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ABSTRACT

Arrhythmia affects millions of people in the world. Sudden cardiac death is the cause
of about half of deaths due to cardiovascular disease and about 15% of all deaths
globally. About 80% of sudden cardiac death is the result of ventricular arrhythmias.
Arrhythmias may occur at any age but are more common among older people.
Arrhythmias are caused by problems with the electrical conduction system of the heart.
Therefore, we have designed a model using supervised deep learning to classify the
heartbeats extracted from an ECG into four (4) heartbeat classes which is normal beat,
ventricular ectopic beat (VEB), supraventricular ectopic beat (SVEB) and fusion beat,
based only on the line shape (morphology) of the individual heartbeats.

The overall performance of the system resulted in a precision of 95.378%, a
recall of 81.3035%, accuracy of 97.62% and an F1 score 84.6875%.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

Heart disease is the class of diseases that involve the heart or blood vessels (arteries and
veins). Today, most countries face high and increasing rates of heart disease and it has
become a leading cause of debilitation and death worldwide in men and women over age
sixty-five and today in many countries heart disease is viewed as a “second epidemic,”
replacing infectious diseases as the leading cause of death.[1]. To solve this and many
other problems in the health sector related to heart diseases diagnosis, one must come up
with a way to extract hidden information from enormous datasets that are collected in the
past using electrocardiogram (ECG) which is low cost, non-invasive and effective test for
heart disease analysis. Data mining and machine learning can be a solution by generating
rules from those enormous datasets. Employing data mining and machine learning in the
health sector has been rapidly gaining high importance around the world. The importance
of health informatics has risen significantly in the recent years due to the need for a secured
and efficient management of medical data. Health informatics also facilitates proper
management, analysis and use of health-related data for the purpose of more efficient
healthcare delivery.

The aim of this research is to classify heart diseases by using the data from kaggle
website of MIT-BIH arrhythmia database containing 100000 beats from 22 recoding into
four heartbeat classes which is normal beat, ventricular ectopic beat (VEB),
supraventricular ectopic beat (SVEB) and fusion beat utilizing supervised deep learning

technique.



1.2 Problem Statement

Heart Disease has become a common disease around the world. Most countries face high
and increasing rates of heart disease or Cardiovascular Disease. Even though modern
medicine is generating huge amount of data every day, little has been done to use this
available data to solve the challenges that face a successful interpretation of
echocardiography examination results.

Discovering the disease in its early stages may reduce the severity of heart disease.
Computing technologies and machine learning tools can be used to assist physicians in
diagnosing and predicting the disease so they can provide the necessary treatment and
prevent the impact, including the possibility of death.

Classifying the outcome of a disease is one of the most interesting and challenging
tasks in which to develop data mining applications. Classification systems with a high
precision of heart diseases screening and classification will help in decreasing the
workload for healthcare personnel in the process of the early detection of heart diseases.
Therefore, this thesis intends to utilize the latest technologies, focusing on deep-learning
Neural Networks approach, in data mining science to produce model that can assist

physicians in the process of classifying of heart diseases.

1.3 Objectives

% To identify the features of normal and abnormal heartbeats.
¢+ To design heartbeat classification model based on Deep Neural Networks.

% To validate the performance of proposed framework on various measures.

1.4 Scope of Project

%+ The tools that have been used in this project.

= The method used in this project is deep learning technique to classify heart

beats.

= Python software is used for this project.



= Data that have been used for this project is collected from kaggle website
of MIT-BIH Arrhythmia database.

= The classification of four (4) heartbeat classes which is normal beat,
ventricular ectopic beat (VEB), supraventricular ectopic beat (SVEB) and

fusion beat.

= The performance measures are Accuracy, Precision, Recall Score and F1

Score.

1.5 Thesis Outline

Chapter one gives information related to the aims of the project.

Chapter two provides full comprehensive literary works review on heart
disease detection using deep learning method , and Also the reader will gain
knowledge about the electrocardiograms, heart diseases, machine learning types and
deep learning architectures.

Chapter three summarizes the steps taken to design the project.

Chapter four discusses the classification results of the deep neural network and

lastly is the conclusion and future recommendation.



CHAPTER 2

LITERATURE REVIEW

This chapter reviews some necessary background on electrocardiograms and deep
learning method. First, the electrical phenomena aspects of the heart are presented in
order to understand how the familiar “waves” observed in an ECG arise. Then we will
discuss the common types of heart diseases.

Secondly, types of machine learning and the classification algorithm of deep
learning method, deep learning architectures and their literary works review on

previous studies are presented in this chapter.

