AUC of 

0.89 (Figure 5.6B) for the 3-year prediction in Phase 2, the proposed model demonstrated 

consistent and robust performance for CVD mortality prediction across different time horizons. 
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In previous studies, proposed machine learning approaches for predicting CVD outcomes have 

shown a key limitation: these classification approaches targeted a specific selected time horizon, 

without addressing how varying time horizons affect relative predictive performance [306]. 

Researchers have hypothesised that the reported strong predictive ability of many machine 

learning approaches may, in fact, be highly sensitive to the choice of time horizon. 

Theoretically, shorter time horizons increase the relevance of predictors to outcomes and may 

therefore result in better model performance. By contrast, when models are applied to longer 

durations, predictive performance is not guaranteed [306]. This study addressed this limitation 

by testing the generalisation ability of the proposed model and demonstrated that the 

explainable model maintained strong predictive performance across different time horizons. In 

addition, the results aligned with the previous hypothesis that shorter time horizons lead to 

better model performance. The testing F1 scores for 3-year (86.20%), 5-year (83.03%), and 10-

year (81.18%) CVD prediction showed that, with the same combination of classifier and 

features, predictive performance declined as the prediction horizon increased (3-year: Table 

5.6 and 5- & 10- year: Table 5.9). 

 

Apart from model performance, the explainability of the 5-year and 10-year CVD mortality 

predictions was also assessed using SHAP analysis (Figure 5.9). The results showed that, 

consistent with the 3-year prediction (Figure 5.7B), age was the predominant predictor for both 

time horizons. Notably, although the same model was applied across all three predictions, the 

SHAP values for individual features ranked differently. For example, HB contributed 

moderately to the 3-year and 10-year predictions but showed less contribution to the 5-year 

prediction. This reflects the fact that SHAP analysis is influenced not only by the model itself 

but also by the underlying data distribution [283]. As the time horizon varies, so does the class 

distribution. Therefore, it is expected that the order of feature contributions may not remain the 

same across different prediction horizons. Nevertheless, since SHAP values reflect only the 

individual contribution of each feature and do not account for feature interactions, it remains 

worthwhile to retain features that perform less optimally in a particular prediction [283]. 

 

In summary, Phase 2 proposed an explainable machine learning approach with minimal clinical 

reliance for predicting CVD mortality. Phase 2, together with its extension, evaluated the 

proposed model’s ability across three different time horizons, demonstrating that this model, 

unlike previously proposed approaches, not only achieved strong predictive performance but 

also adapted flexibly to variations in time frames. Given its minimal reliance on clinical 
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resources and flexibility across time horizons, the model is well suited for large-scale 

population screening and on-site adjustments, making it applicable to multiple clinical 

purposes. 

5.6 Limitations 

Despite the promising findings, several limitations are present across phases of this experiment. 

The SHHS dataset was selected to maintain consistency with previous research; however, as 

discussed in Chapter 4, it presents notable limitations. These include potential participant 

selection bias and variability in data quality. Importantly, because the dataset is population-

based sample, there is a very high proportion of CVD mortality survivors, leading to a 

pronounced class imbalance. While class weighting was applied to address this issue, the small 

proportion of CVD deaths may still lead to underrepresentation of the minority class. This 

underrepresentation can affect prediction accuracy when the model is applied more broadly in 

clinical settings, as some examples of positive cases may remain unseen during model training 

and therefore may not be correctly identified during prediction.  As such, future studies may 

benefit from employing alternative datasets with more balanced class distributions and a 

greater representation of CVD mortality cases to improve model generalisability and 

applicability.  

 

This experiment aims not only to develop an explainable machine learning framework for 

predicting CVD mortality, but also to reduce reliance on laboratory-based assessment and 

specialised clinical expertise by favouring simpler and more scalable feature inputs. Many of 

the selected PSG-derived parameters support this objective, as oximetry-based parameters can, 

in principle, be derived from portable monitoring devices in home settings. However, AHI and 

TST represent important exceptions. Although respiratory event indices can be approximated 

using home sleep apnoea testing devices, these systems typically estimate the respiratory event 

index based on recording time rather than true sleep time, and their accuracy relative to 

laboratory PSG-derived AHI may be reduced, particularly in mild or complex cases [74]. 

