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ABSTRACT

EARLY DIAGNOSIS OF ACUTE CORONARY
SYNDROMES AUTOMATICALLY BY USING
FEATURES OF ECG RECORDINGS

Merve Begtim Terzi
M.S. in Electrical and Electronics Engineering
Supervisor: Prof. Dr. Orhan Arikan
September, 2014

In patients with acute coronary syndrome, temporary chest pains together
with changes in the ST/T sections of ECG occur shortly before the start of
myocardial infarction. In order to diagnose acute coronary syndromes early, we
propose a new technique which detects changes in the ST /T sections of ECG. For
this purpose, by using real ECG recordings, we identify ECG features that are
critical in the detection of acute coronary syndromes. By using support vector
machines (SVM) operating with linear and radial basis function (RBF) kernels,
we obtain classifiers that use 2 or 3 most discriminating features of the ST/T
sections. To improve performance, classification results on multiple segments are
fused. The obtained results over a considerable number of patients indicate that
the proposed classification technique provides highly reliable detection of acute
coronary syndromes. To develop a detection technique that can be used in the
absence of unhealthy ECGs, we also investigate the detection of acute coronary
syndromes based on ECG recordings of a patient obtained during healthy stage
only. For this purpose, a Gaussian mixture model is used to represent the joint
pdf of the selected features. Then, a Neyman-Pearson type of approach is de-
veloped to provide detection of outliers that would correspond to acute coronary

syndromes.

Keywords: Electrocardiogram (ECG) signal classification, feature extraction, sup-
port vector machine (SVM), kernel method, acute coronary syndrome, acute my-

ocardial infarction.
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OZET

EKG KAYITLARININ OZNITELIKLERI
KULLANILARAK AKUT KORONER SENDROMLARIN
OTOMATIK OLARAK ERKEN TESHISI

Merve Begiim Terzi
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Tez Yoneticisi: Prof. Dr. Orhan Arikan
Eyliil, 2014

Akut koroner sendrom hastalarinda, miyokard infarktiisii baglangicindan
kisa bir siire Once, gegici gogis agrilart ile birlikte EKG'nin ST/T kisminda
degisiklikler meydana gelmektedir. Akut koroner sendromlari erken teshis et-
mek amaciyla, EKG sinyalinin ST/T kismindaki degisiklikleri saptayan yeni
bir teknik o6neriyoruz. Bu amacla, gercek EKG kayitlar1 kullanarak, akut ko-
roner sendrom teshisi icin kritik olan EKG oOzniteliklerini belirledik. Lineer
ve radyal tabanli gekirdek fonksiyonuna sahip destek vektor makineleri (DVM)
kullanarak, ST /T kisminin ayiriciligi en yitksek 2 veya 3 Ozniteligini kullanan
simiflandiricilar elde ettik. Performansi arttirmak amaciyla, ¢oklu segment-
lerin simiflandirma sonuglarini birlestirdik. Kayda deger sayida hastadan elde
edilen sonuglar, onerilen simiflandirma tekniginin oldukc¢a giivenilir akut koroner
sendrom tespiti sagladigin1 gostermektedir. Ayrica, sagliksiz EKG yoklugunda
kullanilabilecek bir tespit teknigi gelistirmek icin, bir hastanin saglkli durum-
dayken elde edilen EKG kayitlarina dayanarak akut koroner sendrom tespitini
aragtirdik. Bu amacgla, secilen Ozniteliklerin ortak olasilik yogunluk fonksiy-
onunu gostermek i¢in Gauss karigim modeli kullanilmigtir. Ayrica, akut koroner
sendromlar1 temsil eden aykiri degerlerin tespitini saglamak amaciyla Neyman-
Pearson tipi yaklagim geligtirilmistir.

Anahtar sézciikler: Elektrokardiyogram (EKG) sinyal simflandirma, 6znitelik
¢ikarimi, destek vektér makinesi (DVM), kernel metodu, akut koroner sendrom,

akut miyokard infarktiisii.
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Chapter 1

Introduction

Any set of clinical symptoms consistent with acute myocardial ischemia con-
taining clinical cases such as non-ST segment elevation myocardial infarction
(NSTEMI), ST segment elevation myocardial infarction (STEMI) and unstable

angina (UA) are called as acute coronary syndrome (ACS) [1].

According to the World Health Organization (WHO), ischaemic heart disease
is the leading cause of death for both men and women worldwide. Each year, only
in the United States, approximately 1.36 million hospitalizations are required for

ACS, of which 0.81 million are for myocardial infarction (MI) and the remainder
are for UA [2].

The symptoms of UA/NSTEMI and STEMI are similar and differentiating
the two requires medical evaluation and 12-lead electrocardiography (ECG). The
guidelines for managing UA/NSTEMI, released by the American College of Car-
diology (ACC) and the American Heart Association (AHA), state that patients
with symptoms suggestive of ACS should be referred to a facility that has capabil-
ities for 12-lead ECG recording and evaluation by a physician [3]. The literature
shows that monitoring of heart electrical activity provides early recognition of
symptoms of myocardial infarction and can reduce the morbidity and mortality

of patients [4].



1.1 Anatomy of the Heart

Heart is a muscular organ that supplies blood through the body, which is lo-
cated between lungs in the left side of the sternum. It consists of four chambers
which are right atrium, right ventricle, left atrium and left ventricle. Figure 1.1

illustrates the structure diagram of a human heart.

Left common
carotid artery

Left subclavian

Brachiocephalic artery artery

Aorta
Superior vena cava
Left pulmonary
Right pulmonary arteries arteries
Left pulmonary

Right pulmonary veins. veins

Left atrium

Right atrium Semilunar valves

Atrioventricular

mitral) valve
Atrioventricular { )

(tricuspid) valve

Left ventricle

Chordae tendineae.
Right ventricle.

Septum

Inferior vena cava

Figure 1.1: Structure diagram of the human heart from an anterior view. Red
components indicate oxygenated pathways and blue components indicate deoxy-
genated blood pathways [5].

The components of the cardiovascular system that are composed of different

chambers, valves, arteries and veins are defined as below.

Right Atrium: The deoxygenated blood returning from the body enters to
the right atrium by superior vena cava and is then passed on to the right ventri-

cle through the tricuspid valve.

Right Ventricle: It consists of deoxygenated blood which passes through the

pulmonary valve and then through lungs for oxygenation.

Pulmonary Valve: It is a one way valve which controls the flow of blood from

right ventricle to pulmonary arteries.



Pulmonary Arteries: Deoxygenated blood is supplied to the lungs via the

pulmonary arteries, where the blood gets oxygenated.

Pulmonary Veins: The oxygenated blood flows from the lungs to the pul-

monary veins. These veins supply the oxygenated blood to left atrium.

Left Atrium: The oxygenated blood coming from pulmonary veins enters to

left atrium. The blood is then forced into the left ventricle via the mitral valve.

Mitral Valve: It is a one way valve which controls the flow of blood from

the left atrium to the left ventricle.

Left Ventricle: The oxygenated blood entering the left ventricle through the

mitral valve is forced from the left ventricle into the aorta through the aortic valve.

Aortic Valve: It is a one way valve that controls the flow of blood from the left

ventricle to the aorta.

Aorta: It is the largest artery in the body and by branching into smaller ar-
teries it carries the oxygenated blood from the heart to the other parts of the
body.

The cardiovascular system which contains the pulmonary and systemic circu-

lation consists of the components that are described above.

1.2 Physiology of the Heart

The heart is made of cardiac muscle tissue that contracts and relaxes throughout
the lifetime of a person and this contraction and relaxation of the muscles drives
the blood from the heart. The contraction of the cardiac muscles of the heart’s

ventricles is called systole, while the relaxation of the cardiac muscles of the

3



heart’s ventricles is called diastole. A network of nerve fibers coordinates the
contraction and relaxation of the cardiac muscle tissue to obtain an efficient,
wave-like pumping action of the heart. Figure 1.2 demonstrates the schematic
representation of the sinoatrial (SA) node, atrioventricular (AV) node, bundle of
His and Purkinje fibers.

SA node

Right atrium Left atrium

AV node

AV bundle
Bundle branches —

Purkinje fibers =

Figure 1.2: Schematic representation of the sinoatrial (SA) node, atrioventricular
(AV) node, bundle of His and Purkinje fibers [5].

Sinoatrial node (SA node) which is the natural peacemaker of the heart, trig-
gers an electrical impulse that produces a heartbeat. The impulse trigger that
passes through the atria causes the atrium muscles to contract. After the con-
traction of the atrium muscles, the impulse travelling from the sinoatrial node
reaches to the atrioventricular node (AV node). Another impulse is triggered by
the atrioventricular node which causes the ventricles to contract. The triggering
impulse from the AV node reaches to bundle of His which divides the impulse
into the left and right bundle branches, resulting in contraction of the left and

right ventricles.



1.3 Myocardial Infarction

Myocardial infarction (MI), which is the medical term for a heart attack, is defined
as the damaging or death of an area of the heart muscle (myocardium) resulting

from blocked blood supply to the area.

