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Abstract
Cardiac disorders are the leading causes of human mortality worldwide. Most disorders

progressively worsen over time; as a result, if left untreated can lead to severe complications

such as heart attack and stroke. Therefore, early diagnosis and a better understanding of the

disease progression are crucial to timely initiating appropriate treatment plans that can help

prevent further disease progression and severe cardiac events. Widely used by clinicians as a

routine modality in hospitals, electrocardiogram (ECG) recordings non-invasively capture the

heart’s electrical activity from the body surface. Many cardiac electrophysiological abnormalities

have a signature on the ECG, and their identification can aid in the early diagnosis of cardiac

disorders. In practice, an experienced cardiologist manually examines the 12-lead ECGs or

the single-lead Holter ECG to diagnose disorders. Manual examination of enormous amounts

of data can be tedious, time-consuming, and prone to human errors. Hence, research on

automated ECG interpretation methods has been gaining popularity as they can aid in rapid

and improved objective clinical decision-making, allowing clinicians to provide timely treatment.

In order to develop effective automated diagnosis methods, several key challenges must be

addressed, including wide morphological and temporal association variabilities in pathological

ECG characteristics across cardiac abnormalities, subtle ECG changes within the same cardiac

disorder based on severity, intermittent nature of rhythm disorders, diagnostic redundancy of

12-lead ECG, and susceptibility of ECG signals for different noises. This dissertation focuses

on developing automated methods that can address the above challenges for the efficient and

reliable diagnosis of various cardiac disorders from single- and 12-lead ECG signals.

Myocardial infarction (MI) is a lethal heart condition that occurs due to the blockage of blood

flow to the heart muscle. Although MI is a progressive disorder, existing methods consider it as

one broad category for the diagnosis and do not address its severity. In practice, the severity

assessment of MI in terms of early MI, acute MI, and chronic MI using 12-lead ECGs can play

a crucial role in timely initiating appropriate treatment to prevent further disease progression

and reduce mortality. However, subtle variabilities in the pathological ECG manifestations

and dynamic changes in their temporal dependencies during the disease progression pose a

challenge for reliable severity staging. In addition, the implicit diagnostic redundancy of the
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12-lead ECG obscures the subtle pathological manifestations, degrading diagnostic accuracy.

The first part of the thesis presents a multi-lead diagnostic attention-based recurrent neural

network (MLDA-RNN) method that can address these challenges and extract discriminative

feature representations from 12-lead ECG to improve the MI severity stages classification. The

method systematically processes 12-lead ECG using lead-specific RNN layers followed by intra-

and inter-lead attention modules. The RNNs and attention modules effectively characterize the

temporal dynamics of subtle pathological manifestations and emphasize diagnostically relevant

12-lead ECG features to obtain high-level discriminative representations for classification. The

experimental results show that the MLDA-RNN method achieves improved MI severity stages

classification. Additionally, the qualitative results reveal that the MLDA-RNN automatically

selects salient ECG leads and focuses on clinically relevant ECG features during the diagnosis,

thereby mimicking the cardiologist’s way of clinical 12-lead ECG interpretation.

Congestive heart failure (CHF) is a complex clinical syndrome; thus, it results in wide variability in

the pathological ECG features and their temporal dependencies. Existing methods have mainly

used deep convolutional neural networks (DCNNs) to diagnose CHF. These deeper networks

are hard to optimize because of vanishing gradients, difficult to interpret, and show limited

detection accuracy as they fail to effectively capture the complex pathological ECG features and

their temporal dependencies associated with CHF syndrome. The second part of the thesis

presents a hybrid model named attention-based deep residual RNN (A-DRRNet) to address the

above challenges for accurate CHF diagnosis from single-lead ECG. The model consists of multi-

layered RNNs with residual connections followed by an attention module to attentively encode

temporal dependencies (P-QRS-T) of complex pathological ECG features by maintaining proper

gradients at the earlier layers for efficient CHF detection. The experimental results verify that

the proposed method has superior diagnostic accuracy, light-weight architecture, and promising

model transparency visualizations compared to the existing methods.

Atrial fibrillation (AF) is the most common heart rhythm disorder that can progressively worsen

over time. AF can be intermittent and asymptomatic; as a result, it often remains undiagnosed

until it causes a life-threatening condition, such as stroke and thromboembolism. It is thus

a disorder that would benefit from long-term continuous monitoring with Holter ECG devices.

Analyzing AF burden (the percentage of time an individual is in AF rhythm) from the long-

term recordings can provide improved prognostic value compared to the traditional binary AF
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diagnosis (present or absent) methods using snapshot ECG. However, the presence of frequent

ectopic beats and different noise levels pose a challenge for precise AF burden estimation.

The third part of the thesis proposes a multi-task DCNN (MT-DCNN) method for accurately

estimating AF burden from the long-term ECG recordings. The model consists of AF detection

as a primary task and reconstruction of ECG sequence as an auxiliary task using DCNNs.

The auxiliary task regularizes the model to learn robust feature representations for efficient

AF detection, thereby aiding accurate AF burden estimation. The experimental results on four

diverse Holter ECG datasets with frequent ectopic beats and different noise levels verify that

the proposed framework provides a lesser mean AF burden estimation error over the baseline

approaches. In addition, the analysis of daily AF burden suggests that it effectively improves

the diagnosis and stroke risk stratification in AF patients; thus, it has the potential to be used in

remote patient monitoring applications for personalized AF diagnostics and management.

Apart from disease-wise analysis, the automated methods should also be able to analyze

12-lead ECGs of multiple cardiac disorders such as MI, hypertrophic cardiomyopathy (abnormal

thickening of heart muscle), and conduction disturbances (electrical conduction system dys-

function) simultaneously and identify the underlying disorder for its appropriate management.

However, these diseases show subtle and similar pathological ECG changes with wide morpho-

logical variabilities (multi-scale), challenging their reliable classification. In practice, clinicians

often seek advice from several experts for patients with confusing ECG biomarkers before

making the final diagnosis. Inspired by this, the last part of the thesis presents a multi-scale

deep temporal CNN ensemble (MS-DTCE) framework that can extract and combines diverse

multi-scaled ECG features for effectively classifying multiple cardiac disorders. The MS-DTCE

consists of several temporal CNN-based expert classifiers designed using dilated and causal

convolutional filters with different receptive fields to extract the scale-specific features from

the 12-lead ECG and generate local predictions. The MS-DTCE also includes a temporal

CNN-based gating network that aggregates the local predictions of experts based on their

competencies and generates the final diagnosis decisions. The experimental results on the

clinical 12-lead ECG datasets show that the MS-DTCE framework significantly improves the

classification performance for multiple cardiac ailments over existing methods.

Keywords: Electrocardiogram, Cardiac disorders, Classification, Deep learning, Recurrent

neural networks, Convolutional neural networks, Attention mechanism.
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1. Introduction

Cardiovascular diseases (CVDs), a group of heart and blood vessel disorders, are the leading cause of

morbidity and mortality worldwide [1,2]. The number of people dying from CVDs is rising at an alarming

rate, including 18.6 million deaths in 2019, representing 32% of global deaths [3]. The majority of CVD

deaths are attributed to cardiac disorders, including coronary artery disease or myocardial infarction (MI),

hypertrophic cardiomyopathy (HYP), conduction disturbances (CD), atrial fibrillation (AF), and congestive

heart failure (CHF), and so on [4]. Often, these cardiac disorders progressively worsen over time; thus, if left

untreated can lead to severe complications such as heart attack and stroke [5]. Therefore, early diagnosis

and a better understanding of the disease progression are crucial to the timely initiation of appropriate

treatment strategies that could help improve outcomes in patients with cardiac disorders [6].

Current diagnostic tools for the assessment of cardiovascular health include electrocardiography (ECG),

echocardiography (ECHO), computerized tomography (CT) calcium scoring, CT coronary angiography,

cardiac magnetic resonance imaging (MRI), coronary catheter angiography, and myocardial perfusion

imaging (MPI) [7]. Among all, ECG is a simple, rapid, non-invasive, and inexpensive tool widely used

by cardiologists and medical practitioners for recording the electrical activity of the heart from the body’s

surface [8]. Therefore, many cardiac structural or electrophysiological abnormalities have a signature

on the ECG, and their accurate identification can aid in the diagnosis of cardiac disorders [8, 9]. In a

clinical context, ECG recordings are acquired in two different ways: (i) the standard 12-lead ECGs provide

comprehensive information on cardiac activity from 12 different perspectives (leads) over several heartbeats

and are typically used to diagnose spatially occurring acute cardiac disorders such as MI, CD, and HYP; (ii)

on the other hand, single-lead ambulatory or Holter ECGs record the electrical activity of the heart from

only one perspective over more extended periods (several hours), which aid in the early diagnosis and

characterization of the paroxysmal rhythm abnormalities such as AF [9]. Therefore, careful analysis of

cardiac electrical activity using single- or 12-lead ECG signals is of great importance for the diagnosis, risk

assessment of cardiac disorders, and understanding of the effect of clinical interventions [10].

In clinical practice, an experienced cardiologist manually examines the changes in typical ECG charac-

teristics such as P-wave, QRS-complex, ST-segment, and T-wave to diagnose cardiac disorders [11]. Due

to the diverse etiology of cardiac disorders, the pathological ECG waveform characteristics dynamically vary

in terms of amplitude, duration, morphology, and temporal association [8,11]. Moreover, based on disease

progression, the pathological ECG features undergo subtle variations at specific leads of 12-lead ECG [10].

Manual analysis of 12-lead or long-term single-lead ECGs to diagnose cardiac ailments can be tedious,

time-consuming, and prone to errors [12]. Even for an experienced clinician, accurately interpreting the

subtle ECG changes during disease progression is challenging [13]. Also, visual inspection of the diverse

2
TH-3010_166102109



1.1 The Electrocardiogram Signal

pathological manifestations is subjective, causing inter- and intra-rater variability [12,13]. Consequently,

there is an urgent unmet need for automated ECG interpretation methods as they can effectively represent

the disease variabilities and aid in rapid and improved objective clinical decision-making.

Furthermore, in recent years, the widespread digitization of ECG data and the advances in sensor and

wireless technologies have led to the development of various new portable and wearable ECG acquisition

devices [14]. The rise of these novel technologies has resulted in the acquisition of more than 300 million

ECGs annually worldwide [15]. Manual analysis of these enormous amounts of data is often challenging

because experienced medical practitioners are scarce [16]. In addition, the ECG recordings acquired from

portable or wearable devices are prone to various noises, which degrades ECG signal quality and affects its

clinical utility [9,14]. Therefore, the advancement in ECG acquisition technologies and the high prevalence

of CVDs in the present population have intensified the research towards developing automated diagnosis

systems. These systems can play a crucial role in the early diagnosis of cardiac disorders and have the

potential to assist clinicians in making improved diagnosis decisions [12,13].

This dissertation focus on developing efficient and reliable automated methods for the diagnosis

of various cardiac disorders using single- and 12-lead ECG signals. The chapter begins with a brief

introduction to ECG waveform and its pathological manifestations during cardiac abnormalities, followed by

a review of the existing automated methods for ECG-based cardiac disorders diagnosis. We then highlight

the motivation of the research work. Following that, we present the contributions and outline of the thesis.

1.1 The Electrocardiogram Signal

As a non-invasive recording of surface potentials induced by cardiac electrical activity, ECG provides critical

information about the heart’s functioning and helps assess cardiac health [8]. In the following section, we

briefly discuss the main concepts related to the physiological and technical basis of the ECG signal.

1.1.1 Physiological Origin

The human heart is a rhythmically beating muscular organ responsible for pumping oxygen and nutrients

rich blood throughout the body. The perfect rhythmic functioning of the heart is coordinated by two types of

cardiac muscle cells, i.e., contractile cells and specialized muscle cells [17]. Contractile cells provide the

powerful contractions that propel the blood, while the specialized muscle cells of the conducting system

coordinate these contractions. The electrical conduction system of the heart or pathway consists of a

sino-atrial (SA) node, atrio-ventricular (AV) node, the bundle of His, bundle branches (left and right), and

Purkinje fibers, as depicted in Figure 1.1. These conduction system components enable the synchronized
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Left atrium
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Atrioventricular (AV) node
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Right atrium
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Figure 1.1: Electrical conduction system of the heart. The figure illustrates the sequential activation of different
electrical nodes and muscle fibers of the normal electrical conduction system pathway.

contraction and relaxation of the contractile muscle cells, which generate an electrical potential difference

that can be measured by placing electrodes on the body surface [17]. The resulting amplified signal is

known as the ECG [8, 17]. As shown in Figure 1.2, each wave or segment of the ECG corresponds to

important electrical events in the heart. The following steps briefly describe the relationship between these

events and the ECG characteristics [17].

• Normal cardiac rhythm is established by the spontaneous depolarization of the SA node, also

known as the natural pacemaker of the heart. The spread of this depolarization electrical impulse

corresponds with the iso-electrical line preceding the P-wave.

• The electrical impulse is then spread throughout the atria via specialized pathways and reaches the

AV node within 50 ms. Along the way, the conducting cells stimulate the myocardial contracting cells

of both the atria, making them depolarize or contract, resulting in a local P-wave in the ECG signal.

• The AV node conducting cells are smaller in size, which slows down the electrical impulse by 100 ms

before reaching the ventricles. This action leads to the iso-electrical PR-segment in the ECG.

• The electrical impulse then travels through the bundle of His, bundle branches, and Purkinje fibers

and rapidly spreads across the ventricles, making them contract or depolarize, resulting in a large

QRS-complex in the ECG signal. The passage of ventricular depolarization takes about 100 ms.

• After depolarization, the ventricular muscle cells reach a plateau phase, which lasts about 120 ms,

during which no electrical activity occurs. It corresponds to the iso-electric ST-segment in the ECG.
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Figure 1.2: Morphological characteristics of normal sinus rhythm ECG. Accurate ECG interpretation requires the
knowledge of amplitudes, durations, shapes of the morphological characteristics, and their temporal relationships.

• Finally, the ventricles undergo repolarization, which causes the T-wave in the ECG. The passage of

ventricular repolarization takes approximately 160 ms.

The above-described sequential process constitutes a single ECG heartbeat; thus, temporal depen-

dencies naturally exist in this waveform. This cardiac cycle regularly repeats in normal or healthy control

(HC) subjects, leading to a stable rhythm in the ECG known as normal sinus rhythm (NSR). It is evident

from Figure 1.2 that the ECG contains crucial information about different electrical events in the heart; thus,

any abnormality in the heart’s functioning can result in visible morphological changes in the ECG signal.

Therefore, studying these ECG morphological changes in terms of shape, amplitude, and duration and

their temporal relationships provides valuable insights into cardiac pathophysiology [5,17]. In practice, the

popular ECG recording systems for cardiac health assessment include the standard 12-lead ECG and the

single-lead ECG [9]. In the following sections, we briefly describe these ECG recording systems.

1.1.2 Standard 12-Lead ECG

In an ECG recording system, the term “lead or channel” refers to the difference in electrical potential

between two electrodes. In practice, cardiologists consider the 12-lead ECG configuration as a gold

standard tool for diagnosing various cardiac ailments [11]. The 12-lead ECG can be recorded by placing ten

electrodes in a specific order on the patient’s skin, including four electrodes placed on the limbs and six on

the chest. Figure 1.3 (a) illustrates the placement of electrodes for recording 12-lead ECG. The electrodes

are labeled according to their location on the body surface (LA: Left Arm, RA: Right Arm, LL: Left Leg, RL:

5
TH-3010_166102109



1. Introduction

LA
RA

RL LL

V1-V6 I

II

III
aVR

aVL
aVF
V1
V2

V3

V4

V5

V6
(a)

I

II
III

aVF

aVL
aVR

V6
V5

V4
V3

V2V1

(b)

Lateral

Inferior

Anterior

Horizontal
Plane

Frontal Plane

Figure 1.3: The standard 12-lead ECG recording system. (a) Illustrates the standard placement of ten electrodes on
the human body for recording 12-lead ECG, including three limb leads (I, II, and III), three augmented limb leads
(aVR, aVL, and aVF), and six chest leads (V1-V6). The figure also depicts the electrical potential differences between
the electrodes and corresponding 12-lead ECG data. (b) The twelve ECG leads reflect different spatial angles of the
heart and gives a comprehensive three-dimensional view of the cardiac electrical behaviour in frontal and horizontal
planes. Specifically, leads II, III, and aVF monitor, the inferior heart region, leads V1-V4 monitor the anterior region,
and leads I, aVL, V5, and V6 view the lateral region.

Right Leg, and Vx: Chest electrodes V1 to V6). The 12 ECG leads recorded from these electrodes can be

separated into limb leads, augmented limb leads, and chest leads. The limb leads are derived from the

three limb electrodes, i.e., lead I: voltage difference between LA and RA (LA-RA), lead II: LL-RA, and lead

III: LL-LA. Note that the RL electrode is considered to be a reference electrode. The combination of limb

leads forms a virtual reference electrode known as Wilson’s central terminal (Vw) [11]. The augmented limb

leads aVR, aVL, and aVF measure the potential difference between one of the limb electrodes (RA/LA/LL)

and a virtual electrode, which provides additional views. Finally, the chest or precordial leads V1 to V6

measures the potential difference between the chest electrodes and the virtual reference electrode (Vw).

Each ECG lead views the heart from a different spatial angle or perspective (see Figure 1.3 (b)). Thus,

the twelve ECG leads completely characterize the heart’s electrical activity and provide a comprehensive

three-dimensional view. Specifically, the limb and the augmented limb leads provide the cardiac electrical

activity information in the frontal plane of the body, whereas the chest leads provide information in the

horizontal plane (Figure 1.3 (b)). Clinically, the twelve ECG leads can be further categorized into three

groups based on which anatomical area of the heart can be monitored with that ECG lead (see Figure 1.3

(b)) [11]. The relationship between the heart region and the ECG leads is as follows: inferior region (leads

II, III, and aVF), anterior region (leads V1-V4), and lateral region (leads I, aVF, V5, and V6). Monitoring

6
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the functioning of different cardiac regions provides crucial clinical information that allows diagnosis of the

localized cardiac abnormalities such as myocardial infarction (anterior, lateral, and inferior), conduction

disturbances (left and right bundle branch blocks), and hypertrophic cardiomyopathy (left and right) [10,11].

Zio Patch ECG recorder
(2-4 weeks continuously)

Holter ECG Recorder 

(24-48 hours continuously)

AliveCor Kardia Device 

(30 s intermittently)

Apple Smart Watch Series 4

(30 s intermittently) 

1 s

mV

Figure 1.4: Different single-lead ambulatory ECG recording devices with their electrode placement and cardiac
monitoring periods.

1.1.3 Single-Lead ECG

The 12-lead ECGs are widely used in hospital settings and are often short-term recordings of several

heartbeats. However, when the patient needs to be monitored continuously for several hours, the 12-lead

ECG is impractical as the patient must be attached to ten electrodes [9]. Long-term recordings can be

acquired using Holter or portable ECG monitors. Clinicians often recommend these Holter monitors to

characterize the occasionally occurring abnormal events that have high chances of being missed during

the hospital visits [14]. In addition, remote patient monitoring using Holter ECG recorders can play a

crucial role in the early diagnosis and management of silent or asymptomatic cardiac disorders. The recent

developments in sensor and wireless technologies have led to several new ECG recording devices (Figure

1.4) [14,18]. Most of these devices record single-lead ECG, typically of lead I or II. While portable Patch and

Holter ECG devices are well suited for long-term ambulatory monitoring, handheld mobile and Smartwatch

devices are suitable for intermittent monitoring, where patients can take an ECG measurement whenever

they experience an abnormal sensation. Although 12-lead ECG is clinically superior, life-threatening rhythm

disorders such as AF and CHF can be reliably diagnosed with single-lead ECG recordings [18].

In short, the single-lead provides intra- and inter-heartbeat diagnostic information that helps analyze

various heart rhythm abnormalities. On the other hand, the rich diagnostic information of the standard
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12-lead ECG, i.e., intra-lead (intra- and inter-beat) and inter-lead information can help diagnose spatially

occurring acute cardiac disorders. Therefore, based on the clinical application, 12-lead ECGs or long-term

single-lead ECG recordings might be preferred for the analysis.

1.2 Cardiac Disorders and Pathological Changes in ECG Signals

This dissertation mainly focuses on diagnosing acute cardiac disorders such as MI, bundle branch blocks

(BBB), HYP, AF, and CHF. The following sections briefly present the pathological variations in ECG due to

the aforementioned cardiac disorders.

Pulmonary artery
Aorta

Left main coronary artery

Left circumflex artery

Left anterior decending artery

Left ventricle
Right ventricle

Right coronary artery

Posterior decending artery

Figure 1.5: Illustrates the anterior view of the heart’s coronary arteries and their anatomical relations.

1.2.1 Myocardial Infarction

Myocardial infarction (MI) is a lethal heart condition that involves the reduction of blood supply to the heart

tissue or myocardium due to occlusion in the coronary arteries [5]. The coronary arteries are a group of

arterial blood vessels that wrap around the heart and transport oxygenated blood to the entire myocardium

(see Figure 1.5). The left main coronary artery (LMCA) perfuses or supplies blood to the left side of the

heart. It branches into two arteries, the left anterior descending artery (LAD) and the left circumflex artery

(LCx), where LAD mainly supplies blood to the anterior wall of the left ventricle and the interventricular

septum, and the LCx artery supplies to the lateral wall of the left ventricle. Similarly, the right coronary

artery (RCA) supplies oxygenated blood to the right ventricle, SA, and AV node, whereas its posterior

descending artery supplies blood to the inferior and posterior walls of the left ventricle [5,17].

During MI, one or more coronary arteries are occluded with the progressive atherosclerotic plaque,

reducing oxygenated blood and nutrients to the myocardium [19]. The reduced oxygen supply causes
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Figure 1.6: Illustrates the consequences of reperfusion, i.e., restoring blood flow through an occluded coronary
artery at different severity stages of MI, such as early MI (EMI), acute MI (AMI), and chronic MI (CMI) [5,21].

damage to the myocardial tissues, which slowly expands across the “myocardium at risk” and finally

manifests as complete necrosis [20]. The progression of MI severity can be broadly categorized into three

stages, such as early MI (EMI), acute MI (AMI), and chronic MI (CMI), based on the time from the onset of

the symptoms [5,21]. As illustrated in Figure 1.6, reperfusion of the occluded artery within 40 minutes can

salvage the entire myocardium at risk. This stage of MI is reversible and is called EMI [5]. If the occlusion

persists for 12-24 hours, cardiac tissue death starts, and it causes irreversible myocardial damage known as

AMI [5]. If the occlusion persists without treatment for more than 24 hours, the myocardium at risk becomes

completely necrotic. This irreversible damage to the heart muscle is known as CMI [5]. The CMI causes

severe ventricular remodeling with more than 90% mortality [21]. Based on the severity of the disease, its

management involves using fibrinolytic therapy in the early stages and percutaneous coronary intervention

(PCI) or coronary artery bypass graft (CABG) in the acute or chronic stages [21]. Therefore, early diagnosis

and risk assessment of MI is crucial for the timely initiation of appropriate treatment procedures, which

improves viable myocardium salvage and prognosis [22].

Clinicians widely use the standard 12-lead ECG to diagnose MI [23]. During MI progression, the ECG

characteristics in the leads facing the area of infarction undergo subtle changes like T-wave peaking and

inversion, ST-segment elevation, and pathological Q-waves [11]. Figure 1.7 and Figure 1.8 show the

association between MI progression and pathological ECG manifestations in specific leads (lateral leads I

and V6; inferior lead II) for a patient with an LCx coronary artery occlusion. Specifically, Figure 1.7 (a) shows

the ECG signals before occlusion. With the onset of LCx artery occlusion, the lateral ECG leads show
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T-wave
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(c) ECG signals after 4 min of left curcumflex artery occlusion

(b) ECG signals after 22 s of left curcumflex artery occlusion

(a) Normal or pre-coronary occlusion ECG signals

Figure 1.7: Typical ECG signals of a subject before and after left circumflex (LCx) coronary artery occlusion. The
figure illustrates the dynamic changes in ECG characteristics during the disease progression at two lateral leads
(I and V6) monitoring the infarcted region and one inferior lead (II) opposite the infarcted region. (a) Pre-coronary
occlusion signals with normal ECG characteristics. ECG signals with pathological manifestations after 22 s of left
circumflex coronary artery occlusion (b) and after 4 min of occlusion (c).

a gradual increase in the T-wave amplitude, i.e., T-wave peaking (Figure 1.7 (b)) with slight ST-segment

elevations (Figure 1.7 (c)). Slight reciprocal ST-depressions appear in the inferior ECG lead II (Figure

1.7 (c)). Thus, T-wave abnormalities with slight ST-segment elevations are the pathological ECG features

that help identify the early MI stage [24]. The same lateral ECG leads (I and V6) show the appearance

of pathological Q-waves (due to the beginning of muscle necrosis), severe ST-segment elevations, and

post-ischemic T-wave inversions during the acute MI stage (Figure 1.8 (a)). Finally, the appearance of

deep pathological Q-waves with ST-segment recovery and T-wave inversions (Figure 1.8 (b)) helps identify

the chronic MI stage. The careful analysis of these dynamic and subtle pathological ECG manifestations

across the 12 leads is crucial for designing reliable automated MI severity classification approaches that

can help prevent further disease progression by timely initiating suitable treatment plans [23,25].
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Figure 1.8: Illustrates the dynamic changes in pathological ECG characteristics during the disease progression. (a)
After 12-24 h of left circumflex coronary artery occlusion. (b) After more than 24 h of occlusion.

1.2.2 Bundle Branch Blocks

Bundle branch blocks (BBBs) are the cardiac conduction system disorders where the electrical impulses

from the AV node are blocked at left or right bundle branches [5,17]. As a result, electrical signals travel

more slowly on one side of the heart than on the other, affecting heart-pumping function. Often, BBBs are

not life-threatening [26]. However, if left untreated, they can lead to severe complications such as sudden

cardiac death, increased risk for heart failure, and fainting in the long run [26].

The BBBs show noticeable changes in the 12-lead ECG [10]. Specifically, right side chest leads V1/V2

and left lateral leads I/aVL/V5/V6 better characterize the disease [11]. During left BBB, depolarization of

the left ventricle happens through the impulses spreading from the right ventricle. However, these electrical

impulses must travel from myocyte to myocyte, a much slower process than traveling through the normal

low-resistance conduction pathways. This slower or abnormal depolarization of the left ventricle results in a

prolonged QRS duration (greater than 120 ms), deep and broad S-wave in lead V2, and broad notched

R-wave in V6 (see Figure 1.9) [11]. In addition, ECG lead V6 shows ST-depression with T-wave inversions

(Figure 1.9). Similarly, during right BBB, the abnormal depolarization of the right ventricle results in a

prolonged QRS duration (greater than 120 ms), broad M-shaped rSR’ QRS-pattern with positive T-waves in

lead V2, and broad S-waves (greater than R-wave duration) with positive T-waves in lead V6 (see Figure

1.9) [11]. The early diagnosis of BBBs using automated ECG interpretation methods can help improve the

11
TH-3010_166102109



1. Introduction

LVH

Healthy control

LBBB

RBBB

LVH

Figure 1.9: Comparison of (a) lead V2 and (b) lead V6 ECG signals for a healthy control subject and a left bundle
branch block (LBBB), right bundle branch block (RBBB), and left ventricular hypertrophy (LVH) patients. The figure
highlights the pathological ECG manifestations corresponding to LBBB, RBBB, and LVH patients.

coordination of ventricles by prompt initiation of cardiac resynchronization therapy (CRT) [27].

1.2.3 Hypertrophic Cardiomyopathy

Hypertrophic cardiomyopathy is a heart muscle disorder associated with abnormal thickening of the heart

muscle, and it is more common in the left ventricle muscle, known as left ventricle hypertrophy (LVH) [5,28].

The thickened muscle becomes stiff, which reduces the amount of blood taken in and pumped out to the left

ventricle. If left untreated, LVH can lead to severe complications such as mitral valve dysfunction, increased

risk for heart failure, sudden cardiac death, and fainting [28]. Unfortunately, hypertrophy is the common

reason for sudden cardiac death in young people and athletes under 30 years [29].

In clinical practice, 12-lead ECG is widely used to screen LVH patients [10]. During LVH, there is a larger

heart muscle for the electrical impulses to pass through, leading to prolonged depolarization and delayed

repolarization, which predominantly appear in the right-sided chest leads V1/V2 and left lateral leads

I/aVL/V5/V6 [11]. Figure 1.9 shows characteristic ECG changes in leads V2 and V6 for the LVH patient.

As can be seen, the increased depolarization voltages in the left ventricle manifest as slightly prolonged

large R-waves in lead V6 and deep S-waves in lead V2. In addition, the delayed repolarization results in
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ST-segment depression with T-wave inversions in lead V6. The effective handling of these pathological

ECG variabilities using automated methods can assist clinicians in initiating suitable procedures that could

increase the survival rate in hypertrophic patients [28].

1.2.4 Atrial Fibrillation

Atrial fibrillation (AF) is the most common irregular heart rhythm, which occurs due to uncoordinated atrial

contractions [17]. During AF, instead of the SA node directing the electrical conduction system, many

abnormal impulses rapidly fire the atria, causing them to depolarize irregularly. Because of this, the atria

quiver instead of beating effectively to squeeze blood into the ventricles. The rapid impulses from the

atria also reach the AV node, causing irregular ventricular contractions. AF is a rhythm disorder that

can progressively worsen over time [30]. In the early stages, AF can be intermittent or paroxysmal and

asymptomatic. If left untreated, the rapid and irregular AF rhythm can severely affect the blood flow dynamics

and increase the risk of blood clots, stroke, heart failure, and cognitive impairments [30]. Depending on

the severity of the AF condition, stroke risk can be substantially reduced by timely initiating appropriate

treatment strategies such as oral anticoagulation, catheter ablation, and electrical cardioversion [31].

Left atrium

Right atrium

SA node

AV node

Rapid and
irregular
rhythm

disturbances

Normal

AF

(a)

(b)

Figure 1.10: Comparison of normal sinus rhythm and atrial fibrillation ECG signals. (a) Healthy control signal with
normal ECG characteristics. (b) Atrial fibrillation ECG signal with abnormal ECG patterns such as the absence of
P-waves, presence of f-waves, and irregular RR-intervals.

The single-lead ECG has been an indispensable tool for the early diagnosis and management of AF

rhythm disorder [31]. On the ECG, the absence of P-waves and the presence of fibrillatory waves (f-waves),

and an irregular ventricular rhythm or RR-intervals characterize the AF condition (see Figure 1.10 (b)). The

recent developments in portable and wearable ECG devices have led to early and effective AF screening via

remote monitoring; thus, automated methods suitable for these devices require rigorous investigation [32].
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1.2.5 Congestive Heart Failure

Congestive heart failure (CHF) is a complex clinical syndrome in which the heart fails to pump enough

oxygenated blood to meet the body’s circulatory demands [33]. It can result from any cardiac disorder that

impairs ventricular filling or pumping of the blood, including MI, HYP, CD or BBBs, valvular heart disease,

and cardiac arrhythmia [33]. During CHF, the blood often backs up, and fluid can build up in the lungs, feet,

ankles, and legs, causing shortness of breath [34]. CHF can be life-threatening; thus, proper treatment

procedures addressing the underlying heart disorders or diuretics, angiotensin converting enzyme (ACE)

inhibitors, and vasodilators help improve the signs and symptoms of heart failure [34].

HC beat

profiles

CHF beat

profiles

0.625 s

Figure 1.11: Typical ECG beat profiles of healthy control (HC) and congestive heart failure (CHF) subjects.

The single-lead ECG is the primary non-invasive test often preferred by clinicians to diagnose CHF [35].

The impairment of heart function during CHF causes the reduced heart rate variability (HRV), derived

from the RR-intervals (duration between successive R-waves) of the ECG [35]. Because the etiology of

the CHF is diverse, there are no definite ECG clinical guidelines for its diagnosis apart from RR-interval

variability [34]. However, specific ECG patterns, including ST-segment elevation or depression, prolonged

QRS- and QT-duration, low-amplitude QRS-complex, deep S-wave, and T-wave abnormalities, are often

associated with the CHF [35, 36], as shown in Figure 1.11. The automated analysis of these complex

pathological ECG manifestations can help screen CHF patients efficiently.

1.2.6 Multimorbidity

Multimorbidity is the co-occurrence of two or more cardiac disorders such as MI, HYP, BBBs, and AF in

the same individual [37]. The presence of multiple cardiac disorders simultaneously in an individual has a

strong association with in-hospital mortality and other adverse outcomes [38]. Depending on the type and

number of cardiac disorders present at the same, timely initiation of multi-modal treatment procedures may

help improve clinical outcomes [38].
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Figure 1.12: Illustrates the abnormal ECG manifestations in the ECG leads V6, V2, II, and aVF for a multimorbidity
patient with inferior-lateral MI and right BBB co-occurring diseases. The figure highlights the complex interaction
between the pathological ECG morphologies of two cardiac disorders.

Apart from helping analyze single cardiac disorders, the standard 12-lead ECG also shows visible

morphological changes for patients with multiple co-occurring cardiac disorders [39]. Figure 1.12 depicts

the abnormal ECG changes in the leads V6, V2, II, and aVF for a multimorbidity patient with inferior-lateral

MI and right BBB. As can be seen, leads V6 and V2 show the right BBB ECG changes and MI-related

ST-elevations (in lateral lead V6). Similarly, inferior leads II and aVF show the ST-segment elevations

related to MI and abnormal and broad QRS changes related to right BBB. Although 12-leads show complex

pathological ECG changes, its careful analysis may help in the early detection of multimorbidity patients.

In the following paragraphs, we present some challenges that affect the effectiveness of automated

methods for diagnosing cardiac abnormalities from the 12-lead or single-lead ECG signals.

Variabilities in the pathological ECG manifestations of the cardiac disorders: Because of the diverse

etiology of the cardiac disorders (coronary artery: MI, electrical conduction system: BBBs, cardiac muscle:

LVH, and rhythm: AF and CHF), the pathological ECG manifestations widely vary in terms of shape, duration,

amplitude, and temporal association [11,39]. Moreover, based on the severity of disease progression, these

manifestations vary dynamically and undergo subtle changes within the same cardiac abnormality [10].

