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Abstract

One of the most common types of breathing diseases is obstructive sleep apnea (OSA).
OSA affects about 2% - 5% of the total human population. Polysomnography (PSG)
is considered the gold standard and records multichannel bio-signals throughout one
entire night, including electrocardiogram (ECG), electroencephalogram (EEG), elec-
trooculogram (EOG), electromyogram (EMG), airflow (AF), abdominal and thoracic
efforts (AB and TH), body position, snore, oxygen saturation (SaO,). Patients may
not be able to sleep well because an OSA test is always performed in a sleep laborato-
ry or a hospital, and electrodes are placed on the patient’s skin. On the other hand,
manual detection of OSA is time-consuming and costly because sleep experts need to
monitor and review the overnight PSG signals. To solve these problems, an automatic

OSA detection system with high accuracy is desirable.

In this study, the main objective is to construct an OSA monitoring system with
high accuracy that is based on multi-domain features from multiple bio-signals using
machine learning methods. To achieve this main objective, there are four main contri-
butions presented as follows: 1) feature extraction, 2) feature selection, 3) classifica-
tion for OSA, and 4) the performance of this monitoring system with the time-window
method. Firstly, time-domain, frequency-domain, and non-linear analysis algorithms
are used to extract features from multiple bio-signals, such as SaO,, AF, AB, TH,

and ECG recordings. The bio-signals have different bio-patterns between apnea and
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normal events, and the features are also related to the apneic bio-physiological pattern-
s. Secondly, a hybrid two-stage feature selection is proposed to select the significant
features. Statistical analyses (the first stage) are used to determine independent and
significant features, and selected features are put into the feature subset. In the sec-
ond stage, machine learning methods are utilised to confirm the final feature subset.
Thirdly, a multi-errors-reduction (MER) classification system is constructed to classify
apnea or normal episodes. Considering the different machine learning algorithms, the
structure of the MER system is the stacking method, and it consists of weak learners
(boosting methods) and a meta-learner (an artificial neural network (ANN)). Fourthly,
the proposed monitoring system is able to provide good performance in the 60-second
time-window segmentation method, which means that this monitoring system has the

potential for implementation using real data.

In this thesis, the frequently used database was the Sleep Heart Health Study
(SHHS) database. This dataset provides over 1,500 patients’ PSG signals and each
respiratory event and its duration is labelled by a human expert, which is able to
evaluate the stability of the proposed monitoring system. According to the duration
of each event, multi-domain feature extraction methods are used to provide 66 kinds
of features from ECG, SaO,, AF, TH, and AB signals. The two-stage feature selection
procedure then selects 19 kinds of significant features and determines the final feature
subset. These 19 features are extracted from ECG, SaO,, and AB signals. Com-
pared with different machine learning methods, the support vector machine (SVM)
method has better performance than other classifiers (66.54% specificity, 97.05% sen-
sitivity, and 81.68% accuracy). It has been found that the SVM method show poor
performance when it predicts normal events in less than 60 seconds. Thus, in order to
enhance classification results, the 60-second time-window segmentation method is used

to improve classification performance and evaluate the potential for implementation
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with real data. Using this time-window method, 48 selected kinds of features, which
were extracted from five kinds of bio-signals, obtained better performance (sensitivity
= 91.94%, specificity = 89.00%, accuracy = 90.71%). The MER classification system
is developed to enhance performance. The structure of the MER system is the stacking
method. To construct the MER system, four boosting methods (Gradient Boosting,
CatBoost, Light GBM, and XGBoost) are base learners, and the meta-learner is the
ANN with one input layer, one hidden layer with 4 knots, and one output layer. This
MER classification system is able to hold better performance (sensitivity = 96.37%,

specificity = 90.83%, accuracy = 94.66%) compared to existing studies.
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Chapter 1

Introduction

Obstructive sleep apnea (OSA) is the most common type of breathing disease that
affects sleep. OSA leads to many kinds of symptoms. Daytime sleepiness is the
most common presenting complaint [2]. Untreated OSA is correlated to long-term
health consequences, including snoring, sleep talking, asthma, fatigue, falling asleep,
morning headache, memory loss, weight gain, and limited attention span. These
symptoms affect the quality of life and significantly increases health problems, such
as cardiovascular disease, sudden death, irritability, hypertension, depression, and

learning difficulties [3]. Thus, detection becomes the number one treatment goal.

It is a time-consuming and costly task to diagnose OSA manually. Hence, new
and simplified methods and techniques for automatic detection are desirable. This
thesis introduces novel methodologies for the OSA detection and constructs an auto-
matic novel OSA detection system with good performance. This chapter begins with
the background study of this research in Section 1.1. Thesis motivation, objectives,
contributions, and structure of this thesis are discussed in Section 1.2, 1.3, and 1.4

respectively.



2 Introduction

1.1 Background

OSA is the repeated temporary closure of the upper airways during sleep (Fig. 1.1).
The duration of these apnea events is variable; however, to be clinically significant,
the duration must last more than 10 seconds, although they typically do not exceed
120 seconds. The common duration of apnea events is between 20 to 40 seconds [4],
which usually decreases blood oxyhemoglobin saturation, which causes arousal since
the closed upper airways suddenly open. Due to the frequent arousals during sleep,
the sleep architecture of people with OSA is fragmented, which severely affects the
refreshing effects of sleep [5]. OSA affects between 3% and 7% of the adult population
[6]. The prevalence of OSA is about 3% in children [7], 17% in men and 9% in women
aged 50-70 years old [8]. In fact, many patients with OSA are undiagnosed, which may
be attributed to a lack of awareness. In addition, primary physicians may not diag-
nose early OSA if people do not show classic OSA characteristics, such as subjective
sleepiness and a high body mass index. There may be substantial sleep-disordered
breathing in patients without subjective sleepiness and up to half of OSA patients are
not obese [8], [9]. Given the health consequences of OSA, the shortcomings of existing
diagnostic approaches, and the economic burden of sleep-disordered breathing, there
is a pressing need to develop new diagnosis methods and it has been recommended
that OSA should be objectively evaluated. The severity of apnea and hypopnea is
measured by the number of events per hour, called the apnea-hypopnea index (AHI).
The AHI presents the number of breathing cessations of the upper airway (apnea) and
narrowing (hypopnea) during sleep lasting over 10 seconds. Regarding the severity
cut-offs, the AHI of healthy people should be lower than 5 episodes per hour, mild,
moderate, and severe apnea cases tend to have 5-15, 15-30, and 30 or more events per

hour, respectively.
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Normal Sleep apnea
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Fig. 1.1 The patient’s airway gets blocked because of obstructive sleep apnea (Source:
mayoclinic.org)

Polysomnography (PSG) is considered the gold standard for OSA diagnosis (Fig.
1.2). Multichannel bio-signals monitor many body functions and perform a compre-
hensive recording of bio-physiological changes throughout one night, including elec-
trocardiogram (ECG), electroencephalogram (EEG), electrooculogram (EOG), elec-
tromyogram (EMGQG), airflow (AF), abdominal and thoracic efforts (AB and TH), body
position, snore, oxygen saturation (SaOs) signals. Among PSG, there are three kinds

of bio-signals collected:

1. Bioelectrical potentials caused by the body’s own tissues, including ECG (heart

rate), EOG (eye movements), EEG (brain waves), and EMG (muscle activity).

2. Waves received from different sensors that translate non-electrical physiological

activity into electrical signals:

(a) Thermistors measure temperature changes.
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(b) Inductance respiratory bands record thorax/abdomen effort.
(c) Leg sensors record leg kicks and jerks.

(d) Position sensor measures the physical positioning of the subject.
3. Information from specialised devices:

(a) Oximetry measures oxyhemoglobin saturation.

(b) Nasal pressure (or cannula flow) measures pressure changes during inhala-

tion and exhalation.

OSA is characterised by recurrent collapse of the upper airway during sleep, and
the closure results in substantially reduced (hypopnea events) or complete cessation
(apnea events) of airflow. It leads to changes in different kinds of muscles, including
neck and pharyngeal muscles, respiratory muscles, and muscle changes contribute to
the responses in bioelectrical potentials. These bioelectrical potentials of multi-bio
signals are always used to diagnose OSA by sleep experts. The remainder of this

chapter will introduce some bio-signals with significant bioelectrical potentials.

In general, sleep respiratory disturbances are related to desaturation. SaO, signals
uses electrodes (e.g. pulse oximetry (see in Fig. 1.3) on the body to record the
percentage of oxygen bound to haemoglobin in the blood). Pulse oximetry is a non-
invasive and painless test and can measure the changes of a subject’s oxygen saturation
level or the oxygen levels in the subject’s blood. When oxygen is carried efficiently to
the extremities furthest from the heart (i.e. legs or arms), there are some changes in
the subject’s blood and pulse oximetry can detect these changes rapidly. The pulse
oximeter is a small, clip-like device that most commonly attaches to a finger. It also
can be placed on another body part, such as a toe or an earlobe. To measure the level

of oxygen in the blood, during a pulse oximetry reading, small beams of light pass
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Fig. 1.2 Example of Polysomnography, including EEG, EOG, EMG, abdominal, tho-
racic, airflow, SaO,, heart rate, ECG signals (Source: physionet.org)

through the toe, earlobe, or finger. Then, the pulse oximetry obtains the oxygen levels
in the subject’s blood by the changes of light absorption in oxygenated or deoxygenated
blood. An apnea is defined as a complete cessation of breathing lasting more than
10 seconds in adults and 3 to 4 seconds in children and this hypoventilation leads to
a drop in the SaO,. The standard polysomnographic criteria considers the minimum
oxygen saturation in adults to be less than 85% and less than 92% in children. The
drop usually starts from 10 to 30 seconds after the start of apnea detected from other
signals. After the apnea ends, the SaOs begins to recover. Fig. 1.4 shows an example

of a 300-second session in the SaO, signal and indicates the apnea events that happen
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Fig. 1.3 Example of a pulse oximetry attaches to a finger (Source: theprint.in)
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Fig. 1.4 Example of 300-second session shows sudden drops, fast recoveries, and typical
saw-tooth morphology of the oximetry curve

in a pseudo periodic pattern. These apnea events construct typical SaO, signals and
also lead to a modulation frequency peak at the very-low-frequency band. On the other
hand, sudden drops in oximetry values followed by fast recoveries are characteristic
of apnea, and patients with OSA show an oximetry curve with a typical saw-tooth

morphology.
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Airflow signal is also considered as a desaturation bio-signal correlated with OSA.
The respiratory airflow signal is collected by an electrode (Fig. 1.5) placed under a
patient’s nose. It can record pressure changes during inhalation and exhalation. Nasal
pressure is often placed between the subject’s nose and upper lip and the prongs fit into
the nares. As for all individuals, there is increased upper airway resistance when upper
airway patency decreases during sleep. During an inspiratory phase, the upper airway
is most likely to collapse, which leads to relative hypoventilation. Negative upper
airway pressure also leads to limited inspiratory flow at sleep onset, which is a dynamic
obstruction event. During the period of limited inspiratory flow, although individuals
can increase inspiratory efforts, the amount of airflow is not increased. During negative
upper airway pressure, healthy subjects can increase the efforts of the respiratory
muscles and their nocturnal ventilation may be improved. However, although subjects
with OSA also increase the efforts of respiratory muscles, these efforts will lead to
a complete closure of the upper airway. Finally, the complete closure causes the
consequent cessation of airflow and even hypoxia. When the OSA subjects arouse from
sleep, the upper airway patency is restored and effective ventilation is also improved,
which leads to the cessation of apnea [10]. Currently, the morphological criterium
that is most widely used in apnea reduction is the reduction of respiratory airflow
signal (Fig. 1.6) to at least 10% of the base line. In the clinic, at least two missed
breaths are scored and classified as apnea. Two missed breaths mean the recurrence
of these apnea events is every two normal breaths at most. The low-frequency and
high-frequency bands are changed because of these missed and recurrence events. In
addition, respiratory efforts, which include AB and TH signals, and the respiratory
bands (Fig. 1.7), are able to measure changes in movement because of breathing.
During OSA events, people increase respiratory efforts to improve their nocturnal

ventilation, and AB and TH signals are correlated with the patient’s AF signal and
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SaOy (Fig. 1.6). During apnea events, there are complete cessations of the upper
airway, which lead to the movement of the patient’s abdomen and thorax muscles,

presenting potential power in apnea classification.

Fig. 1.5 Example of the airflow sensor placed under a patient’s nose (Source: jc-
SIM.aasm.org)

airflow

abdominal
effort

thoracic
effort

Fig. 1.6 Example of airflow, abdominal, thoracic, SaO, signals, and two respiratory
efforts are related with the desaturation recordings (airflow and SaO, signals) [1]

Sleep respiratory disturbances are accompanied by changes in ECG signals. ECG
signals uses electrodes placed on the skin to record the tiny electrical activity of a
human’s heart, which will change with the heart muscle’s electrophysiology of depo-

larisation and repolarisation during each beat. One of the two snap ECG electrodes
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Fig. 1.7 Example of thoracic and abdominal bands (Source: link.springer.com)

is always put below the midpoint of the right clavicle, while the other is placed below
the armpit and placed on the mid-rib on the left side. An example of the ECG signal
is shown in Fig. 1.8. In each heartbeat, the theoretical waveform is assigned by the
letters P, Q, R, S, and T. HRV (R-R intervals of ECG, the beat-by-beat series of heart
rates) and EDR (ECG-derived respiration, referred to as the surrogate respiratory
signal) has been shown to relate to sleep apnea [11]. Out of all the components, the
QRS complex was the most essential and characteristic wave. Several studies have
focused on the QRS detection algorithm and feature extraction from the QRS com-
plex. People with OSA show different patterns in the RR interval (Fig. 1.9) with
enhanced beat-to-beat variation at lower heart rates and reduced variation at faster
rates relative to healthy people. In addition, ECG electrodes are placed on the surface
of the chest, where signals can be influenced by the motion of the electrodes caused

by the heart and by changes in the impedance of the thoracic cavity.
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Fig. 1.8 Example of ECG signal shows P, Q, R, S, T waves, QRS complex and RR
interval (Source: medictests.com)
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Fig. 1.9 Difference between apnea and normal windows in ECG signal (the top wave
is the normal ECG window and the bottom wave is the abnormal ECG window)
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EEG, EOG, chin EMG, and leg movement sensors, which detect bio-signals related
to OSA, can provide information about sleep quality and quantity. EEG is widely
used to record the electrical activity of the brain. Some EEG electrodes are placed
on these sites and record the brainwaves from pre-frontal (Fp), frontal (F), temporal
(T), parietal (P), occipital (O), and central (C) lobes. Four electrodes are placed on
four sites of the midline sagittal plane of the skull, which are called FpZ, Fz, Cz, Oz,
respectively. A “Z” refers to zero and these four electrodes are always considered as
reference or ground points in PSG sleep studies. Fig. 1.10 shows the letters Fp, F, T, P,
O, and C, which identify the lobe or the area of the brain. In apnea studies, the most
commonly used electrodes are C3 and C4. To determine C3, first, the zero line of the
tape measure is placed and firmly held at Cz mark point. Second, the tape measure is
draped over the left side of the subject’s head to reach the subject’s left pre-auricular
point. The length between the left pre-auricular mark and the right pre-auricular mark
is measured and 20% of the length is computed. Finally, a mark is made at the 20%
location from the Cz mark to the left pre-auricular point, which indicates the site of
the C3 electrode. On the other hand, to determine the C4 electrode site, the zero line
of the tape measure is again placed and held firmly on the Cz mark point. Then, the
tape measure is draped over the right side of the subject’s head to reach the subject’s
right pre-auricular point. Twenty percent of the length from the left pre-auricular
mark to the right pre-auricular mark is also computed. Finally, a mark is made at the
20% location from the Cz mark to the right pre-auricular point to determine the C4

electrode site.

A brainwave is utilised when diagnosing various sleep disorders. Basically, the
major spectrums of a sleep EEG are delta (0, 1-4 Hz), theta (6, 4-8 Hz), alpha («,
8-12 Hz), and beta (3, 12-30 Hz) signals (Fig. 1.11). There are phenomena that occur

at the end and beginning of an apnea event. At the end of an apnea event, the § wave
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often shows some approximate decreases, which often continue to the early or middle
phase of the next apnea event, where it then begins to increase. At the end of the
next apnea event, the 0 wave begins to decrease again. On the other hand, a and
0 waves demonstrate the exact opposite of the 6 wave phenomenon. There are often
approximate increases at the end of each apnea event in o and 6 waves, which often
continue to the early or middle phase of the next apnea event. At the end of the next

apnea event, o and € waves begin to increase again.

Fig. 1.10 10-20 system EEG placement and electrode distances (Source: ieeex-
plore.ieee.org)

EOG signals are used to record voltage changes caused by eye movements. One
electrode is placed above the right eye, while the other electrode is placed above
the left eye. These two electrodes can record the movements of the subject’s eyes,

and EOG signals are used to help determine different sleep stages (Fig. 1.12). In
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the wakefulness stage, EOG signals are random and high amplitude, however,during
non-rapid eye movement, there is a slow-rolling EOG wave, while during rapid eye
movement, the waves are very flat. In addition, to measure chin muscle waveforms,
EMG electrodes are used to measure changes in the geniohyoid muscle since it is a
large muscle under the chin (Fig. 1.12). Thus, one of the two electrodes are placed on
each side of this muscle and the distance between these two electrodes is at least 3 cm.
In general, one electrode is placed on the left ledge of the chin, while the other is placed
on the right. Changes in electrical waveforms provide information about whether the
muscle tone changes normally during the different sleep stages. The total or partial
airflow obstruction leads to OSA and the obstruction also leads to increases in the
baseline of muscle tone. During the rapid eye movement stage, chin EMG signals also

record abnormally frequent bursts of discrete muscle activation.
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Fig. 1.12 EOG electrode placement and the two EOG electrodes are placed below
the outer canthus of each eye, and EMG electrode placement is used to measure the
changes of the geniohyoid muscle (Source: cvgclinical.co.za)
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1.2 Motivation of Thesis

Individuals with OSA often face many serious diseases, including strokes, heart attack-
s, coronary failure, and even sudden death during sleep. Traditionally, sleep specialists
perform OSA diagnosis according to visual observation of PSG signals. In each PS-
G test, it is inconvenient for a patient because sensors are placed on the patient’s
skin overnight and it is always conducted in a hospital or sleep laboratory under the
supervision of a sleep technician. In addition, OSA diagnosis is based on the visual ob-
servation of sleep specialists, which has many disadvantages. Firstly, the identification
of OSA by trained specialists requires expensive human resources and relies on the ex-
perience level of the specialist. Secondly, it is an onerous task for specialists to analyse
the large volume of data that is collected overnight and specialists are prone to making
errors due to fatigue. Thus, the manual detection of OSA is time-consuming and cost-
ly. In addition, sleep health experts need to monitor and review the overnight PSG
signals, and the sleep apnea research of large-scale populations have been hindered by

visual observation of sleep specialists.

Therefore, in order to detect OSA, automatic systems based on machine learning
algorithms are desirable to help doctors during the diagnostic process. Furthermore,
the development of OSA auto-detection device is desirable for in-home or mobile care,
and this kind of device should be more comfortable, portable, and low-cost. Such a
device can also be utilised in a preliminary OSA in-home test without sleep doctors and
can also help sleep physicians in the early diagnosis and subsequent treatment of OSA.
In order to ensure portability and wearability, automatic detection should only focus on
a few core bio-signals (e.g., SaO, and airflow signals). To ensure the high performance
of automatic detection, better classifiers will be selected. In the automatic detection

approaches, general steps will include the feature extraction stage, the feature selection
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stage, and the classification stage as shown in Fig. 1.13. To achieve the aims of
constructing automatic systems, first, the feature extraction methods will obtain multi-
domain features from the PSG data of OSA patients and healthy individuals, as well
as features related to the bio-physiological criteria of OSA that hold good performance.
Sleep experts will also diagnose OSA using these criteria from different kinds of bio-
signals. Then, feature selection will be used to remove the redundant features before
the classification stage to prevent over-fitting and reduce the computational load so
that classifiers will only process useful features. Finally, OSA will be identified using

machine learning algorithms, which will use these features as their input.

Onset of

Data Pre- Feature Feature Classi- Apnea/Normal

Collection processing Extraction Selection fication

Fig. 1.13 Basic components of the OSA automatic detection progress

1.3 Objectives and Contributions

In this study, the automatic OSA monitoring system (shown in Fig. 1.13) is con-
structed. The main objective of this research is to develop a higher accuracy OSA
monitoring system using multiple bio-signals. To achieve this main objective, four
main contributions are presented as follows: feature extraction (in Chapter 3), fea-
ture selection (in Chapter 4), evaluation of a time-window segmentation method (in
Chapter 5), and classification for OSA with the time-window method (in Chapter
6). Firstly, time-domain, frequency-domain, and non-linear analysis algorithms are
proposed to extract features. Secondly, feature selection methods based on statistical

analyses and machine learning methods are used to determine the features with good
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discrimination. Thirdly, different machine learning algorithms are introduced, such as
support vector machine(SVM), linear discrimination, decision tree. According to the
performance of classifiers, the time-window segmentation method is used to evaluate
the potential implementation of our monitoring system using real data. Fourthly, a
multi-errors-reduction (MER) classification system is constructed, and boosting meth-
ods, the stacking method, and an artificial neural network (ANN) are used. More

details about the contributions as follows:

1.3.1 Multi-Domain Feature Extraction Algorithms

Multi-domain feature extraction methods are proposed to extract the important fea-
tures from multi-bio sensors. Methods based on time-domain, frequency-domain, and
non-linear analyses are utilised to process multiple bio-signals, such as oxygen sat-
uration (SaO,), airflow (AF), two respiratory efforts (abdominal (AB) and thoracic
(TH)), electrocardiogram (ECG), electroencephalogram (EEG), and electromyogram
(EMG) recordings. The bio-signals have different bio-patterns between apnea episodes
and normal episodes. Different apneic bio-physiological changes from multi-bio signals

and extracted features based on the changes as follows:

1. Ozygen Saturation (SaOz) Signals: The drop in SaOs usually starts from 10 to
30 seconds after the start of apnea detected from other signals. Once the apnea
ends, the SaOy begins to recover. Sudden drops in oximetry values followed
by fast recoveries are characteristic of apnea and patients with OSA show an
oximetry curve with a typical saw-tooth morphology. In addition, apnea events
happen in a pseudo periodic pattern and also lead to a modulation frequency

change at the frequency band. Time-domain features stand for sudden drops
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and fast recoveries, and very-low-frequency features reflect the changes caused

by these drops and recoveries.

