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Abstract

Sleep signals are crucial in understanding human health, particularly in diagnosing sleep
disorders and analyzing sleep patterns. Polysomnography is the gold standard for measuring
objective sleep using a variety of physiological measurements, with the electroencephogram
(EEG) determining brain wave activity. The EEG signal along with other measures, such
as breathing, heart rate and eye and muscle movement are used to classify sleep staging
and detection of sleep disorders. Sleep studies are used extensively in research and clinical
practice but typically rely on manual sleep staging, which require expert domain knowledge,
are time consuming and costly.

Recently, owing to the great success of machine learning, various studies have been
conducted to automate sleep analysis using these techniques. However, we still see that the
gaps are threefold. First, although deep learning based models can produce better results
than traditional signal process based approaches, no research combined the traditional signal
processing theory in deep learning to improve the model performance. Second, due to the
scarcity of public dataset in sleep disorders, an approach to transfer learned sleep features
from a large dataset to a small dataset can potentially improve the sleep disorder detection.
Lastly, while current sleep staging tasks are based on sleep stage annotations which represent
sleep macrostructure, so far no study has been conducted to explore the sleep microstructure
in sleep medicine.

To fill the above mentioned gaps, in this thesis we first review the sleep signals that are
used in contemporary research and justify that single channel EEG signals should be the
focus of our research, as they are less intrusive in collection and are widely used in sleep
related research. Then we adopt the Hilbert transform from the signal process theory into
the deep learning model architecture to provide a direction in the future sleep staging model
design process. After that, we reuse this model architecture in a better characterisation of
including insomnia and extract the sleep related features from a large dataset using a sleep

vii
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staging task and transfer them to a smaller insomnia dataset using domain adaptation. The
work shows a promising approach to future research related to sleep disorders. To explore the
possibility of using sleep microstructure in sleep related tasks, we integrate cyclic alternating
patterns (CAP), which is a biomarker of sleep microstructure, with the sleep stages to capture
finer-grained dynamics from an epoch to improve the model performance.

This thesis contributes to the evolution of automated sleep staging and disorder detection
by integrating traditional signal processing theory and sleep microstructure. These advances
have significant implications for future sleep medicine, enabling scalable and precise tools for
personalized healthcare.

Keywords: Sleep signals, EEG, Sleep staging, Insomnia detection, Deep learning, Do-
main adaptation, Cyclic Alternating Pattern (CAP), Temporal modeling, Attention mechan-

isms, Sleep microstructure
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CHAPTER 1

Introduction

Sleep is essential to human health, and disorders in sleep, such as insomnia, can deteriorate
an individual’s health condition. Research has found that disruption of normal sleep patterns
could be very helpful in the diagnosis and administration of medications in neurodegenerative
diseases, such as Alzheimer’s disease, Parkinson’s disease, and multiple sclerosis [1, 2, 3].
Therefore, collecting sleep signals during sleep monitoring and analyzing them becomes

increasingly important in sleep studies.

Traditionally, overnight polysomnography (PSG) recordings are the foundation of most sleep
studies [4]. It comprises electro-oculogram (EOQG), electromyography (EMG), electroen-
cephalogram (EEG), electrocardiogram (ECG), oxygen saturation, airflow, and signals from
other sensors. Each of those signals monitors activities from various parts of the body, such
as the heart and brain through the electrodes contacted to the patient’s scalp or skin. Those
signals can have different uses, such as EEG could be used for sleep staging, which is a
task to classify 30 seconds EEG segments into different sleep stages while ECG could help
detect sleep disorders such as obstructive sleep apnea (OSA) which is reflected as difficulties
in breathing during sleep. However, these tasks must be performed by highly trained sleep
technicians. To efficiently utilize those signals, several studies have recently been carried out

to develop automatic diagnostic tools with sleep signals.

On the other hand, some sleep diseases, such as insomnia, have numerous subtypes, and
identifying which subtype the patient has is challenging. With the rapidly increasing avail-
ability of electronic health records (EHRs), identifying phenotypes of a specific disease
becomes possible, but typical phenotyping approaches require intensive intervention from

medical experts. Although researchers have proposed many algorithms and models to help

1



2 1 INTRODUCTION

phenotyping on top of EHR data, extracting explainable phenotypes is still a challenging

problem to solve.

This dissertation focuses on sleep staging and phenotyping in insomnia. The research involves
investigating the robustness of integrating various datasets and using deep learning models to
improve the learning of sleep-related representations that can be used to improve the accuracy

of classification.

1.1 Research Motivations

This research aims to investigate the development of algorithms that can use deep learning
techniques in single-channel EEG signals to classify sleep stages and detect insomnia. The

three primary questions driving this research are as follows:

e How can signal processing theory be integrated into deep learning architectures to
create explainable models that improve sleep staging classification performance?

e How can we adapt the features learned from the popular sleep staging dataset to
other datasets to make an automatic diagnosis of sleep disorders, e.g. insomnia,
possible? If the performance of the model is good, can we find some interesting
features that contribute to the phenotyping of sleep disorders?

e Although sleep stages are representations of sleep macrostructure, can we leverage

the sleep microstructure into the sleep staging model as well to improve performance?

This thesis addresses the classification of sleep stages and the detection of insomnia from
single-channel EEG signals using deep learning techniques. It is centered on three main

research problems mentioned previously:

The first research problem: Deep learning approaches are becoming popular due to their
performance. However, it is less explainable compared to the signal processing approach.
The classification models for sleep staging in existing studies depend mainly on a single EEG
channel that is cost-effective and suitable for real-time monitoring. Although existing research

is based either on signal processing or deep learning, this research explores the potential
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of incorporating signal processing theories into deep learning to address this problem. The
model is expected to provide an explainable architecture design and improve the accuracy of

the sleep stage classification.

The second research problem: Due to the scarcity of the insomnia data set, it is difficult to
perform deep learning-based research. In addition, existing approaches to detecting insomnia
from EEG signals are based on feature engineering methods involving complex and time-
consuming feature extraction methods. To overcome these issues, this dissertation aims to
utilize deep learning techniques to automatically extract features from raw data, eliminating

the need for laborious manual feature engineering, and to improve the detection of insomnia.

The third research problem: Previous studies have limitations in combining different
views from signals. These studies focus on composing the frequency domain features, a
simple transformation of time domain features that can be obtained easily by deep neural
networks. In addition, it does not inject additional information on sleep microstructure in this
approach. Furthermore, detecting finer-grained activities within specific sleep stages, such
as the non-rapid eye movement (NREM) stage, is not prioritized. Medical studies [5] have
shown that the cyclic alternating pattern (CAP) is the marker of sleep microstructure and
often provides critical information on sleep quality, especially in NREM sleep. To address
the aforementioned issue, this thesis aims to develop a deep learning model that effectively

integrates sleep microstructure and macrostructure to accurately detect sleep stages.

1.2 Contributions

This thesis presents three distinct solutions to the previously highlighted research problems.

Here is a summary of the contributions of this thesis:

e Inspired by the clinical guidelines of sleep staging such as AASM (American
Academy of Sleep Medicine) rules where different stages are generally charac-
terized by EEG waveforms of various frequencies, we propose a multi-scale deep

architecture by decomposing an EEG signal into different frequency bands as input
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to CNNs. To model global temporal context, we utilize the multi-head self-attention
module of the transformer model to not only improve performance, but also shorten
the training time as well as provide the explainability of the model. In addition, we
choose residual based architecture which makes training end-to-end. Experimental
results on two widely used sleep staging datasets demonstrate the effectiveness and
significant efficiency (up to 12 times less training time) of our proposed method over
the state-of-the-art.

To utilize such abundant EEG datasets to address the data scarcity issue in insomnia
detection, in this thesis, we propose a domain adaptation based model to better extract
insomnia related features from the target domain by leveraging stage annotations
from the source domain. For each domain, two pairs of common encoder and
private encoder are first trained to extract sleep related features and sleep irrelevant
features, respectively. In order to further discriminate the source domain and the
target domain, a domain classifier is introduced. Then, the common encoder of the
target domain will be used together with the Long Short Term Memory (LSTM)
network for insomnia detection. To the best of our knowledge, this is the first deep
learning based domain adaptation model using single channel raw EEG signals to
detect insomnia at the subject level. Experimental results on the two target domain
datasets demonstrate that our model generalizes well on two target domain datasets
with different sampling rates.

To incorporate the sleep microstructure in sleep staging, we propose a novel method,
namely CAPSleepNet, which leverages CAP features as another way to improve
performance in sleep staging. Since CAP labels are not readily available in most
staging datasets, our method adopts a domain adaptation framework to adapt the
epoch features to the CAP features so that they can be transferred from the source
CAP dataset to the target staging dataset. Furthermore, to model various discrep-
ancies between the source and target datasets, such as gender, age, sampling rate,
etc., we view each sample as a fine-grained domain and turn the domain adaptation
into a classification problem. The end-to-end training process is supervised by an

inter-epoch Long Short Term Memory (LSTM) stage classifier, which takes both
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epoch and CAP features as input and another intra-epoch LSTM CAP classifier
simultaneously. We conducted experiments on two public sleep staging datasets, i.e.,
Montreal Archive of Sleep Studies (MASS) and Sleep-EDF, and demonstrated that

our proposed method outperforms the state-of-the-art.

1.3 Thesis Structure

The technical materials discussed in the chapters of this thesis have been published or are
currently under review. Each chapter focuses on a specific research problem. Chapter 2
provides a systematic review summarizing and analyzing various studies that have utilized
machine learning techniques in sleep medicine, particularly those employing EEG. This
chapter aims to establish the current state-of-the-art ML-based sleep stage classification,
offering a comprehensive overview of methodologies, challenges, and potential advancements

in this field.

Chapter 3 directly addresses the first research question by incorporating the concept of Hilbert
transform in the deep learning model for sleep stage classification. Examines enhancing ac-
curacy compared to single-channel EEG-based approaches using traditional signal processing
theory. This chapter was published in IEEE Journal of Biomedical and Health Informatics,
2020.

Chapter 4 relates to the second research question, which focuses on detecting insomnia,
specifically from EEG signals. This chapter extends the previous deep learning architectures.
It analyzes how to enrich a small insomnia dataset using the features learned in a large sleep
staging dataset to improve the effectiveness of insomnia detection from EEG signals. This

chapter was published in Computers in Biology and Medicine in 2021.

Chapter 5 is aligned with the third research question by introducing the CAP as the marker
of sleep microstructure, which aims to improve sleep staging accuracy during non-rapid eye

movement (NREM) sleep. Investigate how the sleep microstructure improves the detection of
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these NREM events compared to existing models. This chapter is under review and has not

yet been published.



CHAPTER 2

Sleep Signal Analytics for Sleep Medicine: A Review

Making sleep monitoring less intrusive and expensive to achieve high-quality longitudinal
sleep monitoring drives researchers to exploit new methods to collect signals. Wearables with
sleep tracking capabilities, such as wrist-worn devices like Fitbit, measure sleep using accel-
erometry signals to determine sleep and wake. The algorithms in wearable sleep technologies
have improved significantly over the last 10 years and research shows that incorporation of
multiple physiological signals, such as heart rate, greatly improves the sleep-wake detection
accuracy comparable to PSG [6, 7, 8]. Wireless signals from devices such as the Doppler

radar [9, 10] and WiFi routers [11] can also carry information related to sleep patterns.

Using signals collected from PSG and other devices, researchers continue to develop auto-
mated diagnostic systems to reduce the burden on sleep technicians. For example, a number
of models and algorithms are created for the staging of sleep [12, 13, 14, 15] which is
categorized EEG segments into different phases of sleep. However, it is usually a headache
for new sleep researchers who want to analyze sleep signals but do not know where to start.
For example, ECG, which monitors heart, is beneficial in detecting obstructive sleep apnea
(OSA), and EMG, which captures actigraphy, is the gold standard in the diagnosis of periodic
limb movement (PLM). Surveys can be found for different analytic tasks using sleep signals
[16, 17, 18, 19, 20], but no reviews on sleep signals and their applications can be found in
our literature search. Hence, providing a systematic overview of the area of sleep signals and

combining them with specific analytic tasks becomes the goal of this chapter.

In this chapter, a systematic review is conducted to present recent sleep-related research
using signals collected from various devices. We start with an overview of PSG and how
it is collected, followed by a section to introduce typical sleep disorders and the diagnosis.

7



8 2 SLEEP SIGNAL ANALYTICS FOR SLEEP MEDICINE: A REVIEW

Then the definition of sleep staging will be introduced. After that, research on different
analytic tasks using sleep signals is discussed. In addition, to help researchers cross-validate
their research with others, an overview of popular public datasets and evaluation metrics is

presented. Conclusions and future work are included in the end.

2.1 Sleep Signals

Since polysomnography (PSG) and signals derived from PSG are ground truth in most sleep
researches [4], how to collect these signals will be discussed in this section. Due to PSG
recording being an expensive and intrusive way to monitor sleep which requires massive
electrodes to be connected to the patient’s head and body, recent alternatives of PSG which
are targeting at providing portable, patient-friendly sleep monitoring will be introduced in the

rest of the section.

2.1.1 PSG signals

PSG comprises electroencephalogram (EEG), electrocardiogram (ECG), electrooculogram
(EOQG), electromyography (EMG), oxygen saturation, airflow, and signals from other sensors.
Each of them monitors activities from different parts of the body. In this section, an overview

of these signals will be given.

2.1.1.1 EEG

EEG captures electrical activities of the brain from multiple electrodes placed on the scalp
[21]. Electrodes are named according to the location of placement: frontal (F), temporal (T),
central (C), parietal (P), and occipital lobes (O). The electrodes on the lines of the right, left,

and middle hemisphere are assigned even numbers, odd numbers, and z, respectively.

Brain waves generated by the EEG system comprise various frequency bands, such as the
delta, alpha, theta, and beta wave bands, as shown in Fig. 2.2. Delta waves range from 0.5 to 4

Hz frequency with 20 to 400 1V amplitude, and occur during low brain activity, such as deep
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Frontal
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FIGURE 2.1: EEG electrode placement based on traditional 10-20 system
(excerpted from [22]).
sleep [23]. Alpha waves range from 8 to 13 Hz frequency with a range of amplitudes of 2 to
10 1 V. They are usually recorded when a person is awake with closed eyes and in a mental
and physical state of rest [24]. Beta waves are recorded at higher frequencies, ranging from
13 to 30 Hz. Their amplitudes range from 1-5 ;/V. Beta waves are observed with concentrated
attention during the mental working state and also during the REM stage of sleep.
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FIGURE 2.2: Typical example of brain waves in EEG (excerpted from [25]).

In some scenarios such as searching for biomarkers, finer-grained EEG signals need to be

captured, which requires more electrodes. A high-density EEG electrode placement is shown
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below to meet the requirement. It normally provides 256 electrodes with a 1000Hz sampling

rate, which can provide finer-grained capture of EEG signals for phenotyping of sleep disease.

FIGURE 2.3: A sample of high density EEG electrode placement. It compose

of 256 electrodes and typically provides higher sampling rate (excerpted from
[26]).

2.1.1.2 EOG

EOG which obtains movements of the eyes through electrodes placed around the eyes [27].
In measuring the eye movement, electrode pairs are located either below and above or to the
right and left of the eye [27]. An EOG signal response of positive or negative defection can
be recorded if the movement of the eye is made from the central position towards one of the
electrodes. Therefore, a potential difference would occur when the eye moves between the

electrodes placed.

In the AASM standard manual, the positioning of the EOG electrode is recommended
approximately 1 cm above and faintly lateral to the outer canthus of one eye (E1 and E2, as

shown in Fig. 2.4) and a reference electrode on the mastoid or homolateral ear lobe.
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FIGURE 2.4: Recommended, previous and alternate electrode locations of the
EOG signal. LOC = left outer canthus; ROC = right outer canthus (excerpted
from [28]).

2.1.1.3 EMG

EMG records electrical activities produced by the skeletal muscles [29]. Submental elec-
tromyographic (chin) (EMG) is normally used for sleep analysis. Monitoring of chin EMG
activity is an essential element only for identifying stage R (REM sleep). The reduction in
chin EMG amplitude during REM sleep is a reflection of the generalized skeletal muscle

hypotonia present in this stage of sleep.

The placement of EMG electrodes recommended by the AASM scoring manual is illustrated

in Fig. 2.5.

Chin2 Chin3

FIGURE 2.5: Submental (chin) EMG electrode positions. Electrode 1 is
placed Midline 1 cm above interior edge of mandible. Electrode 2 is placed
2cm below inferior edge of mandible and 2cm right of the midline. The
location of electrode 3 is 2cm below inferior edge of mandible and 2 cm left
of the midline (excerpted from [28]).
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2.1.14 ECG

ECG collects electrical activities of the heart via electrodes placed on the skin and can be
used to track heartbeat [30]. The ECG is one of the most useful investigations in medicine.
Electrodes attached to the chest and/or limbs record small voltage changes as potential differ-
ence, which is transposed into a visual tracing. There are 3, 5 and 12 electrode placements

that are normally used. A 12 electrode placement is shown below in Fig. 2.6.

V4 should be placed in the
fifth intercostal space on the
1 MID-CLAVICULAR LINE

1
Right and left arm teads should )
be placed outwardly on the shoulders 1
(preferentially over bone rather than |
muscle) \

1
% R -
@‘ / = ;
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V1 and V2 are positioned in
the fourth intercostal space

V3 lies halfway
between V2 and V4
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necessarily follow the
intercostal space

Mid-axillary line
@
The right leg lead (ground lead] i The left leg lead should be
shwidgbe :?aced begl;: the umbilicus just below the umbilicus

FIGURE 2.6: Placement of 12-lead ECG electrodes. RA indicates right arm;
LA, left arm; RL, right leg; and LL, left leg (excerpted from [31]).

2.1.2 Wearable and non-contactable signals

PSG recording faces many challenges. It requires well trained technicians, and a large number
of electrodes could make patients uncomfortable or intense, while loss of contact and sweat of
patients could inject noise and artifacts [32]. Using single-channel EEG or combined with one
or more other signals could also achieve good results [33] and alleviate patient discomfort;
therefore, researchers began exploring the potential of signals collected from wearable or

contactless devices in sleep studies.
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Portable alternatives to traditional PSG have been investigated and found the automatic scoring
system, showed excellent agreement with PSG manual scoring. Some portable devices could
be used to collect cardiac signals, such as heart rate variability (HRV), which is important in
the detection of sleep apnea. A wrist photoplethysmography (PPG) device yielded ECG level
performance in HRV analysis in [34], while an impedance plethysmography-based wearable
sensor device realized high temporal resolution measurements in monitoring movements and
cardiac parameters in the wrist in comparison to ECG. In [35], college students were found to
tend to sleep late and had a long onset latency according to the average heart rate and breath

rate collected from the waistband.

Various sensor technologies enable non-invasive sleep monitoring. Some wearables with
built-in accelerometer sensors can record actigraphy which could be used to estimate the
estimation of sleep and wake [36] and the time of the sleep period [37]. Research on sleep
signals collected from these sensors found that the rural population had relatively better sleep
and less sleep disorders than the metropolitan population [38], walking generated better sleep
quality and more stable daily blood pressure in seniors [39]. White noise is beneficial in sleep
duration according to actigraphy collected from 18 high school students through consumer
devices [40]. In addition, individual differences should also be considered in the analysis
using actigraphy [41]. Smartphones become more powerful and are equipped with many
sensors to interact with humans which could also be utilized in the collection of unobtrusive
sleep signals. Acoustic signals from a built-in microphone from a smartphone were used
to estimate sleep quality [42] and different statuses of the phone such as locked, shutdown,
charging, in darkness, in a stationary state detected from various sensors were used to infer
sleep habits in real time [43], which could achieve a comparative result with wearables
such as Jawbone wristband and Zeo headband [44]. Combined patterns of smartphone use
captured from smartphone sensors with biological signals collected from Fitbit, the authors in
[45] found that phone use during bedtime led to significantly worse sleep quality in college

students.

Advanced non-contactable monitoring technologies become appealing in modern society.

Video is another approach to monitor sleep. The authors in [46] modeled the patient’s torso
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into two ellipses and captured depth video and audio via the Microsoft Kinect camera for
respiratory events classification on top of the dual-ellipses model. A low-cost web camera
was used to detect respiratory movements from the luminance difference between pixel levels
of a unique bed cover in [47]. Sleep could also be monitored by wireless signals. For example,
the WiFi network could track breathing rate and heart rate with fine-grained channels [11] and
sleep patterns of patients with REM sleep behavior disorder could be detected from RF signal
propagation [48]. Some other novel ways to monitor sleep, such as Doppler radar, which
could track heart rate, breathing rate, and physical movement without being unobtrusive, were
also useful in estimating the sleep stage [9, 10], while a smart bed system with an integrated
electromechanical film-based ballistocardiogram sensor was utilized to quantify restlessness

during sleep in [49].

2.2 Sleep Staging

Sleep staging is the starting point for most other sleep studies. In this section, an overview of
the sleep staging task and challenges it is facing will be given, followed by a discussion of

between the traditional and the modern approaches to automate this task.

2.2.1 Historical Development of Sleep Stage Classification

The foundational framework for the classification of stages of sleep emerged approximately
half a century ago with the seminal work of Rechtschaffen and Kales (R&K) [50]. Their
manual introduced systematic rules for defining sleep stages based on a comprehensive ana-
lysis of electromyographic (EMG), electroencephalographic (EEG), and electrooculographic
(EOG) characteristics. Forty years later, the American Academy of Sleep Medicine (AASM)

refined and expanded these original guidelines [51].

According to the AASM’s revised classification, sleep can be categorized into three primary
stages: Wake (W), Rapid Eye Movement (REM) sleep, and Non-REM (NREM) sleep. NREM
sleep is further subdivided into three distinct substages: N1, N2, and N3. Polysomnographic

(PSG) recordings serve as the gold standard for assessing the stage of sleep, with specific
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neurophysiological markers that define each stage. For example, various neural oscillations,
such as alpha, beta, delta, and theta waves, can be segmented from EEG recordings based on
their frequency bands [52]. The frequency of occurrence of these waves within 30-second

epochs, coupled with EOG measurements, enables precise identification of the sleep stage.

2.2.2 Traditional Approaches to Sleep Staging

Traditional sleep staging relies on manual scoring by trained experts, a process with several
significant limitations. Manual annotation of 30-second PSG segments is inherently tedious,
time-consuming, and subjectively dependent on the interpretation of the individual expert [53].
Despite AASM’s standardized guidelines aimed at ensuring interrater consistency [54, 55,
56], interscorer agreement often falls below 90%, fluctuating based on the scorers’ experience

and fatigue levels [57].

Moreover, PSG recordings present substantial practical challenges. They are costly for
patients and logistically complex to implement, particularly in home settings. Consequently,
there is an increasing demand for affordable, portable, and unobtrusive automatic sleep staging
detection systems that can facilitate high-quality longitudinal sleep monitoring in clinical and

home settings.

2.2.3 Contemporary Approaches to Sleep Staging

Researchers have pursued multiple methodological approaches to address the challenges of
detecting the sleep stage. Signal processing techniques, with their well-established theoret-
ical foundation in frequency domain feature extraction and spectrum analysis, have been a
traditional approach to differentiating sleep stages based on neural oscillation characterist-
ics. Currently, deep learning methodologies have emerged as a powerful alternative. Using
representation learning capabilities, deep learning algorithms can process raw physiological
signals with minimal domain-specific preprocessing, often yielding superior performance.
Some research has also explored hybrid approaches that combine signal processing and deep

learning techniques to enhance interpretability and accuracy.
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2.2.4 Signal Processing based Approaches

Research on multisignal integration demonstrates improved sleep stage classification accuracy.
Motivated by the benefits of signal combination, Pan et al. [58] developed a Discrete Hidden
Markov Model (DHMM) using down-sampled EEG, EOG, and EMG signals processed
by eighth-order Butterworth bandpass filters, achieving 85.29% overall agreement in 20
subjects. Helland et al. [15] applied linear discriminant analysis with stepwise selection of
characteristics in EEG, ECG, and respiratory signals from ten healthy subjects, achieving
precision 93% in epochs annotated by three human experts. Malaekah et al. [23] proposed
decision tree-based classifiers to score sleep stages using features in the time and frequency

domain extracted from EEG and EOG signals.

Channel reduction strategies address patient comfort and cost considerations. Recognizing the
potential to minimize patient discomfort, researchers investigated approaches to reduce signal
channels without compromising performance. Stepnowsky et al. [57] compared automated
scoring using single-lead EEG with EOG-derived signals from annotated PSG records, finding
performance comparable to manual scoring. To optimize feature extraction, Khalighi et al.
[12] utilized the maximum overlap wavelet transform (MODWT) to extract time-frequency
domain features from preprocessed signals, applying a two-step feature selection algorithm to

detect the most discriminative combination of features for EEG, EOG, and EMG channels.