Coronary heart diseases form as a result of atherosclerosis (narrowing and
hardening of heart muscles) which happens in the arteries that supply blood to
the heart. As a result of accumulation of cholesterol and other fatty substances,
plaque or atheroma formation occur on the arterial wall. The deposit of plaque
hamper blood flow to the cardiac muscles. Figure 1.3 shows schematic represen-

tation of myocardial infarction caused by the blockage of a coronary artery.

\Muscle
Damage

Figure 1.3: Schematic representation of myocardial infarction caused by the
blockage of a coronary artery [6].

When the plaque formed on the anterior wall disperses, the blood clots spread
and blocks the coronary artery, which results in necrosis. As the blockage of the
coronary artery causes a shortage in the oxygen supply to the artery, the heart
muscle cells start to die. The region of injury corresponds to the area of the
heart muscle cells which encompasses the region of infarction. The heart muscle
cells in the region of injury are not completely dead, but they are rather partially
functional. The region of infarction and injury represents a permanent damage

in that area of the heart, in other words a heart attack or myocardial infarction.



Healthy muscle

Dying muscle

Figure 1.4: Schematic representation of the region of infarction and permanent
muscle damage [6].

The decrease in the amount of blood supply flowing through the coronary
arteries causes chest pain, which is called angina pectoris. Chest pain is the most
common symptom of ACS and is often described as a sensation of tightness,
pressure, or squeezing. Pain radiates most often to the left arm, but may also
radiate to the lower jaw, neck, right arm, back, and upper abdomen, where it

may mimic heartburn [7].

1.4 Electrocardiography

Electrocardiography (ECG) is the most reliable tool for measuring electrical ac-
tivity of the heart. In electrocardiography, the electrical current transmitted by
the heart to all over the body is picked up by an electrical sensing device which is
attached to an ECG machine. The electrical sensing devices which detect heart
impulses are called electrodes and they are non-invasively placed on the surface

of the body. Figure 1.5 demonstrates an example of disposable ECG electrodes.
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Figure 1.5: An example of disposable ECG electrodes [8].

The recorded trace acquired from the ECG device is called an electrocardio-
gram. Electrocardiogram represents the depolarization and repolarization of the
heart. By examining the specific features of electrocardiogram, the diagnosis of
patients with different kind of heart diseases can be realized. In the evaluation of
acute chest pain, ECG is the first diagnostic tool which is considered. Figure 1.6
shows an example of a 12-lead ECG.
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Figure 1.6: An example of a 12-lead ECG [8].



There are mainly three deviations in an ECG; the P wave, the QRS complex
and the T wave. Figure 1.7 demonstrates schematic diagram of a normal sinus
rhythm.

QRS

Complex
R
I ST T
P PR Segment WAVE

PR Interval Q V
S

‘ QT Interval

Figure 1.7: Schematic diagram of a normal sinus rhythm [9].

1.4.1 ECG Waves and Intervals

The different components of ECG signal which consist of waves, intervals and

segments are described below.

P Wave: The impulse generated by the sinoatrial (SA) node triggers an
excitation to the atria before reaching to the atrioventricular (AV) node. The P
wave represents electrical activity of the atria in electrocardiogram. The duration

of the P wave is generally 0.08 to 0.1 seconds. (80 ms to 100 ms.)

PR Interval: The impulse vector traveling from the AV node to the bundle
of His creates an isoelectric pattern in electrocardiogram. The PR interval corre-
sponds to the trace between the inception of the P wave to the inception of QRS
complex. It is the indicator of the trace between the onset of atrial depolarization
and the onset of ventricular depolarization. The length of PR interval is usually
between 0.12 to 0.20 seconds (120 to 200 ms).



PR Segment: The impulse vector traveling from the AV node to the bundle
of His, to the bundle branches and then to the Purkinje fibers represents the PR
segment. Since this electrical activity does not produce a contraction, it shows
up flat between the P wave and the QRS complex in electrocardiogram. The
duration of PR interval is largely between 0.05 to 0.12 seconds. (50 to 120 ms.)

QRS complex: The travel of the impulse from the bundle of His to the
ventricular walls throughout the right and left bundle branches results in the
contraction of the ventricular walls. The rapid depolarization of the right and
left ventricles is represented in ECG by the QRS complex. Since the ventricles
have a large muscle mass compared to the atria, the QRS complex generally has a
much larger amplitude than the P wave. The length of the QRS complex changes
between 0.06 to 0.1 seconds (60 to 100 ms), indicating the relatively shorter period

of the ventricular depolarization.

J Point: It is the point which corresponds to the end of the QRS complex
and the beginning of the ST segment. The degree of ST elevation or depression

is measured by using the J point.

ST Segment: After QRS complex, ST segment takes place, forming the
isoelectric line in ECG signal. It represents the period when the ventricles are
depolarized. The duration of the ST segment changes between 0.08 to 0.12 sec-
onds. (80 to 120 ms.)

T Wave: The repolarization of the ventricles constitutes the T wave in ECG.

The duration of the T wave is usually around 0.16 seconds. (160 ms.)

QT Interval: The QT interval is measured from the beginning of the QRS
complex to the end of the T wave. It indicates the time between ventricular
depolarization and ventricular repolarization. The period of the QT interval is
generally between 0.2 and 0.4 seconds. (200 to 400 ms.)



1.4.2 ECG Measurements

In order to record the electrical activity of the heart and to identify different kind
of heart anomalies, ECG electrodes are strategically established onto the body

surface. Ten electrodes that are detailed below are used for a 12-lead ECG.

Bipolar Leads: Bipolar leads are leads which have one positive and one
negative pole. In a 12-lead ECG, the limb leads (I, IT and III) are bipolar leads
[10].

Limb Leads: Leads I, IT and III are called limb leads, because the electrodes
that form these signals are located on the limbs, one on each arm and one on
the left leg. The combination of lead I, IT and III form the Einthoven’s triangle

which is shown in Figure 1.8.

Figure 1.8: Graphical representation of Einthoven’s triangle [11].

e Lead I: It is the voltage between the (positive) left arm (LA) electrode and
right arm (RA) electrode.
I=LA—RA (1.1)

e Lead II: It is the voltage between the (positive) left leg (LL) electrode and
the right arm (RA) electrode.

Il =LL— RA (1.2)
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e Lead III: It is the voltage between the (positive) left leg (LL) electrode
and the left arm (LA) electrode.

IIT=LL—LA (1.3)

Unipolar Leads: These leads also have two poles, however, the negative
pole is a composite pole made up of signals from multiple other electrodes. All
leads except the limb leads are unipolar (aVR, aVL, aVF, V1, V2, V3, V4, V5,
and V6) in a 12-lead ECG.

Augmented Limb Leads: From Leads I, II and III, additional three leads
which are called the augmented limb leads, aVR, aVL and aVF are generated.

Augmented limb leads are the recordings between one limb and two other limbs
[10].

e aVR (Augmented Vector Right): The negative electrode is a combina-
tion of the left arm electrode and the left leg electrode. It has the positive

electrode on the right arm.
1
aVR=RA— é(LA + LL) (1.4)

or by using the limb leads

I+11
2

aVR = — (1.5)

e aVL (Augmented Vector Left): The negative electrode is a combination
of the right arm electrode and the left leg electrode. It has the positive

electrode on the left arm.
1
aVL =LA — §(RA + LL) (1.6)
or by using the limb leads
II

aVL=1- (1.7)

11



e aVF (Augmented Vector Foot): The negative electrode is a combina-
tion of the right arm electrode and the left arm electrode. It has the positive

electrode on the left leg.
1
aVF =LL — é(RA + LA) (1.8)

or by using the limb leads

I
aVF =11~ (1.9)

Precordial Leads: The electrodes for the precordial leads (V1, V2, V3, V4, V5
and V6) are considered to be unipolar and Wilson’s central terminal is used for
the negative electrode. Electrodes are placed directly on the chest. They don’t

require augmentation because of their close proximity to the heart.

Wilson’s central terminal Vjy is produced by connecting the electrodes RA,

LA, and LL together to give an average potential across the body.

1
Viv = 5(RA+ LA+ LL) (1.10)
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Chapter 2

ECG Feature Extraction for the
Detection of Acute Coronary

Syndrome

In this section, we present the signal analysis techniques which are developed for
the detection of critical heartaches in patients who suffer from coronary artery
disease. Farly diagnosis of acute coronary syndromes is possible by analyzing the
changes in ST /T segment of the ECG signal [12].

In order to investigate the performance of the proposed detection techniques,
a database of real ECG recordings including basal and ischaemic states of the
patients which is constructed in the Cardiology Department of Gazi University

Faculty of Medicine, is used.

During ECG recordings, the signal can be distorted because of muscular activ-
ity, respiration of the patient, electrode artifacts due to perspiration and electrode
movements. In order to minimize the distortion of the signal, the electrodes are
placed on the shoulders and on the hip instead of the arms and the leg. This
change in the electrode placement is called the Mason-Likar modification [13].

Figure 2.1 illustrates Mason-Likar modification of the 12-lead ECG system.
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Figure 2.1: Mason-Likar modification of the 12-lead ECG system [8].

2.1 ECG Data Acquisition

The ECG recordings in the database have been obtained by using a simple pc-
based, portable 12-lead Microcor ECG device shown in Figure 2.2. This device
amplifies the ECG signals acquired from the patient, digitizes, processes and

transmits them wirelessly to a computer via a USB adapter attached to it.