. Airflow Signals: An apnea event is recorded when the respiratory airflow signal

decreases at least 10% from its baseline and lasts at least 10 seconds. Clinical-
ly, at least two missed breaths are scored and classified as apnea. Two missed
breaths mean that these apnea events occur every two normal breaths at most.
The low-frequency, high-frequency, and very-high-frequency bands are changed
because of these missed and recurrence events. Time-domain features are ob-
tained from airflow signals and reflect decreases in apnea events. In addition,
to extract frequency-domain features, wavelet transformation is used. Wavelet
transformation uses a multi-scale basis and a varying window size to analyse
non-stationary signals; the size is narrow at high frequencies and broad at low

frequencies.

. Respiratory Efforts Signals: AB and TH signals (Fig. 1.6) are used to measure

apnea events. Abdomen and thorax muscles are active since the subject restores
the closed upper airway by increasing respiratory efforts. Time-domain features
and features from the high-frequency band are obtained from abdominal sig-
nals, while the time-domain and frequency-domain features are extracted from

thoracic signals.

. ECG Signals: ECG records the electrical activity of the subject’s heart, and

RR interval variation (Fig. 1.9) shows different patterns between apnea events
and normal events with enhanced beat-to-beat variation at lower heart rates and
reduced variation at faster rates. In addition, ECG electrodes are placed on the
subject’s chest. ECG-derived respiratory signals (EDR series) are obtained from

ECG signals and are influenced by changes in the impedance of the thoracic cav-
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ity. Many statistical analyses are utilised to extract the features. Power spectral
density (PSD), Shannon’s entropy, and wavelet spectral density (WSD) are capa-
ble of extracting the frequency-domain features. PSD describes the distribution
of frequency power components. While normal events tend to generate a more
random signal, apnea events tend to have a more deterministic signal. Shan-
non’s entropy shows the difference of the uncertainty. Recurrence and principal
component analysis (PCA) approaches are used to extract non-linear features.
Recurrence is a fundamental characteristic of dynamic systems and recurrence
quantification analysis describes the structures of recurrence. PCA maximises
the variance of each dimension and projects high-dimension signals into lower-

dimension data.

5. EEG Signals: EEG consists of four major spectrums (0 wave,  wave, a wave,
[ wave). During apnea episodes, the & wave often shows some approximate
decreases, while the a wave and 6 wave demonstrate approximate increases. Sta-
tistical algorithms and wavelet transformation are proposed to extract multiple

features based on these criteria.

6. Chin EMG Signals: Chin EMG records abnormally frequent bursts of discrete
muscle activation during apnea events since apnea leads to the closure of the
upper airway and activates the geniohyoid muscle. Statistical analyses are used
to extract features from chin EMG signals. Wavelet transformation and PSD

are also utilised to obtain frequency-band features.

1.3.2 Two-Stage Feature Selection Method

In this thesis, a hybrid feature selection is proposed to select the significant features

from the full feature set, which is an important step in an automatic process. The full
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feature set increases the processing time and affects the performance because of the
redundant features. Hence, a feature selection plays an important role to remove the
redundant features before undergoing a classification stage, which should be able to
prevent over-fitting and reduce computational load. The selected features should have
good discrimination between apnea and normal events, which means they are more

distinct between the two groups.

A two-stage feature selection procedure (Stage 1: the statistical analysis stage and
Stage 2: the final feature subset selection stage using machine learning methods) is
proposed in this thesis. In the first stage, if a feature is the objective of this stage, it
is considered as being more independent and significant, and it is put into the feature
subset. In the second stage, machine learning methods are proposed to determine the
final feature subset since statistical methodologies only analyse differences between
group values and associated labels, which means they are not able to compute differ-

ences in a higher dimension.

Firstly, in Stage 1 of the feature selection, the analysis of variance (ANOVA) and
the rank-sum test are used. The ANOVA can compute the p-value for each kind of
feature by analysing differences between group means and associated labels. The rank-
sum test is also able to compute the p-value for each kind of feature by comparing
randomly selected values from the first group and the second group, respectively. An
ANOVA p-value < 0.05 and a p-value = 1 of the rank-sum test means that the feature
is independent between the apnea and normal groups. Secondly, in Stage 2 of the
feature selection, the selected features are sorted into different classes to select the
final significant feature subset according to the results from Stage 1. Each class is
fed into machine learning methods using the hill-climbing algorithm, which is able to
record the performance (accuracy, sensitivity, and specificity) in each iteration. The

final feature subset is then determined by comparing the performance of all iterations.
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1.3.3 Automatic OSA Monitoring System Based on Time-

Window Method

The proposed automatic OSA monitoring system based on the time-window segmen-
tation method has the potential to be implemented with real data. All PSG datasets
provide the duration of each episode labelled by human experts. However, there is no
duration parameter in real PSG data. A time-window segmentation method is used

to evaluate the proposed monitoring system.

Each bio-signal is segmented into 60-second windows. Our monitoring system
consists of three main parts, including the multi-domain feature extraction methods,
the two-stage feature selection, and the classification stage. Firstly, in each 60-second
window, multi-domain feature extraction methods are used to provide different kinds
of features. Secondly, the two-stage feature selection evaluates the importance of each
feature and determine the final feature subset. Finally, in the classification stage,
the parameters are confirmed by the parameter tuning process. classifiers with the
time-window segmentation method performs well compared with the non-time-window

method.

1.3.4 Multi-Errors-Reduction Classification System

In this thesis, a multi-errors-reduction (MER) classification system is proposed. Select-
ed significant features are extracted from multiple bio-signals and multiple feature ex-
traction algorithms are used. Multi-domain features are known to have multi-domain
errors. A single classifier is known to reduce one kind of error and show good classifi-
cation performance. However, it is not able to solve multi-domain errors. In order to

obtain better classification performance, different classifiers are utilised to reduce er-
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rors in different domains and an ANN is used to combine a set of imperfect estimators

and reduce multi-domain errors.

This multi-errors-reduction classifier consists of a stacking method, and the struc-
ture of the stacking consists of base learners (boosting systems) and a meta-learner
(an ANN). In the process of stacking, the k-fold cross-validation procedure is used to
train the meta-level classifier. To form a meta-instance, the decisions from the base
classifiers combine with the gold standard in each training fold. Then, a meta-level
classifier is trained on the meta-instances. In order to generate a set of classifiers, the
boosting system iteratively changes the training sets and fits a simple classifier in the
updated training sets. Then, it is able to arbitrarily minimise small error probability
and predict labels. ANNs have the topology of a directed graph and is inspired by the

structure of biological neural networks in human brains.

If the MER parameters are able to provide good performance with larger input
data, this classifier is considered to be stable. In this MER classifier, the parameters
are determined by the input data after the parameter tuning process. For applications
with a large database, a MER classifier is able to perform classification tasks more

efficiently in terms of accuracy, sensitivity and specificity.

1.4 Structure of Thesis

The thesis is organised into seven chapters:
Chapter 1

This chapter introduces the Background, the Motivation of Thesis, Objectives and

Contributions, and Structure of Thesis.

Chapter 2
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This chapter first introduces the current technologies behind the OSA monitoring
system. Feature extraction methods, including time-domain, frequency-domain, and
non-linear analysis from different kinds of bio-signals are also provided in Chapter 2.
It is finalised by introducing simple machine learning algorithms, such as the support
vector machine (SVM), the decision tree, the random forest, and complex ensemble

methods, including the boosting method and the stacking method.
Chapter 3

This chapter initially introduces the proposed time-domain, frequency-domain, and
non-linear analyses for feature extraction methodologies. Oxygen saturation (SaOs),
airflow (AF), two respiratory efforts (abdominal (AB) and thoracic (TH)), electrocar-
diogram (ECG), electroencephalogram (EEG), and electromyogram (EMG) recordings

are utilised to provide multi-domain features.
Chapter 4

This chapter first presents a hybrid feature selection for sleep apnea detection
using bio-signals. The proposed two-stage feature selection is utilised to confirm the
significant features mostly related to OSA. Stage 1 is the statistical analysis stage,
including analysis of variance (ANOVA) and the rank-sum test. According to the
results of these two analyses, the importance of all features is obtained. In Stage 2,

machine learning methods are used to determine a final feature subset.
Chapter 5

This chapter presents first the classification performance using different classifiers
based on the determined feature subset. To improve the classification performance,
a 60-second time-window segmentation is used and based on this segmentation, the

proposed feature extraction, two-stage feature selection, and classifiers are used to
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provide experimental results (accuracy, sensitivity and, specificity). Based on the

experimental results, some conclusions are drawn.
Chapter 6

This chapter discusses the structure of a multi-errors-reduction (MER) classifica-
tion based on ensemble systems and artificial neural networks (ANNs). A stacking sys-
tem provides the main structure, including weak learners and a meta-learner. Firstly,
many different machine learning methods provide their performance (accuracy, sensi-
tivity, and specificity), and the selected significant features are fed into these machine
learning methods. Based on a comparison of the performance, some classifiers are
considered as weak learners since they hold a better performance. Furthermore, appli-
cations on tuning the parameters of weak learners are given. Secondly, constructing
an ANN is introduced. Tuning the ANN parameters and determining the number
of layers is discussed. Application examples on a larger OSA dataset are given to

illustrate the applicability, stability, and merits of the proposed MER approach
Chapter 7

This chapter provides a conclusion of the findings and results in this thesis, and it

indicates the directions for future research in this field.



Chapter 2

Literature Review

In this chapter, firstly, a review on automatic obstructive sleep apnea (OSA) detection
with one single bio-signals or multiple bio-signals is given. Secondly, a review of
machine learning algorithms is also illustrated in this chapter. The advantages and

disadvantages of them are discussed.

2.1 An Introduction to Automatic OSA Detection

Using Bio-Signals

OSA has been linked to diseases, and overnight polysomnography (PSG) as the gold
standard is a high-cost test. The identification of OSA by trained specialists needs
expensive human resources and relies on the experience level of the specialist, and the
manual detection of OSA is time-consuming. As a result, there is a clear need for an
automatic, low-cost detection for the doctors’ diagnosis of apnea events, using easily

accessible bio-signals.
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2.1.1 Automatic Detection with Oxygen Saturation Signals

Oxygen saturation (SaO,) signals are collected using non-invasive nocturnal pulse
oximetry (see in Fig. 1.3), and the diagnosis of OSA using SaO, signals is widely used
and accepted. Signal processing techniques in the time-domain, frequency-domain,
and non-linear methods have been utilized for the OSA detection purposed using
SaQ, signals. The approaches were based on the oxygen desaturation during apnea

events.

Time-domain, frequency-domain, and non-linear analyses were utilized to provide
28 features. Sequential forward selection and sequential backward selection had to
be implemented. A novel hierarchical classification scheme was presented to classi-
fy the levels of severity of OSA using SaO, signals. A decision tree classifier and a
probabilistic neural network were used to classify non-OSA and mild-OSA cases, and
time-domain characteristics and non-linear parameters were the input of this algorith-
m. A decision tree classifier and a support vector machine (SVM) classifier classified
moderate and severe subjects, and the feature subset included the time-domain and
non-leaner parameters [12]. Non-linear analysis from overnight SaO, signals was u-
tilized to extract information related to OSA, such as approximate entropy, central
tendency measure, and Lempel-Ziv complexity. Marcos, J. Victor, et al. [13] evaluat-
ed a multilayer perceptron neural network classifier with one hidden layer of knots to
assist OSA detection, and the neural network-based classification method was able to
illustrate the excellent accuracy of 85.5%, the 89.8% sensitivity, the 79.4% specificity,
and the 90.0% area under the ROC Curve (AUC). Otero, Abraham, et al. [14] used a
fuzzy set in the detection of apnea episodes using the SaO, and the respiratory airflow
signals. In this case, the desaturations were obtained from these two signals since an
apnea is defined as a decrease in airflow to at least 10% of its baseline, and there is also

the drop in SaO, signals. The performance was based on a multivariable fuzzy tempo-
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ral profile model, and the accuracy, in this case, was 90% with the 3.2% false positive.
Gunes S et al. [15] also used four clinical features, and a multi-layer perceptron artifi-
cial neural network (ANN) classifier to identify OSA and classify different levels (mild
OSA, moderate OSA, severe OSA, and non-OSA). In this case, they designed a novel
feature selection algorithm called multi-class f-score feature selection. Each feature
was related with each degree of OSA, and the method was based on the feature selec-
tion, and the neural network classifier achieved 84.14% classification rate. Identifying
apneic events used the expert criteria and the fuzzy-logic-based automated system
[16]. From SaO, signals, fall duration and fall reduction were extracted. Three fea-
tures reflecting a desaturation of an apneic event in the SaO, signal were obtained from
airflow, thoracic, and abdominal respiratory signals, and these features included the
degree of membership, the associated reduction, and the duration of each existing ap-
neic interval. An optimized convolution neural network structure was used to develop
the apnea event and SaO, signals were used. Greedy based optimization was proposed
to construct the structure, and three different variants, including the topology trans-
fer, the weighted-topology transfer with rough estimation, and the weighted-topology

transfer with fine-tuning were used in the greedy based optimization [17].

2.1.2 Automatic Detection with Airflow Signals

The respiratory airflow signal is collected by using an electrode (Fig. 1.5) placed under
a patient’s nose. Currently, the morphological criteria that are used the most widely
in apnea reduction are the reduction in the respiratory airflow signal to at least 10%

of the basal line because the airflow signal shows the respiration and changes.

In a recent work by Otero A et al., sudden changes of respiratory airflow signals

were found in apneic polysomnogram fragments, and the amount of air that the subject
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is inhaling and exhaling also illustrated changes. The fuzzy set was used to identify
OSA according to these changes [5]. The airflow signal provided the absolute value
of the five detail coefficients using the wavelet transformation, and these coefficients
were the inputs of a feedforward neural network using the Bayesian framework and
a regularized cross-entropy function. The goal of the new approach presented in this
case was to detect each apnea event into one of three basic sleep apnea types: OSA,
central sleep apnea (CSA), and mixed sleep apnea (MSA). The results showed the mean
classification accuracy was 83.78% [18]. In [19], a detection method for OSA in children
was developed using the airflow and SaO, signals. The minimum amplitude and the
kurtosis from 0.119 - 0.192 Hz, as well as the skewness from 0.784 - 0.890 Hz, were
extracted by the power spectral density (PSD) of airflow, and 3% oxygen desaturation
index was obtained from SaQO, signals. A logistic regression model built these five
features achieved: 85.90% sensitivity; 87.40% specificity; 86.30% accuracy. Lee, Hyoki,
et al. [20] proposed a rule-based algorithm using airflow signals to detect apnea or
hypopnea events automatically. The algorithm achieved good performance with the
sensitivity of 86.40% and the accuracy of 84.50%. The paper [21] focused on the
apnea/hypopnea detection using the single-channel airflow signal, and the respiratory
rate variability signal was also derived from the airflow signal. Three features including
the skewness from the respiratory rate variability signal, the peak amplitude, and the
band power from the airflow signal were selected by the forward stepwise logistic
regression procedure, and this procedure also provided the highest accuracy (82.43%)
and AUC (90.30%). The study [22] extracted some frequency-domain and non-linear
features from the airflow signal. Spectral features included the mean, the standard
deviation, the minimum amplitude, the maximum amplitude, and spectral entropy,
and three non-linear features were obtained by central tendency measure, Lempel-Ziv

complexity, and sample entropy. The AdaBoost binary model based on regression
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trees provided the best performance (the 89.00% sensitivity, the 80.00% specificity,
and the 86.50% accuracy). In Study [23], the authors proposed a new probabilistic
algorithm. A Gaussian mixture probability model was used to detect apnea events

based on the posterior probabilities of the respective events.

2.1.3 Automatic Detection with Respiratory Signals

Some studies are focusing on how to classify sleep apnea using abdominal and thoracic
signals since there is a correlation between two respiratory effort signals with patient’s

airflow signal.

Sezgin, Necmettin, and M. Emin Tagluk. [24] proposed a classification to detect
OSA using the abdominal and thoracic respiration signals. Signals were decomposed
into seven levels, and the mean of each detail coefficient were the inputs of an ANN.
The multilayer neural network had an input layer with seven knots, two hidden layers
with fifteen knots, and one output layer with three knots. The accuracies included
85.35% for OSA, 94.74% for CSA, and 80.42% for MSA, and the total accuracy was
86.84%. The study [25] used the wavelet transform method and an ANN. The wavelet
transform of depth seven was used to process each abdominal signal, and the detail
coefficients were the input of the neural network with an input layer, a hidden layer,
and an output layer. Finally, the accuracy for each class was 73.42% for OSA, 94.23%
for CSA, and 66.16% for MSA. Thoracic and abdominal signals provided features to
classify various types of apnea [26]. Two features from the thoracic signals and two
features from the abdominal signals were obtained and then fed into the SVM based
on the standard radial kernel. The overall accuracy was 81.80%. Bianchi, M. T., et
al. [27] developed an OSA detection algorithm using two respiratory efforts. This

algorithm was able to search the time event where there was a decreased respiration
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amplitude lasting at least 10 seconds. For classification, the AUC was over 92.00%
using the apnea-hypopnea index (AHI) cutoff value of 5, while the AUC was over
85.00% using the 15 cutoff value. A novel approach [1] was presented for the detection
of OSA into each basic type: OSA, CSA, and MSA. The features were the coefficients,
which were obtained by a wavelet transformation and extracted from the thoracic
signal. The classification model was based on the error-correcting output code formed
by an ANN. Using this approach, the mean accuracy was 90.27%, and the accuracies

for each type were 94.62% (OSA), 95.47% (CSA), and 90.45% (MSA).

2.1.4 Automatic Detection with ECG Signals

Sleep respiratory disturbances are accompanied by changes in the electrocardiogram
(ECG). Therefore, there is an increased interest by researchers to utilize these signals.
ECG uses electrodes placed on the skin, and these electrodes can record tiny electrical
changes of the subject’s heart, which will be changed with the heart muscle’s electro-
physiology of depolarization and repolarization during each beat. ECG electrodes can

also record the changes of the respiratory cavity.

This method was used to find the RR intervals and QRS area series [28], and then
the time-varying autoregressive model was used for the feature extraction. Ten spec-
tral features were obtained from the high-frequency band, the low-frequency band,
and the very-low-frequency band of the RR intervals and QRS area. They found that
the very-low-frequency component was the best feature between apneic and no apneic
conditions. The k-nearest neighbour and an ANN were used as classifiers to identify
sleep apnea, and both algorithms reached the accuracy of over 83.00%, the sensitivity
of over 85.00%, and the specificity of over 86.00%. A methodology for OSA detection

was presented based on frequency-domain features using non-overlapping 1-minute
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heart rate variability segments [29]. Heuristic splitting and spectral splitting based on
stochastic variability were used to extract features. Using k-nearest neighbour classifi-
er, the feature set achieved the over 80% accuracy. Hassan A R et al. [30] performed
statistical and spectral features of ECG, which were different between apneic and no
apneic conditions. They segmented ECG signals into 1 minute and then employed
statistical and spectral features, such as mean, variance, kurtosis, spectral centroid,
spectral decrease, spectral slope, spectral spread, and spectral flatness. Bootstrap ag-
gregating was used to classify apneic events from normal events dependence on these
features, and a decision tree was considered as the weak learners of the bootstrap
aggregating. The method yielded the 85.97% accuracy, the 84.14% sensitivity, and
the 86.83% specificity. In a previous work [31], it was demonstrated sleep apnea clas-
sification automatically. In the feature extraction stage, power spectrum density was
analysed by the frequency analysis, and the heart rate variability and QRS complex
were used to provide the frequency features. In the classification stage, hidden Markov
models were used to confirm apnea patterns from ECG signals. In Study [32], an SA
detection was proposed. Frequential stacked sparse auto-encoder method extracted
features and time-dependent cost-sensitive model based on the hidden Markov model
and the MetaCost algorithm was used to obtain classification results. Chang et al. [33]
proposed a deep convolutional neural network model using ECG signals. Features are
extracted from ECG signals by using time-domain analysis, frequency-domain anal-
ysis of intrinsic mode functions, and the SVM and the random forest classifiers are
used to detect sleep apnea [34]. In Study [35], automatic detection was proposed with
fuzzy, approximate, and sample entropy as feature extraction methods. The sequen-
tial feature selection method was used to pick the most effective features and then
the GentleBoost classifier achieved high accuracy levels. Study [36] extracted time-

domain features from ECG signals and the SVM model achieved an 82.12% accuracy,
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an 88.41% sensitivity, and a 72.29% specificity. In Study [37], ECG signals provided
frequency features and the features were fed into an SVM classifier with the Gaus-
sian kernel. The paper [38] proposed an approach to detect OSA using ECG signals.
Frequency features were extracted and the stacked autoencoder based deep neural

network and the SVM method were considered to classify apnea events.

2.1.5 Automatic Detection with EEG Signals

Electroencephalogram (EEG) uses electrodes placed on the brain to record the elec-
trical activity of the subject’s brain. These electrodes measure voltage fluctuations,
which result from ionic current within the neurons of the brain. EEG can provide sleep
respiratory disturbance information. Therefore, it becomes one of the most significant

signals in order to diagnose sleep respiratory disturbance [39].

The order-200 finite impulse response filter and the Hamming window method were
utilized to filter out the sleep-related bands (0.5 - 32 Hz) from EEG signals. The study
utilized the Hilbert-Huang transformation to obtain five ratio signals of the Hilbert
spectrum, and the detector was used to classify OSA based on the duration. The
mean accuracy was about 88.00% [40]. Ubeyli E D et al. [41] presented an automatic
method to detect OSA from EEG signals, and the EEG signals were recorded from
three electrodes (C3, C4, and O2). The level-6 discrete wavelet transformation was
used to provide features, such as maximum, minimum, mean and standard deviation of
each coefficient. These features were the input of three classifiers in the adaptive neuro-
fuzzy inference system, and three classifiers combined the backpropagation gradient
descent method and the least-squares methods. The fourth classifier was able to
predict by combining the outputs of the three algorithms as input data, and the total

classification accuracy was 96.25%, and the specificity was 97.50%, and the sensitivity
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was 95.00%. The bispectral analysis was utilized to obtain bispectral characteristics
called quadratic phase coupling, and the bispectrum was segmented into each subband
of EEG (9, 0, «,  and « waves). An ANN was considered as a classifier to detect sleep
apnea, and total accuracy of 96.15% was illustrated [42]. This paper [43] calculated
the 6 energy ratios by the Fourier transform from the original EEG signals, and the
regression made the change of the theta ratio more obvious. An ANN of modified
adaptive resonance theory was used to classify apnea and normal groups, and it was
able to achieve 91.00% accuracy. The result of [44] showed that features extracted by
autoregressive. In this study, the autoregressive PSD estimations of the EEG signals
were obtained, and the EEG signals were recorded from C3, C4, and O2 electrodes.
The least-squares SVM used the radial basis function and classified OSA, and the
statistical parameters included the 92.50% specificity, the 97.50% sensitivity, and the
95.00% accuracy. This Study [45] introduced the evolutionary techniques optimized
Hermite functions represented EEG signals, and the artificial bee colony algorithm was
considered for the feature extraction. The extreme learning machine and least-squares

SVM classifiers were used to detect OSA.