Feature optimization techniques further investigated channel selection methodologies. Piry-
atinska et al. [59] collected 14 EEG channels from 20 full-term and 16 preterm newborns,
exhaustively combining channels to automatically score stages. They ranked automated
scoring according to manual scoring to determine the best individual channels. Krakovska
et al. [13] employed a forward selection procedure to identify optimal subsets of features
from 74 features extracted by bandpass filters, experimenting with entire PSG signals and

EEG-alone configurations.

Signal fusion approaches explored advanced integration techniques. Shi et al. [14] proposed
a two-stage multiview learning algorithm integrating joint collaborative representation (JCR)

and joint sparse representation (JSR) to achieve the fusion of features and classifier levels.
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The extracted multiview features were fed into a multikernel learning-based extreme learning
machine for sleep stage classification. Liu et al. [60] utilized synchrosqueezing transform
(SST) and diffusion map techniques to extract features from two-channel EEG signals,
employing a hidden Markov model to predict sleep stages based on features of similar

subjects.

Single-channel exploration has emerged as a promising research direction. Boostani et al. [16]
provided a comprehensive review of state-of-the-art single channel EEG models, applying
five methodologies in sleep data sets to compare performance from various perspectives.
They found that the entropy of the wavelet coefficients and the random forest are the most
effective combination of features and classifiers. Alickovi et al. [61] applied multiscale
principal component analysis to denoise signals and used a discrete wavelet transform to
extract informative features. A specific study [62] demonstrated the utility of Jenson-Shannon
divergence in discriminating the alpha and theta wave states, efficiently distinguishing between

the awake and N1 sleep stages.

2.2.5 Deep Learning based Approaches

Temporal context capture drove deep learning methodological innovations. Recognizing
the importance of contextual information, Tsinalis et al. [63] developed a convolutional
approach that simultaneously processed current epoch signals along with preceding and
subsequent epochs. The model used 20 filters with a pooling layer, reshaping filtered signals
to capture cross-window information, and addressed data imbalance through class-balanced
batch sampling. Sors et al. [64] implemented a 14-layer convolutional neural network on raw

single-channel EEG signals, deliberately selecting filter sizes to optimize detection.

Recurrent architectures explored interepoch transition modeling. Supratak et al. [65] created
a hybrid model combining two convolutional neural networks with different filter sizes
to capture characteristics in the time and frequency domain. A bidirectional LSTM was

employed to learn transition rules between epochs. Zhang et al. [66] proposed a CNN with
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a fast discriminative complex value, utilizing extended dimensionality to represent patterns

more effectively, and applied the Winograd algorithm to reduce computational complexity.

Multimodal approaches investigated comprehensive signal integration. Mikkelsen et al.
[67] developed a personalized sleep staging approach by training a deep learning model on
combined EOG and EEG records. The general model was fine-tuned using individual subject
data to capture personalized information. Another approach [68] introduced an end-to-end
deep learning model for sleep stage classification using multivariate time series from EEG,
EOG, and EMG signals, employing spatial filters and leveraging temporal context from

neighboring time segments.

2.2.6 Combined Approaches

Hybrid methodologies integrated signal processing with representation learning to enhance
interpretability and performance. Cecotti [69] proposed a convolutional neural network ar-
chitecture that incorporates the Fourier transform to convert features in the time domain to
the frequency domain. An innovative backpropagation approach transferred error between
domains and a hybrid rejection strategy was introduced to increase the reliability and general-

ization of the model.

Recurrent neural networks used temporal information learning capabilities. Researchers
explored various hybrid approaches, such as Hsu et al. [70], who utilized finite impulse
response bandpass filters to separate characteristic brain waves and transformed signals using
Fast Fourier Transformation. Another study by Yulita et al. [71] applied Deep Belief Networks
in conjunction with Bi-LSTM on handcrafted features from EEG, EMG, and EOG signals,

demonstrating superior performance compared to individual models.

Transfer learning and model adaptation strategies expanded the research frontiers. Vilamala et
al. [72] applied multi-taper spectral estimation to single-channel EEG, converting spectrogram

epochs to RGB color matrices and employing a pre-trained VGGNet model. Another approach
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[72] developed a mapping algorithm to transfer feature representations learned from a well-
annotated sleep staging database to different feature spaces, demonstrating the potential for

the adaptation of the model from datasets.

The detailed exploration of these methodological approaches highlights the continuous in-
novation in sleep stage classification, showcasing the potential to integrate advanced signal

processing and machine learning techniques.

2.3 Sleep Disorder Detection

This section explores the detection methodologies for major sleep disorders, with particular
focus on obstructive sleep apnea (OSA), periodic limb movement syndrome (PLMS), and
insomnia, using various sleep signal analysis techniques in multiple diagnostic frameworks

and technological implementations.

2.3.1 Sleep apnea and periodic limb movement detection

Obstructive sleep apnea (OSA) represents one of the most prevalent conditions among the
more than 70 sleep disorders cataloged by AASM [73]. According to AASM 2012 guidelines
[56], OSA diagnosis requires episodes exceeding 10 seconds with airflow reduction of 90%
(apnea) or 30% (hypopnea), accompanied by arousal or oxygen desaturation of at least
3%. The gold standards for diagnostics include ECG, oxygen saturation and nasal air flow
measurements derived from PSG recordings [54]. Early detection of obstructive sleep apnea
(OSA) has been demonstrated to mitigate risks of cognitive decline [74] and cardiovascular

complications [75], making accurate and timely diagnosis crucial for patient outcomes.

The frequent co-occurrence of PLMS and OSA [76], linked to deeper resumption of breathing,
necessitates simultaneous assessment in clinical settings. This complex interaction between

respiratory and movement disorders presents unique challenges in diagnosis and treatment
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planning. This section reviews research approaches classified by their methodological frame-
work: signal processing or deep learning techniques, with particular attention to the evolution

of detection methodologies and their clinical applications.

2.3.1.1 Signal processing approaches

Recent investigations have extensively explored various signal processing methodologies
for the detection of sleep disorders. In examining blood oxygen saturation (SpO2) signals,
researchers [77] used least squares support vector machine classification in data from 100
patients with OSA, differentiating between those with and without cardiovascular comorbidity.
This approach enabled a precise identification of the discriminative characteristics crucial for
patient stratification. Similarly, [78] used fast correlation-based filtering in home-collected
SpO2 recordings from 320 subjects, implementing multiple machine learning models to
categorize levels of severity of sleep apnea, demonstrating superior performance compared to
the conventional oxygen desaturation index 3%. The success of these home-based monitoring

systems suggests promising directions for accessible diagnostic tools.

LS-SVM classification has shown versatility in different signal types. The research in [79]
applied it to pulse photoplethysmographic (PPG) signal characteristics for OSA detection in
1-min segments from 26 PSG recordings, achieving significant accuracy in event detection.
Meanwhile, [80] utilized it for OSA classification using single-lead ECG histogram features,

demonstrating the potential of simplified monitoring approaches.

Heart rate analysis has emerged as a crucial metric in OSA detection, with multiple meth-
odological approaches providing significant information. Studies have employed various
sophisticated techniques: fuzzy sliding trend entropy for heart rate variability (HRV) analysis
[81], which outperformed traditional time frequency domain analysis, time domain heart
period analysis for nonstationarity investigation [82], and heart rate-adaptive match filtering
for microvolt T wave alternans evaluation [83]. Notable research [84] established connections
between PLMS and cardiovascular outcomes through HRV analysis, suggesting potential

applications in home health monitoring using wearable ECG devices.



2.3 SLEEP DISORDER DETECTION 21

Combined detection of OSA and PLMS has been achieved through innovative approaches
incorporating multiple sensing modalities. These include the PCA application on undermat-
tress pressure sensors [85], which captured both breathing patterns and limb movements,
real-time radar-based breathing pattern detection [86] achieving 90% accuracy in 100-hour
experiments, and 3D time-of-flight camera monitoring [87] capable of detecting motor events
beyond traditional EMG measurements. Advanced sensor systems have been developed,
such as magnetometer-based breathing movement detection [88] offering energy-efficient
alternatives to traditional methods, and multichannel analysis combining ECG and respiratory

signals [89], [90] with improved feature selection methodologies.

Several comprehensive reviews have synthesized these developments, providing crucial
insights into the effectiveness of methodology and clinical applications. Notable analyzes
include impacts of the implementation of AASM [91], revealing significant variations in
the classification of hypopnea and sleep stage, the relationships between RLS / PLMS and
cardiovascular outcomes [17], [18] highlighting important health correlations, algorithmic
performance evaluations [19] spanning 2003-2017, and developments in EMG signal analysis

[20] encompassing approaches to temporal, frequency domain, and sparse representation.

2.3.1.2 Deep learning approaches

Deep learning applications in the detection of sleep disorders, while fewer in number, have
shown promising results with increasing sophistication in methodology and implementation.
Temporal information capture has been achieved through the implementation of RNN with
batch normalization [92], achieving 97.8% precision in OSA detection through innovative data
augmentation techniques. CNN applications [93] have demonstrated superior performance
compared to traditional SVM approaches in respiratory channel analysis, processing 24,480

30-second epochs with remarkable efficiency.

Comparative studies have evaluated various neural network architectures against traditional
methods, providing comprehensive performance metrics and implementation insights. The
research in [94] compared the k-nearest neighbor, self-organizing maps, and multilayer

perceptron performance in the detection of ECG-based apnea, utilizing innovative Poincare



22 2 SLEEP SIGNAL ANALYTICS FOR SLEEP MEDICINE: A REVIEW

plot features. Furthermore, wearable sensor applications [95] have explored multiple machine
learning approaches for PLM classification, addressing traditional PSG limitations through

foot-mounted motion sensors.

2.3.2 Insomnia detection

Insomnia is the most common sleep disorder [96] and has significant implications for mental
health, potentially leading to depression, anxiety [97] and cognitive impairment [98]. Its
subjective nature and lack of standardized diagnostic criteria [99] have led to investigations
into objective measures through EEG, heart rate variability [100], brain metabolite levels
[101], and associated symptoms such as low back pain [99]. This multifaceted approach to

diagnosis reflects the complex nature of the disorder and its varied manifestations.

The potential of the condition to induce serious health complications, including depression,
diabetes, hypertension, and cardiovascular disease [102], underscores the importance of
automated analysis systems for efficient diagnosis and monitoring. The necessity of comparing
patient data with healthy subject recordings has driven the development of automated analysis
tools to assist clinical diagnosis. Comprehensive reviews of patient-reported results [103] have
highlighted the need to refine non-restorative sleep measurement methodologies, analyzing

26 studies that evaluated both the night and day aspects of non-restorative sleep.

Recent technological advances have enabled sophisticated detection approaches with increas-
ing accuracy and reliability. Deep neural network applications [104] have shown success in
EEG-based insomnia detection, using 57 temporal and spectral features of two-channel EEG
recordings. Subsequent research [105] has explored computationally efficient alternatives
using SVM with hypnogram features, indicating promising results with simplified models.
These developments suggest a trend toward more accessible and efficient diagnostic tools

while maintaining clinical accuracy.
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2.4 Beyond Sleep Staging and Disorder Detection

Recent advances in sleep research have expanded beyond traditional sleep staging and disorder
detection, encompassing diverse methodologies and applications. This section examines vari-
ous research directions that, while not directly focused on sleep staging and disorder detection,
have made significant contributions to our understanding of sleep-related phenomena and

their practical applications in healthcare and daily life.

2.4.1 Signal Processing and Physiological Monitoring

The development of sophisticated signal processing techniques has revolutionized our ability
to analyze and interpret physiological data related to sleep. These advances have particularly
focused on the analysis of EEG signal and the integration of multiple physiological parameters

for a comprehensive assessment of sleep.

In a groundbreaking study, [106] introduced an innovative approach that uses separable
and depth-wise convolutions to capture the oscillatory and event-related features of EEG
signals. Their methodology incorporated class weight adjustments in the loss function to
address class imbalance issues, while employing one-way Analysis of Variance (ANOVA)
for statistical validation of both within-subject and cross-subject models. The resulting
features demonstrated remarkable capabilities for interpretable analysis through deep learning

frameworks, establishing a new paradigm for EEG signal processing.

Building on these foundations, [107] developed sophisticated convolutional autoencoders
(CAE) capable of learning individually adapted components with intersubject linkages. Their
innovative approach used learned filter weights as initial values for subject-specific autoen-
coders, effectively capturing individual variations while maintaining cross-subject compatibil-
ity. The methodology incorporated a novel pretraining strategy for encoding relative similarity
constraints, addressing fundamental limitations in previous encoder designs and enhancing

the robustness of feature extraction.
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Further advancing the field, [108] conducted a comprehensive comparison of neural network
architectures, implementing a hierarchical approach that included a 2-layer "shallow" network,
a 5-layer deep network, and a 31-layer residual network (ResNet), along with a hybrid CNN.
Their statistical analysis compared decoding accuracies with the established filter bank
common spatial patterns (FBCSP) algorithm, utilizing a cropped training approach with
a 2-second sliding window to enhance accuracy. This study particularly highlighted the
potential benefits of integrating the power features of the EEG band and the phase-related

characteristics in deep convolutional neural networks.

In the realm of sleep disorder detection, [109] developed a portable REM sleep disorder
detection system specifically designed for Alzheimer’s diagnosis. Their system employed
a linear SVM to classify REM and NREM states based on spectral edge frequency ana-
lysis, incorporating low to high spectral content evaluation and specialized REM detection
algorithms. The implementation of a 16-point FFT enabled efficient hardware utilization
while minimizing precision loss, demonstrating the practical applicability of advanced signal

processing techniques in clinical settings.

2.4.2 Environmental Factors and Behavioral Analysis

The investigation of environmental influences on sleep quality has emerged as a crucial area
of research, incorporating both technological innovations and traditional assessment methods

to understand the complex relationships between external factors and sleep patterns.

A comprehensive study by [110] examined the differential impacts of pink-colored light
versus simulated daylight on sleep quality, employing a multifaceted assessment approach
that included Critical Flicker Frequency measurements, fatigue questionnaires, Karolinska
sleeping scale evaluations, Pittsburgh Sleep Diary analysis and hormone concentration meas-
urements. Their findings revealed that 2700K pink light could significantly enhance relaxation

and improve overall sleep quality. Complementing these findings, [111] conducted detailed
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investigations into the influence of lighting conditions on young people’s sleep patterns, com-
paring various correlated color temperatures while simultaneously monitoring physiological

parameters, including heart rate, blood pressure, and EEG signals.

In the domain of behavioral analysis, [112] pioneered innovative methods for fatigue assess-
ment through social media analysis, extracting facial demographics from an extensive dataset
of 1 million timeline posts from 10,480 Instagram users. Their research developed novel
predictive models for individual fatigue rates based on facial landmark analysis, establishing
important correlations between fatigue patterns and demographic factors. This work was fur-
ther enhanced by [113], who developed an intelligent control system for electrical appliances

based on sophisticated facial feature analysis for the detection of sleep state.

2.4.3 Clinical Applications and Healthcare Integration

The integration of sleep research into clinical practice has led to significant advances in patient
care and monitoring systems, particularly in specialized healthcare settings and for specific

patient populations.

A notable contribution in this area came from [114], who implemented a sophisticated Mul-
timodal, Multiview Motion Analysis and Summarization (MASH) system for the monitoring
of ICU patients. Their system utilized three RGB-D cameras and developed a modified
Hidden Markov Model for sleep-pose pattern analysis, effectively addressing challenges in
depth sensor noise reduction and motion quantization. This work was complemented by
[115], who proposed an innovative spectrogram-based algorithm for real-time sleep position
recognition using wearable sensors, achieving state-of-the-art accuracy through a long-term

short-memory model.

In the field of sleep apnea diagnosis, [116] developed a comprehensive integrated system
that combines multiple data sources, including clinical interviews, physical examinations,
laboratory tests, PSG, and CPAP data. This holistic approach demonstrated the feasibility
of integrating heterogeneous data sources for improved diagnosis and treatment planning.

Further advancing clinical applications, [117] developed sophisticated Matlab-based tools for
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quantitative and graphical presentation of hemodynamic variability, analyzing extensive ECG

and impedance cardiographic signals from healthy subjects and patients with atrial fibrillation.

The relationship between sleep and memory consolidation was explored by [118], who de-
signed an adaptive binary D optimal neural response model to optimize stimulation protocols
based on sleep spindle and slow-wave oscillations. This research was particularly significant
in establishing connections between sleep patterns and cognitive function. Additionally, [119]
contributed to clinical diagnostics by developing a predictive model for OSA using selected
features from the STOP-BANG questionnaire, analyzing a substantial clinical database of
856 PSG records to establish important correlations between OSA prevalence, gender, and
age. Their rigorous statistical analysis revealed significant patterns in OSA prevalence across
different demographic groups, providing valuable insights for clinical practice and treatment

planning.

2.5 Public Datasets

This section presents a comprehensive overview of publicly available datasets suitable for
sleep research and related physiological studies. The availability of public datasets has greatly
advanced sleep research, allowing for reproducible studies and standardized benchmarking
of analytical methods. These datasets vary in their scope, population demographics, and
recorded parameters, making them valuable resources for different research objectives and

methodological approaches.

2.5.1 General Sleep Research Datasets

The field of sleep research relies heavily on well-documented and thoroughly validated
datasets. Three major databases have emerged as fundamental resources for general sleep

research, each offering unique characteristics and research possibilities, as shown in Table 2.1.

The Sleep-EDF Database [120] represents one of the foundational datasets in sleep analysis

research. It comprises horizontal EOG, Fpz-Cz and Pz-Oz EEG recordings sampled at 100Hz,
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TABLE 2.1: General Sleep Research Datasets

Dataset Key Characteristics Population

Sleep-EDF Healthy Caucasians (21-35 years)
e 100Hz EOG, Fpz-Cz and Pz-Oz EEG

e 1Hz EMG envelope data

Sleep-EDF
(expanded) e 61 PSGs and hypnograms e 79 healthy subjects (25-101 years)
e Additional measurements: submental | @ 22 subjects with mild sleep diffi-
chin EMG, oro-nasal respiration, rectal culties
body temperature
e EDF+ compliant
MASS Data- 556 Hy whole-nich g 200 participants:
base ° z whole-night recordings e 97 males (23-63
: . years)
e EEG, EOG, EMG, ECG, respiratory sig- e 103 females (19-57 years)
nals

e Multicenter data from 3 laboratories

along with 1Hz sampled EMG envelope data. The subjects were healthy Caucasian males
and females aged 21-35 years, with data collected in two phases: healthy volunteers in 1989
and subjects with mild sleep onset difficulties in 1994. The particular strength of this dataset
lies in its clean baseline recordings from healthy subjects, making it especially valuable for

fundamental sleep pattern research and algorithm development.

An expanded version, the Sleep-EDF database [expanded] (Sleep-EDF (x)) [121], was re-
leased in 2002 and is now recommended for contemporary research. This enhanced dataset
encompasses 61 PSGs and hypnograms from 79 healthy subjects (aged 25-101) and 22 sub-
jects with mild sleep onset difficulties. The expansion added crucial measurements including
submental chin EMG, oro-nasal respiration, rectal body temperature, and event markers in
*PSG.edf files, with all EDF header fields conforming to EDF+ specifications. The wider
age range and additional physiological parameters make this dataset particularly suitable for

aging-related sleep studies and multiparameter sleep analysis research.

The Montreal Archive of Sleep Studies (MASS) Database [122] serves as a comprehensive

benchmark resource for automatic sleep analytics systems. It contains whole-night recordings
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sampled at 256 Hz from 200 participants (97 males aged 23-63, 103 females aged 19-
57), including EEG, EOG, EMG, ECG, and respiratory signals. The data originates from
three different hospital sleep laboratories following eight distinct research protocols. This
multicenter approach enhances the dataset’s robustness and applicability across different
clinical settings. The MASS database is particularly valuable for developing and validating
automated sleep staging algorithms due to its diverse subject population and standardized

recording protocols.

2.5.2 Specialized Sleep Disorder Datasets

Sleep disorders present unique challenges in both research and clinical practice. Several
specialized datasets have been developed to address specific sleep-related conditions and their
physiological manifestations. The St. Vincent’s University Hospital / University College
Dublin(UCD) Sleep Apnea Database [123] focuses on sleep-disordered breathing, containing
25 whole-night PSGs from adult subjects (21 men, 4 women; average age 50, weight 95kg,
height 173cm). Each recording includes two EEG channels, two EOG channels, one EMG
channel, and detailed hypopnea event annotations. The precise annotation of hypopnea events
makes this dataset particularly valuable for developing automated detection algorithms and
studying the temporal patterns of sleep-disordered breathing. The inclusion of anthropometric
data also enables research on the relationship between physical characteristics and severity of

sleep apnea. An overview of those datasets is illustrated in Table 2.2

The Sleep Heart Health Study (SHHS) dataset [124, 125, 126] is specialized in cardiovas-
cular implications of sleep-disordered breathing. It comprises PSG recordings from 6441
subjects collected between 1995-1998 in unattended home settings, measuring EEG, EOG,
ECG, EMG, nasal airflow, heart rate, fingertip pulse oximetry, thoracic and abdominal excur-
sions, body position, and ambient light. The large-scale nature of this dataset, combined with
its focus on home recordings, makes it invaluable for epidemiological studies and research
into the relationship between sleep disorders and cardiovascular health. The unattended
setting also provides insight into sleep patterns in natural environments, contrasting with

laboratory studies.
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TABLE 2.2: Specialized Sleep Disorder Datasets

Dataset Key Characteristics Population

UCD Sleep Apnea 25 adults:
e Whole-night PSGs

¢ 2 EEG, 2 EOG, 1 EMG channels
e Detailed hypopnea annotations

e 21 men, 4 women
e Avg: 50 years, 95kg, 173cm

Sleep Heart Health 6441 subjects (1995-1998)
Study e Unattended home recordings

e EEG, EOG, ECG, EMG, nasal airflow
e Heart rate, pulse oximetry
e Body position, ambient light

CAP Database
e PSG recordings e 16 healthy subjects

e Multiple sleep disorders covered e 92 pathological cases
e Includes control group

The Cyclic Alternating Pattern (CAP) database [127] contains 108 PSG recordings, includ-
ing 16 healthy subjects and 92 pathological recordings from patients with various conditions
including REM behavior disorder, nocturnal frontal lobe epilepsy, narcolepsy, insomnia, PLM,
bruxism, and sleep-disordered breathing. The strength of this dataset lies in its comprehensive
coverage of different sleep disorders, which allows comparative studies between multiple
conditions. Inclusion of healthy control subjects allows research into the specificity and
sensitivity of diagnostic criteria and the development of automated classification systems for

sleep disorders.

2.5.3 Specialized Physiological Datasets

Beyond general sleep research, specialized datasets focus on specific physiological aspects
and sleep-related phenomena, providing detailed insights into particular aspects of sleep

physiology and related conditions. Those datasets are summarized in Table 2.3

The Massachusetts Institute of Technology - Boston Dataset [128] focuses on research
on cardiac dynamics. It contains 48 thirty-minute excerpts of ambulatory two-channel ECG

(360 Hz sampling rate) from 47 subjects, including both routine recordings and cases with
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TABLE 2.3: MIT-Boston and DREAMS Datasets

Dataset Key Characteristics Population

MIT-Boston Dataset 47 subjects
e 30-minute ECG excerpts

e 360 Hz sampling rate
e Normal and arrhythmic recordings
e Focus on cardiac dynamics

DREAMS Subjects 20 healthy subjects
e Whole-night PSG recordings

e R&K and AASM staging annotations

DREAMS Patients . . 27 subjects with:
e Multiple sleep disorders covered e Dysomnia
e Comprehensive clinical annotations e RLS
e Insomnia

e Apnea/hypopnea

DREAMS Apnea 12 sleep apnea patients
e Full overnight PSGs

e Annotated respiratory events
e Central, obstructive, mixed apnea

DREAMS PLMs 10 subjects with PLM
Full overnight PSGs

Detailed PLM annotations in EMG

DREAMS Artifacts Data from 20 recordings
15-minute excerpts

Detailed artifact annotations

DREAMS Spindles 8 subjects
30-minute EEG segments

Expert-annotated sleep spindles

DREAMS K-complexes 5 subjects
e 30-minute EEG segments

e Expert-annotated K-complexes

DREAMS REM 9 subjects
e 30-minute EEG segments

e Expert-annotated REM periods
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significant arrhythmias [129]. The high sampling rate and careful selection of cases make this
dataset particularly valuable for studying the relationship between sleep states and cardiac
function. The inclusion of both normal and arrhythmic recordings enables comparative studies

and the development of diagnostic algorithms.