2.1 Electrocardiogram

The electrocardiogram (ECG) is a time-varying electro-cardiac signal that represents
the electrical activity of the human heart. It is obtained using surface electromyography
(EMG), where electrodes are attached to the surface of the skin in close proximity to
the human heart. It is a non-invasive procedure that is widely used in hospital settings
to measure and diagnose abnormal rhythms of the heart. The ECG signal measured
from the patient, results in a periodic waveform with multiple apexes called the
PQRST-complex. Figure 2.1 shows and ideal PQRST-complex waveform.

The apexes in the PQRST-complex are labelled with P, Q, R, S and T, which
are commonly used in medical ECG terminology. Each apex results from ionic current
exchanges in the heart causing muscle contraction and relaxation. All the muscle
contractions and relaxations in the heart begin at the sinoatrial (SA) node, which is a
specialized cell that regulates the heartbeat. (See Figure 2.2).the SA node produces

electrical impulses, which spread radially throughout the whole heart. As the electrical



impulses traverse through the heart, different muscle groups in the heart contract in a
sequential manner to produce the PQRST-complex waveform. The order of muscle

contractions is shown in Figure 2.3.
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Figure 2. 1: The waveform of an ideal, normal ECG waveform with peaks labelled
by P, Q, R, Sand T. The ST segment defines the interval from the beginning of the S
wave to the beginning of the T wave[2].

In Figure 2.3, the atria contraction produces the P wave and the ventricle contraction

produces the QRS complex and the T wave.

2.1.1 P wave

The electrical impulses produced by the SA node first propagate to the right atrium
then the left atrium (see Figure 2.2). Depolarization of the right atrium produces a
small-voltage deflection away from the baseline. The plateau of the P wave represents
the completion of the right atrial contraction and beginning of the left atrial
contraction; the left atrium contraction finishes at the end of the P wave. In other
words, the P wave is produced by the contraction of the right and left atria (see Figure
2.3).



The P wave is a small, smooth, rounded deflection that precedes the spiky-
looking QRS-complex. The duration from the end of the P wave to the beginning of
the Q wave represents the necessary physiologic delay to allow the left and the right
ventricles to prepare for contraction. To achieve this necessary delay, the electrical
impulses pass through multiple parts of the heart: the AV node, the bundle branch, and
the Purkinje network (see Figure 2.3). This delay is a natural delay mechanism to allow
the ventricles to be filled with blood.
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Figure 2. 2: Electrical activities of the heart are controlled by the sinoatrial (SA)
node. The electrical impulses fired by the SA node spread radially outward to the
atria and the atrioventricular (AV) node. The AV node relegates the current form the
SA node down the left bundle branch to the ventricular muscles and Purkinje
network [2].

2.1.2 QRS complex

The QRS-complex reflects the rapid depolarization of the right and left ventricles, and
marks the beginning of the ventricle contraction. The ventricles have a large muscle
mass compared to the atria, so the QRS complex has a much larger deflection than the
P wave. The wave is composed of the Q wave, R wave and S wave, and is used as a
landmark to estimate the heart rate of a patient by tracking the RR interval. The RR
interval is the interval from the R peak of one ECG waveformto the R peak of the next

ECG waveform. The RR interval indicates the interval between successive heartbeats



and determines the heart rate. The RR interval often contains other valuable

information, such as the types of arrhythmia that might be present in a patient [2].
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Figure 2. 3: The sequence of muscle contractions follows after the firing of the
electrical impulses form the sinoatrial (SA) node[2].

2.1.3 T wave

The T wave depicts the electrical recovery and repolarization of the ventricles, and
marks the end of the contraction of the ventricles. It is typically a round, approximately
semi-circular shaped wave, which deflects slightly above the baseline. The T wave
follows each QRS complex. The time-separation between the QRS complex and the T
wave is typically constant for normal ECG traces and is also known as the ST segment.

Using the five basic waves as landmarks, the ECG tracing is divided into
various segments and intervals. An ECG segment is defined as the period between the
ends of one wave to the start of the next wave (see Figure 2.4). For example, the PR-
segment begins at the end of the P wave and ends at the beginning of the Q wave. An
ECG interval (not to be confused with an ECG segment) includes one segment and

one or more waves (see Figure 2.6). Thus, the PR-interval starts at the beginning of



the P wave and ends at the onset of the QRS-complex. Each segment and interval
displayed in Figure 2.4 and Figure 2.6 has its own characteristics and clinical
significance, which are discussed in the following subsection.
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Figure 2. 4: The ECG tracing is divided into two segments: PR segment and ST
segment[2].