2.1.6 Automatic Detection with Multiple Bio-Signals

Currently, many detection methods for sleep apnea using multi-bio signals have been
proposed frequently. Al-Angari H M et al. [46] showed that feature extraction from
respiratory efforts, ECG, and SaO, signals, and an SVM were utilized to classify ap-
neic parts. Two effort signals were computed the phase-locking value. The standard
deviation and mean obtained from the RR interval series, the absolute and normal-
ized powers in the very-low-frequency band, the low-frequency band, and the high-
frequency band, and the ratio of the low-frequency power over the high-frequency

power were computed. The mean and standard deviation of SaO, signals were also
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computed. Using these features, the SVM implementing a second-order polynomial
kernel with weight = 5 achieved the maximum performance (accuracy: 82.40%, sen-
sitivity: 69.90%, specificity: 91.40%). Features were extracted from SaO, and ECG
signals and used to train linear discriminant model [47]. SaO, and ECG signals were
time-aligned to 30-second epochs. The features were computed from each epoch of
Sa0, signals, including the minimum SaO, value in each epoch, the mean SaO, value
over each epoch, the average absolute rate of change per second in each epoch, the
number of points below 92% saturation, the duration time that the SaO, value ex-
ceed the baseline value by at least 3%, the duration time that the SaOs value was
less than the baseline SaO, by at least 3%, and the 3rd and the 57th point values in
ordered SaOs values. In addition, the features of ECG have included the mean of RR
interval series, the standard deviation of the RR interval series, the power spectral
density of the RR interval series, and the square root of the average of the sum of
the differences between two continuous RR intervals. The combined features were fed
into a linear discriminant model and achieved an accuracy of 66.7%, a specificity of
67.00%, and sensitivity of 58.10%. The study investigated three types of ANNs [48],
and these types were Elman, Radial basis function and feed-forward backpropagation.
Airflow, abdominal, and thoracic signals were used to provided features. Three-level
Haar wavelet transformation was utilized to decompose these signals, and extracted
features included the mean, the variance, the standard deviation, the kurtosis, the
geomean, the skewness, and the mad. As a result, the feed-forward neural network
achieved the best performance (the 86.60% AUC). This study [49] proposed an auto-
matic process based on two EEG recordings (C3/A2 and C4/A1) and one submental
electromyogram (EMG). Considering the EEG derivations, the information about the
power of the different subbands was included. Regarding the submental EMG signals,

the information of the amplitude of the signal was included. Six classification methods
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were utilized and evaluated for the automatic detection: a naive Bayes, an SVM, a
k-nearest neighbour, an ANN, a classification tree, and a fisher’s linear discriminant.
The two ensemble classification methods, the k-nearest neighbour and the random for-
est, showed the best performance. The time-domain and frequency-domain features
were extracted from ECG, pulse photoplethysmography, airflow, and abdominal sig-
nals [50]. The combination showed good results (accuracy of 75.00%, sensitivity of
81.80%, and specificity of 73.90%). This study proposed a real-time OSA detection
based on ECG and SaO. signals [51]. Statistical and non-linear features were extract-
ed and selected, and the final feature subset consisted of 150 features from ECG and
SaOy signals. Bagging with REPTree obtained the highest accuracy (83.26%) and
specificity (84.62%), while AdaBoost with Decision Stump achieved the best sensi-
tivity (86.81%). Respiration signals, SaO, signals, and ECG signals were devised in
Study [52]. Time-domain, frequency-domain, and non-linear features were extracted
from these kinds of bio-signals and then a long short-term memory recurrent neural

network model was proposed to detect different types of sleep breathing patterns.

The data extracted from the existing studies include the types of signals used and
the metrics (sensitivity, specificity, and accuracy) shown in Table 2.1. From Table 2.1,
it can be found that many studies based on single one bio-signal have achieved good
results. The study (Ubeyli, Elif Derya, et al. [44]) constructs the classification system
based on EEG signals and holds high performance (sensitivity = 95.00%, specificity
= 97.50%, accuracy = 96.25%). It means that SaO,, airflow, abdominal, thoracic,
ECG, and EEG signals have obviously different bio-patterns between apnea events
and normal events. In addition, from Table 2.1, the studies based on multiple bio-
signals may be not able to provide good performance if they extracted some irrelevant
features. However, as mentioned in Chapter 1, sleep experts review different kinds of

bio-signals to diagnose apnea episodes. An automatic OSA detection system based on
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multiple bio-signals should be able to provide high performance. This system based
on multi-bio signals can also obtain results more stably. These studies extracted some
irrelevant features from different bio-signals and the features affected classification

performance. It is important to remove irrelevant features and select relevant features.

Table 2.1 Studies to automatically detect OSA based on bio-signals

Metrics(%)
Study Bio-signal Features Classification
Sen  Spe Acc
Marcos, J. Victor, et al. SaO, Non-linear Neural mnet- 89.80 79.40 85.50
[13] works
Otero, Abraham, et al. SaOs Threshold- Fuzzy set N/A N/A 90.00
[14] based
Gunes S et al. [15] Sa0q Multi-class f- Neural net- N/A N/A 84.14
score works
Fontenla-Romero, Oscar, Airflow Frequency Neural net- N/A N/A 83.78
et al. [18] works
Gutiérrez-Tobal, Gonzalo Airflow Frequency Regression 85.90 87.40 86.30
C., et al. [19]
Lee, Hyoki, et al. [20] Airflow Threshold- N/A 86.40 N/A 84.50
based
Gutiérrez-Tobal, G. C., et  Airflow Time, Fre- Regression N/A N/A 82.43
al. [21] quency,
non-linear
Gutiérrez-Tobal, Gonzalo Airflow Frequency, Adaboost 89.00 80.00 86.50
C., et al. [22] non-linear
Sezgin, Necmettin, and M. AB 4+ TH Frequency Neural net- N/A N/A 86.84
Emin Tagluk. [24] works
Lin, Yin-Yan, et al. [26] AB + TH Time, Fre- Support vec- N/A N/A 81.80
quency tor machine

Continued on next page
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Table 2.1 — continued
from previous page
Metrics(%)
Study Bio-signal Features Classification
Sen  Spe  Acc

Guijarro-Berdinas, et al. AB 4+ TH Frequency Neural net- N/A N/A 90.27
1] works
Mendez, Martin O., et al. ECG Time, Fre- Neural 85.00 86.00 88.00
[28] quency networks,

K-nearest

neighbor
Martinez-Vargas, Juan ECG Frequency K-nearest N/A N/A 80.00
David, et al. [29] neighbor
Hassan A R et al. [30] ECG Time, Fre- Bootstrap 84.14 86.83 85.97

quency aggregating

Hsu, Chien-Chang, and EEG Frequency Threshold- N/A N/A 88.00
Ping-Ta Shih. [40] based
Ubeyli E D et al. [41] EEG Frequency Neural mnet- 95.00 97.50 96.25

works
Tagluk, M. Emin, and EEG Frequency Neural net- N/A N/A 96.15
Necmettin Sezgin. [42] works
Liu, Derong, Zhongyu EEG Frequency Neural net- N/A N/A 91.00
Pang, and Stephen R. L- works
loyd. [43]
Ubeyli, Elif Derya, et al. EEG Frequency Support vec- 97.50 92.50 95.00
[44] tor machine
Al-Angari H M et al. [46)] AB + TH Non-linear Support vec- 69.90 91.40 82.40

+ ECG + tor machine
SaOsq

Cohen,  Gregory, and SaOs + Time, Fre- Linear dis- 58.10 67.00 66.70
Philip De Chazal. [47] ECG quency criminant

Continued on next page
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Table 2.1 — continued

from previous page

Metrics(%)
Study Bio-signal Features Classification
Sen  Spe  Acc

Maali, Yashar, and Adel Airflow Frequency Neural net- N/A N/A 86.60
Al-Jumaily. [48] AB + TH works
Gil, Eduardo, et al. [50] ECG + SaOy Time, Fre- Linear dis- 81.80 73.90 75.00

+ airflow + quency criminant

AB
Xie, Baile, and Hlaing ECG Time, Fre- AdaBoost 86.81 84.62 83.26
Minn. [51] Sa0, quency

Table 2.2 and Table 2.3 summarise a literature review on the OSA detection studies

using single one bio-signal or multi-bio signals. ECG, SaOs, airflow, EEG, chin EMG,

thoracic, and abdominal signals are widely used to diagnose OSA automatically. We

can see that the most used bio-signal is ECG signals.

Table 2.2 Summary of apneic event detection approaches using single one bio-signal

Source

Number of studies

Sample references

Sa02
Airflow
ECG
EEG
EMG
EOG
Ab+Th

19
13
52
13
6
1
7

[12], [13], [14], [15], [16]
[5], [18], [19], [20], [21], [22]
28], [29], [30], [31]
[40], [41], [42], [43], [44]
[53], [54], [55], [56], [57], [58]
[59]

[24], [24], [26], [27], [1]
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Table 2.3 Summary of apneic event detection approaches using multi-bio signals

Category Source

Multi- Sa0,+ECG, Sa0y+ECG+Ab+Th, Airflow+SaO,+ECG,
channel Airflow+SaO,+ECG+AD, Airflow+SaOs, EEGH+ECG,
respiratory EEGH+EMG,  Airflow+SaOs+Ab+Th, ECG+Airflow+SaO,,
signals EEG+EMG+EOGH+ECG

2.2 An Introduction to Statistical Analyses

To select the features with good discrimination, we use two statistical tests: the anal-

ysis of variance (ANOVA) and the rank-sum test.

2.2.1 An Introduction to Analysis of Variance

ANOVA can analyse differences between group means and associated labels. The error
(residual) sum of squares (SSE) is computed while the total sum of squares (SST) is

calculated. We obtain the group sum of squares (SSG) then

SSG = SST — SSE (2.1)

We next obtain group means and sum of squares errors by dividing by their re-
spective degrees of freedom, dfgroup and dferror. dfgroup = I-1 and we take the number
of groups to be I. df...., = n-I, such that n is the number of observations. Result-
ing means are defined as the group mean squared and mean squared errors, and are

defined by

SSG

MSG =
dfgroup

(2.2)
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SSE
MSE = 2.3
dferrm’ ( )
Finally, we obtain from these the F-ratio:
MSG
F=—-+— 2.4
MSE (24)

This ratio follows an Fi, ,, distribution, where vy = dfoup and vy = dferror. After

the F-ratio and its paired value in the F}, ., distribution are obtained, the p-value is

1,02

computed.

2.2.2 An Introduction to Rank-Sum Test

As for the rank-sum test statistical analysis, the aim is to confirm that the two groups
are independent. Two values are randomly-selected from the first group and the second
group, respectively, and these two values are compared. A random sample is selected
from each populations. Let n; and ny be the numbers of the two samples, respectively.
We rank the combined n; + ny observations in ascending order and substitute a range
of 1,2...to the ny; + ng observations. We assign conflicting observations with their

mean ranks.

1

= w, — 711(7112—#) (2.5)
1

W_W_%%;> (2.6)

where w; (i=1,2) indicates the sum of the ranks corresponding to n; observations.

Let u=min(uy,us) and u will be compared with the desired critical value. In this
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step, the exact probability distribution is determined, and then the Rank-sum test

also obtains the p-value by using the distribution and a statistical table.

2.3 A Brief Introduction to Machine Learning Al-

gorithms

2.3.1 Support Vector Machine

SVM is introduced by Vapnik [60] and is a classification method and regression analysis.
SVM is a binary classifier and in an N-dimensional space it constructs an optimal
separating hyperplane (OSH). The input vector is transformed via nonlinear mapping

into a K-dimensional space from the N-dimensional space.

A training data D={(z;,5;)}} constitutes of every training vector z;€R™ and the
matched label y;€(+1, -1). Every training vector z; is transformed via a nonlinear
mapping function z=@(x) and into a higher-dimension space F. Every vector weR"
is normal vector to the hyperplane, and the points z lie on the hyperplane, and margin
bias b is in R, and these parameters satisfy w-z-+b=0, while the input data satisfy
the equation y;(w-z+b)-1>1 Vi. The bias is computed by 2/|/w|. When the OSH
maximizes the bias to minimizes w?/2, the SVM constructs the optimal one. The

quadratic programming with Lagrange multipliers «; can solve a convex optimization

problem, and transformation into the following dual problem

L 1LL

W(a) = Z Q; — B Z Z QY Y5237 (2.7)

i=1j5=1

such that Zleai y; = 0 and a;>0.
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Table 2.4 List of kernel functions used in support vector machine models

Kernel parameter Mathematical formula
Linear K(xi,%;)=xX;,X;
Polynomial K(x1,%))=(xi,xj+1)¢ where d is the degree of polynomial
2
Radial basis function (RBF) K(x,x;)=¢ 7" 2

A kernel function K(.,.) can calculate the term z;z;, such that z;z; = @(z;)-@(z;)
= K(x;,%;). After confirming the optimal «, for the vector w, the optimum solution is

solved by

i=SVs
where SVs are the support vectors.

The output is computed using the following equation when the input vector is

ZUL'ERnI

y = f(z) =sgn(w-z+0b) = sgn( Z oy K (2, 1) + b) (2.9)
i=SVs

Selecting a kernel function K(z;,x;) affects the performance of the SVM in the
construction of the SVM. In this study, three kernels are evaluated. Table 2.4 shows

three commonly selected kernels and the required parameters.

2.3.2 Decision Tree Algorithm

Decision tree algorithm [61] is a method widely used in the classification area, and it is
a tree-like structure which represents the classification rules. The goal is to train a tree

based on input variables, and this tree is able to predict the targets of testing variables.
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D@3

Fig. 2.1 An example of decision tree (Source: matrix.squiz.net)

Decision tree contains a root as the starting node and leaves as the terminal nodes.
Leaves denote the labels or targets of variables. Internal (non-leaf) nodes represent
the attributes correlated to the objects being classified. Each branch represents each

possible value of the internal node, which it originates.

The basic idea of the decision tree algorithm is very simple. Fig. 2.1 shows an
example of a decision tree, and this decision tree is to classify one input vector into
one of the different results (R1, R2, R3, R4, R5). In this tree, all leaves take A,
B or C labels. At the root layer, the @1 attribute is evaluated. Depending on the
value (A4, B or C) of the input observation for this attribute, one of the branches in
this node is determined. This process is repeated for all internodes (shown in the

Q2 layer and the Q3 layer) until a label (R1, R2, R3, R4 or R5) is obtained to the
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input observation. Decision tree algorithm has several advantages. Firstly, a tree-like
structure is simple and easy to understand. Secondly, it does not need to know the

distribution of training data.

2.3.3 K-Nearest Neighbors Algorithm

The k-nearest neighbour algorithm (kNN) is a nonparametric, simple and intuitive
method [62], where identifies the classes of testing data based on the nearest training
data. The kNN algorithm needs to store all training data in the memory, compute
the similarity or the distance between the testing data and all training data, and then
assign the testing data into the class. In general, the kNN algorithm is followed these

step:
1. Compute the similarity or the distance between the input testing set and each
training set.

2. Sort the similarity or the distance and determine the k closest classes to the

input testing set.

3. Determine the class of the input testing set by using majority voting.

Many studies apply many ways to measure the similarity or the distance between
testing sets and training sets. The most widely used measures are the Euclidean

Distance and the Manhattan Distance methods. The Euclidean Distance is computed:

D(z,y) = (i_n: |25 — :]*) 2 (2.10)

The Manhattan Distance is calculated:
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In the progress of the kNN classification, it is one of the most crucial factors
to choose the appropriate k parameter. If the value of k is too small, there is the
overfitting problem. If the value of k is too larger, there is the underfitting problem.
In general, the value of k is between 3 and 10, which is able to overcome the overfitting
and underfitting problems. Calculating each classification error of each value of k, and

then confirming the value of k by selecting the least classification error.
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2.3.4 Artificial Neural Networks

An ANN is a generic nonlinear function classification method, and it is considered
a powerful method and used in the computer technology area. The fundamental
characteristic is a parallel-distributed memory, and it is a combination of basic knots,
called neurons. It is inspired by the biological neural system, and some methods
resemble the characteristics of the biological neural systems (learning or reacting) to
construct networks. An ANN schematic representation is shown in Fig. 2.2, and it is a
combination of one input layer, some hidden layers, and one output layer. Each input
vector is put into the input layer and then distributed to each neuron in the first hidden
level. Each neuron has its weight vector, and this weight vector is multiplied by the
input vector. Each knot sums the inputs, and a non-linear activation function is used
to transform the sum value. Finally, the output layer multiplies all output vectors
from the final hidden layer by the weights of the final output layer, and the final

predictions are obtained from the output layer by the summations and activations.

The j node (j = 1, 2, 3 ... n) in the hidden layer receives many input vectors
represented by p; (¢ = 1, 2, 3 ... m), shown in Fig. 2.2. Each input vector is
multiplied by a weight factor (wj;), where ¢ is the number of input vectors. b; is the
single bias of the j node. The result of each node is given by Equation 2.12 to perform
further calculations. Furthermore, in order to obtain outputs of this ANN, the o node
(o =1,2,3 ... k) in the output layer also receives many input vectors computed by
the hidden layer and represented by h;. Each input vector is multiplied by a weight
factor (vy). b, is the single bias of the o node in the output layer. Each output of the

ANN is computed by Equation 2.13.

m

hj = {1 (wips) — bj) (2.12)

i=1



2.3 A Brief Introduction to Machine Learning Algorithms 47

k

Yo = fQ(Z(Uojhj) — bo) (2.13)

i=1

Weight factors and bias values are adjustable variables of knots, and they are also
able to activate or inhibit knots. As for a weight factor, if it is positive, it will activate
the knot. If it is negative, it will inhibit the knot. As for a bias value, when it is
positive or larger, it will inhibit the knot. If it is negative or zero, it will activate
the knot. The transfer function is used to compute the output of the j knot, and the
output from the j knot is calculated by Equation 2.12. The most widely used transfer
functions are the step, linear, and sigmoid transformation functions. The step function
is simple (Equation 2.14). The output value is zero when the input value is less than
0, and the output value is one when the input value is greater than or equal to 0. The
step function is commonly used in the classification area. The linear function is able to
return any value since the output is computed by linear Equation 2.15. The sigmoid
transfer function is commonly used in multi-layers and backpropagation networks. It
outputs zero when the input value is very low, and the output value is one when the
input value is very high. The equation of the sigmoid function is shown in Equation

2.16.

0, =<0,
flx) = (2.14)
1, z>0
flx)=az+ (2.15)
1

fla) = (2.16)

1+e®



48 Literature Review

The number of hidden layers affects the performance of an ANN. Thus, in order
to design an appropriate network, one of the most critical tasks is to determine an
appropriate number of hidden layers. An ANN with too few hidden nodes only leads
to a linear estimate of the actual trend, and it would be incapable of differentiating
between complex tasks. On the other hand, the network leads to poor generalization
for untrained data, if this network has too many hidden layers since the noise in the
data make the network overfit the training data. In addition, as for the network
with too many hidden layers, the training period becomes time-consuming. Training
algorithms are also an essential part of designing a neural network. An appropriate
topology is able to hold better results, if a suitable training algorithm is used in an
ANN to help train data, and the better algorithm also helps shorten the training time
[63] [64].

2.3.5 Ensemble Algorithm

More research used ensemble systems as classifiers in several areas during the past
decade. The basic idea of ensemble learning is to train a set of individual classifiers
and then combine the predictions from these individual classifiers, instead of obtaining
a final prediction from a single trained classifier [65]. In general, ensemble systems
consist of two stages. In the first stage, a set of weak learners fit training data to
provide their predictions. In the second stage, the predictions obtained from weak
learners in the first stage are combined to provide a final label. Thus, a combination
of multiple classifiers can reduce variance and bias, and the results obtained are less
dependent on a single classifier. This integration of all good base learners contributes

to higher performance levels.
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The main motivation for combining individual classifiers is to improve their gener-
alization ability. When each classifier is trained on a limited dataset, it is known to
make errors with the assumption. Different classifiers make errors in different pattern-
s. Thus, a combination of multiple classifiers can obtain a better overall recognition

capability than the individual classifiers with limitations.

Three main reasons are illustrated to explain why ensemble systems are successful
in the machine learning area [66]. Firstly, to predict the training dataset, classifiers
usually find the best hypothesis by searching a hypothesis space. However, since the
training dataset is limited, a single classifier always is able to confirm many different
hypotheses in the space, and all of these hypotheses can fit the training dataset rea-
sonably well. The classifier can not confirm which hypothesis from these hypotheses is
better. Ensemble methods can help to obtain a good approximation of the unknown
true hypothesis. Secondly, classifiers minimize error functions by searching the mini-
mum, but they always get stuck in local optima. Ensemble algorithms can solve this
local optima problem since they minimize error functions by starting the local search
from multiple base learners. Thirdly, the unknown true hypothesis may not be in the
hypothesis space we are looking for. Ensemble systems can provide a representational
enlarged space which includes the unknown true function because of a combination of

several hypotheses from base learners.

2.3.5.1 Random Forest Algorithm

Random forest is a popular tree-like ensemble machine learning method [67]. It is a
highly adaptive method for datasets with a very larger number of attributes. Random
forest is also a robust method and less prone to generalization error and overfitting.

The random forest has the potential of real-time since its running time is short.
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Random forest is also a tree-bagging algorithm which is the combination of random
decision trees. Considering a training data (x;,y;) for i = 1, 2, ....; N, where x; is a
vector and y; is the matched label. The tree-bagging algorithm repeatedly selects a
bootstrap training set and then fits trees to these selected training sets. For a testing
set, the final classification label is obtained by the majority vote of these fitted trees.
Based on the basic idea of the tree-bagging algorithm, the random forest selects a
random subset of the features to split the node in the process of fitting trees. The
random forest selects this searching method instead of searching in the whole feature
set in order to reduce the correlation of the trees. In the progress of building trees, it
is one of the crucial tasks to determine the number of trees and the maximum number

of nodes in a tree.