Figure 2.2: 12-lead portable Microcor ECG device.
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2.1.1 Electrode Quality Check and Calibration Control

At the beginning of ECG recording, the skin contact quality of all the electrodes
are displayed, so that faulty and low-quality electrode connections can be detected
and corrected. In addition, calibration control is realized for detecting channel

gain and ECG cable continuity faults before starting to record ECG signals.

2.1.2 Microcor PC Software

After the completion of the ECG recording, data is sent from Microcor ECG
device to Microcor PC software via a USB adapter. A specific patient folder is
then formed for each patient and the 12 lead basal and ischaemic ECG data is
saved to that folder, including information about the patient’s name, age, gender
and the date of the recording. Figures 2.3 and 2.4 show Microcor ECG device
visual display of 12-lead ECG recording.

Session Ekg Patient View Tools Help
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12Nov 2013 00:34

Figure 2.3: Microcor ECG device visual display of 12-lead ECG recording in
patient window.
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Ekg Patient View Tools Help

Figure 2.4: Microcor ECG device visual display of 12-lead ECG recording in data
window.

2.2 ECG Signal Analysis Techniques

The following standard signal analysis techniques are implemented on the real
ECG recordings in the database.

2.2.1 Preprocessing of ECG Signal

ECG signals typically include high frequency muscle artifacts and low frequency
baseline wander, which may occur due to the movement of the patient during the
ECG recording session [14]. Since the baseline wander and muscle artifact do not
contain any information about ECG data, they are removed from the ECG signal
by using a band-pass filter. Additionally, notch filter is used to eliminate 50 Hz
line voltage [15].

In order to avoid Gibbs phenomenon, which is caused by the abrupt changes
at the onset and at the end of the signal, ECG signal is first multiplied by a

raised cosine window, then it is filtered by a cascade of band-pass and notch filter
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combinations with cut-off frequencies f;,=0.05 Hz and fz=150 Hz for the band-
pass filter and f,=49 Hz and fy=>51 Hz for the notch filter [16]. Figure 2.7 shows
the raised cosine window and 2.8 shows the cascade of band-pass and notch filter

combinations.
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Figure 2.5: Basal ECG raw data taken from a patient.
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Figure 2.6: Ischaemic ECG raw data taken from a patient.
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Figure 2.7: Raised cosine window.
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Figure 2.8: Cascade of band-pass and notch filter combinations with cut-off fre-
quencies f;=0.05 Hz and fy=150 Hz for the band-pass filter and f;=49 Hz and
fu=51 Hz for the notch filter.
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Figure 2.9: Filtered basal ECG recording.
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Figure 2.10: Filtered ischaemic ECG recording.
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2.2.2 Detection of the QRS Complex

Since the QRS complex is the most distinctive part of the ECG signal, it serves
well in the classification of each period in the recording. For the detection of
QRS complex, we first set a threshold level which is higher than P and T waves
and lower than the QRS complex in amplitude. By comparing the signal values
where the ECG signal amplitude is higher than the set threshold, the time domain
localization of the QRS complexes are obtained. Figures 2.11 and 2.12 show QRS

detection of basal and ischaemic ECG recordings.
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Figure 2.11: QRS detection of basal ECG recording.
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Figure 2.12: QRS detection of ischaemic ECG recording.
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2.2.3 Segmentation of the ECG Signal

According to the previously detected QRS positions, ECG signals are segmented
into individual periods each corresponding to a single heartbeat. Each period
starts 230 ms before and ends 500 ms following the peak position of the QRS
complex. Figures 2.13 and 2.14 demonstrate a single period of basal and ischaemic
ECG recordings.
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Figure 2.13: A single period of basal ECG recording.
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Figure 2.14: A single period of ischaemic ECG recording.
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2.2.4 Estimation of the Isoelectric Line

Isoelectric line represents the reference potential level of the measured heart ac-
tivity for each recorded heartbeat. In ECG signals, isoelectric line is defined as
the level of the recorded signal during the PR segment. Our purpose in defining
the isoelectric line is to determine the depression or elevation amount in the ST
segment. After the removal of isoelectric line, the amplitude of the signal in PR
segment oscillates around zero. Figures 2.15 and 2.16 illustrate a single period of
basal and ischaemic ECG recordings before and after removal of the isoelectric

line.
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Figure 2.15: A single period of basal ECG recording before and after removal of
the isoelectric line.
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Figure 2.16: A single period of ischaemic ECG recording before and after removal
of the isoelectric line.

22



Figures 2.17 and 2.18 show a single period of basal and ischaemic ECG record-

ings after removal of the isoelectric line.
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Figure 2.17: A single period of basal ECG recording after removal of the isoelectric
line.
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Figure 2.18: A single period of ischaemic ECG recording after removal of the
isoelectric line.
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2.2.5 Detection of the J Point

We find the location of the J point in a ECG signal in order to locate the cor-
responding ST segment and T wave. In a period of ECG recording, J point
roughly corresponds to the end of the QRS complex and the beginning of the ST
segment. For the accurate location of the J point, we find the first value of the
signal which is lower than zero within 20 sample points following the QRS peak
in time. Alternatively, we also identify the point where the signal reaches down
to its minimum value within 20 sample points following the QRS peak. Results
show that both of these methods give almost the same detection results. The

point corresponding to 15 ms after this detected point is defined as the J point.

2.2.6 Identification of the ST Segment

The location of ST segment in ECG signal is precisely defined by using the J
point. The onset of the ST segment corresponds to the J point, while the end of
the ST segment is defined as 160 ms after the J point.

2.2.7 Detection of the T Wave

The changes in the T wave may indicate symptoms of acute coronary syndrome.
Therefore, we define the location of the T wave in ECG signal by taking the J
point as a reference. The onset of the T wave corresponds to 150 ms after the
J point, while the end of the T wave corresponds to 350 ms after the J point.
Figure 2.19 shows the detected T wave of the ECG signal.
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Figure 2.19: The T wave.

2.3 Extraction of ECG Features from the ST

Segment

2.3.1 Depression or Elevation in the ST Segment

One of the symptoms of acute coronary syndrome is the depression or elevation in
the ST segment. ST level is identified by taking the isoelectric line as a reference.
According to the isoelectric line, if the instant ECG ST level is lower than the
basal ECG ST level, we conclude that a depression has taken place in ST segment.
However, if the instant ECG ST level is higher than the basal ECG ST level, we

conclude that an elevation has taken place in ST segment [17].

2.3.2 Slope of the ST Segment

Slope of the ST segment constitutes one of the tools for analyzing the effects of
acute coronary syndrome on ECG signals. The slope of ST segment, is estimated
as the slope of the best fitting line in terms of least squares to the samples of
the ST segment. Figures 2.20 and 2.21 illustrate a single period of basal and

ischaemic ECG recordings after implementation of the signal analysis techniques.
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Figure 2.20: A single period of basal ECG recording after implementation of the
signal analysis techniques.
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Figure 2.21: A single period of ischaemic ECG recording after implementation of
the signal analysis techniques.
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2.4 Extraction of ECG Features from the T
Wave

2.4.1 Maximum/Minimum Point of the T Wave

In some cases, due to the lengthening of ST segment, the onset and the end of
the T wave can be delayed. Therefore, for accurately locating the T wave in ECG
signals, the extremum point of the T wave can be used. The extremum point of
the T wave is found between the time interval corresponding to 150 ms and 350

ms following the J point for more precise identification of the T wave.

2.4.2 Area Under the T Wave

The area under the T wave is considered as a tool for the diagnosis of acute
coronary syndromes. It is approximated by using the trapezoidal rule and all the

values of the signal between the onset and the end of the T wave.

2.5 Statistical Variation of Computed ECG Fea-

tures

To investigate their statistical variation, the ECG features of the recordings in
the database have been computed. After obtaining the ECG features, in order
to analyze the differences between basal and ischaemic ECG signals, the mean,
maximum, minimum and standard deviation values of three different ECG fea-
tures are calculated for all 12 leads of the ECG signals. Table 2.1 and 2.2 shows
an example of computed ECG feature values for single lead ECG signal that are

obtained from a single patient.
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Table 2.1: Mean, standard deviation, maximum and minimum values of basal
ECG features.

ST Level ST Slope T Area
(mV) (mV/sec) (mV.sec)

Mean Value 0.24 5.42 0.12
Standard Deviation 0.05 0.72 0.01
Maximum Value 0.49 7.12 0.16
Minimum Value 0.14 3.24 0.05

Table 2.2: Mean, standard deviation, maximum and minimum values of ischaemic
ECG features.

ST Level ST Slope T Area
(mV) (mV/sec) (mV.sec)

Mean Value 0.11 2.31 0.09
Standard Deviation 0.03 0.41 0.02
Maximum Value 0.28 4.91 0.15
Minimum Value 0.09 1.36 0.05

In clinical studies, when basal ECG recording is used as a reference, an ST
segment elevation or depression of 0.1 mV in at least one of the leads is consid-
ered as an indication of acute coronary syndrome. The comparison between ST
segment feature results of basal and ischaemic ECG recordings showed that there
is an ST segment elevation or depression which is greater than 0.1 mV in at least
one of the leads in ECG recordings of each patient. Table 2.1 and 2.2 shows an

example of such a case where there is an ST segment depression of 0.13 mV.