The effective handling of these subtle variabilities is often challenging for developing reliable automated

ECG analysis methods for the diagnosis and severity assessment of cardiac disorders [13].

Diagnostic redundancy of 12-lead ECG: As a simultaneous measurement of cardiac electrical activity

from different spatial angles, the 12-lead ECG can diagnose various localized cardiac ailments. However,

depending on the type of cardiac ailment, distinct pathological ECG manifestations appear in specific leads
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of the 12-leads, with others being clinically redundant [13]. This implicit redundancy of the 12-lead ECG

often hinders the clinically relevant information, affecting the efficacy of automated diagnosis systems.

Intermittent nature of the disease: The long-term ECG recordings aid in the early diagnosis and

characterization of paroxysmal AF [9]. However, the pathological manifestations of paroxysmal AF vary

dynamically and occur sporadically on the long-term ECG recording with more than 90% of normal

rhythm [9, 14]. It is, therefore, difficult to interpret these under-representative, short, and dynamic ECG

patterns of paroxysmal AF from the long-term recordings using automated methods.
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(f) ECG Signals of 25 Years Old Female Subject at Different Days(a) Clean ECG Signal

(b) ECG Signal Corrupted with Baseline Wander Noise

(c) ECG Signal Corrupted with Powerline Noise

(d) ECG Signal Corrupted with Muscle Noise
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(g) ECG Signal of 25 Years Old Male Subject

(h) ECG Signals of 54 Years Old Male and Female Subjects

Figure 1.13: Different types of noises obscure the ECG morphological characteristics. (a) Clean ECG signal, (b)
ECG corrupted with respiratory baseline wander noise, (c) ECG corrupted with powerline interference, (d) ECG
corrupted with muscle contraction noise, and (e) ECG corrupted with white Gaussian noise. The figure also illustrates
the intra- and inter-subject variabilities of ECG signals. (f) ECG signals of 25 years female subject on different days,
(g) ECG signals of 25 years male subject, and (h) ECG signals of 54 years old male and female subjects.

Effect of noises on ECG signal: In practice, the relatively low amplitude ECG signals are often corrupted

with various artifacts, including low-frequency baseline wander (BW) due to patient movement and res-

piration noise, power line interference noise, and high-frequency muscle contraction noise [8]. The ECG

signals contaminated with some of these noise sources are shown in Figure 1.13. As can be seen, the

presence of the noises obscures the morphological characteristics of the ECG, which pose a significant

challenge for the automated diagnosis methods to provide robust clinical decisions [40]. In addition, the
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inter-subject (age, gender, heart rate variability, and body mass index) and intra-subject (physiological and

mental status) ECG variabilities further adds to the difficulty of designing robust automated methods [41].

The following section presents different approaches used in literature for the automated diagnosis of

cardiac disorders from single- and 12-lead ECG signals.

1.3 Automated Diagnosis of Cardiac Disorders from ECG - A Review

The overarching aim of ECG-based automated diagnosis systems is to extract, characterize, and recognize

the diagnostic information about cardiac disorders from ECG signals [8,12]. Such systems can facilitate

rapid and improved objective clinical decision-making, minimize medical errors, and optimize clinical

workflow [13]. A general block diagram of the ECG-based automated diagnosis system is depicted in Figure

1.14. As can be seen, there are two main stages of operation, i.e., the training stage and the prediction or

testing stage. At the training stage, the labeled ECG data are acquired, preprocessed, feature engineered,

and the classification model is learned. At the testing stage, the ECG signals from unseen patients are

preprocessed, feature engineered and fed to the trained classifier model to output the diagnosis decision.

Both stages include the same preprocessing and feature engineering steps.
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Figure 1.14: General block diagram of an ECG based automated diagnosis system with training and testing stages.

The training phase starts with acquiring clinical ECG data from a large, retrospective cohort of patients.

Depending on the clinical application, data acquisition includes either single- or 12-lead ECG signal

extraction. The acquired dataset then goes through the most complex and crucial annotation or labeling

process. Here, each ECG recording is annotated by the consensus of a committee of board-certified,
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actively practicing cardiologists as either normal or abnormal types based on the observed changes in the

morphological ECG characteristics [42].

The preprocessing of the ECG includes signal denoising, segmentation, and normalization [8]. The

following paragraphs present the details of these steps.

Signal denoising: The presence of various noise artifacts, including respiratory noise, muscle contraction

noise, motion artifacts, and powerline interference, obscures the morphological characteristics of the ECG,

which often leads to the wrong clinical interpretation of the signal [8, 40]. Hence, the ECG denoising is

considered in the preprocessing stage to remove noises and enhance signal quality before performing any

disease analysis. The most common denoising techniques explored in the literature include band-pass

filters, notch filters, adaptive filters [8], wavelet transform [43,44], empirical wavelet transform (EWT) [45],

empirical mode decomposition (EMD) [44], and variational mode decomposition (VMD) [46].

Segmentation: ECG signals undergo segmentation after denoising, which refers to the analysis window of

input used for the diagnosis. The segmentation techniques used in the automated diagnosis systems can

be categorized into two classes: (i) beat-based and (ii) rhythm-based. Beat-based segmentation requires

R-peak detection followed by a fixed window around the R-peak to extract P-QRS-T waves, representing

a heartbeat having intra-beat information. Such segmentation has been explored in the literature to

diagnose ectopic beats [40], MI [47,48], and CHF beats [49]. The frame-based segmentation selects a

blind excerpt from the ECG recording for the analysis, thereby alleviating the need for the R-peak detection.

The segmentation of single-lead ECG consists of intra-lead rhythm information, whereas segmentation

of 12-lead ECG consists of both intra-lead and inter-lead diagnostic information. It has been a standard

technique widely investigated in the existing studies to diagnose various cardiac ailments [50–53].

Normalization: The last step of the prepossessing stage is normalizing the segmented ECG signals. In

practice, the amplitudes of the ECG recordings vary among different subjects and acquisition devices.

Therefore, the min-max and Z-score normalization techniques (see Appendix A) are commonly used

for amplitude scaling that standardizes ECG signals for analysis. These techniques normalize the ECG

amplitudes into a range of 0 and 1 or to have zero mean and unit variance, respectively [54].

The preprocessed ECG signals and corresponding labels are next fed to the model learning block,

which learns the required parameters in a supervised manner to improve the diagnosis performance. Over

the past few decades, researchers have developed different model learning approaches for ECG-based

automated diagnosis. Early works have employed machine learning (ML) based approaches consisting of

feature extraction followed by classification [47,48,50,51,55]. The feature extraction is performed under the

guidance of medical experts, where various clinically informative features that comprehensively characterize
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the given cardiac abnormalities are extracted from the preprocessed ECG. The ML classifiers take these

features as input and provide the output diagnosis label. The ML-based approaches heavily rely on domain

expert knowledge to engineer valuable features from the ECG signals, which are subjective and face the

challenge of feature quality and robustness [54]. In recent years, deep learning (DL) based approaches

have been increasingly used for ECG-based automated diagnosis [15,54,56]. The DL models, popularly

known as representation learning models, consist of multiple processing layers. Each layer can learn

increasingly abstract, high-level feature representations or patterns automatically form the ECG signals for

their effective classification, thereby eliminating the burden of handcrafted feature engineering. The models

demonstrate improved diagnosis and better generalization performance than the ML methods [57]. This

dissertation focuses on automated analysis of various cardiac disorders, including MI, BBBs, HYP, CHF,

and AF. The following sections briefly describe the existing ML- and DL-based approaches for diagnosing

these cardiac disorders from the single/12-lead ECG signals.

1.3.1 Existing Myocardial Infarction Diagnosis Methods

The MI can be characterized by the appearance of T-wave peaking and inversion, ST-segment elevation,

and pathological Q-waves in two or more anatomically contiguous leads of the 12-lead ECG [11]. Over

the last few decades, researchers have proposed various ML- and DL-based approaches for objectively

quantifying these pathological ECG changes for the diagnosis.

ML-based approaches: The ML-based methods mainly rely on extracting clinically informative features

from the pathological manifestations of the ECG signals, followed by classification using conventional ML

classifiers. Early studies adopted expert morphological features associated with the ECG waveform for

the diagnosis [55]. For instance, Arif et al. [50] computed several time-domain features such as Q-wave

amplitude and ST-segment deviation from the 12-lead ECG to train a K-nearest neighbor (KNN) classifier

for the MI detection. Similarly, the authors of [58] evaluated the polynomial fitting features of the ST-segment

followed by multiple instance learning (MIL) classifier for identifying MI patients from the healthy control

(HC) subjects. It is worth emphasizing that the performance of such morphological features highly depends

on the accuracy of ECG fiducial points (P, Q, R, S, and T) detection algorithms, where only R-peak

detection algorithms are reliable enough to be used in the real-world applications. Thus, methods based

on such features often generate false MI alarms in the presence of noises [59]. In subsequent studies,

instead of explicitly quantifying pathological changes from the ECG, researchers have explored the use

of signal transformation techniques, such as discrete Fourier transform (DFT) [47], wavelet transform

(WT) [48, 51, 60–62], higher order singular value decomposition (HOSVD) [63], and empirical wavelet
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transform (EWT) [64] that can implicitly represent the diagnostic information indicative of MI and allow

effective feature extraction. The extracted features are then fed to the decision tree [47,48], KNN [50,51,60],

logistic regression [47], support vector machines (SVM) [51,58,60,61,63,64], random forest [58,65], and

artificial neural network (ANN) [66] for classifying MI and HC ECG recordings. Although these methods

show promising performance on smaller datasets, they have two crucial limitations. (i) The design of

handcrafted features is highly subjective to the designer’s domain expertise, and the extracted features are

susceptible to the various artifacts and intra- and inter-subject ECG variabilities [41,67]. (ii) Considering the

progressive nature of MI and dynamic changes in the pathological ECG manifestations, it is often difficult to

find a fixed set of informative and discriminative features to train the ML classifiers [10].

Recently, DL-based approaches have shown impressive recognition results in ECG signal analysis

[15,54,57]. These approaches effectively combine feature extraction and classification through end-to-end

learning, thereby alleviating manual feature extraction. Specifically, the DL models have shown promising

MI detection results over ML methods by effectively learning the variations in the 12-lead ECG. The

following section presents related literature on the DL-based methods for MI diagnosis.

DL-based approaches: One of the most common DL models that are being increasingly used for

classifying ECG signals is convolutional neural networks (CNNs) [68]. CNNs have proven effective in

recognizing crucial ECG patterns, such as P-waves, QRS-complexes, ST-segment, and T-waves, thereby

improving classification performance [69]. A typical CNN architecture consists of three primary layers:

convolutional, pooling, and fully-connected (FC) layers [68]. The initial stages of the CNNs use multiple

convolution layers, non-linear activations, and pooling layers to systematically process the input ECG

signals and automatically learn valuable features for the classification end-to-end. The convolution layer is

the core building block of CNNs, which consists of multiple convolutional kernels that convolve with the input

ECG and extract various characteristic representations of the raw input known as feature maps [68,70].

The kernels are nothing but a group of 1D filters, which are essentially trainable weights. These learnable

convolutional filters effectively encode the local morphological features of the input ECG signals [68].

Activation functions generally follow the output feature maps of the convolution layers to add non-linearity

to the features. The pooling layers are then adopted to merge systematically similar features from the local

patches of feature maps to a more robust one. Thus, pooling layers output robust feature maps invariant

to the translation by condensing them to a smaller size. By convention, multiple stacks of convolution,

activation, and pooling layers are used to extract powerful features. Finally, these features are transformed

into a 1D vector and fed to the output FC layers for classification. All the weights of the CNNs are trained

iteratively using an error backpropagation [68]. For more details on different CNN layers, see Appendix A.
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The first use of 1D-CNNs for ECG signal analysis was reported in 2016 by Kiranyaz et al. [68]. The

authors have employed CNNs for patient-specific arrhythmia classification from ECG signals. However,

such a patient-specific model cannot be applied to unknown patients, limiting the method’s applicability in

real-world applications. Specifically, some studies recently proposed CNN-based models for MI diagnosis.

Acharya et al. [69] proposed an 11-layer deep CNN (DCNN) architecture for MI detection using single-lead

(lead II) ECG beats. A similar DCNN model was also explored in [71] for MI diagnosis from lead V4 ECG

beats. To utilize more diagnostic information, the authors of [72] employed a segment of three ECG leads

(II, III, and aVF) for identifying inferior MI (IMI) patients. The authors developed an inception-based CNN

model for IMI diagnosis and achieved an accuracy of 84.54%. Liu et al. [73] designed a multilead-CNN

(ML-CNN) architecture using four ECG leads (V2, V3, V5, and aVL) for classifying anterior MI and HC ECG

recordings. The method uses a novel sub 2D-convolution and Lead Asymmetric Pooling (LAP) techniques

to optimize CNNs, which resulted in an improved classification accuracy of 96%. With the same ECG-leads

combination, authors in [74] developed a residual DCNN model, slightly improving anterior MI detection

accuracy over [73]. Similarly, a multi-channel lightweight CNN model was proposed in [75] to improve the

detection performance of anterior MI using three ECG leads (V1, V2, and V3).

The methods discussed above utilize a subset of 12-lead ECGs for diagnosing localized MIs such as

interior/anterior MI. Such apriori selection of a set of ECG leads for specific MIs, limits these method’s

applicability in practical diagnosis systems. Because in real-world, patients can present with MI occurring

at any spatial location (inferior, anterior, lateral, and septal) of the heart. To improve the reliability of MI

diagnosis, Strodthoff et al. [76] employed the standard 12-lead ECGs as an input to the residual deep

CNN model. The use of comprehensive diagnostic information from twelve different views (12-lead ECG)

improved MI detection accuracy. However, the residual deep CNN model processes the input 12-lead ECG

as a 2D-data (timestamps, ECG leads), thus not fully exploiting the crucial lead-specific information of the

12-lead ECG. To mitigate this issue, Liu et al. [77] presented a multiple-feature-branch CNN (MFB-CNN)

architecture that comprehensively represents the 12-lead ECGs for the diagnosis. The MFB-CNN consists

of multiple feature branches to extract features from each ECG-lead and a global fully connected Softmax

layer to summarize all the feature branches, determining the final diagnosis decisions. The method

achieved an improved MI detection accuracy of 99.9%. The same research group [78] further proposed a

hybrid model combining CNNs and bi-directional recurrent neural networks (BRNN) called MFB-CBRNN

for classifying MI and HC 12-lead ECG recordings. The method utilized an MFB-CNN structure for feature

extraction and a BRNN for feature summarization, followed by a Lead Random Mask (LRM) optimization

technique to achieve robust classification performance.
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1.3.2 Existing Congestive Heart Failure Diagnosis Methods

The abnormal heart function during CHF causes autonomic nervous system (ANS) dysfunction that can

be characterized by the variations in the heart rate variability (HRV) derived from the RR-intervals [79].

Moreover, considering the diverse etiology of the CHF, specific ECG patterns, including ST-segment

elevation or depression, prolonged QRS- and QT-duration, low-amplitude QRS-complex, deep S-wave, and

T-wave abnormalities, are often associated with the CHF [35,36]. Several researchers have explored these

abnormal ECG changes for detecting CHF patients using ML- and DL-based approaches.

ML-based approaches: Existing CHF detection methods mainly employed ML-based frameworks con-

sisting of feature extraction and classification [80]. In the feature extraction stage, most studies focused

on using either standard long-term HRV [81, 82] or short-term HRV [83–85] indices to characterize the

CHF patients. The HRV indices can be broadly divided into time-domain and frequency-domain. The

popularly explored time-domain indices include the average of all normal RR-intervals (AVNN), the standard

deviation of all normal RR-intervals (SDNN), the root-mean-square of successive RR interval differences

(RMSSD), and the percentage of successive RR intervals that differ by more than 50 ms (pNN50). The

frequency-domain indices were extracted from the power spectral density of RR-interval data, which include

total spectral power up to 0.4 Hz (TOTAL POWER), total spectral power between 0.04-0.15 Hz (LF), total

spectral between 0.15-0.4 Hz (HF) and the ratio of LF-to-HF power (LF/HF). Generally, HRV feature-based

approaches require long-term ECG signals of more than 24 h duration or at least 5-min/30-min duration for

the reliable assessment of CHF disease. This requirement limits these method’s applicability in the remote

diagnosis systems using portable ECG devices with storage constraints [86]. In addition, HRV features

were only effective in identifying severe CHF patients (New York Heart Association (NYHA) III and IV) with

acute ANS damage and thus are not reliable for diagnosing patients at the early stages of CHF (NYHA I

and II) [79]. To mitigate these issues, instead of using long-term RR-interval data, recently, few studies have

employed raw ECG segments of shorter duration for the CHF diagnosis. In particular, signal transformation

techniques like wavelet transform [52,53] and autoregressive model [87] have been applied to the ECG

signals to grossly extract features related to the pathological ECG manifestations of CHF condition. The

extracted features were provided to the conventional ML classifiers, including decision trees [52,81–84],

KNN [82], RF [85,87], and sparse-representation [53] for classifying CHF and HC subjects. Because CHF

is a complex clinical syndrome, its diverse pathological ECG changes may not be quantified well with the

above-discussed feature engineering-based methods.

DL-based approaches: Acharya et al. [88] and Porumb et al. [49] have developed deep CNN-based
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architectures for discriminating CHF patients from HC subjects. Both approaches used a stack of CNN

layers to learn the complex pathological ECG manifestations for reliable CHF diagnosis. Similarly, the hybrid

model using deep CNNs and RNNs was proposed in [89] for CHF analysis. The method utilized CNNs

for feature extraction followed by RNNs for feature summarization to improve CHF vs. HC classification

using ECG signals. It is worth mentioning that, along with the ECG classification, Porumb et al. [49] have

also presented preliminary results on the interpretation of the designed CNN-based network using the

Gradient-weighted class activation mapping (Grad-CAM). The Grad-CAM helps visualize the salient ECG

features contributing most to the network’s assignment of the labels (CHF or HC) at the testing stage.

1.3.3 Existing Atrial Fibrillation Diagnosis Methods

On the ECG, AF can be characterized by irregular RR-intervals and the absence of P-waves or the presence

of f-waves. The currently accepted convention for AF diagnosis is the presence of an episode lasting at

least 30 s on the ECG; thus, its diagnosis is categorical, meaning that eventually, a patient is classified

as AF or non-AF [31]. Over the years, several ML- and DL-based approaches have been investigated to

classify AF and non-AF events from the single-lead ECG signals.

ML-based approaches: ML-based AF detectors can be broadly divided into rhythm-based, rhythm- and

morphology-based. Rhythm-based detectors only exploit the increased RR-interval variability associated

with AF rhythm [90]. On the other hand, rhythm- and morphology-based detectors exploit both the RR-

interval and P-wave morphological (absence of P-waves or presence of f-waves) information of the ECG to

diagnose AF [90]. In the following paragraphs, we provide an overview of these approaches. Rhythm-based

detectors: Because R-peak fiducial points can be robustly detected from the ECG signal, most existing

methods have focused on the analysis of RR-intervals for detecting AF. Early works have employed the

Markov process [91] and cumulative distribution [92] of the RR-intervals to characterize the irregular rhythm.

In subsequent studies, the 2D-representation of RR-intervals, including the Poincare plot [93] and Lorenz

plot [94,95], were explored to improve the AF detection performance. In addition, the authors in [96,97]

have investigated the RMSSD features, which have shown to be good at classifying AF and non-AF patients.

With the advancements in information theory, the use of complexity measures like Shannon entropy [96–98]

and sample entropy [99] led to the improved quantification of the dynamic RR-interval changes of AF. Few

studies even used the combination of multiple non-linear features with SVM [100] and RF [101, 102] to

improve the AF detection performance. The above discussed rhythm-based methods increase false AF

alarms in the presence of ectopic beats (premature atrial and ventricular contractions (PACs/PVCs)) [102].

Also, the performance highly depends on the robustness of the R-peak detection algorithms.
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Rhythm- and morphology-based detectors: In order to improve AF detection in the presence of ectopic-

beat rhythms, a combination of both RR-interval and P-wave morphological information has been explored in

the literature. For instance, in [103], RR-irregularity, f-waves presence, P-waves absence, and noise-levels

were combined with a fuzzy logic classifier to detect paroxysmal AF. To analyze the f-waves information,

a few researchers first extracted the atrial activity signal by canceling QRST on the ECG signal [104],

followed by spectral analysis of the atrial signal to extract features related to the absence of P-waves or

the presence of f-waves [105–108]. In particular, atrial activity features and various RR-interval-based

statistical and morphological features were combined with ML classifiers for efficiently classifying AF and

non-AF rhythms [109,110]. Few studies explored wavelet [111] and variational mode decomposition [112]

techniques to improve AF diagnosis by grossly extracting robust features. It is worth emphasizing that

features from the low-amplitude atrial signals were commonly obscured by noise, leading to similar or

degraded performances as that of rhythm-based detectors [90].

DL-based approaches: Early DL works [113,114] have utilized RR-interval data combined with DCNN

models to learn irregular rhythm information associated with the AF. The authors in [115] transformed the

RR-interval data into a 2D Poincare plot and employed the VGGNet model to improve the AF prediction.

To alleviate the need for signal transformation techniques, the authors in [90,116,117] have investigated

a 1D-CNN model with raw ECG data for classifying AF from non-AF rhythm. In order to improve the AF

detection in the presence of other rhythms, recently Fan et al. [118] have employed ECG data combined

with a two-stream multi-scale CNN (MS-CNN) model. The MS-CNN operates at different kernel sizes,

effectively extracting and combining various multi-scale ECG features for improving AF diagnosis. The

method generates state-of-the-art AF diagnosis performance with an accuracy of 98.1%.

Till now, we have presented the existing methods for disease-specific (MI/CHF/AF) analysis of ECG.

However, in real-world clinical settings, patients can present with any cardiac disorder, including MI, CD,

HYP, AF, and so on. Therefore, the automated diagnosis systems should be able to analyze ECG signals

of multiple cardiac abnormalities for their diagnosis and appropriate management [13,39]. Over the years,

researchers have explored several methods for detecting multiple cardiac disorders, referred to as multi-

class ECG classification approaches. Multi-class ECG classification means a classification task with more

than two classes, assuming that each ECG record corresponds to only one cardiac disorder/label [119].

Moreover, some patients may present with co-occurrence of two or more cardiac disorders simultaneously,

known as multimorbidity patients [38]. Identifying multimorbidity patients from the ECG is referred to as a

multi-label ECG classification problem, and it assigns a set of target labels to each ECG record [119]. The

following section presents an overview of the existing approaches for multiple cardiac ailments classification.
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1.3 Automated Diagnosis of Cardiac Disorders from ECG - A Review

1.3.4 Existing Multiple Cardiac Disorders Classification Methods

This dissertation focuses on the simultaneous analysis of life-threatening cardiac disorders, such as MI,

CD or BBBs, and HYP using ECG signals. In the following paragraphs, we present existing multi-class and

multi-label ECG classification methods related to these disorders.

Multi-class ECG classification approaches: Most existing methods employed 12-lead ECG to classify

localized cardiac disorders, such as MI, CD or BBBs, and HYP. The appearance of ST-elevation, T-wave

peaking and inversion, and pathological Q-waves characterizes the MI disease. The broad and bizarre

QRS-complexes, deep and broad S-waves with ST-depressions, and T-inversions in the right-sided and

lateral ECG leads are often associated with the BBB disorder. Similarly, the increased R-wave amplitudes

with ST-depression and T-inversions in the lateral ECG leads and deep S-waves in the right-sided ECG

leads help diagnose HYP. It is worth emphasizing that BBB and HYP are commonly known as “mimicking MI”

diseases owing to their MI-like pathological ECG features [120]. Thus, it is often difficult to simultaneously

analyze these disorders, and only a few works have been explored in this direction. For instance, Tripathy

et al. [121] proposed an ML-based approach consisting of multi-scale phase alternation features with a

KNN classifier to classify HC, BBB, HYP, and MI heart conditions from the 12-lead ECG. A similar study

combining morphological and temporal features with an RF classifier has been investigated in [122] for

classifying HYP and non-HYP 12-lead ECG signals.

In the direction of DL-based models, Hannun et al. [15] developed a DCNN-based model to classify

NSR and eleven irregular heart rhythms based on single-lead ECG. The method exceeded the performance

of cardiologists in their experiments. A hybrid model combing DCNN and LSTM was proposed in [123]

for classifying NSR and three irregular rhythms using 12-lead ECG. The above methods analyze only

rhythm disorders, and their performance on the acute localized disorders required verification. Ko et

al. [124] designed a DCNN-based model to classify HYP and non-HYP 12-lead ECG and achieved an

area-under-curve (AUC) of 96%. In 2018, China Physiological Signal Challenge 2018 (CPSC2018) released

a nine-class 12-lead ECG dataset of 6,877 recordings [125]. The nine classes include NSR, AF, first-

degree AV block (I-AVB), left BBB, right BBB, PVC, PAC, ST-depression (STD), and ST-elevation (STE).

The CPSC2018 dataset provided an impetus to the progress of multi-class ECG classification of acute

cardiac disorders. Consequently, a series of hybrid DL-models combing CNN, LSTM or bidirectional

gated recurrent units (BiGRU) and attention modules have been investigated in [126–128] for the multi-

class ECG classification. The attention module in these methods automatically attends to the informative

CNN+LSTM [127] or CNN+BiGRU [126,128] feature maps for efficient classification. In order to learn the
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1. Introduction

multi-scale pathological ECG features of cardiac ailments, Wang et al. [129] designed a two-stream deep

multi-scale fusion network (DMSFNet). The DMSFNet model fuses the multi-scale feature outputs from two

deep CNNs at the FC+Softmax layer for effective multi-class ECG classification.

Multi-label ECG classification approaches: Recently, few researchers have presented their preliminary

studies on the multi-label ECG classification using a small dataset of 476 multi-label ECG recordings from

the CPSC2018 dataset. For instance, Li et al. [130] presented an ML-based multi-objective optimization

model that exploits the disease correlations to classify the multi-label ECG signals. The method used 117

handcrafted features followed by classification and achieved an average F1-score of 60.8%. This poor

performance of ML methods can be improved using DL-based methods. For instance, Jia et al. [131]

proposed a voting strategy-based ensemble CNN model for multi-label ECG classification. The method

achieved an impressive F1-score of 87.2% on the CPSC2018 dataset. A similar study based on DCNN

was also investigated in [132] to predict the presence of co-occurring cardiac disorders from the 12-

lead ECG beat matrix. Finally, a hybrid model combing CNN, BiLSTM, and attention module has been

developed in [133] for multi-label ECG analysis. However, the method employed only single-lead ECG for

the classification, which resulted in poor performance with an average F1-score of 60.1%.

Further details of the existing ML- and DL-based approaches for diagnosing cardiac disorders are

provided in Appendix A as comparison tables.

1.4 Motivation for the Research Work

Although several approaches have been investigated for the ECG-based automated diagnosis, a few

research challenges associated with the analysis of ECG for reliable diagnosis and characterization of

cardiac disorders have not been addressed and are given as follows.

• Even though MI is a progressive cardiac disorder, existing methods [55] consider it as one broad

category for the diagnosis and do not address its severity staging. In practice, the severity assessment

of MI in terms of early MI, acute MI, and chronic MI using ECG signals can play a crucial role in

assisting cardiologists to timely initiate appropriate treatment strategies that can avert further disease

progression and reduce associated mortality [21]. The subtle variabilities in the pathological ECG

manifestations and dynamic changes in their temporal dependencies during the disease progression

pose a challenge for reliable classification of MI severity stages. In addition, the implicit intra- and

inter-lead diagnostic redundancies of the 12-lead ECG often obscure the clinically relevant information,

which further adds to the difficulty of classifying severity stages. Therefore, we hypothesize that an
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1.4 Motivation for the Research Work

automated method that can systematically process the 12-lead ECGs to represent better the temporal

dynamics of subtle pathological ECG variabilities while alleviating/emphasizing the diagnostically

redundant/relevant information could improve the performance of MI severity stages classification.

• As discussed before, the etiology of CHF is diverse. It results in wide variability in the pathological

ECG features and dynamic changes in their temporal dependencies. The existing methods employ

DCNN-based feature representation models [49,88,89], which may not adequately capture complex

pathological ECG features and their temporal dependencies associated with the CHF syndrome.

Moreover, these deeper networks are hard to optimize because of the vanishing gradient problem,

which may degrade the diagnosis performance. Also, most existing DL methods lack “diagnostic

transparency,” i.e., discriminative input ECG features that led to the diagnosis are unknown. It limits

the applicability of such “blackbox” methods in real-world clinical applications [49]. Therefore, it would

be interesting to design a DL model that could effectively learn the complex pathological features and

their temporal dependencies to improve the diagnosis performance and help visualize salient ECG

features contributing the most to the diagnosis to enhance the model transparency.

• AF is the most common heart rhythm disorder that can progressively worsen over time. AF can

be intermittent and asymptomatic; as a result, it often remains undiagnosed until it causes a life-

threatening condition, such as stroke. It is thus a disorder that would benefit from long-term continuous

monitoring with Holter ECG devices. Analyzing AF burden (the percentage of the time patient is

in AF rhythm) from these long-term ECG recordings can help improve the diagnosis and severity

assessment of AF condition, thereby initiating appropriate stroke prevention strategies [134–136].

However, the precise AF burden estimation from the long-term recordings is often challenging due to

frequent ectopic beats, i.e., AF-masquerading rhythms and different noise levels. Existing approaches

focus on detecting the presence/absence of AF and do not quantify the disease severity through AF

burden measure. Therefore, a robust and accurate AF burden estimation method that can effectively

handle the above challenges of long-term recordings is of great clinical significance.

• The simultaneous classification of multiple cardiac ailments, such as MI, CD or BBBs, and HYP

can improve the applicability of automated methods in real-world clinical applications. However,

these diseases show subtle and similar pathological ECG manifestations with wide morphological

variabilities (multi-scale), challenging their reliable classification [120]. In addition, the co-occurrence

of two or more cardiac disorders in patients further adds to the difficulty of developing effective

automated ECG classification methods. In practice, clinicians often seek a second or more opinion for
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patients with confusing ECG biomarkers before making the final diagnosis. Thus, fusing suggestions

from several experts can generate a reliable final decision. Most existing studies employ single

expert or classifier-based approaches to classify cardiac disorders. However, it is argued that such

approaches may not adequately represent the diverse pathological ECG manifestations of multiple

cardiac ailments. We hypothesize that a mixture-of-experts-based fusion approach can effectively

handle the disease variabilities by combining diagnosis decisions from several experts, which is

expected to improve the multi-class and multi-label ECG classification performance.

1.5 Major Contributions of the Work

Motivated by the issues mentioned above, this dissertation aims to develop DL-based automated ECG

analysis methods to handle these challenges effectively. The significant contributions are as follows.

• Multi-lead diagnostic attention-based recurrent neural network (MLDA-RNN) model has been inves-

tigated for MI severity stages classification. The model systematically processes the 12-lead ECG

signals using lead-specific RNN layers followed by intra- and inter-lead attention modules. Specifically,

the lead-specific RNN layers effectively characterize the temporal dynamics of subtle pathological

manifestations associated with the MI severity. The subsequent intra- and inter-lead attention mod-

ules automatically emphasize/alleviate the diagnostically relevant/redundant within- and across-lead

information during the feature fusion to obtain the high-level discriminative feature representations for

reliable classification. The experimental analysis shows that the unique MLDA-RNN model with RNNs

and attention modules can effectively combine the subtle pathological manifestations of 12-lead ECG

for improved MI severity stages classification. This systematic feature fusion also helps eliminate the

diagnostic redundancy of 12-lead ECG and aids in better generalization performance. Additionally,

the analysis of attention weights demonstrates the correlation of weights with the diagnostic relevance

of focused ECG features, which often aligns with medical knowledge.

• An attention-based deep residual recurrent neural network (A-DRRNet) architecture has been ex-

plored to capture the complex pathological ECG features and their temporal dependencies (PQRST)

associated with the CHF syndrome. The model employs multi-layered RNNs consisting of recur-

rent hidden states to encode the temporal dynamics of complex pathological ECG characteristics

effectively. In addition, residual connections have been introduced between the RNNs layers to ease

the training of the proposed deeper network. Finally, we incorporate an attention module to further

improve feature learning by focusing on clinically relevant ECG information for efficient CHF detection.
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1.5 Major Contributions of the Work

The experimental results show that the A-DRRNet model can learn highly discriminative features for

improved CHF diagnosis. Moreover, the analysis of attention weight heat maps significantly improves

the diagnostic transparency of the proposed model, which makes it reliable for clinical applications.

• A multi-task deep convolutional neural network (MT-DCNN) model has been devised for robust and

accurate AF burden estimation from the long-term ECG recordings while effectively handling the

AF-masquerading rhythms and noise artifacts. The model consists of AF detection as a primary task

and reconstruction of ECG sequence as an auxiliary task. Specifically, we have explored using a

convolutional denoising autoencoder (CDAE) structure to design the auxiliary task using DCNNs.

This task regularizes the model to learn robust feature representations for efficient AF detection,

thereby aiding accurate AF burden estimation. The experimental study on four diverse Holter ECG

datasets confirmed that the proposed model outperforms the baseline approaches. The proposed

multi-task model also provides a robust AF burden estimation in the presence of frequent ectopic

beats and different noise levels over the baseline methods. In addition, the analysis of AF burden

demonstrates improved diagnosis and stroke-risk stratification for paroxysmal AF patients.

• Inspired by the mixture-of-experts-based fusion strategy [137, 138], we have investigated a novel

multi-scale deep temporal convolutional neural network ensemble (MS-DTCE) model that extracts

and combines diverse multi-scaled ECG features for effective multi-class ECG classification. Specif-

ically, we have designed several temporal CNN-based expert classifiers using dilated and causal

convolutional filters with different receptive fields to extract the scale-specific pathological ECG

characteristics and generate local predictions. In addition, a temporal CNN-based gating network

is designed to aggregate the local predictions of experts based on their competencies to generate

the final diagnosis decisions. A new objective function is formulated for optimizing the experts and

the gating network simultaneously in an end-to-end manner. The experimental results show that the

proposed deep ensemble framework can significantly improve the multi-class ECG classification of

several acute cardiac disorders. A similar deep multi-scale ensemble framework is also extended

for the multi-label ECG classification. The experimental results demonstrate that the ensemble

model generates improved multi-label ECG classification performance. In addition, further analysis

of multi-label diagnosis decisions reveals that the proposed model can identify low- and high-risk

patients assessed in terms of the number of co-occurring cardiac disorders.
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1.6 Organization of the Thesis

The proposed investigations that are presented in the rest of the thesis are illustrated in Figure 1.15.