2.3.5.2 Boosting Algorithm

To classify apnea events, boosting methods and the stacking method were used in
this thesis. The boosting method is based on an idea, and a combination of simple
classifiers can hold better performance than any of the simple classifiers alone [68].
With the same training data, a simple classifier (weak learner) is able to produce
labels with a probability of error strictly and slightly. Then, a strong learner is able
to arbitrarily minimize small error probability and predict labels more accurately by

combining weak learners (as illustrated in Fig. 2.3).

In the study, some boosting methods were used, including Gradient Boosting, Cat-
Boost from Yandex, Light Gradient Boosting (Light GBM) and XGBoost [69]. Classic
boosting methods minimize the errors by updating the weights of a training set, but
Gradient Boosting uses the mistake-residual error directly. CatBoost is a kind of gra-
dient boosting, and it is based on decision trees. “Cat” comes from “Categories” which

means CatBoost quickly handles categorical features for a large data set. Light GBM
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Fig. 2.3 The basic components of the boosting method

is also an algorithm based on a decision tree, and it fits data to split the tree leaf wise.
It can reduce the loss and improve accuracy, and this progress is based on the leaf-wise
method when growing on the same leaf. XGBoost is a decision-tree-based algorithm,
and it uses some methods to avoid overfitting, optimize the classic boosting algorith-
m and enhance performance, and these methods often include tree-pruning, parallel

processing, handling missing values and regularization.

2.3.5.3 Stacking Algorithm

Stacking is one of most widely used ensemble approach [70]. It combines predictions
of base classifiers (level-0) in a meta-level (level-1) classifier and a meta-level classifier
can correct the decisions of the base level and predict final labels as shown in Fig. 2.4.
For training the meta-level classifier, the k-fold cross-validation is used in training
data [71]. For forming a meta-instance, in each training fold, the decisions from base
classifiers combine with the gold standard. Then, a meta-level classifier is trained on

the meta-instances. When a new instance is waiting for classification, first, outputs of
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Fig. 2.4 The basic components of the stacking method

base learners are calculated, and then these outputs are put into the meta-classifier,

and final results are obtained.

2.4 Summary

In this chapter, previously accepted studies on automatic OSA detection with one
single bio-signals or multiple bio-signals are shown. It can be found that many studies
based on single one bio-signal have achieved good results (accuracies are more than
85%). The results mean that SaOs, airflow, abdominal, thoracic, ECG, and EEG
signals have obviously different bio-patterns between apnea events and normal events,
and they can be used for apnea detection. In addition, sleep experts review different
kinds of bio-signals to diagnose apnea episodes, not only rely on one kind of bio-signal.
An automatic OSA detection system based on multiple bio-signals is considered in

this work because multi-bio signals are more stable.

Secondly, two statistical analysis methods are given, and they are used in the

feature selection stage. Two methods do not require the numbers of two groups are
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the same. Even in patients with apnea, they breathe normally in most of the night.
Therefore, the situation in the real world is that most of the sleep minutes correspond
to normal breathing. Thus, the number of apnea events is much less than the number

of normal events, and both two analyses are considered to fit this study.

Finally, some single classifiers are shown, and their advantages and disadvantages
are discussed in this part. However, multiple bio-signals are used to provide multi-
domain features, and single classifiers are not able to solve multi-domain errors. To

improve performance, classifier combination methods are also shown in this part.






Chapter 3

Multi-Domain Feature Extraction

Methods

3.1 Introduction

During sleep, three basic respiratory disturbances are found. In these types, the most
common disorder is obstructive sleep apnea (OSA). The closure of the upper airway is
repeated and temporary, and it is defined as OSA in adults. OSA can cause a complete
breathing cessation and the cessation lasts greater than 10 seconds [72]. OSA should
be objectively assessed to treat it. The apnea/hypopnea index (AHI) can evaluate
OSA. To diagnose OSA, overnight polysomnography (PSG) is considered as the gold
standard. PSG monitors multiple bodily signals and records the comprehensive bio-
physiological changes during sleep. These biophysiological recordings include oxygen
saturation (SaOs), midsagittal jaw movement, breath airflow, respiratory events, body
position, snoring, electromyography (EMG), electroencephalography (EEG), electro-
cardiography (ECG), and electrooculography (EOG) [73]. A clinician must character-

ize pathological events and identify different parameters that are shown on the PSG
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to perform the diagnosis. The amount of data obtained is huge since the PSG records
the changes in the whole night. As a result, for physicians, it is time-consuming to
identify OSA. Therefore, there is a clear need for an automatic, low-cost detection for

the detection of apnea events, using highly accurate and easily accessible sensors.

In the progress of automatic detection shown in Fig. 1.13, feature extraction is one
of the most crucial steps. Feature extraction is applied to obtain significant features
that reflect bio-physiological criteria, and the features can provide good classification
performance. A literature review on these feature extraction methods has been in
Chapter 2. In order to obtain features with good discrimination, a few core signals
should be used. These core signals tend to be the most useful for the detection of
OSA. The sensors of these signals tend to be low-cost, easy to collect bio-physiological
changes and make the subject comfortable during sleep. Table 2.2 and Table 2.3
summarise a literature review on the OSA detection studies using single one bio-signal
or multi-bio signals in Chapter 2. In this thesis, to provide good performance, ECG,
Sa0,, airflow, EEG, chin EMG, thoracic, and abdominal signals are considered as the

fundamental signals employed to diagnose OSA automatically.

This chapter is organized as follows. The apneic bio-physiological patterns from
ECG, SaQ,, airflow, abdominal, and thoracic signals are shown in Section 3.2. The
detail methods of multi-domain feature extraction methods using EEG and chin EMG

signals are discussed in Section 3.3. A chapter summary is drawn in Section 3.4.
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3.2 Apneic Bio-Physiological Patterns and Feature

Extraction Methods

We extract features from ECG, SaQOs, airflow, abdominal, and thoracic signals, and
these bio-signals have obviously different bio-patterns between apnea episodes and
normal episodes. Time-domain, frequency-domain, and non-linear methods are used

in the thesis to obtain features based on different bio-patterns.

3.2.1 Apneic Patterns and Feature Extraction from SaO, Sig-

nals

There are many quantitative indices used to diagnose OSA. The most widely used
in SaO, include the cumulative time less than a value, a 90% decline from baseline
or the number of SaO, less than a value, a 3% decline from baseline. Sudden drops
in oximetry values continued with fast recoveries are characteristics of apnea. These
sudden drops and fast recoveries are shown in Fig. 3.1. It also can be found that there
is a typical saw-tooth morphology of the oximetry curve. Time-domain features are
correlated with these changes. In addition, apnea events happen in a pseudo periodic
pattern, and apnea events also lead to a modulation frequency change at the frequency
band, shown in Fig. 3.2. There is a dramatic decrease in the very-low-frequency band

in Fig. 3.2.

We obtained 12 kinds of features from SaO, signal. Preprocessing: Non-physiological
artifacts were considered as artifacts when the point-to-point difference was more than
8%, and the median value was calculated in the beginning 10 seconds to replace arti-

facts.
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Fig. 3.1 The oxygen saturation difference in time domain between one apnea event
and one normal event (the top wave is the oxygen saturation in the normal event and
the bottom wave is the oxygen saturation in the abnormal event)
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Fig. 3.2 The oxygen saturation difference in frequency domain between one apnea
event and one normal event (the top wave is the frequency wave of the normal event
and the bottom wave is the wave of the abnormal event)

Multi-domain features: In this study, the feature set includes the median of a
window (med), the maximum-to-minimum changes which are more than 2% (MM2),

kurtosis (kur), variance (var), minimum (min), mean (mean), the number of zero-cross
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Table 3.1 Multi-domain features from SaO, signals (The abbreviations are shown and
detail methods are shown in Section 3.2.1)

Feature Short description
med median of window
var variance of window
NumZC number of zero-cross in window
Bel98 time spent below the 98% maximum in window
Abo98 time spent above the 98% maximum in window
MM2 maximum-to-minimum changes more than 2% of window
min minimum of window
comp complexity of window
kur kurtosis of window
mean mean of window
SD; short-term variability of each window
mean_ PSDg 016/0.05 mean in 0.016 - 0.05Hz frequency band in window

in the window (NumZC), and complexity of a window (comp). Kurtosis can describe
the shape (tailedness) of a probability distribution of an SaOs window. Complexity
can describe the length of the shortest description in an SaO, window. The Poincare
SD; is computed, which shows the short-term variability of an SaO, window (SDy)
[74]. Two features which were the time spent below and above the 98% maximum

were obtained (Bel98 and Abo98) in an SaO, window.

Finally, the power spectral density (PSD) method was used to show the intensity
of desaturation events. The distribution of frequency power components is described
by PSD. The PSD method includes parametric methods and non-parametric method-
s. The advantage of parametric methods is higher accuracy, while the advantage of
non-parametric is less computational complexity. A 5th-order Yule-Walker autoregres-
sive estimate was used to obtain the mean of PSD in 0.016 - 0.05Hz frequency band

(meaanSDO.()lﬁ/o.og)) an S&OQ window.

In summary, the features extracted from SaO, signals are shown in Table 3.1.
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Fig. 3.3 The airflow difference in time domain between one apnea event and one normal
event (the top wave is the airflow signal in the normal event and the bottom wave is
the airflow signal in the abnormal event)

3.2.2 Apneic Patterns and Feature Extraction from Airflow

Signals

The apnea is defined as the closure of the upper airway, and the closure lasts at
least 10 seconds. The airflow signal swings up during exhalation and down during
inhalation. Fig. 3.3 demonstrates the time-domain difference of an airflow window
between the top normal event and the bottom apnea event. We can see in the top
normal event the airflow signal swings up and down, but the values of airflow signals
in the bottom apnea event are almost zero, which also lasts at least 10 seconds. In
addition, apneas are recorded when there are at least two missed breaths of length
[75], and this phenomenon is also shown in Fig. 3.3. As for the bio-physiological
criteria in frequency-domain, time-domain changes lead to the differences in the very-
low-frequency band and the high-frequency band, shown in Fig. 3.4. It can be found
that the curve in the bottom apnea event is higher than the curve in the top normal

event.
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Fig. 3.4 The airflow difference in frequency domain between one apnea event and one
normal event (the top wave is the frequency wave of the normal event and the bottom
wave is the wave of the abnormal event)

Airflow recordings provided eight features. Preprocessing: We obtained the median
of a 10-second window, and it was used to correct baseline. For noise removal, a 3rd-
order Butterworth low-pass filter was used, and the cut-off frequency was 3 Hz. Airflow

recording was re-sampled to 1 Hz.

Multi-domain features: Some statistical features included the mean (mean), the
median (med), the standard deviation (std) in each airflow window. On the other
hand, decreases and increases of airflow signals throughout the night are related to
the frequency domain. PSD and wavelet are used to explore differences of the spectral

information between the sleep apnea positive and negative groups in this study.

Wavelet transformation has advantages over classical Fourier transformation. Wavelet
transformation uses a multi-scale basis, and varying window size is used to analyst
non-stationary signals, and the size is narrow at high frequencies and broad at low fre-

quencies. The functions of scaling and wavelet are applied by wavelet transformation
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Table 3.2 Multi-domain features from airflow signals (The abbreviations are shown
and detail methods are shown in Section 3.2.2)

Feature Short description

mean mean in window

med median in window

std standard deviation in window

comp complexity in window

mean_ PSDg g4 mean in 0 - 0.1Hz frequency band in window

mean D1 mean of 1st detail coefficient level
mean_ D2 mean of 2nd detail coefficient level
mean_ D3 mean of 3rd detail coefficient level
mean_ A3 mean of approximation coefficient level

mean_PSDg4/05 mean in 0.4 - 0.5Hz frequency band in window

to decompose signals at approximate and detailed levels, and there is a correlation

between high-pass and low-pass filters and these functions.

In an airflow window, the Welch method used a segment length of 5 samples with
2.5 overlapped samples, and the mean within the frequency ranges of 0 - 0.1 Hz and
0.4 - 0.5 Hz was calculated (mean PSDg,; and mean PSDg4/05). The depth of
wavelet transformation was three, and Daubechies wavelets three was also used as the
mother wavelet. The wavelet decomposed an airflow window signal to obtain means
of one approximation level and three detail coefficient levels (mean_ D1 to mean_ A3).
Finally, there is a variable called complexity (comp). The measure of complexity is
related to drops and lengths of the drops in an airflow window, which is related with

the closure of the upper airway in apnea events.

In summary, the features extracted from airflow signals are shown in Table 3.2.
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Fig. 3.5 The abdominal difference in time domain between one apnea event and one
normal event (the top wave is the abdominal signal in the normal event and the bottom
wave is the abdominal signal in the abnormal event)

3.2.3 Apneic Patterns and Feature Extraction from Respira-

tory Signals

We used time-domain and frequency-domain methods to process abdominal and tho-
racic signals. For the work, we estimated the performance of abdominal and thoracic
signals. Fig. 3.5 shows the time-domain difference of an abdominal window between
the top normal event and the bottom apnea event and Fig. 3.6 shows the time-domain
difference of a thoracic window between the top normal event and the bottom apnea
event. A total closure of the upper airway is scored as the apnea, and it causes respira-
tory reductions or cessations. We can see the respiratory values in the bottom apnea
event are lower than the values in the top normal event in Fig. 3.5 and 3.6. Then,
to restore breathing, people increase respiratory efforts to improve their nocturnal
ventilation. Fig. 3.5 shows different fluctuation in the middle of the bottom apnea

event.
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Fig. 3.6 The thoracic difference in time domain between one apnea event and one
normal event (the top wave is the thoracic signal in the normal event and the bottom
wave is the thoracic signal in the abnormal event)

We used time-domain and frequency-domain methods in abdominal and thoracic
recordings. Six features are extracted from abdominal recordings, and six features are
extracted from thoracic recordings. Preprocessing: Firstly, for abdominal and thoracic
recordings, we used the median of a 60-second window to start baseline correction.
Then, the Butterworth filter was used to remove noise, and this third filter was a

pass-band with a range of 0.05 - 4 Hz.

Multi-domain features: The feature set included the summation and the standard
deviation of an absolute abdominal window (sum__abs and std__abs) and the mean of
an abdominal window (mean). According to time-domain changes, there is a difference
in the very-high-frequency band. Yule-Walker method and wavelet transformation are
used to extract frequency-domain features in an abdominal window. The segmentation
length of Yule-Walker method is 40 samples, and the mean of the 80 - 100Hz frequency
range (mean_PSDgg/100) is obtained. A wavelet is Daubechies 2 with the depth of 2,

and the mean of 1st and 2nd detail levels are computed (mean_ D1 and mean_D2).
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Table 3.3 Multi-domain features from abdominal signals (The abbreviations are shown
and detail methods are shown in Section 3.2.3)

Feature Short description
sum _abs summation of each absolute window
mean mean of each window
std _abs standard deviation of each absolute each window
mean_ PSDgy/190 mean of the 80 - 100Hz frequency range in each window
mean D1 mean of 1st detail level
mean D2 mean of 2nd detail level

Features in frequency-domain and time-domain are extracted from each thoracic
window. The feature set consists of the median, summation, mean, variance, and
standard deviation of each thoracic window (sum, med, std, mean, and var), and
the summation of the 80 - 100 Hz frequency band (sum_PSDgg/190) is computed by

Yule-Walker method in a thoracic window.

In summary, the features extracted from abdominal signals are shown in Table 3.3,

and the features extracted from thoracic signals are shown in Table 3.4.

Table 3.4 Multi-domain features from thoracic signals (The abbreviations are shown
and detail methods are shown in Section 3.2.3)

Feature Short description
sum summation of each window
med median of each window
var variance of each window
std standard deviation of each window
mean mean of each window

mean_ PSDgp/100  summation of the 80 - 100Hz frequency band in each window
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Fig. 3.7 The one-minute ECG signal (the top) and its QRS complex (the bottom)

ECG value

1 | 1 1
0 1000 2000 3000 4000 5000 6000

Sample points (6000 points = 60 seconds)

N
o

-

o

=}
T

RR interval value
8 8
T T

1 1 1 1 1 1
20 30 40 50 60 70 80

RR interval series from the top 6000-points ECG window

~
o

o

3

Fig. 3.8 The one-minute ECG signal (the top) and its RR interval series (the bottom)

3.2.4 Apneic Patterns and Feature Extraction from ECG Sig-
nals
The R-peaks are identified using the modified Pan-Tompkin algorithm. Here, a sym-

metric window of 120 ms is used to obtain all QRS (Q wave, R wave, S wave) around

the R-peaks, and Fig. 1.8 illustrates the definition of () wave, R wave, and S wave.
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Fig. 3.7 illustrates an one-minute ECG signal and its QRS complex. The heart rate,
known as the RR interval, is considered as the time difference of consecutive R peaks.
Fig. 3.8 illustrates an one-minute ECG signal and its RR interval series. Besides
RR interval series and the QRS complex, ECG-derived respiration (EDR) signals are
also derived from ECG signals, and the EDR method of Physionet is used in this the-
sis. EDR signals are able to reflect respiratory activities between the electrodes and
the heart since the electrodes are placed on the patient’s thorax, and the electrical

impedance changed during breathing is recorded.

Previous studies have stated that the heart rates of OSA patients are lower than the
heart rates of healthy people [76]. Based on the bio-physiological criteria, we extract
useful time-based features. Fig. 1.9 in Chapter 1 shows the ECG difference between
the apnea window and the normal window, and it can be found there are difference
in the R amplitude series and the RR interval series. Thus, from Fig. 3.9, the R
amplitude series of the apnea event (the bottom wave) has more fluctuations, and the
range of the values is also larger. As for the RR interval series shown in Fig. 3.10, the
RR intervals in the normal event (the top wave) illustrates pseudo periodic patterns
and provides larger values, while the RR intervals in the apnea event (the bottom
wave) show an increase. In addition, the motion of the thoracic cavity influences the
ECG signals, and respiratory muscles are activated during apnea [77]. Thus, in Fig.
3.11, the EDR signal in the bottom apnea window shows more fluctuations according

to active respiratory muscles.

The changes in the time-domain lead to the change in the frequency-domain. Ac-
cording to the changes of ECG signals, EDR signals, and RR interval series in time-
domain, it also can be found there are differences of ECG signals (Fig. 3.12), EDR
signals (Fig. 3.13), and RR interval series (Fig. 3.14) in frequency-domain. Fig. 3.12

shows ECG difference in the frequency domain between the top normal event and the
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Fig. 3.9 The R amplitude difference between one apnea event and one normal event
(the top wave is the normal R amplitude series and the bottom wave is the abnormal
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Fig. 3.10 The RR interval difference between one apnea event and one normal event
(the top wave is the normal RR interval series and the bottom wave is the abnormal
RR interval series)

bottom apnea event. There are larger fluctuations in the low-frequency band of the
top normal event, and the frequency values in the high-frequency band in the bottom

apnea event are lower than the values in the top normal event. Fig. 3.13 also illus-
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Fig. 3.11 The ECG derivation respiratory (EDR) difference between one apnea event
and one normal event (the top wave is the normal EDR signal and the bottom wave
is the abnormal EDR signal)

trates EDR difference in the frequency domain between the top normal event and the
bottom apnea event the low-frequency band. The different very-low-frequency band
are able to use in apnea classification. It also can be found that the difference in the
low-frequency band in Fig. 3.14 by comparing the frequency-domain difference in the
top normal event and the bottom apnea event. Frequency-domain features of the work

are obtained by wavelet transformation and PSD.

In this study, three kinds of feature extraction methods were used to obtain 32
features from the ECG signal. Preprocessing: Firstly, the 0.05 - 40 Hz band-pass
filter was applied to remove noise and take base-line correction, and the filter was 3rd
Butterworth. Then, the R-peaks were found by the modified Pan-Tompkins algorithm.
QRS signal was extracted by a symmetric window of 120 ms around the R-peaks. In
this work, we used the heart rate correction method from [78]. Finally, the EDR signal

was obtained from ECG recordings by the Physionet EDR method.
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Table 3.5 Multi-domain features from ECG signals (The abbreviations are shown and
detail methods are shown in Section 3.2.4)

Feature Short description

NN50_RR the later RR interval is more than the previous one by
more than 50 ms

SDSD_RR standard deviation of standard deviation of the RR in-
terval

tSD_RR standard deviation between the standard deviation at
adjacent 30-second windows

std_RR the standard deviation of RR interval

mean RR mean of each RR interval window

var variance in each window

kur kurtosis in each window

CV_EDR a ratio of the standard deviation to the mean of each
EDR window

SS spectral spread

SD spectral decrease

entropy_ D1 Shannon’s entropy in 1st detail coefficient level

entropy_ D2 Shannon’s entropy in 2nd detail coefficient level

entropy_ D3 Shannon’s entropy in 3rd detail coefficient level

entropy_ D4 Shannon’s entropy in 4th detail coefficient level

entropy__ D5 Shannon’s entropy in 5th detail coefficient level

entropy_ D6 Shannon’s entropy in 6th detail coefficient level

entropy D7 Shannon’s entropy in 7th detail coefficient level

var_ D1 variance in 1st detail coefficient level

var D2 variance in 2nd detail coefficient level

var D3 variance in 3rd detail coefficient level

var D4 variance in 4th detail coefficient level

var Db variance in 5th detail coefficient level

var D6 variance in 6th detail coefficient level

var D7 variance in 7th detail coefficient level

WSD_RR Wavelet spectral density in RR series

maxiPSD0_03/0_5
mean_PSD10/20
meaanSDgo/loo

SCrC_3_RR
SCrC_4 RR

max_dia kPCA
RP 2 PC

dominant frequency in 0.03 - 0.5Hz in each RR window
mean in 10 - 20Hz in each ECG window

mean in 80 - 100Hz in each ECG window

3rd serial correlation coefficient in each RR interval win-
dow

4th serial correlation coefficient in each RR interval win-
dow

maximum of the diagonal matrix of KPCA

relative power of the second principal component
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Fig. 3.12 The ECG difference in frequency domain between one apnea event and one
normal event (the top wave is the ECG frequency wave of the normal event and the
bottom wave is the wave of the abnormal event)
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Fig. 3.13 The EDR difference in frequency domain between one apnea event and one
normal event (the top wave is the EDR frequency wave of the normal event and the
bottom wave is the wave of the abnormal event)

Multi-domain features: First of all, we obtained features using time-domain meth-

ods in an ECG window. These features included the number of pairs of adjacent RR

intervals that the later RR interval was more than the previous one by more than 50
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Fig. 3.14 The RR interval difference in frequency domain between one apnea event
and one normal event (the top wave is the RR interval frequency wave of the normal
event and the bottom wave is the wave of the abnormal event)

ms (NN50_RR), the standard deviation of the standard deviation of the RR interval
(SDSD__RR), the standard deviation of the RR interval between the standard devi-
ation at the first 30 seconds and the one at the second 30 seconds (tSD__RR), the
standard deviation of RR interval (std_RR), variance and kurtosis of ECG windows

(var and kur), mean of heart rate (mean_RR), and a ratio of the standard deviation

to the mean of EDR signal (CV__EDR).