In previous studies, the contribution of T wave analysis to the sensitivity
of ischaemia detection has not been investigated [3]. Therefore, in this thesis,
the analysis of the effect of T wave changes on ACS detection has important
contributions to the related studies. The results of the analysis show that, the
changes in the area of T wave are coherent with the changes in the slope of ST
segment in each lead. Table 2.1 and 2.2 demonstrates an example of this result

where a decrease in the T wave area occurs simultaneously with a decrease in the

28



ST segment slope. For this reason, the results indicate that using the T wave
feature in addition to the ST segment features has a significant contribution to

the analysis on increasing the sensitivity and specificity of ischaemia detection.

For the purpose of analyzing the differences between basal and ischaemic ECG
signal, bar graphs of three different ECG features which are ST level, ST slope
and T wave area are plotted for all 12 leads of ECG recordings for each patient.
Figures 2.22, 2.23 and 2.24 demonstrate the mean and standard deviation values
of 12 leads of ECG recordings from a single patient for three different features.
As a result of the bar graph analysis, it is observed that in different patients the
discriminative strength of the ST level, ST slope and T wave area features are
different in a specific lead. In addition, the results showed that the discriminative

strength of a specific feature in 12 different leads is different in each patient.
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Figure 2.22: ST level bar graph showing mean and standard deviation values of
basal and ischaemic ECG for 12 lead.
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Figure 2.23: ST slope bar graph showing mean and standard deviation values of
basal and ischaemic ECG for 12 lead.
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Figure 2.24: T wave area bar graph showing mean and standard deviation values
of basal and ischaemic ECG for 12 lead.
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Chapter 3

Proposed Detection Technique of

Acute Coronary Syndrome

3.1 Formulation of the Detection Framework

Using ECG Features

After realizing the feature extraction step, the most discriminating ECG features
which are required for the detection of acute coronary syndromes are obtained.
These three features are acquired from basal and ischaemic ECG recordings of
the patients. By using support vector machines (SVM) operating with linear
and radial basis function (RBF) kernels, we obtained classifiers that use two and
three most discriminating features of the ST /T sections. The set of ECG features
constitute the training data for the support vector machines. The classification

problem can be expressed as follows.

Given a set of n points which is the training data of the form

D={(xi,y;) | xs € R?, y; € {1, 1}}]_, (3.1)

where each x; is a p-dimensional feature vector and y; shows to which class the

point x; belongs with a value either 1 or —1.
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The aim of the classification task is to decide in which class a new data point,
which is called the test data, will be, when we have given training data points
belonging to one of the two classes. For this purpose, we want to learn if we can
distinguish points by using a (p-1)-dimensional hyperplane where a data point is
seen as a p-dimensional vector [18]. Among many hyperplanes which may classify
the data, the hyperplane that provides the widest margin between two classes is
identified for each case by using support vector machines. In other words, the
hyperplane which provides maximum space between itself and the closest data

points on both side, which are named as the support vectors, is determined.

3.2 Review of Classification Techniques Used in

the Proposed Framework

In the following sections a review of support vector machines (SVM), kernel meth-

ods and performance metrics of binary classifiers are introduced.

3.2.1 Support Vector Machine

Support vector machines (SVMs) are supervised learning models used for clas-
sification in machine learning, with associated learning algorithms that analyze
data and recognize patterns. An SVM training algorithm creates a model that
allocates new samples into one class or the other when a set of training samples
each marked as belonging to one of the two classes are given. The aim of an
SVM model is to represent the samples as points in space, mapped so that the
samples of the separate classes are distinguished by an apparent space that is as
large as possible [19]. After the mapping of the new samples, they are predicted
to be a part of a class according to the side of the space that they correspond.
Nonlinear classification can also be realized by support vector machines by carry-

ing out the kernel trick, which refers to mapping their inputs to high-dimensional
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feature spaces where the classes become separable. In other words, for the re-
alization of classification tasks, a support vector machine creates a hyperplane
in a high dimensional space. Since the generalization error of the classifier de-
creases as the margin increases, the hyperplane having the greatest distance to
the closest training data of any class provides a good separation [20]. In some
cases, although the problem is defined in a finite dimensional space, the samples
to separate may not be linearly separable in the same space. Therefore, in order
to make the separation easier, it was suggested that the finite-dimensional space
be mapped to a higher-dimensional space. By describing the mappings in terms
of a kernel function K (zx,y) that is suitable for the task, the mappings are formed
to guarantee that the dot products are easily computed in respect to the original
space variables [21]. The definition of higher-dimensional space hyperplanes can
be made as the set of points which have a constant dot product with a vector in
the same space. Linear combinations of feature vector images with parameters «;
constitutes the vectors that define the hyperplanes [22]. When the hyperplane is
chosen in this way, the following relation defines the points z in the feature space

that are mapped into the hyperplane.

Z a; K (z;,x) = constant
i

The proximity level of the test point x to the corresponding data point x;
is measured by each term in the sum when K(z,y) becomes smaller as y grows
further away from x. In this way, the sum of kernels above can be used to measure
the relative nearness of each test point to the data points originating in one or
the other of the sets to be discriminated. Thus, relative closeness of each test
point to the data points which belong to one of the sets to be separated can be

measured by the sum of kernels stated above [23].
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3.2.2 Linear SVM
Given a set of n points which is the training data of the form

D={(xi,y;) | x; € R?, y; € {1, 1}}}_, (3.2)

where each x; is a p-dimensional feature vector and y; shows to which class
the point x; belongs with a value either 1 or —1. The aim is to determine
maximum-margin hyperplane which separates points having y; = 1 from those
having y; = —1. Every hyperplane can be identified by using the set of points x

which satisfies

w-x—b=0, (3.3)

where - states the dot product and w states the vector which is normal to the
hyperplane. The offset of the hyperplane from the origin through the normal
vector w is identified by the parameter ”TI’H For the cases where the training
data is linearly separable, two hyperplanes which separate the data can be cho-
sen and the space between these two hyperplanes can be maximized. The region
between hyperplanes is called ”the margin”. The following equations define these

hyperplanes.

w-x—b=1 (3.4)

and

w-x—b=-1 (3.5)

Since the interval between these two hyperplanes is ”72”, we will minimize ||wl||.
The following constraint have to be added in order to avoid the existence of the

data points in the margin: for each ¢ either

w-x; —b>1 for x;of the first class (3.6)
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or

w-x; —b<—1 for x;of the second class (3.7)

We can rewrite this as:

yi(w-x;—b)>1, foralll<i<n. (3.8)

The optimization problem can be obtained by putting these together:

Minimize
[[wli (3.9)
subject to
yi(w-x; —b)>1, foranyi=1,...,n (3.10)
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Figure 3.1: Margins and maximum-margin hyperplane for an SVM trained with
samples from two classes. Support vectors are the samples on the margin [24].

3.2.2.1 Soft margin

A modified maximum margin idea that permits to mislabeled samples is suggested

by Corinna Cortes and Vladimir N. Vapnik [23]. In cases where the two samples
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cannot be separated by a hyperplane, a hyperplane which separates the samples
as cleanly as possible and which has the maximum distance to the closest cleanly
separated samples will be chosen by the soft margin method. Non-negative slack
variables, &;, that measure the misclassification level of the data x; is presented
by this method [25].

yiw-x;—b)>1-¢ 1<i<n. (3.11)

The objective function is then increased by a function which penalizes non-zero
&, and the optimization becomes a trade off between a small error penalty and a

large margin. The optimization problem in case of a linear penalty function:

argm1n{—||w||2+02§} (3.12)

=1

subject to

yiw-x;—b)>1-¢, & >0, foranyi=1,..., n (3.13)

By using Lagrange multipliers, constraint in (2.10) together with the objective of

minimizing ||w|| can be done by solving the following problem.

argmlnmax{—||WH2+C'2:§Z Zazyzw xi—b)—1+&]— Zﬁz&}

157
(3.14)

3.2.3 Nonlinear Classification

By implementing the kernel trick to maximum-margin hyperplanes, Vladimir N.
Vapnik, Isabelle M. Guyon and Bernhard E. Boser proposed a way to create
nonlinear classifiers [26]. The resulting algorithm is formally similar, except that
every dot product is replaced by a nonlinear kernel function. The difference of the

final algorithm from the linear case is that a nonlinear kernel function replaces
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Figure 3.2: Schematic representation of a kernel machine [28].

the dot product. That way, the maximum-margin hyperplane can be fitted by
the algorithm in a transformed feature space. The transformed space can be
high dimensional and the transformation can be nonlinear. For this reason, the
classifier may be a hyperplane in the high-dimensional feature space, although it

is nonlinear in original input space [27].

3.2.3.1 Kernel Method

Different types of relations in data sets are found and studied as a pattern analysis
task. In order to realize these tasks, data is usually represented as feature vectors.
In pattern analysis concept, kernel methods are algorithms that are popular with
support vector machine as a well known member [29]. Kernel functions allow
kernel methods to work in high-dimensional feature spaces without computing
data coordinates in that space [30]. The inner products between all pairs of data
images in the feature space are computed by kernel methods. This method is
computationally cheaper compared to the apparent coordinate computation and

it is named as the kernel trick [31].