It consists of two major blocks, i.e., the single-lead ECG-based diagnosis and the 12-lead ECG-based

diagnosis. Under the single-lead ECG-based diagnosis, heart rhythm disorders like AF and CHF are

analyzed. On the other hand, in the 12-lead ECG-based diagnosis, several acute cardiac disorders such

as MI, HYP, CD, and ST/T changes are investigated. Chapter 2 to Chapter 5 present the major research

contributions of the thesis. Specifically, Chapter 2 proposes a novel multi-lead diagnostic attention-based

recurrent neural network (MLDA-RNN) model for MI severity stages classification from 12-lead ECG

signals. It also presents the quantitative and qualitative evaluation of the proposed model to demonstrate

its effectiveness for the MI severity assessment. Chapter 3 investigates the applicability of single-lead ECG

heartbeats for CHF detection using an attention-based deep residual recurrent neural network (A-DRRNet)

architecture. It also explores the analysis of model interpretability results for the proposed and existing

methods. Chapter 4 presents a robust multi-task deep CNN (MT-DCNN) framework for estimating AF

burden from the single-lead long-term ambulatory ECG recordings. This chapter systematically compares

the effectiveness of the proposed and baseline approaches at frequent ectopic beats and different noise

levels. It also discusses AF burden analysis for stratifying AF patients at high- and low-risk for stroke.

Chapter 5 investigates two multi-scale deep ensemble frameworks for multi-class and multi-label 12-lead

ECG classification. The first approach presents a mixture-of-experts-based multi-scale deep temporal CNN

ensemble framework for effective multi-class ECG classification. Similarly, the second approach presents a

binary relevance-based ensemble of several multi-scale deep temporal CNN classifiers for multi-label ECG

classification. This chapter also explores the analysis of multi-label diagnosis decisions for identifying low-

and high-risk patients. A summary of the thesis work and the future directions are discussed in Chapter 6.
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2. Myocardial Infarction Severity Stages Classification from 12-Lead ECG using Multi-Lead Attentional RNN

Myocardial infarction (MI), also known as heart attack, is one of the leading causes of death from CVDs

globally [21]. As discussed in the previous chapter, MI is a progressive disorder that occurs due to the

prolonged blockage of coronary arteries. Its progression can be broadly categorized into three stages, viz.

early MI (occlusion persists for 40 min), acute MI (occlusion persists for 12-24 h), and chronic MI (occlusion

persists for more than 24 h), based on the time from the onset of symptoms. In the early stages, MI can

be reversible; however, if the occlusion persists without treatment for more than 24 h, the ”myocardium

at risk” becomes completely necrotic, causing irreversible myocardial damage with higher mortality rates.

Thus, early diagnosis and severity assessment of MI using ECG are crucial in timely initiating appropriate

treatment strategies that can avert further disease progression and reduce associated mortality.

The previous chapter discussed that during MI progression, the pathological ECG features such as

T-wave peaking and inversion, ST-elevation, and pathological Q-waves at the leads monitoring the infarcted

region undergo subtle and dynamic changes. For example, Figure 2.1 presents the association between

MI progression and pathological ECG manifestations in lateral lead I for a patient before (Figure 2.1 (a))

and after LCx coronary artery occlusion. As can be seen, in the early stages of MI, the T-wave amplitude

gradually increases (Figure 2.1 (b)) with slight ST-elevations (Figure 2.1 (c)). Similarly, because of the onset

of necrosis in the acute MI stage, the appearance of pathological Q-waves, severe ST-segment elevations,

and post-ischemic T-wave inversions can be observed on the ECG signals (Figure 2.1 (d)). Finally, the

complete necrosis of the myocardium in the chronic MI stage results in distinct pathological Q-waves with

ST-recovery and T-wave inversions (Figure 2.1 (e)). Based on the spatial location of the coronary occlusion,

similar pathological ECG manifestations discussed above can appear in any of the ECG leads viewing

the infarcted heart region. It is difficult to effectively represent the subtle pathological ECG changes and

their dynamically varying temporal dependencies associated with the progressive MI condition. Moreover,

the implicit intra- and inter-lead diagnostic redundancy of the 12-lead ECG often obscures the subtle yet

clinically relevant information, which further adds to the difficulty of classifying MI severity stages.

Existing approaches consider MI as one broad category for the diagnosis and do not address its

severity staging. These approaches mostly employ feature engineering [47, 48, 50, 51, 58, 60–64] and

deep CNN-based [69,71–78] models for the MI diagnosis from ECG signals. However, considering the

progressive nature of the MI disease, the fixed handcrafted features or the deep CNNs may not effectively

represent the temporal dependencies of subtle pathological ECG manifestations associated with the MI

severity stages. Also, existing automated methods did not address the intra- and inter-lead diagnostic

redundancies of the 12-lead ECG, which may limit them from learning discriminative feature representations

for a reliable diagnosis.
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Figure 2.1: Illustrates the dynamic changes in pathological ECG characteristics during the MI progression at lateral
lead I for an LCx coronary artery occlusion subject. (a) Pre-coronary occlusion normal ECG. (b) After 22 s of coronary
occlusion (early MI). (c) After 4 min occlusion (early MI). (d) After 12-24 h of occlusion (acute MI). (e) After more than
24 h of occlusion (chronic MI).

The advancements in neural networks have led to the development of recurrent neural networks (RNNs).

The RNNs can effectively model the temporal dependencies of sequential data and are shown to achieve

state-of-the-art performance on various sequence modeling tasks such as speech recognition [139], time-

series prediction [140], language modeling [140,141], machine translation [141], and video tagging [140].

Considering the implicit temporal dependencies of the ECG waveform and their dynamic variations during

the MI progression, RNNs have the potential to effectively model the 12-lead ECG variabilities of progressive

MI severity stages. Moreover, in practice, during the 12-lead ECG evaluation, cardiologists carefully examine

the salient ECG leads with distinct pathological ECG characteristics and fuse the clinical information from

these leads to diagnose MI severity stages [142]. Recently, the development of deep attention networks

has enabled the neural network to pay more attention to the useful features for efficient classification. The

attention mechanism has been widely used in various fields such as neural machine translation (NMT) [141],

image captioning [143], speech recognition [144], and brain-computer interference (BCI) [145]. Considering

specific ECG leads (viewing the infarcted region) show distinct pathological manifestations such as T-wave

inversions, ST-elevations, and pathological Q-waves, employing attention networks can aid in emphasizing

this clinically relevant information of the 12-lead ECG for effective MI severity stages classification.

Inspired by the success of RNNs and attention networks, in this chapter, we propose a multi-lead

diagnostic attention-based recurrent neural network (MLDA-RNN) for classifying MI severity stages from
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2. Myocardial Infarction Severity Stages Classification from 12-Lead ECG using Multi-Lead Attentional RNN

12-lead ECG signals. The model systematically processes the 12-lead ECG using lead-specific RNN layers

followed by intra- and inter-lead attention modules. Specifically, the lead-specific RNN layers effectively

model the temporal dynamics of subtle pathological manifestations associated with the MI severity. The

subsequent intra- and inter-lead attention modules automatically emphasize the diagnostically relevant

within- and across-lead information of the 12-lead ECG during the feature fusion to obtain the discriminative

feature representations for reliable MI staging. The rest of the chapter is organized as follows. Section

2.1 and 2.2 present the proposed framework and the experimental results for the MLDA-RNN method,

respectively. The summary of the chapter is presented in section 2.3.

2.1 Multi-Lead Diagnostic Attention based RNN Approach for MI Staging

This section presents the proposed MLDA-RNN method for classifying MI severity stages from the 12-lead

ECG signals. The block diagram of the method is shown in Figure 2.2 (a). It mainly consists of four

processing steps. In the first step, the temporal encoding blocks with RNNs extract temporal features from

each lead of the input 12-lead ECG. In the second and third steps, clinically relevant within lead temporal

features and across lead diagnostic information are fused using intra- and inter-lead attention modules,

respectively. The high-level attentively fused feature representation is fed to the classification block for

classifying the input 12-lead ECG into one of the five categories, i.e., early MI (EMI), acute MI (AMI), chronic

MI (CMI), non-MI, and HC in the final step. Here, the non-MI class accommodates patients with CVDs

other than MI, and this inclusion help prevent misdiagnosis, thereby reducing over/under treatment [146].

The details of the different stages in the block diagram are discussed as follows.

2.1.1 Temporal Encoding with Recurrent Neural Networks

RNNs contain recurrent connections, in which the activation of the current hidden state depends on the

previous time step [140]. In this way, the network captures the dynamic temporal behavior well. However, it

is difficult to train the vanilla RNNs due to the exploding or vanishing gradient problem. The RNN variants,

including long-short term memory (LSTM) and gated recurrent unit (GRU) structures, alleviate the vanishing

gradient problem and can effectively learn the temporal dependencies [147]. Both contain sophisticated

activations and gating functions to regulate the flow of information to maintain proper gradients till backward

steps. Compared to LSTM, GRU has less trainable parameters with reduced complexity; thus, we chose

GRU as the basic RNN unit to design temporal encoding blocks in the proposed MLDA-RNN.

Let X ∈ R12×T be the 12-lead ECG sequence data and {xm
T ∈ RT |xm

T = [xm1 , xm2 , ..., xmt , ..., xmT ]},

m = {1, 2, ..., 12} be the mth ECG lead. xmt represents mth-lead tth time step data and T is the sequence
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Figure 2.2: (a) Block diagram of the proposed MLDA-RNN. The method process each lead separately using temporal
encoding blocks with RNNs and intra-lead attention layers and fuse the 12-lead ECG feature representations using
the inter-lead attention layer just before the classification, i.e., deep fusion. (b) Block diagram of the MLDA-RNN
variant with early lead fusion using RNNs followed by attention layer and classification (MLDA-RNN-E).

length. The temporal encoding block at each ECG lead encodes the intra-lead or lead-specific temporal

dependencies into a set of hidden vectors using GRU layers. Figure 2.3 (a) shows the typical GRU cell. It

contains two important gates known as the reset gate (rmt ) and the update gate (zmt ) for controlling the flow

of information inside the cell. rmt determines the part of the past information, which will be maintained in

the current hidden state, zmt determines the part of new information, which will be added to the current

hidden state. The activation of hidden layer for the given mth ECG-lead at time step t is given by:

hm
t = (1− zmt )⊙ hm

t−1 + zmt ⊙ h̃m
t (2.1)

where hm
t and hm

t−1 represent the hidden state at time step t and t−1, respectively. ⊙ denotes element-wise

multiplication. zmt is the update gate and it can be derived as:

zmt = σ(wm
zix

m
t +Wm

zhh
m
t−1 + bm

z ) (2.2)

where σ(·) is the Sigmoid activation function, bm
z is a bias vector, wm

zi and Wm
zh represent the input-update

and update-hidden weights, respectively. The candidate hidden state h̃m
t can be computed as:

h̃m
t = tanh(wm

cix
m
t +Wm

cr(r
m
t ⊙ hm

t−1) + bm
c ) (2.3)
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Figure 2.3: (a) A typical GRU cell architecture. (b) Self-attention layer architecture.

where tanh is hyperbolic tangent activation function, bm
c is bias vector, wm

ci and Wm
cr denote the input-

candidate, reset-candidate weights, respectively. Finally, the reset gate vector rmt can be given by:

rmt = σ(wm
rix

m
t +Wm

rhh
m
t−1 + bm

r ) (2.4)

where bm
r is bias vector, wm

ri and Wm
rh denotes the input-reset, reset-hidden weights, respectively.

Finally, for the mth ECG-lead {xm
T ∈ RT |xm

T = [xm1 , xm2 , ..., xmt , ..., xmT ]}, its GRU encoded output hidden

vectors are given as {Hm ∈ Rdh×T |Hm = [hm
1 ,hm

2 , ...,hm
t , ...,hm

T ]}. Here, hm
t ∈ Rdh represents mth

ECG-lead hidden vector at time step t, consisting of information about the input sequence up to xt, and dh

denotes the size of the hidden vector and is known as GRU memory.

2.1.2 Intra-Lead Attention Module

As discussed previously, the ECG leads show intra-lead diagnostic redundancy, which often obscures

the subtle pathological ECG manifestations such as T-wave peaking and inversion, ST-elevations, and

pathological Q-waves, thereby limiting the classification performance of MI staging. Recently, the attention

models have shown promising results in various recognition tasks by focusing on the salient features during

the classification. In this study, an intra-lead attention layer is employed on top of the temporal encoding

block of each ECG lead. These attention layers automatically discover the clinically relevant hidden vectors

corresponding to the pathological ECG features and aggregate them with appropriate attention weights to

improve the classification performance. The design of the attention module is as follows.

Each attention layer accepts the encoded hidden vectors from their respective temporal encoding block
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and generates soft attention weights for each of the encoded vectors (see Figure 2.3 (b)). It is expected

that the attention weights are high for the vectors that correspond to the pathological ECG manifestations

than the others. To achieve this, first, each encoded hidden vector hm
t is non-linearly transformed into a

latent space using a multi-layer perceptron (MLP) or fully connected (FC) layer as:

um
t = tanh(Wm

intrah
m
t + bm

intra) (2.5)

where Wm
intra ∈ Rda×dh and bm

intra ∈ Rda are the weight matrix and the bias vector, respectively, of a MLP

with latent size da. um
t ∈ Rda denotes the latent vector of hm

t . The latent vectors (um
t ) are fed to another

MLP/FC with Softmax activation, to obtain the weights of importance for each hidden vector hm
t as:

αm
t =

exp
(
(um

t )Tum
intra + bmintra

)∑T
t=1 exp

(
(um

t )Tum
intra + bmintra

) (2.6)

where um
intra ∈ Rda and bmintra ∈ R1 are the trainable parameters of the network and T is the transpose

operator. The dot-product similarity between um
t and um

intra provides intra-lead attention weight αm
t ,

t = {1, 2, ..., T} for the mth ECG lead. The Softmax(·) function guarantees that all the computed weights

sum to one, and these weights will be relatively high for the hidden vectors corresponding to ECG features

which are clinically more relevant for classification than others. Finally, the encoded vectors of each

ECG lead, i.e., hm
t , t = {1, 2, ..., T} are aggregated through weighted summation of the hm

t and αm
t ,

t = {1, 2, ..., T} to obtain the within-lead attentive representation (WLAR) vector given as:

am =
T∑
t=1

αm
t hm

t (2.7)

where am ∈ Rdh denotes the WLAR vector for mth ECG lead. Twelve such vectors (from 12-leads) are

used to construct the within-lead attentive matrix A ∈ Rdh×12 and is fed to the inter-lead attention module.

2.1.3 Inter-Lead Attention Module

As discussed before, based on the spatial location of the coronary occlusion and the area of infarction,

specific leads of 12-lead ECG show the pathological manifestations, with others being clinically redundant.

Thus, after summarizing the within-lead relevant ECG features, identifying the salient ECG leads and

emphasizing them with suitable weights during the classification can help improve the performance of MI

staging. To perform this task, we have employed an inter-lead attention module following the intra-lead

attention layers. The intra-lead attention module aggregates the WLAR vectors corresponding to the

12-lead ECGs based on their importance in improving the overall classification. This summarization gives

a high-level across-lead attentive representation (ALAR) vector and is computed using a similar formulation
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as intra-lead attention (Figure 2.3 (b)) given by:

vm = tanh(Winteram + binter) (2.8)

βm =
exp

(
(vm)Tvinter + binter

)∑12
m=1 exp

(
(vm)Tvinter + binter

) (2.9)

af =
12∑

m=1

βmam (2.10)

where af ∈ Rdh is the final ALAR vector with emphasis given to salient ECG leads relevant for classification

thereby reducing inter-lead redundancy. vm ∈ Rda denotes the latent vector and βm, m = {1, 2, ..., 12} is

the mth ECG-lead attention weight. Winter ∈ Rda×dh , binter ∈ Rda , vinter ∈ Rda and binter ∈ R1 are the

trainable parameters of the network.

2.1.4 Classification Module

In the end, the compact representation vector af is fed to the output FC layer with Softmax activation

(FC+Softmax) to obtain the class probabilities for the input 12-lead ECG X. The probability distribution of

the output categories obtained at the FC+Softmax layer is given as:

p(c|X) = Softmax(Woaf + bo) (2.11)

where p(c|X) represents the probability of X belongs to class c, c = {1, 2, ...C}, C is the number of output

categories, Wo ∈ RC×dh and bo ∈ RC are weights and biases of the output layer. The final predicted class

label for the input ECG X is given as:

class(X) = argmax
c=1,2,...,C

p(c|X) (2.12)

Training loss optimization: In general, the categorical cross-entropy loss between the probabilistic output

and one hot encoded true label for a set of training samples is minimized to learn the network parameters

of the model. Mathematically, the categorical cross-entropy loss (L) is formulated as [70]:

L = − 1

N

N∑
n=1

C∑
c=1

I(yn = c)log
(
p(c|Xn)

)
(2.13)

where (Xn, yn), n = {1, 2, ..., N} are the training examples, N is the number of training samples and I(·)

is an indicator function which is equal to one if yn equals to c, otherwise equal to zero. The real-world

clinical ECG datasets are often imbalanced, i.e., some diseases occur less frequently than others. The data

imbalance poses a challenge for predictive modeling as the learning process is often biased toward the

majority class examples, so minority ones are not well modeled. To alleviate this problem, a cost-sensitive
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variant of the categorical cross-entropy loss function is employed to train the prediction/classifier model.

This cost-sensitive loss function penalizes the class errors differently. Specifically, the minority class errors

are assigned with a higher weight value than the majority class sample’s errors. The cost-sensitive loss

function (Lw) can be formulated as [70]:

Lw = − 1

N

N∑
n=1

C∑
c=1

wcI(yn = c)log
(
p(c|Xn)

)
(2.14)

where wc is the weight assigned to the classification errors of samples from class c and it is computed

as the number of samples in the majority class to the number samples in the class c, i.e., the weights

are inversely proportional to the class distribution. Thus, the cost-sensitive loss function assigns a higher

weight to the training samples of the class with low sample size, thereby improving learning for these

classes during the model training.

MLDA-RNN model with early ECG-lead fusion: Till now, we have discussed the deep fusion version of

the MLDA-RNN model (see Figure 2.2 (a)), where each ECG lead is processed separately using temporal

encoding blocks with RNNs followed by intra-lead attention layers. The 12-lead feature representations

from these layers are fused using the inter-lead attention module just before the classification. Figure 2.2

(b) shows the early fusion variant of the MLDA-RNN named MLDA-RNN-E. As can be seen, instead of

processing each ECG lead separately, the MLDA-RNN-E combines the temporal information across the

12-leads together at the first RNN layer itself, followed by the attention layer and classification module. In

this study, the proposed two types of 12-lead ECG fusion using RNNs and attention layers, i.e., MLDA-RNN

and MLDA-RNN-E, are evaluated to verify their effectiveness for MI severity stages classification.

2.2 Experimental Results and Discussion

This section discusses the details of the clinical ECG dataset and the evaluation scheme employed. This

section also presents the network optimization details, experimental evaluation, and the analysis of the

proposed MLDA-RNN model, followed by the performance comparison with the existing methods.

2.2.1 Clinical ECG Database

The proposed method is evaluated on two publicly available 12-lead ECG PhysioNet databases [148]: the

STAFF III database and the Physikalisch-Technische Bundesanstalt (PTB) diagnostic database. In this

study, the input ECG length is chosen to be 4 s as progressive diseases like MI require an ample number of

consecutive beats for analysis [60]. It allows us to capture the intra- and inter-beat dependencies well and
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Table 2.1: Details of the ECG databases used for evaluation.

Class Database # Subjects (# Male; # Female) # 12-lead 4 s segments

EMI STAFF III [148] 52 38; 14 3610

AMI PTB [148] 55 42; 13 2110

CMI PTB [148] 109 83; 26 3615

non-MI PTB [148] 54∗ 35; 19 1905

HC PTB [148] 52 39; 13 3020

Total - 322 227; 95 14260

#: Number of; ∗: non-MI patients distribution (mimicking MI: 16 and others: 38)

aid in improving the performance (see Figure 2.5). The specific details of the databases are given below.

2.2.1.1 STAFF III Database

The ECG data for EMI patients are selected from this database. STAFF III provides induced early

progression of MI (EMI) data from patients receiving elective percutaneous transluminal angiography in

one of the major coronary arteries at the Charleston Area Medical Center in West Virginia. The mean

balloon inflation time is 4 min 23 s, and this data helps analyze the early ECG manifestations of MI. In this

study, we consider the first occlusion ECG recordings of 52 subjects, where each recording consists of

nine leads (V1-V6, I, II, and III), sampled at 1000 Hz with an amplitude resolution of 0.6 µV. The remaining

three leads (aVR, aVL, and aVF) are computed from limb leads to form the standard 12-lead ECG.

2.2.1.2 PTB Diagnostic Database

The ECG data for the AMI, CMI, non-MI, and HCs are extracted from this database. The PTB database

consists of 12-lead ECG recordings from 290 individuals, and each record is sampled at 1000 Hz with an

amplitude resolution of over ±16.38 mV range. From the patient annotations, based on the infarct age and

interventions, we selected data for AMI and CMI patients with infarct age less than 12-24 h and more than

24 h, respectively. The non-MI data consists of ECG records from other cardiac disorders except MI, such

as HYP, BBBs, myocarditis, dysrhythmia, and valvular heart diseases. It is worth emphasizing that HYP,

BBBs, and myocarditis are known as mimicking MI diseases due to their MI-like ECG features, which pose

a challenge for reliable MI staging.

This study excludes prior MI patients from both databases to obtain good representative data for AMI

and CMI. Moreover, patients with inappropriate annotations are also excluded from the analysis. The

multi-lead signal quality estimation method [149] is employed to exclude clinically unsuitable 12-lead ECGs.
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In order to reduce the computational burden, all the ECG signals are downsampled to 125 Hz. Table 2.1

presents the details of the selected ECG datasets across the five classes under analysis.

2.2.2 Evaluation Scheme and Performance Measures

Two evaluation schemes, namely class-oriented and patient-independent, are commonly used for the

ECG-based disease classification tasks [150]. In the class-oriented scheme, ECG signals from training

and test sets may belong to the same patient, which results in an overestimation of the classification

performance. The well-trained classifier may fail to predict the disease labels for the ECG signals from an

unseen individual. The scheme is not applicable in practice because of the significant variation in ECG

characteristics among different subjects. On the other hand, a patient-independent evaluation scheme

ensures no overlap of patient’s data while dividing train and test datasets. The classifiers designed and

evaluated using this scheme perform more realistically. Therefore, we employ a patient-independent

scheme for evaluation. In addition, a 5-fold cross-validation (CV) protocol (in a patient-independent manner)

is considered for the extracted dataset. Cross-validation ensures generalizable results and prevents

overfitting or bias to specific subjects of the databases. The extracted data (see Table 2.1) exhibits an

imbalance with the varied class distribution. Therefore, the class-weighted categorical cross-entropy loss is

used for training classifiers.

Table 2.2: A multi-class confusion matrix.

Predicted output
1 2 ... C

Actual output

1 u11 u12 ... u1C
2 u21 u22 ... u2C
. . . ... .
. . . ... .
. . . ... .
C uC1 uC2 ... uCC

The classification performance is evaluated using the class-wise and the overall measures derived from

the confusion matrix. Table 2.2 shows the representation of a multi-class confusion matrix with entries uab

representing the number of samples from the test set originally belonging to class a and classified as class

b where a, b ∈ {1, 2, ..., C}. The class-wise measures include the sensitivity (Se), the specificity (Sp) and

the accuracy (Acc). The mathematical formulation of these measures are given in Eq. 2.15 where Sea, Spa

and the Acca are the class-wise sensitivity, specificity and accuracy for class a, a ∈ {1, 2, ..., C}. The overall

measures used are the overall sensitivity (OS), the overall specificity (OSp) and the overall accuracy (OA)

and are computed as shown in Eq. 2.16.
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Sea =
uaa∑C
e=1 uae

Spa =

∑C
k ̸=a

∑C
e̸=a uke∑C

k ̸=a

∑C
e̸=a uke +

∑C
k ̸=a uka

Acca =
uaa +

∑C
k ̸=a

∑C
e ̸=a uke∑C

k=1

∑C
e=1 uke

(2.15)

OS =
1

C

C∑
a=1

Sea OSp =
1

C

C∑
a=1

Spa OA =

∑C
k=a uke∑C

k=1

∑C
e=1 uke

(2.16)

The area under the curve (AUC) and the Cohen’s Kappa score [151] are also employed for the

performance analysis.

2.2.3 Network Parameters

Each lead ECG with 500 samples (T = 500), are encoded with single layer RNN of size 32 (dh = 32) to

obtain hidden vectors. These vectors are fed to the respective intra-lead attention module with latent space

dimension 64 (da = 64) to form WLAR vectors (am) . The WLAR vectors obtained by emphasizing within

lead diagnostic information, thereby reducing intra-lead redundancies. Later, these WLAR vectors are

fed to inter-lead attention module with latent space size 64 (da = 64) to generate ALAR vector (af ). This

vector attends the most informative leads, thereby reducing inter-lead redundancy. This reduction of intra-

and inter-lead redundancies will improve the classification by generating most discriminative high-level

representations. Finally, the 32-dimensional ALAR vector is fed to the FC+Softmax layer to classify the MI

severity stages. To improve the speed of convergence and performance of the model, we employed batch

normalization (BN) layers at the intra- and inter-lead attention layers. A dropout layer, with a drop rate of

0.3 is used at the output layer to improve the model generalization performance.
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Figure 2.4: Performance variation of the MLDA-RNN with different encoding size (dh) and latent space size (da).

The hyperparameters, RNN encoding size (dh) and latent-space size (da) used in the intra- and inter-

lead attention module are optimized using grid search technique. To verify the effect of these parameters
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on the classification performance, we fix the number of RNN layers to one and select dh from the set

{4, 8, ..., 128}. Then we fix dh and choose da from the set {4, 8, ..., 256}. From Figure 2.4, it can be observed

that the proposed method achieves better OA when dh ≥ 32 and da ≥ 64 than the other values. The OA is

poor at lower values of dh due to not having sufficient memory. Once enough memory (≥ 32) has been

employed, OA increases to 97.79 % at da equal to 64. It can also be seen that, when we increase dh and da

beyond 64 and 128, due to an increase in complexity of the network for the available dataset, the network

starts over-fitting. Thus, the grid search analysis results in the optimized dh and da values as 32 and 64,

respectively. Similarly, for the early fusion variant of MLDA-RNN, i.e., MLDA-RNN-E, the optimized dh and

da values are 64 and 128, respectively.

The network is developed using Keras with a TensorFlow backend. The multi-class loss is calculated

using Eq. 2.14 and the model is trained using backpropagation through time (BPTT) [140]. The model is

trained with an Adam optimizer with a learning rate of 0.001 on mini-batches of size 32 for 200 epochs.

2.2.4 Evaluation of the Proposed MLDA-RNN and MLDA-RNN-E Methods

This section presents the performance comparison of the proposed MLDA-RNN method and the MLDA-

RNN-E method. Table 2.3 shows the classification results of these methods in terms of the class-wise and

overall performance measures. As can be seen, the MLDA-RNN method provides improved classification

results compared to the MLDA-RNN-E approach. The first observation from the results is that processing

12-lead ECG together with the early fusion (MLDA-RNN-E) may hamper the lead-specific information, which

is crucial for the reliable diagnosis of MI staging, thereby resulting in sub-optimal performance (see Table

2.3). However, the proposed MLDA-RNN method processes the 12-lead ECG systematically using lead-

specific RNNs and intra-lead attention layers and attentively aggregates the 12-lead feature representations

using the inter-lead attention module. This deep fusion of the 12-lead ECG using MLDA-RNN aid in

extracting discriminative feature representations, thereby improving the classification performance (see

Table 2.3). Specifically, the proposed MLDA-RNN method achieves an OS, OSp and OA of 97.60%, 99.43%

and 97.79%, respectively. The method also shows promising results for confusing classes such as AMI

and CMI with Se of 94.78% and 97.64%, respectively. Similarly, class-wise Sp and Acc for all the classes

are well above 98% indicates that the proposed model is near accurate in identifying true negatives and

true positives (see Table 2.4). The improved performance of the MLDA-RNN method can be attributed to

the lead-specific temporal encoding using RNNs and systematic feature fusion using attention modules

that effectively capture the within-lead and across-lead subtle diagnostic information of the 12-lead ECG for

efficient classification.
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Table 2.3: Performance comparison of the MLDA-RNN-E (early fusion) and the MLDA-RNN (deep fusion) methods in
terms of mean and standard deviation values of the class-wise and overall measures across 5-folds.

Method Class Se(%) Sp(%) Acc(%) OS/OSp/OA (%)

MLDA-RNN-E

EMI 96.26 ± 1.22 98.59 ± 0.76 98.01 ± 0.83

AMI 84.83 ± 5.96 97.65 ± 0.98 95.75 ± 1.42 91.44 ± 3.88

CMI 90.73 ± 3.72 96.33 ± 1.08 94.41 ± 2.54 98.03 ± 0.42

non-MI 88.71 ± 5.11 99.31 ± 0.09 97.89 ± 0.31 91.84 ± 1.54

HC 96.68 ± 1.18 98.26 ± 0.69 97.93 ± 1.02

MLDA-RNN

EMI 98.34 ± 0.10 99.43 ± 0.08 99.15 ± 0.26

AMI 94.78 ± 0.88 99.62 ± 0.11 98.91 ± 0.29 97.60 ± 0.54

CMI 97.64 ± 0.34 98.87 ± 0.06 98.56 ± 0.33 99.43 ± 0.08

non-MI 97.90 ± 0.29 99.71 ± 0.06 99.47 ± 0.02 97.79 ± 0.47

HC 99.33 ± 0.38 99.51 ± 0.14 99.47 ± 0.26

Table 2.4: Confusion matrix of the proposed MLDA-RNN method across 5-folds.

Predicted output
EMI AMI CMI non-MI HC

Actual output

EMI 3544 20 26 5 15
AMI 9 2001 78 22 0
CMI 11 24 3528 10 42

non-MI 33 0 12 1860 0
HC 11 0 10 1 2998

2.2.5 Effectiveness of the Proposed MLDA-RNN Method

In this section, we analyze the effectiveness of the proposed MLDA-RNN model from two perspectives; (i)

the significance of the intra- and inter-lead attention modules and (ii) the visualization of intra- and inter-lead

attention weights to infer the model interpretability results, i.e., ECG leads and ECG features focused by

the model during the classification process.

2.2.5.1 Significance of Intra- and Inter-lead Attention Modules

Table 2.5 presents the performance comparison of the proposed MLDA-RNN model with two variants, the

RNN-I model with no attention modules and the RNN-II model with only intra-lead attention. Specifically,

RNN-I uses the last hidden vector from the RNN-based temporal encoding blocks of each ECG lead and

averages them across 12-leads before feeding it to the classifier (Figure 2.2 (a)). On the other hand, the

RNN-II with intra-lead attention module combines within-lead relevant hidden vectors to form WLAR, and

these vectors are averaged across all the 12-leads and fed to the classifier (Figure 2.2 (a)). From Table 2.5,
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Table 2.5: The performance comparison of the RNN-I model (no attention), the RNN-II model (only intra-lead
attention), and the proposed MLDA-RNN (both intra- and inter-lead attention).

Method Class Se(%) Sp(%) Acc(%) OS/OSp/OA (%)
EMI 94.04 94.92 94.70

RNN-I AMI 9.47 98.97 85.72 71.67
(no attention) CMI 82.84 82.94 82.92 93.80

non-MI 81.62 97.77 95.61 76.26
HC 90.39 94.38 93.54
EMI 95.42 99.20 98.24

RNN-II AMI 77.01 96.29 93.43 90.52
(only intra-lead CMI 87.41 95.01 93.08 97.74

attention) non-MI 95.27 99.43 98.87 91.08
HC 97.50 98.79 98.52
EMI 98.34 99.43 99.15

Proposed AMI 94.78 99.62 98.91 97.60
(intra- and inter-lead CMI 97.64 98.87 98.56 99.43

attention) non-MI 97.90 99.71 99.47 97.79
HC 99.33 99.51 99.47

it can be observed that the proposed model outperforms RNN-I and RNN-II models in terms of class-wise

and overall measures. The RNN-I model shows poor Se for CMI, non-MI, and HC classes and very poor

for the AMI class. The intra-lead attention module in RNN-II helps considerably improve performance for

all the classes. Still, the AMI and CMI classes are not modeled well, which leads to their misdiagnosis.

However, the proposed method with intra- and inter-lead attention modules helps improve performance for

all the classes. Specifically, as can be observed in Table 2.5, from RNN-I to the proposed model, there is a

significant improvement in the OS, OSp, and OA of about 26%, 5%, and 21%, respectively. Therefore, the

intra- and inter-lead attention modules in the MLDA-RNN model contribute individually to improving the

performance by attending to relevant within- and across-leads ECG information.

We have also analyzed the effect of different input ECG lengths on the overall classification performance.

Figure 2.5 shows the variation of OA for the RNN-I, the RNN-II, and the proposed method across different

ECG input lengths. As can be seen, the RNN-I shows poor results due to too condensed last hidden vectors

used for classification. This problem becomes severe for long-duration ECGs. However, incorporating intra-

and inter-lead attention modules in the MLDA-RNN minimizes this problem by selecting clinically relevant

information from 12-lead ECGs. It can be seen from Figure 2.5 that the proposed model outperforms RNN-I

and RNN-II, irrespective of ECG length. Specifically, the proposed model achieves the best performance at

an input length of 4 s. Therefore, we choose 4 s ECG excerpts for the MI severity staging in the proposed

framework. The results also suggest that the models with attention layers (RNN-II and proposed) effectively

analyze the long-term ECG segments over the model with no attention layers (RNN-I).
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Figure 2.5: Overall accuracy comparison for RNN-I, RNN-II, and proposed model over different input ECG lengths.