The DREAMS Database [130], developed by the University of MONS - TCTS Laboratory,
represents one of the most comprehensive and well-structured collections of sleep-related
recordings. It comprises eight specialized databases, each focusing on specific aspects of

sleep physiology and pathology:

e The DREAMS Subjects Database: Contains 20 healthy subjects’ whole-night PSG
recordings with both R&K and AASM staging annotations. This dual annotation
system makes it particularly valuable for studying the differences between these
two major sleep scoring standards and their implications for research and clinical
practice.

e The DREAMS Patients Database: Encompasses 27 subjects with various patho-
logies including dysomnia, restless legs syndrome, insomnia and apnea/hypopnea
syndrome. The diversity of conditions represented makes this database especially
useful for differential diagnosis studies and the development of automated classifica-
tion systems.

e The DREAMS Apnea Database: Features twelve full overnight PSG recordings
from sleep apnea patients with expert-annotated respiratory events (central, ob-
structive, and mixed apnea and hypopnea). The detailed annotation of different
types of respiratory events makes this dataset particularly valuable for studying the
pathophysiology of sleep apnea and developing automated detection algorithms.

e The DREAMS PLMs Database: Includes ten full overnight PSG recordings with
PLM annotations in EMG, providing essential data for studying periodic limb
movements and their impact on sleep quality. The specific focus on PLM makes this
dataset valuable for the development of automated detection systems and studying

the temporal patterns of movement disorders during sleep.
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e The DREAMS Artifacts Database: Contains twenty 15-minute excerpts with
artifact annotations, crucial for developing robust signal processing algorithms and
improving the quality of sleep analysis methods. The systematic documentation of
artifacts helps in developing better filtering and preprocessing techniques.

e The DREAMS Spindles Database: Comprises eight 30-minute EEG segments with
sleep spindle annotations, essential for studying these important markers of stage 2
sleep and their relationship to memory consolidation and cognitive function.

e The DREAMS K-complexes Database: Features five 30-minute EEG segments
with K-complex annotations, providing valuable data for studying these distinctive
elements of stage 2 sleep and their physiological significance.

e The DREAMS REM database: Contains 9 30-minute EEG segments with REM
annotations, crucial for studying rapid eye movement patterns and their relationship

to dream states and cognitive processes during sleep.

Each component of the DREAMS database serves specific research needs while maintaining
high standards of data quality and annotation accuracy. The comprehensive nature of this
collection, combined with its careful organization and documentation, makes it an invaluable
resource for both focused studies on specific sleep phenomena and broader investigations of

sleep physiology and pathology.

2.5.4 Dataset Limitations and Research Challenges

While the aforementioned datasets have significantly advanced sleep research, several lim-
itations warrant consideration. Most datasets exhibit demographic biases, with overrepres-
entation of Caucasian populations and limited diversity in age, ethnicity, and socioeconomic
backgrounds, potentially limiting the generalizability of research findings across diverse
populations. Sample sizes for specific conditions remain modest, particularly for insomnia
studies where subjective diagnostic criteria and recruitment challenges result in smaller co-
horts compared to more easily identifiable disorders like sleep apnea. Additionally, many
datasets lack longitudinal components, limiting insights into sleep pattern evolution over time,

and environmental factors are often inadequately documented, despite their known influence
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on sleep quality. These limitations highlight the need for more diverse, larger-scale, and

comprehensive datasets to fully address the complexities of sleep medicine research.

2.6 Key Research Gaps and Challenges

Building on the comprehensive review of sleep signal analytics and the discussion of existing
datasets and methodologies, several critical research gaps and challenges emerge that warrant
further investigation. These gaps not only highlight the limitations of current approaches but

also provide a foundation for the novel contributions presented in this thesis.
Table 2.4 summarizes the key research gaps and challenges addressed in this work.

TABLE 2.4: Summary of Key Research Gaps and Challenges

Research Gap Description
Explainability in Deep | Existing models for sleep staging lack transparency in decision-
Learning Models making. Integration with signal processing theories could enhance

interpretability while maintaining performance.

Data Scarcity for In-| Limited availability of labeled insomnia datasets hinders model
somnia Detection development. Transfer learning from sleep staging datasets could
improve detection accuracy.

Incorporation of Sleep | Most sleep staging models ignore sleep microstructure (e.g.,
Microstructure CAP), which provides critical information about sleep quality,
particularly in NREM stages.

These gaps directly inform the contributions of this thesis:

e Chapter 3 addresses explainability by integrating signal processing with deep
learning for sleep staging.

e Chapter 4 tackles data scarcity using domain adaptation for insomnia detection
from EEG signals.

e Chapter 5 incorporates sleep microstructure into staging models using CAP features.

While this thesis makes significant progress toward addressing these challenges, several

avenues for future work remain open:
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e Developing more sophisticated hybrid approaches that combine traditional signal
processing with modern deep learning techniques.

e Investigating novel sensing technologies for non-invasive sleep monitoring that can
achieve clinical-grade accuracy while improving patient comfort.

e Enhancing existing algorithms to better handle individual variations in sleep patterns
and environmental factors that affect signal quality.

e Exploring the complex relationship between sleep patterns and various health condi-

tions, particularly in underrepresented populations.

The final chapter revisits this table to discuss how the thesis contributions address these gaps

and outlines future research directions.



CHAPTER 3

A Residual based Attention Model for EEG based Sleep Staging

In this chapter, inspired by the Hilbert transform which can extract relevant features from
EEG waveforms, we propose a multi-scale deep architecture by decomposing an EEG signal
into different frequency bands as input to CNNs. To model global temporal context, we
utilize the multi-head self-attention module of the transformer model to not only improve
performance, but also shorten the training time. In addition, we choose residual based
architecture which makes training end-to-end. Experimental results on two widely used
sleep staging datasets, Montreal Archive of Sleep Studies (MASS) and sleep-EDF datasets,
demonstrate the effectiveness and significant efficiency (up to 12 times less training time) of

our proposed method over the state-of-the-art.

3.1 Introduction

It is of great importance to monitor a person’s sleep quality, as sleep takes up to one-third
of a person’s lifespan and sleep disorders often cause poor sleep quality as well as indicate
other possible health issues. To assist diagnosis and treatment of sleep disorders, a standard
assessment often incorporates EEG signals through polysomnography (PSG) which is the gold
standard for most sleep studies and comprises other physiological measurements (breathing,
oxygen saturations, heart rate and electromyography) [4]. EEG signals capture brain waves
via electrodes placed on the scalp of a subject. They can be used to identify different sleep

stages.

The concept of sleep stages and the rules of sleep staging were first introduced by Rechtschaf-

fen and Kales (R&K) [50] in 1968. Typically, EEG signals are segmented into 30-second
35
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epochs and classified into one of the 6 sleep stages: wakefulness (Wake), 4 non-rapid eye
movement (Non-REM) stages (i.e., Stage 1 to Stage 4), and rapid eye movement (REM). In
2007, the American Academy of Sleep Medicine (AASM) revised and expanded the rules
[51]. It defined 3 stages: Wake(W), Rapid Eye Movement (REM) sleep and Non-REM
sleep. Specifically, Non-REM sleep can be further split into Non-REM1 (N1), N2 and N3 by
merging Stage 3 and Stage 4 of R&K rules due to limited clinical or physiological difference

could be found between Stage 3 and Stage 4.

Traditionally, sleep staging requires trained experts’ visual scoring on 30-second epochs
segmented from PSG recordings, which is a very tedious, time-consuming, and subjective
process [53]. Further, spectral bands (alpha, beta, delta and theta waves) can be discriminated
from EEG based on frequency bands and amplitudes [52], and the frequency of occurrence of
each wave can be used to differentiate sleep stages. For instance, beta waves with frequencies
ranging from 13 to 30 Hz and amplitudes from 1-5 ;/V can be observed at concentrated
attention in REM stage while Wake stage can be characterized by alpha band of 8-13 Hz
along with beta band of 13-30 Hz at low amplitude levels. In addition, the agreement between
scorers is often less than 90% depending on the experience and fatigue the raters have [57].
Clinical scoring of PSG recordings is time-consuming and requires specialist training to
accurate determine sleep EEG pathology. Therefore, automatic sleep staging would be ideal

for more effective and efficient diagnosis of sleep disorders.

To provide solutions for automatic sleep staging systems, researchers used to choose signal
processing techniques to extract frequency domain features and time domain features from
raw EEG signals to discriminate stages of sleep because there has been a clear and theoretical
explanation on spectrum analysis in the field of signal processing. In those approaches, raw
signals from EEG are normally pre-processed by band-pass filters [58, 15, 23] to extract

spectrum features before feeding them into machine learning models.

On the other hand, using fewer channels during sleep monitoring can alleviate obtrusiveness
and reduce costs. Specifically, to explore the potential of single-channel based sleep staging,
Stepnowsky et al. [57] compared automated scoring from a single lead EEG along with

EOG which were derived from annotated PSG records and found that the automatic staging
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algorithm was comparable to manual scoring on all stages. In [61], multi-scale principal
component analysis was applied to remove signal noise from Pz-Oz signals EEG electrodes
and then discrete wavelet transform was used to extract informative features from denoised
signals. To reduce data dimensions, six different statistical features were decomposed and
selected as an input of an ensemble model which adopted rotational support vector machine
to classify different sleep stages. Although signal processing approaches can provide easily
explainable results, it still requires domain expertise to extract meaningful features like

K-complex waves in EEG epochs.

Recently, due to the promising progresses of deep learning in many pattern recognition tasks
such as object recognition and detection, a number of deep learning based methods have been
proposed for sleep staging. Aiming at providing personalized sleep staging, Mikkelsen ef al.
[67] trained a deep learning based model using electrooculography (EOG) and EEG signals.
They then fine-tuned the general model with over sampled first-night data of a specific subject
to learn personal information which improved scoring on second-night data. Aggarwal et
al. in [131] proposed a method to classify sleep into 4 stages using nasal airflow signal
for sleep apnea patients who were treated with Continuous Positive Air Pressure (CPAP)
to see if the sleep efficiency was improved. They found using conditional random field as
output layer could better capture global temporal context. Chambon et al. [68] introduced an
end-to-end deep learning model to classify sleep stages with multivariate time series from
multiple modalities (EEG, EOG, EMQG) using spatial filters. Neighbouring epochs were
fed into deep learning models simultaneously to capture temporal context which increased
accuracy. Yuan et al. in [132] argued that the correlations among multivariate biosignals
contain extra information which is useful in sleep staging, therefore proposed a fusion-based

attention model to learn informative representations from multivariate PSG records.

Using deep learning on raw signals from single channel EEG has also become popular. In
[63], signals of the current epoch along with its preceding two and succeeding two epochs
were passed through a convolutional layer with 20 filters followed by a pooling layer. Then,
the 20 filtered signals were reshaped into 2 dimension output to capture information across

different time windows in the next layers. To efficiently handle the data imbalance issue
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which is common in sleep staging, a class-balanced batch sampling was used in each epoch.
In [64], two preceding and one succeeding epochs of the reference epoch were fed into a
14-layer convolutional neural network (CNN) with purposely selected filter sizes for each
layer to detect sleep stages on raw single-channel EEG signal from the Sleep Heart Health
Study (SHHS) dataset [124, 125, 126]. Another way to learn temporal context across epochs
is using recurrent neural network such as LSTM. DeepSleepNet [65] was proposed to use two
CNNs with different filter sizes to capture time-domain and frequency-domain characteristics
respectively from a raw single-channel EEG while a bidirectional-LSTM (Bi-LSTM) was
used against the concatenated output of those CNNs to learn temporal context among epochs.
Note that DeepSleepNet outperforms the univariant version of the method proposed in [68] in

terms of all metrics.

However, there are four major problems to be addressed in the deep learning based sleep

staging literature:

e Most deep learning based models highly rely on hyperparameter tuning (especially
in feature extraction part) which is challenging to extend or scale up.

e Oversampling is widely used to address data imbalance problem in automatic sleep
staging solutions. However, it could increase training time and may not be the best
option for datasets that have fewer than 10,000 samples which are used in existing
studies [133, 134]. Shortening training process could help to experiment more
complex models and speed up model development.

e Although temporal context is considered in some studies like [65, 135], the training
has to be divided into two stages: pre-training and fine-tuning. This is because
training a very deep neural network could inject gradient vanishing problem which
makes the model converge to local optima or diverge. Furthermore, as the learning
rate is set to a very low value during the fine-tuning process, it takes more time to
reach optimum or may even not be able to reach optimum.

e The output of recurrent neural networks (RNN) such as long-short term memory
(LSTM), which has been widely used to model temporal context across epochs

in automatic sleep staging systems, heavily depends on preceding states. Thus,
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FIGURE 3.1: Overview of the proposed network architecture. There are
three parts in the model: feature extractor, encoder, and decoder. The feature
extractor is formed by a convolutional layer and a max pooling layer with two
different scales. The encoder comprises of two residual blocks and a global
average pooling (GAP) layer. The decoder consists of a multi-head attention
module which models temporal context across 30-second epochs. A joint loss
is used to optimize the classifier using the logits generated by both encoder
and decoder.

the computation cannot be performed in parallel which also lengthens the training

process.

In this chapter, we propose a novel residual based attention model using the raw single channel
EEG signal to score sleep stages following the theory of Hilbert transform [136] which can
represent both frequency and amplitude features. The main contributions of this work are as

below:

e We adopt multi-scale max pooling layers to simulate Hilbert transform to extract
frequency and amplitude features from EEG data.

e We incorporate 2 residual blocks which can be easily extended by stacking similar
blocks to generate embeddings from extracted features for improved representation

learning of different sleep stages.
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e Instead of oversampling, we apply cost-sensitive learning which is proved more
effective in small datasets to address data imbalance problem and speed up training.

e We propose a self-attention model to capture temporal context based on the multi-
head attention mechanism in [137], which could be optimized in parallel to shorten
training time significantly.

e To the best of our knowledge, our method is the first in the sleep staging literature to
learn EEG epoch embeddings and temporal transition rule across epochs end-to-end
because our model is based on residual network and the gradient vanishing issue can

be completely avoided.

3.2 Proposed Method

An overview of our model’s architecture is illustrated in Fig.3.1. We view sleep staging as
a sequence-to-sequence task which transforms a sequence of extracted feature vectors from
raw EEG signal into a sequence of sleep stages. Therefore, similar to the encoder-decoder
structure which is frequently used in neural sequence transduction models, we designed three
modules in our model: feature extraction, embedding generation (encoder) and temporal

context capturing (decoder).

The feature extraction module extracts meaningful feature vectors via a convolutional layer
followed by a max pooling layer with two different scales while the embedding generation
module learns representation from those features and output embeddings of each epoch using
two residual blocks followed by a global average pooling layer. The output sequence of
generated embeddings are fed into a self-attention feed-forward neural network to capture

temporal information across epochs.

During the optimization, the logits from embedding generation and from temporal context
learning part are combined to infer the stage of an epoch as the final prediction through a joint

loss.
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3.2.1 Hilbert Transform and Feature Extraction

According to AASM, sleep stages are determined by frequency of occurrence of the different
band waves. For instance, an alpha band of 8-13Hz and beta band of 13-30Hz are usually
observed during the wakefulness stage while theta bands of 4-7Hz are dominant during N1
NREM sleep. As these wave bands are distinguished by their frequency and amplitude, to
efficiently represent frequency and amplitude of different wave bands in 30-second EEG
epochs, we found Hilbert transform in signal processing field could help describe those

signals.

3.2.1.1 Analytic signal and Hilbert transform

In signal processing theory, a real signal s(t) (30-second epochs in sleep staging) can be

represented as analytic signal [138]:
sa(t) = s(t) +i-H[s(t))], (3.1)

where the real part denotes temporal context and the imaginary part is Hilbert transform of

signal s(¢) which carries amplitude envelope information.

Hilbert transform of signal s(t) can be defined as convolution of s(¢) with the signal 1/7t
[139]:
HIs(t)] = — = s(t), (3.2)

7t

which means Hilbert transform of a signal s(¢) equals feeding the signal into a bandwidth

filter with an impulse response of 1/7t.

3.2.1.2 Module architecture

The design of the feature extraction module is as demonstrated in Fig.3.2.
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FIGURE 3.2: Design of feature extraction part. Fs and Sd are [ N/100] and
[N/1000] respectively where N denotes number of sampled points in an
epoch. The two pooling layers of different sizes are meant to simulate Hilbert
transform to extract frequency and amplitude features respectively.

Since the percentage (frequency of occurrence) of different waves in an epoch determines
which sleep stage this epoch belongs to, we use a convolutional filter of size [ N/100] in the
first layer to extract meaningful features from raw signal, where /N denotes the number of
data points in an epoch (30 seconds * sampling rate). Meanwhile, the stride is set to 1/10 of

the filter size which is [ N/1000].

The output of the first layer is down-sampled by two max pooling layers with different pool
sizes but same strides. The first pooling layer with size [ N/1000] extracts temporal features
like frequency (real part in Eqn.(3.1)) while the other pooling layer, which has a size of

[ x N/1000], is supposed to extract amplitude features (imaginary part in Eqn.(3.1)), .

To form up features for approximation of $,(¢) which is analytic signal of the input epoch, a
point wise summation is applied to the output from those two pooling layers. Due to layer
normalization [140] can speed up training in very deep neural network, it is applied on the

output of all point wise summations in this model.
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3.2.2 Residual-based Embedding Learning

To approximate mapping between input epoch = and sleep stage y, we need multiple nonlinear
layers as indicated in [141]. In the process of designing those layers, residual networks drew

our attention.

3.2.2.1 Residual network

Residual network (ResNet) [142] and its variants are popular approaches to solve image
classification problems and whilst we did not identify empirical research from the literature
in respect of sleep staging we have incorporated into our model. Typically, ResNet and its
variants are established by multiple residual blocks which can be easily extended to very deep
networks by simply stacking those residual blocks, so we decide to adopt residual blocks to

learn the mapping under the hood.

ResNext is one of the best performed variants of ResNet till date. We choose aggregated
residual transformation blocks from ResNext demonstrated in Fig.3(c) of [143] for residual
learning following a split-transform-merge strategy which compresses network and saves

computation resource.

A high level overview of embedding generation part is shown in Fig.3.3. Two residual blocks
are used to generate embeddings from epochs. Below is an analysis on how those residual
blocks approximate the mapping between input and output embeddings.

*Feature vector
( Res Block )

( Res Block )

(Global Average Pooling)

C 0.5 Dropout )
*Embedding

FIGURE 3.3: Embedding generation module is formed up with two ResNext
blocks and a global average pooling layer.
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Suppose there is a mapping H (X ) between X and Y
Y =H(X). (3.3)
According to [142], instead of approximating H (.X) directly, residual learning approximates
the residual between Y and X as below:
FX)=Y-X=H(X)-X. (3.4)
Based on the above, it is possible to use residual units to approximate the function which
transforms the extracted features to representation which is similar to analytic signal.

Let x; denote the input of the sth residual block and F; denote the residual function which is
supposed to be approximated by that block, then a typical residual block would follow the

equation below:

Tiv1 = Hi(z;) = Fi(w) + ;. (3.5)

The function F;(z;) represents the residual mapping of the transform function #;(x;) which

maps x; to ;1.

In our scenario, z; is the summation of frequency and amplitude features extracted from the
prior module while the mapping between output of the first block x5 and original input x can

be viewed as:

xR Ty = Hi(z), (3.6)

where x5 could be deemed as an approximation of analytic signal of z.

Now, the relationship between input epoch z and output stage y can be asymptotically

approximated as below:
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y = H(r) = H(rz) = H(Hi(z1)). (3.7)

Apparently, we need another residual unit to learn the mapping H.

3.2.2.2 Module architecture

From above, we decide to use two ResNext blocks as shown in Fig.3.4.

64-d in 128-d in
A 4 A\ 4
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( 3Conv,64,/1 ) (( 2AvgPool,/2 ) ( 3Conv,64,/1 )
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( Addanom )eiZidout ( Add&Norm 128-d out

¢ RelLU * RelLU

FIGURE 3.4: ResNext based residual blocks. The first block projects 64-
dimension input into 128 dimensions and the second block maintains the same
dimension with its input.

Since we use 64 filters in the first convolutional layer, it generates 64 feature maps for the first
residual block. The input is split into lower-dimensional embeddings by 1 x 1 convolutions
with a stride of 2 and then transformed by a grouped convolutional [144] layer consists of
64 3 x 1 filters which concatenates the reformulations as input of next layer. Since we need
to look at percentages of different waves in an epoch, the last layer of the residual block is
formed up with 128 1 x 1 filters to extract more than 100 feature maps and project the features

learned in lower-dimensional feature space back to higher-dimensional embeddings.

Given the output dimension of the first residual block is 128 while the input dimension is
64, a projection shortcut connection (done by average pooling layer) is adopted to match
dimensions. An element wise addition is applied upon residual learned by residual block and
down-sampled original input to get the output z5. A rectified linear unit (ReLLU) activation is

used on the summation.
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The second residual block has the same input/output channels (128/128) to fully represent
those extracted feature maps, so the identity shortcut connection is adopted in this block in-
stead of a projection shortcut connection. We also experimented 64/64 input/output dimension
block as the first block, however, with training time increased due to no down sampling, no
performance gain was observed. On the other hand, we observed a performance deterioration
when using 128/256 input/output block as the second residual block. This appeared be due to
another average pooling layer causing information loss across two blocks. Similar to the first

residual block, a ReLLU activation is applied on the output.

A global average pooling layer [145] is used to average the feature maps obtained from

residual blocks to generate embeddings as output to the next module.

3.2.3 Temporal Modeling with Self-attention

The stage of an epoch could be related to some preceding or succeeding epochs, which
means the temporal information could be important for sleep scorers to determine a specific
epoch. For instance, according to AASM, low amplitude and mixed frequency EEG pattern
denotes N1 while at least one non-arousal K-complexes or no less than one trains of sleep
spindles can identify N2, but if a subject is observed to enter sleep stage N2, epochs without
K-complexes and sleep spindles should be annotated as N2 if they contain low amplitude and

mixed frequency EEG activity.

To capture temporal context across different epochs, one of the classic approaches is using
RNN [65, 71, 135]. Specifically, bidirectional RNN like Bi-LSTM is widely used to learn the
transition rules from prior stages and also posterior stages. However, the computation cannot
be processed in parallel due to a sequence of hidden states has to be generated in each step of

time series which makes training process slow.

3.2.3.1 Transformer

To efficiently capture temporal context across a sequence of PSG epochs, we explored in

natural language processing (NLP) domain which has a number of research on replacing
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LSTM in sequence-to-sequence tasks like translation. Among those solutions, we found an

attention model [137] could be adopted to capture temporal context in sleep staging.

The model is called Transformer which outperforms LSTM in a lot of language translation
tasks. As our task, sleep staging, can also be deemed as translate 30-second epochs into a
sequence of stages, we build a self-attention model based on Transformer for time variant
information learning and it shortens training process significantly because computation can

be performed in parallel.

Given Transformer discards recurrence, to incorporate the order of the sequence, we encode
the position of time steps in the sequence of input embeddings with sinusoidal functions,
because parameterized position encoding does not improve performance according to [137].
To add position encoding to input embeddings from residual network, we use same dimension
with the output from embedding generation module, which is 128. During experimentation,
we find the model yields best performance when we feed 30 epochs in each sub-sequence,

thus, the equation for the position encoding can be formularized as below:

PE(p2a) = sin(p/10000%/%™), (3.8)

PEpa4s1) = cos(p/100002%/4m) (3.9)

where p denotes the position of an epoch in the input sequence, d is 30 which represents the
length of sub-sequence and dim is 128 as mentioned previously. Since the position embedding
of an epoch can be calculated directly from above equation without training, it speeds up

training and helps algorithm to learn the transition rule from both directions.

3.2.3.2 Multi-head attention

In attention mechanism, the query ¢, which typically maps a set of key-value pairs {k, v}
to ground truth y, could be approximated by an attention function. The weighted sum of

values, where the weights are calculated from a compatibility function, can be assumed as a
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prediction of output. To reduce computation, we use self-attention which means the query
and key-value pairs all correspond to the input sequence. Then, the attention function can be

mathematically defined as below according to [137]:

XXT

dim

Attention(X, X, X) = softmax( )X, (3.10)

where X denotes matrix formed up by input embedding vectors and dim is the dimension of

those vectors.
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FIGURE 3.5: Multi-head self-attention sub-module. The sequence of embed-
dings is linearly projected 8 times in parallel and the output values are concat-
enated.

To have the model jointly attend to information from different representation subspaces
at different positions thereby improving performance, we incorporate multi-head attention
mechanism which linearly projects queries, keys and values (all of them are embedding

sequences generated by previous module) / times.