Second, in an ECG window, we use PSD and wavelet to extract frequency-domain
features. We extracted spectral features such as spectral spread (SS) and spectral
decrease (SD). Wavelet transformation was used with a Symlet wavelet with order
three, and the level number was 7. Shannon’s entropy (entropy D1 to entropy D7)
and variance (var D1 to var_ D7) were computed using seven detail coefficient levels.
Wavelet spectral density (WSD) was used to analyze the heart rate (WSD__RR). PSD
was used to process RR interval and ECG signal. From RR interval, the dominant

frequency was found in the 0.03 - 0.5 Hz frequency range (max_ PSDg3/05). From
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ECG signal, we extracted the mean of PSD in 10 - 20Hz and 80 - 100Hz respectively

(meaanSDlo/go and meaanSDgo/loo) .

Finally, two serial correlation coefficients were extracted from RR interval (SCr-
C_3_RR to SCrC_4_RR) in an ECG window. The serial correlation method can
measure the correlation of an ECG window signal with a delayed copy of itself as a func-
tion of delay. Here, the kernel principal component analysis (KPCA) was employed in
QRS recordings and the maximum of the diagonal matrix of KPCA (max_dia_ kPCA)
and the relative power of the second principal component (RP_ 2 PC) were calculated
in an ECG window. In summary, the features extracted from ECG signals are shown

in Table 3.5.

In the thesis, time-domain, frequency-domain, and non-linear analyses feature ex-
traction methods are applied to extract 66 features from SaQOs, airflow, abdominal,
thoracic, and ECG signals. The features are shown in Table 3.6. No.1 - No.12 fea-
tures are extracted from SaO, signals, No.13 - No.22 features are extracted from airflow
signals, No.23 - No.28 features are extracted from abdominal signals, No.29 - No.34
features are extracted from thoracic signals, and features No.35 - No.66 are extracted

from ECG signals.

Table 3.6 Features extracted from SaQOs, airflow, abdominal signal, thoracic signal,
and ECG signals (No.1 - No.12 from SaO, signals, No.13 - No.22 from airflow signals,
No.23 - No.28 from abdominal signals, No.29 - No.34 from thoracic signals, and feature
No.35 - No.66 from ECG signals, four dashed lines divided the table into five parts
according to different kinds of signals)

Feature Short description

1.med median of window

2.MM2 maximum-to-minimum changes more than 2% of win-
dow

Continued on next page
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Table 3.6 — contin-

ued from previous

page
Feature Short description

3.kur kurtosis of window

4.var variance of window

5.min minimum of window

6.mean mean of window

7.NumZC number of zero-cross in window

8.comp complexity of window

9.5D; short-term variability of each window

10.Bel98 time spent below the 98% maximum in window
11.Abo98 time spent above the 98% maximum in window

12.mean_ PSDg.016/0.05

13.mean

14.med

15.std

16.mean_ PSDg g1
17.mean_ PSDg 4/0.5
18.mean_ D1
19.mean_ D2
20.mean D3
21.mean A3

23.sum_ abs

mean in 0.016 - 0.05Hz frequency band in window

mean in window

median in window

standard deviation in window

mean in 0 - 0.1Hz frequency band in window
mean in 0.4 - 0.5Hz frequency band in window
mean of 1st detail coefficient level

mean of 2nd detail coefficient level

mean of 3rd detail coefficient level

mean of approximation coefficient level

complexity in window

summation of each absolute window

Continued on next page
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Table 3.6 — contin-

ued from previous

page
Feature Short description
24 .std_abs standard deviation of each absolute each window
25.mean mean of each window
26.mean_ PSDgg /100 mean of the 80 - 100Hz frequency range in each window
27.mean D2 mean of 2nd detail level
28 mean D1 mean of 1st detail level
‘%sum  summation of each window
30.med median of each window
31.std standard deviation of each window
32.mean mean of each window
33.var variance of each window
34.sum_ PSDgg;100 summation of the 80 - 100Hz frequency band in each
window
35NN50_RR the later RR interval is more than the previous one by
more than 50 ms
36.SDSD_RR standard deviation of standard deviation of the RR in-
terval
37.tSD_RR standard deviation between the standard deviation at
adjacent 30-second windows
38.std__RR the standard deviation of RR interval
39.var variance in each window

Continued on next page
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Table 3.6 — contin-

ued from previous

page

Feature Short description

40.kur kurtosis in each window

41.mean_RR mean of each RR interval window

42.CV_EDR a ratio of the standard deviation to the mean of each
EDR window

43.5S spectral spread

44.5D spectral decrease

45.entropy_ D1
46.entropy_ D2
47.entropy_ D3
48.entropy_ D4
49.entropy_ D)
50.entropy_ D6
51.entropy_ D7
52.var D1
53.var D2
54.var D3
55.var D4
56.var D5
57.var D6
58.var D7
59.WSD_ RR

Shannon’s entropy in 1st detail coefficient level
Shannon’s entropy in 2nd detail coefficient level
Shannon’s entropy in 3rd detail coefficient level
Shannon’s entropy in 4th detail coefficient level
Shannon’s entropy in 5th detail coefficient level
Shannon’s entropy in 6th detail coefficient level
Shannon’s entropy in 7th detail coefficient level
variance in 1st detail coefficient level
variance in 2nd detail coefficient level
variance in 3rd detail coefficient level
variance in 4th detail coefficient level
variance in Hth detail coefficient level
variance in 6th detail coefficient level
variance in 7th detail coefficient level

Wavelet spectral density in RR series

Continued on next page
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Table 3.6 — contin-

ued from previous

page

Feature

Short description

60.H1aX7PSD0.03/0‘5
61.mean_ PSDg/90

62.meaH7PSD80/100
63.5CrC_3_RR

64.5CrC_4 RR

65.max dia kPCA
66.RP 2 PC

dominant frequency in 0.03 - 0.5Hz in each RR window
mean in 10 - 20Hz in each ECG window

mean in 80 - 100Hz in each ECG window

3rd serial correlation coefficient in each RR interval win-
dow

4th serial correlation coefficient in each RR interval win-
dow

maximum of the diagonal matrix of KPCA

relative power of the second principal component

3.3 Feature Extraction Methods on Another Bio-

Signals

SaQ,, airflow, abdominal, thoracic, and ECG signals provide 66 features. Table 2.2 and

Table 2.3 demonstrates ECG, SaO,, airflow, EEG, chin EMG, thoracic, and abdominal

signals are widely used to automatically detect OSA. Thus, EEG and chin EMG

signals are used to provide other features. The aim of this thesis is to develop an

automatic, low-cost detection for the doctors’ diagnosis of apnea events, using highly

accurate and easily accessible sensors. Although the literature review in Section 2.1.5
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illustrates EEG signals are able to hold a good performance, EEG signals are always
bad quality, and there is noise in EEG signals. The EEG Headset also makes the
subject uncomfortable. In addition, Table 2.2 and Table 2.3 show a literature review
on the OSA detection studies using single one bio-signal or multi-bio signals, and only
a few studies use the chin EMG signal since chin EMG values are small, which leads
to the changes in apnea events are not obvious. Thus, in this thesis, SaO,, airflow,

abdominal, thoracic, and ECG signals are used to provide multi-domain features.

In section 3.3.1 and 3.3.2, a brief explanation of feature extraction from EEG and
chin EMG signals are introduced which gives some ideas when researchers adapt these

signals for OSA detection in future.

3.3.1 Multi-Domain Features from EEG Signals

From EEG signals, we obtain features from the time-domain and frequency-domain.
It has been shown that a decrease in § wave (1-4Hz) is accompanied by an increase
in 0 wave (4-8Hz) and a wave (8-13Hz) [79]. We utilized wavelet transformation to
decompose each EEG window and obtain approximated J wave, # wave and o wave.
In an EEG window, we used level-8 wavelet transformation and Daubechies wavelets
2. Since the sample rate is 200 Hz, D8 and D7 (0.78125 - 3.125Hz) were considered
as the 6 wave, D6 (3.125 - 6.25Hz) was considered as 6 wave and D5 (6.25 - 12.5Hz)
was considered as the a wave. The A9 wavelet coefficient was removed, and a band-
pass filter with cut-off frequencies of 0.5 - 45 Hz was applied to remove noise. The
EEG feature set included: mean of absolute value, maximum, minimum, standard
deviations and variance of EEG windows of § wave, # wave and a wave. In summary,

the features extracted from EEG signals are shown in Table 3.7.
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Table 3.7 Features extracted from EEG signals (The abbreviations are shown and
detail methods are shown in Section 3.3.1)

Feature Short description
mean mean of each absolute EEG window
std standard deviation of each EEG window
max maximum of each EEG window
var variance of each EEG window
min minimum of each EEG window
std ¢ standard deviation of each & wave
max_ 0 maximum of each § wave
std « standard deviation of each o wave
max_ « maximum of each a wave
std 6 standard deviation of each 8 wave
max_ 0 maximum of each 6 wave
var_ 0 variance of each § wave
min_ 4 minimum of each § wave
var o variance of each o wave
min « minimum of each o wave
var_ 0 variance of each 8 wave
min 6 minimum of each 6 wave

3.3.2 Multi-Domain Features from Chin EMG Signals

In the part, we obtain time-domain and frequency-domain features from chin EMG
signals. There are bursts of EMG activity in apnea periods [58], which cause changes
in the frequency domain. In addition, bursts result in saw-tooth morphology, which
causes higher values in the low-frequency band. More chin activity causes an increase
in the high-frequency band. In a chin EMG window, power spectrum density of the
EMG signal was first obtained, and then the maximum, mean, summation and median
for each window were calculated. More specifically, the frequency associated with the
maximum value (freq - max of PSD) and the summation within 80 - 100Hz (sum of
PSDgoj100) were obtained. The decomposition of a window was performed using the

wavelet transform, and for this work, it was determined to include the variance and
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Fig. 3.15 Example of ECG, EMG, thoracic, and abdominal signals from the DREAMS
dataset

standard deviation of D1 in the feature set. In summary, the features extracted from

chin EMG signals are shown in Table 3.8.

Table 3.8 Features extracted from EMG signals (The abbreviations are shown and
detail methods are shown in Section 3.3.2)

Feature Short description

max_ PSD maximum of each EMG PSD window

freq.max_ PSD the frequency associated with the maximum value of
each EMG PSD window

mean PSD mean of each EMG PSD window

sum_PSD summation of each EMG PSD window

med_PSD median of each EMG PSD window

sum_ PSDgg/100 summation within 80 - 100Hz band

var D1 variance in 1st detail coefficient level

std D1 standard deviation in 1st detail coefficient level
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3.3.3 Experiments and Results

The DREAMS dataset is used to evaluate time-domain and frequency-domain features
from EEG and chin EMG signals. The DREAMS Apnea Database consists of 12 PSG
signals. Each recording consists of ECG, airflow, SaO,, EEG, chin EMG, abdominal,
and thoracic signals (shown in Fig. 3.15 and 3.16), and lasts for approximately 9 hours.
The PSG data are recorded at 200 Hz sampling frequency. These data recordings are
annotated based on the respiratory events by an expert. Each signal is divided into
10-second windows since this duration is the minimum obstruction duration to detect
an OSA. Finally, we obtain 17 kinds of EEG features and eight kinds of chin EMG
features in the DREAMS dataset.

3.4 Summary

In this chapter, time-domain, frequency-domain, and non-linear analyses feature ex-

traction methods are proposed, and ECG, SaQO,, airflow, EEG, chin EMG, thoracic,

50

w' P\ W‘.’M/.l"r"ﬂ(”l N;!“M il “\ﬂ. b w ‘M MW Mu{l‘.\\l«)f"h{wwuf \[ Y ”JWMU’“ MV i ’l “h.j\?ﬂ W ‘WW“'\(‘ il \],W{‘WMl"

0 1000 2000 3000 4000 5000 6000

-50

[®) turati
100 xygen s‘a uration

99 |- \ =

ol \ i

1 1 1 1
97
0 1000 2000 3000 4000 5000 6000

Alrflow

Oﬁw\’\ﬁvb—«,\\ N_\//\/W
-200 — \)

400 ! ! ! ! !
0 1000 2000 3000 4000 5000 6000

Fig. 3.16 Example of EEG, SaO,, and airflow signals from the DREAMS dataset
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and abdominal signals are used to provide multi-domain features. Features are related
to apneic bio-physiological criteria, and they are known to be able to provide good
classification performance. ECG signals of OSA patients show distinct patterns in RR
intervals, and ECG signals are influenced by the motion of the thoracic cavity. In
EEG signals, a decrease in § wave is accompanied by an increase in 6 and o waves.
There are bursts of chin EMG activity in apnea events. Sudden downturns and relative
sudden recoveries in SaQO, signals are linked to apnea. There is a decrease in airflow
signals, and two missed breaths mean the recurrence of these apnea events is every
two normal breaths at most. During apnea periods, the respiratory muscles become

active to restore breathing.

The main aim of this thesis is to construct a clear need for an automatic, low-
cost detection for the doctors’ diagnosis of apnea events, using highly accurate and
easily accessible sensors. In order to achieve this aim, the first step is to select highly
accurate, easily accessible, and more stable bio-signals. ECG, SaO,, airflow, thoracic,
and abdominal signals are obtained, and 66 kinds of time-domain, frequency-domain,
and non-linear analyses features are obtained (shown in Table 3.6). 17 kinds of EEG
features (shown in Table 3.7) and 8 kinds of chin EMG features (shown in Table
3.8). However, according to the requirements of highly accurate and easily accessible

sensors, EEG and chin EMG signals are not selected to provide multi-domain features.



Chapter 4

Feature Selection Method

4.1 Introduction

A total of features increases the training time of classifier, as time is wasted in pro-
cessing redundant or potentially detrimental features, which limits real-time detection
applications. Also, the total number of features influence the high classification ac-
curacy of the classification algorithm. Thus, before the classification stage, feature
selection plays an important role. Feature selection can also prevent overfitting of
training and reducing computational load as it requires less signal processing. A small
subset of data is obtained by feature selection, and the subset has high-discriminatory
power, which maintains performance and shortens the training process time. For the
latter feature subset, which provides the most information for discriminating between
two classes, we propose a two-stage procedure (Stage 1: the statistical analysis stage
and Stage 2: the final feature subset selection stage using machine learning methods).
In Stage 1, the two statistical analysis is used to filter out redundant features and se-
lect the features with good information. Then, in Stage 2, machine learning methods

are used to further validate the features from Stage 1 and show only the most im-
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portant features. The Sleep Heart Health Study (SHHS) is used to provide different
bio-signals. The dataset was composed of 6441 people over than 40 years old. Each
person has two events, one for normal and the other for apnea. Even in patients with

apnea, they breathe normally in most of the night.

The novelty of the proposed feature selection method is as follows: 1. Two different
statistical methods are used to remove relevant features. One kind of feature needs
to meet the requirements of both methods and then is put into the feature subset.
2. Only relying on statistical methods is not adequate to select the features with the
most powerful information. To achieve this aim, we use machine learning methods
and different kernels and parameters are included. One of the feature subsets which

has the most stable performance is considered as the final feature subset.

This chapter is organized as follows. The two-stage feature selection is discussed
in Section 4.2. The detail methods of experiments and results are discussed in Section

4.3. A chapter summary is drawn in Section 4.4.

4.2 Two-Stage Feature Selection Method

The total features increase the processing time since classifiers waste time to process
redundant features. Classifiers are not unable to hold better performance because
of these redundant features. Hence, a feature selection is used to remove redundant
features before a classification stage, and it prevents over-fitting and reduces compu-

tational load.

For the feature selection, we use a two-stage procedure: Stage 1: the statistical
analysis stage and Stage 2: the final feature subset selection stage using machine
learning methods, shown in Fig. 4.1. In the first stage, according to the statistical

performance of different features, redundant features are removed from the feature set
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and other features are put into different classes [21] [80] [50] [81]. Then, we evaluate
the performance of different feature classes with a trained support vector machine
(SVM) model. In this case, the hill-climbing method, and k-fold cross-validation are
used. In this step, %k is equal to 5. The feature set is reduced and the best feature
class with good performance is selected via compared of sensitivity, specificity and

accuracy.

4.2.1 Statistics Analysis

To determine the significance of each feature, ANOVA and rank-sum test are used.
ANOVA [80] [82] can analyse differences between group means and associated labels
by calculating SSE, SST, SSG, MSG, MSE, and F-ratio. Then p-value is computed.
In the rank-sum test [81] [83], the aim is to confirm that the two groups are indepen-
dent. Two values are randomly selected from the first group and the second group,
respectively and these two values are compared. The rank-sum test also obtains the

p-value.

The flowchart of calculating the importance of each feature using statistical analysis
methods is shown in Fig. 4.2. At the beginning of the statistical analysis stage, we
set a parameter, N, for each feature, which means the importance level of each feature
and N is equal to zero. In Fig. 4.2, the first derived feature from the first patient
is analysed by the ANOVA, and the rank-sum test method and a pair of p-values is
obtained. Here, we use a simple threshold (p-value of ANOVA < 0.05) to determine the
feature is positive. This threshold indicated this kind of feature is differently significant
between apnea and normal groups in one patient. Similarly, in the rank-sum test, there
is a simple value (p-value = 1) to determine the positive or negative feature in this

patient. If the feature from the first patient is determined as the positive feature by
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66 features

Statistical Analysis Stage

The two-stage
procedure

Final Feature Subset Selection Stage

Final Feature Subset

Fig. 4.1 Two-stage feature selection procedure, including Stage 1: the statistical anal-
ysis stage and Stage 2: the final feature subset selection stage using machine learning
methods

both the ANOVA and the rank-sum test, this feature is considered to be significant
between apnea events and normal events in the first patient, and N plus one in this
iteration and the result will be considered as the N of the next iteration, which means
N is changed with the iteration progress. On the other hand, if one of the p-values
from the feature from the first patient is negative, the feature is not considered to be

significant between apnea events and normal events in the first patient. Then, the
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feature from the next patient is taken by the ANOVA and the rank-sum test method
and a pair of p-values is obtained. This process is repeated until all patients’ PSG
signals are used to provide all pairs of p-values for the feature. Finally, as for the first
derived feature, N is obtained and considered as the importance of the feature. In
the next iteration, the next derived feature from the first patient is analysed by the
ANOVA and the rank-sum test method and a pair of p-values is obtained. Finally, the
importance (N) of the next derived feature is obtained. After all features are analyses

by the ANOVA and the rank-sum test, the importance list of all features is obtained.

Using the importance list, features is found to be with good discrimination between
two groups and selected into the feature subset. We set the Agature as the number of
the importance for each feature, and the maximum value of Agature is equal to the
number of processed patients’ PSG signals. In this study, for selecting useful features,
we set a threshold, which is equal to the half of the processed PSG signals. One feature
is put into the selected subset if its Afeature is more than the threshold. The feature
subset is put into the second stage to determine the final feature subset using machine

learning methods.

4.2.2 Support Vector Machine Selection

To confirm the best feature subset, SVM is used to select the best classes with the most
relevant information in separating apnea and normal and the hill-climbing algorithm is
also used. SVM is introduced by Vapnik [60] and a classification method and regression
analysis. It is a binary classifier, and in an N-dimensional space, it constructs an
optimal separating hyperplane (OSH). The input vector is transformed via nonlinear

mapping into a K-dimensional space from the N-dimensional space.
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Fig. 4.2 The flowchart of calculating the importance level of each feature
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Selecting a kernel function K(z;z;) affects the performance of the SVM in the
construction stage. In this study, we evaluate three kernels and select the best one.
Three kernels include Linear, Polynomial and Radial basis function (RBF), shown
in Table 2.4. To select the best performance of three kernel functions, we use three
indexes, accuracy, sensitivity and specificity and three measures to calculate the results

of the SVM. The final feature subset is determined by comparing three indexes.

TP
TN
TP+ TN
accuracy = P::——N (4.3)

where F'N is the false negative, and TN is the true negative, and N is the condition
negative, and FP is the false positive, and TP is the true positive, and P is the

condition positive.

The hill-climbing algorithm is used, shown in Fig. 4.3. Initially, the features in the
top class are fed into SVM models, and performance is recorded in this iteration. Then
the features in the next class are added to put into SVM models, and performance in
the second iteration is recorded. The process is repeated until all classes are added,

and all performance in iterations is recorded.
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Fig. 4.4 One apnea event duration in SaO, signal, and the duration is between the
apnea start line and the apnea end line

4.3 Experiments, Results, and Discussion

4.3.1 Collection of Sleep Studies

To construct our apnea classification system, we used the Sleep Heart Health Study
(SHHS) provided by the National Heart Lung & Blood Institute. The dataset was
composed of 6441 people over than 40 years old. The dataset consisted of respiration
events, airflow, finger-tip pulse oximetry, ambient light, heart rate, ECG and body
position. Two respiration events were abdominal and thoracic signals with 10 Hz.
Pulse oximetry was at 1 Hz, while airflow was sampled at 10 Hz. ECG was at 125
Hz, and heart rate (RR intervals) with 1 Hz was derived from the ECG. Respiratory
events were labelled by a human expert, and the sleep physiologist also labelled the
event duration for each event, as shown in Fig. 4.4. In this study, ECG, abdominal,
thoracic, airflow signals, and SaO, signals were used. One example of a PSG signal is

shown in Fig. 4.5. In the next section, feature extraction methods are shown.
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Fig. 4.5 Example of PSG including ECG, abdominal and thoracic signals, airflow and
oxygen saturation signals

4.3.2 Feature Extraction Experiments and Results

We obtain 66 kinds of multi-domain features in the SHHS dataset using different
feature extraction methods shown in Chapter 3. Nos. 1 - 12 feature are extracted
from SaQ, signals, and Nos. 13 - 22 features are extracted from airflow signals and
Nos. 23 - 28 features are extracted from abdominal signals, and Nos. 29 - 34 features

are extracted from thoracic signals and Nos. 35 - 66 features are extracted from ECG

signals (Table 3.6).