2.2.5.2 Anlysis of Model Interpretability using Intra- and Inter-Lead Attention Weights

Model explainability is equally crucial as diagnostic accuracy in healthcare applications, which most of the

existing DL-based methods lack [70, 119]. The certainty must exist that the disease diagnosis is made

based on the real ECG characteristics that reflect pathology rather than systematic biases in the dataset.

From this perspective, the proposed model’s intra- and inter-lead attention weights are visualized and

analyzed in the present section.

Analysis of inter-lead attention weights: Figure 2.6 shows the distribution of inter-lead attention weights

learned by the proposed MLDA-RNN model for 12-lead ECG on one of the validation folds. As can be seen,

the proposed model provides different weights of importance for each ECG lead based on their diagnostic

relevance or redundancy in classifying the classes under analysis. Specifically, among the six frontal-plane

ECG leads, the leads I and aVL contribute most to the classification process. The physiological reason for

the model to give more weight to these two leads is that they monitor the left side of the heart and are critical

for diagnosing MI and non-MI patients (BBBs and HYP) [11]. Moreover, the ECG-leads I and aVL contain

all the information needed to accurately derive the other four frontal plane or limb leads. Interestingly, the

method also learned to focus on only these two ECG leads from the frontal-plane leads. Similarly, among

the six chest leads (V1-V6), the model emphasizes the ECG leads V1, V3, and V5 for reliable classification

(Figure 2.6). The leads V1, V3, and V5 are favored among the 12-leads by the physicians for identifying

septal wall MI, anterior wall MI and lateral wall MI, respectively [11,73]. In addition, the right-sided lead V1

and the left-sided lead V5 are popularly used in clinics to detect non-MI diseases such as BBBs (left and

right) and left ventricular hypertrophy by recognizing the wide bizarre QRS-complexes or tall R-waves.
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Figure 2.6: Boxplot of the inter-lead attention weights learned by the proposed MLDA-RNN model. The figure
illustrates the importance of each ECG-lead during the classification process.
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Figure 2.7: Optimal ECG-leads selection based on performance (mean ± standard deviation) at highly attentive
ECG lead combination.

Figure 2.7 illustrates the effectiveness of inter-lead attention weights in identifying optimal ECG lead

combinations for the classification. Using the proposed MLDA-RNN, the overall classification accuracy is

computed at different ECG-lead combinations arranged in the descending order of their median attention

weights. For evaluating the single-lead ECG performance, the MLDA-RNN architecture is modified as RNN

layer→intra-lead attention layer→output classification layer. As seen from Figure 2.7, the ECG leads subset,

i.e., aVL, I, V5, V1, and V3 combination, significantly improved (p<0.05) the classification performance

over the single-lead and the inclusion of additional leads did not improve the performance significantly.

Notably, the similar performance for 12-lead ECG and optimal ECG leads (Figure 2.7) demonstrate that the

proposed MLDA-RNN model automatically identifies the diagnostically relevant and redundant ECG leads

for improving classification performance.
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Figure 2.8: Illustrates the mapping of intra-lead attention weights corresponding to the frequently attended ECG
leads (shown for 2 s) of (a1)-(a4) EMI, (b1)-(b4) AMI, (c1)-(c4) CMI and (d1)-(d4) LBBB patients, respectively.
Colour bar indicates the intensity magnitude proportional to clinical relevance. (J+80msec: 80 msec after J-point;
ST:ST-segment; Q+J+S: QRS, J-point and ST-segment; QRS+ST: QRS and ST-segment; TWI: T-wave inversion;
Patho q: Pathological Q-wave).

Analysis of intra-lead attention weights: Figure 2.8 shows the visualization of typical intra-lead attention

weights for the most focused ECG leads of four classes. The first observation from the figure is that the

intra-lead attention layers provide different weights for different ECG features based on their relevance

in diagnosing MI and non-MI pathologies. In clinical practice, physicians often examine ST-segment

abnormalities (elevation or reciprocal depression), poor R-wave progression, T-waves inversion, and

pathological Q-waves to detect MI progression [11]. In addition, J-point and J+80 msec points are also

examined to understand MI. Similarly, broad and clumsy QRS-complexes in leads V5/V6/I and deep and

broad S-waves in V2/V3 are used in clinics to detect the left BBB patients [11]. From Figure 2.8 (a1)-(a4)

for EMI (with septal MI) and Figure 2.8 (b1)-(b4) for AMI patients (with anterior-lateral MI), the model

provides more weight to the above discussed clinically relevant ECG features such as ST-segment, J-point,

J+80 msec, T-wave, and QRS-abnormalities during the classification process. Interestingly, from Figure

2.8 (c1)-(c4) for CMI patients (with lateral MI), the pathological Q-waves in leads I and V6, along with the

ST-segment, are focused by the model for the diagnosis. Similarly, from Figure 2.8 (d1)-(d4) for the non-MI

patient (left BBB), broad QRS-complexes and deep S-waves are emphasized during the classification.

In summary, the analysis of inter-lead attention weights (Figure 2.6) and the intra-lead attention weights

(Figure 2.8) demonstrates that the proposed model focuses on the clinically relevant ECG leads and

features to make the reliable class prediction that often aligns with medical knowledge.
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Table 2.6: Comparison of the proposed method against existing methods on MI detection using PTB Dataset

Method #Classes #Leads Decision Selected
dataset

#Features Classifier Results Evaluation Riskstra-
tification

[60] 2 (MI,HC) 12 Segment MI:100
HC:100

Multiscale energy and
eigen value features)

SVM Se=93%
Sp=99.00%
Acc=96.00%

Class based ×

[64] 2 (MI,HC) 12 Segment MI:100
HC:74

Empirical WT features SVM Se=100%
Sp=99.95%
Acc=99.97%

Class based ×

[61] 2 (MI,HC) 12 Beat MI:28213
HC:5373

Wavelet packet trans-
form based

SVM Se=80.96%
Sp=80.96%
Acc=92.69%

Class based ×

[69] 2 (MI,HC) 1 Beat MI:40182
HC:10546

End-to-end CNN (with
R-peak detection)

Softmax Se=93.71%
Sp=92.83%
Acc=93.53%

Class based ×

[72] 2 (Inferior
MI,HC)

3 Segment MI:3222
HC:3055

End-to-end CNN Softmax Se=85.33%
Sp=84.04%
Acc=84.54%

Patient-
independent

×

[75] 2 (Anterior
MI,HC)

3 Beat MI:41087
HC:18640

End-to-end CNN (with
R-peak detection)

Softmax Se=85.33%
Sp=84.09%
Acc=84.54%

Class based ×

[73] 2 (Anterior
MI,HC)

4 Beat MI:34769
HC:34769

End-to-end CNN (with
R-peak detection)

Softmax Se=95.40%
Sp=97.37%
Acc=96.00%

Patient-
independent

×

[71] 2 (MI,HC) 12 Beat MI:485752
HC:125652

End-to-end CNN (with
R-peak detection)

Softmax Acc=99.78% Class based ×

[77] 2 (MI,HC) 12 Beat MI:48690
HC:10646

End-to-end MFB-CNN
(with R-peak detection)

Softmax Se=99.97%
Sp=99.90%
Acc=99.95%

Class based ×

[78] 2 (MI,HC) 12 Beat MI:53712
HC:10638

End-to-end MFB-
CBRNN (with R-peak
detection)

Softmax Se=94.42%
Sp=86.29%
Acc=93.08%

patient-
independent

×

Proposed† 3 (MI, non-
MI, HC)

12 Segment MI:9335
non-MI:1905
HC:3020

End-to-end intra- and
inter-lead attention
based RNN model

Softmax OS=98.63%
OSp=99.27%
OA=98.87%

Patient-
independent

×

Proposed 5 (EMI,AMI,
CMI,non-
MI, HC)

12 Segment EMI:3610
AMI:2110
CMI:3615
non-MI:1905
HC:3020

End-to-end intra- and
inter-lead attention
based RNN model

Softmax OS=97.60%
OSp=99.43%
OA=97.79%

Patient-
independent

√

#: Number of; and the selected dataset numbers correspond to beats or segments according to the type of decision.

†: The MI diagnosis results are generated by considering the outputs from EMI, AMI, and CMI classes as MI.

2.2.6 Performance Comparison with the Existing Methods

This section compares the proposed MLDA-RNN model with the existing methods. As can be seen from

Table 2.6, all the existing methods [60,61,64,69,71–73,75,77,78] have performed the binary classification

of MI and HCs using ECG. However, in this study, we addressed the classification of MI severity stages

which can help clinicians optimize various treatment strategies based on the disease progression. Secondly,

some of the existing methods [69,72,73,75] use subset of 12-lead ECG for MI/localized MI detection. It

can be seen from Table 2.6 that these methods result in poor generalization, and it is evident from [72,75]
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as average accuracy is below 85%. Moreover, the prior selection of specific leads from the 12-lead ECG

makes these approaches unsuitable in real-world clinical settings [21], where patients can present with

MI at any spatial location. The class-based evaluation scheme in [60,61,64,69,71,75,77] demonstrates

overestimated performance because signals in the training and test sets could belong to the same patient.

Thus, these methods may fail to predict diseases from ECG signals of unseen patients. Table 2.6 also

highlights that the most existing methods require R-peak or beat detection as a pre-processing step. This

increases the computational burden and may also be prone to erroneous diagnosis in the presence of

noises [59]. The comparison methods in Table 2.6 can be broadly categorized into the ML- and DL-based

methods. Although ML-based methods [60, 61, 64] achieved good results for MI diagnosis on smaller

datasets, these methods rely on domain expert knowledge to engineer valuable features, which often faces

the challenge of feature quality and robustness. The end-to-end DL approaches [69, 71–73, 75, 77, 78]

mitigate these challenges and provide better generalization performance for the diagnosis on the larger

and diverse ECG datasets. Existing methods only performed MI diagnosis and did not address MI

staging. In order to compare the MI diagnosis performance of the proposed MI staging method with the

existing approaches, we have combined the output decisions from EMI, AMI, and CMI classes as MI. The

proposed method’s three-class (MI, non-MI, and HC) classification performance is reported in Table 2.6.

As can be seen, the proposed RNNs and attention-based model (MLDA-RNN) demonstrate improved MI

diagnosis performance over existing DL methods, even in the presence of non-MI class patients and the

patient-independent evaluation scheme.

In order to perform the qualitative comparison of the proposed MI staging method, we have implemented

some recent DL-based models [72,77,78]. All these models are initially proposed to detect MI from HC

subjects. However, they have been optimized for the current five-class ECG dataset. This experiment

helps evaluate the feature representation ability of the proposed method and the recent DL models. The

models considered for the comparison are; (i) deep CNN-based framework using lead II, III, and aVF ECG

signals (3L-CNN) and (ii) two 12-lead ECG-based models, i.e., MFB-CNN [77] and MFB-CBRNN [78]

frameworks. Table 2.7 shows the quantitative comparison results in terms of class-wise and overall

performance measures. We also present the area under the ROC curve (AUC), average F1-score (F1),

and kappa values, along with the average test run time (ms) for the proposed and existing methods. As can

be seen in Table 2.7, the proposed method outperforms the existing DL-based methods. Specifically, the

3L-CNN method [72] with the subset of 12-lead ECGs may not be enough to diagnose various localized MIs

reliably [21]. It results in poor class-wise and overall measures, as seen in Table 2.7. The MFB-CNN [77]

and the MFB-CBRNN [78] exploit 12-lead ECGs for the diagnosis. Although these models show promising
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Table 2.7: Performance evaluation of the proposed MLDA-RNN and the existing DL-based methods on the current
five-class ECG dataset (5-folds).

Method Class Se(%) Sp(%) Acc(%) OS/OSp/OA (%) AUC/F1(%)/Kappa
EMI 98.61 98.82 98.77
AMI 86.25 81.64 82.32 77.07 0.84

3L-CNN [72] CMI 41.63 96.38 82.50 93.98 75.14
non-MI 86.87 97.77 96.31 75.14 0.68

HC 72.01 95.28 90.35
EMI 92.24 96.29 95.26
AMI 62.32 93.37 88.77 82.25 0.89

MFB-CNN [77] CMI 76.07 92.86 88.60 95.72 83.13
non-MI 89.23 99.51 98.14 83.13 0.78

HC 91.39 96.57 95.47
EMI 95.84 97.65 97.19
AMI 70.85 98.72 94.60 90.01 0.94

MFB-CBRNN [78] CMI 89.90 95.44 94.03 97.66 90.98
non-MI 96.06 99.63 99.15 90.98 0.88

HC 97.35 96.88 96.98
EMI 98.34 99.43 99.15
AMI 94.78 99.62 98.91 97.60 0.98

Proposed CMI 97.64 98.87 98.56 99.43 97.65
non-MI 97.90 99.71 99.47 97.79 0.97

HC 99.33 99.51 99.47

performance for MI vs. HC classification (Table 2.6), they generate poor classification performance for

the current five-class dataset with OA of 83.13% and 90.98%, respectively (Table 2.7). These results

suggest that the deep CNN-based models may not effectively capture the temporal dependencies of subtle

pathological ECG variabilities associated with the MI severity stages. Compared to the state-of-the-art

MFB-CBRNN [78], the proposed MLDA-RNN shows a significant improvement of nearly 7% in OA. The

model also exhibits improved AUC, F1, and kappa values of 0.98, 97.65%, and 0.97, respectively.

Figure 2.9 compares the OA and the average test run-time for the proposed and existing methods

[72,77,78] on the current five-class ECG dataset. The measurements for the run times are taken from the

system with 16 GB RAM and Quadro K600 graphics processor. As can be seen, the existing CNN-based

methods provide faster diagnosis predictions than the proposed MLDA-RNN approach. However, the low

OA of existing methods limits their applicability in real-world clinical applications. Although the sequential

computations of RNNs in the proposed method contribute to the slight increase in the average run-time of

8.76 ms, they aid in the effective representation of the temporal ECG data and provide improved OA of

97.79%. Considering the order of the input duration in seconds, 8.76 ms run time is not significantly high to

delay the emergent interventions [142]. The acceptable test run time and the impressive OA of the proposed

method make it best suitable for the preliminary screening of MI severity stages in hospitals/clinics.

From the comparison results in Table 2.6, it can be observed that the MLDA-RNN has impressive

53
TH-3010_166102109



2. Myocardial Infarction Severity Stages Classification from 12-Lead ECG using Multi-Lead Attentional RNN

3L-CNN MFB-CNN MFB-CBRNN Proposed

70

75

80

85

90

95

100

O
v
e
ra

ll 
A

c
c
u
ra

c
y
 (

%
)

1

2

3

4

5

6

7

8

9

10

R
u
n
-T

im
e
 (

m
s
)

Run-Time (ms)
OA (%)

Figure 2.9: Comparison of overall accuracy and the test run-time for the proposed and existing methods.

advantages over other algorithms. (i) We have addressed a challenging problem of MI severity stages

classification, where the discriminative changes in the ECG features are subtle. The reliable detection

of these stages can help improve disease management with appropriate treatment strategies. (ii) The

proposed MLDA-RNN employed RNNs and intra- and inter-lead attention modules to capture the temporal

dependencies and fuse diagnostically relevant within- and across-lead ECG information effectively for

improved MI staging. (iii) Along with improved diagnostic accuracy, the MLDA-RNN also shows promising

model interpretability results through the analysis of intra- and inter-lead attention weights, which are

lacking in existing DL models. The analysis of attention weights reveals that the model focuses on the

informative ECG leads and features having the pathological manifestations to make the diagnosis decisions.

This implies that the model has learned domain-specific clinical knowledge from the 12-lead ECG signals

and can provide reliable diagnostic predictions. (iv) Finally, we considered other disease patients through

the non-MI class, which reduces over and under treatment due to their misclassification into MI and HCs

as in the existing binary classification approaches (MI vs. HC).

Although including other disease patients in the non-MI class improves the reliability of the proposed

automated MI staging system, the presence of a high proportion of mimicking MI (M-MI) patients in the

non-MI class can affect the performance of MI staging [120]. As discussed before, non-MI patients, such

as BBBs, HYP, and myocarditis, show MI-like ECG features across the 12-leads and are often referred to

as M-MI diseases. This similarity of ECG features makes reliable MI staging challenging in the presence

of such non-MI patients. Table 2.8 presents the distribution of the non-MI class patients in the datasets

DS01 and DS02. The DS01 was used in previous experiments to evaluate the proposed MLDA-RNN,

consisting of only 16 M-MI patients. On the other hand, DS02 is the newly extracted non-MI dataset from

PhysioNet repository, consisting of more M-MI patients, i.e., 29. Table 2.9 shows the detection performance
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Table 2.8: Comparison of non-MI class patient’s distribution in different datasets.

Cardiac disease Number of patients in dataset DS01† Number of patients in dataset DS02

Bundle branch blocks 11 14

Ventricular hypertrophy 4 9

Myocarditis 1 6

Total mimicking MI patients = 16 Total mimicking MI patients = 29

Dysrhythmia 14 14

Valvular heart disease 6 6

Heart failure 18 18

Total other patients = 38 Total other patients = 38

†: This non-MI class dataset is used for the evaluation of the proposed MLDA-RNN method in previous sections.

Table 2.9: Comparison of the proposed MLDA-RNN method’s sensitivity for different non-MI class patient’s distribution
with EMI, AMI, CMI, and HC classes ECG data unchanged.

Non-MI class dataset Class Se(%) OS(%)

EMI 98.34

AMI 94.78

DS01 CMI 97.64 97.60

non-MI 97.90

HC 99.33

EMI 94.75

AMI 82.91

DS02 CMI 93.68 90.94

non-MI 84.84

HC 98.62

for five classes with non-MI class patients from DS01 and DS02, with the remaining four classes’ ECG

data unchanged (see Table 2.1). As can be seen, the presence of more M-MI patients in DS02 significantly

affects the detection performance of MI severity stages and non-MI class with a poor OS of 90.94%.

In practice, the clinicians often examine the patient’s clinical history along the 12-lead ECG evaluation

to make reliable disease predictions and severity assessments [21,152]. Thus, combining the patient’s

clinical features with the 12-lead ECG features is expected to improve the MI staging in the presence of

mimicking MI patients in non-MI class. However, due to the lack of appropriate clinical history annotations

for the MI staging ECG datasets, in the following section, we have investigated a simple MI diagnosis task

to evaluate the effectiveness of fusing the patient’s clinical features with the 12-lead ECG features.

2.2.7 Fusing Patient’s Clinical Features with the 12-Lead ECG for Improving MI Diagnosis

As discussed before, MI is a progressive disease that occurs due to the formation of clots in the coronary

arteries, known as atherosclerosis. The INTERHEART study in 52 countries across the globe has identified
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nine prominent patient risk factors that account for the higher risk of developing MI [152]. Specifically,

abnormal high blood-lipid levels, current smoking, and hypertension accelerate atherosclerosis with a

relative risk of 3.25, 2.87, and 1.91 times respectively [152]. This study also reported that older adults,

especially males are more prone to MI. Therefore, for the first time in the literature, we have investigated the

effectiveness of fusing the patient’s clinical features such as age, gender, high blood lipid levels, smoking,

and hypertension with the 12-lead ECG for improving MI diagnosis in the presence of M-MI patients.

MLDA-RNN Model 

(RNN-based Lead Specific Temporal

Encoding + Intra-Lead Attention Layers +
Inter-Lead Attention Layer)
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Figure 2.10: The proposed MLDA-RNN-CF architecture for fusing the patient’s risk factors with the 12-lead ECG
features to classify MI, non-MI, and HC subjects.

The block diagram of the proposed fusion approach, i.e., MLDA-RNN-CF, is shown in Figure 2.10.

As can be seen, it considers two types of inputs, i.e., 12-lead ECG and patient’s clinical features. The

MLDA-RNN model with RNN-based lead-specific temporal encoding followed by intra- and inter-lead

attention layers (see Figure 2.2 (a)) is used to extract features from the 12-lead ECG. Its architecture has

already been discussed in the previous sections. The 32-dimensional output feature representation from

the inter-lead attention layer, i.e., the ALAR vector, is concatenated with the five patient’s clinical features

input and fed to the output FC+Softmax layer to generate the probability distribution over the MI, non-MI,

and HC classes. Generally, the clinical features are available in the form of categorical variables and are

converted into numerical in the following manner; gender (1 for male and 0 for female), smoking (1 for

smoker and 0 for non-smoker), hypertension (1 for hypertension patients and 0 for non- hypertension

patients) and blood lipid level (1 for patients with high blood lipid levels and 0 for low blood lipid levels).

Clinical database and network parameters: The proposed MLDA-RNN-CF model is evaluated on the

newly extracted three-class (MI, non-MI, and HC) ECG dataset from the PTB diagnostic database. From

this database, we chose individuals with the 12-lead ECG and patient’s clinical features annotations for the

analysis, and the patients with only ECG data are excluded. The extracted data consists of 124 MI patients,
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2.3 Summary

Table 2.10: Performance comparison of the proposed MLDA-RNN (12-lead ECG input) and the MLDA-RNN-CF
(12-lead ECG and patient’s clinical features as inputs) methods for the three-class classification task (5 -folds).

Method Class Se(%) Sp(%) Acc(%) OS/OSp/OA(%) AUC/Kappa

MI 94.1±3.2 95.9±1.3 95.7±2.1 90.6±3.2

MLDA-RNN non-MI 80.1±5.7 98.9±0.9 97.1±1.9 95.6±1.7 0.953±0.011

(12-lead ECG) HC 97.8±0.9 92.2±2.5 94.0±0.9 93.8±2.9 0.889±0.027

MI 97.6±1.1 99.2±0.6 98.3±0.5 98.1±0.4

MLDA-RNN-CF non-MI 97.4±2.1 98.9±1.0 99.0±0.3 99.1±0.3 0.987±0.004

(12-lead ECG + clinical features) HC 99.5±0.4 99.0±0.3 99.2±0.3 98.3±0.6 0.969±0.014

49 HC, and 41 non-MI patients (26 M-MI patients and 15 other cardiac disease patients). The dominant

portion of the non-MI class consists of M-MI patients, making the reliable MI diagnosis more challenging.

Similar to the previous study, we chose the 4 s 12-lead ECG segments for the analysis. A total of 8029

MI, 4427 HC, and 1532 non-MI 12-lead ECG segments with their respective clinical features are used to

evaluate the proposed MLDA-RNN-CF model in a patient-independent manner with 5-fold CV. The network

is developed using Keras with a TensorFlow backend, and the cost-sensitive multi-class loss is calculated

using Eq. 2.14. The network hyperparameters, the training settings, and the evaluation metrics used for

MLDA-RNN-CF are similar to the previously discussed MI staging model.

Results: Table 2.10 compares the three-class (MI, non-MI, and HC) classification performance of the

MLDA-RNN and the MLDA-NN-CF models in terms of the class-wise and overall evaluation metrics. As can

be seen, the model with only 12-lead ECG input, i.e., the MLDA-RNN, shows poor Se for the non-MI and

MI classes with an OS of 90.6%. However, the model with 12-lead ECG and patient’s clinical features as

input, i.e., the MLDA-RNN-CF, significantly improves the Se of non-MI and MI classes with an OS of 98.1%.

These results suggest that with the 12-lead ECG features from MLDA-RNN, it is difficult to discriminate

between MI and non-MI classes (with more mimicking MI patients) due to the ECG features similarity

among the classes. However, the fusion of the patient’s clinical features to the 12-lead ECG features

introduces complementary information to the model, which aids in better discrimination between the MI

and non-MI classes, thereby achieving improved classification performance.

2.3 Summary

The automated severity staging of MI can help assess the disease progression and assist cardiologists in

improving the disease management by timely initiating appropriate treatment strategies. To this end, in

this chapter, we presented a unique MLDA-RNN architecture for automated classification of MI severity

stages such as early MI, acute MI, and chronic MI from the 12-lead ECG signals. The main contribution
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presented in this chapter is the exploration of RNNs and the self-attention modules for effective feature

extraction from the 12-lead ECG to improve MI staging. Specifically, the MLDA-RNN model systematically

processes the 12-lead ECG using the RNN-based temporal encoding layers followed by intra- and inter-lead

attention layers. The RNN layers effectively model the temporal dependencies of the subtle pathological

ECG manifestations associated with the progressive MI severity stages. The intra- and inter-lead attention

layers automatically emphasize the clinically relevant within- and across-lead diagnostic information of

the 12-lead ECG, respectively, for improved classification. This systematic feature fusion also helps

alleviate the diagnostic redundancy of the 12-lead ECG to learn more robust feature representations than

the early ECG-lead fusion model, i.e., MLDA-RNN-E. Along with the improved performance, the notable

advantage of the MLDA-RNN method is the diagnostic transparency provided by the attention weights.

The visualization of intra- and inter-lead attention weights demonstrates the correlation of weights with the

diagnostic relevance of focused ECG features and leads, which often aligns with medical knowledge and

correlates with the cardiologist’s way of 12-lead ECG examination.

In this chapter, we also presented the effectiveness of fusing the patient’s clinical features with the

12-lead ECG to improve MI and non-MI diagnosis in the presence of mimicking MI patients. The preliminary

findings suggest that incorporating the patient’s clinical history and the 12-lead ECG into clinical evaluation

has the potential to improve the diagnosis. Thus, the proposed MI diagnosis method (MLDA-RNN-CF)

can be reliably used to pre-screen MI patients at clinics/hospitals for referring them to a cardiologist.

Subsequently, the proposed MI staging approach (MLDA-RNN) can assess the MI progression and assist

cardiologists in timely initiating suitable emergent interventions.
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3. Congestive Heart Failure Diagnosis from Single-Lead ECG using Attention-based Deep Residual RNN

Congestive heart failure (CHF) is a complex clinical syndrome in which the heart fails to meet the body’s

circulatory demands. It can result from any cardiac disorder that impairs ventricular filling or pumping of

the blood, including MI, HYP, BBBs, valvular heart disease, and cardiac arrhythmia. CHF is a serious

medical condition associated with higher incidence and mortality rates and reduced health-related quality

of life (QoL) [33]. Therefore, early and accurate detection of CHF is critical for initiating appropriate

treatment plans to improve the heart pumping efficiency and health-related QoL. Clinicians often prefer

the non-invasive ECG test for the preliminary diagnosis of CHF in hospitals and large-scale screening

programs. Because the etiology of the CHF is diverse, there are no definite ECG guidelines for its diagnosis.

However, the ANS damage during CHF causes reduced HRV derived from the RR-intervals of the ECG.

Most existing automated methods [81–85] employ HRV indices to characterize CHF patients. Generally,

HRV feature-based approaches require long-term ECG of more than 24 h duration or at least 5-min/30-min

for the reliable assessment of CHF, which is often difficult to acquire using portable mobile ECG devices.

Notably, the HRV features are only effective in identifying severe CHF patients (NYHA III and IV) with acute

ANS damage and thus are unreliable for diagnosing patients at the early stages (NYHA I and II).

As discussed in the introduction chapter, apart from HRV, specific pathological ECG patterns, including

ST-segment elevation/depression, prolonged QRS- and QT-duration, deep S-wave, and T-wave abnormali-

ties, are often associated with the CHF. To automatically detect the CHF from the ECG signals, the method

must implicitly recognize these complex pathological ECG features and discern temporal relationships

between them. In this direction, few recent methods employed deep CNN-based feature representation

models [49, 88, 89], which may not adequately capture complex ECG features and their temporal de-

pendencies associated with the CHF syndrome. Moreover, these deeper networks are hard to optimize

because of the vanishing gradient problem. The existing DL methods lack ”diagnostic transparency,” which

limits the applicability of such ”blackbox” methods in real-world clinical applications. Although Porumb et

al. [49] have presented model transparency using the Grad-CAM technique, it only helps visualize the

salient ECG features that led to the CHF detection during the testing stage. It would be interesting if we

could constrict the model to learn to focus on the diagnostically relevant ECG features during the training

stage. Recently, incorporating residual connections between the layers has been shown to ease the

training of deeper networks and aid in learning complex representations for improving image and speech

recognition [144, 153], and arrhythmia classification [15, 57] performance. Considering the efficacy of

RNNs and attention networks for modeling sequential 12-lead ECG from the previous chapter and residual

connections from [15], we presume that designing a hybrid network using these components can learn the

complex ECG features related to CHF and provide improved diagnosis and model transparency results.
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This chapter proposes an attention-based deep residual RNN (A-DRRNet) architecture to diagnose

CHF from single-lead ECG beats. The model employs multi-layered RNNs consisting of recurrent hidden

states to effectively encode temporal dependencies (P-QRS-T) of complex pathological ECG features. In

addition, residual connections have been introduced between the RNNs layers to improve the network’s

ability to learn complex features hierarchically by maintaining the proper gradients at the initial layers.

Finally, incorporating the self-attention module further improves the feature learning pipeline by focusing

on clinically relevant ECG features for efficient CHF detection. The rest of the chapter is organized as

follows. Section 3.1 and 3.2 present the proposed framework and the experimental results of the A-DRRNet

method, respectively. The summary of the chapter is presented in section 3.3.

3.1 Attention based Deep Residual RNN Approach for CHF diagnosis

The block diagram of the proposed A-DRRNet framework is presented in Figure 3.1. The method mainly

consists of three processing modules: the deep residual RNN-based temporal encoding module, the

attention module, and the classification module. First, the incoming ECG beat data is fed to the temporal

encoding module consisting of multilayered residual RNNs that effectively model the temporal dynamics of

sequential ECG data and extract powerful high-level residual representation vectors. The attention module

generates weights for the residual vectors based on their diagnostic relevance, aggregating them through

weighted summation to form a beat-attentive representation vector. The beat-attentive vector is finally

applied to the classification module to generate a diagnosis decision for the input ECG beat. The following

sub-sections provide the details of each of the modules.

3.1.1 Deep Residual RNN-based Temporal Encoding

As discussed before, the sequential activation of the heart’s electrical conduction system results in the

ECG heartbeat; thus, temporal dependencies naturally exist in this waveform. RNNs are a class of artificial

neural networks (ANN) widely used for modeling the sequential data [147]. It processes the sequential

inputs by having a recurrent hidden state whose activation at the present time-step depends on the previous

time-step [147]. In this study, we choose the gated recurrent unit (GRU) as the basic RNN unit to effectively

model the time dependencies of the ECG beat data associated with CHF syndrome.

3.1.1.1 Low-level Feature Extraction

Let the incoming ECG heartbeat sequence be denoted as x = [x1, x2, ..., xt, ..., xT ]. Here, xt represents

heartbeat information at the time-step t, t ∈ {1, 2, ..., T} with T represents the sequence length. The GRU
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Figure 3.1: Block diagram of the proposed A-DRRNet architecture for detecting CHF form single-lead ECG beat.

cell consists of two important gates known as reset gate (g) and update gate (z) for regulating the flow of

information (see Figure 3.2 (a)). The computations of the GRU cell at time-step t can be given as follows:

gt = σ(wrixt +Wrhht−1 + br) (3.1)

zt = σ(wzixt +Wzhht−1 + bz) (3.2)

h̃t = tanh(wcixt +Wcr(gt ⊙ ht−1) + bc) (3.3)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (3.4)

where ht and ht−1 represents the hidden state at time step t and t − 1, respectively and h̃t represnts

candidate hidden state. σ(·) is the sigmoid activation function, tanh is the hyperbolic tangent activation

function and ⊙ represents element-wise multiplication. Wrh, Wzh and Wcr are recurrent weight matrices,

wri, wzi and wci are weight vectors (matrices in residual GRU layers) and br, bz and bc are bias vectors.

For the input ECG beat sequence x ∈ RT its encoded hidden vectors from the first GRU layer are

ht ∈ Rdh , t ∈ {1, 2, ..., T}, where dh represents the encoding size or GRU memory. The encoded vectors

at the first GRU layer are limited in the number of non-linearities applied to the input ECG, thus learning

low-level feature representations from the sequential ECG data. These low-level features are fed to the

multilayered GRU with residual connections to hierarchically extract the temporal dependencies of high-level

or complex pathological ECG characteristics.
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GRU +

X +

tanh

XX
1-

(a)

GRU cell 

(b)

Figure 3.2: (a) GRU cell architecture. (b) A typical GRU cell with residual connection.

3.1.1.2 High-level Feature Extraction using Multilayered GRU Architecture with Residual Connections

In order to learn complex features, a common way used in neural networks is to stack more layers that

can extract high-level feature representations hierarchically. However, the deeper networks are hard to

optimize because of the vanishing gradient problem, i.e., as the gradient is back-propagated to earlier

layers, repeated multiplication makes the gradient significantly small and results in slow convergence

and performance degradation of the model [153]. Recently Microsoft Research Team has developed

a residual learning framework to improve the ease of training, and representation ability of the deeper

networks [153]. Residual leaning introduces an identity skip/residual connections between adjacent layers.

These connections alleviate the vanishing gradient problem by propagating sufficient gradients to the initial

layers so that these layers can also learn as fast as the final layers.

Inspired by the idea of residual learning, in the proposed network, we incorporate residual connections

from one GRU layer to the next (see Figure 3.1) to extract effective high-level representations. Figure 3.2

(b) shows a typical GRU cell with residual connection at time step t and residual layer l, l ∈ {1, 2, .., L},

where L represents the total number of residual GRU layers. Its formulation is given as follows:

h
[l]
t = Fl(W

[l][r
[l]
t ,h

[l]
t−1]) (3.5)

r
[l+1]
t = h

[l]
t + r

[l]
t (3.6)

h
[l+1]
t = Fl+1(W

[l+1][r
[l+1]
t ,h

[l+1]
t−1 ]) (3.7)

where Fl represents the GRU cell function (Eq. 3.1-3.4) with corresponding weight matrix W[l] and it

generates the current hidden vector h[l]
t (Eq. 3.5) as a function of two inputs, i.e., r[l]t : the current residual

input and h
[l]
t−1: the previous time step hidden vector. Next, using the skip connection, the input r[l]t vector

is element wise added to the current hidden state h
[l]
t to obtain the output residual vector r[l+1]

t (Eq. 3.6).