3.2.3.2 Kernel Trick

In any algorithm that is only affiliated with the dot product between two vectors,

kernel trick can be implemented. In the context of kernel trick, kernel function
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takes place of dot product. Linear algorithms are converted to non-linear algo-
rithms with the implementation of the kernel method [32]. In the range space
of a feature space ¢, non-linear algorithms are equivalent to their linear ones.
Besides, the function ¢ doesn’t need to be apparently calculated because of the
usage of kernels. Since the mentioned high-dimensional feature space can be
infinite-dimensional and therefore impossible to compute, this situation is very
desirable. The apparent mapping which is needed for the linear algorithms to
learn the non-linear function is prevented by the kernel trick [32]. Some func-
tions K (x,y) may be stated as an inner product for x,y on S. In general, K is
mentioned as a kernel function. In a specific machine learning problem, one may

constitute ¢ : S — V such that

K(x,y) = {e(z), o(y)v (3.15)

and confirm that (-,-)y is an inner product. Moreover, it is enough to know that

V' is an inner product space, so an apparent presentation of ¢ is not needed.

3.2.3.3 Linear Kernel

The linear kernel is given by the inner product < z,y > plus a constant c.

k(xi,x3) = (xi - X5+ ¢) (3.16)

3.2.3.4 Gaussian Radial Basis Function Kernel

The radial basis function kernel, in other words RBF kernel, is a well known

kernel function used for support vector machine classification [33].
k(xi,%;) = exp(—7||xi — x5]|%), for v > 0. (3.17)

It is sometimes parameterized using v = 1/202.
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3.2.4 Parameter Selection

The effectiveness of SVM depends on the selection of kernel, the kernel’s param-
eters, and soft margin parameter C [34]. In order for the SVM algorithm to be
efficient, the choice of the kernel function, kernel function parameters and soft
margin parameter C must be chosen properly. By using geometrically growing
sequences of C and 7, the ideal combination of C and ~ is frequently selected by
making a grid search. In general, after checking every combination of parameters
by using the cross validation method, the parameters that give the higher cross-
validation accuracy values are selected. Eventually, the whole training data is
trained with the selected ideal parameters and final model that was used to test

and classify new data.

3.2.5 Performance Evaluation of Binary Classifiers
3.2.5.1 Confusion Matrix

Confusion matrix is also known as an error matrix or a contingency table and it
provides performance visualization of a supervised learning algorithm [35]. Rows
of the table represents the cases in an actual class and columns of the table
represents the cases in a predicted class. There are two columns and two rows in
a confusion matrix which illustrates the number of true positives, true negatives,
false positives and false negatives. Therefore, confusion matrix provides a more

elaborate performance analysis compared to only accuracy results [36].

Table 3.1: Confusion matrix for a binary classification model.
Predicted Class

Negative Positive
Negative | True Negative (TN) | False Positive (FP)
Positive | False Negative (FN) | True Positive (TP)

Actual Class
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The entries in the confusion matrix have the following definitions:

True Negative (TN): The number of correct predictions that an instance is

negative.

False Positive (FP): The number of incorrect predictions that an instance

is positive. It is also referred as type I error.

False Negative (FN): The number of incorrect predictions that an instance

negative. It is also referred as type II error.

True Positive (TP): The number of correct predictions that an instance is

positive.

3.2.5.2 Derivations and Terminology from the Confusion Matrix

By using the four different entries of the confusion matrix, the following deriva-
tions that are significant for the measurement of a classifier’s performance can be

obtained.

Accuracy: Accuracy (ACC) is the proportion of the total number of predic-

tions that were correct.

TP+ TN
ACC = 1
CC= INTFPLFNSTP (3.18)

Sensitivity: Sensitivity, which is also called as the probability of detection, true
positive rate, hit rate and recall, is the proportion of positive cases that were
correctly identified.

TP

TPR = ——F— 1
R TP+ FN (3.19)
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False Positive Rate: False positive rate (FPR), which is also called as the false
alarm rate and fall-out, is the proportion of negative cases that were incorrectly

classified as positive.

FP
PPR= fprw 320

Specificity: Specificity, which is also called as the true negative rate, is defined

as the proportion of negative cases that were classified correctly.

TN

PO - "
SPC TN+ FP

(3.21)

False Negative Rate: False negative rate (FNR), which is also called as the
miss rate, is the proportion of positive cases that were incorrectly classified as

negative.

FN

FNR= ———
R=FNs7p

(3.22)

Positive Predictive Value: Positive predictive value (PPV), which is also
called as the precision, is the proportion of the predicted positive cases that were

correct.
TP

PPV =——
V=7p+FpP

(3.23)

Negative Predictive Value: Negative predictive value (NPV) is the proportion

of the predicted negative cases that were correct.

TN
= 24
NPV = s (3.24)

Classified Rate: Classified rate is the proportion of the classified samples.

Classified Samples

Classified Rate = (3.25)

Total Number of Samples
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Inconclusive Rate: Inconclusive rate is the proportion of the non-classified

samples.

Non-classified 1
Inconclusive Rate = on-classified Samples

3.26
Total Number of Samples (3:26)

3.2.5.3 Receiver Operating Characteristic

A receiver operating characteristic (ROC) curve demonstrates the performance
of a binary classifier for different discrimination thresholds of the classifier [37]. It
can be formed by plotting false positive rate (FPR) vs. true positive rate (TPR)

for several discrimination thresholds.

ROC space shows trade-offs between false positive and true positive values and
it is identified by TPR and FPR as y and x axes respectively. Different points in

the ROC space indicate different prediction results of a confusion matrix [38].
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Figure 3.3: Schematic representation of the ROC space [39].

42



The point that indicates the perfect classification result on the ROC space has
the coordinate (0,1) and it stands for 100% sensitivity and 100% specificity. A
classifier which predicts every sample as negative has the coordinate (0,0), on the
other hand a classifier which predicts all samples as positive has the coordinate
(1,1). A classifier which is wrong for every classification has the coordinate (1,0)
in the ROC space. The diagonal line on the ROC space stands for a random
prediction, while the points under the diagonal line stands for poor classification
results and the points above the diagonal line stands for good classification results
[39].
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Chapter 4

Proposed Detection Techniques
Using Individual and Multiple
Features of ECG Data

4.1 ECG Data Classification Using Individual

Features

The graphical representation of the data distribution for basal and ischaemic
ECG signals are plotted as a histogram for three different ECG features. While
plotting histogram graphs, quantization of histogram bin values is realized for
the purpose of comparing three different feature histograms. In order to visually
identify the estimate of the underlying probability distribution, a normal density
function is fitted to the histograms of both ECG data [40].

With the intent of illustrating the classification performance by using his-
togram, hit rates and false alarm rates are calculated for different discrimination
threshold values and histogram ROC curves are plotted for each ECG feature.
Figures 4.1, 4.2 and 4.3 show histograms of three different ECG features and their
corresponding ROC curves. For this patient, it can be seen that ST level, ST
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slope and T wave area histograms do not overlap and the corresponding ROC
curves illustrate good classification results. For this reason, these non-overlapping
histograms are a sign of features which have a significant role in discriminating

the two classes from each other.
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4.1.1 ST level histogram.
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4.1.2 ROC curve of ST level histogram.

Figure 4.1: ST level histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of ST level histogram.
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4.2.2 ROC curve of ST slope histogram.

Figure 4.2: ST slope histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of ST slope histogram.
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4.3.1 T wave area histogram.
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4.3.2 ROC curve of T wave area histogram.

Figure 4.3: T wave area histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of T wave area histogram.
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However, in Figures 4.4, 4.5 and 4.6 which show histograms of three different
ECG features and their corresponding ROC curves for another patient, there
is an overlap in ST level, ST slope and T wave area histograms. Since, the
overlapping histograms are a sign of features which don’t have a significant role
in discriminating the two classes from each other, the corresponding ROC curves

illustrate a lower classification performance.

Since there are cases where the discriminative strength of an individual feature
is low and for the purpose of obtaining higher classification performance results,

support vector machines are used to make classification by using joint features.
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Figure 4.4: ST level histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of ST level histogram.
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Figure 4.5: ST slope histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of ST slope histogram.
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Figure 4.6: T wave area histogram of basal (cyan) and ischaemic (blue) ECG and
ROC curve of T wave area histogram.
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4.2 ECG Data Classification Using Two and

Three Joint Features

In the literature, various techniques have been used for the classification of ECG
signals. These techniques include hybrid-fuzzy neural networks [41], high-order
spectral analysis methods [42], rule based rough-set decision systems [43] and
linear discriminant classifiers [44]. In previous studies, it is shown that SVM
approach has higher generalization capability as compared to other classification
techniques for the classification of ECG signals. Moreover, it is indicated that
due to the high generalization capability of the SVMs, they are less sensitive to

the curse of dimensionality and they provide higher classification accuracies [45].

In this thesis, in order to classify two distinct ECG signal by achieving high
classification performance results, we developed and implemented algorithms
which use support vector machine approach in combination with kernel methods.
In cases where the data is linearly separable, we used support vector machines
operating with linear kernel functions to map the training data into kernel space.
On the other hand, for the data which are not linearly separable, we employed

support vector machines operating with radial basis function (RBF) kernel.