Accordingly, PSG-derived AHI was used in this experiment to ensure accurate event 

quantification, while acknowledging that model performance may differ when using portable 

estimates. Similarly, TST in this study was obtained from laboratory EEG-based sleep staging. 

While portable EEG systems with fewer electrodes may provide approximate sleep–wake 

estimation, their accuracy remains lower than full PSG, and the impact of substituting estimated 

TST on predictive performance requires further investigation. 



Experiment 2 

156 

The feature selection strategy in Phase 2 also introduces limitations. In the preliminary stage, 

features were manually selected based on their minimal reliance on clinical resources to 

promote broader applicability. However, this manual selection process may have introduced 

subjective bias, as the perceived degree of "clinical reliance" can vary across researchers and 

healthcare settings. Some features considered accessible in one context may be difficult to 

obtain in medically underserved regions or may be misreported due to a lack of public 

awareness. Thus, future studies adopting this principle should incorporate expert consultation 

and potentially region-specific evaluations to guide feature inclusion more rigorously. 

 

From a modelling perspective, the choice of classifier represents a trade-off between accuracy 

and explainability. While the XGBoost model demonstrated the highest performance and 

acceptable interpretability through SHAP analysis, it requires greater computational resources 

than simpler models such as LDA. Specifically, XGBoost needs more memory to store the 

ensemble of trees during deployment. Its dependence on hyperparameter optimisation also adds 

implementation complexity at the training stage. For example, when the outcome time horizon 

changes, the hyperparameters must be re-tuned to maintain optimal performance. In contrast, 

LDA does not require such additional hyperparameter searches, even when time horizons are 

adjusted. For scenarios requiring low-latency or resource-constrained deployment (portable 

devices), simpler models may offer more practical alternatives. Although cloud-based services 

can reduce some computational barriers and enable the use of more complex models, they do 

not fully eliminate practical constraints. Large-scale data processing remains costly and 

energy-intensive, and reliance on cloud infrastructure may be unsuitable in settings requiring 

immediate response, enhanced privacy, or offline functionality, such as wearable or bedside 

monitoring devices. Therefore, lightweight and efficient predictive algorithms may still be 

essential for real-world translation, even when input feature dimensionality is modest. Indeed, 

preliminary results in Phase 2 showed that LDA and linear SVM models, while not 

outperforming XGBoost, achieved competitive performance, highlighting their potential for 

future use in resource-limited or portable applications. 

 

Moreover, the evaluation of feature selection and classifier optimisation in this study carries 

an inherent risk of optimistic bias. Although 10 folds cross validation was employed to mitigate 

the possible overfitting, both the feature selection phase and the subsequent classifier training 

and testing were conducted within the same dataset, without an entirely independent external 

test cohort. This design choice was largely driven by the highly imbalanced nature of the SHHS 
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dataset, in which positive cases account for only approximately 1.2% of the total population. 

Under such conditions, a conventional hold-out split would yield very few outcome events in 

the test set, limiting the stability and interpretability of performance estimates. Consequently, 

the present framework prioritised the use of a consistent dataset across experimental stages to 

enable like-for-like comparison.  

 

Beyond challenges in experimental design, the methodological shift from traditional time-to-

event survival analysis to machine learning based prediction also raises important 

considerations. Although conventional survival models typically output relative outcomes such 

as hazard ratios, which may be difficult for non-statistical patients to interpret, they remain 

highly valuable for modelling time-to-event outcomes. In particular, survival analysis provides 

a dynamic framework in which risk can be characterised over time and updated as risk factors 

change. Clinically, such models support the visualisation of risk trajectories and can assist 

clinicians in evaluating the effectiveness of risk stratification strategies or therapeutic 

interventions for CVD outcomes. Therefore, rather than viewing survival analysis and machine 

learning approaches as competing methodologies, they should be regarded as complementary. 

Integrating both frameworks may support more comprehensive monitoring of risk development 

while also facilitating clearer communication of disease severity and prognosis at the individual 

level. 