4.3.3 Feature Selection Experiments and Results

Table 4.1 shows the Agature Of each feature. At the beginning of the statistical analysis
stage, we set a parameter, N, for each feature, which means the importance level of
each feature and N is equal to zero. The first feature is median (med) from SaO,
signals. To obtain the Agature Of the med feature, first, the med results from the first

patient is analysed by the ANOVA and the rank-sum test, and a pair of p-values
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is obtained. If the med feature from the first patient is confirmed as the positive
feature by both the ANOVA and the rank-sum test, the med feature is considered to
be significant between apnea events and normal events in the first patient, and the N
of this feature plus one in this iteration and the result will be considered as the N of
this feature in the next iteration, which means the N of this feature is changed with
the iteration progress. Then, the med feature from all patients is analysed, and all
pairs of p-values are obtained. Finally, as for the med feature from SaO, signals, N is
obtained and equal to 581, which means 581 pairs of No. 1 feature (med) are positive.

The Ageature Of the med feature from SaOs signals is equal to 581.

In Table 4.1, Afeature Of feature No.10 is 1,509, which means that 1,509 pairs of the
feature No.10 are positive. Similarly, Ageature Of feature No. 2 = 748, which means that
this feature has been identified as a positive feature for 748 patients. In this study,
1,574 patients’ PSG signals are employed to derive features. To select useful features,
we set a threshold, which is equal to 787 (the half of the processed PSG signals). If
the Aeature Of a feature is > 787, this feature is put into the selected feature set and
highlighted with an asterisk (*) in Table 4.1. Finally, 19 features are selected based on
Afeature Deing > 787. The aim of this stage is to discard noisy and irrelevant features

and reduce the computational load of the algorithm.

To determine the final feature subset, the SVM algorithm was used. We put
selected features into 4 classes {Class A, B, C, D} by comparing Aeature Of 19 selected
features. The classes were based on the distribution of these features. Firstly, we
easily detected Class D, which included five features, since there was a large distance
between feature No.8 (Afeature = 1215) and feature No.6 (Afeature = 1414). Other classes
also need to include five or four features since the number of the selected features is
19. Based on this criteria, Class A had five features, and Class B had five features,

and Class C had four features (as shown in Table 4.2), and Class {Class A, B, C, D}
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Table 4.1 Feature selection results in the experiment with duration using statistics
analysis in the SHHS dataset (No.1 - No.12 from oxygen saturation signals, No.13 -
No.22 from airflow signals, No.23 - No.28 from abdominal signals, No.29 - No.34 from
thoracic signals, feature No.35 - No.66 from ECG signals, four dashed lines divided
the table into five parts according to different kinds of signals)

Feature Afoature Feature A feature

1.med 581 34.sum_ PSDgg/100 341
2.MM2 748 35* NN50 RR 1432

3.kur 651 36.SDSD RR 351

4.var 582 37.tSD_RR 563

5.min 661 38.std RR 330
6*.mean 1414 39.var 678

7* NumZC 997 40 .kur 671
8*.comp 1215 41.mean RR 637

9.SD; 774 42.CV_EDR 168
10*.Bel98 1509 43*.SS 1477
11*.Abo98 831 44*.SD 1178
12*.meanﬁPSD0_016/o_05 1565 45*.entr0py7D1 1497
13.mean 136 46* entropy D2 1505
14.med 149 47*.entropy_ D3 1522

15.std 167 48* entropy D4 1529
16.mean_ PSDg /0.1 427 49* entropy D5 1527
17.mean_ PSDg4/0.5 417 50*.entropy_ D6 1529
18 mean_ D1 12 51%.entropy D7 1497
19.mean D2 17 H2.var D1 606
20.mean D3 18 H3.var D2 645
21.mean A3 131 54.var D3 668
22.comp 635 55.var_ D4 700

"""""" 23%sum_abs 1475 56.var D5 660
24 .std _ abs 474 57.var D6 626
25.mean 590 H&.var DT 610
26*.mean_ PSDgg/100 947 59.WSD_ RR 350
27.mean7D2 31 60.1’11&X7PSD0.03/0_5 352
28.mean_ D1 26 61.mean_ PSDyg/90 711
""""""""" 29sum 23 62.mean PSDgy/100 586
30.med 446 63.5CrC_3 RR 392
31.std 428 64.5CrC_4 RR 336
32.mean 16 65% max dia kPCA 1526

33.var 363 66.RP_2 PC 258
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Table 4.2 Feature classes via the distribution of Afeature

Class A Class B Class C Class D

Feature No. 1 cos 1574 1491-1525 13011490 787-1300
Sa0, 12 10 6 7811
Airflow
Abdominal 23 26
Thoracic
ECG 48 49 50 65 45 46 47 51 3543 44

were employed in the hill-climbing method. Features in Class A had larger a Afature
values, and they were highly correlated with the difference between apnea and normal
events. The hill-climbing algorithm was used to confirm the best feature subset among
these classes. We considered different kernels with different parameters since kernels
affected the performance of the SVM algorithm. In this study, we evaluated linear
(R), polynomial (R and d) and RBF (R and o).

In this experiment, the data was obtained after the under-sampled balance method
and removed outliers. Even in patients with apnea, most of the night, they are breath-
ing normally. Therefore, the situation is that most of the sleep minutes correspond
to normal breathing. The aim of this study is to improve the identification of apnea
events (the rare minority group). Machine learning methods tend to produce unsatis-
factory classifiers when facing this imbalanced database because they have a bias to
the normal group (the majority group). They tend only to predict normal events. The
features of the apnea events (the minority class) are treated as noise and often ignored.
Thus, in this study, the aim of using the under-sampling method is to increase the
frequency of minority and decrease the frequency of the majority class. Both apnea

and normal events are considered as useful events, not noise.

The total 66 kinds of features were put into SVM models with different kernels, and
parameters and the performance of total 66 features was considered as the standard.

The 5-fold cross-validation method was used in this step. For example, in the first
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fold, the features from No. 1 - No. 1560 (1/5 * 1574) patients were considered the
training set, while the features No. 1561 - No. 1574 patients were considered as
the testing set. Then, the performance of the first fold was recorded. Finally, we
compared sensitivity, specificity, and accuracy to confirm the best feature subset, and
all performance was shown in Table 4.3. The performance was bold if its accuracy
was more than 70%. From Table 4.3, under all features, the performance of the SVM
(RBF, 0 = 25, R = 0.2) with all kinds of features consisted of sensitivity (92.26%)
and specificity (63.75%), and this performance was considered as the standard and
compared with the performance of other kernels with parameters. For the stability
purpose, we saw that Class ABC and Class ABCD were better than Class A, Class
AB, and all features. From Table 4.3, Class ABCD was more stable than Class ABC,
but Class ABC held the best accuracy (79.06%). Thus, the AUC was used to evaluate
Class ABC and Class ABCD. A comparison of AUC under different feature subsets
was appreciated in Table 4.4. The AUC of Class ABCD was better than the AUC
of Class ABC, and it can be found that Class ABCD had better effectiveness and
robustness, and Class ABCD was considered as the feature subset. In the final feature
subset, Feature No. 6, 7, 8, 10, 11, 12 were from SaO, signals, and Feature No. 23,
26 were from abdominal signals, and Feature No. 35, 43, 44, 45, 46, 47, 48, 49, 50, 52,

65 were from ECG signals.

4.3.4 Discussion

We attained the Class ABCD was the feature subset with high discrimination, includ-
ing 19 features. The most widely used index to diagnose OSA is that oximetry value
is less than a certain threshold or the cumulative time spent below a threshold. In
oximetry values, sudden downturns and recoveries affect the frequency band. No. 12

is the mean of PSD within the 0.016 - 0.05Hz frequency range (mean_PSDg 016/0.05)-



Table 4.3 Sensitivity (%), specificity (%) and accuracy (%) based on the hill-climbing method using SVM models with

different kernel functions and parameters in the experiment with duration

Kernels

R

Class A Class AB Class ABC Class A-D All features

Sen Spe Acc Sen Spe Acc Sen Spe Acc Sen Spe Acc Sen Spe Acc

RBF o=1

RBF o=5

RBF 0=25

Poly d=2

Poly d=3

Poly d=4

Linear

0.2
1
10
0.2
1
10
0.2
1
10
0.2
1
10
0.2
1
10
0.2
1
10
0.2
1
10

99.31 40.84 70.07 98.94 50.94 74.94 98.85 54.06 76.46 98.15 56.91 77.53 93.99 07.25 50.62
99.12 43.10 71.11 98.90 51.87 75.39 98.68 54.92 76.80 98.24 57.88 78.06 93.70 11.66 52.68
98.82 47.96 73.39 98.72 54.12 76.42 98.49 56.21 77.35 97.61 59.98 78.80 93.14 14.15 53.64
99.06 44.87 71.96 99.09 46.42 72.75 99.15 45.85 72.50 97.58 59.99 78.78 91.76 62.07 76.92
99.12 45.08 72.10 99.01 46.28 72.65 99.34 46.54 72.94 97.21 60.36 78.79 91.39 63.25 77.32
99.27 40.08 69.68 99.08 48.99 74.04 98.63 54.41 76.52 97.82 58.69 78.26 89.41 65.43 77.42
99.96 19.78 59.87 99.84 31.44 65.64 99.80 33.55 66.67 99.63 43.77 71.70 92.26 63.75 78.00
99.96 24.15 62.06 99.75 35.53 67.64 99.74 37.24 68.49 98.71 49.18 73.94 91.11 64.49 77.80
99.41 39.48 69.45 99.26 42.35 70.81 99.34 42.87 71.10 96.19 60.95 78.57 91.49 64.44 77.96
98.68 45.45 72.07 98.55 52.64 75.60 98.62 54.84 76.73 97.58 59.63 78.60 14.01 91.35 52.68
98.79 45.43 72.11 98.47 52.70 75.58 98.48 55.95 77.21 97.75 59.07 78.41 11.99 91.43 51.71
98.09 49.56 73.83 94.10 56.01 75.06 98.13 57.59 77.86 47.75 64.68 56.21 1.41 98.98 50.20
99.70 33.62 66.66 3.73 96.74 50.24 0O 99.42 49.71 0O 99.48 49.74 0 1 50.00
95.91 38.44 67.18 1.02 99.65 50.34 99.42 49.71 99.84 49.97 0 1 20.00
99.35 40.68 70.01 21.01 89.92 55.47 99.99 49.99 1 50.00 0 1 50.00
0 1 50.00 3.67 95.92 49.80 99.26 49.63 99.98 49.99 0 1 50.00
0 99.99 49.99 0 99.92 49.96 99.97 49.98 99.95 49.98 94.24 7.21 50.72
0 1 50.00 1 00.73 50.36 0 99.93 49.96 0 99.94 49.97 0 1 50.00
99.92 20.30 60.11 99.67 35.00 67.34 99.46 43.94 71.70 96.01 61.00 78.50 90.41 64.69 77.55
99.91 20.31 60.11 99.65 35.05 67.35 99.01 46.86 72.94 95.80 61.00 78.40 90.62 64.67 77.65
99.92 20.29 60.10 99.76 34.75 67.26 97.60 60.52 79.06 96.30 60.96 78.63 33.31 82.37 57.84

o O OO
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Table 4.4 AUC (%) computed on SVM models with kernels and parameters using

Class ABC and ABCD in the experiment with duration

Kernels R Class ABC Class ABCD

0.2

RBF o =1 1
10
0.2

RBF o0 =5 1
10
0.2

RBFo=25 1
10
0.2

Poly d=2 1
10
0.2

Poly d=3 1
10
0.2

Poly d=4 1
10
0.2

Linear 1
10

76.45
76.80
77.35
72.50
72.94
76.52
66.67
68.49
71.10
76.73
77.21
77.86
49.71
49.71
49.99
49.63
49.98
49.96
71.70
72.93
79.06

77.53
78.06
78.79
78.78
78.78
78.25
71.70
73.94
78.57
78.60
78.41
56.21
49.74
49.92
50.00
49.99
49.97
49.97
78.50
78.40
78.63

No. 6 is the mean of the window (mean), and No. 7 is the number of zero-cross in

the window (NumZC), and No. 8 is the complexity (comp). No.10 and No.11 are the

time spent above and blew the 98% maximum (Bel98 and Abo98). No. 12 reflects

the change of the frequency band, and No. 6, 7, 8, 10, and 11 reflect the change of

sudden downturns and recoveries in time-domain. In abdominal signal, No. 23 is the

summation of absolute window (sum__abs), and No. 26 is the mean in the 80 - 100Hz

frequency range (mean_ PSDgg/100), and these features are related to active abdomi-

nal muscles during sleep apnea events. During apnea events, patients with OSA show

beat-to-beat variation at lower heart rates relative to healthy subjects. The lower heart

rate and the multi-domain change lead to these selected ECG features. No. 35 is the
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number if pairs of adjacent RR intervals where the later RR interval is more than 50
ms than the previous one (NN50__RR). Nos. 43 and 44 are spectral spread (SS) and
spectral decrease (SD) respectively. Nos. 45-51 are Shannon’s entropy (entropy D1
to entropy_ D7) using seven detail coefficient levels. No. 65 is the maximum of the

diagonal matrix of KPCA (max_ dia_kPCA).

4.4 Summary

In the chapter, to select the features with good discrimination, we develop the two-
stage procedure (Stage 1: the statistical analysis stage and Stage 2: the final feature
subset selection stage using machine learning methods). There are 66 kinds of fea-
tures from ECG, SaO,, airflow, thoracic and abdominal signals provided by the SHHS

dataset.

In the first stage, two statistics analysis, the ANOVA and the rank-sum test are
applied to remove redundant features for improving the performance and reducing the
processing time. Fach feature from each patient has a pair of p-values. There are
two statistical analysis criteria (the p-value of ANOVA < 0.05 and the p-value of the
rank-sum test = 1), which are used to determine significant features. Ageapure 1S set as
the number of positive pairs for each feature. The threshold is equal to half of the
number of processed signals. If the Agature Of a feature is more than the threshold,
this feature is put into the feature subset. Finally, 19 features are considered as the
significant features in the first stage, and these selected features are asterisk in Table

4.1.

In the second stage, the feature subset from the former phase is divided into four
classes {A, B, C, D} by comparing the distribution of the Ageaure S€t of selected features.

Features in different classes are put into an SVM classifier using the hill-climbing
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algorithm, and different kernels (linear, RBF and polynomial) of SVM models are
conducted with different parameters (o, d and R). The sensitivity, specificity, accuracy,
and AUC are used to evaluate the performance of different SVM models. Finally, Class
ABCD is the best feature subset since it is more stable than other classes. Class ABCD
consists of 19 features from ECG, SaO,, and abdominal signals. These features are
able to reflect the apneic bio-physiological changes, such as sudden drops and fast
recoveries in SaQOs signals, active abdominal muscles during sleep apnea events, and

lower heart rate in ECG signals.



Chapter 5

Classification Based on Duration

Parameter and Evaluation of The

Time-Window Method

5.1 Introduction

Obstructive sleep apnea (OSA) is the most common breathing disorder during sleep-
ing, which is caused by repeated partial or total obstruction of the upper airway
[6]. The collapse of the upper airway is a 10-second or more standstill. OSA is a
risk for several complications, such as hypertension and cardiac disease. In order
to diagnose OSA, the polysomnography (PSG) is considered as the gold standard.
PSG records overnight electrocardiogram (ECG), electromyogram (EMG), electroocu-
logram (EOG), electroencephalogram (EEG), airflow, respiratory effort, oxygen sat-
uration (SaO,), body position and snore. It is a time-consuming and difficult task
for expert physicians to diagnose OSA. Thus, the automatic detection of OSA is of

interest.
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The automatic detection generally consists of the feature extraction stage, the
feature selection stage and the classification stage shown in Fig. 1.13. In Chapter
3, ECG, Sa0,, airflow, thoracic, and abdominal signals are obtained since these bio-
signals are collected by highly accurate and easily accessible sensors. Sixty-six kinds
of time-domain, frequency-domain, and non-linear analyses features are obtained from
multiple bio-signals. All features are correlated with the physiological criteria of apnea.
In Chapter 4, the two-stage feature selection (Stage 1: the statistical analysis stage
and Stage 2: the final feature subset selection stage using machine learning methods)
is used to select a smaller subset with relevant features. For comparison purposes,
different kernels and parameters of the support vector machine (SVM) method are
included. Finally, 19 features from ECG, SaO,, and abdominal signals are considered
as the final feature subset and the input of classifiers to achieve the automatic detection

with good accuracy.

In this chapter, the structure is organised as follows. Section 5.2 covers the perfor-
mance of classification algorithms with the feature subset, and the reason to not a good
performance. Section 5.3 reports the solution that is used to improve performance,

and results of this solution. Section 5.4 is the summary.

5.2 Classification Based on Duration Parameter

5.2.1 Experiments and Results

The used machine learning algorithms are shown in Chapter 2, such as the SVM
algorithm (shown in Section 2.3.1), the decision tree algorithm (shown in Section
2.3.2), the k-nearest neighbors algorithm (shown in Section 2.3.3), the random forest

algorithm (shown in Section 2.3.5.1), the extra trees algorithm, the linear discriminant
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analysis algorithm, and the logistic regression algorithm. Extremely randomized trees
classifier(extra trees classifier) is one of ensemble learning algorithms, and it is able to
combine the results of multiple de-correlated decision trees in the same “forest” and
output its final prediction. In concept, it is very similar to the random forest algorithm,
but extra trees classifier has a different manner of construction of the decision trees in
the forest compared with the random forest algorithm. In some of the used machine
learning algorithms, there are different hyper-parameters to be set. For example, in the
k-nearest neighbors algorithm, k is needed to be set. In the decision tree algorithm, the
number of trees and depth are also needed to be set. Considering hyper-parameters,
we employed the Grid Search method to determine each hyper-parameter. In the
work, we used the GridSearchCV function from sklearn library in Python, and the

3-fold cross-validation method was also used in the Grid Search method.

As shown in Table 4.1, the nineteen time-domain, frequency-domain, and non-
linear features from ECG, SaO,, and abdominal signals are the input of different
classifiers. In the feature subset, No. 6 (the mean of the window (mean)), No. 7 (the
number of zero-cross in the window (NumZC)), No. 8 (the complexity (comp)), No.10
(the time spent blew the 98% maximum (Bel98)), No.11 (the time spent above the 98%
maximum (Abo98)), and No. 12 (the mean of PSD within the 0.016 - 0.05Hz frequency
range (mean_PSDq16/0.05)) are extracted from SaO, signals. No. 23 (the summation
of absolute window (sum_ abs)) and No. 26 (the mean in the 80 - 100Hz frequency
range (mean_ PSDgg/100)) are extracted from abdominal signals. No. 35 (the number
if pairs of adjacent RR intervals where the later RR interval is more than 50 ms
than the previous one (NN50_RR)), No. 43 (spectral spread (SS)), No. 44 (spectral
decrease (SD)), Nos. 45 - 51 (Shannon’s entropy (entropy_ D1 to entropy_ D7) using
seven detail coefficient levels), and No. 65 (the maximum of the diagonal matrix of

KPCA (max_dia_kPCA)) are extracted from ECG signals. Classification methods
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Table 5.1 Performance of each classifier with the 19 selected features from ECG, SaO4
and abdominal signals

Classifiers Acc (%) Sen (%) Spe(%) AUC (%)
SVM 81.68 97.05 66.54 81.79
Random Forest 81.60 85.27 77.98 81.62
Decision Tree 76.78 75.41 78.13 76.77
Extra Trees 81.35 85.25 77.50 81.38
K-Neighbors 78.28 84.03 72.61 78.32

Logistic Regression 81.28 96.18 66.60 81.39
Linear Discriminant  73.80 88.69 59.13 73.91

include the SVM method, the random forest method, the decision tree method, the
extra trees method, the K-neighbors method, and the linear discriminant analysis.
The performance of each classifier is evaluated by sensitivity, specificity, accuracy, and
area under the ROC curve (AUC), as shown in Table 5.1. The SVM method holds the
highest performance (accuracy = 81.68%, sensitivity = 97.05%, specificity = 66.54%,
and AUC = 81.79%).

5.2.2 Discussion

In Table 5.1, the SVM method is able to hold the highest accuracy (81.68%) and the
highest sensitivity (97.05%), but its specificity is low (66.54%). It means that the
SVM method can just classify apnea events perfectly. The random forest algorithm
can also hold better accuracy (81.60%). Although its sensitivity (85.27%) is lower
than the sensitivity of the SVM method, its specificity (77.98%) is better than the
specificity of the SVM method, which means the random forest algorithm can classify

both apnea and normal episodes at the same time.

The sensitivity of different classification methods is around 85.00% shown in Table
5.1, which means these methods are able to classify apnea events. However, the

specificity is just about 68.00%, and it means that normal events are not detected by
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Table 5.2 The duration and its count of each normal event in Patient No. 1537

Normal duration (s) Count Normal duration (s) Count

60 7 630 1
90 2 720 1
120 1 810 1
180 2 1140 1
210 1 1170 1
390 1 1260 3
510 1 1320 1
600 1 1650 2

the classification methods. In order to improve specificity and obtain better results,
we check the performance of each testing set and compare the difference between the
sets with good results and bad results. It can be found that No. 1537 patient has
the 98.18% accuracy, the 100% specificity, and the 96.42% sensitivity, while No. 1490
patient only has the 80.52% accuracy, the 61.45% specificity, and the 100% sensitivity.
Table 5.2 shows the Patient No. 1537’s duration of the normal events and its count,
while Table 5.3 shows the Patient No. 1490’s duration of the normal events and its
count. From Table 5.2, we can see the normal events of the No. 1537 patient and the
duration of all normal events is more than 60 seconds, and these normal events are

classified. On the other hand, in Table 5.3, the normal events of the No. 1490 patient

Table 5.3 The duration and its count of each normal event in Patient No. 1490

Normal duration (s) Count Normal duration (s) Count

30 92 390 2
60 18 450 1
90 13 480 1
120 8 540 1
150 5 600 1
180 3 660 1
210 1 780 1
300 2 1050 1
330 4 1110 1
360 2 1260 1
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that have the 30 seconds duration are not labelled by normal episodes. By compared
Table 5.2 and Table 5.3, it is found that classifiers show bad performance when they

predict normal events whose duration was less than 60 seconds.

5.3 Evaluation of The 60-Second Time-Window Al-

gorithm

Based on the result that normal events whose duration is less than 60 seconds are
not able to be classified, the time-window method is used, and the length of the time-
window is equal to 60 seconds. Firstly, the multi-domain feature extraction methods
are used to obtain features from bio-signals, based on the 60-second time-window
events. Secondly, the two-stage feature selection is utilized to obtain the final feature
subset. Finally, different classifiers are able to provide classification results. The

time-window method is evaluated by comparing the results.