The support vector machine is first trained with training the data and then the
trained machine is used to classify new data which is the test data. During train-
ing process of the SVM classifier, quadratic programming method is employed to

find the separating hyperplane or hypersurface.

To obtain satisfactory predictive accuracy, the parameters of linear and radial
basis function kernels are tuned. While tuning kernel parameters cross-validation
technique is realized, in other words, the data is partitioned into complementary
subsets in order to perform the analysis on one subset which is called training set

and validate the analysis on the other subset which is called testing set.

In the course of tuning the SVM classifier operating with linear kernel func-

tion, a geometric sequence of box constraint parameters within a range are
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used for training and the best parameter values are found by using 5-fold cross-
validation. Likewise, while tuning the SVM classifier operating with radial basis
function (RBF) kernel, a geometric sequence of box constraint and RBF sigma
parameters are used for training and the best parameter values are found by using
5-fold cross-validation. The resulting SVM classifiers are specifically designed for

each patient.

In order to perform 5-fold cross validation, ECG data is randomly partitioned
into 5 equal size subsamples. Of the 5 subsamples, a single subsample is retained
as the validation data for testing the model and the remaining 4 subsamples
are used as the training data. To reduce variability, the cross-validation process
is repeated 5 times and each of the 5 subsamples are used exactly once as the
validation data. The advantage of this method is that all observations are used for
both training and validation and each observation is used for validation exactly

once.

In each cross validation fold, statistical measures of the performance of SVM
classifier, such as detection rate (sensitivity), false alarm rate (fall-out), speci-
ficity , accuracy, precision (positive predictive value), negative predictive value,
classified rate and inconclusive rate are computed. The performance results from
the folds are then averaged to produce a single estimation which enables to choose

the classifier that gives the best performance results.

Figures 4.7 and 4.9 illustrates an example of the SVM classifier which classifies
data by finding the best hyperplane (which has the largest margin between the
two classes) that separates all data points of one class represented by ’Basal’,
from those of the other class represented by 'Ischaemic’. In Figure 4.8, the ROC
and precision-recall curves of the SVM classifier operating with linear kernel are
illustrated.

On the other hand, Figures 4.10 and 4.12 show an example of a binary classifi-
cation problem which don’t have a simple hyperplane as a useful separating crite-
rion. For these cases, nonlinear transformation is realized by using support vector
machines operating with radial basis function kernels (RBF). In Figure 4.11, the
ROC and precision-recall curves of the SVM classifier operating with RBF kernel
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are illustrated.

In Figures 4.7, 4.9, 4.10 and 4.12 the red points which are labeled as 'Basal’
stand for basal ECG data, the green points which are labeled as 'Ischaemic’ stand
for ischaemic ECG data. In the same figures, the pink points represent basal ECG
data that are correctly classified and the blue points represent ischaemic ECG

data that are correctly classified.

Table 4.1 demonstrates the statistical performance measure results of SVM
classifier operating with linear kernel when the optimum kernel parameters and
joint features ST level and ST slope are used. Likewise, Table 4.2 shows the
statistical performance measure results of the SVM classifier operating with RBF
kernel when the optimum kernel parameters and joint features ST level and ST

slope are used.

Moreover, the SVM classifiers which use radial basis function kernel and three
joint features, which are ST level, ST slope and T wave area, are designed and
their statistical performance measures are computed to compare with perfor-
mance results of the SVM classifiers which employ 2 joint features. When the
classification performance results of the SVM classifiers which use two and three
joint features are compared, it is observed that SVMs which employ three joint
features have higher classification performance results than SVMs which employ
two joint features. Figure 4.13 illustrates an example of such a SVM classifier
which uses RBF kernel with optimum kernel parameters and three joint features
and Table 4.3 shows the increased classification performance results of the clas-

sifier.

Table 4.4 and 4.5 show the SVM classifier performance results (%) for opti-
mum linear kernel parameters and two joint features for different patients. Ta-
bles 4.6, 4.8, 4.10, 4.12 and 4.7, 4.9, 4.11, 4.13 demonstrate the SVM classifier
performance results (%) for optimum radial basis function (RBF) kernel param-

eters and two and three joint features for different patients, respectively.
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Figure 4.8: ROC and precision-recall curves for SVM classification with linear
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o6



0.8} o+
0.6 N o .
0.4 + .

0.2r 4

ST Slope (mV/sec)
o
T
i
L

+ Basal
Ischaemic
o SV
I

-1 1 1 1 1 1 1
-0.1 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
ST Level (mV)

Figure 4.9: SVM training of whole data set with linear kernel and optimum kernel
parameters for joint features ST level and ST slope.

Table 4.1: SVM classifier performance results (%) for optimum linear kernel
parameters and joint features ST level and ST slope.

SVM Classifier
Performance Results (%)

Detection Rate 100.00
False Alarm Rate 0
Specificity 100.00
Accuracy 100.00
Precision 100.00
Negative Predictive Value 100.00
Classified Rate 100.00
Inconclusive Rate 0
Average Cross-Validation Error 0
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Figure 4.10: SVM training and classification with radial basis function (RBF)
kernel and joint features ST level and ST slope.
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Figure 4.11: ROC and precision-recall curves for SVM classification with radial
basis function (RBF) kernel and joint features ST level and ST slope.
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Figure 4.12: SVM training of whole data set with radial basis function (RBF)
kernel and optimum kernel parameters for joint features ST level and ST slope.

Table 4.2: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level and ST slope.

SVM Classifier
Performance Results (%)

Detection Rate

False Alarm Rate

Specificity

Accuracy

Precision

Negative Predictive Value
Classified Rate

Inconclusive Rate

Average Cross-Validation Error

98.55
0
100.00
99.14
100.00
98.00
100.00
0
0.94
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Figure 4.13: SVM training of whole data set with radial basis function (RBF)
kernel and optimum kernel parameters for joint features ST level, ST slope and
T wave area.

Table 4.3: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level, ST slope and T wave
area.

SVM Classifier
Performance Results (%)

Detection Rate 100.00

False Alarm Rate 0
Specificity 100.00
Accuracy 100.00
Positive Predictive Value 100.00
Negative Predictive Value 100.00
Classified Rate 100.00

Inconclusive Rate 0

Average Cross-Validation Error 0
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Table 4.4: SVM classifier performance results (%) for optimum linear kernel
parameters and joint features ST level and ST slope.
Patients
Performance Measures P1 P2 P3 P4 P5 P6 P7 P8
Detection Rate 100.00 99.7 100.00 100.00 100.00 100.00 100.00 100.00
False Alarm Rate 0 0 0 0 0 0 0 0
Specificity 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Accuracy 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Positive Predictive Value 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Negative Predictive Value 100.00 100.00 100.00 100.00 100.00 99.4 100.00 100.00
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 0.07 0 0 0 0.03 0 0
Table 4.5: SVM classifier performance results (%) for optimum linear kernel
parameters and joint features ST level and ST slope.
Patients
Performance Measures P9 P10 P11 P12 P13 P14 P15 P16
Detection Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
False Alarm Rate 0 0 0 0 0 0 0 0
Specificity 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Accuracy 100.00 100.00 100.00 100.00 100.00 100.00 99.50 100.00
Positive Predictive Value 100.00 100.00 98.9 100.00 100.00 100.00 100.00 100.00
Negative Predictive Value 100.00 100.00 96.2 100.00 100.00 98.00 100.00 100.00
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 0 0.08 0 0 0 0.05 0

Table 4.6: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level and ST slope.

Patients
Performance Measures P17 P18 P19 P20 P21 P22 P23 P24
Detection Rate 100.00 100.00 95.61 100.00 100.00 98.55 100.00 93.47
False Alarm Rate 0 0 2.10 0 0 0 0 0
Specificity 97.48 100.00 94.64 100.00 100.00 100.00 100.00 100.00
Accuracy 100.00 100.00 93.72 100.00 100.00 99.14 100.00 94.18
Positive Predictive Value 100.00 100.00 97.80 100.00 100.00 100.00 100.00 100.00
Negative Predictive Value 95.21 100.00 100.00 100.00 100.00 98.00 100.00 90.14
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error  0.16 0 4.13 0 0 0.94 0.33 3.26
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Table 4.7: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level, ST slope and T wave
area.

Patients
Performance Measures P17 P18 P19 P20 P21 P22 P23 P24
Detection Rate 100.00 100.00 98.56 100.00 100.00 99.81 100.00 96.28
False Alarm Rate 0 0 0.24 0 0 0 0 0
Specificity 100.00 100.00 97.85 100.00 100.00 100.00 100.00 100.00
Accuracy 100.00 100.00 97.74 100.00 100.00 100.00 100.00 9741
Positive Predictive Value 100.00 100.00 99.82 100.00 100.00 100.00 100.00 100.00
Negative Predictive Value 100.00 100.00 100.00 100.00 100.00 99.75 100.00 94.58
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 0 0.68 0 0 0.21 0 0.92

Table 4.8: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level and ST slope.