 

Machine learning models, compared with traditional survival approaches, are often more 

flexible and may therefore carry a greater risk of overfitting if not carefully regularised and 

rigorously validated. Evaluating predictive performance across multiple time horizons, as 

undertaken in this experiment, may provide additional evidence of model robustness and 

temporal generalisability. Nevertheless, consistent performance across horizons does not 

preclude overfitting, particularly when models are developed and evaluated within the same 

cohort. Consequently, rigorous validation remains essential to ensure reliable and generalisable 

predictive performance.
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6 Conclusion and future work 
The previous two chapters presented the methodological and applied developments of this 

thesis. Chapter 4 established a unified computational framework for comparing desaturation 

area–based algorithms, discussing the impacts of algorithmic discrepancies on predictive 

performance even under the same parameter definition, and identifying the most robust and 

best-performing method for CVD mortality prediction. Chapter 5 extended the analysis to 

individual-level prediction of CVD mortality using explainable machine learning. This chapter 

concludes the thesis by summarising the main findings, the limitations identified in each 

experiment, and the corresponding directions for future research. 

6.1 Experiment 1: Comparison of Oxygen Desaturation Area–

Based Methods in Predicting Cardiovascular Disease 

Mortality Outcomes 

Experiment 1 conducted the first systematic comparison of three major desaturation area–based 

algorithms (HB, REDTA, and DesSev) within a unified computational framework using the 

SHHS database, along with additional methodological variations inspired by these algorithms. 

In total, fifteen methodological combinations were examined. The analysis demonstrated that 

variations in event definition, sampling window, and baseline calculation substantially 

influenced predictive ability for CVD mortality. The results clarified that methodological 

discrepancies were largely responsible for the inconsistent findings reported in previous 

research. This was evidenced by the three algorithms (HB, REDTA, and DesSev) resulting 

HRs that ranged from statistically significant to insignificant when applied to the same dataset 

for predicting CVD mortality. 

 

Among all desaturation area–based methods evaluated in Chapter 4, ARRM (the area method 

employing a record-specific sampling window and baseline based on manually scored 

respiratory events) achieved the highest HR of 1.79 (p-value = 0.04) after full covariate 

adjustment. Consequently, ARRM was identified as the best performing algorithm for large-scale 

analysis. This study established a reproducible computational benchmark for future 

investigations of desaturation area–based parameters and provided valuable insights for the 

continued refinement and automation of oximetry-based algorithms. 
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However, there are limitations in this experiment. First, the SHHS cohort is a community-based 

sample of predominantly older Caucasian adults, with limited information on OSA treatment 

history and unknown disease duration. These factors may influence cardiovascular adaptation 

to long-term hypoxaemia and limit the generalisability of the findings to broader clinical 

populations. Second, comparisons between manually scored respiratory events and automated 

desaturation detection were conducted in only one database using a single algorithm. 

Validation across multiple datasets and alternative published detection methods is needed to 

draw more reliable conclusions. Finally, automated algorithm performance may be sensitive to 

the choice of desaturation threshold, as lower criteria (e.g., 2%) have been suggested to 

improve prediction in some contexts. However, such sensitivity analyses were not feasible 

because the ABOSA software is a closed implementation that does not allow modification of 

detection parameters. 

 

Future studies should address the limitations of this experiment by validating desaturation 

area–based methods in larger and more demographically diverse cohorts, including broader 

age groups and ethnic backgrounds. In addition, clinical datasets consisting of OSA-only 

populations would be valuable to reduce confounding effects from mixed community-based 

samples and better isolate OSA-specific CVD risk. Further investigations should also evaluate 

multiple automated desaturation detection frameworks to determine whether the observed 

findings are consistent across different algorithmic approaches. 

 

Moreover, the sensitivity of automated algorithms to desaturation thresholds should be 

systematically explored, for example by comparing 2%, 3%, and 4% criteria. Such analysis 

would require more flexible implementations than the current closed ABOSA software, 

allowing adjustment of event annotation and detection criteria. Beyond threshold effects, future 

work could extend model evaluation beyond HRs, 95% CI and p-values by incorporating model 

fit statistics such as AIC, enabling comparison of which desaturation area metrics best explain 

CVD outcomes. The role and significance of covariates within these multivariable models 

could also be examined in greater detail. 