5.3.1 Feature Extraction

We extract features from ECG, abdominal, thoracic, airflow, and SaO, signals in this
work. Frequency-domain, time-domain, and non-linear methods take a total of 66
kinds of features. We obtain 12 kinds of features from SaO, signals, and features are
Nos.1-12in Table 5.4. Airflow recordings provide features from No.13 to No.22 (shown
in Table 5.4). We use time-domain and frequency-domain methods in abdominal and
thoracic recordings. Nos.23 - 28 features are extracted from abdominal recordings,
and Nos.29 - 34 are extracted from thoracic recordings shown in Table 5.4. In this

study, three kinds of feature extraction methods are used to obtain features from ECG
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signals. Table 5.4 shows these features from Nos. 35 - 66. The details of multiple

feature extraction methods are illustrated in Chapter 3.

5.3.2 Feature Selection

The two-stage procedure (Stage 1: the statistical analysis stage and Stage 2: the
final feature subset selection stage using machine learning methods) is used, and the
details of the two-stage feature selection is shown in Chapter 4. In the first stage, the
statistics analysis results of Agature are also shown in Table 5.5. It can be seen that
Ateature Of Feature No.1 is 542, which means that 542 pairs of Feature No.1 are positive.
To select better features, the threshold is equal to 787 (the half of the processed PSG
signals), and one feature is considered as significant one if its Aeature is more than the
threshold. Finally, only six features are considered as significant features, and these
selected features are asterisk in Table 5.5. All six features are extracted from SaO,

signals.

In the final feature subset selection stage using machine learning methods, the
hill-climbing algorithm is also used to identify features with the most discrimination.
Table 5.6 demonstrates six selected features are classified into three classes Class A,
B, C according to the distribution of Ageature. NO. 8 feature is put into Class A, and
Nos. 2, 4, 5, and 6 features are put into Class B, and No. 9 feature is put into Class C.
According to the results in Section 4.3.3, the SVM (RBF, 0 = 25, R = 0.2) is selected
as the classifier model. Initially, the feature in Class A is picked according to the
largest Ageature OVerall features. In Table 5.6, the Class A feature is found to be No.8
feature comp (Aeature = 1325) from SaO, signals and put into the SVM model. The
performance of this iteration is obtained. Then, the next best features are iteratively

added into the SVM model and the performance is obtained. This process is repeated
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Table 5.4 Features extracted from SaQs, airflow, abdominal, thoracic, and ECG signals
based on the 60-second time-window segmentation method (No.1 - No.12 from SaO-
signals, No.13 - No.22 from airflow signals, No.23 - No.28 from abdominal signals,
No.29 - No.34 from thoracic signals, and feature No.35 - No.66 from ECG signals, four
dashed lines divided the table into five parts according to different kinds of signals)

Feature Feature
1.med 34.sum7PSDgo/100
2.MM2 35.NN50_ RR
3.kur 36.SDSD RR
4.var 37tSD RR
5.min 38.std RR
6.mean 39.var
7.NumZC 40.kur
8.comp 41.mean_ RR
9.SD, 42.CV_EDR
10.Bel98 43.SS
11.Abo98 44.SD
].2.1’116&117PSD0_016/0.05 45.611’61'0])}77]:)].
13.mean 46.entropy_ D2
14.med 47.entropy_ D3
15.std 48.entropy_ D4
16.mean_ PSDg g1 49.entropy_ D5
17.mean_PSDg4/0.5 50.entropy_ D6
18 mean D1 51.entropy_ D7
19.mean D2 52.var D1
20.mean D3 H3.var D2
21.mean A3 54.var D3
22.comp 5. var D4
"""""" 23.sum_abs 56.var_ D5
24.std_abs 57.var D6
25.mean 5&.var D7
26.mean_ PSDgg /100 59.WSD RR
27.mean_ D2 60.max_ PSDg 3/0.5
28.11’1684117]:)1 61.meaanSD10/zo
 29sum 62.mean_ PSDgg;100
30.med 63.5CrC_3 RR
31.std 64.SCrC 4 RR
32.mean 65.max_dia_ kPCA

33.var 66.RP 2 PC
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Table 5.5 Feature selection results in the experiment with the 60-second time-window
method using statistics analysis (No.1 - No.12 from SaO, signals, No.13 - No.22 from
airflow signals, No.23 - No.28 from abdominal signals, No.29 - No.34 from thoracic
signals, and feature No.35 - No.66 from ECG signals, four dashed lines divided the
table into five parts according to different kinds of signals)

Feature A foature Feature A foature
1.med 542 34.sum_ PSDgg /100 603
2* MM2 1036 35NN50 RR 497
3.kur 508 36.SDSD RR 520
4* var 1032 37.tSD_RR 553
5*.min 1079 38.std_RR 551
6*.mean 1079 39.var 564
7.NumZC 572 40.kur 596
8*.comp 1325 41.mean_ RR 583
9* SD; 837 42.CV_EDR 534
10.Bel98 480 43.SS 570
11.Abo98 693 44.SD 561
12.mean_ PSDyg 016/0.05 662 45.entropy_ D1 554
13.mean 54 46.entropy_ D2 580
14.med 253 47.entropy_ D3 600
15.std 422 48.entropy_ D4 588
16.mean_ PSDg g1 427 49.entropy_ D5 535
17.mean_ PSDg4/0.5 54 50.entropy_ D6 587
18 mean D1 378 51.entropy_ D7 138
19.mean D2 151 52.var D1 334
20.mean D3 345 H3.var D2 329
21.mean_ A3 324 54.var D3 410
22.comp 394 55.var D4 265
"""""" 23.sum_abs 332 56.var D5 293
24 .std_abs 198 57.var D6 311
25.mean 213 58.var DT 333
26.1116&1’17PSD80/100 331 59WSD7RR 119
27.mean D2 282 60.max_ PSDq 03/0.5 399
28.mean D1 516 61.mean_ PSDyg/50 470
29.sum 516 62.mean_ PSDgg /100 615
30.med 602 63.5CrC_3 RR 78
31.std 618 64.5CrC_4 RR 70
32.mean 671 65.max_dia kPCA 578

33.var 074 66.RP_2 PC 615
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Table 5.6 Feature classes via the distribution of Agatuwre in the experiment with the
60-second time-window method

Class A Class B Class C
1300-1574 1000-1299 787-999
Sa0s 8 2456 9

Feature No.

Table 5.7 Sensitivity (%), specificity (%), accuracy (%), and AUC (%) based on the
hill-climbing method using the SVM model (RBF, ¢ = 25, R = 0.2) with six selected
features from SaO, signals

Class Accuracy Sensitivity Specificity AUC

Class A 82.44 84.85 77.10 80.98
Class AB 82.51 85.26 76.41 80.83
Class ABC 83.62 86.32 73.63 81.98
66 features 88.76 92.22 81.03 86.61

until all the features have been added, and the best feature subset is confirmed by
compared all performance. Considering 66 features as the input of the SVM model,
the sensitivity is found to be 92.22%, and the specificity is 81.03%, and the accuracy
is 88.76%, and the AUC is 86.61%. These results suggest that the performance of
a total of 66 kinds of features is considered as the gold standard. The performance
of each iteration and the results of 66 features are shown in Table 5.7. From Table
5.7, the six features are fed into the SVM model, and the obtained performance is
the 83.62% accuracy, the 83.32% sensitivity, and the 73.63% specificity. However, all
features are able to provide better performance. Sixty-six features are considered as

the final feature subset.

5.3.3 Classification

The SVM model provides the 88.76% accuracy, the 92.22% sensitivity, and the 81.03%
specificity with 66 multi-domain features. In addition, to confirm the best classification

performance, 66 features are fed into other different classifiers, including the random
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Table 5.8 Performance of each classifier with the 66 selected features in the experiment
with the 60-second time-window method

Classifiers Acc (%) Sen (%) Spe(%) AUC (%)
SVM 88.76 92.22 81.03 86.61
Random Forest 87.62 90.32 83.85 87.08
Decision Tree 83.69 84.42 82.68 84.55
Extra Trees 86.62 88.88 83.48 86.18
K-Neighbors 88.02 91.80 82.77 87.28

Logistic Regression 87.50 94.23 78.13 86.18
Linear Discriminant  87.12 94.83 76.39 85.61

forest method, the decision tree method, the extra trees method, the k-neighbors
method, and the linear discriminant analysis. The Grid Search method was also
used to determine each hyper-parameter with the 3-fold cross-validation method. The
performance of each classifier is obtained and shown in Table 5.8. The SVM method is
able to hold the highest accuracy (88.76%) and the highest sensitivity (92.22%), and

its specificity is improved to be 81.03%.

5.3.4 Discussion

In the experiment with duration, 19 selected features are fed into different classifiers,
shown in Table 5.8. The logistic regression and the linear discriminant have the highest
level of sensitivity (great than 94%), which means they are sensitive for apnea events.
However, they have the lowest specificity (less than 79%) and they are not good when
they determine normal events. The rest of classifiers, including SVM, the random
forest, the decision tree, the extra trees, and k-neighbors, balance both sensitivity
performance and specificity performance. It means these classifiers can detect both
apnea and normal events well. Among these classifiers, the best classifier is the SVM

model because it has a higher sensitivity (92.22%) and acceptable specificity (81.03%).
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Table 5.9 Comparison the SVM performance of the duration method and the SVM
performance of the 60-second time-window method

Segmentation Method Acc (%) Sen (%) Spe(%) AUC (%)
duration segmentation method 81.68 97.05 66.54 81.79
60-second time-window method  88.76 92.22 81.03 86.61

In the experiment with duration, 19 selected features are fed into different clas-
sifiers, shown in Table 5.9. The SVM model has accuracy = 81.68%, sensitivity =
97.05%, specificity = 66.54%, and AUC = 81.79%. The normal events that last less
than the 60s are not detected perfectly in these results. In the experiment with the
60-second time-window segmentation method, ECG, SaO,, airflow, thoracic, and ab-
dominal signals provide 66 kinds of features using feature extraction methods. After
the two-stage feature selection, 66 features are considered as the final feature subset

and fed into different classifiers, shown in Table 5.8.

In the experiment with the duration, only 19 features from ECG, SaOs, and abdom-
inal signals are put into the feature subset, and classifiers hold the good performance.
However, in the experiment with the time-window method, more kinds of features
are put into this feature subset, and airflow and thoracic signals also provide selected
features. To achieve the better performance in this experiment, classifiers have to fit
this larger feature subset, because there is no help from a sleep expert to detect the
duration of each event. Table 5.9 shows the comparison of the performance of the
duration segmentation method and the performance of the 60-second time-window
method. It can be seen that although the sensitivity of the 60-second time-window
method decreases from 97.05% to 92.22%, it still holds the high level. There is an in-
crease in the specificity of the 60-second time-window method, from 66.54% to 81.03%.
The accuracy of the 60-second time-window method is high (88.76%), and the AUC
is also high (86.61%).
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5.4 Summary

In this chapter, 19 features from ECG, SaO,, and abdominal signals are considered as
the final feature subset in the SHHS dataset, and different classification methods are
used to classify apnea and normal episodes with the final feature subset. These clas-
sifiers include the SVM method, the random forest method, the decision tree method,
the extra trees method, the k-neighbors method, the linear discriminant analysis, and
the logistic regression. The SVM method is able to hold highest performance (accuracy
= 81.68%, sensitivity = 97.05%, specificity = 66.54%, and AUC = 81.79%). Although
the sensitivity is good, the low specificity leads to not good accuracy. In order to
improve the specificity, we check the performance of each testing set and compare
the difference between the sets with good results and bad results. It is found that
classifiers show bad performance when they predict normal events whose duration is

less than 60 seconds.

The 60-second time-window method is considered to improve classification perfor-
mance. Time-domain, frequency-domain, and non-linear feature extraction methods
mentioned in Chapter 3 are used to obtain 66 kinds of features. After the two-stage
feature selection method, 66 features illustrate the best performance, from five kinds
of signals. The results showed that the SVM model outperforms the other classifiers
(accuracy = 88.76%, sensitivity = 92.22%, specificity = 81.03%, and AUC = 86.61%).
The high performance shows the 60-second time-window method can reflect the differ-

ences between apnea and normal events more obviously.






Chapter 6

Obstructive Sleep Apnea
Classification Using The
Multi-Errors-Reduction (MER)
System Based on The 60-Second
Time-Window Method

6.1 Introduction

During sleep, three basic respiratory disturbances are found. In these types, the
most common disorder is obstructive sleep apnea (OSA). The closure of the upper
airway is repeated and temporary, and it is defined as OSA in adults. OSA should be
objectively assessed to treat it. To diagnose OSA, overnight polysomnography (PSG)

is considered as the gold standard. A clinician must characterize pathological events
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and identify different parameters that are shown on the PSG to perform the diagnosis.
The amount of data obtained is huge since the PSG records the changes the whole
night. As a result, for physicians, it is time-consuming to identify OSA. Therefore,
the aims of automatic OSA detection are to analyse the information from the PSG

and help doctors to diagnose OSA.

In the automatic detection progress, the feature extraction stage, the feature se-
lection stage, and the classification stage are crucial tasks, shown in Fig. 1.13. In
Chapter 4, ECG, SaO,, airflow, thoracic, and abdominal signals are obtained from
the SHHS dataset, and 66 kinds of time-domain, frequency-domain, and non-linear
analyses features are obtained from multiple bio-signals. In Chapter 4, the two-stage
feature selection (Stage 1: the statistical analysis stage and Stage 2: the final feature
subset selection stage using machine learning methods) is used to select a smaller
subset with relevant features. Finally, 19 features from ECG, SaO,, and abdominal
signals are considered as the final feature subset. In Chapter 5, the SVM method can
provide better performance (accuracy = 81.68%) than other classifiers with these 19
selected features. The specificity is only 66.54%, although the sensitivity is 97.05%.
In order to improve the specificity, it is found that classifiers are not able to have
good performance when they predict normal events whose duration is less than 60
seconds. The 60-second time-window method is considered to improve classification

performance.

The 60-second time-window method is used to segment bio-signals, and time-
domain, frequency-domain, and non-linear feature extraction methods mentioned in
Chapter 3 are used to obtain 66 kinds of features in each segmentation. After the
two-stage feature selection method, 66 features illustrate the best performance from
five kinds of signals. The results showed that the SVM model outperforms the other

classifiers (accuracy = 88.76%, sensitivity = 92.22%, specificity = 81.03%, and area
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under ROC curve (AUC) = 86.61%). Compared with the former performance using
the duration parameter, the 60-second time-window method can reflect the differences
between apnea and normal events more obviously and improve classification perfor-

mance.

In this chapter, Section 6.2 covers the feature extraction methods, the two-stage fea-
ture selection method, and classification based on the 60-second time-window method.
The detail methods of classifiers and the multi-errors-reduction (MER) classification

system are discussed in Section 6.3. Section 6.4 is the summary.

6.2 Classification by Machine Learning Methods

6.2.1 Feature Extraction and Feature Selection

In the feature extraction phase, 66 kinds of multi-domain features are extracted from
ECG, SaQO,, airflow, thoracic, and abdominal signals, and the detail information is
described in Chapter 4. In the feature selection phase, each feature and its Aature
obtained in the statistical analysis stage are illustrated in Table 5.5. The performance
of different feature subsets (Table 5.7) are compared in the final feature subset selec-
tion stage using machine learning methods. Based on the two-stage feature selection
procedure, 66 features are considered as the final feature subset, and the SVM model
outperforms the other classifiers (accuracy = 88.76%), sensitivity = 92.22%, specificity
= 81.03%, and AUC = 86.61%).

Although the SVM model can give high classification performance, the two-stage
feature selection procedure does not determine the significant features. From Table 5.7,
66 features are able to provide the 88.76% accuracy, while the features in Class ABC

can hold the 83.62% accuracy, and the six features in Class ABC are only extracted
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from SaO, signals. It can be found that some significant features from other bio-
signals are not put into the feature subset to evaluate classification performance. Thus,
the ranking feature algorithm is used to determine the feature subset, instead of the

different class method.

Table 5.5 shows each feature and its value of Afeature- Afeature 1S Obtained by the
ANOVA algorithm and the rank-sum test method, which means the significant level of
each feature. The larger Afeature value illustrates the more important level. The order
of all features is obtained according to Ageature in descending order, and the result is
shown in Table 6.1, and the table also shows the kind of bio-signal that provides each
feature. No.8 feature is comp from SaO, signals and the value of No.8 feature is the
largest (Afeature = 1325). Thus, No.8 feature is considered as Order.1 shown in Table
6.1. On the other hand, No.13 feature (mean PSD4/05) and No.17 feature (mean)
from airflow signals have the smallest Afature value (Afeagure i equal to 54). The two

features are put at the end of the order list (Order.65 and Order.66, respectively).

The hill-climbing algorithm is used to identify features with the most discrimina-
tion according to the descending order list shown in Table 6.1. Fig. 6.1 illustrates
the progress of the hill-climbing algorithm based on the descending order list. After
obtained the order list, initially, the single-best feature is picked. In Table 6.1, the
Order.1 feature is the comp from SaO, signals (Afeature = 1325) and put into the SVM
model. The performance of this iteration is obtained, including accuracy, sensitivity,
specificity, and AUC. The performance is also recorded as the first position in Fig. 6.2.
Then, the next best feature (Order.2 min from SaO, signals) is picked and added into
the feature subset. The subset with two features in this iteration is fed into the SVM
model. The performance is recorded and put in the second position in Fig. 6.2. This
process is repeated until all features have been added, and the best feature subset is

confirmed by compared all performance.
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Table 6.1 The descending order of 66 features according to Agature in the 60-second
time-window experiment (the bio-signal provides the feature)

Order

Order

1*.comp (SaO,)
2*.min (Sa0y)

3*.mean (SaOy)

4% MM2 (Sa0»)
5*.var (SaOs)
6*.SD; (SaOg)

7*.Abo98 (Sa02)

8*.mean (Thoracic)
9*.mean_PSD0.016/0.05 (S&OQ)
10*.std (Thoracic)
11*RP_2_PC (ECG)
12* mean_PSDgg 100 (ECG)
13*.sum_ PSDgg/190 (Thoracic)
14*.med (Thoracic)
15*.entropy_ D3 (ECG)

16* kur (ECG)

17*.entropy_ D4 (ECG)

18*.entropy D6 (ECG)

19*.mean_ RR (ECG)

20*.entropy_ D2 (ECG)
21*.max_dia_ kPCA (ECG)

22* var (Thoracic)

23* NumZC (SaO,)
24*.SS (ECG)
25*.var (ECG)
26*.SD (ECG)

27* entropy D1 (ECG)
28*tSD_RR (ECQ)
29*.std_RR (ECG)

30*.med (SaOy)

31*.entropy_ D5 (ECG)
32% CV_EDR (ECG)
33*SDSD_RR (ECQ)

34*.sum (Thoracic)
35*.mean_ D1 (Abdominal)
36*.kur (Sa0O,)
37*.NN50_RR (ECG)
38*.Bel98 (Sa0s)

39* mean_ PSDyg/90 (ECG)
40*.mean_ PSDy o1 (Airflow)
41* std (Airflow)

42* var_ D3 (ECG)
43* max_ PSDq 3/0.5
44* .comp (Airflow)
45* mean_ D1 (Airflow)
46* . mean_ D3 (Airflow)
47* var_D1 (ECG)
48* var_ D7 (ECG)
49.sum_ abs (Abdominal)
50.mean_ PSDgg/109 (Abdominal)
5l.var_D2 (ECG)
52.mean_ A3 (Airflow)
h3.var_D6 (ECG)
54.var_D5 (ECG)
55.mean_ D2 (Abdominal)
56.var D4 (ECG)
57.med (Airflow)
58.mean (Abdominal)
59.std__abs (Abdominal)
60.mean_ D2 (Airflow)
61.entropy_ D7 (ECG)
62.WSD_RR (ECG)
63.5CrC_3 RR (ECG)
64.5CrC_4 RR (ECG)
65.mean_PSDg 4/05 (Airflow)
66.mean (Airflow)
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The next order features on the list

The descend order list of
the importance of each feature

on the list

The Order 1 feature

SVYM

Sen, Spe, Acc
of this feature group

Sens, Spes, Accs
of each feature group

Hill-climbing method

Fig. 6.1 The hill-climbing method based on the descending order list in the 60-second time-window experiment
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Considering 66 features as input, the classification performance is presented in
Fig. 6.2. The sensitivity is found to be 94.22%, and the specificity is 81.01%, and
the accuracy is 88.76%, and the AUC is 86.61%. These results suggest that the
performance of a total of 66 kinds of features is considered as the gold standard. The
balanced data was used in this step, which means accuracy and AUC have the same
trend, and accuracy is used to show the comparison results. Based on the results of
the hill-climbing algorithm, the final feature subset contains Order. 1-48 features (the
asterisk (*) in Fig 6.2), and these features achieve the maximum accuracy (88.80%),
with good sensitivity (91.95%), specificity (81.82%) and AUC(86.89%). These features
are also asterisk (*) in Table 6.1, and they are extracted from ECG, SaO,, airflow,

thoracic, and abdominal signals.

6.2.2 Classification Based on Ranking Order

Classification methods include the support vector machine (SVM) algorithm (shown in
Section 2.3.1), the decision tree algorithm (shown in Section 2.3.2), k-nearest neighbors
algorithm (shown in Section 2.3.3), the random forest algorithm (shown in Section
2.3.5.1), the extra trees algorithm, the linear discriminant analysis algorithm, and the
logistic regression algorithm, some boosting methods (shown in 2.3.5.3). The results

of each classifier is shown in Table 6.2 with 48 selected features.