Patients

Performance Measures P25 P26 P27 P28 P29 P30 P31 P32
Detection Rate 100.00 100.00 94.30 100.00 88.71 100.00 100.00 91.74

False Alarm Rate  2.17 0 0 0 5.42 0 0 3.30
Specificity 97.82 100.00 100.00 100.00 90.18 96.75 100.00 92.34

Accuracy 98.04 100.00 96.93 100.00 92.00 98.60 100.00 95.12

Positive Predictive Value 92.00 100.00 100.00 100.00 89.27 100.00 100.00 98.21
Negative Predictive Value 100.00 100.00 94.29 100.00 92.10 99.10 100.00 96.16
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error  3.71 0 4.27 0 6.21 0.68 0 2.43

Table 4.9: SVM classifier performance results (%) for optimum radial basis func-
tion (RBF) kernel parameters and joint features ST level, ST slope and T wave
area.

Patients
Performance Measures P25 P26 P27 P28 P29 P30 P31 P32
Detection Rate 100.00 100.00 97.66 100.00 94.75 100.00 100.00 97.36
False Alarm Rate 0 0 0 0 1.91 0 0 1.10
Specificity 99.76 100.00 100.00 100.00 90.18 98.50 100.00 97.34
Accuracy 99.81 100.00 98.94 100.00 92.00 99.87 100.00 98.71
Positive Predictive Value 95.38 100.00 100.00 100.00 89.27 100.00 100.00 100.00
Negative Predictive Value 100.00 100.00 97.65 100.00 92.10 100.00 100.00 98.15
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error  0.86 0 1.52 0 2.57 0 0 0.82
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Table 4.10: SVM classifier performance results (%) for optimum radial basis
function (RBF) kernel parameters and joint features ST level and ST slope.

Patients

Performance Measures P33 P34 P35 P36 P37 P38 P39 P40
Detection Rate 100.00 94.10 96.85 100.00 91.88 100.00 100.00 89.61

False Alarm Rate 0 4.13 4.35 0 3.51 0 0 6.13
Specificity 93.25 100.00 100.00 97.13 89.74 97.56  100.00 94.36

Accuracy 97.86 90.28 98.12 95.28 96.57 100.00 100.00 93.28

Positive Predictive Value 100.00 88.25 100.00 97.29 100.00 95.13 100.00 97.45
Negative Predictive Value 94.18 90.21 92.16 100.00 90.84 100.00 100.00 90.14
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Inconclusive Rate 0 0 0 0 0 0 0 0

Average Cross-Validation Error  2.43 4.36 5.10 1.56 4.62 0 0 6.87

Table 4.11: SVM classifier performance results (%) for optimum radial basis
function (RBF) kernel parameters and joint features ST level, ST slope and T

wave area.
Patients

Performance Measures P33 P34 P35 P36 P37 P38 P39 P40

Detection Rate 100.00 98.12 99.10 100.00 94.73 100.00 100.00 92.55

False Alarm Rate 0 0.57 1.14 0 1.22 0 0 6.13

Specificity 96.48 100.00 100.00 100.00 93.54 100.00 100.00 96.87

Accuracy 100.00 95.68 100.00 97.13 98.76  100.00 100.00 97.31
Positive Predictive Value 100.00 93.85 100.00 98.76 100.00 100.00 100.00 100.00

Negative Predictive Value 96.75 94.36 94.88 100.00 93.72 100.00 100.00 92.81
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 1.42 1.68 0.61 1.74 0 0 2.10

Table 4.12: SVM classifier performance results (%) for optimum radial basis
function (RBF) kernel parameters and joint features ST level and ST slope.

Patients

Performance Measures P41 P42 P43 P44 P45 P46 P47 P48
Detection Rate 100.00 89.53 100.00 95.48 92.41 97.11 100.00 94.45

False Alarm Rate 0 7.13 1.59 2.47 5.36 2.67 0 4.12
Specificity  96.21 86.55 92.40 98.41 88.63 100.00 100.00 90.78

Accuracy 100.00 88.24 94.17 99.12 93.10 91.24 100.00 96.29

Positive Predictive Value 98.15 84.72 100.00 92.34 100.00 93.78 97.24 98.17
Negative Predictive Value 95.46 96.35 90.55 100.00 88.74 89.86 100.00 91.43
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 7.58 1.81 3.25 5.74 2.89 0 4.80
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Table 4.13: SVM classifier performance results (%) for optimum radial basis
function (RBF) kernel parameters and joint features ST level, ST slope and and

T wave area.

Patients
Performance Measures P41 P42 P43 P44 P45 P46 P47 P48
Detection Rate 100.00 94.56 100.00 98.16 96.79  100.00 86.17 97.28
False Alarm Rate 0 2.04 0 0.18 2.26 0 8.13 1.13
Specificity  99.10 90.76 95.74 100.00 93.51 100.00 91.87 93.71
Accuracy 100.00 92.75 97.15  100.00 98.00 97.84 90.31 99.00
Positive Predictive Value 100.00 89.42 100.00 97.82 100.00 95.72 92.18 100.00
Negative Predictive Value 97.48 100.00 93.55 100.00 92.78 93.61 88.71 94.68
Classified Rate 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0 0 0 0 0
Average Cross-Validation Error 0 3.12 0.37 0.21 2.43 0.42 0 1.42

Table 4.14 shows the classification performance results of the hardest, easiest

and average cases for optimum RBF kernel parameters and three joint features.

The performance of the hardest classification case represents the lowest classifi-

cation result, whereas the performance of the easiest classification case represents

the highest classification result. The result of the analysis shows that the perfor-

mance of the average classification results of all patients is between the easiest

and the hardest classification performance results for each performance measure.

Table 4.14: SVM classier performance results (%) of the hardest, easiest and
average cases for optimum RBF kernel parameters and three joint features.

Performance Measures P47 P38 Pivea
Detection Rate 86.17 100.00 94.54

False Alarm Rate 8.13 0 3.11

Specificity 91.87 100.00 95.43

Accuracy 90.31 100.00 94.65

Positive Predictive Value 92.18 100.00 96.74
Negative Predictive Value 88.71 100.00 93.38
Classified Rate 100.00 100.00 100.00

Inconclusive Rate 0 0 0
Average Cross-Validation Error 0 0 1.37
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4.3 Decision Fusion of Sequential Segments

Each ECG recording is divided into equal size segments where each segment con-
sists of three different feature vectors of an ECG recording which is 5 seconds long.
In order to analyze the change in probability of false alarm as the number of ECG
segment increases, probability of false alarm of sequentially increasing segments
are theoretically calculated by assuming that each ECG segment is independent
and identically distributed. In other words, it is assumed that the performance
of the classifier stays the same for sequential segments and the decisions between
the segments are statistically independent from each other [46]. The probability
of false alarm values of sequentially increasing segments are calculated by using

the following equation.

Pt = () peata = pea (4.

k=N, /2

where Ny is the number of segments and Pr4 is the probability of false alarm of

a single segment.

The probability of false alarm values that are obtained by using SVM classi-
fiers for the same increasing segments are compared with the theoretically calcu-
lated performance results. The result of the analysis indicates that probability of
false alarm decreases as the number of ECG segment increases. Additionally, it
is observed that the observed probability of false alarm values demonstrate very
close results to the theoretically calculated probability of false alarm values. Fig-
ures 4.15, 4.17 and 4.19 are three different cases which demonstrate the change

in probability of false alarm values as the number of ECG segments increases.

Furthermore, probability of detection versus number of ECG segment graphs
are plotted in order to analyze the change in probability of detection values
as the number of ECG segment increases. The result of the analysis indicates
that as the number of ECG segment increases, the discriminative strength of
the data also increases, leading to an increase in probability of detection results.

Figures 4.14, 4.16 and 4.18 are three different cases which demonstrate the change
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in probability of detection values as the number of ECG segments increases.
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Figure 4.14: Graphical representation of the relation between probability of de-
tection and number of segments.
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Figure 4.15: Graphical representation of the relation between probability of false
alarm and number of segments.
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Figure 4.16: Graphical representation of the relation between probability of de-
tection and number of segments.
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Figure 4.17: Graphical representation of the relation between probability of false
alarm and number of segments.
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Figure 4.18: Graphical representation of the relation between probability of de-
tection and number of segments.
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Figure 4.19: Graphical representation of the relation between probability of false
alarm and number of segments.

The classification performance results (%) of the hardest classification case for
single and multiple segments is shown in Table 4.15. The comparison between the
classification performance results of single and multiple segments (N = 11) show
that majority decision fusion on multiple segments improves the classification

performance results significantly.
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Table 4.15: The classification performance results (%) of the hardest classification
case for single and multiple segments.
Performance Measures Single Segment Multiple Segment

Detection Rate 86.17 98.65
False Alarm Rate 8.13 0
Specificity 91.87 97.84
Accuracy 90.31 97.43
Positive Predictive Value 92.18 98.12
Negative Predictive Value 88.71 96.53
Classified Rate 100.00 100.00
Inconclusive Rate 0 0

Finally, the decisions which are obtained from three different ECG leads,
which are lead I, II and III, are fused by using majority decision fusion rule in

order to obtain the overall decision of the patients’” ECG recording.