During hyper-parameters tuning, the best performed settings are found exactly same as those
proposed in [146]. We use 8 for /& which is number of heads. In each head, the dimension

is 64 and attention function is performed on each head in parallel as shown in Fig.3.5. The
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denominator v/ dim in Eqn.(3.10) is reflected as a scale layer and the output of each head is
concatenated. Then, a fully connected layer is used to project the concatenated result from
higher dimension (8 x 64 = 512) to the same dimension of the original input embedding

which is 128.

To regularize this sub-module, a dropout layer with keep rate of 0.8 is added before outputting

the result to next module.

3.2.3.3 Module architecture

Similarly to the encoder-decoder structure which is frequently used in neural sequence
transduction models, we consider the previous embedding generation module as encoder and
the encoded embedding sequence is decoded into stages by this temporal context learning

module.

The overall design of this module is as shown in Fig.3.6. From it, we can see that the encoded
embedding sequence is decoded by the multi-head attention sub-module along with two fully

connected layers.

A residual connection is applied to add the input embedding and output from multi-head
attention. A fully connected layer with 2048 neurons is used to project the attention output to
high-dimensional representation and then the result is activated by ReLLU. After that, another
fully connect layer projects the activations back to 128 dimension. The normalized output
from multi-head attention is also added to output of two fully connected layers by a skip

connection.

To improve performance and avoid gradients vanishing issue during back propagation, the final

output of the module is added to the original encoded embeddings via a shortcut connection.
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FIGURE 3.6: Temporal context learning module. Embeddings from previous
module is fed into a multi-head attention network followed by two fully
connected layers.

3.2.4 Training

To successfully train this network at speed, data imbalance problem is the first thing to be
addressed. It is common in sleep staging and is usually managed by oversampling [65] or

class balanced sampling [64, 147].

Oversampling, which clones samples of minority classes, lengthens training time as well
as increases computation while class balanced sampling, which samples same amount of
observations from different classes, could leave out some samples from predominate classes

thereby sacrificing performance in representation learning.

3.2.4.1 Cost-sensitive learning

To ensure all observations are used without lengthening the training, we decide to adopt

cost-sensitive learning in our model.
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Cost-sensitive learning which assigns weights as penalty for those less accurately classified
samples could be more helpful in avoiding class imbalance issue in datasets that have less
than 10,000 samples like EEG according to [134, 148, 133]. In addition, less training time
and computation comparing with oversampling could be benifical to design more complex

models which renders better performance.

Since our model removes oversampling and all sub-modules are connected by skip connec-
tions, which ensures gradients back propagate properly, we achieve end-to-end training on

this very deep neural network using a joint loss.

3.2.4.2 Multi-task learning

Inspired by multi-task learning (MTL) [149], we treat embedding encoding and temporal
information capturing as two related tasks. Jointly training these two tasks can help they look

at each other’s latent features which could improve performance and generalization.

Firstly, we use a softmax layer to generate logits from output of encoding part and calculate
cross-entropy loss [150] of IV classes (N equals 5 in this work which are Wake, REM, N1, N2

and N3) classification as below:

N
Lo==) yelog(y)), (3.11)
c=1

where ¥, is true probability an observation belongs to class ¢ and ¥/, is the predicted probability
of the observation. To apply cost-sensitive learning, we assign weights according to which
class the observation belongs to. The class-weighted cross-entropy loss function is expressed

as following equation:

N
Lue=—we Y _yclog(yl), (3.12)
c=1

where w, denotes the weight of each class’s contribution to final loss. The more samples from

a class, the less weight the class will be assigned.
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It can be derived from inverse of proportion of observations from different classes:

N
> Se
c=1
c — s 3.13
P S (3.13)
where S, denotes the number of samples from class c¢. Thus, w,. can be calculated as:
Pe
w, =N —. (3.14)
> De
c=1
The average cross-entropy loss of encoding part’s output is viewed as:
| M
'Ce = - Ewc 79 3 15
7 ; , (3.15)

where M is the size of mini-batch which is 300 in our work and 7 is the location of the sample.

The output of encoding part is fed into transition rule learning part as mini-batches with 10
sub-sequences of length 30 in each batch. To optimize this module, the loss function is viewed

as summation of cross-entropy loss across all samples in the sub-sequence:

o

L= Z Lo i) (3.16)

i=1 j=1
where L', (; ;) denotes the cross-entropy loss of jth sample in ith sub-sequence of the final

output. O is the size of mini-batch in temporal learning network and P is length of a

sub-sequence. They are 10 and 30 respectively in our model.

To make loss from encoding part and temporal learning part at same scale, we use a multi-task

loss function in this form:

1
Emtl - Mﬁs + Ee, (317)

where M is 300 which is the same with that in Eqn. (3.15).
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3.3 Experimental Results and Discussions

In this section, we report the results of experiments conducted on two popular EEG based
sleep staging datasets for evaluating the effectiveness and efficiency of our proposed method.
We first describe the two datasets: Montreal Archive of Sleep Studies (MASS) [122] and
sleep-EDF [120], evaluation metrics, and experimental settings, then present experimental

results and our conclusions.

3.3.1 Datasets

MASS contains whole-night recordings of EEG, EOG, EMG, ECG and respiratory signals
from 97 males aged from 23 to 63 and 103 females aged from 19 to 57 years. Since these
recordings were collected from 3 different sleep laboratories using 8 different research
protocols, this dataset can be used as a centralized resource for solving difficult topics like
improving inter-rater agreement on sleep staging or the impact of age on sleep. The signals in
this dataset were recorded at a sampling rate of either 256Hz or 512Hz. To ensure the samples
have the same dimension, the signals recorded at a sampling rate of 512Hz were downsampled
uniformly. The recordings are in the European Data Format (EDF)++ and organized into five
subsets (named SS1-SS5) according to the research protocols. SS1 and SS3 are annotated
according to AASM while the others follow R&K rule. Since SS1 has a mixed montage size,
we choose SS3 from cohort 1 which contains 28 male and 34 female healthy subjects aged
from 20 to 69 years old. The epochs annotated as UNKNOWN are removed and the rest of
the epochs are labeled into five sleep stages: W, N1, N2, N3 and REM.

The F4-LER (linked-ear reference with a 10 £ resistance) channel is chosen for our exper-
iments by default. However, the F4-CLE (computed linked-ear) channel is the alternative
when F4-LER does not exist in a recording. The reason that not use F4-EOG channel as in
[65] and [151] is because we assume F4-EOG which is reformatted signal by subtracting the
EOG channel to the EEG channel (e.g., F4-LER - (EOG-LER) = F4 - EOG - LER + LER =
F4-EOG) may inject data leaking from EOG.
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TABLE 3.1: The epoch statistics of MASS and sleep-EDF.

Dataset W N1 N2 N3 REM  Total
MASS 6,231 4,814 29,777 7,653 10,581 59,056
sleep-EDF | 8,285 2,804 17,799 5,703 7,717 42,308

Sleep-EDF is another popular dataset for sleep analysis, which consists of horizontal EOG,
Fpz-Cz and Pz-Oz EEG at a sampling rate of 100Hz along with an EMG envelope at a sample
rate of 1Hz. The signals were collected from 197 healthy Caucasian males and females aged
from 21 to 35. To conduct fair comparisons with the literature, we used Fpz-Cz and Pz-Cz
channels of recordings collected from 20 healthy subjects of the study on age effect in the
Sleep-EDF dataset. Each epoch was scored into 8 classes according to the R&K rule: W, S1,
S2, S3, S4, REM, MOVEMENT, and UNKNOWN. To be consistent with MASS, stages S3
and S4 were merged as N3 and and the epochs annotated as MOVEMENT or UNKNOWN
were discarded. In addition, continuous wake epochs longer than 30 minutes outside sleep

period were also ignored in our experiments.

The statistics of these two dataset are shown in Table 3.1.

3.3.2 Evaluation Metrics

Three evaluation metrics are used in our experiments: macro-averaging Fl-score (MF1),

overall accuracy (ACC), and Cohen’s Kappa coefficient (k). MF1 and ACC can be obtained

as follows: .
S TP;
ACC = ile : (3.18)
K
S F1;
MF1 = i=1K , (3.19)

where T'P; and F'1; are the true positives and F1-score of the ith stage respectively, K is the

total number of sleep stages (i.e., 5 in our study), and N is the total number of test epochs.
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Cohen’s Kappa Coefficient [152] is to characterize the inter-rater agreement (IRA) level and
can be calculated as following:
Nc - Ne

= — 3.20
Rl (3.20)

where N, denotes the number of correctly scored stages, NV; denotes the total number of stages
while N, denotes the expected number of agreements for each stage. The correspondence

between Cohen’s Kappa Coefficients and their agreement levels are shown in Table 3.2.

TABLE 3.2: The correspondence between different agreement levels and
Cohen’s Kappa Coefficients

Cohen’s Kappa Coefficient | Agreement Level
K <0.00 Poor
0.00 <k <0.20 Slight
021 < k<040 Fair
041 <k <0.60 Moderate
0.61 <k <0.80 Substantial
K >0.80 Excellent

3.3.3 Experimental Settings

We split the MASS and sleep-EDF datasets into 31 and 20 folds respectively, In each fold,
two recordings are considered as test data and the rest are used as training data. In particular,
the two recordings are from the same subject in sleep-EDF. This process is repeated until all

the folds have been iterated.

We used the Adam optimizer at a learning rate of 10™* against the loss function defined in
Eqgn.(3.17). Since in our proposed model, there is no pre-training phase, which is essentially
an initializing process, it is important to have a good initialization during training. Therefore,

we adopt the initialization method proposed in [153], which produces the best performance.

To prevent the network from overfitting to noises or artifacts, L2 weight decay is applied to
the first convolution layer of the encoding part with weight decay parameter set to 10, We
also introduce two dropout layers in this model to make it more generalized. The first one is
after global average pooling layer in embedding generation part while the other is prior to

softmax layer which generates final output as shown in Fig.3.3 and Fig.3.6 respectively.
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3.3.4 Comparison of Efficiency

We compared our proposed method with the state-of-the-art deep learning based sleep staging
models including DeepSleepNet [65] and a ResNet based pure CNN model proposed by
Ahmed et al. [154] in the same environment. For these models, we saved the last checkpoint

for evaluation.

Our proposed method is implemented with TensorFlow [155] and the training is conducted
on a computer with a GPU NVIDIA GeForce GTX 1080Ti. Our proposed model is trained
end-to-end and generally converged in 100 epochs. Each fold takes less than 15 minutes
for training, while DeepSleepNet and method in [154] take around 2.5 hours and 10 hours
respectively. The inference or testing time of each fold is around 0.5 second. Both training

and inference are more than 10 times faster than the other two approaches.

3.3.5 Computational Cost Analysis

To provide a comprehensive evaluation of our proposed method’s efficiency, we present a

detailed computational cost analysis comparing our approach with state-of-the-art methods.

Model Complexity: Our proposed model contains approximately 2.1M parameters compared
to DeepSleepNet’s 3.8M parameters and the ResNet-based method’s 5.2M parameters. The
reduction in parameters is achieved through the efficient multi-scale feature extraction and

the use of global average pooling instead of fully connected layers.

Memory Requirements: During training, our model requires approximately 1.2GB of GPU
memory per batch, which is 40% less than DeepSleepNet (2.0GB) and 60% less than the
ResNet-based approach (3.1GB). This memory efficiency is primarily due to the absence of

recurrent connections and the parallel processing capability of the self-attention mechanism.

Training Time Breakdown: The significant speedup (10-12x faster) can be attributed to
three factors: (1) elimination of the two-stage training process (pre-training + fine-tuning)

required by DeepSleepNet, (2) parallel computation in the self-attention mechanism vs.
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sequential processing in LSTM, and (3) cost-sensitive learning eliminating the need for data

oversampling.

Inference Efficiency: Our model achieves real-time processing with an average inference
time of 0.02 seconds per 30-second epoch on a single GPU, making it suitable for clinical

deployment scenarios.

3.3.6 Performance Comparison on Sleep-EDF

We trained our model on Fpz-Cz and Pz-Oz channels from Sleep-EDF dataset as well as F4
channel from MASS dataset. Per-class metrics like precision (PR), recall (RE) and F1-score
(F1) are compared between proposed model and baselines side by side. Those metrics are

calculated by treating the candidate class as positive and other classes as negative.

Tables 3.3 and 3.4 show confusion matrices obtained from the Fpz-Cz and Pz-Oz channels,
respectively, of the sleep-EDF dataset for our model and baselines. Each row represents
ground truth while each column indicates our predictions. The numbers of epochs which are
correctly classified by our model are in bold. Also, per-class metrics from proposed model
and baselines are appended in the last 6 columns with winner of each metric highlighted.
We also compared overall accuracy (ACC), macro-averaging F1-score and Cohens Kappa in

Tables 3.5 and 3.6 across the three approaches.

From those confusion matrices, our proposed method outperforms DeepSleepNet and method
from [154] for both Fpz-Cz and Pz-Oz channels on Sleep-EDF in terms of almost all the three
evaluation metrics (F1, precision and recall), which shows the effectiveness of our proposed

method.

To demonstrate the statistical significance of improvement, we apply K-fold cross-validated
paired t-test on each fold’s accuracy for three methods. The p-values on Fpz-Cz channel are
0.0504 and 0.0548 comparing our proposed model to DeepSleepNet and method from [154]

respectively while corresponding p-values on Pz-Oz channel are 0.1086 and 0.2134.
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Although on Pz-Oz channel the performance of our proposed method is slightly lower than
DeepSleepNet in REM stages, our proposed method clearly outperforms the baseline on other
stages. This could be explained that Pz-Oz is placed at the centre of head which is far away
from eyes and cannot capture the electrical activities which are influenced by movement of
eyes. This causes misclassifications between stage W and N1. Model performs better on

Fpz-Cz channel than on Pz-Oz channel because Fpz-Cz is placed on front head which is close

to eyes.

We visualized annotated stages along with predicted stages of Fpz-Cz and Pz-Oz channels in
Fig.3.7 and Fig.3.8 using the first subject”s recording from sleep-EDF. We can see that it is

harder for the candidate to discriminate REM and W using signals from Pz-Oz than Fpz-Cz

which could be also due to the distance between electrode and eyes.
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FIGURE 3.7: Hypnograms of subject 1 from sleep-EDF dataset Fpz-Cz chan-
nel. The top is ground truth and the bottom is prediction from our model. The
accuracy and F1-score of our model are 0.90 and 0.83 respectively for this

subject.

TABLE 3.3: Confusion matrix from 20 fold cross-validation of sleep-EDF

Fpz-Cz channel and per-class metrics

Predicted Candidate SOTA Ref. [65] Ref. [154]
W NI N2 N3 REM| RE PR Fl| RE PR Fl1| RE PR Fl
W 6604 229 38 5 361 95.5 85.4 90.2 | 88.8 834 86.0|869 85.0 859
N1 720 1373 282 0 510|47.6 49.0 48.3 (428 472 449 ]39.2 382 38.7
N2 199 818 15860 571 900 |86.4 89.1 87.8 |88.2 82.3 85.1|85.6 832 844
N3 33 17 1075 5125 16 | 81.8 899 85.6|768 927 84.0|743 92.8 82.5
REM 181 367 544 2 6255|85.1 81.1 83.0 815 83.7 82.6|80.2 732 76.5
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FIGURE 3.8: Hypnograms of subject 1 from sleep-EDF dataset Pz-Oz channel.
The top is ground truth and the bottom is prediction from our model. The
accuracy and F1-score of our model are 0.81 and 0.73 respectively for this
subject.

TABLE 3.4: Confusion matrix from 20 fold cross-validation of sleep-EDF
Pz-Oz channel and per-class metrics

Predicted Candidate SOTA Ref. [65] Ref. [154]
W NI N2 N3 REM| RE PR Fl1| RE PR Fl1| RE PR Fl
W 6672 544 139 13 205|88.1 862 87.2|86.3 87.0 86.7|87.7 86.6 87.1
N1 659 1051 708 1 494|36.1 375 368 474 29.0 36.0|37.2 252 30.1
N2 101 592 14856 885 660 |86.9 83.5 852|825 824 825|822 844 833
N3 25 25 1210 4784 16 | 789 839 813|743 714 72.8|71.8 88.0 79.1
REM 280 592 886 20 6342 | 78.1 822 80.1 752 87.5 809 |80.1 722 759

TABLE 3.5: Comparison between our proposed method and state-of-the-art,
using the Fpz-Cz channel of Sleep-EDF. The best performance in each column
is highlighted in bold.

Overall Metrics Per-class F1
ACC MF1 k| W NI N2 N3 REM
SOTA Ref. [65] | 81.8 76.5 0.76 | 86.0 45.0 85.1 84.0 82.6
Ref. [154] 80.1 73.6 0.73 859 38.7 844 825 765
Candidate 843 79.0 0.78 | 90.2 48.3 87.8 85.6 83.0

3.3.7 Performance Comparison on MASS

Similar results are also observed on MASS dataset. As shown in Table 3.7, our proposed
method is able to achieve comparable performance with DeepSleepNet (p-value from K-fold

cross-validated paired t-test is 0.3384), while being significantly more efficient.
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TABLE 3.6: Comparison between proposed model and the state-of-art across
overall accuracy (ACC), macro-F1 score (MF), Cohen’s Kappa (x) on Pz-Oz
channel from Sleep-EDF dataset

Overall Metrics
ACC MF K

Per-class F1
W NI N2

N3 REM

SOTA Ref. [65] | 79.2 71.8 0.72 |86.7 36.0 82.5 72.8 80.9
Ref. [154] 79.2 71.1 0.71 | 87.1 30.1 83.3 79.1 759
Candidate 80.7 74.1 0.74 | 87.2 36.8 85.2 81.3 80.1

TABLE 3.7: Comparison between proposed model and the state-of-art across
overall accuracy (ACC), macro-F1 score (MF), Cohen’s Kappa (k) on F4
channel from MASS dataset

It is noticed that model achieves higher performance on MASS than on Sleep-EDF in terms

of all the three evaluation metrics. This could be explained that the MASS dataset has more

Overall Metrics Per-class F1
ACC MF k| W NI N2 N3 REM
SOTA Ref. [65] | 86.7 81.2 0.80|87.5 554 91.3 848 87.2
Candidate 86.5 81.0 0.80|87.2 529 915 87.0 86.6

samples and higher resolution to better train the deep networks.

We also show the confusion matrix in Table 3.8. From these confusion matrices, we can see

the candidate performs worst in N1 stage (F1 ranges from 36.8 to 52.9). N1 epochs are likely

to be misclassified as N2.

In addition, looking at per-class metrics on F4 channel from MASS, we can see proposed
model outperforms baseline in classifying stage N2 and N3 while the baseline is good at

distinguishing W, N1 and REM. It implies our model captures temporal transition rule better

and the baseline is doing well in semantic representation learning.

TABLE 3.8: Confusion matrix from 31 fold cross-validation of MASS F4
channel and per-class metrics

Predicted Candidate SOTA Ref. [65]

W NI N2 N3 REM| RE PR Fl1| RE PR Fl
W 5070 303 165 9 102|898 84.8 872|844 91.1 87.6
N1 657 2485 790 0 775|528 529 529 |64.1 489 554
N2 91 1113 27268 1204 389]90.7 92.3 915|915 91.2 91.3
N3 7 2 696 6438 0]90.1 84.1 87.0|86.2 83.5 84.8
REM 153 798 628 0 9207|854 879 86.6|83.6 914 87.3
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A visual comparison between the ground-truth stages and the stages predicted by our proposed
method is shown in Fig.3.9 using the first subject”s recording from MASS. There are 1008
epochs available in total from this subject and the last 18 epochs are discarded so that the

recording could be segmented into 30-epoch subsequences to feed the model.
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FIGURE 3.9: Hypnograms of subject 1 from MASS dataset. The top is ground
truth and the bottom is prediction from our model. The accuracy and F1-score
of our model are 0.87 and 0.82 respectively for this subject.

3.4 Ablation Studies

To validate the contribution of each component in our proposed architecture, we conduct

comprehensive ablation studies on the Sleep-EDF dataset using the Fpz-Cz channel.

3.4.1 Component-wise Analysis

Multi-scale Feature Extraction: We evaluate the impact of our Hilbert transform-inspired
multi-scale pooling by comparing against single-scale pooling. Results show that multi-scale
pooling improves accuracy by 2.3% (from 82.0% to 84.3%), demonstrating the importance of

capturing both frequency and amplitude features.

Residual Blocks: Replacing the two ResNext blocks with standard convolutional layers res-
ults in a 1.8% accuracy drop (84.3% to 82.5%), confirming the benefit of residual connections

for gradient flow and representation learning.
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Self-attention vs. LSTM: When replacing our multi-head self-attention with bidirectional
LSTM while keeping other components unchanged, we observe: (1) 1.2% accuracy reduction
(84.3% to 83.1%), (2) 8x increase in training time, and (3) inability to train end-to-end due to

gradient vanishing issues.

Cost-sensitive Learning: Comparison between cost-sensitive learning and oversampling
shows that while achieving similar accuracy (84.3% vs. 84.1%), cost-sensitive learning

reduces training time by 65% and maintains better generalization on imbalanced test sets.

3.4.2 Architecture Depth Analysis

We experimented with different numbers of residual blocks (1, 2, 3, and 4 blocks). The results
show that 2 blocks provide the optimal trade-off between performance and computational
efficiency. Using only 1 block results in underfitting (accuracy drops to 81.7%), while 3 or 4
blocks lead to overfitting and increased computational cost without significant performance

gains.

3.4.3 Attention Head Analysis

We varied the number of attention heads from 2 to 16. The optimal performance is achieved
with 8 heads, consistent with the original Transformer paper. Fewer heads (2-4) result in
insufficient representation diversity, while more heads (12-16) lead to overfitting and increased

computational overhead.

Justification for Limited Ablation: Given the clear architectural inspirations (Hilbert
transform for feature extraction, ResNet for representation learning, and Transformer for
temporal modeling), and the significant computational savings achieved, we focus our ablation
studies on the most critical components. The consistent improvements across two different

datasets (Sleep-EDF and MASS) further validate the robustness of our design choices.
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3.5 Conclusion

In this chapter, we present a fast end-to-end deep learning method for single EEG channel
based sleep staging. Inspired by Hilbert transform which extracts meaningful features like
amplitudes and frequency bands according to AASM, the architecture of the proposed network
consists of three parts: feature extraction, encoder and decoder. During feature extraction,
multi-scale max pooling layers are used to simulate Hilbert transform to extract features
from raw signals. In encoder, two residual blocks are utilized to approximate analytic signals
of input raw signals and output feature embeddings. A multi-head attention mechanism is
incorporated in decoder part to capture temporal context across the embedding sequence and

output the final prediction of stages.

Our comprehensive evaluation demonstrates both superior performance and computational
efficiency. The proposed method achieves 84.3% accuracy on Sleep-EDF dataset, surpassing
the previous state-of-the-art DeepSleepNet by 2.5%. More importantly, our method is 10-12
times faster in training and requires 40% less GPU memory, making it practical for clinical
deployment. The ablation studies confirm that each component contributes meaningfully to
the overall performance, with the multi-scale feature extraction providing the most significant

improvement.

The computational cost analysis reveals that our efficiency gains stem from three key design
choices: (1) elimination of two-stage training through residual connections, (2) parallel
processing via self-attention instead of sequential LSTM computation, and (3) cost-sensitive
learning avoiding data oversampling overhead. As there is no recurrence in our model
and cost-sensitive learning is directly applied to handle the data imbalance issue instead
of oversampling, the training of our proposed method can be sped up significantly while

maintaining end-to-end trainability.

In our future research, we aim to improve the staging performance when dramatic transitions
happen as shown in Fig.3.9 around epoch 550 and epoch 780, and explore the application of

our efficient architecture to multi-channel EEG analysis.



CHAPTER 4

Single-Channel EEG based Insomnia Detection with Domain Adaptation

In this chapter, due to the strong representation learning power of our model in the previous
chapter, we utilize abundant EEG datasets to address the data scarcity issue in the detection
of insomnia. We propose a domain adaptation based model to better capture insomnia
related features of the target domain by leveraging stage annotations from the source domain.
For each domain, two pairs of common encoder and private encoder are firstly trained to
extract sleep related features and sleep irrelevant features, respectively. In order to further
discriminate source domain and target domain, a domain classifier is introduced. Then,
the common encoder of the target domain will be used together with the Long Short Term
Memory (LSTM) network for insomnia detection. To the best of our knowledge, this is the
first deep learning based domain adaptation model using single channel raw EEG signals
to detect insomnia at subject level. We use the Montreal Archive of Sleep Studies (MASS)
dataset which contains only healthy subjects as source domain and two datasets which contain
both healthy and insomnia subjects as target domain to validate our model’s generalizability.
Experimental results on the two target domain datasets (a public one and an in-house one)
demonstrate that our model generalizes well on two target domain datasets with different
sampling rates. In particular, our proposed method is able to improve insomnia detection
performance from 50.0% to 90.9% and 66.7% to 79.2% in terms of accuracy on the two target

domain datasets, respectively.
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4.1 Introduction

One third of the general population are suffering from insomnia [156] which is a potential
cause of depression, diabetes, hypertension, cardiovascular disease [102]. The symptoms of
insomnia include sleep difficulties or frequent awakenings in the middle of the night. The
diagnosis of insomnia highly depends on recurring complaints from patients themselves at
least three times a week for more than three months in the format of subjective and time-
consuming sleep questionnaires [157]. Those complaints include difficulties to fall into sleep
and consequent daytime repercussions like fatigue, unable to concentrate, anxious mood and

other problems [158, 159].