 

Beyond the scope of this thesis, it would be informative to investigate potential collinearity 

between desaturation area metrics and clinical covariates, for example through PCA-based 

dimension reduction or correlation-based feature analysis. Sensitivity analysis could also 

examine robustness within each baseline/sampling window category, rather than only 



Conclusion and future work 

161 

comparing broad frameworks. For example, parameters within the event-specific approach, 

such as window length (100 seconds vs 150 seconds) or baseline estimation rules, could be 

varied to assess how sensitive performance is to minor implementation differences. These 

investigations would provide deeper insight into the desaturation area computation. 

 

Finally, future research could move beyond algorithmic comparisons to explore the 

physiological interpretation of oximetry-derived severity metrics. For instance, the same 

desaturation area may be calculated from prolonged mild desaturations or shorter but deeper 

events, yet these patterns may not carry equivalent CVD consequences. Disentangling the 

relative contributions of desaturation depth, duration, and event frequency may improve 

understanding of the mechanisms linking nocturnal hypoxaemia to adverse CVD outcomes. 

6.2 Experiment 2: Using PSG-Derived Parameters and 

Explainable Machine Learning Approaches to Predict CVD 

Mortality 

Experiment 2 aimed to translate the methodological findings of Experiment 1 into applied 

outcome prediction and to address current limitations wherein PSG-derived parameters are 

typically assessed individually, with evaluation methods restricted to relative hazard estimation 

rather than individual-level prediction. Phase 1 evaluated the predictive ability of established 

oximetry-derived parameters (ODI3, T90, and desaturation area–based measures) for 3-year 

CVD mortality. Results confirmed that while individual parameters demonstrated predictive 

value, their combination enhanced predictive performance for CVD mortality. Specifically, the 

model incorporating combined oximetry-derived parameters achieved a 2% improvement in 

performance under the LDA classifier, supporting the use of multivariable modelling strategies. 

 

Building on these findings, Phase 2 developed an explainable machine learning framework 

based on XGBoost, integrating PSG-derived parameters with demographic, lifestyle, and 

medical information. Among all classifiers tested, XGBoost achieved the best overall 

predictive performance, yielding an AUC of 0.89 ± 0.05 and an F1 score of 86.20% for 3-year 

CVD mortality prediction. The optimal feature subset combined key PSG-derived measures 

(TST, HB, T90, and ODI3) with clinical covariates (age, BMI, gender, hypertension, diabetes, 

heart failure, and alcohol intake). The framework generalised effectively across extended time 

horizons, maintaining AUCs of 0.87 ± 0.05 and 0.88 ± 0.03 for 5-year and 10-year CVD 
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mortality predictions, respectively, with corresponding F1 scores of 83.03% and 81.17%. 

These results demonstrate strong temporal stability and robustness of the proposed model. 

Model interpretability analysis using SHAP identified age, hypertension, HB, and T90 as 

dominant contributors, reaffirming their physiological and clinical relevance. 

 

Importantly, the XGBoost-based framework achieved performance comparable to that of more 

resource-intensive approaches while requiring substantially fewer specialised clinical inputs 

(showing up to 9% improvement compared to previous studies). Notably, it required only 

binary responses to medical history (e.g., yes/no) rather than detailed numerical inputs, thereby 

reducing medical reliance and enhancing scalability for population-level screening. This 

adaptability supports its potential for deployment across diverse healthcare settings, including 

resource-limited and community-based environments. 

 

Despite the promising findings, several limitations should be acknowledged. First, the SHHS 

dataset is population-based and highly imbalanced, with very few CVD mortality cases, which 

may limit minority-class representation and reduce generalisability to clinical settings despite 

the use of class weighting. Second, although reducing medical reliance was a key goal, there 

is a trade-off between simplicity and accuracy. While many features were scalable oximetry-

based measures, key predictors such as AHI and TST were derived from full laboratory PSG, 

which may limit direct transferability to portable or home-based settings. Third, the feature 

selection process involved manual judgement to prioritise clinically accessible variables, which 

may introduce subjective bias and may vary across healthcare contexts. 