4.4 Gaussian Mixture Model Representation of

the Joint Features

The detection of acute coronary syndromes based on ECG recordings of a patient
obtained only during healthy stage is also investigated in order to develop a
detection technique which can be used in the lack of ischaemic ECGs. For this
purpose, the joint probability density function (pdf) of the features ST level and

ST slope is represented by a Gaussian mixture model [47].

Figures 4.20 and 4.22 illustrate the joint probability density function of the
basal ECG features ST level and ST slope represented by a Gaussian mixture

model for two different patients.

Additionally, the detection of the outliers which correspond to acute coronary
syndromes is realized by using the developed Neyman-Pearson type of approach
[48]. Neyman-Pearson decision strategy is used by computing the average log-

likelihood values of the segments and comparing them with a range of different
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threshold values as shown in equations 4.2, 4.3 and 4.4.

! P — ) R (x - x)) (4.2)

9X) =" 1T
) (211) 2 |det R|2 2

P(s/H,) = 5~ > gl —x) (4.3)

Hy if P(x|H,)>T
D= (4.4)
H, if P(x|H,)<T

For different discrimination threshold values and number of ECG segments
(Ns), probability of detection and probability of false alarm values are computed.
Figures 4.21 and 4.23 show ROC curves of the Gaussian mixture model based
classification for joint features ST level and ST slope and three different ECG
segment numbers. As a result of the analysis, it is observed that increasing num-
ber of ECG segments provides higher performance results for Gaussian mixture
model based classification. Figures 4.21 and 4.23 illustrate the increase in the per-
formance results of the Gaussian mixture model based classification for increasing

number of ECG segments.

Table 4.16 illustrates the performance results (%) for SVM and Gaussian mix-
ture model based classification of the hardest and easiest classification cases. The
comparison between support vector machine and Gaussian mixture model based
classification shows that support vector machines provide higher classification
performance results for both the easiest and hardest classification problem. This
result can be explained by the fact that GMM based classification uses only basal
ECG data, whereas support vector machines use both basal and ischaemic ECG

data for classification.
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Figure 4.20: Joint probability density function of the basal ECG features ST level
and ST slope represented by a Gaussian mixture model.
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Figure 4.21: ROC curve for Gaussian mixture model based classification with
joint features ST level and ST slope for three different segment numbers.
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Figure 4.22: Joint probability density function of the basal ECG features ST level
and ST slope represented by a Gaussian mixture model.
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Figure 4.23: ROC curve for Gaussian mixture model based classification with
joint features ST level and ST slope for three different segment numbers.
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Table 4.16: Classification performance results (%) for SVM operating with RBF
kernel and Gaussian mixture model based classification of the hardest and easiest
cases.

Performance Measures SV Mpsy; GMpy; SV Mpss GMpss
Detection Rate 86.17 83.47 100.00 95.71
False Alarm Rate 8.13 10.23 0 0
Specificity 91.87 88.32 100.00 91.67
Accuracy  90.31 87.94 100.00 94.38
Positive Predictive Value 92.18 90.82 100.00 92.29
Negative Predictive Value  88.71 85.73 100.00 90.85
Classified Rate  100.00 100.00 100.00 100.00
Inconclusive Rate 0 0 0 0

In conclusion, to obtain the highest classification performance results, the pro-
posed detection block uses the SVM classification technique, three joint features
which are ST level, ST slope and T wave area and performs majority decision
fusion. In Figure 4.24 which illustrates the proposed detection block diagram, the
different ECG segments (S;) come as an input to the previously trained SVM.
The classification results (Dj) which are obtained by SVM are then fused by us-
ing majority decision fusion rule and the overall decision of the ECG recording

is acquired.

Trained Dy o T
— SVM —_— Decision ——
Fusion
k=1, .., N,

Figure 4.24: The proposed detection block diagram.
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Chapter 5

Conclusions

By using a 12-lead ECG device, real ECG recordings are obtained from Gazi Uni-
versity Faculty of Medicine, Cardiology Department. A database which contains
12-lead ECG data of 48 patient is constituted. For each patient, there exists
two different types of ECG data, which correspond to basal and ischaemic ECG

signals.

Several signal analysis techniques are developed and implemented to 12-lead
ECG data in order to realize the preprocessing step of ECG signal. During the
preprocessing step, low frequency baseline wander, high frequency motion artifact
and 50 Hz line voltage are removed from ECG signal by using a cascade of band-
pass and notch filter combinations [16]. Before the application of band-pass filter,
ECG signal is first multiplied by a raised cosine window in order to avoid Gibbs
phenomenon, which is caused by the abrupt changes at the onset and at the end

of the signal.

After preprocessing step, several important properties of ECG signals such as
the QRS peaks, isoelectric line, J point, ST segment and T wave are detected. By
using the detected properties, the extraction of ECG features which are critical
for the detection of acute coronary syndromes, such as ST segment level, ST

segment slope and T wave area, is realized.
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For the one dimensional classification of two different ECG data, histogram
graphs illustrating the graphical representation of the data distribution for basal
and ischaemic ECG signals are obtained individually for three ECG features.
By fitting a normal density function to the histograms of both ECG data, the
estimate of underlying probability distribution is identified. To illustrate the
performance of the classification by using histograms, hit rate and false alarm
rate performance measures are calculated for different range of discrimination

threshold values.

As a result of histogram classification analysis, it is seen that, in some cases,
ST level, ST slope and T wave area histograms do not overlap and the their
corresponding ROC curves illustrate good classification performance results. This
result indicates that these non-overlapping histograms represent features which
have a significant role in discriminating the two classes from each other. On the
other hand, in most of the cases, it is observed that there are overlapping regions
in ST level, ST slope or T wave area histograms. Since the overlapping histograms
are a sign of features which don’t have a significant role in discriminating the two
classes from each other, the corresponding ROC curves showed lower classification

performance results.

Since there are cases where the discriminative strength of an individual feature
is low and for the purpose of obtaining higher classification performance results,
support vector machines operating with kernels are designed to make classification

by using joint features.

Support vector machines are designed specifically for each patient by tuning
the kernel parameters in order to obtain the optimal classification results. In cases
where the data is linearly separable, we used support vector machines operating
with linear kernel functions to map the training data into the kernel space. On the
other hand, for the data which are not linearly separable, we employed support
vector machines operating with radial basis function (RBF) kernel [49]. To obtain
satisfactory performance results, the parameters of linear and radial basis function

kernels are tuned by implementing 5-fold cross validation.

Statistical measures of performance of SVM classifiers, such as detection rate
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(sensitivity), false alarm rate (fall-out), specificity , accuracy, precision (positive
predictive value), negative predictive value, classified rate and inconclusive rate

are computed for each case.

For each case, statistical performance measure results of SVM classifier op-
erating with linear kernel, optimum kernel parameters and joint features of ST
level and ST slope showed almost %100 sensitivity, specificity, accuracy, positive

and negative predictive values.

Statistical performance measure results of SVM classifier operating with RBF
kernel, optimum kernel parameters and joint features of ST level and ST slope
showed sensitivity, specificity, accuracy, positive and negative predictive values
between %86 and %100.

Moreover, SVM classifiers which use radial basis function kernel and three
joint features, which are ST level, ST slope and T wave area, demonstrated
performance results between %90 and %100. When the classification performance
results of SVM classifiers which use two and three joint features are compared, it
is observed that SVMs which employ three joint features have higher classification

performance results than SVMs which employ two joint features.

Furthermore, probability of detection versus number of ECG segment graphs
are plotted in order to analyze the change in probability of detection values as
the number of ECG data segment increases. Consequently, it is observed that as
the number of ECG segment increases, the discriminative strength of the data

also increases, leading to an increase in probability of detection results.

Likewise, probability of false alarm versus number of ECG segment graphs
are plotted in order to analyze the change in probability of false alarm values as
the number of ECG segment increases. Furthermore, probability of false alarm
of sequentially increasing segments are theoretically calculated by assuming that
each ECG segment is independent and identically distributed. The results show
that increasing number of ECG segment results in a decrease in the probability
of false alarm values. In addition, the comparison between observed and theoret-

ically calculated probability of false alarm values demonstrated very approximate
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results.

Additionally, the detection of acute coronary syndromes based on ECG record-
ings of a patient obtained only during healthy stage is also investigated in order
to develop a detection technique which can be used in the absence of ischaemic
ECGs. For this purpose, the joint probability density function (pdf) of the fea-

tures of ST level and ST slope is represented by a Gaussian mixture model [47].

Moreover, the detection of the outliers which correspond to acute coronary
syndromes is realized by using the developed Neyman-Pearson type of approach
[48]. Neyman-Pearson decision strategy is used by computing the average log-
likelihood values of the segments and comparing them with a range of different
threshold values. For different discrimination threshold values and number of
ECG segments (Ny), probability of detection and probability of false alarm values
are computed and ROC curves are obtained. As a result of the analysis, it is
observed that increasing number of ECG segments provide higher performance

results for Gaussian mixture model based classification.

In addition, the comparison between support vector machine and Gaussian
mixture model based classification showed that support vector machines provide
higher classification performance results for ECG signal. This result can be ex-

plained by the fact that support vector machines use both basal and ischaemic
ECG data, whereas GMM based classification uses only basal ECG data.

In conclusion, the proposed detection block diagram uses the SVM classifi-
cation technique, three joint features and performs majority decision fusion to

improve performance of the classification.
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