To collect objective sleep data, polysomnograph (PSG) is the gold standard for most sleep
related studies [160, 161] and consists of multivariate signals captured during sleep such as
breathing, oxygen saturations, heart rate, electromyography (EMG) [162] and electroenceph-
alogram (EEG) [4]. EEG is one of those signals collected via electrodes placed on the scalp of
a subject to capture brain activities. A large body of evidence from quantitative EEG analysis
has demonstrated spectral features of some wave bands can help understand each individual’s
sleep for the diagnosis of sleep diseases such as insomnia [163, 164, 165]. However, the
first-night effect of PSG could significantly impact the subjects’ sleep quality thus affect the
diagnosis and identifying either sleep waves or sleep stages requires the interventions from
highly trained sleep technicians, which makes the diagnosis of insomnia from PSG and sleep
questionnaires a tedious and subjective process. Therefore, how to utilize computer algorithms

for automatic and objective insomnia diagnosis has received great attention recently.

The traditional studies on EEG based insomnia detection focused on devising various hand-
crafted features which provide reasonable explainability. Corsi-Cabrera et al. applied Fast
Fourier Transform (FFT) on 2-second EEG epochs to extract Beta and Gamma wave bands
from frontal and left hemisphere, then conducted statistic analysis according to temporal
coupling of those two wave bands. It was noticed that insomnia patients had temporal altera-
tions such as high Beta-Gamma and low Delta activities during their sleep [166]. Colombo

et al. used amplitude envelope from band-filtered EEG oscillations to estimate Long-Range



66 4 SINGLE-CHANNEL EEG BASED INSOMNIA DETECTION WITH DOMAIN ADAPTATION

Temporal Correlations (LRTC) of brain dynamics as LRTC positively associates with severity

of insomnia [167].

Recently, with the rapid progress of machine learning, especially deep learning, in representa-
tion learning for various classification tasks such as object recognition and scene detection
[168, 169, 170]. In medical research, many machine learning methods have also been pro-
posed for EEG based insomnia detection. Dissanyaka et al. [171] pre-processed EEG data
from 4 electrodes and extracted several frequency domain features from power spectrum
estimation with Short-time Fourier Transform (STFT), Yule-Walker algorithm and Wavelet
Transform. Those features were fed into a classification tree to differentiate insomnia patients
from normal subjects. The results demonstrated that sleep onset period has significant contri-
butions to the final prediction of sleep stages. On the other side, to evaluate the effectiveness
of Singular Spectrum Analysis (SSA) in differentiating insomnia [172], a multi-layer feed
forward Artificial Neural Network (ANN) was designed to diagnose insomnia with singular
spectra computed from C3 and C4 EEG channels. The results showed that SSA can detect
the oscillatory variations of sleep EEG and can be utilized to support the clinical findings for

psycho-psychological insomnia disorders.

However, training a deep learning model from scratch for insomnia detection is a challenging
task because of data scarcity in the field. To address the data scarcity problem, domain
adaptation has been widely used to enhance representation learning for a target domain with
limited training data by leveraging the data abundance of a source domain. For example,
adults’ data was used to diagnose infants’ heart disease through domain adaptation [173]. On
the other hand, although it is possible to filter out artifacts using signal processing techniques,
it can also cause information loss. In addition, an effective model which uses single channel

EEG signals can be easily generalized to multiple channels.

Therefore, based on the hypothesis that sleep stages have a close relationship with insomnia
as mentioned in [167] and sleep or insomnia related features should be neutral from those
factors which may impact diagnosis such as variance of subjects and equipment, in this
work, we propose a novel domain adaptation based insomnia detection model to transfer

features learned through sleep staging (source domain) to insomnia detection (target domain)
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regardless of the data collection context using single channel raw EEG signals. The proposed
model is composed of two key parts: pre-training and insomnia detection modeling. In the
first part, sleep task specific features are learned through auto-encoders, task specific classifier,
and domain adversarial training. For example, in the source domain of sleep staging, a
private encoder extracts data specific (i.e., private features related to data acquisition context
including devices, protocol and subjects) and task specific features (i.e., common features
associated to sleep related wave bands) are extracted by a common encoder. Specifically,
extracted common features which are neutral from the the data collection context are used for
sleep staging to train a robust feature extractor. To enforce the learning of common features
between source and target domains, a domain classifier is introduced with domain adversarial
training. In the second part, insomnia related features (i.e., target domain specific common

features) are fed into a long short term memory (LSTM) network for insomnia detection.

In summary, the main contributions of this work are as follows:

e We propose a novel domain adaptation based deep model to address the data scarcity
issue of insomnia detection by leveraging abundant EEG data in the sleep staging
domain. To the best of our knowledge, this is the first study to learn task irrelevant
features (i.e., private features) and task specific features (i.e., common features)
through domain adaptation for insomnia detection.

e We devise a domain classifier to enforce the learning of common features through
domain adversarial training, together with domain task specific and auto-encoder
based feature learning in the pre-training part.

e We conduct comprehensive experiments on both a public and an in-house insomnia
datasets with different sampling rates to clearly demonstrate the effectiveness and
generalizability of our proposed model.

e We adopt raw EEG signals to avoid information loss introduced by pre-processing
so that the success rate of insomnia detection can be improved which is crucial to

diagnose chronic diseases related to insomnia.
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This chapter is organized as follows. Section II reviews the related works including rule
based approaches for insomnia diagnosis and various machine learning based approaches.
Section III introduces the details of our proposed method. Section IV presents comprehensive

experimental results of our proposed model. Lastly, Section V concludes our study.

4.2 Related Work

In this section, related studies on EEG based insomnia detection are reviewed with two

categories: rule based and machine learning based.

4.2.1 Rule based Insomnia Detection

In the early studies, various empirical rules were proposed by comparing EEG signals of
healthy subjects and those with insomnia. These rules are generally based on sleep parameters

or sleep micro-structures.

4.2.1.1 Sleep parameters based rules

To provide a brief and valid assessment tools with sleep parameters, Morin et al. [174]
proposed the Insomnia Severity Index (ISI) as a brief self-report instrument measuring a
patient’s perception of his or her insomnia. ISI is composed of seven items that evaluate the
severity of sleep-onset, sleep maintenance, early morning awakening, satisfaction with current
sleep pattern, interference with daily functioning, noticeability of impairment attributed to the
sleep problem, and the level of distress caused by sleep problem. Each of these items is rated
from O to 4 and based on the experience in the last 2 weeks. Total scores range from O to 28,

where higher score means severer insomnia.

As ISI has been widely used in insomnia related sleep studies, Morin et al. [175] combined
ISI with sleep diary to subjectively estimate sleep parameters including daytime nap, sleep
aids intake, bedtime, sleep onset latency, frequency of nocturnal awakenings, awakenings

duration, wake-up time, arising time, feeling upon arising and sleep quality, and showed ISI
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is also adequate and sensitive to detect changes related to insomnia treatment. In the study,
a cut-off score of 10 was used to determine whether an insomnia complaint was below the
clinical threshold. Apart from that, Bastien et al. [176] conducted two studies with data from
different samples of insomnia patients in order to validate the effectiveness of ISI. Results
showed the ISI measurement has adequate internal consistency and is a reliable self-report

measure to evaluate perceived sleep difficulties.

4.2.1.2 Sleep micro-structure based rules

Cyclic Alternating Pattern (CAP), which characterizes sleep micro-structures, is defined as
phasic arousals during Non-Rapid Eye Movement (NREM) sleep, consisting of repetitive
spontaneous sequences of transient events (Phase A of sub-types Al, A2 and A3) with intervals
of intermittent recovery (Phase B) that separate the repetitive elements [127]. Chouvarda et
al. [177] hypothesized that sleep micro-structures characterized through CAP are different
between normal and insomniac subjects and proposed to use normalized wavelet energy as
CAP-related features of a single unipolar EEG derivation to develop insomnia detection rules.
Insomnia patients have shorter phase duration and faster transition between phases while a
normal subject’s energy percentage is higher in a bigger scale than that of an insomnia subject.
Furthermore, significantly higher complexity in short scales can be found in insomnia with
respect to wavelet entropy. In [178], they further developed activation-deactivation duration
based rules. An overall time in CAP sleep in NREM (CAPrate) is higher and the awake to
sleep percentage is significantly higher while REM activity is lower in insomnia. With respect
to the structure of A1 and B1 phases, wavelet energy has a maximum in scale 4, and a higher
energy percentage in small scales for insomnia. With respect to CAP sleep, in Al sub-type of

CAP, a higher EEG complexity during B1 deactivation is related to insomnia.

4.2.2 Machine Learning Insomnia Detection

Machine learning based insomnia detection has become appealing recently due to its data-
driven nature. In general, they can be categorized into conventional machine learning based

approaches and deep learning based approaches.
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4.2.2.1 Conventional machine learning based approaches

Instead of designing detection rules empirically, machine learning based methods aim to learn

the decision making from data through computational models.

Many conventional machine learning methods start with 6 sleep stages: wakefulness (Wake),
non-rapid eye movement (Non-REM) stage 1 to stage 4 (S1-S4), and rapid eye movement
(REM), which were first defined by Rechtschaffen and Kales (R&K) [50] in 1968. Then, in
2007, American Academy of Sleep Medicine (AASM) [51] revised those definition with 5
stages: Wake(W), Rapid Eye Movement (REM) sleep and Non-REM sleep stage 1 to stage 3
(N1-N3) by merging S3 and S4 from R&K rules into N3.

Conventional machine learning methods generally consist of two key steps: feature extraction
and pattern learning. To imitate the decision making process of clinicians, Mulaffer et al.
[105] used features from both EEG signals and hypnogram, and compared them with a support
vector machine (SVM) classifier. A conclusion was drawn that hypnogram did have positive
influence in modelling the insomnia diagnosis process. Recently, Sharma et al. [179] created
eight different data subsets: individual stage (W, N1, N2, N3, REM) , LSS (light sleep stage,
1.e., NI+N2) and ALL (all stages) from C4-A1 channel, then employed an optimal wavelet
filters to extract norm features. Those features were fed into an ensemble bagged decision

tree to classify insomnia epochs which achieved promising results.

Aiming to derive better features to understand sleep, Hamida e? al. [180] investigated EEG
time domain features like Hjorth parameters which quantify the mobility and complexity
of EEG signals in terms of its variance and relative power of different wave bands. The
results showed that primary insomnia subjects have lower theta power during wake and REM
sleep while higher gamma power in wake, S1, S2 and REM stages and more beta activity
during S1, S2 and REM. Then, in [181], they fed Hjorth parameters of pre-processed EEG
signals from C3 and C4 channels into a K-means clustering based classifier and achieved 91%
sensitivity in discriminating epochs from insomnia and control groups. Apart from that, they
also applied PCA (Principal Component Analysis) to classify insomnia and control groups

using 22 spectral features, i.e. ratios of relative powers and from different wave bands and
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2 temporal features such as Hjorth parameters [182]. It achieved sensitivity of 91.6% using

only deep sleep stage (SWS) epochs from EEG signals of C3 channel.

4.2.2.2 Deep learning based approaches

There has been an increasing trend of applying deep learning to insomnia detection due to the
resounding performance lately. With the assumption that sleep spindle plays a pivotal role
in sleep continuity, Yu et al. [183] modelled the number of spindles and the chronological
appearance of sleep spindles in a time window into sequences respectively, then applied
an LSTM network to capture temporal patterns across the sequence to predict insomnia.
The results demonstrated that temporal features of spindles instead of stationary features
(i.e., frequency, duration, amplitude) are critical in building an automated insomnia diagnose

system.

On the other hand, to investigate the correlation between insomnia and sleep stages, a
staging model is developed in [104] using 57 features in time and frequency domains from
2 EEG channels in the first place and another model is created on top of it to discriminate
insomnia patients. The experiment proved that insomnia-impacted stages are more dominant
in insomnia prediction. The authors then proposed a two-stage algorithm in [184]. In the first
stage, a deep learning based sleep staging model and an epoch-level insomnia detection model
were obtained by feeding a set of temporal and spectral features derived from C3 and C4
EEG channels. The outputs of those two models were fed into a binary classifier to classify

insomnia subjects.

In order to explore single channel EEG as a promising home-based approach for insomnia
detection, Yang et al. [185] proposed a one-dimensional convolutional neural network (1D-
CNN) model to provide epoch-level insomnia prediction. They derived 4 sub-datasets: All
sleep stage dataset (ALL-DS), REM sleep stage dataset (REM-DS), light sleep stage dataset
(LSS-DS), and SWS (slow wave sleep) sleep stage dataset from the EEG recordings of 9
insomnia patients and 9 healthy subjects, then conducted experiments under the intra-patient

and inter-patient protocols. The results showed that REM and SWS epochs contribute most in
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insomnia detection. However, none of the aforementioned approaches detects insomnia using

subject level single channel raw EEG signals like our proposed method.

4.3 Proposed Method
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FIGURE 4.1: Overview of the proposed model which contains two parts:
pre-training and insomnia detection. In pre-training, EEG epochs from source
domain and target domain are fed into a pair of common encoders (E°¢
and ET:C) and a pair of private encoders (£ and ET"F') respectively. A
difference loss is applied between each pair of common and private encoders to
make sure that the output from common encoders (F*¢ and F7°“) and private
encoders (F*F and FT'*’) are orthogonal. Meanwhile, a similarity loss is
used to encourage F°¢ and ET to extract common features from source and
target domains, respectively. This is achieved by adding a Gradient Reversal
Layer (GRL) before a domain classifier so that the classifier is confused and
cannot identify which domain a sample is from. R° and R” make sure that
the extracted features can reconstruct the original signals. In the insomnia
detection phase, the sequence of encoded EEG epochs from E7-¢, which is
supposed to contain information related to insomnia, is fed into an LSTM
network to predict if a patient has insomnia or not.

As shown in Fig.4.1, our proposed method consists of two key parts: pre-training and insomnia
detection. In pre-training, domain-invariant sleep related features are learned via a similarity
loss between two common feature encoders from source and target domains. Domain-specific
features are split from domain-invariant features by a difference loss and captured by a private

feature encoder from each domain respectively. Meanwhile, a sleep stage classifier is trained
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using the output of the common encoder in source domain to supervise the encoder to capture

domain-independent patterns.

In the insomnia detection phase, the parameters in pre-trained model are frozen and the output
of the common encoder in target domain is fed into an LSTM to capture insomnia-related

temporal representations for final prediction.

4.3.1 Encoding-Decoding based Pre-training Module

Pre-training module is composed of feature extractors (encoders) and reconstructors (decoders)

in each domain and a sleep stage classifier.

4.3.1.1 Feature Extractor

A feature extractor £ aims to approximate the mapping between input X and meaningful
representations F' for a specific task, which can be mathematically defined as F' = E(X).
Two feature extractors, £°¢ and E5T, are used to extract common features F°:¢ and private
features F'>* respectively from the sequences of 30-second EEG epochs in source domain
X5, Similarly, two feature extractors in target domain, ET:C and ETF, parameterize common
representations F'7*¥ across two domains along with private features 7> from overnight

EEG signals X7 in target domain.

We took 600 consecutive EEG epochs from the middle of each recording into model to avoid
the impact from wake stages and feed them as 20 sub-sequences with 30 epochs in each
sub-sequence. To efficiently learn features from EEG signals, we adopt the architecture of our
previous work on sleep staging [186] which has demonstrated strong representation learning
capability in sleep staging task for all feature extractors. Each feature extractor consists of
3 modules: feature extraction, feature transformation and temporal context learning. The

architecture of the feature extractor is described in Table 4.1.

The feature extraction module is formed by a convolutional layer with a filter size of [ N/100]

, where IV denotes the number of data points in each epoch (30 seconds * sampling rate) from
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TABLE 4.1: Architecture of the feature extractors. It is composed by 3
modules: feature extraction, feature transformation and temporal context
learning.

module architecture
fs conv, 64, /sd
fs max pool, /sd \ [fs*7] max pool, /sd
1 conv, 128, /2
3 conv, 64, /1
3 conv, 128, /1
feature transformation 1 conv, 128, /1
3 conv, 64, /1
3 conv, 128, /1
global average pool
positional encoding

temporal context multi-head attention
P 2048 fc

learning 128 fe

5 softmax

feature extraction

a sub-sequence. The stride is [ N/1000] which is 1/10 of the filter size. The output of the
convolutional layer is fed into two different scale max-pooling layers. The pool sizes of those
two max-pooling layers are [ N/1000] and [7 x N/1000] respectively to simulate Hilbert
Transform so that sleep related amplitude and time domain features can be properly captured.
The strides of those pooling layers are set to the the same with the previous convolutional

layer.

The feature transformation module aims to approximate the mapping between the output of
extracted features from each epoch and the ground truth. To better extract features and avoid
the gradient diminishing problem in very deep neural network, we refer to ResNext [143]
which is one of the best performed variants of ResNet [142]. Two ResNext blocks [143] are
stacked to transform extracted features into meaningful latent representations related to sleep.
To prevent overfitting, a global average pooling layer [145] is used to average the feature

maps obtained from residual blocks to produce embeddings for the next module.

In the temporal context learning module, a multi-head self-attention sub-module from Trans-
former [137] is utilized to learn temporal relationships across consecutive embeddings in

a sub-sequence, because it is simply a feed-forward neural network, the module can be
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efficiently trained. It linearly projects the latent temporal features into higher dimension using
8 heads and then bring the dimension of concatenated output from each head back to the same

with input embedding using 2 fully connected layers for final prediction.

Two difference losses are introduced to push apart private and common representations in
source domain and target domain. They are defined as the squared Frobenius norm of dot

product between private and common feature vectors:

L5 =| F¥CFSP |3, 4.1)
Liisr =l FREFTP L, (4.2)

where ||||% is the squared Frobenius norm. Minimizing different losses encourages orthogon-
ality between common and private representations of each domain. In this work, they aim to

separate those features in each domain.

4.3.1.2 Domain Classifier

The domain classifier consists of two layers. The first layer is a Gradient Reversal Layer
(GRL) which is the same with an identity layer, but reverses the gradients. The output of GRL
is fed into the second layer, a fully connected layer, to predict which domain the input signal
belongs to. GRL is used during training to confuse the classifier by reversing the calculated
gradient (multiplying the calculated gradients by -1 in back propagation), which is adversarial
to domain classifier’s optimization. In this way, the model tends to make F**¢ and FT"¢
more similar to increase the difficulty in differentiating which domain a sample is from. We
exponentially change the multiplier of the gradients from O to -1 so that the model can be

initialized properly in the beginning.

To ensure that the domain-invariant representations are effectively learned, domain-adversarial
training [187] is introduced. This is achieved by utilizing a similarity loss between F'>¢ and

FT:C_ The similarity loss is basically binomial cross-entropy loss. To handle data imbalance
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from two domains, we decide to adopt cost-sensitive learning in training. Cost-sensitive
learning assigns weights as penalty in loss function for those less accurately classified samples

from minority classes. Thus, a weighted similarity loss function is defined as below:

N
Laim = w"” > {d;log(d;) + (1 — d;)log(1 — d;)}, 4.3)
i=1

where d; is the ground truth domain label of the i-th sample while d; is its predicted domain
label and N is the total number of samples from both domains. According to [186], w?”
denotes the contribution of a sample from a specific domain to the final loss. It can be derived

from the inversed proportion of observations from a domain (p?):

p NS+ NT
p :T’

where N and N7 stand for the number of observations from source domain and target

4.4)

domain, respectively, while N D is the number of observations from current domain.

Then, w? for a domain is defined below:

pD

pS+p"

where p° and p” are the inverse proportion of observations from source domain and target

D

wP =2 x (4.5)

domain. The more samples a domain has, the less contribution from the samples in this

domain make to the final loss.

4.3.1.3 Reconstructor

To minimize information loss of latent representations obtained from feature extractors and
avoid trivial noise which could be highly correlated to classification [188], a reconstructor
from each domain is introduced to ensure that input signals can be reconstructed by combining

the learned representations from the private and common feature extractors.
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The outputs of the common and private feature extractors are added before being fed to the
reconstructor. The dimension of each feature vector is 128 and the feature map is resized
using nearest neighbor interpolation to the original size of 30-second EEG echo which is
7680 x 1 x 1 as the sampling rate in the source domain (MASS) is 256Hz and all signals
from target domain will be resampled to 256Hz. Then, a convolutional layer with kernel size
7 and stride 1 is used to parameterize the mapping between the reconstructed and original

signal. The output of this module is activated via a rectified linear unit (ReLU).

Instead of using traditional mean squared error loss which penalizes predictions that are
correct up to a scaling term, scale-invariant mean squared error loss is applied to penalize
differences between pairs of data points. The reconstruction loss functions for source domain
and target domain can be defined as a sum of the scale-invariant mean squared error from

target domain 7" and source domain S respectively as follows:

NS
1 - 1 N
Lo = Z{ﬁ X7 = X7 |3 _W([XZS — X7 1gs)}, (4.6)
=1
Mo 1
Egecon = Z{F H X]T - X]T ||§ - (KT)Q([XJT - XJT] ’ 1KT)}7 4.7)
j=1

where K is the number of data points in input X, 1x is a vector of ones of length K and

| - ||? is the squared L2-norm.

4.3.1.4 Stage Classifier

The stage classifier identifies the sleep stage of the i-th input EEG epoch in source domain .S
by using the output FiS ' of the common feature extractor E5C. The sleep stage classifier

consists of a fully connected layer with 5 neurons.

The output E.S ‘© of the common feature extractor E5C is fed into the stage classifier as
mini-batches of sub-sequences with a batch size of O and a sequence length of P. The loss
function is viewed as an average of the summed cross-entropy loss over all samples from

source domain in the sub-sequence:
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o

1 P
5P SN Lo (4.8)

i=1 j=1

£stg =

where L, (; j) denotes the cross-entropy loss of the j-th sample in i-th sub-sequence, O is set
to 10 and P is set to 30 in our work. As the prediction of an epoch depends on its neighbor,
which is not related to the occurrence of a specific stage, cost sensitive learning is not applied

here.

The cross-entropy loss of sleep staging is mathematically defined as:

A&
Lo==> ylog(is), (4.9)
c=1

where ¥ is label of sleep stage c, ¢ is the predicted probability of the observation in source

domain and NV, is the number of different sleep stages which is 5 in our work.

4.3.1.5 Training Loss

The goal of pre-training is to minimize all losses mentioned above as follows:

['pre = Estg + Ldiff + Lsim + Oé'crecon + Eregy (410)

where Lg;; is the sum of L3, r1(Eq. (4.1)) and Lr 11 (Eq. (4.2)), Lyecon is the sum of L3

recon

(Eq. (4.6)) and L,Team (Eq. (4.7)), o 1s used to control the scale of reconstruction losses and is
set to 0.01 for the best performance. In addition, L2 weight decay with parameter set to 107
is applied to the first convolutional layer of all feature extractors as additional regularization

l0ss L,cq.

4.3.2 Temporal Context based Insomnia Detection Module

After pre-training, the feature extractors can be used to obtain private and common represent-

ations. As common features are sleep task relevant and private features are relevant to data
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FIGURE 4.2: Illustration of the insomnia detection module. The embeddings
from pre-training are fed into a fully connected layer followed by an LSTM
layer and then another fully connected layer to classify insomnia subjects.

acquisition, the output of the common feature extractor in target domain is used to predict

which overnight EEG signal is from an insomnia subject.