2.1.4 PR-segment

The PR-segment starts form the end of the P wave to the beginning of the successive
Q wave. It appears as a flat, horizontal tracing on the ECG tracing. The duration of the
segment represents the delay of the electrical impulse at the AV node where the
electrical current traverses down the bundle of braches to the ventricles. Under both
normal and abnormal ECG activities, the baseline of the PR segment remains constant
and | approximately the same amplitude level as the isoelectric line. The isoelectric
line is equivalent to the baseline of the entire ECG wave, which is typically at Omv.
The amplitude of the PR segment is used to measure the amplitude of the isoelectric
line. The portion of the ECG tracing following the T wave and preceding the next P

wave could also be used to measure the isoelectric line.



2.1.5 ST-segment

The ST-segment starts from the end of the QRS-complex to the beginning of the
succeeding T wave. This is the period of slow depolarization of the ventricles after the
contractions of the left and right ventricles. In normal individuals. The baseline of the
ST-segment typically remains close to the isoelectric line. The baseline of the ST-
segment also curves rapidly into the ascending limb of the T wave form the end of ST-
segment also curves rapidly into the ascending limb of the T wave form the end of the
S wave as in Figure 2.5(a); it should not form a horizontal line nor a sharp angle with
the start of the T wave like Figure 2.4. In abnormal cardiac activities, the baseline of
the ST-segment is abnormally elevated or depressed from the isoelectric line as shown
in Figure 2.5(b) and 2.5(c). For cardiac arrhythmia analysis, elevation of the ST-
segment indicates myocardial infraction, while depression of the ST-segment is

typically associated with hypokalaemia or digitalis toxicity.

2.1.6 QT-interval

The QT-interval (see Figure 2.6) is the time form the beginning of the Q wave to the
end of the T wave. The interval reflects the amount of time for ventricle depolarization
and repolarization. If the interval is abnormally prolonged or shortened, there is a risk
of developing ventricular arrhythmia. In certain cases, a prolonged QT-interval could
lead to a life-threatening cardiac arrhythmia known as ventricular tachycardia, which

in turn can lead to death of the patient.

2.1.7 RR-interval

The RR-interval (see Figure 2.6) is measured from on peak of the R wave to the next
peak of the R wave. The RR-interval reflects the heart rate of a patient, the RR- interval
varies over time as a consequence of the general physiological and psychological
condition of the patient. The variations in the RR-interval is also known as heart rated
variability (HRV). Both research and clinical studies have indicated the HRV contains

valuable information about the various types of arrhythmia that might be present in a
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patient [3]. For instance, the HRV can be used to predict the survivability of a patient
after a heart attack [3] .

- /——- ST SEGMENT
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T

ST ELEVATION

ST DEPRESSION
P

Figure 2. 5: (a) A normal ST-segment in a normal ECG showing the base of the ST-
segment remains relatively close to the isoelectric line. In normal ECG, the ST-
segment moves into the beginning of the T wave. (b) ST-segment is elevated a above
the isoelectric line, (c) and the ST-segment is depressed below the isoelectric line.
Figure taken from [2] .

2.1.8 PR-interval

The PR-interval (see Figure 2.6) is measured form the beginning of the P-wave to the
beginning of QRS-complex. This is the amount of time that is required by the electrical
impulse to travel form the atria to permit the ventricular muscle to begin depolarize.

The variations in the PR-interval indicates a first degree heart block.
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Figure 2. 6: the ECG tracing is divided into various intervals: PR-interval, RR-

interval, and QT-interval[2].

Table 2. 1: ECG Features and Their Normal Durations

Feature | Description Duration

P The P wave is a small, smooth, rounded deflection that | 80ms
precedes the spiky-looking QRS-complex.

QRS Normally begins with a downward deflection Q, a larger | 80-120ms
upwards deflection R and ends with a downward S wave.

T Normally a modest upward waveform. 160ms

PR The PR-segment starts form the end of the P wave to the | 50-120ms
beginning of the successive Q wave.

ST The ST-segment starts from the end of the QRS-complex to | 80-120ms
the beginning of the succeeding T wave.

QT The QT-interval (see Figure 2.6) is the time form the | 420ms
beginning of the Q wave to the end of the T wave.

RR The RR-interval is measured from on peak of the R wave to | 0.6-1.2s

the next peak of the R wave.