This r
[l+1]
t vector is fed as a input to the next layer’s (l + 1) residual GRU cell. Each residual layer’s hidden
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vectors and residual outputs are generated in an iterative manner following the Eq. 3.7. Following this

formulation, the deep residual RNN model can be designed by stacking multiple such GRUs with residual

connection blocks one after the other, with the output of the previous block forming the next’s input (see

Figure 3.2 (b)). The output of the last layer’s residual GRU block can be computed as:

r
[L]
t = h

[L−1]
t + r

[L−1]
t (3.8)

The output residual vectors from the last residual GRU layer (L) are next fed to the attention module.

3.1.2 Attention Module

To detect CHF patients, in practice, cardiologists focus on the diagnostically informative ECG characteristics

and examine their variations relative to the HC subjects [79]. In the previous chapter, the attention networks

have shown promising results for MI severity staging by emphasizing the salient discriminative features of

the 12-lead ECG during the classification process. Therefore, in this study also, we have employed a self-

attention module on top of the deep residual RNN architecture (see Figure 3.1) to improve discriminative

feature learning and model transparency analysis. This module generates the weights of importance for

each residual representation vectors (r[L]t ) based on their clinical relevance in the diagnosis and fuse them

to form a beat attentive representation (BAR) vector ab ∈ Rdh . For this, first, each residual representation

r
[L]
t is non-linearly transformed into a latent-space using a fully connected (FC) layer as:

ut = tanh(Wattr
[L]
t + batt) (3.9)

where Watt ∈ Rda×dh is weight matrix and batt ∈ Rda is bias vector of the FC layer with latent size da,

which maps r
[L]
t to a latent representation ut ∈ Rda . Subsequently, the Softmax activation is applied to the

ut, which generates the weight of importance for each r
[L]
t computed as:

αt =
exp(uT

aut + ba)∑T
t=1 exp(u

T
aut + ba)

(3.10)

where ua ∈ Rda and ba ∈ R1 are the trainable parameters of the network. The dot-product similarity

between ut and ua generates attention weight αt, t ∈ {1, 2, ..., T} at each time-step. The Softmax function

ensures that all the computed weights sum to 1, and this weight of importance values will be relatively

high for the residual vectors, which are more diagnostically relevant for classification than others. Finally, a

weighted sum of all the temporal residual vectors is calculated to form a high-level BAR vector given as:

ab =
T∑
t=1

αtr
[L]
t (3.11)
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3.1 Attention based Deep Residual RNN Approach for CHF diagnosis

where ab ∈ Rdh denotes the BAR vector obtained by emphasizing the diagnostically discriminative residual

vectors of the ECG sequence to improve CHF diagnosis (see Figure 3.1).

3.1.3 Classification Module

In the classification stage, the ab vector is fed to the FC+Softmax output layer to obtain the probability

distribution of outputs that the input ECG heartbeat (x) belongs to each class computed as:

p(c|x) = Softmax(Woab + bo) (3.12)

where p(c|x) is the probability of input x belongs to class c, c ∈ {1, 2, ..., C} with C denote number of

classes under study, i.e., two (CHF and HC), and Wo ∈ RC×dh , bo ∈ RC are weight matrix and bias vector

of the output layer, respectively. The final predicted output class label for the input beat x is obtained as:

class(x) = argmax
c=1,2,...,C

p(c|x) (3.13)

3.1.4 Training Model Parameters

In the training phase, all the model parameters including the GRU layer, the residual GRU layers, the

attention module and the output layer are trained using backpropagation by minimizing the binary cross-

entropy loss (L) between the conditional probability output and the true labels for a mini-batch training

samples (xn, yn), n ∈ {1, 2, ..., N} given as:

L = − 1

N

N∑
n=1

(
ynlog(p(c|xn)) + (1− yn)log(1− p(c|xn))

)
(3.14)

where yn denote the true label of the nth training sample xn and N denote the mini-batch size.

3.1.5 Analysis of Deep Residual RNNs Backpropagation Properties

In general, RNNs are deep in temporal order because of their recurrent transition from one hidden state

to another. With the depth in time, the proposed deep residual RNN model is also deep along the layer

structure. However, to emphasize the effectiveness of residual connections in the gradient analysis, we

mainly focus on the gradient backpropagation along the depth of layers. Through recursively updating Eq.
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3.6, we can formulate forward information flow between any shallower layer l and deeper layer L as follows:

r
[L]
t = r

[L−1]
t + FL−1(W

[L−1][r
[L−1]
t ,h

[L−1]
t−1 ]) (3.15)

= r
[L−2]
t + FL−2(W

[L−2][r
[L−2]
t ,h

[L−2]
t−1 ]) + FL−1(W

[L−1][r
[L−1]
t ,h

[L−1]
t−1 ]) (3.16)

= r
[l]
t +

L−1∑
i=l

Fi(W
[i][r

[i]
t ,h

[i]
t−1]) (3.17)

where Eq. 3.17 indicates that the output feature vector rLt of any deeper layer L can be represented

as the feature vector r[l]t of any shallower layer l plus a residual function in the form
∑L−1

i=l Fi, indicating

that the deep network architecture is in a residual fashion between any layers L and l. Eq. 3.17 has

nice backpropagation properties. As the model’s loss function is L (Eq. 3.14), by the chain rule of

backpropagation, the gradients at any shallower layer l can be computed as:

∂L
∂r

[l]
t

=
∂L
∂r

[L]
t

∂r
[L]
t

∂r
[l]
t

(3.18)

=
∂L
∂r

[L]
t

[
∂

∂r
[l]
t

[
r
[l]
t +

L−1∑
i=l

Fi(W
[i][r

[i]
t ,h

[i]
t−1])

]]
(3.19)

=
∂L
∂r

[L]
t

[
1 +

∂

∂r
[l]
t

[ L−1∑
i=l

Fi(W
[i][r

[i]
t ,h

[i]
t−1])

]]
(3.20)

=
∂L
∂r

[L]
t

+
∂L
∂r

[L]
t

[
∂

∂r
[l]
t

[ L−1∑
i=l

Fi(W
[i][r

[i]
t ,h

[i]
t−1])

]]
(3.21)

where Eq. 3. 21 shows that the gradient ∂L
∂r

[l]
t

can be decomposed into two additive terms, i.e., a term of ∂L
∂r

[L]
t

that backpropagate gradients information directly without concerning any weight layers, and another term of

∂L
∂r

[L]
t

( ∂

∂r
[l]
t

∑L−1
i=l Fi) that propagates through the weight layers. The first term of ∂L

∂r
[l]
t

ensures that gradients

are directly propagated back to any shallower layer l. Eq. 3.20 demonstrates that it is unlikely for the

gradient ∂L
∂r

[l]
t

to be cancelled out for a mini-batch data because in general ∂

∂r
[l]
t

∑L−1
i=l Fi cannot be always

−1 for all samples in a mini-batch. This implies that the gradient at any shallower layer l does not vanish

even when the intermediate layers weights are arbitrarily small. This impressive backpropagation property

of the residual connections allows us to train deeper architectures that exhibits better representation ability.

3.2 Experimental Results and Discussion

This section presents the experimental setup and the experimental results of the proposed A-DRRNet

method. This section also presents the analysis of the proposed A-DRRNet model, followed by the

performance comparison with the existing methods.
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3.2.1 Experimental Setup

3.2.1.1 Clinical ECG Database

The CHF’s severity can be categorized into four levels (I-IV), and existing approaches focus only on

identifying severe CHF patients (III and IV) from HCs. In this study, three ECG datasets [148], namely

the Beth Israel Deaconess Medical Centre Congestive Heart Failure Database (BIDMC-CHF), the PTB

Diagnostic Database (PTBDB), and the MIT-BIH Normal Sinus Rhythm Database (NSRDB), are used for

the analysis. As shown in Table 3.1, a total of 73 subjects (CHF: 35; HC:38) ECG recordings are extracted

and used for the model evaluation. Specifically, the CHF data in the current study consists of 35 patients

with severity levels ranging from I to IV. Achieving reliable classification results on the diverse ECG datasets

is challenging considering the more patients and varying severity levels. The long-term ECG recordings

of the datasets are acquired using ambulatory ECG recorders. These recorders provide practical and

real-world ECG signals. Also, the datasets are acquired from subjects having different gender (40 male

and 33 female subjects) and age ranges (20-80 years). In all databases, we choose ECG lead-I for data

extraction and consider ECG beat-level diagnosis. Table 3.1 summarizes the details of the extracted data.

Table 3.1: Details of ECG signals extracted from various publicly available databases.

Database Sampling rate Duration Class NYHA-level #Subjects #Males (age) #Females (age) #Extracted beats
BIDMC-CHF 250 Hz ∼20 h

CHF
III-IV 15 11 (22-71 years) 4 (54-63 years)

202,330
PTBDB 1000 Hz 30s - 2 min I-III 20 11 (39-82 years) 9 (32-80 years)

MIT-BIH NSRDB 128 Hz ∼24 h
HC

N/A 18 5 (26-45 years) 13 (20-50 years)
217,348

PTBDB 1000 Hz 30s - 2 min N/A 20 13 (25-39 years) 7 (28-41 years)

#: Number of; N/A: Not applicable.

3.2.1.2 Data Preprocessing

To remove the baseline artifact from the ECG signals, we have employed a second-order Butterworth low

pass filter with a cut-off frequency of 0.5 Hz. Implementation of this noise removal technique consists of two

steps; first, the incoming original noisy ECG signal is passed through the LPF filter, which filters out the BW

noise; later, the filtered BW noise is subtracted from the original noisy ECG to obtain the noise-free signal.

Beat extraction: To reduce the computational burden, all the ECG signals are down-sampled to 128 Hz.

ECG recordings from the databases contain beat annotation files, which were used to extract individual

beats. We chose a 235 ms window before the R-peak and a window of 390 ms after the R-peak to extract

the heartbeats [49]. Normalization: The ECG recordings amplitudes vary among different subjects and

databases. However, neural networks tend to converge faster and produce better generalization results

when all the inputs have similar distributions. Therefore, each ECG beat is z-score normalized to obtain
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zero mean and unit variance. As the BIDMC and NSRDB contain long-term ECG recordings (minimum

20h), the number of heartbeats extracted from each subject was close to 70,000. The temporally close

beats contain similar patterns, so we randomly selected a single heartbeat every 8 s of the recording. The

details of the number of beats used in the study are shown in Table 3.1.

3.2.1.3 Evaluation Strategies

We employed two diagnosis strategies: i) beat-level and ii) 5 min ECG excerpts-level. The proposed

approach performs beat-level detection and is extended to excerpts-level classification through the ”majority

voting technique” [49]. Specifically, let N1 and N2 be the number of beats classified as HC and CHF within

5min of the ECG excerpt, respectively. The final diagnosis decision for the given 5 min is calculated as

max(N1, N2). We use the standard binary classification evaluation measures [80], including Se, Sp, Acc,

and AUC, to evaluate the performance of the proposed method.

3.2.1.4 Data Splitting Procedure

The extracted dataset is randomly divided into three subsets, i.e., training, validation and testing, in the

proportion of about 50%, 25% and 25% of the total data, respectively. As the ECG beats of an individual

subject show similarity, we have employed a patient-independent scheme that ensures no overlap of the

same subject’s ECG heartbeats while dividing three subsets. To alleviate over-fitting and maintain balance

bias and variance for the model, we repeated the random data dividing process for 10 runs. The proposed

model trained and evaluated for each run and the mean-variance of the results across the 10 runs are

reported as the model’s final performance.

3.2.1.5 Hyper-Parameter Selection

To achieve better generalization results for DL-based networks, the proper selection of hyper-parameters

is crucial. The proposed architecture has three important hyper-parameters, i.e., the number of residual

GRU layers (L), the GRU encoding size (dh) and the latent-space dimension (da). These parameters

are optimized by using a grid search procedure. For this, we varied L in the range 1 to 6, dh values in

the range 4 to 64 and da values in the range 4 to 128. As can be seen from Figure 3.3 (a) and (b), for

L = 4, dh = 8 and da = 16, the proposed method achieves consistently good results with minimum number

of trainable parameters. We experimentally found that the first GRU layer without residual connections

provides better results by capturing low-level representations (see Figure 3.1). This also helps to avoid

additional parameters to match dimensions for addition in residual blocks.
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Figure 3.3: Proposed A-DRRNet architecture optimization.

The complete network is implemented in Keras using the TensorFlow backend. The loss function is

calculated using Eq. 3.14, and the model is trained using backpropagation through time. We employed

Adam optimizer as the optimization method with a learning rate of 10−3 (set experimentally). The batch

size is set to 32, and the model is trained for 5 epochs. An early stopping criterion using the validation

dataset is employed to stop training when the AUC does not improve over 20 iterations. A drop-out layer

with a drop-rate of 0.25 is applied to the output layer to reduce over-fitting.

Table 3.2: Beat-level mean confusion matrix for the test data (10 runs).

True CHF True HC Average Error (%)

Classified as CHF 68278 1173 -

Classified as HC 624 58965 -

Class-wise error ∼1% ∼2% ∼1.50%

Table 3.3: Performance in terms of mean±standard deviation of the metrics on the test data (10 runs).

Diagnosis Se(%) Sp(%) Acc(%) AUC

Beat-level 99.01 ± 0.58 97.89 ± 1.54 98.57 ± 0.99 0.98 ± 0.01

5min excerpt-level 99.82 ± 0.01 98.90 ± 1.05 99.37 ± 0.04 0.99 ± 0.007

3.2.2 Experimental Results

Table 3.2 and 3.3 show the mean confusion matrix and the average beat-level performance of the proposed

method on the test data over ten runs. It can be seen from Table 3.2 that for the beat-level diagnosis, the

proposed method achieves an impressive Se of 99.01%, Sp of 97.89%, Acc of 98.57% and AUC of 0.98. It

can be seen from Table 3.3 that the number of false positives (FP) is around only 2% of the mean number of

HC heartbeats, while the false negatives (FN) are around only 1% of the mean number of CHF heartbeats.
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3. Congestive Heart Failure Diagnosis from Single-Lead ECG using Attention-based Deep Residual RNN

A closer look at the misclassified beats in one of the random runs reveals that most of the misclassified

CHF beats are from the patient id:chf08. Similarly, the majority of the misclassified HC beats are from

the subject id:16795. It should be noted that these recordings contain long-term (∼20 h) ECG signals,

and the misclassified beats represent only 1%-3% of the total heartbeats. Therefore, such beat-level

misclassification can be remedied using a majority voting scheme for the record-level diagnosis as more

than 90% beats are correctly classified in these records. To adapt the proposed beat-level diagnosis

method for the continuous patient monitoring in hospital-care or home-healthcare applications, we have

employed a majority voting-based diagnosis for heartbeats within 5 min excerpts. As discussed earlier,

the class associated with the 5 min ECG excerpt is the majority class of the individual heartbeats in that

excerpt. Table 3.3 shows the average classification results for the 5 min excerpts using the majority voting

scheme. As can be seen, all the measures are further improved over an individual beat-level diagnosis,

suggesting an accurate model for screening CHF patients.
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Figure 3.4: Examination of classification results for one of the random runs test data. (a) Presents majority
voting-based 5min excerpt-level classification results for the long-duration ECG recordings. (b) Presents beat-level
classification results for the PTBDB (time-scale increased for better viewing).

Figure 3.4 presents the visual representation of record-level diagnosis mapping for the test data of one

of the random runs. Here teal and magenta color coding represent the classified results as HCs and CHF

obtained by majority voting over 5 min segments for the long-term ECG recordings (x-axis of Figure 3.4

(a)) of different subjects (y-axis of Figure 3.4 (a)), respectively. As the PTBD database ECG recordings

vary between the 30 s - 2 min, we have shown only beat-wise detection results (Figure 3.4 (b)). As can

be seen, most of the ECG records from the test data are correctly classified. Specifically, all the 5 min

segments of the CHF patients from the BIDMC database are accurately classified (Figure 3.4 (a)). Also,

all the HC beats from the PTBD database were correctly classified (Figure 3.4 (b)). However, HCs from

MIT-NSRDB and CHF patients from PTBDB have few misclassified segments/beats. We have plotted
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Figure 3.5: Typical examples of the misclassified ECG beats/segments for the test dataset. (a)-(f) Show the ECG
segments from subjects IDs 16272, 16795, and 19093 misclassified as CHF. (g)-(h) Show the ECG segments from
subjects IDs s0342lrem and s0549-rem misclassified as HCs.

these misclassified ECG segments in Figure 3.5 by highlighting the annotation label and prediction label

for a better understanding of the decisions made by the proposed method. As observed, misclassified

segments from HC subject id:16272 are severely affected by poor electrode connection noise (Figure 3.5

(a) and (b)) and do not represent HCs ECG morphologies. Also, the misclassified segments from HC

subjects id:16795 (Figure 3.5 (c) and (d)) and id:19093 (Figure 3.5 (e) and (f)) contains ST-segment and

T-wave abnormalities along with slight movement artifacts. The misclassified segments from CHF patients

id:s0342lrem (Figure 3.5 (g)) and id:s0549-rem (Figure 3.5 (f)) contains ECG features similar to the HCs.

Therefore, apart from a few misclassified ECG segments containing either artifacts (id:16272 and id:16795)

or erroneous annotations (id:16795, id:19093, and id:s0549-rem), the results from Figure 3.4 and Table

3.3 indicate that the proposed beat-level diagnosis achieves nearly accurate results for the CHF analysis.

These results also demonstrate the effectiveness of the proposed method for adapting to the continuous

patient monitoring applications using long-term ECG recordings.

3.2.3 Effectiveness of the Proposed A-DRRNet Method

In this section, we analyze the effectiveness of each component of the proposed method on the overall

performance. For this, we perform an ablation study by evaluating some variants of the proposed method.

This section also presents the diagnostic transparency of the proposed approach through the visualization

of the learned attention weights corresponding to the ECG features during the diagnosis process.
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3. Congestive Heart Failure Diagnosis from Single-Lead ECG using Attention-based Deep Residual RNN

3.2.3.1 Significance of the Deep Residual RNN Architecture

To examine residual connection’s effectiveness, we designed a deep RNN (DRNN) architecture without

residual connections named plane DRNN and with residual connections named deep residual RNN. The

plane DRNN contains a stack of five GRU layers, whereas the deep residual RNN contains one GRU layer

followed by four residual GRU layers (see Figure 3.1). Table 3.4 compares the plane and residual DRNN

models. As can be seen, the DRNN model with residual connections performs better than the plane DRNN

with a minimum improvement of nearly 5% in Se, 7% in Sp, 6% in Acc, and 6% in AUC. This increase in

performance is because the residual connections improve the ease of training and representation ability

of the deep RNN architecture by maintaining proper gradients at the initial layers. These results verify

the mathematical derivations of the deep residual RNNs backpropagation properties discussed before.

It is worth noting that compared to plane DRNN, deep residual RNN adds neither extra parameters nor

computational complexity (other than simple additions) and still aids in better classification performance.

Table 3.4: Performance comparison in terms of the mean±standard deviation of the metrics for the plane DRNN and
the deep residual RNN models (10 runs).

Method Se(%) Sp(%) Acc(%) AUC

Plane DRNN 87.74 ± 9.89 86.87 ± 15.20 87.42 ± 11.04 0.87 ± 0.11

Deep residual RNN 93.18 ± 7.10 94.05 ± 5.61 93.81 ± 3.84 0.93 ± 0.04

Table 3.5: Performance comparison in terms of the mean±standard deviation of the metrics for the deep residual
RNN without and with attention module (10 runs).

Method Se(%) Sp(%) Acc(%) AUC

Proposed method without attention 93.18 ± 6.10 94.05 ± 5.61 93.81 ± 3.84 0.93 ± 0.04

Proposed A-DRRNet model 99.01 ± 0.58 97.89 ± 1.54 98.57 ± 0.99 0.98 ± 0.01

3.2.3.2 Significance of the Attention Module

To evaluate the effectiveness of incorporating the attention module, we perform additional experiments by

removing the attention module from the proposed A-DRRNet model. Table 3.5 compares the proposed

method without and with the attention module. As can be seen that the proposed A-DRRNet model with

attention outperforms the model without attention with a minimum improvement of nearly 6% in Se, 4%

in Sp, 5% in Acc, and 5% in AUC. Moreover, the proposed A-DRRNet shows less standard deviation

(SD) in measures across the ten runs, thereby providing better generalization results. This improved

performance demonstrates that the attention module aid in further mining discriminative features by

attending to diagnostically prominent ECG features during the classification process.
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In summary, from plane DRNN to the proposed method, there is a significant improvement of nearly

11% across all the measures (Tables 3.4 and 3.5). Therefore, the residual connections and the attention

module individually improve the proposed method’s classification performance.

3.2.3.3 Analysis of Diagnostic Transparency of the Method using the Learned Attention Weights

This section demonstrates the diagnostic transparency of the proposed method by visualizing the learned

attention weights. Figure 3.6 (a) shows the mean heartbeat signals corresponding to the CHF and HCs

classes with their error bands on the test data. As can be seen, the CHF class heartbeats have more

variability in the ECG features over HCs. Figure 3.6 (a) also shows the attention weights heat-maps. The

heat-maps highlight the prominent ECG features that contribute the most to identifying a particular class.

As discussed previously, the pathological ECG patterns, including prolonged QRS- and QT-duration, low

amplitude QRS-complexes, ST-segment elevation/depression, and deep S-waves, are often associated

with CHF patients. Interestingly, the attention weights of the proposed method (see Figure 3.6 (a)) for

the CHF and HCs demonstrate that the ECG region, i.e., the RS- and ST-segments, which includes the

aforementioned critical ECG patterns, is consistently focused during the diagnosis process. To corroborate

the above discussion, Figure 3.7 presents the attention weights superimposed on the typical ECG beats of

CHF and HCs. As observed, the method strongly focuses on diagnostically prominent ECG features, i.e.,

the RS-and ST-segments, which are critical for the correct detection. This visualization of attention heat-

maps reveals the transparent diagnostic basis of the method, and it can help researchers and healthcare

providers understand how the diagnosis decisions are reached. Specifically, for the continuous patient

monitoring in remote-care or hospital-care applications using long-term (24 h) ECG signals, the attention

heat-maps can help clinicians quickly examine the abnormal ECG patterns focused by the model than

inspecting complete ECG recording.

3.2.4 Performance Comparison with the Existing Methods

To verify the effectiveness of the proposed method, we compare it with the following existing methods.

• HRV features based ML method: The proposed ECG-based diagnosis method is compared with the

popularly used HRV features-based ML method. Most existing CHF detection methods employed the

time- and frequency-domain HRV-based features computed from the RR-intervals to characterize

the ANS disorder in the CHF patients. The popular time-domain indices include the SDNN, the

RMSSD, and the pNN50. The frequency-domain indices include the LF, the HF, and the LF/HF. These

HRV indices are computed from the different numbers of RR-intervals, i.e., the segments of 500
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3. Congestive Heart Failure Diagnosis from Single-Lead ECG using Attention-based Deep Residual RNN

Figure 3.6: Comparison of model transparency results for (a) the proposed A-DRRNet method and (b) the Grad-
CAM-based method [49]. In both (a) and (b), the mean CHF and HC heartbeats and their error bands are computed
from the same test data.

RR-intervals (nearly equal to 5 min with 100 beats per minute), the segments of 100 RR-intervals, and

the segments of 10 RR-intervals. The extracted features are provided to the RF classifier (number of

estimators = 8) for obtaining the class predictions.

• State-of-the-art DL-based CHF diagnosis methods using ECG heartbeat input: Recent state-of-the-

art DL-based CHF diagnosis methods, including the deep CNN (DCNN) developed by Acharya et

al. [88], the CNN-Grad developed by Porumb et al. [49], and the CNN-RNN developed by Li et al. [89]

are used for comparison. The DCNN [88] and CNN-Grad approaches use a stack of CNN layers

to learn discriminative features from the raw ECG beats for the CHF diagnosis. Specifically, the

CNN-Grad [49] also employed the Grad-CAM technique to demonstrate the model interpretability with

the diagnosis. The CNN-RNN [89] utilizes CNNs for feature extraction, followed by RNNs for feature

summarization to generate the diagnosis. These approaches were originally proposed to diagnose

severe CHF patients (NYHA III and IV) and are adapted for the current dataset consisting of all

stages of CHF patients (NYHA I-IV). For a fair comparison, we maintained the same data processing,

splitting, and training iterations as the proposed method for the existing methods.

Table 3.6 compares the classification results for the proposed and existing methods. As can be seen, the

feature-based method, i.e., the HRV+RF, provides reasonably good results with the long-term segments of

500 RR-intervals as input. However, the method’s performance significantly degrades with the smaller RR-
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Figure 3.7: Proposed method’s diagnostic transparency results for typical CHF and HC heartbeat profiles.

Table 3.6: Performance comparison of the proposed and the existing methods on the current database (10 runs).

Method Input Features Classifier Se(%) Sp(%) Acc(%) AUC

HRV+RF RR-intervals (500) HRV features Random forest 96.58 ± 3.11 99.44 ± 0.29 97.78 ± 1.24 0.98 ± 0.01

HRV+RF RR-intervals (100) HRV features Random forest 91.31 ± 7.23 96.24 ± 2.24 93.12 ± 4.41 0.93 ± 0.02

HRV+RF RR-intervals (10) HRV features Random forest 88.64 ± 7.36 95.18 ± 4.14 91.65 ± 7.18 0.91 ± 0.04

DCNN [88] ECG beat End-to-end CNN Softmax 88.01 ± 9.76 96.99 ± 3.23 92.10 ± 5.41 0.92 ± 0.04

CNN-Grad [49] ECG beat End-to-end CNN Softmax 95.96 ± 4.49 92.10 ± 7.02 93.94 ± 2.51 0.93 ± 0.02

CNN-RNN [89] ECG beat End-to-end CNN+RNN Softmax 92.48 ± 6.31 97.67 ± 2.49 94.81 ± 3.17 0.95 ± 0.02

Proposed ECG beat End-to-end A-DRRNet Softmax 99.01 ± 0.58 97.89 ± 1.54 98.57 ± 0.99 0.98 ± 0.01

intervals segments, limiting its applicability in mobile medical ECG devices. The end-to-end DL methods,

i.e., the DCNN [88] and the CNN-Grad [49], fail to recognize the underlying temporal dynamics of diverse

pathological ECG characteristics and tend to show poor classification results. Thus, the CNN-based models

with local convolution filters are not optimal for representing complex ECG features concerning diverse CHF

patients. The hybrid CNN-RNN [89] network shows a slight improvement in the Acc; however, the Se for

CHF detection is only 92.48%. The existing methods show high SD in the measures, thereby demonstrating

the poor generalization results as these methods fail to learn the discriminative features across various

subjects. However, the proposed method outperforms existing methods by achieving an improved Se, Sp,

Acc, and AUC of 99.01%, 97.89%, 98.57% and 0.98, respectively. The improved classification performance

demonstrates the effectiveness of the proposed A-DRRNet for capturing temporal dynamics and extracting

high-level attentive representations by focusing on clinically relevant ECG information. Moreover, the

proposed method shows less SD in measures, rendering better generalization for the unseen patients. It is

worth emphasizing that the HRV-based methods require long-duration RR-interval segments to achieve

good performance. However, the proposed ECG waveform-based method generates improved results even
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with the heartbeat input by exploiting morphological ECG information.
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Figure 3.8: Comparison of number of trainable parameters and average test run-time of the proposed and existing
DL methods.

Figure 3.8 compares the number of trainable parameters and the average test run-time of the proposed

and existing DL-based methods. An i5 processor system with 16GB RAM and Quadro K600 graphics

processor is used to perform the experiments. As observed, compared to the existing methods, the

proposed method requires fewer training parameters, which alleviates the risk of over-fitting and helps

improve classification performance. Although we designed the proposed model in a lightweight manner

(fewer parameters), the sequential computation in the RNN layers slightly increases the run-time over the

CNN-based methods. However, the test run-time of 0.3 ms to provide the classification decision is not

significantly high to delay diagnosis. The proposed lightweight method with fewer training parameters,

acceptable test-run time, and impressive classification results makes it suitable for mobile medical and

remote healthcare systems using portable ECG devices.

Importantly Figure 3.6 compares the model transparency results for the proposed and the Grad-CAM-

based method [49] for CHF detection. As can be seen from the average heat-maps of the Grad-CAM

method (Figure 3.6 (b)), the highlighted ECG features that are class discriminative are inconsistent across

the HCs and CHF classes, thus failing to incorporate the clinician’s aspects of CHF diagnosis. Specifically,

the highlighted features lack correlation with the ECG features that characterize the CHF, which results

in a sub-optimal classification Acc of 93.94% (Table 3.6). However, the proposed method consistently

focuses on the diagnostically prominent ECG region (see Figure 3.6 (a)), i.e., RS- and ST-segments,

which are crucial to capture prolonged and low-amplitude QRS-complex, deep S-wave, J-point and ST-

elevation/depression that characterize the CHF patients. The significant difference in both methods’ results

can be attributed to the fact that, unlike the Grad-CAM method, the proposed method enables the network

to automatically focus on the diagnostically relevant ECG features in the training phase through the attention
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module. The promising model transparency results can advance the research towards interpretable models

for CHF detection and improve the applicability of DL methods in the healthcare domain.

3.3 Summary

The preliminary screening of CHF patients using ECG signals helps identify suspected individuals who can

benefit from further examination with an advanced echocardiogram (ECHO) for appropriate management.

To this end, in this chapter, an attention-based deep residual RNN is presented for the automated diagnosis

of CHF from the ECG signals. The method systematically processes the input ECG with the deep

residual RNNs followed by an attention module to capture the temporal dynamics and extract high-level

attentive representations effectively for the improved diagnosis. The experimental results verify that the

proposed method outperforms the existing methods. A notable advantage of the method is the diagnostic

transparency provided by the attention weights. The visualization of attention heat-maps demonstrates that

the proposed method automatically identifies the diagnostically prominent ECG features and provides them

more weight during the diagnosis prediction. This model transparency is a crucial contribution to the clinical

context that can improve medical experts’ trust in deploying DL frameworks in healthcare applications.

In summary, the proposed method meets three crucial aspects of the DL-based automated diagnosis

system, i.e., high diagnostic accuracy, lightweight, and diagnostic transparency; thus, it is suitable for mass

screening of CHF patients in clinics and hospitals using mobile and portable ECG devices.
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4. Atrial Fibrillation Burden Estimation from Long-Term Single-Lead ECG using Multi-Task Deep CNN

Atrial fibrillation (AF) is the most common heart rhythm disorder that can progressively worsen over

time [30]. AF can be intermittent and asymptomatic; as a result, it often remains undiagnosed until it

causes a life-threatening condition, such as stroke and systematic thromboembolism [31,154]. Notably,

because of the intermittent or paroxysmal nature of the AF condition, it is highly likely to be undetected

with the conventional snapshot 30 s ECG evaluation performed during routine hospital visits [31]. It is thus

a disorder that would benefit from long-term continuous monitoring with Holter ECG devices. Long-term

ECG monitoring can help improve the AF diagnosis (presence or absence) and facilitate quantifying AF

condition as a spectrum of atrial disease severity known as “AF burden”. The AF burden is defined as the

percentage of time an individual is in AF rhythm during a long enough monitoring period [136]. A greater

AF burden is a sign of severe atrial myopathy and is associated with an increased risk for stroke and

reduced health-related QoL [136]. Recent studies [134–136,155] demonstrate that AF burden measure can

provide improved stroke risk-stratification and may help guide appropriate personalized stroke prevention

strategies. With the recent developments in wearable cardiac health monitoring devices such as Zio Patch,

CardioSTAT, and Nuvant, it has become simple yet effective to collect long-term continuous ambulatory

ECG recordings [32]. The accurate estimation of AF burden from these recordings prompts an improved

diagnosis, phenotyping, and management of AF in the context of remote health monitoring applications.

Existing ML-based [91–98, 100–112] and DL-based [90, 113–118] methods focus on detecting the

presence or absence of AF using snapshot ECG and do not quantify the disease condition through AF

burden measure using long-term ECG recordings. Recently, Chocron et al. [156] have developed a hybrid

model combing CNNs, and recurrent neural networks (RNNs) named ArNet for AF burden estimation

from the long-term recordings using RR-interval series data. However, this rhythm-based approach has

the following limitations for precise AF burden estimation. (i) AF is not the only arrhythmia characterized

by irregular RR-intervals. For example, frequent ectopic beats, i.e., premature atrial and ventricular

contractions (PACs/PVCs) will also have irregular beat patterns typical of AF and are known to increase

false AF detection rates, thereby increasing error in AF burden estimation [90]. (ii) The ECG signals

acquired during ambulatory monitoring are prone to different noises, which degrade the R-peak detection

performance and typically lead to inaccurate AF burden estimation.

To address these issues, in this chapter, we propose a novel multi-task deep convolutional neural

network (MT-DCNN) approach that aims at accurate and robust AF diagnosis and its burden estimation from

the ECG segments of long-term ambulatory recordings. In general, the supervised end-to-end learning

approaches [90,116–118] exploit the ECG data and their corresponding labels (AF or non-AF) to learn

feature representations that improve classification performance. On the other hand, unsupervised (ECG
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4.1 Clinical ECG Database and Preprocessing

data without class labels) frameworks such as convolutional denoising autoencoders (CDAE) composed of

encoder and decoder structures have shown their effectiveness in reconstructing the denoised output ECG

sequence from the noisy input ECG. The encoder part of CDAE learns a compact and robust representation

of ECG sequence that can be used for many downstream classification tasks [157]. Therefore, because

the long-term ECG recordings are prone to different noise levels and intra- and inter-patient variabilities, a

multi-task model combining the ECG classification task and the ECG sequence reconstruction task may

take advantage of each approach to lean robust feature representations for improving AF diagnosis and

its burden estimation performance. Inspired by this idea, in this chapter, we present an MT-DCNN model

consisting of AF detection as a primary task and reconstruction of ECG sequence as an auxiliary task using

DCNNs. The auxiliary task regularizes the model to learn robust feature representations for efficient AF

detection, thereby aiding accurate AF burden estimation. We demonstrate that the analysis of AF burden

from long-term recordings enables improved diagnosis and characterization of AF condition.