 

From a modelling perspective, the strongest-performing classifier, XGBoost, involves greater 

computational cost and tuning complexity compared with simpler linear models, which may 

be more suitable for resource-constrained deployment. In addition, although cross-validation 

was applied, feature selection and model optimisation were conducted within the same dataset 

without external validation, introducing a risk of optimistic bias. Finally, the shift from 

traditional survival modelling to machine learning prediction highlights a trade-off: while ML 

offers flexible individual-level absolute risk estimates, survival analysis remains valuable for 

time-to-event interpretation, and both approaches should be viewed as complementary rather 

than competing. Overall, future work should prioritise external validation, improved cohort 

diversity, and further evaluation of portability and robustness across settings. 

 



Conclusion and future work 

163 

To address these limitations, future work should prioritise validation of the proposed 

framework in independent cohorts with more balanced outcome distributions and broader 

demographic diversity to improve generalisability. Feature selection should be further refined 

through expert consultation and context-specific evaluation to enhance reproducibility across 

healthcare settings. In addition, future studies could explore lightweight predictive algorithms 

that retain interpretability while reducing computational demands, supporting potential 

translation to portable or home-based monitoring devices. Given the trade-off between 

traditional survival models such as Cox regression and machine learning–based prediction, 

future research should also consider integrating survival-focused machine learning approaches, 

such as tree-based survival models or discrete-time survival frameworks, which can provide 

absolute risk estimates over time and complement conventional time-to-event analysis. 

 

Beyond model development, evaluation strategies could be extended to incorporate clinically 

meaningful, cost-sensitive decision thresholds. In practice, the consequences of 

misclassification are asymmetric: failing to identify a truly high-risk individual may carry 

substantially greater clinical cost than incorrectly flagging a low-risk patient for further 

assessment. Besides, predictive performance assessment in this experiment was primarily 

based on sensitivity, specificity, accuracy, and F1-score. Although PPV and negative predictive 

value are also informative in medical applications, the extremely low prevalence of CVD 

mortality in SHHS (~1.2%) limits their interpretability. In highly imbalanced settings, PPV, in 

particular, can remain low even when overall discrimination of model is strong, making 

comparisons between models less informative. Future studies using cohorts with higher event 

representation or more balanced outcome distributions should incorporate PPV and negative 

predictive value to better reflect clinical utility. 

 

Finally, additional outcomes beyond CVD mortality may warrant investigation, as mortality 

events are rare and represent a distant endpoint for many individuals. Alternative clinically 

relevant outcomes, such as broader CVD events, hospitalisation, or transitions to aged-care 

support, may provide richer and more actionable opportunities for risk stratification. For many 

patients, understanding the likelihood of maintaining independent living versus requiring 

nursing-home care may be more immediately meaningful than long-term mortality prediction, 

thereby enhancing the practical impact of modelling. 
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6.3 Conclusion 

This thesis advances both the methodological and applied understanding of how PSG-derived 

parameters, particularly oximetry-based parameters, can be used for predicting CVD mortality. 

It highlights major computational inconsistencies in the implementation of desaturation area–

based parameters and identifies the best-performing and most robust model, with ARRM 

achieving the highest statistically significant HR of 1.79. The findings also demonstrate the 

advantage of integrating multiple PSG-derived metrics for prediction and establish an 

interpretable machine learning framework capable of accurate, individual-level outcome 

prediction with minimal clinical reliance across multiple time horizons. The best-performing 

model, XGBoost, achieved an AUC of 0.89 ± 0.05 and an F1 score of 86.20% for 3-year 

prediction, with consistent performance at 5-year (AUC = 0.87) and 10-year (AUC = 0.88) 

horizons using PSG-derived parameters and clinical covariates.  

 

Collectively, these contributions provide a foundation for scalable and clinically relevant CVD 

mortality prediction based on sleep data. They enable early identification of high-risk 

individuals and promote the broader integration of sleep assessment into cardiovascular risk 

stratification. Together, these advances represent a step toward clinically deployable, data-

driven tools for cardiovascular risk prediction, enhancing the translational value of sleep 

studies in preventive cardiology.  
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