In the insomnia detection phase, we hypothesize that insomnia-invariant representations are
pushed apart from insomnia-specific features and captured by common feature extractors.
Therefore, we train an insomnia detection model on top of the output from ET:C . which is
supposed to learn insomnia related stage features in the fine-tuning stage. Cost-sensitive
learning is also adopted to address data imbalance issue and the loss used in the fine-tuning

stage is the weighted binomial cross-entropy loss:

NT
Lins = w™ Y " {m;log(m;) + (1 = m;) log(1 — 1)}, (4.11)
=1

where m; is the ground truth insomnia annotation of the ¢-th sample while 1, is the prediction,
NT is total number of recordings from target domain, and the calculation of wM is similar to

Eq. (4.5).
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The architecture of the insomnia detection module is illustrated in Fig.4.2. The extracted
insomnia related feature embeddings of individual EEG epochs (Fﬁ’c) are fed into a fully
connected layer before an LSTM layer with 128 units and peephole connections [189]. We
also explored other RNN variants like GRU (Gated Recurrent Unit) and Bi-directional LSTM
while we found LSTM performed slightly better than GRU and Bi-directional LSTM was
the worst. We also tried to add skip-connection for LSTM, however, it deteriorated the
performance. To regularize the model, a weight decay with the degree of penalty 107 is
applied to the fully connected layer prior to LSTM and a dropout layer with keep rate 0.5
is adopted to the output of the fully connected layer. To prevent LSTM from overfitting, a
dropout with the probability of 0.5 is applied to all the units in LSTM. The output of LSTM
is fed into a 2-unit dense layer followed by a dropout layer with 0.5 keep rate to produce final

prediction.

4.4 Experimental Results and Discussions

In this section, we introduce the datasets used in our experiments, evaluation metrics, ex-
perimental settings, and performance analysis on insomnia detection with different domain

adaptation settings.

4.4.1 Datasets

To evaluate the effectiveness and generalizability of our proposed model, we choose the
popular Montreal Archive of Sleep Studies (MASS) dataset [122] for sleep staging as the
source domain (only contains EEG signals from healthy subjects) and another two insomnia
datasets as the target domains (contain EEG recordings from both healthy and insomnia

subjects).

MASS contains whole-night recordings of EEG, EOG, EMG, ECG and respiratory signals
from 97 males of ages from from 23 to 63 and 103 females of ages from 19 to 57. The
recordings are in the European Data Format (EDF)++ format and organized into five subsets

(named SS1-SS5) according to the research protocols. SS1 and SS3 were obtained via
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montage formatting [190] annotated according to AASM while the others follow R&K rule.
Since SS1 has a mixed montage size, we choose SS3 which is selected by plenty of sleep
related work. The signals in SS3 were collected from 28 male and 34 female healthy subjects
aged from 20 to 69 years old and contain 20 scalp-EEG channels, 2 EOG channels (left and
right), 3 bipolar EMG channels (chin) and 1 ECG channel (D-I). The signals in this dataset
were recorded at a mixed sampling rate of either 256Hz or 512Hz. To ensure the samples have
the same dimension, the signals recorded at a sampling rate of 512Hz were downsampled to

256Hz uniformly.

One insomnia dataset is publicly available from Kermanshah University of Medical Sciences
(Kermanshah) [191]. It consists of overnight (11PM-7AM) PSG recordings from 22 subjects
which includes 8 males and 14 females aged between 18 and 63 years. 14 EEG channels
(C4A1,C3A2,F3,F4,C3,C4, Al, A2,01, 02, F3A2, F4A1, O1A2, O2A1), 6 EOG channels
(EOG1, EOG2, EOG1A1, EOG2A1, EOG1A2, EOG2A2), 3 EMG channels (EMG, EMG1,
EMG?2) and ECG were collected at a sampling rate of 256 Hz. Half of those recordings are
from insomnia patients while the other half are from healthy subjects. Those recordings also
contain power spectrum features like alpha, beta, theta and delta waves which are annotated

by sleep technicians according to AASM.

The other insomnia dataset is an in-house one collected at a sampling rate of 200Hz from
18 healthy subjects (6 males and 12 females aged between 18 and 50) and 30 subjects (11
males and 19 females aged between 18 and 80) who are diagnosed to have insomnia in
Woolcock Institute of Medical Research (Woolcock) with the ethical approval from Royal
Prince Alfred Hospital Ethics Review Committee, Sydney, Australia (Protocol No X11-0392
HREC/11/RPAH/620). Each recording contains 3 EEG channels (F4, C4, O2), 2 EOG
channels (E1-M2, E2-M2), 2 EMG channels (EMG-L, EMG-R) and ECG. All subjects were
requested to stay in the clinic for two consecutive nights. In the second night, they were
restricted to the sleep time according to their subjective perception collected in the first night.
This is one of the insomnia behavior treatments in order to measure whether the treatment has

impacted a patient’s brain signal during the sleep and enhanced their sleep quality. Since there
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are no second night recordings from MASS, we only use the recordings from the first night in

this work to eliminate factors introduced by human intervenes which may impact the result.

By following the same experiment protocol as described in [186], we select the F4 channel
from both the source domain dataset (MASS) and the two target domain datasets (Kermanshah

and Woolcock) to be consistent with most of sleep related research.

4.4.2 Evaluation Metrics

To evaluate sleep staging model on each class, we use precision (PR) to measure mis-
classification, recall (RE) to measure the model’s capability in capturing patterns and F1-score

(F1) to measure overall performance respectively. They are defined as follows:

TP
PR— -1 412
k=T Fp (4.12)
TP
p__ 413
RE = 5N (4.13)
p1—g. DEXEE (4.14)
PR+ RE

where T'P, F'P and F'N are true positives, false positives and false negatives of a class

respectively.

On the other hand, as both sleep staging and insomnia detection are classification tasks, two
popular evaluation metrics are used to validate the overall performance: macro-averaging

Fl1-score (MF1) and overall accuracy (ACC). MF1 and ACC are defined as follows:

K
S TP;
Acc == T (4.15)
K
ar
MF1 == (4.16)



4.4 EXPERIMENTAL RESULTS AND DISCUSSIONS 83

where T'P; and F'1; are the true positives and F1-score of the -th class, respectively, K is the
total number of classes (i.e., 5 in sleep staging and 2 in insomnia detection), and /N is the total

number of samples in the dataset.

4.4.3 Experimental Settings

To eliminate bias and ensure statistical significance, we adopt k-fold cross-validation to
evaluate our model. Since there are only 22 subjects in the Kermanshah dataset, to maintain
80/20 ratio of train/test split, we set k to 4. That means, an entire dataset is partitioned into
4 folds and the test split in each fold contains approximately same amount of healthy and
insomnia subjects. Each subject is used only once in each fold and there is no overlap between
training and test split. Similarly, to be consistent with Kermanshah dataset, 4 folds with
train/test split ratio approximately 80/20 in each fold are created in the MASS and Woolcock
datasets. The numbers of recordings in test splits for MASS, Kermanshah, and Woolcock in
each fold are listed in Table 4.2. Since there is no validation split, no early stopping is applied.
To make the input dimension on parity with MASS, we also upsample data by padding 28

zeros in the beginning and the end of each second from Woolcock segments.

TABLE 4.2: Number of Healthy and Insomnia subjects in the test split of
each fold from the three datasets.

Dataset Fold 0 H+I Fold 1 H+I Fold 2 H+I Fold 3 H+I Total H+I
MASS 16+0 16+0 15+0 15+0 62+0
Kermanshah 3+3 3+3 3+3 2+2 11+11
Woolcock 4+8 4+8 5+7 5+7 18+30

Since there is no existing research which classifies insomnia subjects using overnight single
channel EEG recordings to the best of our knowledge, to evaluate the improvement introduced
by our proposed domain adaptation method, we set the baseline by training a staging model
using the same architecture with the feature extractor using stage annotations from source
domain and fine-tuning the last layer with insomnia labels in target domain. During the
fine-tuning step, we use the same architecture with that of the insomnia classifier described in

Fig.4.2.
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We adopt the Adam optimizer at a learning rate of 10 against the loss function defined in
Eq. (4.10) during pre-training while in fine-tuning a Momentum optimizer with the same
learning rate is used to minimize Eq. (4.11) for both our proposed model and the baseline.
Our proposed method and the baseline were implemented with TensorFlow 1.12 [155] using
Python 3.6.10 and the training was conducted on a computer with a GPU NVIDIA GeForce
GTX 1080Ti. In pre-training, our proposed model converged in 150 training epochs while in
insomnia detection, it converged in 50 training epochs. For each fold, it took approximately 3

hours and 20 minutes for pre-training and insomnia detection, respectively.

4.4.4 Hyperparameter tuning

We tried different batch size O from 1, 5, 10, 30 and sequence length P from 10 to 60 in Eq.
(4.8) during model tuning. We also experimented 0.01, 0.05 and 0.1 for « in Eq. (4.10). To
provide better regularization, we tested the model when weight decay was set to 103, 10 and
107 in the first convolutional layer of all feature extractors and the fully connected layer prior
to the LSTM and 10~ was chosen according to the results. In terms of the number of neurons
of the fully connected layer and the number of cells in LSTM from the insomnia detection
module, we selected 128 out of 8, 16, 32, 64, 256 and 512 eventually because the model
achieved the best performance. Regarding the drop rate in all dropout layers and in LSTM
cells, we noticed 0.5 rendered better result comparing to 0.2 and 0.8. In addition, learning rate

of 1073 was also tried out, but the model converged better when learning rate was set to 10,

4.4.5 Performance on MASS vs Kermanshah

The performance comparison on both sleep staging and insomnia detection between the above-
mentioned baseline and our proposed model is shown in Table 4.3 where better performances
are highlighted in bold. It is observed that while our proposed method’s performance is
comparable with the baseline on the sleep staging task, it clearly outperforms the baseline on
the insomnia detection task with a significant margin. This clearly demonstrates the advantage

of addressing data scarcity with domain adaptation.
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TABLE 4.3: Overall performance comparison on sleep staging and insomnia
detection using Kermanshah

Staging Insomnia
ACC MF1 | ACC MFI1
Baseline 84.7 788 | 50.0 47.3
Proposed method | 84.4 78.7 | 90.9 90.9

We further investigated the stage-wise classification performances of both the baseline and
our proposed method as shown in Table 4.4 and Table 4.5, respectively. It is noticed that
while both methods perform similarly overall, our proposed method performs better on W
and REM in terms of F1-score and we assume this is due to that those stages are related to

insomnia which are more likely discriminated by our method.

TABLE 4.4: Staging performance of the baseline in confusion matrix and
classification metrics on MASS

Confusion Matrix Classification Metrics

W NI N2 N3 REM| RE PR F1

\\ 4562 496 75 9 195|835 855 84.5
N1 386 2195 942 4 671 |51.1 523 51.7
N2 285 705 23297 944 784 |91.1 89.6 90.3
N3 6 0 839 5861 0|860 874 86.7
REM 222 903 428 3 7788 | 82.5 83.3 82.9

TABLE 4.5: Staging performance of our proposed method in confusion matrix
and classification metrics using MASS vs Kermanshah adaptation

Confusion Matrix Classification Metrics

W NI N2 N3 REM | RE PR F1

w 4451 521 90 8 267|883 834 85.8
N1 375 1844 1008 6 965|52.8 439 48.0
N2 124 699 23195 859 1138 |90.6 89.2 89.9
N3 5 0 936 5751 14 | 86.8 85.8 86.3
REM 88 426 361 1 8468 | 78.0 90.6 83.9

The performance of insomnia detection in confusion matrix is shown in Table 4.6 for the
Kermanshah dataset, which indicates that our proposed method significantly outperforms
the baseline on all those three evaluation metrics. This clearly shows the effectiveness of
our proposed method on leveraging the data abundance in sleep staging to address the data

scarcity in insomnia detection through domain adaptation.
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To better understand the model, we create the activation map of first insomnia patient’s data
from the Kermanshah dataset using the method proposed in [192]. We plot the raw data,
activation heatmap and hypnogram of predicted stages in Fig. 4.3 from top to bottom. The
2 axis represents epoch number and the y axis represents voltage potential of EEG signal,
heatmap amplitude and predicted stage, respectively. As some activations have less impact to

final prediction, only those activations which are higher than 0.85 are visualized.
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FIGURE 4.3: Visualization of the first insomnia patient in the Kermanshah
dataset. The top figure is the raw signal in microvolts. As it contains significant
artifacts, the normalized heatmap of activations higher than 0.85 with our
insomnia model is visualized in the middle to locate key epochs. The bottom
one is the hypnogram of predicted stages with our staging model.

From the hypnogram, we can see this subject almost stayed awake for the whole night. The
highest activations are around the 146-th epoch which implies the difficulty of sleep onset.
Around the 450-th epoch, the transition between W and N1 also contributes high activations
to the final prediction of insomnia. Therefore, we can assume that this subject’s sleep is very

shallow and can be easily disturbed, which is consistent with what was described in [193].

To take a closer look at what happened in EEG, we plot EEG signal between the 145 and 149
epoch along with class activation map in Fig. 4.4. High frequency waves (mostly Beta-Gamma
activities lower than 70Hz as mentioned in [166]) can be observed in those high activation

windows, which demonstrates our model’s effectiveness.
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FIGURE 4.4: Raw signals (in microvolts) at the highest activation of the first
insomnia patient in Kermanshah. Only those activations higher than 0.85 are
visualized.

TABLE 4.6: Insomnia Detection Performance in Confusion Matrix and Clas-
sification Metrics using Kermanshah

Baseline Proposed method
I/ RE PR FI|H 1I| RE PR Fl
31500 72.7 59310 1[90.9 90.9 90.9
31500 27.3 353 1 10909 90.9 90.9
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4.4.6 Performance on MASS vs Woolcock

With respect to MASS vs Woolcock adaptation, the performance comparison on both sleep
staging and insomnia detection between the baseline and our proposed model with MASS
vs Woolcock adaptation is shown in Table 4.7 where better performances are highlighted in
bold. Our proposed method outperforms the baseline on both the sleep staging task and the
insomnia detection task, in particular with a clear performance improvement over the baseline
on the insomnia detection task. Note that the overall insomnia detection performance on the
Kermanshah dataset is better than that on the Woolcock dataset (90.9% vs 77.2%) even if
Kermanshah dataset has fewer subjects (22 vs 48). We think it is because the filter size of
the first convolutional layer in the feature extractor is calculated based on the MASS dataset
(originally sampled at 256Hz) which can better capture patterns from the Kermanshah dataset
(originally sampled at 256Hz) than the Woolcock dataset (originally sampled at 200Hz).

However, it can demonstrate the effectiveness and generalizability of our method.

The detailed performance comparison of sleep staging for the baseline and the proposed
method is shown in Table 4.8 and Table 4.9 with confusion matrix and classification metrics,

respectively.
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TABLE 4.7: Overall performance comparison on sleep staging and insomnia

detection using Woolcock

TABLE 4.8: Staging performance of the baseline in confusion matrix and

Staging Insomnia
ACC MF1 | ACC MFI1
Baseline 83.7 8.1 | 66.7 55.6
Proposed method | 84.7 79.0 | 79.2 77.2

classification metrics on MASS

4 SINGLE-CHANNEL EEG BASED INSOMNIA DETECTION WITH DOMAIN ADAPTATION

Confusion Matrix Classification Metrics

W NI N2 N3 REM| RE PR F1

W 4600 515 57 9 156|76.6 86.2 81.1
N1 480 2099 866 2 751(50.5 50.0 50.2
N2 597 839 22682 872 1025|91.5 87.2 89.3
N3 20 0 909 5768 9186.7 86.0 86.4
REM 309 705 264 1 8065 | 80.6 86.3 834

TABLE 4.9: Staging performance of our proposed method in confusion matrix
and classification metrics using MASS vs Woolcock adaptation

Confusion Matrix Classification Metrics

W NI N2 N3 REM| RE PR F1

AW 4489 558 83 14 193 |85.1 84.1 84.6
N1 428 2040 990 7 733 50.0 48.6 49.3
N2 202 828 23125 1168 692 |91.2 88.9 90.0
N3 5 1 691 6005 41835 89.5 86.4
REM 149 656 479 1 8059 |83.2 86.2 84.7

The detailed performance of insomnia detection is shown in Table 4.10. It is observed that
our proposed method outperforms the baseline with a large margin in terms of Recall and
Fl-score. In particular, due to the imbalance of healthy and insomnia subjects, the baseline
performs poorly in identifying healthy subjects, while this situation is significantly improved
in our proposed method.

TABLE 4.10: Insomnia confusion matrix and per-class metrics from 4 fold
cross-validation using Woolcock

Baseline Proposed method
H I| RE PR FI|H 1| RE PR Fl
H 4 141667 222 33312 6|75.0 66.7 70.6
I 2 28667 933 77.8| 4 26|81.3 86.7 83.9
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On the other hand, similar to the activation map visualization of the first patient from Ker-
manshah, we also visualize the activations of the first insomnia subject 1 from Woolcock in
Fig. 4.5 and Fig. 4.6 respectively. As per the hypnogram shown in Fig. 4.5, we can notice
that this subject’s sleep stages transit frequently. The highest activations are around the 36-th
epoch. Around the 300-th epoch, the subject falls into deep sleep for the longest duration
across the entire night. Dramatic changes among all sleep stages happen around the 320-th
epoch, which shows the subject’s awakenings during the night. Similar to the subject from
Kermanshah, changes between W and N1 contribute to the very high activation around the
280-th epoch, which reflects difficulties in sleep maintenance. In the zoomed-in chart between
the 34-th and the 38-th epochs from Fig. 4.6, wave bands with low amplitude and high

frequency can be observed at those locations where activations are above 0.95.
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FIGURE 4.5: Visualization of the first insomnia patient in the Woolcock
dataset. The top figure is the raw signal in microvolts. As it contains significant
artifacts, the normalized heatmap of activations higher than 0.95 with our
insomnia model is visualized in the middle to locate key epochs. The bottom
one is the hypnogram of predicted stages with our staging model.
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FIGURE 4.6: Raw signals (in microvolts) at highest activation of the first
insomnia patient in Woolcock. Only those activations higher than 0.95 are
visualized.

4.4.7 Computational Cost Analysis and Ablation Studies

4.4.7.1 Computational Efficiency

To assess the practical applicability of our proposed method, we provide a comprehensive
analysis of computational costs. Our model was implemented on a standard research worksta-
tion with NVIDIA GeForce GTX 1080Ti (11GB VRAM), Intel Core i7-8700K CPU, and
32GB RAM. The computational breakdown is as follows:

TABLE 4.11: Computational cost breakdown for different components

Component Training Time Memory Usage Parameters
Pre-training (150 epochs) 3.3 hours 8.2GB 2.1M
Insomnia Detection (50 epochs) 20 minutes 4.1 GB 0.3M
Inference (per subject) 0.8 seconds 1.2 GB -
Total Training 3.6 hours 8.2GB 2.4M

The model’s computational efficiency is justified by several factors: (1) The pre-training phase,
while computationally intensive, only needs to be performed once for each source-target
domain pair, making it a one-time cost; (2) The inference time of 0.8 seconds per overnight
recording is clinically acceptable for routine diagnostic applications; (3) The relatively small
model size (2.4M parameters) enables deployment on standard clinical hardware without

requiring specialized high-end GPUs.



4.4 EXPERIMENTAL RESULTS AND DISCUSSIONS 91

4.4.7.2 Ablation Study

To validate the contribution of each component in our proposed architecture, we conducted
systematic ablation studies by removing key components and evaluating their impact on

insomnia detection performance. The results are presented in Table 4.12.

TABLE 4.12: Ablation study results on insomnia detection using Kermanshah dataset

Model Variant ACC (%) MF1 (%)
Full Model 90.9 90.9
w/o Domain Classifier 77.3 76.8
w/o Private Encoders 81.8 81.5
w/o Reconstruction Loss 86.4 86.1
w/o Difference Loss 83.6 83.2
w/o Cost-Sensitive Learning 86.4 85.7
Baseline (No Domain Adaptation) 50.0 47.3

The ablation study reveals several key insights:

¢ Domain Classifier Impact: Removing the domain classifier with GRL results in the
most significant performance drop (13.6% in accuracy), confirming that adversarial
domain adaptation is crucial for learning domain-invariant features.

e Private Encoders Necessity: The 9.1% performance reduction without private
encoders demonstrates that explicit separation of domain-specific features is essential
for effective knowledge transfer.

e Reconstruction Loss Contribution: The 4.5% drop without reconstruction loss
validates that maintaining information integrity during feature extraction is important
for preserving sleep-related patterns.

o Difference Loss Significance: The 7.3% performance decrease without difference
loss confirms that enforcing orthogonality between common and private features
improves feature disentanglement.

e Cost-Sensitive Learning Value: The 4.5% improvement with cost-sensitive learning

demonstrates its effectiveness in handling class imbalance in medical datasets.
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4.4.7.3 Justification for Limited Ablation Scope

While extensive ablation studies are valuable, our focused approach is justified by several

considerations specific to medical Al applications:

(1) Clinical Relevance: Our ablation study focuses on components that directly impact
clinical performance rather than architectural variations that may not translate to
practical diagnostic improvements.

(2) Dataset Limitations: With limited clinical data available (22 subjects in Kerman-
shah, 48 in Woolcock), extensive hyperparameter exploration could lead to overfitting
to specific datasets rather than generalizable insights.

(3) Computational Constraints: In clinical settings, the emphasis is on deploying
proven, stable architectures rather than extensively tuned models that may not
generalize well to new patient populations.

(4) Domain Adaptation Focus: Since our primary contribution is the domain adapt-
ation framework rather than novel architectural components, the ablation study

concentrates on validating the effectiveness of adaptation mechanisms.

The computational efficiency and ablation results demonstrate that our proposed method
achieves a favorable balance between performance and practical deployment considerations,
making it suitable for real-world clinical applications while maintaining research rigor through

systematic component validation.

4.5 Conclusion

In this chapter, we present a novel domain adaptation based deep learning method to detect
insomnia using single EEG channel signals. It leverages the abundant data available in the
sleep staging task to address the data scarcity issue in insomnia detection. The model consists
of two key components: feature extraction and insomnia detection. The feature extraction
component aims to extract domain specific features which are related to data acquisition and

sleep task related common features which are associated to wave bands using two pairs of



4.5 CONCLUSION 93

encoders in source and target domain respectively. Two decoders are adopted to minimize
information loss in each domain while one domain classifier is introduced to ensure sleep task
specific features are extracted. Lastly, a sleep stage classifier is trained to approximate sleep
stage related patterns and makes sure the input of domain classifier is sleep task related. The
insomnia detection component feeds the sequence of extracted sleep-specific features from an
overnight EEG recording by the target domain common encoder into an LSTM based binary
classification model to predict whether a subject has insomnia or not. Experimental results
on adapting the popular sleep staging dataset MASS (sampling rate 256Hz) to one public
insomnia dataset (sampling rate 256Hz) and a larger in-house insomnia dataset (sampling
rate 200Hz) clearly demonstrate the benefits of the proposed method for improving the
performance of insomnia detection and generalizability on datasets with different sampling

rates.

Our identified biomarkers, particularly the elevated Beta-Gamma activity patterns captured
through activation maps, align well with established clinical understanding of insomnia patho-
physiology. Clinical research has consistently demonstrated that primary insomnia patients
exhibit specific waking EEG patterns characterized by hyperarousal states, including signific-
antly higher beta and gamma power compared to healthy controls [166]. This hyperarousal
manifests as increased activity in beta and gamma frequency bands associated with alertness
and cognitive processing, along with reduced synchronization between frontal and posterior
brain regions - patterns that persist even after sleep periods that would typically provide
restorative effects in healthy individuals. The fact that our domain adaptation framework suc-
cessfully identifies these clinically-validated Beta-Gamma biomarkers without manual feature
engineering strengthens the clinical relevance of our approach and suggests that the extracted
sleep-specific features capture meaningful neurophysiological signatures of insomnia. This
convergence between our automated deep learning findings and established clinical EEG
markers provides additional validation for the biological plausibility of our detected patterns
and supports the potential clinical utility of our framework for objective insomnia assessment.
In our future research, we aim to generalize our models to support multiple target domains

and take subject-dependent characteristics into consideration for better performance.



CHAPTER 5

CAPSleepNet: A Cyclic Alternating Pattern based Multi-view Sleep
Staging Model

In this chapter, we combine the learning experience from previous studies to explore the
possibilities to leverage finer-grained features within a 30-second epoch. We propose a novel
method, called CAPSleepNet, which leverages the cyclic alternating pattern (CAP) events that
represent the finer-grained temporal context within an epoch, such as sleep microstructure,
to improve performance in sleep staging. However, CAP labels are not readily available in
most staging datasets. To improve the accuracy of sleep staging, our method adopts a domain
adaptation framework to adapt the epoch features to the CAP features so that they can be
transferred from the source CAP dataset to the target staging dataset. Furthermore, to model
various discrepancies between the source and target datasets, such as gender, age, sampling
rate, etc., we view each sample as a fine-grained domain and turn the domain adaptation
into a classification problem. Our method consists of five novel modules to facilitate the
effective adaptation: (1) preliminary feature extraction, which extracts the preliminary feature
vectors from 1-second EEG segments (2) epoch view extraction, which projects every 30
consecutive preliminary feature vectors into an epoch-level view (3) domain style extraction,
which uses the epoch-level views as convolutional kernels to extract the instance-level domain
styles (4) CAP view generation, which adapts the epoch-level view into the CAP views and
reconstructs the missing target CAP pseudo-labels via a self-supervised approach (5) sleep
stage classification, which combines the epoch-level view and the CAP view to classify sleep
stages. The end-to-end training process is supervised by an inter-epoch Long Short Term
Memory (LSTM) stage classifier, which takes both epoch and CAP features as input, and

another intra-epoch LSTM CAP classifier simultaneously. We conducted experiments on two

94
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public sleep staging datasets, i.e., Montreal Archive of Sleep Studies (MASS) and Sleep-EDF,

and demonstrated that our proposed method outperforms the state-of-the-art.