The rest of the chapter is organized as follows. Section 4.1 and 4.2 present the details of the clinical

ECG database and the proposed MT-DCNN model for AF diagnosis and its burden estimation, respectively.

Section 4.3 presents the comprehensive and rigorous benchmark of the proposed MT-DCNN model against

baseline AF detectors on four diverse PhysioNet datasets. The discussion of the proposed approach is

presented in section 4.4, followed by the summary of the chapter in section 4.5.

4.1 Clinical ECG Database and Preprocessing

Four PhysioNet long-term ECG databases [148], namely the Long-Term Arial Fibrillation Database

(LTAFDB), the MIT-BIH Atrial Fibrillation Database (AFDB), the MIT-BIH Normal Sinus Rhythm Database

(NSRDB), and the MIT-BIH Long-Term Normal Sinus Rhythm Database (LTNSRDB), totaling n=134 patients

and t=2,661 h of long-term ambulatory ECG data is used for experimentation. The details are as follows.

4.1.1 Long-Term Atrial Fibrillation Database

This database [148] consists of ambulatory ECG recordings of n=84 subjects suffering from paroxysmal AF.

Each ECG record sampled at 128 Hz, with 12-bit resolution over a 20 mV range for about 22.7±2.4 h long.

The overall database totals t=1,900 h, including 874 h spent in AF and 1,026 h in non-AF rhythms. The

database is composed of various rhythm annotations, including normal rhythm (N), atrial fibrillation (AF),

ventricular bigeminy (B), supraventricular tachyarrhythmia (SVTA), ventricular trigeminy (T), idioventricular

rhythm (IVR), sinus bradycardia (SBR) and atrial bigeminy (AB). In the present analysis, we used AF

rhythm type as “AF” class and all other rhythm types as “non-AF” class.
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4.1.2 MIT-BIH Atrial Fibrillation Database

This database [148] consists of n=25 long-term, 10 h ambulatory ECG recordings from the patients with

paroxysmal AF, totaling t=229 h of data, with 92 h spent in AF and 137 h in non-AF rhythms. Each ECG

record sampled at 250 Hz, with 12-bit resolution, over a range of ±10 mV. The database is composed of

various rhythm annotations including atrial fibrillation (AF), atrial flutter (AFL), junctional rhythm (J), and

other rhythms. In the present analysis, we used AF rhythm type as “AF” class and all other rhythm types as

“non-AF” class. Two individuals are excluded from the study as they do not have ECG data.

4.1.3 MIT-BIH Normal Sinus Rhythm Database

This database [148] consists of n=18 long-term, 21.2±1.2 h long, two-channel ECG recordings, totaling

t=384 h of data sampled at 128 Hz.

4.1.4 MIT-BIH Long-Term ECG Database

This database [148] consists of n=7 long-term, 21.1±3.4 h long, two-channel ECG recordings, totaling

t=148 h of data sampled at 128 Hz.

Subjects of both NSRDB and LTNSRDB datasets had no serious arrhythmias apart from the presence

of few ectopic beats. Thus, all the recordings from these databases are labeled as “non-AF” rhythm type.

From all the databases, first channel ECG recordings are extracted and used for the analysis. ECG signals

from the AFDB database are downsampled to 128 Hz to maintain a uniform sampling rate across all

datasets. Current guidelines define the presence of AF as ECG documentation of absolutely irregular

RR-intervals and no discernible, distinct P-waves lasting for at least 30 s [31,32]. A significant factor in

selecting this 30 s duration is that the automated AF diagnosis methods demand a certain number of

RR-intervals to assess variability with sufficient confidence to trigger the diagnosis. In line with clinical

guidelines, the long-term ECG recordings are divided into 30 s excerpts and used for the analysis. Each

excerpt is labeled (AF/non-AF) according to their rhythm annotations. Table 4.1 summarizes the specific

details of four databases in terms of total patients and the number of extracted AF/non-AF segments. Table

4.2 compares the proportion of ectopic (PACs/PVCs related) beats present across different databases. As

can be seen, the LTNSRDB and the LTAFDB datasets contain a significant number of ectopic beats that

may be useful to assess false positive AF detection rates. Recordings of AFDB database did not have any

beat annotation files to assess the ectopic beat frequency.

In the present research, the LTAF database is used as the development dataset since it contains a

relatively large number of AF and non-AF rhythm excerpts (Table 4.1) and thus can be used to determine
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Table 4.1: Details of four PhysioNet long-term ECG datasets used in this study.

Database Total
patients

#Low-risk AF
patients

#High-risk AF
patients

#Non-AF
patients

#AF
segments

#Non-AF
segments

LTAFDB 84 17 67 N/A 126,550 107,768

AFDB 23 5 18 N/A 11,364 16,739

NSRDB 18 N/A N/A 18 N/A 52,488

LTNSRDB 7 N/A N/A 7 N/A 17,694

Total 132 24 83 25 137,914 194,689

#: Number of; N/A: Not applicable.

Table 4.2: Comparison of ectopic beat frequency across the datasets.

Database Number of
patients

Total number
of beats

Number of PAC/PVC
related beats

LTAFDB 84 8,995,658 284,785 (3.17%)

AFDB 23 1,122,453 N/A

NSRDB 18 1,742,340 127 (0.007%)

LTNSRDB 7 761,528 68,608 (9.01%)

N/A: Not available.

stable model parameters. One of the critical aspects to consider while evaluating an automated AF

detection model is its ability to generalize on external or independent test sets (not used in training)

derived from different population samples and recorded with different acquisition devices. Therefore, three

PhysioNet databases, including AFDB, NSRDB and LTNSRDB, are used as the external test datasets to

assess the model generalization performance.
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Figure 4.1: Histogram of AF burden for the low-risk and the high-risk AF individuals. This figure emphasizes the
diversity of AF phenotypes in terms of AF burden measure for paroxysmal atrial fibrillation patients (n=107).

4.1.5 Dataset for AF Risk-Stratification

Recent studies [135, 136] have demonstrated that a maximum daily burden of longer than one hour,

i.e., greater than 4%, carries important negative prognostic implications and may be a clinically relevant
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parameter for stroke risk-stratification in AF patients. Following these research recommendations, we

defined an overall rhythm label for each patient as follows; i) non-AF: total time spent in AF below 30

s, ii) low-risk AF: total time spent in AF above 30 s and AF burden below 4% and iii) high-risk AF: AF

burden above 4%. Table 4.1 shows the number of patients belonging to each of the defined groups across

four databases. Figure 4.1, shows the distribution of AF burden for low-risk and high-risk AF patients. It

emphasizes that the AF is not a binary entity but a spectrum of atrial disease severity characterized by AF

burden. Thus, accurately estimating the AF burden is crucial to individualize a patient’s risk for stroke.

4.1.6 Preprocessing

The raw ECG recordings are first divided into 30 s non-overlapping excerpts, and then each excerpt is

processed to remove baseline wander noise using a second-order Butterworth low-pass filter with a cut-off

frequency of 0.5 Hz. The ECG excerpts of long-term ambulatory recordings are often corrupted with

high-frequency noises such as muscle contraction and electrode motion noises, which severely obscure

the morphological ECG characteristics. In order to discard such clinically not useful excerpts, we employed

an R-peak detection-based signal quality index (bSQI) (see Appendix A). Following the signal quality

guidelines form [8,156], excerpts with bSQI<0.8 are excluded from the current analysis. In addition, to

equalize the signal amplitude across recordings and databases, each ECG excerpt is normalized to the

interval [0,1] using min-max normalization (see Appendix A).

4.2 Multi-Task Deep CNN Approach for AF Diagnosis and AF Burden Esti-
mation

This section presents the proposed multi-task deep convolutional neural network (MT-DCNN) model

that combines the ECG classification and sequence reconstruction tasks into a single framework for the

accurate and robust AF diagnosis and its burden estimation. Specifically, the MT-DCNN incorporates ECG

reconstruction as an auxiliary task to improve the feature extraction pipeline for the primary AF/non-AF

classification task. Instead of learning features for classification only, the MT-DCNN model also tries to

represent morphological features of the ECG through sequence reconstruction. Thus, the auxiliary task

acts as a regularization term for the classification and prevents it from overfitting, thereby learning robust

and generalizable feature representations. The two tasks shared a common network structure in part, and

features are learned using a combined loss. The block diagram of the method is shown in Figure 4.2. As

can be seen, the MT-DCNN model consists of three main modules: the shared encoder, the classifier, and

the decoder. The details of each of the modules are described as follows.
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Figure 4.2: The MT-DCNN architecture illustrates the data flow and the output data shape at each layer. The model
process the ECG segments of long-term ambulatory recordings and classify them as either AF or non-AF rhythms. An
auxiliary task of ECG sequence reconstruction using a convolutional denoising autoencoder structure is incorporated
into the model to improve the feature extraction pipeline. The predicted AF/non-AF decisions are used to estimate
the AF burden measure. This measure is further analyzed to stratify AF individuals at high- and low-risk for stroke.

4.2.1 Shared Encoder Module

In order to learn robust feature representations, the original input ECG is corrupted with Gaussian noise

due to its resemblance with high-frequency noises of ECG and fed to the encoder as an input [157]. The

encoder module consists of six 1D-convolutional layers and five pooling layers to learn compact feature

representations from the high-dimensional input ECG signals (Figure 4.2). All the convolutional layers will

have filters with a fixed size of 1× 7 and all the local max-pooling layers will have a filter size of 1× 2, except

the last pooling layer with filter size 1 × 3. The original input ECG is denoted as x ∈ RT and the noise

corrupted input ECG as x̃ ∈ RT with T represents the length of input sequence. Encoder module process

x̃ and learn a compact encoded representation z ∈ RT ′
with T ′ denotes dimension of the encoded vector.

4.2.2 Classification Module

The encoded vector z is connected to two fully connected (FC) layers; where the last FC layer is with a

Softmax activation to output the probability of AF or non-AF class label for each ECG excerpt.
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4.2.3 Decoder Module

The decoder network is used to reconstruct the original ECG sequence based on the compact encoded

vector z of the encoder module. As shown in Figure 4.2, the decoder module is systematically designed

using five upsampling layers and six 1D-convolutional layers to output the reconstructed ECG sequence

x̂ ∈ RT with the same size T as input ECG x. All the upsampling layers will have a size of 1× 2, except the

first upsampling layer with a size of 1× 3 and all the convolutional layers will have filters with a size of 1× 7.

4.2.4 Multi-Task Learning

The proposed MT-DCNN model with a shared encoder combines the classification task and the ECG

sequence reconstruction task into a single framework (Figure 4.2). In order to learn robust encoded feature

representations, a combined loss function with classification and reconstruction objectives is used to update

the MT-DCNN model parameters. The combined loss function (L) is formulated as follows:

L = LECG
c + λLECG

r , λ ≥ 0 (4.1)

where LECG
c and LECG

r represents the classification loss and the reconstruction loss, respectively. λ is a

constant factor weighing losses and is set to one via experimentation (see Table 4.6). For a model training

for the classification task (AF or non-AF), the objective is to minimize the binary cross-entropy (BCE) loss

computed between the true class label y and the predicted label ŷ for each sample excerpt given as:

LECG
c = −

(
ylog(ŷ) + (1− y)log(1− ŷ)

)
(4.2)

Similarly, for the ECG sequence reconstruction task, the objective is to minimize the mean squared

error (MSE) between the original input ECG (x ∈ RT ) and the reconstructed output ECG (x̂ ∈ RT ) for each

excerpt computed as:

LECG
r =

∥x− x̂∥2

T
(4.3)

where T represents the sequence length. The average combined loss (L) over a set of training samples is

used to update all the trainable parameters of the MT-DCNN model simultaneously. All the convolutional

layers in the encoder and decoder are followed by a batch normalization (BN) layer with a ReLU activation.

However, the last convolutional layer in the decoder will have a Sigmoid activation function for reconstructing

ECG sequence in the range [0,1].
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4.2.5 AF Burden Estimation and Stroke Risk-Stratification

The MT-DCNN model generates AF/non-AF diagnosis for each ECG excerpt of long-term ambulatory

recordings. These diagnosis decisions are used to estimate AF burden (percentage of time in AF rhythm)

for the long-term recordings as [156]:

AF burden =

[∑N
i=1 ti × Ii∑N

i=1 ti

]
× 100 (4.4)

where ti represents the length of ith ECG excerpt in seconds, N is the number of excerpts and Ii is an

identity operator which is equal to one when the excerpt have AF rhythm and zero otherwise. Following the

recent research guidelines [135,136,156], the estimated AF burden is further analyzed to identify patients

who are at substantially high-risk for stroke and relatively low-risk for stroke.

LTAFDB dataset
n=84

w=234,318

Development dataset

Patient level train
and test sets

division 

n=69
w=189,504

n=69
w=181,955
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SQI < 0.8
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(n=2)

with no
ECG data

n=23
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n=23
w=27,437
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(w=3,742)
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Figure 4.3: The ECG data selection process applied to the development dataset (LTAFDB) and the independent
or external validation datasets (AFDB, NSRDB and LTNSRDB). Here, SQI denotes signal quality index; n denotes
patients; and w denotes windows or excerpts.

4.3 Experimental Results

This section presents the details of the data selection, performance measures, and training settings,

followed by the comprehensive and rigorous benchmark of the proposed MT-DCNN model against baseline

AF detectors on four PhysioNet datasets.

4.3.1 Data Selection

From the four PhysioNet databases, we have extracted n=132 long-term recordings composed of t=2,661 h

of ambulatory ECG data. Table 4.1 shows the extracted excerpts for the AF and non-AF rhythms. Table 4.2
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shows the ectopic beat frequency across the four datasets, which helps to assess the effect of frequent

ectopic beats on the AF detector’s performance. Figure 4.3 illustrates the data selection process for the

model development (LTAFDB) and independent validation (AFDB, NSRDB and LTNSRDB) datasets. As

can be seen, excerpts with bSQI less than 0.8 are discarded due to severely poor quality. Specifically, for

the LTAFDB, the quality check resulted in w=223,027 excerpts suitable for the analysis, including 122,034

(54.7%) AF and 100,993 (45.3%) non-AF excerpts. These excerpts are divided into train and test sets

in a patient-independent manner composed of w=181,955 (AF: 93,746, non-AF: 88,209) and w=41,072

(AF: 24,258, non-AF: 16,814) excerpts, respectively (Figure 4.3). Similarly, the quality check resulted in a

total of w=27,437 (AF: 11,105, non-AF: 16,332) excerpts for AFDB, w=45,957 (non-AF) for NSRDB and

w=17,561 (non-AF) for LTNSRDB databases.

4.3.2 Performance Measures

In order to assess the excerpt-level classification performance (AF/non-AF), the following overall measures

are computed: sensitivity (Se), specificity (Sp), positive predictive value (PPV), accuracy (Acc), F1-score

and normalized Matthews correlation coefficient (nMcc) [90]. In addition, to evaluate the accuracy of AF

burden estimation for the long-term recordings, we employ an absolute AF burden estimation error measure

(EAF ) as follows [156]:

EAF =

∑N
i=1 ti × |yi − ŷi|∑N

i=1 ti
× 100 (4.5)

where yi represents the true rhythm label of the ith excerpt (one for AF; zero for non-AF) and ŷi represents

the predicted rhythm label for the same ith excerpt (one for AF; zero for non-AF). For each patient group

(low-risk AF, high-risk AF and non-AF), five statistical measures including minimum, Q1, median, Q3 and

maximum of EAF are also reported.

4.3.3 Network Parameters and Training Settings

The MT-DCNN network is developed in Keras using the TensorFlow backend. An NVIDIA Tesla V100

GPU is used to perform the experiments. The convolution filter size of 1× 7 and the FC layer size of 32

are optimized using a grid-search technique (see Figure 4.2). The FC layers are followed by a dropout

layer with a drop probability of 0.3 to mitigate the risk of overfitting. The model is trained using an Adam

optimizer with a learning rate of 0.001 on mini batches of size 32 for 100 epochs. An early stopping

criterion is employed, which stops the training when the F1-score does not improve over 20 iterations. The

best-performing model is used for the performance evaluation. The learning rate, drop rate, and batch size

are set experimentally for stable and faster training of the MT-DCNN model.
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Table 4.3: Rhythm-based and morphology-based features extracted for training expert-crafted AF detectors.

Category Number Feature Definition

1 CosEn Coefficient of sample entropy [99].

2-5 AFEv, PACEv,
OriginCount,
IrrEv

Measures derived from the Lorenz plot to access RR-interval irregularities [94].

Rhythm 6 minRR The minimal RR-interval duration.

(ventricular 7 AVNN The mean RR-interval over the segment.

activity) 8 SDNN The standard deviation of the RR-intervals over the segment [156].

9 RMSSD The root mean square of the successive differences [96].

10-11 pNN20, pNN50 The percentage of RR-intervals shorter than 20 ms and 50 ms, respectively [156].

12 SCN Spectral concentration of atrial activity signal [108].

Morphology 13 DF Dominant frequency of atrial signal [107].

(atrial 14 fWP f-wave power in ECG [107].

activity) 15 fWPMAW f-wave power in main atrial wave [107].

16 SampEnfW Sample entropy of atrial activity signal [106].

4.3.4 Baseline Methods used for Performance Comparison

Most existing methods focus on detecting the presence or absence of AF and do not analyze the AF burden

using long-term ambulatory ECG recordings. Therefore, we benchmark the AF diagnosis and AF burden

estimation performance of the following representative baseline AF detectors on four PhysioNet datasets

and compare them with the proposed MT-DCNN model.

• Expert-crafted AF detectors:

– Rhythm-based AF detector: From the literature, we identified eleven rhythm-based features (see

Table 4.3) widely investigated for automated AF detection using the RR-intervals series. These

features include Coefficient of Sample Entropy (CosEn) [99]; a set of features from the Lorenz

Plot [94], i.e., AFEvidence (AFEv), Premature Atrial Complex Evidence (PACEv), Origin Count

(OriginCount) and Irregularity Evidence (IrrEv); several time-domain statistical features such as

minimal RR-interval duration (minRR), mean RR-interval over an excerpt (AVNN), the standard

deviation of the RR-intervals over an excerpt (SDNN), root mean square of the successive

differences (RMSSD) [96] and percentage of RR-intervals shorter than 20 ms and 50 ms (pNN20

and pNN50) [156].

– Rhythm- and morphology-based AF detector: In addition to the rhythm-based features, few

researchers have explored the atrial activity signal (residual signal after QRST cancellation)

features. Table 4.3 shows four popular features extracted from the spectral analysis of the
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atrial f-waves signal. Following features are extracted from the frequency power spectrum:

dominant frequency (DF), defined as the frequency with the highest power between 3-12 Hz

of the spectrum [107]; area under the power spectrum of atrial f-waves (fWP) [107]; spectral

concentration (SC) defined as the ratio of spectral power in the 3-12 Hz band to the total power

of atrial f-waves signal [108]; f-wave power in the main atrial wave (fWPMAW) [107]. Finally,

Sample Entropy of the atrial f-waves signal (SampEnfW) is also employed for characterizing

f-wave irregularity [106].

– All the features are standardized to have zero mean unit variance. In order to design a rhythm-

based AF detector, an RF classifier is trained on rhythm-based features, and to design a rhythm-

and morphology-based AF detector, an RF classifier is trained on both rhythm- and morphology-

based features. These detectors return a rhythm label (AF/non-AF) for each ECG excerpt and

are benchmarked on four PysioNet databases. We choose the RF classifier because it is an

ensemble ML classifier widely explored in the literature studies [101,102]. The hyperparameters

of the RF classifier, such as the number of estimators (ne=15) and the maximal depth of the

trees (md=3), are optimized using five-fold cross-validation (CV) on the training dataset.

• DL-based AF detector with RR-interval series as input: This method uses DCNNs for automatically

extracting features from the RR-interval series for AF diagnosis. The design of this DCNN rhythm-

based model is inspired from [156], which used windows of 60 RR-intervals for training and composed

of two convolution layers with filters 16, and 32 respectively, followed by a max-pooling layer of size

1× 2, followed by one more convolution layer with 64 filters. All the convolutional filters had a fixed

size of 1× 10. Three FC layers follow the CNN layers with sizes 128, 64 and 32. Finally, an FC layer

with Softmax activation is used to generate AF/non-AF classification.

• DL-based AF detectors with raw ECG sequence as input: Two single-task versions of the MT-DCNN

model are also employed for the performance comparison. (i) A single-task classifier configuration of

the MT-DCNN, i.e., encoder+classifier, is designed for the DCNN ECG-based AF/non-AF classification

(DCNN-ECG-C). (ii) An unsupervised ECG sequence reconstruction using the CDAE model is trained

independently. To build an AF vs. non-AF classification model from the pre-trained CDAE network, a

fully connected output layer with Softmax activation is added on top of the encoder part of the CDAE

(DCNN-ECG-R). For a fair comparison, the baseline DL models follow the same preprocessing and

training procedure as the proposed MT-DCNN model.
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4. Atrial Fibrillation Burden Estimation from Long-Term Single-Lead ECG using Multi-Task Deep CNN

4.3.5 Evaluation of the Proposed and Baseline AF Detectors Performance

In this section, the AF detectors are compared in terms of AF diagnosis and burden estimation performance.

4.3.5.1 AF Diagnosis Performance

Table 4.4 compares the excerpt classification results for the proposed MT-DCNN and baseline models. As

seen for the LTAFDB test set, the MT-DCNN model outperformed all the baseline models with an overall

nMcc of 97.1%. In summary, deep learning models perform better than feature engineering methods. The

proposed MT-DCNN model shows consistent improvement in all measures over other deep learning models.

Table 4.4 also shows the model generalization results for three independent datasets (AFDB, NSRDB and

LTNSRDB). As seen, the proposed model achieves an improved nMcc of 98.2% for the AFDB dataset. The

NSRDB and LTNSRDB datasets contain only non-AF rhythm excerpts; thus, we report only Sp or Acc for

these datasets. The proposed model achieves comparable Sp of 96.3% for the NSRDB and considerably

improved Sp of 92.9% for the LTNSRDB datasets. Importantly, the AF detectors that depend only on

RR-intervals information (the rhythm-based and the DCNN rhythm-based) show lower Sp values; due to

lack of P-wave information for discriminating other rhythms with irregular RR-intervals from the AF rhythm.

Even though rhythm- and morphology-based detector uses both RR-intervals and P-wave morphology

information, the improvement in Sp measure is minimal. This is because the low-amplitude atrial activity

signal features are commonly obscured by noise, leading to no significant performance gains. Similarly, the

single-task DCNN-ECG-R model shows limited performance due to not exploiting the class labels during

training; thus, the learned features are not optimized well for the AF/non-AF classification task. However,

the proposed MT-DCNN model with raw ECG as input learned robust discriminative representations,

thereby showing consistent improvement in all measures over the baseline models. Moreover, the five-fold

cross-validation on the development dataset shows an average accuracy(%) of 96.8±1.6. The low standard

deviation of 1.6% across five-folds for the accuracy demonstrates the stability and generalizability of the

proposed MT-DCNN model.

4.3.5.2 AF Burden Estimation Performance

Table 4.5 compares the absolute AF burden estimation error statistics for the proposed MT-DCNN and

baseline models. As seen, the EAF median and interquartile range (Q3-Q1), on the LTAFDB test set, is 0.6

(2.4-0.01) for MT-DCNN, 1.4 (6.9-0.4) for rhythm-based model, 1.9 (4.6-0.5) for rhythm- and morphology-

based model, 1.5 (4.9-0.2) for DCNN rhythm-based model, 1.8 (4.6-0.5) for DCNN-ECG-R single-task

model and 0.7 (3.1-0.03) for DCNN-ECG-C single-task model. Moreover, the mean EAF for the MT-DCNN
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model is 2.8, and it is significantly lesser (p<0.05) compared to the feature engineering models and other

DL models. Generalization results on the independent datasets reveal that the MT-DCNN shows lesser

(for AFDB and LTNSRDB) or comparable (for NSRDB) EAF over the baseline methods. Specifically, the

proposed model shows a mean EAF of 1.7 on the AFDB, 3.7 on the NSRDB and 6.9 on the LTNSRDB.

In order to evaluate the EAF for a different group of individuals (non-AF, low-risk AF and high-risk AF);

we pooled patients from all test datasets (LTAFDB test set: 15, AFDB: 23, NSRDB: 18 and LTNSRDB:

7) and created an overall test dataset of 63 individuals (25 non-AF, 7 low-risk AF, and 31 high-risk AF).

The LTAFDB test set consists of 2 low-risk and 13 high-risk AF patients and the grouping details of other

test sets are given in Table 4.1. Figure 4.4 shows the box and whisker plot illustrating the distribution

of EAF for the proposed method across different group of individuals. As observed, the median EAF of

the proposed MT-DCNN is considerably less across different groups. The inference time for a 24-hour

long-term recording is 3.6 s for the rhythm-based, 3.8 s for the rhythm- and morphology-based, 1.4 s for

the DCNN rhythm-based and 2.9 s for the proposed MT-DCNN model.

Overall non-AF Low-risk AF High-risk AF

0

5

10

15

20

25

30

E
A

F
 (

%
)

(n=63)

(n=25)
(n=7)

(n=31)

Figure 4.4: Boxplot of AF burden estimation error (EAF ) for the MT-DCNN method (at λ = 1) across different groups
(all, non-AF, low-risk and high-risk) of individuals.

4.4 Discussion

Accurate AF burden estimation from the long-term ambulatory recordings can better characterize the AF

condition and support improved clinical decision-making. In this study, we presented a novel multi-task

deep learning model for precise AF burden estimation. The proposed model is developed and evaluated on

a large LTAF database and the generalization of the trained model is verified on three independent datasets.

The AF detection performance is evaluated in terms of Se, Sp, PPV, Acc, F1-score and nMcc. Specifically,
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4. Atrial Fibrillation Burden Estimation from Long-Term Single-Lead ECG using Multi-Task Deep CNN

following the evaluation recommendations from [90], nMcc is used to report the overall performance. In

addition, to evaluate the accuracy of AF burden estimation, we defined an absolute AF burden estimation

error measure (EAF ). The first observation from the experimental results (Table 4.5) is that it is possible to

accurately estimate AF burden using single-channel long-term ECG recordings acquired via ambulatory

monitoring. The proposed MT-DCNN model achieved the best performance in terms of EAF on the LTAFDB

test set. Moreover, the consistent performance on the three independent datasets demonstrates the

model’s generalization ability (Table 4.4 and Table 4.5).

For performance comparison, two expert-crafted (rhythm-based, rhythm- and morphology-based) and

three DL-based AF detectors (DCNN rhythm-based, DCNN-ECG-C and DCNN-ECG-R) have been studied.

Expert-crafted detectors are designed using several features extracted from the RR-intervals, the P-waves

and the f-waves information (Table 4.3). The DL models automatically learn discriminative features from

the RR-intervals (DCNN rhythm-based) or ECG sequence (DCNN ECG-based) data. The experimental

results demonstrate that the proposed MT-DCNN outperformed the expert-crafted and DL-based detectors

in terms of both AF detection (Table 4.4) and AF burden estimation performance (Table 4.5).

4.4.1 Effect of λ on the AF Burden Estimation Performance

The parameter λ is a constant factor weighing the auxiliary loss in the proposed combined loss function (Eq.

4.1). Table 4.6 shows the AF burden estimation error variation concerning λ on the development dataset.

As can be seen, when the λ is 0, the MT-DCNN model is equivalent to the single-task classification model,

which generates an average EAF error of 4.6%. However, with increasing λ from 0, there is a significant

reduction in the error. Specifically, at λ=1, the proposed MT-DCNN achieves the best performance in terms

of lesser EAF error.

Table 4.6: Variation of AF burden estimation error (EAF (%)) of proposed MT-DCNN model for different values of λ
on the LTAF test set.

λ = 0 λ = 0.2 λ = 0.4 λ = 0.6 λ = 0.8 λ = 1 λ = 1.2 λ = 1.4

EAF (%) 4.6 3.9 3.8 3.6 3.1 2.8 2.9 3.2

4.4.2 Effect of Frequent Ectopic Beats on the AF Burden Estimation Performance

Ectopic beats (PACs/PVCs), known as AF-masquerading arrhythmias, are frequently detected on long-term

ECG and are usually benign. The experimental datasets LTAFDB and LTNSRDB have a relatively high

proportion of ectopic beats with 3.17% and 9.01%, respectively (Table 4.2). Thus, AF detection and its

burden estimation on these datasets can be interpreted as performance as a function of ectopic beat
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frequency. As expected, methods that rely only on RR-intervals information (rhythm-based and DCNN

rhythm-based) show poor Sp (Table 4.4) and higher AF burden estimation error (Table 4.5) as the ectopic

beat rhythms are confused with AF, increasing false-positive rates. The performance degradation is more

severe for the LTNSRDB dataset as it has a high frequency of ectopic beats. Since features from the

low-amplitude f-waves were often affected by ambulatory conditions, its incorporation to the RR-intervals

features did not yield considerable performance gains for the rhythm- and morphology-based model. The

proposed single-task and MT-DCNN models with raw ECG sequence (atrial and ventricular information)

input perform better over other baseline models on the LTAFDB test set. However, the single-task models

show poor generalization results on the independent datasets (AFDB and NSRDB) compared to expert-

crafted models (Table 4.4 and 4.5). This behavior is because the learned features are biased to the

development dataset. However, by incorporating ECG sequence reconstruction as an auxiliary task, our

proposed multi-task model, i.e., MT-DCNN, demonstrated improved AF detection and precise AF burden

estimation results over baseline models. The reconstruction task served as implicit regularization for

the classification task, which reduced overfitting in the classification problem. Hence, the generalization

performance is improved for the AF detection (Table 4.4) and its burden estimation (Table 4.5).

4.4.3 Effect of Different Noise-Levels on the AF Burden Estimation Performance

In practice, the ECG signals acquired during ambulatory monitoring are often prone to high-frequency

noises, which increases the false positive AF detection rates and thus affects the AF burden estimation

accuracy. In order to investigate the robustness of proposed MT-DCNN and baseline models, their AF

burden estimation error (EAF ) as a function of noise levels is presented in Figure 4.5. As expected, error

of the rhythm-based, the rhythm- and morphology-based and the DCNN rhythm-based models increases

rapidly at higher noise levels; because of error in QRS detector performance. In addition, for the rhythm-

and morphology-based model, noise enters through P- and f-waves features, which further increased

AF burden estimation error at higher noise levels. The proposed single-task and the MT-DCNN models

consider the raw ECG sequence as input and do not depend on the QRS detection performance (Figure

4.5). Still, the structure of the single-task model is not robust at high noise levels and generated higher AF

burden estimation error. However, with the incorporation of CDAE based ECG sequence reconstruction

task, the proposed multi-task model generates significantly lower (p<0.01) AF burden estimation error over

the baseline methods even at higher noise levels (see Figure 4.5). Thus, combining reconstruction and

classification tasks into a single framework helps to learn compact and more robust feature representations,

thereby achieving robust AF burden estimation performance.
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4.4 Discussion

4.4.4 Visualization of Reconstructed ECG Signals

Figure 4.6 illustrates typical original noisy ECG signals with their corresponding reconstructed ECG signals

from the CDAE structure of the proposed MT-DCNN model. As can be seen, the compact representation

vector of the encoder structure can enhance the noisy ECG signals while preserving required diagnostic

information related to AF detection, such as irregular rhythm and f-waves. Although the QRS-amplitude

has some discrepancies in the reconstructed ECG, still the adequate rhythm information (RR-intervals)

with the f-waves information aid in the robust AF detection performance.

4.4.5 Stroke Risk-Stratification in AF

In clinical practice, identifying AF patients at high-risk for stroke is crucial for the timely initiation of life-saving

stroke prevention therapies. Moreover, identifying low-risk AF patients is also equally crucial to potentially

avoid unnecessary treatments; as the use of oral anticoagulants in low-risk patients carries a risk of

bleeding, leading to adverse clinical outcomes [158]. Thus, in this study, following the recent research

guidelines [135,136,156], a daily AF burden of greater than 4% is used to screen AF patients who are at

substantially high-risk and relatively low-risk for stroke, as shown in Figure 4.7 (a) and (b). As can be seen

from the distribution of AF burden for the low- and high-risk AF patients, the AF is not a binary entity but

rather a spectrum of arterial disease severity that can be further risk-stratified using AF burden measure

for its appropriate management.
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Figure 4.7: (a) Boxplot of predicted AF burden for the AF individuals (n=38) of overall test set with low- and high-risk
groups. (b) Histogram of predicted AF burden for the same groups to get further insights about its distribution.

4.4.6 Significance of AF Burden based Evaluation for Improving Diagnosis

The assessment of AF burden estimated from long-term recordings enables the identification of new AF

patients who would be missed by the traditional snapshot ECG evaluation. Specifically, patients suffering
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Table 4.7: Comparison of AF diagnosis performance for the traditional snapshot ECG evaluation and the proposed
AF burden evaluation. TP: true positive, FN: False negative, FP: false positive, and TN: true negative.

Evaluation type TP FN FP TN Se(%) Sp(%) Acc(%) F1-score(%)

Snapshot ECG based 17 21 2 23 44.7 92.0 63.4 60.3

AF burden based 31 7 3 22 81.5 88.0 84.1 84.6

from paroxysmal AF have high chances of being undiagnosed as they present with sporadic events. We

set a threshold of 4% on the estimated AF burden and performed a binary classification on the overall test

dataset (Table 4.7). It resulted in a Se of 81.5% and Sp of 88.0%. In comparison, using the diagnosis ability

of MT-DCNN on a randomly selected ECG excerpt of long-term recording, we report a Se of 44.7% and Sp

of 92.0%. A total of 14 out of 38 additional AF patients (36.8%) are identified using the AF burden-based

diagnosis over the snapshot ECG evaluation (Table 4.7). It further emphasizes the importance of using

long-term recordings to perform an improved AF diagnosis.

Table 4.8: Comparison of proposed MT-DCNN model with the recent DL-based models in terms of absolute AF
burden estimation error (EAF (%)) performance on the LTAFDB test set and three independent validation datasets
(AFDB, NSRDB, and LTNSRDB).