In Table 6.2, it can be found that boosting methods have better performance
than other classifiers. The best performance (accuracy = 90.71%) is obtained from
CatBoost, and the specificity is 89.00% with the 91.94% sensitivity. The reason is
that classic machine learning methods always only use the training data once time,
but boosting uses repeatedly the training data with differently weighted versions and

obtain some weak classifiers. In each iteration of the boosting algorithm, the weight
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Fig. 6.2 The iteration performance of the hill-climbing algorithm based on the descending order list using the SVM model
in the 60-second time-window segmentation method
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Table 6.2 Performance of each classifier with the 48 selected features in the 60-second
experiment

Classifiers Ace(%) + Sen(%) + Spe(%) + AUC (%) +
std(%) std(%) std(%) std(%)

SVM 88.80 £ 047 91.95 £ 043 81.82+0.93 86.89 £ 0.53

Random For- 87.66 & 0.57  90.46 + 0.43  83.15 £ 0.91  87.30 £ 0.62

est

Decision Tree 83.76 + 1.20 84.43 + 1.39 8283 £ 1.02 83.63 £ 1.17

Extra Trees 86.11 £ 0.48 88.76 + 0.43 8341 £ 0.91  86.59 £ 0.54

K-Neighbors ~ 88.99 £ 0.50  91.61 + 0.58  82.95 £ 0.79  87.28 £ 0.53

Logistic 87.10 £ 0.36 90.87 £0.59 81.86 + 1.00  86.36 £ 0.42

Regression

Linear  Dis- 87.65 & 0.38  93.69 + 0.44  79.23 £ 1.18  86.46 £ 0.53

criminant

Gradient 90.60 £ 042  93.23 £0.15 8694 £ 1.05  90.08 £ 0.51

Boosting

CatBoost 90.71 £0.31  91.94 £ 0.38 89.00 + 0.41  90.47 £ 0.32

Light GBM 90.34 £ 0.32  91.88 £0.28 88.20 = 0.3  90.04 £ 0.35

XGBoost 90.55 = 0.30 91.73 £0.39 8890 £ 0.36  90.32 + 0.30

of each instance of the training data is estimated by the accuracy of the previous
classifiers. Thus, this algorithm is able to focus on instances that are always incorrectly
detected. In this study, repeatedly the training data with differently weighted versions
fitted with complicated processing and boosting methods are able to process complex

multi-domain features from different bio-signals.

6.3 Multi-Errors-Reduction Classification System

The 48 selected features (shown in Table 6.1) are extracted from ECG, SaOs, airflow,
thoracic, and abdominal signals. Time-domain, frequency-domain, and non-linear
feature extraction methods are used to obtain the selected features. It is a difficult

task for a single one machine learning method to classify apnea with high performance
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in limited hypotheses when the machine learning method takes multi-domain features

from multiple bio-signals.

6.3.1 Methodology

In order to improve the performance of apnea classification, we propose a multi-errors-
reduction (MER) classification shown in Fig. 6.3, and it consists of five phases. Firstly,
the selected features are fed into the MER classification system. Secondly, some
classifiers with good performance are considered as weak learners in level-0. The third
phase is the classifier combination method, which is considered as a potential solution
to improve classification performance. The basic idea of classifier combination is the
misclassified instances of individual classifiers do not overlap, and different individual
classifiers can provide different perspectives in classification. Classifier combination
can use complementary information to improve performance. Some basic classifier
combination schemes include max voting, average voting, and weighted average voting.
In this thesis, we use the stacking ensemble method as the classifier combination. In

the last phase, a meta-learner is used to provide final predictions.

The general information of stacking ensemble method has been shown in Section.
2.3.5.3. It combines predictions of weak learner (level-0) in a meta-level (level-1)
classifier, and a meta-level classifier can correct the decisions of weak learners and
predict final labels. Figs. 6.4 show an example of stacking implemented with the first

weak learner and 3-fold cross-validation. The set is divided into the train set and

48 Selected Weak Learners Combination Final Prediction
> Meta-Learner

Features in Level 0 Method of Apnea/Normal

Fig. 6.3 Basic components of the multi-errors-reduction classification system



6.3 Multi-Errors-Reduction Classification System 125

Prediction of Train Set
Train Setr aaaad [_ ——-

Train Subset 1

Step 1 of 3 of each weak learner
in stacking combination method

Train Subset 2 E

Fit Train Subset 3
:
' 4 [
Final Prediction of
Temporary Predictions of Test Set Computed
First Weak Predict Test Set in Each Fold as Mean of
Learner grTmoTTmmmmTmmmmmTEETTTIIRG ' Temporary Predictions
. :
Test Set : '
' '
' '
R L EEEEEEEEE b ' Prediction of Train Set
_______ ITrain Sef. .. .. .. SLEELEELELET

Train Subset 1

i
: ; ; :
: : . '
. : : :
' ' Step 2 of 3 of each weak learner ' !
: ' in stacking combination method : '
' '
i : : :
] ' ' ]
Fit : Train Subset 2 L : H
: ; : ;
' ' H '
. ' : :
' '
i : : i
T Train Subset 3 E : E
: : : :
' ' ] '
: ;
Final Prediction of
Temporary Predictions of Test Set Computed
X Test Set in Each Fold as Mean of
First Weak Predict CUTTTTTmmmmmmmmmmmmmmnmnny ' Temporary Predictions
Learner ' '
Test Set H H
' '
' '
: :
Prediction of Train Set
- . S
] ' ' :
: : . :
' '
Train Subset 1 : 0 E
' ' ] N
: : . :
' '
5 i 5 i
] ' ' H
. 3 : . :
T Train Subset 2 : Step 3 of 3 of each weak learner H !
: ' in stacking combination method : '
' ' ]
Fit : : : :
' N ' '
H ' ! '
T Train Subset 3 E : E
: : : :
' ' H
: I
L. Final Prediction of
Temporary Predictions of Test Set Computed
Test Set in Each Fold as Mean of
First Weak Predict | eesesessessmesssssssssseeey Temporary Predictions
Learner

' [l
:
Test Set : 0
' '
' l
: :

Fig. 6.4 All steps of each weak learner in stacking combination method



Obstructive Sleep Apnea Classification Using The Multi-Errors-Reduction (MER)
126 System Based on The 60-Second Time-Window Method

the test set. As for the train set, in order to avoid over-fitting, we use 3-fold cross-
validation technique. In the first fold, as shown in Fig. 6.4, Train Subset 1 and Train
Subset 2 are used to fit the first weak learner, and the trained model is utilized to
predict Train Subset 3, and the prediction of Train Subset 3 is recorded. The trained
model is also used to predict Test Set, and the prediction of Test Set in the first fold is
recorded. In the second fold, as shown in Fig. 6.4, Train Subset 1 and Train Subset 3
are used to fit the first weak learner, and the trained model is utilized to predict Train
Subset 2, and the prediction of Train Subset 2 is recorded. The trained model is also
used to predict Test Set, and the prediction of Test Set in the second fold is recorded.
In the third fold, as shown in Fig. 6.4, Train Subset 2 and Train Subset 3 are used
to fit the first weak learner, and the trained model is utilized to predict Train Subset
1, and the prediction of Train Subset 1 is recorded. The trained model is also used
to predict Test Set, and the prediction of Test Set in the third fold is recorded. After
the 3-fold cross-validation technique, there are three temporary test set predictions,
and the mean of all temporary test set prediction sets is the final prediction of Test
Set using the first weak learner. This process is repeated until weak learners predict
Train Set and Test Set. After the stacking combination method, each vector in Train

Set and Test Set has predictions from weak learners, respectively.

In the fourth phase of the MER classification system is the meta-learner. In this
thesis, the meta-classifier (level-1) is an artificial neural network (ANN) since it is
extensively used for binary classification in sleep apnea studies. ANN is a generic
nonlinear function classification method, and it is a combination of basic knots, called
neurons (the general information in Section 2.3.4). Fig. 6.5 illustrates the training
process of the ANN. Each kind of prediction from one of the weak learners is fed into
one neuron in the input layer of an ANN. The ANN obtains the outputs by fitting

weights and bias. The outputs are compared with the targets of the input predictions
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(the apnea label or the normal label), and the loss parameter is the most widely used as
the evaluation index. The evaluation results return to the ANN, and the ANN tweak
network weights and bias to reduce the loss parameter. After the training process,
the trained ANN is obtained, which has one input layer with neurons, one hidden
layer having nodes, and one output layer. Fig. 6.6 illustrates the testing process of
the trained ANN. Each kind of prediction from one of the weak learners is fed into
one neuron in the input layer of the trained ANN. The determined weights, bias, and

activation functions are used to obtain the final predictions.

6.3.2 Experiments, Results and Discussion

The MER classification is shown in Fig. 6.3. Firstly, the 48 selected features are fed
into the MER classification system, which are extracted from ECG, SaO,, airflow, tho-
racic, and abdominal signals. Secondly, in Table 6.2, four boosting methods (Gradient
Boosting, CatBoost, Light GBM, and XGBoost) have better performance than other
classifiers, and the accuracy is above 90%. The four boosting methods are considered
as weak learners in level-0. The third phase is the classifier combination method. In
this thesis, we use the stacking ensemble method as the classifier combination. In the
fourth phase, to combine the predictions from four weak learners, an ANN is consid-
ered as the meta-learner. The Grid Search method was used to tune the parameters
of an ANN. After the training process of the ANN, the trained ANN with one input
layer, one hidden layer having four nodes, and one output layer is used to provide the

final prediction.

In the 60-second time-window experiment, Table 6.3 shows the performance of the
MER classification system and the results of four weak learners (Gradient Boosting,

CatBoost, Light GBM, and XGBoost). The average accuracy of four weak learners is
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Prediction of
Apnea/Normal

Output Layer

Hidden Layer

Trained Artificial Neural Network
Input Layer

Testing Case 1

Testing Set
Fig. 6.6 Prediction process of the trained ANN in the multi-errors-reduction classification system
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Table 6.3 Performance of four weak classifiers and the multi-errors-reduction classi-
fier with the 48 selected features based on the 60-second time-window segmentation
method

Classifiers Acc (%) Sen (%) Spe(%) AUC (%)
Gradient Boosting ~ 90.60 93.23 86.94 90.08

CatBoost 90.71 91.94 89.00 90.47
Light GBM 90.34 91.88 88.20 90.04
XGBoost 90.55 91.73 88.90 90.32

MER classifier 94.66 96.37 90.83 93.60

Table 6.4 Performance of different classifiers and the multi-errors-reduction classifi-
er with the 48 selected features based on the 60-second time-window segmentation
method

Classifiers Acc (%) Sen (%) Spe(%) AUC (%)
SVM 88.80 91.95 81.82 86.89
Random Forest 87.66 90.46 83.15 87.30
Decision Tree 83.76 84.43 82.83 83.63
Extra Trees 86.11 88.76 83.41 86.59
K-Neighbors 88.99 91.61 82.95 87.28

Logistic Regression 87.10 90.87 81.86 86.36
Linear Discriminant  87.65 93.69 79.23 86.46
MER classifier 94.66 96.37 90.83 93.60

about 90%, and the average sensitivity of four weak learners is about 92%, and the
average specificity of four weak learners is about 88%, and the average AUC of four
weak learners is about 90%. However, the results (accuracy = 94.66%, sensitivity =
96.37%, specificity = 90.83%, and AUC = 93.60%) of the MER classification system

have higher performance than the results from four weak learners.

In addition, the performance of the MER classification system is also compared
with the other classifiers (Table 6.4). The average accuracy of different classifiers is
about to 86%, and the average sensitivity of different classifiers is about 85%, and
the average specificity of different classifiers is about 81%, and the average AUC of

different classifiers is about 85%. Using the MER classification system, the accuracy is
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Table 6.5 Performance of each classifier and the multi-errors-reduction classifier with
the 19 selected features from ECG, SaO,, and abdominal signals, based on the duration
parameter

Classifiers Acc (%) Sen (%) Spe(%) AUC (%)
SVM 81.68 97.05 66.54 81.79
Random Forest 81.60 85.27 77.98 81.62
Decision Tree 76.78 75.41 78.13 76.77
Extra Trees 81.35 85.25 77.50 81.38
K-Neighbors 78.28 84.03 72.61 78.32

Logistic Regression 81.28 96.18 66.60 81.39
Linear Discriminant 73.80 88.69 59.13 73.91
MER -classifier 85.14 94.96 75.45 85.21

improved from about 89% to 94.66%, and the sensitivity is 96.37%, and the specificity

is 90.83%, and the AUC is 93.60.

The MER classification system is also used in the duration experiment. The results
of the MER system consists of the 85.14% accuracy, the 94.96% sensitivity, the 75.45%
specificity, and the 85.21% AUC (Table 6.5). Table 6.5 also demonstrates the results

of other classifiers. The MER classification system outperforms the other classifiers.

6.3.3 Discussion

The 60-second time-window segmentation method is used since there is no duration
parameter in actual data, and the 60-second time-window method has potential power
in actual data. In Section 5.3, 66 kinds of multi-domain features are extracted from
ECG, Sa0,, airflow, thoracic, and abdominal signals. In order to reduce the feature
set, the ranking feature algorithm is used to determine the final feature subset. Forty-
eight selected features are put into the final feature subset from five bio-signals. These
48 kinds of features are related to the bio-physiological criteria. The performance (the

88.80% accuracy) of 48 kinds of features is higher than the performance (the 88.76%



Obstructive Sleep Apnea Classification Using The Multi-Errors-Reduction (MER)
132 System Based on The 60-Second Time-Window Method

accuracy) of the 66 features, which means some features from abdominal, ECG, and

airflow signals are irrelevant.

Four boosting methods (Gradient Boosting, CatBoost, Light GBM, and XGBoost)
are used in the single one classification stage, and boosting methods have better classic
machine learning methods. The best classifier is CatBoost with accuracy = 90.71%,
sensitivity = 91.94%, specificity = 89.00%, and AUC = 90.47%. Although boosting
methods have a high level with a time-window segmentation method, we also try to
boost the classification to a higher level. The MER classification system is developed.
Gradient Boosting, CatBoost, Light GBM, and XGBoost provide four predictions of
each event, respectively. After the stacking classification combination method, the
ANN with one input layer, one hidden layer having four nodes, and one output layer
is used to provide the final prediction. By this classification system, in the 60-second
time-window experiment, the accuracy is improved to 94.66% from 90.71%, and in the
duration experiment, the accuracy is improved to 85.14% from 81.68%. In this work,
we use multi-domain methods to define features from multi-bio signals and reflect ap-
nea events in different spaces. To the extent complex features, the MER classification
system provides a more effective approach through comparison with empirical data.
The MER classification system generates a more general application, and it combines

the advantages from four boosting methods and overcomes the disadvantages.

6.4 Summary

The aim of this chapter is to construct the multi-errors-reduction classification system
to detect apnea events. To achieve this aim, firstly, multi-domain feature extractions
and the two-stage feature selection are used to select the final feature subset. Multi-bio

signals from PSG recordings are used to generate features, and the PSG signals are
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collected in the Sleep Heart Health Study (SHHS) database. From the database, we
adopt 1,574 patients’ PSG recordings and use feature extraction algorithms include
time-domain, frequency-domain, and non-linear analysis. In the experiment with the
60-second time-window segmentation method, 66 kinds of features are extracted from
ECG, Sa0,, airflow, thoracic, and abdominal signals. In the two-stage feature selec-
tion stage, in order to improve performance, the descending order of 66 features is
obtained according to Afeature- With the hill-climbing algorithm, 48 features achieve
the maximum accuracy (88.80%), with good sensitivity (91.95%), specificity (81.82%),
and AUC(86.89%). After the feature selection stage, 48 features are selected from
five kinds of bio-signals. In the classification of single one machine learning method,
four boosting methods (Gradient Boosting, CatBoost, Light GBM, and XGBoost) are
used. The best classifier is CatBoost with accuracy = 90.71%, sensitivity = 91.94%,

specificity = 89.00%, and AUC = 90.47%.

The multi-errors-reduction classification system is constructed to improve perfor-
mance. Firstly, Gradient Boosting, CatBoost, Light GBM, and XGBoost are consid-
ered as base classifiers (level-0). After the stacking classification combination method,
there is an ANN with one input layer, one hidden layer having four nodes, and one
output layer, and four inputs are provided by the results from four boosting methods
respectively. After multi-errors-reduction classification system, results (accuracy =
94.66%, sensitivity = 96.37%, specificity = 90.83% and AUC = 93.60%) have high
performance in the 60-second time-window experiment. In the duration experiment,
results (accuracy = 85.14%, sensitivity = 94.96%, specificity = 75,45%, and AUC
= 85.21%). The multi-errors-reduction classification system is able to improve the

classification performance.






Chapter 7

Conclusion and Future Work

7.1 Conclusion

Individuals with OSA often face many serious diseases. Traditionally, sleep specialists
perform OSA diagnosis according to visual observation of PSG signals. OSA diagnosis
is based on the visual observation of sleep specialists, which has many disadvantages,
such as the requirement of trained specialists, an onerous task for specialists. There-
fore, in order to detect OSA, automatic systems based on machine learning algorithms

are desirable to help doctors during the diagnostic process.

The thesis proposes an automatic obstructive sleep apnea (OSA) detection system
using multi-domain features from different bio-signals. To achieve this, the automatic
OSA detection system is divided into three parts, including the multi-domain feature
extraction algorithms, the two-stage feature selection method, and the multi-errors-

reduction (MER) classification system.

First of all, since the detection of OSA manually is time-consuming, costly and un-

comfortable, the automatic OSA detection system should rely on the core bio-signals,
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which tend to be low-cost, easy to collect, and good quality. Thus, it is an important
step to select significant bio-signals. ECG, airflow, SaO,, abdominal, and thoraci-
¢ signals are considered as the core bio-signals. The bio-signals have different bio-
patterns between apnea events and normal events. According to the different apneic
bio-physiological changes from multi-bio signals, time-domain, frequency-domain, and
non-linear features are extracted from ECG, airflow, SaOs, abdominal, and thoracic
signals. There are 66 features from the five kinds of bio-signals. Twelve features are
extracted from SaO, signals, and nine feature are extracted from airflow signals, and
six features are extracted from abdominal signals, and six features are extracted from

thoracic signals, and 32 features are extracted from ECG signals.

All features then are evaluated by the two-stage feature selection (Stage 1: the
statistical analysis stage and Stage 2: the final feature subset selection stage using
machine learning methods). In the first stage, two statistics analyses (the analysis of
variance (ANOVA) and the rank-sum test) are used. Each feature from each patient
has a pair of p-values. There are two statistical analysis criteria (the p-value of ANOVA
< 0.05 and the p-value = 1), which are used to determine significant features. Agature 1S
set as the number of positive pairs for each feature, and a threshold is equal to half of
the number of processed signals. If the Agature Of a feature is more than the threshold,
this feature is put into the feature subset. In the second stage, the feature subset
from the former phase is divided into different classes by comparing the distribution
of the Afeature Set Of selected features. Features in different classes are put into an SVM
classifier using the hill-climbing algorithm. The sensitivity, specificity, accuracy, and
area under ROC curve (AUC) are used to evaluate the performance of different SVM
models. After the two-stage feature selection procedure, the final feature subset with

good discrimination is determined.
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In the thesis, the Sleep Heart Health Study (SHHS) database is used since it is
able to provide over 1,500 patients’ PSG signals, which help to evaluate the stability
of our automatic system. 66 time-domain, frequency-domain, and non-linear analysis
features are extracted from ECG, airflow, SaO,, abdominal, and thoracic signals. After
the two-stage feature selection, 19 features are considered as the final feature subset,
which is extracted from ECG, SaO,, and abdominal signals. These features are able to
reflect the apneic bio-physiological changes, such as sudden drops and fast recoveries
in SaO, signals, active abdominal muscles during sleep apnea events, and lower heart
rate in ECG signals. Compared different classifiers, the SVM method is able to hold
highest performance (accuracy = 81.68%, sensitivity = 97.05%, specificity = 66.54%,
and AUC = 81.79%). To improve the specificity, it is found that classifiers show bad

performance when they predict normal events whose duration is less than 60 seconds.

In the experiment with the 60-second time-window segmentation method, 66 kinds
of features are extracted from ECG, SaO,, airflow, thoracic, and abdominal signals.
After the two-stage feature selection method, 48 features achieve the maximum accura-
cy (88.80%), with good sensitivity (91.95%), specificity (81.82%), and AUC(86.89%),
which are extracted from five kinds of bio-signals. In the classification using a single
one machine learning method, four boosting methods (Gradient Boosting, CatBoost,
Light GBM, and XGBoost) outperforms other classifiers. The MER classification
system is constructed to improve performance. Firstly, four boosting methods are
considered as base classifiers (level-0). After the stacking classification combination
method, there is the ANN with one input layer, one hidden layer having four nodes,
and one output layer, and four inputs are provided by the results from four boosting
methods respectively. After multi-errors-reduction classification system, results (accu-
racy = 94.66%, sensitivity = 96.37%, specificity = 90.83% and AUC = 93.60%) have

high performance in the 60-second time-window experiment. In the duration exper-
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iment, results (accuracy = 85.14%, sensitivity = 94.96%, specificity = 75,45%, and
AUC = 85.21%). The MER classification system is able to improve the classification

performance.

ECG, Sa0O,, airflow, thoracic, and abdominal signals are highly accurate, easily
accessible, and more stable bio-signals, and time-domain, frequency-domain, and non-
linear analyses can provide features with good information. The two-stage procedure
is a combination of the statistical analysis stage and machine learning methods to
select the features with good discrimination. The multi-errors-reduction classification
system uses Gradient Boosting, CatBoost, Light GBM, and XGBoost as base classifiers
(level-0) and an ANN as level-1 and the system can hold the complex multi-domain

features from different bio-signals and offer good performance.

7.2 Future Work

Some possible future research directions are shown in this section.

1. Cooperate with hospitals or sleep research institutions. In this thesis, all used
datasets are open from the Internet. It is necessary to evaluate the performance
of our automatic OSA detection system in real data. Hospitals or sleep research
institutions are able to help to collect real OSA PSG recordings since they have
PSG machines and sleep experts. Also, in collected PSG signals, different sleep

stages and sleep diseases should be labelled by sleep doctors.

2. Use novel sensors. The aim of this study is to obtain useful features from multi-
bio signals. The quality of bio-signals affects the performance of our method
because there are artifacts and baseline problems in bio-signals with the bad-

quality. Although removing artifacts and the baseline correction are used in this
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paper, to further improve the auto-detection, it is necessary to upgrade the sig-
nal acquisition process and the sensor. Wearable sensors that can be attached
directly on human skin can monitor valuable physical and biological informa-
tion, such as airflow, pressure, respiration, and blood, even if the surrounding
conditions always change [84] [85]. Classic sensors monitor a single signal, and
it is an urgent need for novel sensors that can monitor changes in a variety of
bio-signals. For this purpose, the surface of polyimide nanowires with silver
nanoparticles is used to fabricate a novel sensor [86]. With the development of
novel sensors, bio-signals are monitored and recorded efficiently, and these bio-
signals with good quality improve the performance of feature extraction methods

and classifications.

3. Develop in-home or mobile monitoring. More technology companies focus on
wearable electric equipment, such as Apple Watch and HUAWEI Watch. Our
automatic method will be used in this field. Watches are used to collect limited
and useful signals, such as oxygen saturation and airflow signals, and data are
transformed to the paired phone by Bluetooth. In the phone, our detection
algorithm is running and monitoring apnea events. If the algorithm finds the
person monitored is during apnea, the phone alarm the subject by ringing or

flashing.
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