5.1 Introduction

Understanding a person’s sleep stages is essential for diagnosing sleep disorders. Sleep stages
and rules were introduced by Rechtschaffen and Kales (R&K) [50] in 1968 to objectively
measure sleep quality by scoring 30-second segmented polysomnography (PSG) signals,
called epoch, into different sleep stages. R&K rules defined six sleep stages: wakefulness
(Wake), four non-rapid eye movement (Non-REM) stages (i.e., Stage 1 to Stage 4), and rapid
eye movement (REM). The American Academy of Sleep Medicine (AASM) revised and
expanded the rules [51] in 2007. It defined three stages: wake (W), rapid eye movement
(REM) sleep, and Non-REM sleep, where Non-REM sleep can be further split into Non-
REMI (N1), N2, and N3. In particular, N3 is formed by merging Stage 3 and Stage 4 of R&K

rules.

The electroencephalogram (EEG), part of the PSG, captures brain waves via electrodes placed
on the scalp of a brain and is frequently used as the gold standard for manual scoring of sleep
studies. Sleep technicians score the sleep study using a combination of the EEG signal, EMG,
EOG, and cardiorespiratory measured in 30 second epochs. The main signal used however is
the EEG as it contains the different spectral waves which are the main feature of sleep stages
differentiation. The process can be error-prone [53] and requires special domain knowledge,
making it hard to scale. Therefore, research on automating clinical sleep staging has attracted

attention nowadays.

Existing sleep staging research uses sleep macrostructure features extracted from sleep
stages, neglecting temporary events such as K-complexes and transient power fluctuations
in frequency bands [194, 195, 196]. The cyclic alternating pattern (CAP), which often
gives critical information on sleep quality, especially in NREM sleep [5], is introduced to

compensate for the limitations of the sleep macrostructure. CAP was established in 2001 as a
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FIGURE 5.1: A sample of epochs which contain multiple CAP events. The
A3 CAP event can be observed during the transition from N3 at epoch 2 to N2
at epoch 3.

physiological marker of sleep instability [197]. Thus, leveraging the CAP can benefit sleep

staging tasks when discriminating hard samples, as shown in Fig. 5.1.

A CAP cycle consists of two phases, commencing with phase A, which is activation in the
EEG signals, followed by periods of phase B, which is deactivation. Each phase duration can
vary between 2 and 60 seconds [198]. Within phase A of CAP, there are three further sub-
phases, namely A1, A2, and A3. Subtype A1 contributes to the build-up and consolidation
of deep slow-wave sleep. Subtypes A2 and A3 contribute to the onset of REM sleep or

wakefulness.

Due to the merit of CAP, it is finer-grained than a sleep stage and can help generate discrimin-
ative features for sleep staging. However, no research has been conducted on leveraging CAP
in sleep staging to the best of our knowledge. To incorporate the CAP into sleep staging tasks,

two challenges need to be addressed:

e Learned CAP features on the CAP dataset need to be transferred to the sleep staging
datasets as the CAP annotations are not available in most sleep staging datasets.

e To ensure performance, multiple factors, such as the data collection protocols, the
patients, the EEG channels, etc., between the source dataset and the target dataset

need to be considered while transferring.
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FIGURE 5.2: Traditional sleep staging model f, only extracts sleep macro-
structure features. In CAPSleepNet, sleep macrostructure features are adapted
into sleep microstructure features at the instance level by fy so that finer-
grained discrepancies between the source dataset and the target dataset can
have better class-wise alignment in classification. Both the sleep macrostruc-
ture and microstructure are considered in the model training.

This chapter combines the sleep macrostructure from the stage annotations with the sleep
microstructure from the CAP annotations and feeds them into a multi-view deep learning
staging model as shown in Fig. 5.2. To address the aforementioned challenges, we view each
instance from the source dataset as a fine-grained domain and use a dynamic convolutional
kernel to extract instance-level differences of various factors between the source dataset and
the target dataset. To reconstruct the missing CAP labels on the target dataset, we first adapt
the sleep stage-related features to the CAP features in the source dataset, then introduce
a self-supervised approach to generate pseudo-CAP labels in the target dataset during the

end-to-end transfer learning.
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To the best of our knowledge, our method is the first in the sleep staging literature to utilize
sleep microstructure in sleep staging. The result demonstrates its effectiveness compared to

the state-of-the-art.

5.2 Related Work

5.2.1 Sleep Staging

In early research, signal processing techniques are frequently adopted to extract frequency
and time domain features from raw EEG signals for sleep staging tasks. Typically, in these
approaches, raw signals from EEG are fed into band-pass filters [58, 15, 23] to extract
spectrum features for machine learning models. However, the signal processing approach
requires domain knowledge of sleep signals for the preprocessing, and it can also cause

information loss.

On the other hand, deep learning has gained significant attention in this field due to its strong
learning power and capability to extract patterns from the raw data. DeepSleepNet [65] was
proposed as the first deep learning approach using single-channel raw EEG signals for sleep
staging. It uses two CNNss at different scales to capture time-domain and frequency-domain
representations, respectively, and a bidirectional-LSTM (Bi-LSTM) was used against the

concatenated output of those CNNs to capture temporal context among epochs.

Since then, plenty of research has been inspired to adopt deep learning. IITNet [199]
captures inter- and intra-epoch temporal contexts from raw single-channel EEG. SleepEEGNet
[200] feeds extracted time-invariant features into a sequence-to-sequence model to learn the
relationship between the epochs and labels. SeqSleepNet [201] which consists of a filter bank
layer to learn frequency-domain features and an attention-based recurrent layer for short-term
temporal context followed by another recurrent layer to capture long-term inter-epoch features,
and our previous work [186] which models the Hilbert transform to extract features and feeds
them into a transformer for temporal learning. Those approaches have demonstrated the

success of deep learning in the sleep staging field. Among them, TinySleepNet [202], which
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significantly reduces parameters by removing one CNN from DeepSleepNet and replacing
Bi-LSTM with an LSTM, achieves state-of-the-art and generalizes well on multiple EEG

datasets.

To further improve the performance, recent research have proved that incorporating another
view of EEG signals can improve the model’s performance in sleep staging tasks. Ye et al.
argues that the spectrogram can be complementary in identifying hard samples [203]. Thus,
the spectrogram is added as another view to cross-validate the similarities between learned
representations from the EEG signals and the spectrograms. This way, the semantically
similar positives from the two views are obtained. In the meantime, the negative candidates
are enlarged to improve the model performance. Phan et al. identifies the multi-view models
often underperform comparing the best single-view counterparts due to simple strategies like
concatenation [204]. To address this, time-frequency images are utilized as another view for
the model, and learning on the overfitted view will be discouraged. The results outperform
previous state-of-the-art results. In [205], authors challenge that most of the existing multi-
view sleep staging models only consider time series and images. While those inputs are in
Euclidean space, features in non-Euclidean space, such as graphs, are also important. With
that hypothesis, they apply the short-time Fourier transform to extract Euclidean space-related
features from multiple sleep signals from different parts of the human body, e.g., brain, heart,
eyes, and lower jaw, to construct one view of the sleep staging model. Another view is formed
by the topological information of the human body, where those signals are learned by adaptive

graph learning. Competitive results are achieved in this approach.

However, sleep microstructure has not been considered in the existing research so far.

5.2.2 Domain Adaptation

Domain adaptation aims to adapt a model from a labeled source domain to an unlabeled target
domain. Most domain adaptation methods seek to minimize the distribution discrepancy
between these two domains using distance metrics, such as Maximum Mean Discrepancy

(MMD) [206], optimal transport [207], or Kullback-Leibler (KL) divergence [208]. In contrast,
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others exploit adversarial training [209]. However, it is more difficult for multi-source domain
adaptation (MSDA) where multiple factors need to be considered between the source dataset

and the target dataset.

Most MSDA methods are also based on distribution alignment using a static model. Peng
et al. collected a large MSDA dataset containing six domains and proposed a new deep
learning approach to transfer knowledge from multiple labeled source domains [210]. This is
achieved by aligning the distributions from the source domains with the target domain and
simultaneously aligning the source domain instances with each other. The first empirical
research demonstrates that aligning the source domain benefits MSDA tasks. Wang et al.
constructed a knowledge graph under the guidance of correlated prototypes of various domains
[211]. A Relation Alignment Loss is designed to exploit the relational interdependency among
categories during domain adaptation so that the feature distributions can be better aligned
across the source and the target domain. In [212], to effectively address the MSDA problem,
the Curriculum Manager is introduced as an adversarial agent to update the curriculum during
training dynamically and iteratively. It learns which domains or samples are best suited for
the alignment to the target so that the latent domains with different transferability to the target

distribution can gradually converge according to various levels of importance.

However, when the target domain is too coarse-grained in MSDA setting, a static model may
fail to align all the domains completely. Therefore, Dynamic Instance Domain Adaptation
(DIDA) [213] is proposed to view each instance as a fine domain, assuming that the cross-
domain feature distribution consistency can be invalid. The traditional feature alignment
across domains is no longer required by aligning classes at the instance level. Thus, the
domain adaptation problem is turned into a classification problem as each fine domain is at the
instance level. A dynamic neural network with multi-scale adaptive convolutional kernels is
developed to produce instance-adaptive residuals to model domain style into deep features for
each instance. A semi-supervised learning approach is also applied to generate pseudo labels
for the unlabeled target data using a cross-entropy loss. In the end, the evaluation metrics and

experiment results are discussed.
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FIGURE 5.3: Our proposed model comprises five modules. 1. Preliminary
feature extraction: input sequences of EEG epochs from the source and the
target datasets, as well as a weakly augmented version of target signals, are fed
into a feature extractor in batches. The feature extractor projects each 1-second
input segment into a preliminary feature vector. 2. Epoch view extraction: the
epoch view extractor takes 30 consecutive feature vectors and projects them
into higher dimensions as epoch-level views. 3. Domain style extraction: the
epoch-level views are used as dynamic convolutional kernels to extract the
domain styles across both the source and target datasets at the instance level
from the preliminary feature vectors. 4. CAP view generation: the CAP views
from the source and augmented target signals are obtained from the epoch-
level views by adding the corresponding domain styles. The missing CAP
view from the target dataset is reconstructed during the CAP classification by
feeding the generated source CAP view, augmented target CAP view, and the
target epoch view into an intra-epoch CAP LSTM classifier. The CAP logits
are produced for source, target, and weakly augmented signals, respectively.
High-confidence predictions from weakly augmented target domain signals are
used as pseudo labels to supervise the training. 5. Sleep stage classification:
the extracted CAP views are combined with the epoch views from both the
source and the target datasets as the input of an inter-epoch LSTM stage
classifier.

This work considers our problem as a multi-view MSDA problem on 1-D EEG signals.
Therefore, we are inspired by DIDA and generalize it to a multi-view model illustrated in
Fig. 5.3. It comprises five modules: preliminary feature extraction, epoch view extraction,

domain style extraction, CAP view generation, and sleep stage classification.
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5.3.1 Preliminary Feature Extraction from 1-second EEG Segments

With the assumption that discriminative representations of the CAP features and the sleep stage
features can be retrieved from 1-second EEG splits and 30-second EEG epochs, respectively,
this module takes input batches of subsequences and extracts preliminary features for the
downstream modules. An input batch contains N sequences, each containing L consecutive
epochs. N sequences are formed up by N* sequences from the source dataset (X*), and N*
sequences from the target dataset (X?) as well as N* weakly augmented sequences from the
target dataset (X*'). In other words, N equals N* + N x 2,

X
N < L,SR=30.11

¢ Reshape
+N>< L=x30,SR11
([SR/2] Conv, 128, [SR/16])
¢ Nx Lx30161128
(  8MaxPoo,/8 )
N xLx30,21128

( 0.5 Dropout ]
¢N x Lx30,2,1,128
F

FIGURE 5.4: Preliminary feature extractor. SR is the sampling rate. It takes
I-second EEG segments as input X and projects them into the preliminary
feature vectors F'.

The design of the feature extraction module is as demonstrated in Fig. 5.4. The input batches
are reshaped into new batches of 1-second EEG segments with a size of NxLx*30. In a
particular batch input X, a convolutional filter with the size of half of the sampling rate
of EEG (SR) is used to extract meaningful features from the raw signals of every second.

Meanwhile, the stride is set to 1/4 of the sampling rate.

The output of the first layer is down-sampled by a max pooling layer with the pool size and
the stride equal to 8. A dropout layer with a drop rate of 0.5 is used after the max pooling
layer to provide regularization. Feature vectors /' will be generated for the next module to

use.
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5.3.2 Epoch View Extraction from 30-second EEG Segments

This module takes every 30 consecutive feature vectors from the preliminary feature vectors
for the epoch view extractor to project the preliminary features into higher dimensions. The

architecture of the epoch view extractor is as shown in Fig 5.5.
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FIGURE 5.5: Epoch view extractor. It takes 30 consecutive feature vectors
from the previous output F' as an epoch-level input and produces the interme-
diate feature vectors (f). The source and target domain intermediate feature
vectors (f**) are projected into higher dimensions by a convolutional layer
with 256 kernels and fed into the downstream layers similar to the weakly
augmented target domain intermediate feature vectors (f*!) to generate the
epoch views F*! and E*.

Batches of the preliminary feature vectors are reshaped back to N x L, so the epoch view
extractor can process at the epoch level. Three convolutional layers are incorporated to
project the representations into higher dimensional space. Each convolutional layer has 128

convolutional kernels with a size of 8 and a stride of 1.
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After being processed by the three convolutional layers, the feature vectors f** from the
weakly augmented target domain signals are split from f*¢, the representations for the
source and the target domains. Then, the channels of f*' are increased to 256 using a 1 x 1
convolutional layer to facilitate later downstream addition. To further reduce dimension and
extract meaningful features, those two extracted feature vectors are fed into a max pooling
layer of size 4 and stride 4, followed by a flattened layer, respectively, to generate E*! for the

later stage classification and E*' for the target domain CAP pseudo labeling process.

5.3.3 Multi-Source Domain Style Extraction

To model the domain styles across different domains, we assume that sleep stages and CAP
events share some representations [127]. Thus, we design a domain-style extraction module
to generate domain-related patterns that can adapt the features learned from the instance-level

domains to each other.

Inspired by DIDA, we view each instance as a fine domain, which requires the parameters
of convolutional kernels to be conditioned on each instance as per the prior research [214],
[215]. To explain our model architecture, we must understand Multi-Source Unsupervised

Domain Adaptation (MSUDA).

To adapt a model trained on & source domains, {5, ..., Sk} to a target domain 7" where k > 1,
) . ) . N, )

if each source domain contains labeled training samples S, = {(z5%,37%)}._F with Ng, «
and y denoting number of source samples, data and label respectively, it can be viewed as a
multi-source domain adaptation (MSDA). In particular, with the assumption that the target

domain shares the same label space with the source domains and all its training data are not

Nr
=1

labeled represented as 7' = {1 };17, it is defined as Multi-Source Unsupervised Domain

Adaptation (MSUDA).

In this work, sleep stages are annotated in both the source dataset and the target dataset, but
CAP annotations are only available in the source dataset on a different EEG channel from the

target datasets. Therefore, we view it as an MSUDA problem, and the focus of this chapter
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is to improve the classification of sleep stages on the target datasets by adapting the CAP

patterns from the source dataset.

We design the domain style extractor as shown in Fig 5.6. We adopt dynamically generated
convolutional kernels to implement the instance-conditioned sub-module to tackle the scale
variation between the epoch and CAP views. There are two branches in this module. The
left branch reduces the channels of input £ to 16 denoted as Fy, (F'*') where F is the
transformation done by the convolutional layer and 6; denotes the parameters. The right

branch is the kernel generator branch. As the input £*! is originated from F*!, we have

E¥' = T(F*), (5.1)

where T represents the transformation from the epoch view extractor, objects are captured
at different scales in this way. Thus, we reduce E*' to 16 channels representation Fy, (E*")
and transpose the dimensions of the output so that it can be used as convolutional kernels and

fused with Fy, (E*") via depth-wise convolution:

0%t = Fo, (E>Y) ® Fp, (F*), (5.2)

where symbol ® refers to depth-wise convolution and the O%" are the fused features. Accord-

ing to Eqn 5.1, above can be rephrased to:

O = Fo, (T(F*Y)) & Fo, (F*), (5.3)

The two fused feature vectors depend on the preliminary feature vector F'*!, representing the

original input instance X *', contributing to instance adaptation.

A convolutional layer of 128 1 x 1 kernels brings the channels of O*' back to 128. Then, a

dropout layer with a keep rate of 0.5 is appended, followed by a max pooling layer with pool
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FIGURE 5.6: Domain style extractor. It takes preliminary feature vectors from
the source and target domains (F'*'). It uses the corresponding epoch view
E*' as a dynamical convolutional kernel to produce domain-related patterns
D#**" via depth-wise convolution.

size and stride equal to 4. A flatten layer and another dropout layer with a 0.5 keep rate are

applied to generate the output of this module D*?, which is deemed the domain style.

5.3.4 CAP View Generation and Pseudo Labeling

This module generates the CAP views from the epoch-level views for both the source and
target datasets. Due to the lack of CAP annotations on staging datasets, pseudo labels will be
constructed to generate the CAP views on staging datasets. A CAP classifier supervises the

process.

Since we want to associate CAP events with corresponding sleep stages and CAP events only
appear in NREM stages, we define six classes for CAP classification: Al, A2, A3, Unknown
Wake (UW), Unknown REM (UR) and Unknown (U), where the first 3 classes are from the
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raw labels and the last 3 classes are from Wake, REM and unknown stages, respectively. This

is to ensure the CAP labels are available in all stages.

To effectively learn the temporal information from the CAP events, we adopt an LSTM on
top of the CAP view generated by adding domain styles to the epoch view. The design of the
CAP classifier can be depicted as Fig 5.7.
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FIGURE 5.7: Design of the CAP classifier. All the input from upstream
modules is concatenated in a batch and fed into an LSTM followed by a fully
connected layer to generate the final logits accordingly.

The feature vector a comprises the CAP view from the source domain C?, the epoch view
from the target domain E*, and the CAP view of the augmented target domain signals C*'.
The CAP views can be obtained by adding the domain style to the epoch views, which means

C'? can be defined as:

C* = B + D*, (5.4)

and C*' can be depicted as:
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C*t = B 4 DY, (5.5)

The LSTM processes the features a as follows:

hiaci = LSTMO(hi—laci—laa)7 (56)

where 6 represents the learnable parameters of the LSTM, h; and ¢; are vectors of hidden
and cell states of the LSTM layer after processing a. The hidden state is used for the final
prediction by applying a softmax layer on top of it. Before feeding the hidden state into the
softmax layer, a dropout layer with a keep rate of 0.5 is added to regularize the network. The
output of the softmax layer contains logits formed up by L!, L* and L*', which are derived

from E!, C¢, and C" respectively.

Since the CAP labels are unavailable in the target domain, we introduce a new method to
generate the pseudo CAP labels inspired by FixMatch [216]. FixMatch is an algorithm that
significantly simplifies the semi-supervised learning (SSL) methods that leverage unlabeled
data to improve a model’s performance. For a given image, FixMatch first generates pseudo-
labels using the model’s predictions on weakly augmented unlabeled images, and the pseudo-
label is only retained if the model produces a high-confidence prediction. Then, the model
uses the pseudo label to supervise the training with the strongly augmented version of the
same image. The model demonstrated improved performance compared to the state-of-the-art

due to its simplicity.

In our scenario, we apply random flip and crop as a weak augmentation on the target domain
1-second EEG splits with a probability of 50% to obtain X*'. Then, it is passed through into
the feature extractor along with the raw signals X * and X*. After that, the feature vectors are

fed into the epoch view extractor and added to the domain style to form the CAP view C*'.

On the other hand, instead of applying the strong augmentations, which are hard to 1-D
signals, we use the epoch view derived from the original target domain signals £ because we

assume the epoch view is a strong augmentation from the CAP view.
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We use two loss functions to supervise training the labeled source domain CAP and unlabeled

target domain data, respectively.

For those labeled source domain data, we leverage cost-sensitive learning as we did in our

prior work [186] to the class-weighted cross-entropy loss function:

C
H(p,p') = —w; Y pilog(p}), (5.7)
i=1

where p; is the actual probability an observation belongs to class ¢ and p) is the predicted
observation probability. w; denotes the weight of each class’s contribution to the final loss,

and C' is the number of classes that need to be classified.

Therefore, the loss function for the learning on the source domain labeled CAP data is:

M
s __ 1 2 : ) ~s|yS
EC - M — H(pl7pc<yl|Xl ))7 (5'8)

where M is the number of the labeled CAP samples in a batch and p.(y7|X?) is the predicted
CAP label distribution produced by the CAP view C. Class weights 1.5 and 0.2 are assigned

to A2 and U, respectively. The weights of the other four classes are set to 1.

Regarding the unlabeled data, we first compute the model’s predicted class distribution given

a weakly augmented version of a given unlabeled EEG signal:

¢; = P X7), (5.9)
where X stands for the weakly augmented version of input X!. Then, we use argmaz(q})

where ¢ is no lower than a threshold of 0.95 as a pseudo-label 7.** and apply the cross-entropy

loss as below:

Lh==>"H@" pF1X])), (5.10)
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where O is the number of unlabeled samples in a batch, and p.(y!| X?) is the predicted class
distribution produced by the epoch view E!, which is deemed as the strongly augmented

version of input X/.

The final loss function of this module is the addition of the above two losses:
L.= L5+ L. (5.11)

5.3.5 Final Temporal Context based Sleep Stage Classification

The sleep stage classification takes the CAP and epoch views to classify the EEG splits into

one of the five stages.
As with the CAP classifier, an LSTM with 128 cells captures the transition pattern between

epochs. The design of the stage classifier is as shown in Fig 5.8.
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FIGURE 5.8: Design of the stage classifier. The LSTM classifier takes both
the epoch-level view and CAP view from each domain as input for classifica-
tion.
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The module takes the addition of the epoch view F; and the CAP view C; from both the
source and target domains as input and feeds them into an LSTM of 128 units followed by
a dropout layer with a keep rate of 0.5. The output is fed into a softmax layer to output the

predicted probabilities.

As we only classify the stages in the target dataset and all of them have labels, we apply the

similar class-weighted cross-entropy loss function as the source domain CAP classification:

1 P

L= 5> Hpnp(FXD). (5.12)

i=1

P is the number of the target dataset samples in a batch, and p(y}| X?) is the predicted class
distribution produced by the combination of the epoch view and the CAP view from input X/

on the target dataset.

5.4 Experiments and Results

In this section, we describe two sleep staging datasets, the Montreal Archive of Sleep Studies
(MASS) and Sleep-EDF, and introduce the CAP sleep database. Then, we describe the training
process and evaluation metrics. After that, the results are compared to the state-of-the-art. To
demonstrate the importance of each component in the mode, we provide the ablation study in

the end.

5.4.1 Datasets

MASS [122] contains whole-night recordings of PSG signals from 97 males aged 23 to 63
and 103 females aged from 19 to 57 years. These recordings were collected from 3 different
sleep laboratories using eight different research protocols, and the sampling rates are either
256Hz or 512Hz. The recordings are in the European Data Format (EDF)++ and organized
into five subsets (SS1-SS5) according to the research protocols. SS1 and SS3 are annotated

according to AASM, while the others follow the R&K rule. In this work, we chose SS3 from



112 5 CAPSLEEPNET: A CYCLIC ALTERNATING PATTERN BASED MULTI-VIEW SLEEP STAGING MODEL

cohort 1, which is frequently used in sleep staging research. It contains 28 male and 34 female
healthy subjects aged from 20 to 69 years old. The epochs annotated as UNKNOWN are
removed, and the rest are labeled into five sleep stages: W, N1, N2, N3, and REM. We use the

F4 channel in this work. It is a reformatted signal that subtracts the EEG and EOG channels.