Method
LTAF (test) AFDB NSRDB LTNSRDB

Raw input 10 dB SNR Raw input 10 dB SNR Raw input 10 dB SNR Raw input 10 dB SNR

ArNet [156] 6.2 10.5 3.3 19.4 5.7 11.8 24.6 61.2

VGGNet [115] 5.6 9.7 3.9 19.8 5.5 14.3 27.1 63.6

1D-CNN [90] 4.9 8.7 6.1 14.7 6.8 13.2 11.7 19.3

MS-CNN [118] 4.3 8.2 5.4 10.9 7.1 13.9 9.5 16.1

Proposed 2.8 5.6 1.7 6.3 3.7 7.1 6.9 13.4

4.4.7 Comparison with Recent DL-based Approaches

Most of the existing DL-based approaches (except [156]) focus on detecting the presence or absence

of AF and do not analyze the AF burden using long-term ambulatory ECG recordings. Therefore, we

benchmarked the AF burden estimation performance of four representative baseline AF detectors on four

PhysioNet datasets and compared them with the MT-DCNN model (Table 4.5 and Figure 4.5). In this

section, three recent DL-based AF diagnosis models named VGGNet [115], 1D-CNN [90], and multi-scale

CNN (MS-CNN) [118] are adopted for the AF burden estimation from long-term recordings and compared

with the proposed MT-DCNN model. In addition, the only existing AF burden estimation model, i.e.,

ArNet [156], is also considered for the performance comparison. The ArNet [156] and VGGNet [115] take

RR-interval and Poincare plot of RR-intervals as input, respectively. On the other hand, 1D-CNN [90],

MS-CNN [118], and MT-DCNN models consider ECG excerpts as input. Table 4.8 compares the proposed
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model and four existing DL-based methods [90,115,118,156] in terms of AF burden estimation error on

the LTAF test set and three independent validation datasets. As can be observed, the proposed model

outperforms the other four methods at raw ECG and ECG signals corrupted with a 10 dB SNR noise

level. Specifically, the models [115,156] depend on only RR-interval data show more EAF error due to not

exploiting P-wave information, which helps discriminate other rhythms with irregular RR-intervals from the

AF rhythm. Although models [90,118] employed complete ECG segment information (atrial and ventricular),

their generalization performance on independent validation datasets is limited due to their poor feature

representation ability. Compared to existing methods, the proposed multi-task learning model provides

lesser EAF error (p<0.05) due to its effectiveness in learning better generalizable features. In addition, the

proposed MT-DCNN model also shows impressive AF burden estimation performance (lesser EAF error)

even at 10 dB SNR over the existing methods, which demonstrates the model’s ability to learn robust and

generalizable feature representations.

4.5 Summary

The accurate AF burden (the percentage of the time patient is in AF rhythm) estimation from long-term

ambulatory ECG recordings has the potential to improve the diagnosis and stroke risk assessment in AF

patients and may help guide appropriate personalized stroke prevention strategies. To this end, in this

chapter, we demonstrated the feasibility of accurately estimating the AF burden from long-term ambulatory

ECG recordings using a new multi-task deep learning model (MT-DCNN). With the innovative incorporation

of ECG sequence reconstruction as an auxiliary task for the primary task of detecting AF, the MT-DCNN

learned robust feature representations, thereby aiding accurate AF burden estimation from the long-term

recordings. Extensive experiments on four diverse Holter ECG datasets demonstrated that the MT-DCNN

model outperformed benchmarked feature engineering and other deep learning approaches. Specifically,

the proposed model demonstrated robust AF burden estimation in the presence of frequent ectopic beats

and different noise levels over the baseline methods. In addition, the analysis of daily AF burden from

the long-term recordings showed improved diagnosis and stroke risk assessment for AF over traditional

snapshot ECG evaluation. Combining the proposed MT-DCNN model with the recent continuous cardiac

health monitoring devices opens a new paradigm of personalized AF diagnostics and management in the

context of remote healthcare applications.
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5. Multiple Cardiac Disorders Classification from 12-Lead ECG using Multi-Scale Deep Ensemble Approaches

In the previous chapters, we presented the proposed automated approaches for disease-specific (MI, CHF,

and AF) analysis of 12-lead or single-ECG signals. However, in real-world clinical settings, patients can

present with any life-threatening cardiac disorder, including MI, CD (left and right BBB), and HYP [13].

Each cardiac ailment has a different pathological origin, i.e., occlusion in the coronary artery causes MI,

electrical conduction system dysfunction causes conduction disturbances (BBBs), and abnormal thickening

of the heart muscles causes HYP. Therefore, the automated diagnosis systems should have the ability to

analyze 12-lead ECG signals of multiple cardiac abnormalities simultaneously and correctly identify the

underlying cardiac ailment/ailments for their appropriate management [13, 39]. The reliable automated

analysis of multiple cardiac disorders is often challenging due to their subtle and similar pathological ECG

manifestations appearing in different shapes and morphologies (multi-scale) based on the abnormality.

For example, the appearance of ST-elevation, T-wave peaking and inversion, and pathological Q-waves

at the leads facing the injured cardiac muscle characterize the MI disease. The broad and bizarre QRS-

complexes, deep and broad S-waves with ST-depressions, and T-inversions in the right-sided (V1/V2)

and lateral (I/aVL/V5/V6) ECG leads are often associated with the conduction disturbances (left and right

BBBs). Similarly, the increased R-wave amplitudes with ST-depression and T-inversions in the lateral

(I/aVL/V5/V6) ECG leads and deep S-waves in the right-sided (V1/V2) leads help to diagnose HYP. It

is worth emphasizing that BBBs and HYP disorders are commonly known as ”mimicking MI” diseases

owing to their MI-like pathological ECG features [120]. Thus, it is difficult to classify these disorders reliably,

considering their similar and multi-scaled pathological ECG morphologies.

Most existing methods [124–129] have employed deep CNN/RNN-based single classifier approaches to

classify cardiac disorders. These approaches may not adequately represent the highly variable and multi-

scaled ECG manifestations associated with multiple cardiac disorders. For example, although CNN-based

models can learn robust features from the ECG signals faster, they fail to capture the temporal dynamics. On

the other hand, RNNs can model the temporal dynamics; however, the RNN’s sequential processing of input

ECG significantly slows down the feature extraction process. The recent developments in the DL-based

approaches have led to the design of temporal CNN (TCNN) layers. These layers combine the merits of both

CNNs and RNNs and alleviate their limitations using dilated and causal convolutional filters. Specifically,

the recent studies [159] demonstrate that the TCNN layers with dilated and causal convolutions outperform

the RNNs on various sequence modeling tasks by handling the temporal dependencies effectively. Thus, it

is expected that employing TCNNs to model the ECG sequence data can aid in the efficient learning of

discriminative features.

In practice, clinicians often seek a second or more opinion for patients with confusing ECG biomarkers
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before making the final diagnosis. Thus, the weighting of suggestions from several experts can generate a

reliable final decision. For example, the suggestion by the specialist cardiologist could get more weight

than that of a general physician. Existing methods [76, 119] for multi-class ECG classification used the

average-ensemble technique, where the decisions from multiple independently trained DCNN classifiers

are aggregated via averaging to obtain the final diagnosis decision (see Figure 5.1 (a)). It is argued that

the ensemble methods effectively handle the disease variabilities by combining diagnosis decisions from

multiple deep CNN classifiers. However, the average ensemble methods do not consider the interaction

among base classifiers during learning. It may limit them from learning specialized discriminative features,

thereby degrading the final classification performance. Moreover, these methods assign equal weights to

all the base classifiers during decision fusion, irrespective of their competencies. This fusion technique is

not data-adaptive and, thus, vulnerable to the weaker deep CNN classifier in the ensemble.

To address the limitations of the average ensemble methods and incorporate the committee of experts-

based clinical diagnosis, we explore using a Mixture-of-Experts (MoEs) approach to analyze multiple cardiac

ailments. The MoEs is a traditional combining classifiers approach that works on the divide-and-conquer

principle. It is often used to tackle a complex classification problem by dividing it among multiple experts

whose decisions are combined to yield a final diagnosis. Therefore, inspired by the efficacy of MoEs in

medical applications [138,160], in this chapter, we present a new multi-scale deep temporal convolutional

neural network ensemble (MS-DTCE) model that extracts and combines diverse multi-scaled ECG features

for effective multi-class ECG classification (see Figure 5.1 (b)). The model consists of several temporal

CNN-based expert classifiers designed using dilated and causal convolutional filters with different receptive

fields to extract the temporal dynamics of scale-specific pathological ECG characteristics and generate

local predictions. A temporal CNN-based gating network is designed to aggregate the local predictions of

experts based on their competencies to generate reliable final diagnosis decisions. Moreover, an objective

function is formulated to facilitate the interaction and optimal diversity between the experts, enabling them

to learn specialized discriminative features for improved classification. This chapter also presents a similar

deep temporal CNN ensemble framework for efficient multi-label ECG classification.

The rest of the chapter is organized as follows. Section 5.1 presents the proposed MS-DTCE framework

for the multi-class ECG classification. Section 5.2 presents the experimental results and discussion of the

MS-DTCE method. The proposed deep temporal CNN ensemble method for multi-label ECG classification

and its experimental evaluation are discussed in sections 5.3 and 5.4, respectively. The summary of the

chapter is presented in section 5.5.
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Figure 5.1: (a) Conventional deep ensemble method using averaging-fusion technique. (b) Proposed multi-scale
deep temporal convolutional neural network ensemble (MS-DTCE) method.

5.1 Multi-Scale Deep Temporal CNN Ensemble for Multi-Class ECG Classi-
fication

This section presents the proposed MS-DTCE method for classifying multiple acute cardiac disorders (MI,

CD, HYP, and STTC) and HCs from the 12-lead ECG signals. The block diagram of the method is shown in

Figure 5.1 (b). As can be seen, the MS-DTCE is composed of three components: the scale-dependent

deep temporal CNN (SD-DTCNN) expert classifiers, the deep temporal CNN (DTCNN) gating network, and

finally, the ensemble fusion strategy. The details of each of the components are described as follows.

5.1.1 Scale-Dependent Deep Temporal CNN Expert Classifiers

Pathological ECG characteristics appear in different shapes and morphology across multiple cardiac

abnormalities. Such multi-scale characteristics and their temporal dynamics are encoded using multiple

SD-DTCNN experts to generate the local predictions. Each expert operates in different receptive fields

to effectively capture the multi-scaled disease variabilities. To design SD-DTCNNs with varied receptive
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5.1 Multi-Scale Deep Temporal CNN Ensemble for Multi-Class ECG Classification

fields, we adopted TCNN layers with dilated and causal convolutional filters of different dilation rates. In

recent studies [159], the TCNNs with dilated and causal convolutional filters outperform RNNs by effectively

modeling the long-term temporal dynamics with the reduced computational burden. Mathematically, for a

input sequence x ∈ RT and a convolutional kernel w ∈ RK , the 1D-dilated causal convolution operation F

on element n of the sequence is defined as:

F[n] =

K−1∑
i=0

w[i] · x[n− d · i] (5.1)

where d is the dilation factor, T is the sequence length, K is the filter size and (n− d · i) accounts for the

direction of the past samples. Eq. 5.1 can be interpreted as the convolution of input x and a filter w with

a dilation factor d. The dilated filter is obtained by introducing holes between the kernel elements of w

based on d. As can be seen from Figure 5.2 (a)-(d), the incorporation of holes between the kernel elements

increases the effective filter size, thereby increasing the receptive fields. The effective kernel size for a

given filter size K and dilation rate d is computed as (d(K − 1) + 1). In summary, the spacing between the

kernel elements helps achieve varied receptive fields in a parameter efficient manner over the traditional

convolutions. In addition, the causal nature of filters effectively processes the time-series ECG data.

Input

d = 1

Hidden Layer

d = 2

Hidden Layer
d = 4

Output

Input

d = 1

Output

Input

d = 2

Output

Input

d = 3

Output

Input

d = 4

Output

(a)

(b)

(c)

(d)Receptive field

Figure 5.2: A typical visualization of dilated and causal convolution filter with different dilation factors that represent
varied receptive field sizes. (a), (b), (c), and (d) show the convolution of input with the filter of size 3 and dilation factor
d = 1, 2, 3, and 4, respectively.

Let us denote the 12-lead ECG as {X ∈ R12×T |X = [x1,x2, ...,xl, ...,x12]T}. Here, T is the transpose

operator and xl ∈ RT is the lth ECG-lead with length T . The X is provided as input to multiple SD-DTCNN

expert classifiers sd, d ∈ {1, 2, ...,M} to obtain the local prediction vectors (see Figure 5.1 (b)). Here, sd

represents SD-DTCNN expert with dilation rate d and M denote the number of experts. Each sd contains

a lead-specific TCNN (LS-TCNN) followed by intra- and inter-lead attention modules (see Figure 5.3).

These modules exploit the diversity and integrity aspects of the 12-lead ECG and enhance its feature

representation. At first, each-lead of the 12-lead ECG is fed to the LS-TCNN to extract lead-specific

features. Figure 5.4 shows the configuration details of LS-TCNN consisting of a stack of dilated causal
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Figure 5.4: Architecture of the LS-TCNN network at dilation factor d. The convolutional layer is represented as
“Conv(kernel size) (number of kernels) (dilation factor)” and the max-pooling window size is set to 2 with stride 2.

TCNN layers with dilation factor d. The output feature maps of the LS-TCNN can be given as:

Fl = fd
l (x

l, θlead) (5.2)

where fd
l represents LS-CNN function with dilation rate d and parameters θlead and it maps lth-lead ECG

xl to a set of output feature maps Fl ∈ RNf×Tf . Here, Nf denotes the number of feature maps and Tf

denotes the feature map length. Next, the intra-lead attention module generates a temporal attention map

αααTatt
l ∈ RTf to summarize the clinically informative temporal information of the LS-TCNN feature maps and

produce a within-lead attentive representation (WLAR) vector given as:

al = Flααα
Tatt
l (5.3)

where al ∈ RNf , l ∈ {1, 2, ..., 12} denotes the WLAR vector for the lth ECG-lead. The LS-TCNN and the

intra-lead attention module parameters are shared across the 12-leads to reduce the number of trainable

parameters and constrain the network to learn generalizable features. Twelve WLAR vectors from the

12-lead ECG form an attentive matrix Ad ∈ RNf×12, and it is fed to the inter-lead attention module. This
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5.1 Multi-Scale Deep Temporal CNN Ensemble for Multi-Class ECG Classification

module generates a lead-attention map βββLatt
d ∈ R12 to effectively aggregate the across-lead salient ECG

information and generate an across-lead attentive representation (ALAR) vector given as:

ad = Adβββ
Latt
d (5.4)

where ad ∈ RNf denote the high-level ALAR vector and it is fed to the fully-connected (FC) output layer

with Sigmoid activation to generate the local prediction vector given as:

Sd = Sigmoid(Woa
d + bo) (5.5)

where Sd ∈ RC denotes the local prediction vector from the expert sd, d ∈ {1, 2, ...,M}, M is the number of

experts, C is the number of output categories, Wo ∈ RC×Nf and bo ∈ RC are the weights and biases of the

output layer, respectively. It should be noted that we adapted the intra- and inter-lead attention mechanism

formulations from Chapter 2 to generate the temporal attention map (αααTatt
l ) and the lead-attention map

(βββLatt
d ), respectively, in the SD-DTCNN experts.
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Figure 5.5: Architecture of the DTCNN gating network. The convolutional layer is represented as “Conv(kernel
size) (number of kernels) (dilation factor)” and the max-pooling window size is set to 2 with stride 2.

5.1.2 Deep Temporal CNN Gating Network

To aggregate the experts’ local prediction vectors in a data-adaptive manner, we employ a DTCNN gating

network. As shown in Figure 5.5, the gating network computes the weights of importance for the experts

according to their competencies in classifying the input ECG signals. A global average pooling (GAP) is

applied to summarize the convolutional feature maps by squeezing the temporal dimension (see Appendix

A). Finally, a FC output layer with Softmax activation is used to generate the fusion weights as:

g = Softmax(fg(X, θg)) (5.6)

where g ∈ RM is the fusion weights vector for the M experts and fg represents the DTCNN gating function

(excluding output layer) with parameters θg.
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5.1.3 Ensemble Fusion Strategy

The proposed method generates multiple local prediction vectors Sd, d ∈ {1, 2, ...,M} from the M experts

and their weights of importance g ∈ RM from the gating network. The final prediction vector of the

MS-DTCE model for the input X is denoted as FMS−DTCE(X) and is given by:

FMS−DTCE(X) = p(c|X) =
M∑
d=1

gd(X) · Sd(X) (5.7)

where p(c|X) is the probability of input X belongs to class c, c ∈ {1, 2, ..., C} and gd denote the weight of

importance for dth expert prediction vector. The final predicted output class label for the input ECG X is

obtained as:

class(X) = argmax
c=1,2,...,C

p(c|X) (5.8)

5.1.4 Training of the MS-DTCE Architecture

The optimal diversity among the individual experts is crucial for ensemble methods to achieve improved

classification performance [161]. The conventional MoEs method can produce diverse experts using

the error function based on the negative log probability of generating the desired output vector under

the mixture of Gaussian models [137]. However, the MoEs error function does not include any control

parameter to maintain the optimal diversity among the experts. Inspired by the negative correlation

learning methods [161], we have incorporated an explicitly controllable cross-correlation penalty term to

the MoEs error function. The formulation of proposed MS-DTCE error objective function for the input ECG

X (EMS−DTCE(X)) is given by:

EMS−DTCE(X) = −log

( M∑
d=1

gd(X)exp
(
− 1

2
∥y − Sd(X)∥22+λrd

))
, λ ≥ 0 (5.9)

where y denotes the one-hot encoded target output vector of input ECG X. Sd, gd and rd represents the

local prediction vector, the weight of importance and the correlation penalty term of dth SD-DTCNN expert

classifier, respectively. M denotes the number of expert classifiers in the ensemble. As can be observed in

Eq. 5.9, the proposed error objective function consists of two parts: (i) negative log probability of generating

the desired output vector under the mixture of Gaussian models, minimizing this term enables improved

overall classification performance, and (ii) cross-correlation penalty term, minimizing this term enables

optimal diversity among the experts. The parameter λ denotes the strength of the penalty, which controls

the trade-off between overall accuracy and experts’ diversity of the proposed ensemble approach. The
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correlation penalty term rd is computed as follows:

rd =
(
Sd(X)− FMS−DTCE(X)

) M∑
j=1;j ̸=d

(
Sj(X)− FMS−DTCE(X)

)T (5.10)

where FMS−DTCE(X) denote the final prediction vector of the MS-DTCE model for the input X and is

computed by Eq. 5.7. It can be seen from Eq. 5.9 that when λ = 0, there is no correlation penalty term in

the MS-DTCE error function. From Eq. 5.10, the importance of the penalty term is to negatively correlate

each experts’ error with the other experts’ errors, thereby regularizing the experts to learn specialized

disease characteristics. It is worth emphasizing that the proposed error objective (Eq. 5.9) is a function

of of DTCNN gating network output weights gd, d ∈ {1, 2, ...,M} and the experts’ local prediction vectors

Sd, d ∈ {1, 2, ...,M}. Thus, the error function enables simultaneous and interactive learning of all the

experts and the gating network in an end-to-end manner for improved overall classification performance.

5.2 Results and Discussion for the Multi-Class ECG Classification

This section presents the details of the clinical ECG datasets, the signal preprocessing, and the evaluation

metrics employed. This section also presents the details of the network optimization and the experimental

results of the proposed and baseline methods, followed by the analysis of the proposed MS-DTCE model.

5.2.1 Clinical ECG Database

The proposed deep ensemble classification method is evaluated on two publicly available databases from

the PhysioNet repository [148], i.e., the PTBXL-2020 12-lead ECG database and the PhysioNet/CinC-2017

single-lead ECG database. The specific details of these databases are given below.

5.2.1.1 PTBXL-2020 Database

The PTBXL-2020 is the largest publicly available clinical 12-lead ECG dataset [162] comprising 21837

records of 10 s duration from 18885 patients, recorded by the Schiller AG ECG devices with a sampling

rate of 500 Hz. The database consists of four disease categories, including conduction disturbance (CD),

hypertrophy (HYP), myocardial infarction (MI), ST/T changes (STTC), and a normal ECG (NORM) category.

In this study, we chose ECG records having single-label annotations for the multi-class ECG classification

and excluded multi-label ECG records from the analysis. The authors of the dataset provided the training,

validation, and test data splits that we employed for the method evaluation. Table 5.1 shows the details of

the selected 12-lead ECG dataset.
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Table 5.1: Data details for the PTBXL-2020 and the PhysioNet/CinC-2017 datasets

PTBXL-2020 (12-lead ECG dataset) CinC-training2017 (single-lead ECG dataset)

Class # Records Training Validation Test Class # Records

NORM 8981 7180 899 902 N 5154

CD 1691 1338 170 183 AF 771

HYP 538 418 64 56 OTH 2557

MI 2513 2026 232 255 Noisy 46

STTC 2380 1886 252 242 – –

Total 16103 12848 1617 1638 Total 8528

#: Number of.

5.2.1.2 PhysioNet/CinC-2017 Dataset

This dataset [163] comprises 8528 single-lead ECG records ranging from 9 to 61 s, recorded from Alivecor’s

single-channel ECG hand-held device and sampled at 300 Hz. In this study, the three-class types, including

normal (N), atrial fibrillation (AF), and other (OTH) rhythms, are used for the analysis. A five-fold cross-

validation technique at the patient level is used to evaluate the average performance of the method on this

dataset. Table 5.1 shows the details of the CinC-2017 dataset.

5.2.2 Data Preprocessing

5.2.2.1 Downsampling and Baseline Artifact Removal

All the ECG signals are downsampled to 100 Hz to reduce the computational burden on the proposed

model. The practical ECG signals are often corrupted with the baseline artifact, which significantly changes

the ECG amplitudes. Thus, to remove this artifact, ECG signals are passed through a Butterworth low-pass

filter with a cut-off frequency of 0.5 Hz; and the filter output is later subtracted from the original signal.

5.2.2.2 Cropping, Padding and Data Normalization

The input ECG records can have varying lengths. Therefore, we choose a fixed length of 20 s for the

CinC-2017 database as most of its records last at least 20 s [118]. The longer ECG records are cropped,

and shorter records are padded with zeros to maintain a 20 s duration. It is to be noted that no cropping

and padding is performed on the ECG records of the PTBXL-2020 dataset as all the signals are of the

same length, 10 s. Moreover, the ECG recordings amplitudes vary among different subjects and databases.

Thus, each ECG record is z-score normalized to maintain zero mean and unit variance.
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5.2.2.3 Data Augmentation

The PTBXL-2020 and the CinC-2020 datasets show class imbalance (Table 5.1) with more normal class

ECG records over other classes. This imbalance in sample distribution has a negative impact on training

DL models as the model would bias towards the dominating classes. To mitigate this problem, two data

augmentation techniques, i.e., (i) adding random additive white Gaussian noise and (ii) small amplitude

and duration perturbations, are employed for the small sample disease classes [126]. It is to be noted that

the data augmentation is performed only on the training dataset, and no such augmentation is performed

on the validation and test sets.

5.2.3 Performance Evaluation Metrics

To evaluate the classification performance, we have used the class-wise F1-score and the macro-average

F1-score, macro-average precision, macro-average recall, accuracy (Acc) and Kappa value metrics (see

Appendix A). To evaluate the disagreement between the experts, we have used the distance-based

disagreement (DbD) measure [164]. It represents the average expert’s disagreement and is computed

from the confusion matrix distances of individual experts. A higher DbD value indicates more disagreement

between the experts for class prediction. The proposed method with M experts, a distance metric Dm

between expert m and all other experts is computed as:

Dm =
1

C

C∑
i=1

C∑
j=1

|Um
i,j −

M∑
k=1;k ̸=m

Uk
i,j | (5.11)

where Um
i,j represents the confusion matrix elements of expert m, m ∈ {1, 2, ...,M} with C classes. Finally,

the average DbD measure (DbD ≥ 0) can be computed as follows:

DbD =
1

M

M∑
m=1

Dm (5.12)

5.2.4 Network Parameters and Training Settings

The preprocessed ECG signals are fed to the proposed MS-DTCE framework to obtain the cardiac disorder

class label. The network architecture details of the method are provided in Figure 5.3, Figure 5.4 and

Figure 5.5. In this study, the SD-DTCNN experts (sd, d ∈ {1, 2, ...,M}) combination and the strength of

correlation penalty (λ) are set through experimentation. The SD-DTCNN combination s1−s2−s4 at λ = 0.2

provides best F1-score for the PTBXL-2020 dataset. Similarly, the experts combination s1 − s2 − s4 at

λ = 0.3 provides best F1-score for the CinC-2017 dataset (will be discussed in upcoming sections). The
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MS-DTCE network is developed in Keras using the TensorFlow backend. An NVIDIA Tesla V100 GPU is

used to perform the experiments. All the parameters of the proposed architecture are trained using the

MS-DTCE error function (Eq. 5.9) in an end-to-end manner. The model is trained with an Adam optimizer

with a learning rate of 10−3 on mini-batches of size 32 for 100 epochs. To alleviate overfitting, an early

stopping criterion is employed; which stops the training when the validation F1-score does not improve

over 20 iterations. The best-performing model is used for the performance evaluation.

5.2.5 Baseline Methods used for Performance Comparison

To verify the effectiveness of the proposed MS-DTCE method, we have compared it with the following

DL-based state-of-the-art 12-lead/single-lead ECG classification approaches.

• Single deep classifier based non-ensemble methods:

– Single DCNN/DRNN based methods: These methods employ single DCNN/DRNN models for

the feature extraction followed by an FC+Softmax layer for the multi-class ECG classification. In

this category, the proposed method is compared with DCNN [165] method, fully convolutional

neural network (FCNN) method [76], multi-lead residual neural network (ML-ResNet) [166],

a hybrid network using CNN and bi-directional recurrent neural networks called MFB-CRNN

[78], attention-based time-incremental CNN (ATI-CNN) method [126] and multi-lead diagnostic

attention-based DRNN (MLDA-RNN) method [167] for the PTBXL-2020 dataset. Similarly,

for the CinC-2017 dataset, VGG12 [168], ResNet50 [153], DCNN [165] method, temporal

attention-based CNN (TA-CNN) [169] and sequential LSTM [170] method are used for the

comparison.

– Concatenation fusion methods: These methods use several DCNN branches for the multi-scale

feature extraction. The output features of all the DCNNs are fused via concatenation followed by

an FC+Softmax layer for the cardaic disorders classification. In this category, the MS-DTCE is

compared with the multi-scaled fusion CNN (MS-CNN) [118] and the deep multi-scale fusion

neural network (DMSFNet) [129].

• Average ensemble methods: The averaging ensemble is the commonly used strategy to design deep

ensemble methods for arrhythmia classification [76,119]. In this approach first, several DCNN-based

classifiers are trained independently to generate local predictions. Later, these individual predictions

are averaged to obtain the final diagnosis decision. For comparison, the average ensemble approach
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is designed by averaging the predictions from all the single DCNN/DRNN methods [76,78,126,165–

167] and the concatenation fusion methods [118,129] for the PTBXL-2020 dataset.

It is to be noted that the single DCNN/DRNN methods [76,78,126,165–167] and the concatenation

fusion methods [118,129] were originally proposed for the arrhythmia or MI classification using the ECG

signals. As the PTBXL-2020 is a newly released database, the network parameters of the above exiting

methods are learned (benchmarked) on the PTBXL-2020 database with the same data processing, splitting,

and training iterations as the proposed method for a fair comparison. On the other hand, for the CinC-2017

database, the existing methods’ [118,129,165,169] validation results are directly taken from the research

articles, as a similar evaluation strategy on the same dataset is adopted in this chapter.

5.2.6 Multi-Class ECG Classification Results

5.2.6.1 Evaluation on the PTBXL-2020 Dataset

Table 5.2 compares the proposed MS-DTCE and the baseline methods in terms of class-wise F1-score

(F1N: normal, F1C: CD, F1H: HYP, F1M: MI and F1S: STTC) and the overall measures on the PTBXL-2020

test set. As can be seen, the proposed MS-DTCE outperforms existing methods across all the evaluation

metrics. Specifically, the single deep classifier based DCNN/DRNN models [76,78,126,165–167] provide

poor classification results. The attention-based ATI-CNN [126] and MLDA-RNN [167] methods provide a

slight improvement in the performance compared to the other DCNN/DRNN models by summarizing the

informative ECG features. However, these single DCNN models may not adequately represent the multi-

scale ECG variabilities; thus, shows limited classification performance. Compared to the best performing

single DCNN method (ATI-CNN [126]), the proposed MS-DTCE provides an improvement of nearly 9.41%

in precision, 9.09% in recall and 9.82% in F1-score.

The concatenation fusion methods, i.e., the MS-CNN [118] and the DMSFNet [129] show improved

performance over the single DCNN/DRNN models by extracting and integrating multi-scale ECG features

using a two-stream DCNN models. However, these methods’ performance is limited by the sub-optimal

DCNN feature maps fusion via concatenation. Compared to the best performing concatenation fusion

method DMSFNet [129], the proposed method exhibits impressive results with an improvement of nearly

6.70% in precision, 7.08% in recall and 7.57% in F1-score (Table 5.2). The average ensemble method

shows minimal improvement over its base classifier methods [76,78,118,126,129,165–167] due to (i) the

lack of interaction among the base classifiers during training and (ii) assigning equal weight of importance

for the base classifier predictions during the decisions fusion. Compared to the average ensemble approach,

the proposed method provides an improvement of nearly 6.33% in precision, 12.61% in recall and 9.65%
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Table 5.2: Performance comparison of the proposed and baseline methods on test set of the PTBXL-2020 database.

Performance Measures

Method Configuration F1N(%) F1C(%) F1H(%) F1M(%) F1S(%) Pr(%) Re(%) F1(%) Acc(%) Ka(%)

DCNN [165] 83.99 71.01 45.96 61.67 68.65 65.80 68.93 66.26 75.15 61.13

FCNN [76] 85.08 59.04 65.01 63.18 67.80 68.12 70.53 68.02 74.96 61.74

ML-ResNet [166] 82.59 72.77 56.96 67.13 69.49 66.46 75.87 69.79 75.51 63.68

MFB-CBRNN [78] 83.89 69.76 36.62 71.01 69.93 65.90 68.06 66.24 76.25 63.12

ATI-CNN [126] 86.60 78.31 65.12 71.78 71.82 74.84 76.12 74.73 80.40 69.27

Single DCNN/DRNN methods†

MLDA-RNN [167] 84.73 75.78 47.41 72.38 72.58 70.67 71.24 70.58 78.63 66.23

MS-CNN [118] 85.68 72.14 78.32 64.62 67.54 71.76 77.58 73.66 77.83 65.79
Concatenation fusion†

DMSFNet [129] 86.84 77.19 82.44 67.58 70.84 77.55 78.13 76.98 80.58 68.98

Average ensemble [76,78,118,126,129,165–167] 86.87 75.07 69.09 69.45 73.33 77.92 72.60 74.90 80.76 68.58

Proposed concatenation fusion s1, s2, s4 87.56 78.90 68.90 73.02 74.15 74.19 81.17 76.40 81.50 71.40

Proposed average ensemble s1, s2, s4 87.05 75.64 72.27 69.72 72.85 77.86 74.04 75.51 80.95 68.87

Proposed MS-DTCE (λ = 0.2) s1 − s2 − s4 89.65 82.35 93.33 78.61 78.78 84.25 85.21 84.55 85.65 77.45

F1N, F1C, F1H, F1M, and F1S: Class-wise F1-score for NORM, CD, HYP, MI, and STTC, respectively.

Pr: Precision, Re: Recall, F1: F1-score, Acc: Accuracy, and Ka: Kappa score.

†: These methods are trained on the recent PTBXL-2020 database for comparison.

in F1-score, which implies the effectiveness of the proposed ensemble method. Similar improvement in

performance can be observed for other measures as well.

To verify the effectiveness of the proposed ensemble method, we have adopted the SD-DTCNN experts

s1, s2 and s4 to the concatenation fusion and the average ensemble frameworks. The results for the

proposed concatenation fusion are obtained by fusing the features (obtained prior to the output layer) from

experts through concatenation and provided them to an FC+Softmax layer. For the proposed average

ensemble approach, the local predictions from the experts are fused via averaging to obtain the final

classification decision. The results for both the approaches are shown in Table 5.2. As discussed earlier,

both approaches show limited classification results compared to the proposed MS-DTCE method. In

summary, the proposed method (s1 − s2 − s4 at λ = 0.2) exhibits improved classification results with

precision of 84.25%, recall of 85.21% and F1-score of 84.55%.

Furthermore, a drop in class-wise F1-score for the disease classes CD, HYP, MI and STTC is observed

across all the methods (Table 5.2) because these class types often show subtle discrimination in 12-lead

ECG features; thus are difficult to discriminate. The small sample size might have further degraded the

performance. However, compared to existing methods, the discrimination between CD, HYP, MI and STTC

classes is higher for the proposed MS-DTCE (see class-wise F1-scores from Table 5.2). In particular, over

average ensemble method, the proposed MS-DTCE method shows an F1-score improvement of 7.28% for

CD class, 24.24% for HYP class, 9.16% for MI class and 5.45% for STTC class. The improved classification
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results of the proposed method demonstrate its effectiveness in performing complex classification tasks.

Table 5.3: Performance comparison of the proposed and baseline methods on the CinC-2017 dataset (5 folds).

Performance Measures

Method Configuration F1NR(%) F1A(%) F1O(%) Precision(%) Recall(%) F1(%)

VGG12 [168] 88 75 69 80.0 76.4 77.9

ResNet50 [153] 89 72 71 79.8 76.1 77.7

DCNN [165] 89 72 69 79.5 75.2 77.0

TA-CNN [169] 92 82 71 N/A N/A 82.3

Single DCNN/DRNN methods†

LSTM [170] 90 68 71 81.3 73.4 76.2

MS-CNN [118] 90 77 74 82.6 79.3 80.7
Concatenation fusion†

DMSFNet [129] 92 83 78 85.6 82.9 84.1

Proposed concatenation fusion s1, s2, s4 93 79 81 83.8 86.0 84.5

Proposed average ensemble s1, s2, s4 91 80 81 84.1 83.6 84.0

Proposed MS-DTCE (λ = 0.3) s1 − s2 − s4 95 86 84 88.4 88.2 88.3

F1NR, F1A, and F1O: Class-wise F1-score for NSR/HC, AF, and OTH, respectively. F1: F1-score.