12

2.2 Heart Diseases
2.2.1 Arrhythmia

Arrhythmia is a problem of the heartbeat rhythm, which is the rate of beat is too slow
or faster than normal.so the lower beat and faster beat are called bradycardia and
tachycardia. Many factors can cause the change the heart beat like exercise, smoking,
and heart failure and heart defects. Some drugs can change the heart rhythm which is
if the person is taking medications. Symptoms of arrhythmias are: chest pain, shortness
of breath, sweating, fast or slow heartbeat and light-headedness or dizziness [3]. The
main types of arrhythmia which causes irregular heart beat is atrial fibrillation.

As shown in Figure 2.7, there are two groups of arrhythmias which has
different patterns. The first group is bradycardia which is called morphological
arrhythmia because of their single irregular heart rhythm, the other group is
tachycardia called rhythmic arrhythmias which is created by a set of irregular
heartbeats.so those irregular heartbeats helps us to classify into those two groups

because it changes the morphology of the signal by using electrocardiogram to record.

A

bradycardia:

tachycardia: f\ \ \ \ \ \ f\ “ ’

Figure 2. 7: Types of Arrhythmias.

Some heartbeats can be difficult for human to classify and sometimes it takes
several hours to do it and that is time consuming. In addition to that, it is important to
analyse all heartbeats from Holter monitor because they carry a lot of information.
Machine learning comes handy when classifying arrhythmias because of it is fast and

analysing a large signals [4].
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Arrhythmias are caused by a problem in the electrical system of the heart. Some
causes of arrhythmias include: irritable heart cells, blocked signals, abnormal pathway and
medicines [5].

2.2.2 Sleep Apnea

Sleep apnea is caused by a pause of breathing that lasts for about ten seconds and that
may happen many times during sleep, if that happens it is called apnea. If that condition
happens, the body will get less oxygen that effects the patient during the day in which
he feels tired and dizziness[6].furthermore, it is dangerous for long-term because it
will effect cardiovascular system and causes morbidity and mortality[7].

The most common risk factors that may cause sleep apnea are listed below [8]:

obesity

e Dbig neck size

e Male gender

e High blood pressure
e Family history

Sleep apnea and heart disease have been researched for many years and it
showed that there is a link between them and sleep apnea increased the risk of having
cardiovascular morbidity and mortality [9].it also discovered that sleep apnea increases
the risk of sudden cardiac death as had been discussed in paper [10].when person’s
breathing pauses a hundred times at night and that causes the body gets less oxygen
which results heartbeat to flutter. That is one of the conditions that causes sudden
cardiac death [11]. Sleep apnea is dangerous a can cause sudden death if the person’s

feels that he is not breathing it is advisable to see a doctor.
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2.2.3 Coronary Artery Disease

Coronary artery disease is affecting many people in the world, and it takes a lot many
to cure this disease which worries the stakeholders in the healthcare [12].furthermore,
to the money problems it causes, coronary artery disease has been named as one of the
most causes of sudden death in the world [13] [14], which is dangerous and need to be
controlled.

Coronary artery disease causes 7 million deaths on the planet. The plaque
builds up in coronary arteries and other parts of the body [15] and that blocks the blood
supply to that heart and after that heart will not get enough blood and that causes death.
This plaque consist of calcium and other substances found in the arterial.

Coronary artery disease is affecting many people in the world, and it takes a
lot many to cure this disease which worries the stakeholders in the healthcare
[12].furthermore, to the money problems it causes, coronary artery disease has been
named as one of the most causes of sudden death in the world [13] [14], which is
dangerous and need to be controlled. The Figure 2.1 presents coronary artery disease
and normal coronary artery disease.

As mention in section 2.2.1, arrhythmia is the change of heart rhythm which is
also the first signs of coronary artery disease [15]. As time goes, the hurt fails to pump
to blood and that causes heart failure and it also weakens the heart muscle.

To check if the person’s has coronary artery disease is by checking blood
pressure, body mass index, smoking and physical activity[15]. In addition to that, one
of the diagnosis is if there is family history of having heart diseases and also age [15]
[16].

In addition, if the patient is suffering from the disease, a doctor gives treatment
regime [17].The treatment of coronary artery disease is expensive it involves analysing
Hotler monitor which takes several hours and other diagnosis as mentioned above.

Coronary artery disease starts at early age, and plaques develops between the
walls and stay with us for the most people however, early prevention will delay the
disease which is greater benefit. Healthy eating and exercising will also delay the
development of coronary artery disease and there is chance that can be regressed

before it becomes CHD.
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