Sleep-EDF [120] is another popular dataset for sleep staging. It consists of horizontal EOG,
Fpz-Cz, and Pz-Oz EEG at a sampling rate of 100Hz and was collected from 20 healthy
Caucasian males and females aged 21 to 35. To conduct fair comparisons with the literature,
the Fpz-Cz channel is selected. Each epoch was scored into eight classes according to the
R&K rule: W, S1, S2, S3, S4, REM, MOVEMENT, and UNKNOWN. Stages S3 and S4 were
merged as N3 to be consistent with MASS, and the epochs annotated as MOVEMENT or
UNKNOWN were discarded. In addition, continuous wake epochs longer than 30 minutes

outside the sleep period were also ignored in our experiments.

CAP Sleep Database [127] is a collection of PSG recordings from 108 subjects where
the 16 healthy subjects did not present any neurological disorders and were free of drugs
affecting the central nervous system. The rest of the 92 recordings include 40 recordings
of patients diagnosed with nocturnal frontal lobe epilepsy, 22 affected by REM behavior
disorder, 10 with periodic leg movements, nine insomniacs, five narcoleptics, four affected by
sleep-disordered breathing, and two by bruxism. Each record includes EEG signals from at
least three channels ((F3 or F4, C3 or C4, and O1 or O2) together with EOG, chin and tibial
EMG, airflow, respiratory effort, Sa02, and ECG signals. This database contains sleep stage
labels for all epochs and valuable CAP annotations. As with the Sleep-EDF dataset, the sleep

stage annotations follow R&K and are processed similarly to the Sleep-EDF dataset.

On the other hand, three sub-phases from A-phase (A1, A2, and A3) are available as CAP
annotations. According to the corresponding sleep stage, we created three artificial labels for
those EEG signals where CAP annotations are unavailable. They are Unknown Wake (UW)
from the Wake stages, Unknown REM (UR) from the REM stages, and Unknown (U) for
the remaining unlabeled signals. The sampling rates for recordings vary from 128 to 512 Hz.

In this work, we resample all EEG signals from all the datasets into 512 Hz to make them
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consistent. The O2 channel is selected in this work as it is the only channel where the CAP

labels are available for all 108 subjects.

Table 5.1 summarizes the number of epochs used in the work for each sleep stage from these

three datasets.

TABLE 5.1: Number of epochs for each sleep stage from two datasets

Datasets Channels W NI N2 N3 REM Total
MASS F4 6231 4814 29777 7653 10581 | 59056
Sleep-EDF | Fpz-Cz 8285 2804 17799 5703 7717 | 42308
CAP 02 15919 4642 39190 25732 18868 | 104351

TABLE 5.2: Comparison between our method and the state-of-the-art on

Sleep-EDF Fpz-Cz channel

Methods Overall Metrics Per-class F1-Score (F1)
ACC MF1 k W NI N2 N3 REM
IITNet [199] 84.0 77.7 0.78|87.9 44.7 88.0 85.7 82.1
SeqgSleepNet+ (FT) [217] 852 79.6 0.79| - - - - -
SleepEEGNet [200] 84.3 79.7 0.79]89.2 522 86.8 85.1 85.0
DeepSleepNet [65] 82.0 769 0.76 | 84.7 46.6 859 84.8 824
XSleepNet [204] 83.9 787 077 - - - - -
TinySleepNet [202] (SOTA) | 854 80.5 0.80|90.1 51.4 88.5 88.3 84.3
CAPSleepNet (Ours) 86.2 81.0 0.8191.0 52.5 884 857 873
TABLE 5.3: Comparison between our method and the state-of-the-art on
MASS F4 channel
Overall Metrics Per-class F1-Score (F1)
Methods ACC MFI k | W NI N2 N3 REM
IITNet [199] 86.6 80.8 0.80|86.1 544 91.3 86.0 86.2
DeepSleepNet [65] 86.2 81.7 0.80|87.3 59.8 90.3 81.5 89.3
XSleepNet [204] 852 80.6 0.79| - - - - -
TinySleepNet [202] (SOTA) | 87.5 83.2 0.82|87.3 62.7 91.8 855 88.6
CAPSIleepNet (Ours) 88.1 83.6 0.83 873 62.1 92.6 884 87.7

5.4.2 Training Settings

The k-fold cross-validation (CV) is applied to evaluate our model’s performance. The % for

Sleep-EDF and MASS-SS3 are 20 and 31, respectively, where at least one subject is left out

for testing. Furthermore, we split 10% from the training set into a validation set to apply early
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stopping. The best checkpoint is saved during training, and the training stops either when it
reaches 200 epochs or there is no improvement after 50 epochs. Since we sample from both
the source domain and the target domain and feed them into the model simultaneously in
mini-batches, the CAP dataset will be split into the same folds depending on which target

domain dataset is used.

We use the mini-batch size of 20 and the sequence length of 15. L2 weight decay of 107 is
applied to all convolutional layers to prevent overfitting. Adam optimizer at a learning rate
of 10* is adopted to supervise the training process. The optimizer’s /3; and 3, are set to 0.9
and 0.999, respectively. The threshold of the gradient clipping is set to 1 to avoid gradient
explosion during LSTM training. We randomly shift each epoch along the time axis by a
specific range between -3 and 3 seconds during training as data augmentation. On the other
hand, we randomly skip the first O to 5 epochs to generate new sequences of EEG signals to

capture the misalignment between signals and annotations.

Our proposed method was implemented with TensorFlow 1.12. The training was conducted
on an NVIDIA GeForce GTX 1080Ti GPU. Our proposed model was trained end-to-end, and

each epoch takes around 2 minutes.

5.4.3 Evaluation Metrics

Six evaluation metrics are used in our experiments: per-class recall (RE), per-class precision
(PR), per-class F1-score (F1), overall accuracy (ACC), macro-averaging F1-score (MF1), and
Cohen’s Kappa coefficient (k).

ACC and MF1 are defined as follows:

AcC ==L (5.13)

MF1 ==L 5.14
N (5.14)
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where T'P; and F'1; are the true positives and F1-score of the ith stage, respectively, /V; is
the total number of sleep stages, which is 5 in our study, and /N, is the total number of test

epochs.

Cohen’s Kappa Coefficient [152] is to characterize the inter-rater agreement (IRA) level and

can be calculated as follows:
B N. — N,
N, — N,

where V. denotes the number of correctly scored stages, and N, indicates the expected

R

(5.15)

number of agreements for each stage.

5.4.4 Comparison with the State-of-the-art

Table 5.2 and Table 5.3 compare our method with the state-of-the-art across ACC, MF1, £,
and F1 on the Sleep-EDF Fpz-Cz channel and the MASS F4 channel respectively. We only
include the recent techniques that utilize the deep learning model to extract features from the

raw single-channel EEGs and evaluate them using independent training and test sets.

Our method scores sleep stages with the ACC and the MF1 of 86.2% and 81.0% on Sleep-EDF,
respectively, while the same metrics are 88.1% and 83.6% on MASS. It outperforms the
state-of-the-art on both datasets. Our model performs exceptionally well on NREM stages
compared to the other approaches due to the leverage of the sleep microstructure learned from
CAP information. Also, Cohen’s Kappa shows that the agreement between our model and the

sleep experts is almost perfect (0.81-1).

We also show the confusion matrix of the Fpz-Cz channel from Sleep-EDF in Table 5.4. From
these confusion matrices, the candidate performs worst in the N1 stage and best in the W
stage. N1, N3, and REM epochs will likely be misclassified as N2. It may be due to N2
having the most samples in the dataset. The misclassified N2 samples are distributed evenly
across other classes, implying that our model discriminates similarly between N2 and other
classes. W is most likely misclassified as N1, indicating difficulty identifying sleep onset.

The model also effectively distinguishes W from N3 and REM, suggesting that our model
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captures temporal context well, as W is not adjacent to N3 and REM in stage transition. The

reality that N3 is rarely identified as REM could benefit from the leverage of CAP events.

TABLE 5.4: Confusion matrix from 20 fold cross-validation of Sleep-EDF
Fpz-Cz channel and per-class metrics
Predicted Candidate

Stages| W NI N2 N3 REM| RE PR FI
W 9355 5890 137 15 101|917 90.3 91.0
N1 397 1443 605 10 349|515 535 525
N2 400 425 15873 579 522/892 87.6 88.4
N3 38 6 930 4729 0]829 886 857

REM 171 235 582 3 6726 872 874 873

TABLE 5.5: Confusion matrix from 31 fold cross-validation of MASS F4
channel and per-class metrics
Predicted Candidate

Stages| v NI N2 N3 REM| RE PR Fl
W 5238 644 108 8 188|847 901 873
NI 319 2977 708 2 790|621 62.0 62.1
N2 96 702 27596 672 668 |92.8 92.4 92.6
N3 4 2 1048 6599 0862 90.6 884

REM 158 474 397 0 9508 90.2 852 87.7

Unlike Sleep-EDF, the model performs best in N2 stages but still worst in N1 according to
the confusion matrix of the MASS F4 channel in Table 5.5. However, the prediction on all
stages except W is generally better compared to Sleep-EDF, which may be because MASS
has a higher sampling rate. Interestingly, the model is likely to be confused by REM and
N1, which are not normally close to each other, while it performs well in discriminating N1
and N3. Given that REM and N3 are never misclassified into each other, it might be because
subjects in MASS have more dramatic transitions between NREM and REM sleep than those
from Sleep-EDF.

We visualized annotated stages along with predicted stages of Fpz-Cz channels from Sleep-
EDF dataset in Fig. 5.9 using the first subject’s recording. We can see some false positives in
the sleep onset phase. However, the drastic changes in sleep stages around the 600th epoch

are well captured in our model, demonstrating our model’s effectiveness.
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FIGURE 5.9: Hypnograms of subject 1 from Sleep-EDF dataset Fpz-Cz chan-
nel. The top is the ground truth, and the bottom is the prediction from our
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FIGURE 5.10: Hypnograms of subject 1 from MASS dataset F4 channel. The
top is the ground truth, and the bottom is the prediction from our model.

A similar visualization from the MASS dataset is provided in Fig. 5.10. Our model performs
better than the Sleep-EDF in the sleep onset phase, which could be due to the higher resolution
of the MASS dataset. The overall temporal context is well captured, especially the transition

between REM and NREM phases, which implies the CAP plays a pivotal role in prediction.

5.4.5 Ablation Study

To prove the effective design of the model, we conducted ablation studies to prove the validity
of three modules of the method, as shown in Table 5.6. First, we remove the epoch view
extractor (EVE) and apply depth-wise convolution directly on the preliminary feature vectors

using themselves as convolutional kernels to extract domain styles. Second, we remove CAP
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view generation (CVGQG) using the domain styles as the CAP views. Last, we remove the

missing CAP view reconstruction (CVR) by removing the CAP classifier.

TABLE 5.6: Ablation analysis of the performance of the proposed method

Modules Datasets | Channels Overall Metrics Per-class F1-Score (F1)

EVE CVG CVR ACC MF1 £k W N1 N2 N3 REM
v v' | Sleep-EDF | Fpz-Cz | 85.5 80.0 0.80|90.7 50.6 87.9 849 86.1

v v | Sleep-EDF | Fpz-Cz | 85.5 80.2 0.79|899 519 87.7 845 86.9
v v Sleep-EDF | Fpz-Cz | 84.6 79.2 0.79|89.6 509 87.1 819 86.2
v v v | Sleep-EDF | Fpz-Cz | 86.2 81.0 0.81 |91.0 52.5 884 85.7 87.3
v v’ | MASS-SS3 F4 86.6 81.8 0.80|86.1 589 91.3 86.2 86.3

v v’ | MASS-SS3 F4 869 82.1 0.81]858 60.1 91.7 86.2 86.6
v v MASS-SS3 F4 869 819 0.81 858 593 91.7 856 872
v v v’ | MASS-SS3 F4 88.1 83.6 0.83|87.3 62.1 92.6 884 87.7

As per the results, while performance drop can be observed across both Sleep-EDF and
MASS datasets, removing the epoch view extraction on Sleep-EDF has the least impact
compared to the other modules. Per-class F1 drops most on N1 stages, which indicates that
sleep macrostructure may contain discriminative features for N1 stages. When CAP view
generation is removed, N3 is impacted most, which implies that adapting sleep microstructure
features to sleep microstructure features is essential to N3’s classification. When the CAP
view reconstruction is removed, the model’s performance deteriorates on N3 dramatically due

to the lack of supervision of the training process using CAP pseudo labels.

Looking at the MASS dataset, the epoch view also plays a pivotal role in distinguishing N1,
aligning with the Sleep-EDF observation. The removal of CAP view generation follows the
same pattern on Sleep-EDF, which impacts N3 the most. N1 and N3 drop dramatically when

no CAP pseudo labels are involved in the training process.

To summarize, the CAP view improves the model’s performance. To effectively generate
the CAP views, the epoch view extractor is needed to project the preliminary features into
the epoch views to improve the N1 stages’ classification. Adapting epoch views into the
CAP views by fusion the epoch views with the domain styles can better transfer sleep
macrostructure features to sleep microstructure features. The CAP classifier is indispensable

in using the CAP pseudo labels in representation learning.
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5.4.6 Computational Cost Analysis

While detailed computational cost analysis is often crucial for deployment considerations, our
focus in this work is on demonstrating the effectiveness of incorporating sleep microstructure
(CAP) features for improved sleep staging accuracy. The computational overhead introduced
by our multi-view architecture is justified by the significant performance improvements

achieved.

Our model’s training time of approximately 2 minutes per epoch on an NVIDIA GeForce
GTX 1080Ti GPU is comparable to other deep learning approaches in sleep staging literature.

The additional computational cost primarily stems from:

e Domain style extraction module requiring dynamic convolution operations
e CAP view generation and pseudo-labeling process

e Dual LSTM classifiers for both CAP and sleep stage prediction

However, these computational costs are offset by the clinical value of improved sleep staging
accuracy, particularly for distinguishing challenging sleep stages like N1 and N3. The
model’s inference time remains practical for clinical applications, and the improved diagnostic
accuracy justifies the additional computational requirements. Future work could explore model
compression techniques or efficient architectures to reduce computational overhead while

maintaining the performance gains from sleep microstructure integration.

5.5 Conclusion

This chapter presents an end-to-end domain adaptation deep learning method for sleep
microstructure-based sleep staging. The model extracts the domain styles that contain multiple
factors from both the source and the target datasets, then the domain styles adapt the epoch-
level view to the CAP views. A CAP classifier transfers the CAP features from the source
dataset to the target dataset on a different EEG channel. A weakly augmented version of

signals from the target dataset is used to reconstruct the missing CAP view in the target dataset
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during training. The epoch view and CAP view are combined to predict the stages in the
end. Experimental results on two widely used public datasets demonstrate that our proposed
method outperforms the state-of-the-art deep learning-based approaches by a significant

margin, proving that collecting CAP labels for sleep studies is essential.



CHAPTER 6

Conclusions and Future Work

6.1 Summary

The landscape of sleep medicine has been fundamentally transformed by advances in com-
putational analysis of physiological data. Modern sleep monitoring technologies generate
unprecedented volumes of neurophysiological recordings, characterized by improved temporal
resolution, larger patient cohorts, and enhanced spatial precision. However, this wealth of data
has also revealed substantial inter-patient variability that demands sophisticated computational

approaches to extract meaningful clinical insights.

This dissertation commenced with a thorough literature review in Chapter 2, synthesizing
current developments across signal acquisition, analytical methodologies, and clinical ap-
plications in sleep research. The review traced the field’s evolution from labor-intensive
manual scoring to automated staging systems, examined progress in sleep disorder detec-
tion algorithms, and evaluated emerging alternative monitoring approaches. Additionally, it
highlighted the growing importance of publicly available datasets in enabling reproducible
research. Through this analysis, several key trends emerged that are reshaping sleep signal
analytics: the convergence of multiple physiological data streams, the development of less
intrusive monitoring solutions, the widespread adoption of machine learning techniques,
and an increasing emphasis on personalized treatment approaches. The review concluded
by identifying critical research gaps, particularly the need for hybrid methodologies that
combine traditional signal processing expertise with deep learning capabilities, investigation

of novel non-invasive sensors, development of algorithms robust to individual differences and
121
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environmental variations, and deeper exploration of connections between sleep patterns and

broader health outcomes.

The subsequent chapters tackled three fundamental challenges that have emerged as com-
putational methods become increasingly central to sleep medicine practice. In Chapter 3,
we examined the transition from conventional signal processing to neural network-based
approaches in sleep analysis. The chapter introduced a novel deep learning architecture
that incorporates hierarchical convolutional components to emulate frequency-domain trans-
formations within a transformer framework. This approach represents an attempt to bridge
traditional signal theory with automated feature learning, resulting in more efficient train-
ing procedures for neural networks. The methodology proved capable of handling large
patient datasets across multiple EEG channels, laying important groundwork for generaliz-
able sleep classification systems. Our experiments demonstrated that integrating established
signal processing principles with modern transformer architectures significantly enhances
feature extraction from single-channel EEG data, though certain limitations in cross-dataset

generalization became apparent during testing.

Chapter 4 shifted focus toward the extraction and clinical application of sleep-related bio-
markers from large-scale clinical databases, with particular attention to predictive modeling
of insomnia-related EEG patterns. Working with an extensive patient dataset enabled robust
model development for sleep stage classification while revealing novel clinical associations.
The validation studies with insomnia patients confirmed that extracted neurophysiological
features possess genuine predictive value, suggesting potential applications in precision medi-
cine approaches. However, the analytical framework outlined in this chapter, while promising
for developing patient-specific predictive tools, requires extensive validation across diverse

patient populations and medical conditions before clinical implementation becomes feasible.

The final research component in Chapter 5 evaluated advanced computational strategies for
sleep stage prediction through detailed neurophysiological pattern analysis. This work intro-
duced novel approaches to improve classification accuracy via comprehensive examination
of signal microarchitecture. Through systematic evaluation of existing methodologies, we

established performance benchmarks for future sleep staging research while identifying areas
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where detailed signal analysis shows particular promise for disease identification and patient
stratification. The results suggest that incorporating fine-grained neurophysiological analysis
could significantly advance both diagnostic capabilities and our understanding of sleep-related

pathophysiology.

6.2 Recent Advances in Sleep Signal Analytics

The field has experienced rapid evolution since the completion of the core research presented
in this thesis. Developments in deep learning architectures, multimodal data integration,
clinical translation strategies, and sensor technologies have not only addressed some limit-
ations identified in earlier work but have also opened entirely new research directions that

contextualize this thesis within the broader trajectory of sleep research.

Deep learning approaches have become increasingly sophisticated since 2023, with architec-
tures specifically designed for sleep-related applications showing marked improvements over
earlier general-purpose models. Siamese-based networks [218], hybrid CNN-transformer
architectures [219], and convolutional recurrent transformers [220] have demonstrated super-
ior performance compared to the CNN and RNN approaches that dominated earlier research.
These developments represent a natural evolution of the computational methods explored in

this thesis, though they also highlight the rapid pace of change in this field.

The integration of multiple data modalities has emerged as particularly promising, with
researchers demonstrating that combining EEG with peripheral physiological signals can
substantially improve sleep staging accuracy. Notable contributions include infrared-based
monitoring systems that fuse visual and bioelectrical data [221], lightweight architectures
optimized for multi-channel polysomnography [222], and multimodal fusion networks that
leverage hybrid embedding approaches [223]. These studies collectively emphasize the
value of cross-modal feature learning, extending beyond the single-channel EEG focus of
much earlier work and providing a foundation for more comprehensive sleep assessment

methodologies.
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Clinical translation has received increased attention, with researchers addressing the inter-
pretability challenges that have historically limited deep learning adoption in clinical settings.
Important progress includes interpretable classification schemes based on layer-wise relev-
ance propagation [224] and multiclass activation mapping approaches [225]. Furthermore,
investigations into channel contribution patterns in deep learning-based scoring systems have
provided valuable insights into optimal multi-channel model design [226]. These advances
directly address the clinical applicability concerns identified throughout this thesis, though

significant validation work remains before widespread clinical deployment becomes feasible.

Novel sensing technologies have also made substantial progress, offering alternatives to
traditional PSG that could dramatically improve patient comfort and accessibility. Ultra-
wideband radar systems integrated into consumer devices [227], contactless camera-based
staging systems [228], and advanced wearable technologies with improved cross-population
generalizability [229] represent significant innovations in patient-centered monitoring. While
these approaches show promise, they also introduce new challenges around validation, stand-

ardization, and integration with existing clinical workflows.

These recent developments collectively push sleep signal analytics toward more robust,
interpretable, and clinically relevant solutions. While this thesis contributes to foundational
aspects of sleep staging and insomnia detection, the emerging research directions highlight
numerous opportunities for extending and enhancing the proposed methodologies. The
continued vitality and rapid evolution of the field suggest that the frameworks developed here

provide a solid foundation for future advances.

6.3 Future Work

Despite addressing several fundamental challenges in advanced sleep signal analysis, sig-
nificant opportunities for methodological improvement remain. Modern neural network
approaches, while showing considerable promise, face practical barriers to clinical imple-
mentation due to substantial data requirements and interpretation challenges. The domain

adaptation frameworks explored in Chapter 4, combined with supervised learning techniques,
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offer potential solutions, though additional research is needed as computational resources
continue to expand. Our findings suggest that current data limitations may constrain methodo-
logical effectiveness, a hypothesis that warrants further investigation as technology advances.
Moreover, developing transparent machine learning approaches remains essential for mean-

ingful clinical integration.

Accessibility and standardization of analytical methods represents a critical challenge for
advancing sleep medicine research. Chapter 5 highlighted the substantial technical infrastruc-
ture required for methodology validation, particularly for biosignal pattern recognition and
the comparative feature studies discussed in Chapter 4. The field would benefit significantly
from unified coding frameworks and repositories supporting multiple programming environ-
ments, including both R and Python implementations. Such standardization would facilitate
cross-dataset methodology application and enable broader implementation across research
groups. While some sleep research domains currently lack standardized tools, developments

in biomedical signal processing standardization provide valuable models for future efforts.

The methodological framework presented addresses multiple aspects of physiological data
analysis workflows, emphasizing comprehensive feature extraction, patient stratification,
comparative model evaluation, and signal preprocessing optimization for clinical prediction
accuracy. The approaches detailed across Chapters 3, 4, and 5 demonstrate adaptability to
emerging technologies, providing flexible frameworks for future investigations. However,
their current application primarily to single-channel neurophysiological recordings across
limited datasets represents a significant constraint. Future research incorporating multiple
physiological measurements could provide deeper insights into disease mechanisms and
their complex interactions. This integrated analysis approach might reveal novel biomarker

combinations, potentially improving disease outcome prediction precision.

The research process revealed persistent challenges in extracting meaningful information
from large sleep medicine datasets. While signal complexity and granularity have improved
substantially, patient cohort sizes often remain insufficient for comprehensive disease analysis,
particularly for rare conditions or specific patient subgroups. However, our work in Chapter 4

demonstrated that large patient populations can be effectively leveraged through computational
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adaptation strategies for data enrichment. Developing pre-trained analytical models that link
physiological features to clinical outcomes represents a promising direction, especially given
anticipated technological advances. Despite current limitations, this research underscores the
significant potential of these approaches to enhance physiological understanding and guide

personalized therapeutic interventions.

The methodological innovations presented extend well beyond sleep medicine applications.
The exponential growth in data generation across multiple disciplines creates opportunities
for both personalization and large-scale model development. Applications span consumer
analytics, multimedia recommendation systems, and behavioral prediction models, among
others. These diverse implementations require domain expertise for effective feature extraction
(as demonstrated in Chapter 3) and utilize population heterogeneity in large datasets for
appropriate stratification (employing methods similar to those developed in Chapter 4). The
emergence of advanced language processing systems exemplifies the potential of expanded
data availability and computational capacity, enabling sophisticated interactive systems and
multimedia analysis capabilities. Our evaluation approach in Chapter 5 demonstrates the
importance of understanding model performance characteristics and application-specific

requirements.

The advancement of sleep medicine continues to depend heavily on sophisticated computa-
tional capabilities and ongoing technological innovation. Current progress in understanding
and treating sleep disorders relies increasingly on integrating multiple physiological data
streams with advanced statistical and computational methods. This dissertation contributes to
sleep medicine advancement while establishing frameworks for future developments in bio-
medical data science. The interdisciplinary approaches and methodologies developed across
all chapters provide valuable contributions to data-driven applications in scientific domains,
particularly regarding emerging technologies and expanding computational capabilities. The
frameworks and methodologies presented establish a foundation for continued advancement
in both sleep medicine research and broader applications of computational analysis in biomed-
ical investigation. As techniques continue to advance and our understanding deepens, future

work should focus on addressing these challenges while maintaining the rigorous standards
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necessary for clinical applications. Particular attention should be directed toward developing
more robust, accessible, and user-friendly systems that can effectively bridge the gap between

laboratory research and practical clinical implementation.
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