†: The results of these methods are taken from the research articles [118,129,165,169].

5.2.6.2 Evaluation on the PhysioNet/CinC-training2017 Dataset

Table 5.3 compares the proposed and the baseline methods in terms of class-wise F1-score (F1NR: normal

rhythm, F1A: AF and F1O: other rhythm) and the overall measures for the CinC-2017 database. Following

the literature studies, we have also employed a 5-fold cross-validation to evaluate the proposed method. As

can be seen from Table 5.3, the proposed MS-DTCE (s1−s2−s4 at λ = 0.3) outperforms existing DL-based

methods with an average F1-score of 88.3%. In particular, compared to the single deep classifier-based

DCNN/DRNN methods [153, 165, 168–170], the proposed method shows a minimum improvement of

nearly 6% in the F1-score. Over the concatenation fusion methods MS-CNN [118], DMSFNet [129], the

proposed MS-DTCE shows 7.6% and 4.2% improvement in the F1-score, respectively. The MS-DTCE also

outperforms the proposed concatenation fusion and average ensemble frameworks of the SD-DTCNN

experts s1, s2 and s4 with a minimum improvement of nearly 3.8% in F1-score. Furthermore, compared to

the conventional average ensemble method, the proposed MS-DTCE exhibits an improvement of nearly

4%, 6% and 4% in NSR-, AF-, and other-class F1-score, respectively (Table 5.3). Similar improvements

can also be observed for the class-wise F1-scores and the precision and recall measures of the proposed

MS-DTCE over baseline methods. These impressive classification results indicate that the proposed

method can effectively extract various multi-scale disease-related features and combine them to improve

the discrimination capability of the model.

In order to verify the diversity among the individual SD-DTCNN experts, we have computed the DbD

measure for the ensemble methods, i.e., the average ensemble method, the proposed method with no
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Figure 5.6: Comparing DbD value of the proposed average ensemble and the proposed MS-DTCE at λ=0 and λ=0.2
or 0.3 for (a) the five-class PTBXL-2020 database and (b) the three-class CinC-2017 database, respectively.

correlation penalty in the error function and the proposed method with optimal correlation penalty in the

error function. Figure 5.6 (a) and Figure 5.6 (b) show the DbD measure for the above methods across the

PTBXL-2020 and the PysioNet/CinC-2017 datasets, respectively. As can be seen, the proposed method at

optimal λ shows a higher DbD value for both datasets. This implies that the correlation penalty term in the

MS-DTCE error function enables optimal diversity among the experts and helps their ensemble achieve

improved classification performance.

5.2.7 Effectiveness of the Proposed MS-DTCE Method

In this section, we analyze the effectiveness of each component of the proposed MT-DTCE method, such

as the strength of penalty λ, the multi-scale expert’s ensemble, and the attention mechanism on the

classification performance. This section also presents the model transparency visualizations and the model

complexity regarding the number of trainable parameters.

5.2.7.1 Effect of λ Parameter on the Classification Performance

The parameter λ in the MS-DTCE error function (Eq. 5.9) controls the trade-off between overall classifi-

cation accuracy and diversity among SD-DTCNN experts. Therefore, the proper selection of λ is crucial

for achieving optimal diversity among the experts so that their decision fusion may lead to improved

classification performance. Figure 5.7 (a) and Figure 5.7 (b) show the variation of F1-score concerning

the λ parameter across various MS-DTCE architectures for the PTBXL-2020 and the CinC-2017 datasets,

respectively. As can be seen, with increasing λ from 0, there is a significant improvement in the F1-score

for all the MS-DTCE structures. Specifically, at λ = 0.2 and λ = 0.3 the proposed s1 − s2 − s4 ensemble

achieves best classification results for the PTBXL-2020 dataset and the CinC-2017 dataset, respectively.
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Figure 5.7: Dependency of various MS-DTCE architectures’ F1-score on the control parameter λ for (a) the PTBXL-
2020 validation dataset and (b) the CinC-2017 dataset.

However, increasing the λ value beyond the optimal degrades the classification performance. This degra-

dation is because, at the higher λ values, the MS-DTCE learning put relatively more emphasis on creating

diverse SD-DTCNN experts over classification accuracy. Therefore, it implies that too diverse (beyond

optimal) experts in the ensemble may not be effective for making reliable diagnosis decisions.

Table 5.4: Performance comparison of various MS-DTCE architectures.

PTBXL-2020 Dataset CinC-2017 Dataset

Configuration Optimal λ F1(%) Optimal λ F1(%)

s1 N/A 74.76 N/A 80.5

s2 N/A 74.26 N/A 81.6

s3 N/A 72.85 N/A 83.5

s4 N/A 73.45 N/A 82.3

s1 − s2 0.4 78.34 0.3 84.8

s1 − s3 0.2 78.01 0.2 86.2

s2 − s3 0.1 74.09 0.4 85.1

s1 − s1 − s1 0.3 74.62 0.2 83.6

s1 − s2 − s3 0.1 80.10 0.1 86.4

s1 − s2 − s4 0.2 84.55 0.3 88.3

s1 − s2 − s3 − s4 0.1 84.09 0.1 87.2

N/A: Not applicable.

5.2.7.2 Significance of Multi-Scale Experts Ensemble

The classification performance of the proposed method is effectively improved by the ensemble of multiple

SD-DTCNN expert classifiers. To substantiate the above claim, we compare the F1-score of various single-

scale and multi-scale combinations of the proposed structures for the PTBXL-2020 and the CinC-2017

datasets shown in Table 5.4. It can be observed that the single-scale DTCNNs (s1, s2, s3 and s4) are
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not sufficient for the reliable cardiac disease classification. However, the proposed multi-scale MS-DTCE

combinations significantly improved the classification performance. Specifically, among various SD-DTCNN

expert combinations, the s1 − s2 − s4 ensemble at λ = 0.2 and λ = 0.3 generate improved F1-score for

the PTBXL-2020 and the CinC-2017 datasets, respectively. This verifies that the fusion of decisions from

multiple SD-DTCNN experts is crucial for exploiting key multi-scale ECG variabilities, thereby improving the

decision-making capability of the proposed MS-DTCE model.
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Figure 5.8: F1-score comparison of the MS-DTCE model without attention, with only intra-lead attention and with
both intra- and inter-lead attention (valid only for 12-lead ECG input) for the PTBXL-2020 and the CinC-2017 datasets.

5.2.7.3 Influence of Attention Mechanism

The intra- and inter-lead attention modules present in each expert can also affect the classification

performance. To verify this, we implement the MS-DTCE model without the attention mechanism by

removing the intra- and inter-lead attention modules from the SD-DTCNN experts, i.e., in each expert,

the LS-TCNN feature maps are averaged and fed to the output FC+Softmax layer for class prediction.

Similarly, for the MS-DTCE model with only an intra-lead attention module, i.e., in each SD-DTCNN expert,

an intra-lead attention module is incorporated to summarize the clinically informative temporal information

and generate a WLAR vector. These WLAR vectors across the 12-leads are averaged and fed to the output

FC+Softmax layer. It should be noted that for the single-lead ECG input from the CinC-2017 dataset, the

WLAR vector is directly fed to the output FC+Softmax layer for the classification. Figure 5.8 shows the

F1-score comparison of the MS-DTCE model without and with attention modules on the PTBXL-2020 and

the CinC-2017 datasets. As can be seen, the MS-DTCE model with attention modules generates improved

classification performance by summarizing relevant within and across leads information.
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Figure 5.9: Visualization of intra-lead attention weights (red color maps) assigned to the different segments of ECG
records (from the CinC-2017 dataset) by the best SD-DTCNN expert in the ensemble. (a)-(b) and (c)-(d) show the AF
and other rhythm ECG records with their attention maps, respectively.

5.2.7.4 Model Interpretability

The applicability of deep learning models in the healthcare domain is often limited because these methods

lack transparency and are perceived as black boxes by doctors. Recently, the attention-based frameworks

have partially succeeded in alleviating this issue [129,167]. In this direction, we qualitatively evaluate the

proposed method to provide a transparent diagnostic basis by visualizing the intra-lead attention maps

from the best SD-DTCNN expert in the ensemble. Figure 5.9 shows attention maps for a typical AF (Figure

5.9 (a)-(b)) and other rhythm (Figure 5.9 (c)-(d)) ECG records from the PhysioNet/CinC-2017 dataset. As

can be seen, the intra-lead attention module assigned different weights to different ECG-segments of the

records. Clinically AF is characterized by the absence of P-waves or the presence of fluttery P-waves

in the ECG. As observed from Figure 5.9 (a)-(b), the attention maps indeed focus on these abnormal

P-waves (just before R-peak) over QRS- and T-waves during the diagnosis. In particular, Figure 5.9 (b)

shows the AF ECG record corrupted with transient noise artifact in between 4-6 s. Interestingly, the model

assigned smaller attention weights to the noisy region and larger attention weights to the abnormal P-waves
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Figure 5.10: Visualization of intra-lead attention weights (red color maps) assigned to the different segments of
the ECG records (from the PTBXL-2020 dataset) by the best SD-DTCNN expert in the ensemble. (a1)-(a3) shows
s2 experts’ intra-lead attention maps for some critical ECG-leads of the conduction disturbance (CD) patient with
complete RBBB abnormality. (b1)-(b3) shows s1 experts’ intra-lead attention maps for some critical ECG-leads of the
myocardial infarction (MI) patient with anterior-septal MI (ASMI) abnormality.

region. Figure 5.9 (c)-(d) show the attention maps for two other rhythm ECG records having few abnormal

ventricular ectopic beats. It can be observed that the model is highly focused on these abnormal beats

over other beats while making a diagnosis decision. Similar attention maps can also be seen for some

salient ECG-leads of the CD patient with complete RBBB (Figure 5.10 (a1)-(a3)) and MI patient with

anterior-septal MI (Figure 5.10 (b1)-(b3)) from the PTBXL-2020 dataset. It can be observed that for RBBB

patient, the abnormal ECG segments including the broad QRS-complexes in lead-V1 (Figure 5.10 (a2)),

broad and deep S-waves with ST-T changes in lead-V6 (Figure 5.10 (a3)) and lead-I (Figure 5.10 (a1))

are emphasized by the model. For anterior-septal MI patient, the abnormal ST-elevations and T-waves in

the anterior-lead, i.e., V3 and the septal-leads, i.e., V1 and V2, are given more priority by the model. In

summary, the proposed model focuses on the clinically relevant ECG segments to make a reliable cardiac

abnormality prediction that often aligns with medical knowledge.
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Table 5.5: Comparison of number of model parameters

Number of Trainable Parameters

Method PTBXL-2020 Dataset CinC-2017 Dataset

ATI-CNN [126] 4,998,566 Not applicable

TA-CNN [169] Not applicable 1,220,000

MS-CNN [118] 12,312,861 12,305,307

DMSFNet [129] 7,656,197 7,652,233

Proposed MS-DTCE 1,102,225a 93,339b

aSD-DTCNN experts with 12 LS-TCNNs to process 12-lead ECG input. Gating network with 12-lead ECG input.
bSD-DTCNN experts with one LS-TCNN to process single-lead ECG input. Gating network with single-lead ECG input.

5.2.7.5 Model Parameters

Table 5.5 compares the number of trainable parameters involved in the design of the proposed model and

the best performing baseline architectures [118,126,129,169]. It can be seen that the proposed MS-DTCE

consists of fewer training parameters over existing methods and still achieve improved classification results.

The fewer training parameters alleviate the risk of over-fitting and improve model generalizability (Table 5.2

and Table 5.3). In order to generate classification decision for the 12-lead ECG input, the best performing

single DCNN/DRNN method, i.e., ATI-CNN [126] takes an average test run-time of 4.94 ms and the

concatenation-fusion method, i.e., DMSFNet [118] takes 5.81 ms. As expected, deep ensemble methods,

i.e., the proposed average ensemble and the MS-DTCE, take higher run-time of 13.20 ms and 15.38

ms, respectively. Although fewer parameters reduce the computational burden for the MS-DTCE, the

involvement of multiple experts and processing each lead of the 12-lead ECG separately at each expert

increases the average run-time. However, considering the order of input ECG duration in seconds, the

MS-DTCE can provide rapid and improved diagnosis decisions.

The improved classification performance of the proposed MS-DTCE method can be attributed to the

data-adaptive fusion of diagnosis decisions from the multiple SD-DTCNN experts that exploit key multi-scale

pathological ECG variabilities for effective classification. It should be noted that the MS-DTCE method is

designed for the multi-class ECG classification, i.e., the method assigns only one target label or disorder to

each ECG record. However, in practice, it is common to see multimorbidity patients, i.e., the co-occurrence

of two or more acute cardiac disorders such as MI, HYP, and CD, in the same individual [37]. The presence

of multiple cardiac disorders simultaneously in an individual could potentially lead to poorer functional

status, lower QoL, and increased risk of mortality. Therefore, early detection of multimorbidity patients is

crucial to prevent adverse health outcomes and optimize patient-centered care delivery [38].

Considering the difficulty of understanding the complex interaction of multi-scaled pathological ECG
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features for multimorbidity patients, most researchers have investigated multi-class ECG classification

methods. Recently, few researchers [130–133] have presented their preliminary studies on the multi-

label ECG classification using a small dataset of 476 multi-label ECG recordings from the CPSC2018

dataset. These methods assign a set of target disease categories to each ECG record, thereby identifying

multimorbidity patients. In general, the multi-label classification methods can be divided into two types:

problem transformation and algorithm adaptation [171]. Problem transformation methods transform the

multi-label classification into a well-known binary classification learning problem. Algorithm adaptation

methods adapt the existing learning algorithms to tackle the multi-label classification problem directly.

In the direction of multi-label ECG classification, most researchers have employed algorithm adaptation

methods [130–133], where they directly train the model with multi-labeled ECG data assuming that the

training dataset consists of all the possible label combinations. However, the real-world ECG datasets

do not have many label combinations, making the dataset highly imbalanced for different disease label

combinations. Improving multi-label ECG classification performance in such scenarios requires proper

selection of thresholds for each label, which is burdensome and infeasible. To address the limitations of the

existing algorithm adaptation methods, we present a multi-scale deep ensemble framework for multi-label

ECG classification using a problem transformation approach in the following section.

5.3 Problem Transformation based Deep Ensemble Approach for Multi-
Label ECG Classification

This section presents a generic deep neural network architecture using a problem transformation-based

approach for multi-label classification of 12-lead ECG into four cardiac disorders such as CD, HYP, MI,

and STTC. Specifically, we transform the complex multi-label classification problem into an ensemble of

single-label binary classifiers trained one for each cardiac disorder type. The diagnosis decisions from

the binary classifiers are used to detect multiple co-occurring cardiac disorders appearing in the same

ECG record. We design each binary classifier using the attention-based temporal convolutional neural

network (ATCNN). The ATCNN consists of a stack of temporal convolutional layers followed by intra-

and inter-lead attention modules. The temporal layers are designed using dilated convolution filters with

different sizes or receptive fields to effectively extract the temporal dynamics of multi-scaled ECG features.

As discussed before, the intra- and inter-lead attention modules exploit the 12-lead ECGs within- and

across-leads disease-specific diagnostic information, respectively, and enhance the multi-lead feature

extraction pipeline. In addition, further analysis of the multi-label diagnosis decisions from the proposed

framework can identify low- and high-risk patients assessed in terms of the number of co-occurring cardiac
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disorders. It is to be noted that we can also utilize the MS-DTCE (multi-class model) to design single-label

binary classifiers. However, considering the computational burden of MS-DTCE, employing it for multi-label

analysis is infeasible; thus, we design a simple ATCNN model having multi-scaled ECG feature learning

ability for the binary classification of single-label disorders.

Figure 5.11 (a) presents an overview of the proposed problem transformation-based deep ensemble

approach for multi-label ECG classification. As can be seen, first, the incoming 12-lead ECG input is fed to

an ensemble of single-label binary classifiers trained independently, one for each cardiac disorder type.

Second, the diagnosis predictions from the binary classifiers are thresholded to identify the multi-label

ECG abnormalities. Figure 5.11 (b) illustrates the proposed ATCNN model architecture used to design

each disease-specific binary classifiers (disease exists or not). The ATCNN contains multi-lead feature

extraction and classification modules. The details of the modules are described below.
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Figure 5.11: (a) Proposed problem transformation-based deep ensemble approach for multi-label ECG classification
and severity assessment. (b) Proposed ATCNN model architecture for single-label binary classification of class type
”A” using 12-lead ECG signals. The class type ”A” can be NSR or CD or HYP or MI or STTC. “Conv(kernel size,
number of filters)” and max-pooling window size 2 with stride 2. BN: batch normalization.

5.3.1 Multi-Lead Feature Extraction

This module automatically learns the informative features from the input 12-lead ECG using a stack of

temporal CNN (TCNN) layers followed by intra- and inter-lead attention layers. The different leads of the

12-lead ECG exhibit distinct temporal variations in the ECG features that appear at different shapes and

morphology. These lead-specific dynamics of multi-scaled ECG features are encoded using a stack of
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Figure 5.12: Example of dilated and causal convolutions in TCNNs with filter size K = 2 and dilation rate d = [1, 2, 4].

TCNN layers. Each TCNN layer operates at different receptive fields to effectively represent the multi-scaled

disease variabilities (Figure 5.11 (b)). The varied receptive field size is attained using dilated and causal

convolutional filters that operate at different dilation rates (d). As discussed in the previous section, the

effective receptive field size K ′ of the dilated and causal filter with a dilation rate d and filter size K can be

computed as K ′ = (K − 1)d+ 1. Figure 5.12 shows TCNN layers with different dilation rates. As can be

seen, the effective receptive field size grows exponentially with the layer depth, which helps encode the

multi-scaled ECG variabilities of cardiac disorders. Moreover, as discussed previously, the TCNN layers

with dilated and causal convolution filters effectively handle the temporal dependencies of ECG signals for

improving diagnosis performance.

Let X ∈ R12×T , X = [x1,x2, ...,xl, ...,x12]T denote the input 12-lead ECG sequence. Here, T is the

transpose operator and xl ∈ RT denote the lth ECG lead data with length T . The input 12-lead ECG (X) is

fed to the multi-lead feature extraction module to extract the discriminative feature representations. Figure

5.11 (b) illustrates the network configuration of the proposed multi-lead feature extractor consisting of a

stack of TCNN layers followed by intra- and inter-lead attention layers. First, each lead of the 12-lead ECG

is fed to a stack of TCNN layers that operate at different dilation rates to extract the multi-scaled ECG

variabilities. The output feature maps of the TCNN layers for the lth ECG lead (xl) can be given as:

Fl = fTCNN
d=4

(
fTCNN
d=2 [fTCNN

d=1 (xl)]
)

(5.13)

where fTCNN
d represents a TCNN block consisting of two TCNN layers with dilation rate d and a stack of

such blocks maps the lth ECG lead (xl) to a output feature maps Fl ∈ RNf×Tf , with l = 1, 2, ..., 12. Here,

Nf and Tf represents the number of feature maps and their length, respectively. Next, the lead-specific

feature maps Fl are fed to the intra- and inter-lead attention layers. These layers emphasize/alleviate the

within- and across-lead clinically relevant/redundant ECG information and generate a high-level across-lead
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5.3 Problem Transformation based Deep Ensemble Approach for Multi-Label ECG Classification

attentive representation (ALAR) vector a ∈ RNf used for the classification as:

a = FInter

[
FIntra(F1),FIntra(F2), ...,FIntra(F12)

]
(5.14)

where FIntra and FInter denote the intra- and inter-lead attention layers functions, respectively. The

mathematical formulations of these layers are similar to that discussed in chapter 2.

5.3.2 Single-Label Binary Classification

The high-level ALAR vector (a) is fed to the fully-connected output layer with Softmax activation, defined

as Softmax(xi) =
1

Z
exp(xi) with Z =

∑
i exp(xi), to compute the probability distribution of outputs for the

input 12-lead ECG X and is given as: p(A|X)

1− p(A|X)

 = Softmax(Wov + bo) (5.15)

where p(A|X) and (1−p(A|X)) represent the probability of X belongs to class type A and nonA, respectively,

and A ∈ {NSR,CD,HY P,MI, STTC} (Figure 5.11 (b)). Wo and bo are weights and biases.

5.3.3 Training Model Parameters

The network parameters of the single-label binary classifier are trained or optimized using the binary cross

entropy loss function (L) computed as:

L = ylog(p(A|X)) + (1− y)log(1− p(A|X)) (5.16)

where y represents the true label of the input X, y ∈ {0, 1} with 1 for class type A and 0 for type nonA.

5.3.4 Multi-Label Classification Strategy

After training a set of binary classifiers one for each class type, the multi-label ECG classification is

performed as follows: first, the input X is fed to the five single-label binary classifies and obtained the

probability of output class prediction as [p(NSR|X); p(CD|X); p(HY P |X); p(MI|X); p(STTC|X)]. Finally,

multiple co-occurring cardiac disorders (multi-label) in the same ECG record are determined with 0.5

thresholding on the probability of predicting a specific class type (Figure 5.11 (a)). In addition, analysis of

the multi-label diagnosis decisions from the proposed framework can identify low- and high-risk patients

assessed in terms of the number of co-occurring cardiac disorders, i.e., patients with a single cardiac

disorder and patients with multiple co-occurring disorders, respectively (see Figure 5.11 (a)).
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5. Multiple Cardiac Disorders Classification from 12-Lead ECG using Multi-Scale Deep Ensemble Approaches

Table 5.6: Distribution of ECG recordings for the five diagnostic labels (NSR, CD, HYP, MI and STTC) and their
combinations across the development and the test sets of the PTBXL-2020 database.

Label Type Development Test Concurrent Labels Development Test

NSR 8093 902 One-label 14465 1638

CD 4054 453 Two-label 3335 349

HYP 2494 271 Three-label 849 100

MI 4933 553 Four-label 149 16

STTC 4704 519 Five-label 0 0

Total 24278† 2698† Total 18798 2103

†: More number of records than original due to the multi-label annotations of some ECG records.

5.4 Results and Discussion for the Multi-Label ECG Classification

This section presents the details of the clinical ECG datasets, the signal preprocessing, and the evaluation

metrics employed. This section also presents the details of the network optimization and the experimental

results of the proposed problem transformation-based deep ensemble approach for multi-label ECG

classification, followed by the performance comparison with the existing methods.

5.4.1 Clinical ECG Database

In this study, we have used the PTBXL-2020 dataset for model development and evaluation. The PTBXL-

2020 is the largest publicly available multi-label 12-lead ECG dataset comprising 21,837 records from

18,885 patients (females: 9,064; males: 9,821) sampled at 100 Hz for 10 s duration. The database

provides multi-label annotations for each 12-lead ECG record in terms of NSR or normal, CD, HYP, MI,

and STTC. Also, the database provides the development and test partitions of the ECG records. The

ECG records which do not have proper diagnosis annotations are excluded from the study. Table 5.6

shows the distribution of records across the five diagnostic labels and their multi-label combinations for the

development and test sets. As can be seen, around 23% of records (4,798 out of 20,901) have more than

one cardiac disorder at the same time; this emphasizes the importance of multi-label ECG classification.

5.4.2 Dataset for Training Binary Classifiers

This study employs a problem transformation approach for multi-label ECG classification; thus, the multi-

label dataset is divided into multiple sub-datasets representing each cardiac state. For example, the

sub-dataset of MI consists of MI and non-MI class ECG records. Here non-MI class consists of ECG

records from all other cardiac states except MI. It is observed that the sub-datasets of each cardiac state

(except NSR class) show an imbalanced ECG data distribution, i.e., the number of positive class samples
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5.4 Results and Discussion for the Multi-Label ECG Classification

is less than the negative class; thus, a random undersampling algorithm is employed to mitigate class

imbalance. For example, to train a binary classifier for the MI (MI vs. non-MI), the non-MI ECG recordings

are selected randomly from the development dataset (see Table 5.6) until twice as the MI recordings. The

selected sub-dataset is randomly divided into training and validation sets in the ratio of 8:2. It is to be

noted that the random undersampling is applied only on the development dataset, and the test dataset

is exclusively used for evaluating the performance of the proposed ATCNN model. The ECG signals are

preprocessed to remove baseline noise, followed by z-score normalization.

5.4.3 Model Configuration, Training Settings and Performance Measures

The proposed ATCNN configuration is described in Figure 5.11 (b). The hyperparameters, such as the

number of TCNN blocks and the convolutional filter size, are set experimentally. The model is trained with

an Adam optimizer with a learning rate of 0.001 on mini-batches of size 32 for 100 epochs. It is to be noted

that the same ATCNN architecture is used for each cardiac condition (NSR/CD/HYP/MI/STTC), and their

respective model parameters will be optimized during the training process. The classification performance

of each cardiac condition is evaluated by the standard binary classification measures such as recall (Re),

precision (Pr), specificity (Sp), accuracy (Acc), and F1-score. In addition, an exact match measure is also

employed to evaluate the direct match between the predicted and true multi-label vectors, ignoring the

subset of correctly predicted labels.

5.4.4 Multi-Label ECG Classification Results

Table 5.7 shows the class-wise and average classification performance of the proposed ATCNN model

on the test dataset. As can be seen, the model achieved an average Re of 83.88%, Pr of 70.80%, Sp

of 89.01%, Acc of 88.05%, F1-score of 76.51%, respectively. Specifically, more than 81% of Re across

all cardiac conditions shows that the proposed model has good sensitivity for detecting multiple cardiac

disorders. Although the pathological ECG features that characterize CD, MI, and STTC may be subtle and

similar at certain ECG-leads, the model still achieved a promising F1-score of 77.18%, 76.41% and 76.34%,

respectively. However, the under-representation of HYP samples in the training dataset slightly degrades

its F1-score on the test dataset. In addition, most of the ECG records concerning the presence or absence

(TP and TN) of various cardiac disorders are correctly classified with fewer misclassified (FP and FN)

records. The proposed multi-label ECG classification method achieves a multi-label exact match measure

of 66.38% on the test data (Table 5.7). The experimental results of the proposed model demonstrate good

detection performance for each cardiac condition. An ensemble of single-label binary classifiers with a
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5. Multiple Cardiac Disorders Classification from 12-Lead ECG using Multi-Scale Deep Ensemble Approaches

Table 5.7: Proposed ATCNN model performance on the PTBXL-2020 test set. TP: true positives, FN: false negatives,
FP: false positives, and TN: true negatives.

Class TP FN FP TN Re(%) Pr(%) Sp(%) Acc(%) F1-score(%)

NSR 811 93 172 1027 89.71 82.50 85.65 87.40 86.01

CD 367 86 131 1519 81.01 73.69 92.06 89.68 77.18

HYP 230 41 190 1642 84.87 54.76 89.62 89.01 66.57

MI 452 101 178 1372 81.73 71.74 88.56 86.73 76.41

STTC 426 93 171 1413 82.08 71.35 89.20 87.44 76.34

Average 83.88 70.80 89.01 88.05 76.51

Multi-label exact match(%) 66.38

fixed threshold of 0.5 on their predictions yields promising results for multi-label ECG classification. In

practice, grouping patients with a single cardiac disorder and multiple co-occurring disorders is critical in

timely initiating life-saving treatment plans for high-risk multimorbidity patients. Thus, the decisions from

the proposed framework are further analyzed to identify single and multimorbidity patients (Figure 5.11

(a)). The method correctly identified 408 single cardiac disorder patients out of 736 and 177 multimorbidity

patients out of 465 from the test dataset. We report these results by matching true and predicted label

vectors, ignoring the subset of correctly predicted labels.
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Figure 5.13: Boxplot of the inter-lead attention weights learned by the ATCNN model for 12-lead ECG illustrate the
importance of each ECG-lead for diagnosing (a) NSR, (b) CD, (c) HYP, (d) MI and (e) STTC on the validation dataset.

5.4.5 Model Interpretability

Figure 5.13 (a)-(e) show the distribution of inter-lead attention weights for the 12-lead ECG records of NSR,

CD, HYP, MI, and STTC, respectively. As can be seen, the proposed model provides different weights

of importance for each ECG-lead based on their diagnostic relevance or redundancy in identifying the

specific cardiac condition. Specifically, for the CD class, ECG-leads II, aVR, V1, aVL, and V3 contribute
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5.4 Results and Discussion for the Multi-Label ECG Classification

Figure 5.14: Visualization of intra-lead attention weights (red area height) assigned for different segments in salient
ECG-leads of a patient ID:03582-lr with RBBB and inferior MI occurring at the same time (example from the test
dataset). (a)-(b) Attention maps generated by the CD class binary classifier for ECG-leads I and V1. (c)-(d) Attention
maps generated by the MI classifier for ECG-leads II and aVF. As highlighted by the blue arrow, the red area
height is more for the pathological ECG features to some extent. (e) The proposed approach correctly identifies the
co-occurring cardiac disorders using a simple threshold of 0.5 on each class prediction probability.

more to the classification. Similarly, ECG-leads V5, V6, I, and V4 for HYP; V2, aVF, III, II, and V3 for MI;

and V6, aVR, V5, I, II, and V3 for STTC class. The reason for giving more weight to these ECG-leads is

that clinicians often examine the abnormal QRS-morphology in leads V1 and aVL to diagnose CDs such

as right BBB. The large R-wave in lateral leads V5, V6, and I helps detect HYP disease. Inferior leads

II, III, and aVF and anterior leads V3 and V2 are used in the clinic to detect the ST-elevation inferior and

anterior MI, respectively; the ST-depression and T-changes in lateral leads V5, V6, and I are used in clinics

to identify the lateral wall ischemia. Although ECG-lead aVR is often ignored in clinics, it helps diagnose

CD, and STTC patients [172]. Figure 5.14 (a)-(d) shows the visualization of intra-lead attention weight

maps for a key ECG-leads of a patient with complete RBBB and inferior MI occurring at the same time.

The proposed approach correctly identified these co-occurring disorders using simple thresholding on

the prediction probability of single-label binary classifiers (Figure 5.14 (e)). The attention weight maps

for the optimal ECG-leads of RBBB (Figure 5.14 (a)-(b)) and inferior MI (Figure 5.14 (c)-(d)) disorders

are extracted from their corresponding binary classifier. As can be seen, the intra-lead attention layer

provides different weights for different ECG features based on their relevance in the diagnosis process. In

practice, clinicians examine (i) the deep S-waves in the lead I and broad QRS-complexes in the lead V1 for

diagnosing RBBB disorder and (ii) the distinct ST-segment elevations in the inferior leads II and aVF for

diagnosing inferior MI. Interestingly, the attention maps learned by the model indeed provide more weight

to these pathological ECG features during the diagnosis process. In summary, the intra- and inter-lead

129
TH-3010_166102109



5. Multiple Cardiac Disorders Classification from 12-Lead ECG using Multi-Scale Deep Ensemble Approaches

attention weights generated by the proposed model match with the clinical evidence to some extent, which

aided in improved performance and promising model interpretability results.

Table 5.8: Comparison of the proposed method with existing multi-label ECG classification methods.

Reference Method Database (#Records) #Multi-Label Records Performance

[130] 117 handcrafted feature + Multi-objective classifier CPSC2018 (6,877) 476 F1-score = 60.8%

[131] Sequence generation-based DCNN model CPSC2018 (6,877) 476 F1-score = 87.2%

[132] DCNN model CPSC2018 (6,877) 476 F1-score = 96.7%

[133]† CNN + BiLSTM + Attention layers CPSC2018 (6,877) 476 F1-score = 60.1%

Proposed TCNNs with different receptive fields + Attention layers PTBXL-2020 (21,836) 4,798 F1-score = 76.5%

†: This method uses single-lead ECG input, and all other methods use 12-lead ECG input. #: Number of.

5.4.6 Comparison with Existing Methods

Table 5.8 compares the performance of the proposed and existing multi-label ECG classification methods.

Existing methods [130–133] mostly used algorithm adaptation approaches for multi-label ECG analysis.

However, these methods require complex models with rigorous threshold adjustment to achieve good multi-

label ECG classification performance. On the other hand, the proposed method is based on the problem

transformation approach, where the complex problem is transformed into a set of simple single-label binary

classifiers. An ensemble of predictions from these classifiers provided promising performance for multi-label

ECG classification with an average F1-score of 76.5% (Table 5.8). Existing methods [130–133] employed a

small CPSC2018 dataset containing only 476 multi-label 12-lead ECG records for the evaluation. Thus,

the higher F1-score of the methods [131,132] may be attributed to the correct detection of records with

single-label disorders. On the other hand, the proposed method is validated on a large PTBXL-2020 dataset

consisting of 4,798 multi-label ECG records. Moreover, the dataset contains ECG records of patients with

acute disorders such as MI, HYP, and CD; thus, their co-occurrence detection helps clinicians identify

high-risk patients and initiate timely treatment. The proposed DL-based model also shows promising model

interpretability results; thus, it may help clinicians and researchers to understand the salient ECG-leads and

pathological ECG features that led to the diagnosis. Finally, compared to the existing methods, incorporating

TCNN layers with different dilation rates followed by attention layers in the proposed model effectively

learned the multi-scaled pathological ECG features dynamics, improving classification performance. In

order to generate the multi-label classification decision for the 12-lead ECG input, the proposed framework

takes an acceptable average test run-time of 9.59 ms.
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5.5 Summary

This chapter explored the use of multi-scale temporal CNN ensemble frameworks for the automated analysis

of multiple acute cardiac disorders from 12-lead ECG. Specifically, the MS-DTCE model is proposed for

effective multi-class ECG classification. The main contributions include; (i) the design of multiple SD-

DTCNN expert classifiers that exploit key multi-scaled pathological ECG variabilities for generating local

predictions and the design of a gating network for combining the experts’ local predictions in a data-

adaptive manner to generate the final diagnosis decision; (ii) the formulation of the new error function

with a correlation penalty for optimizing various modules of proposed architecture simultaneously in an

end-to-end manner. Experimental results demonstrated that our approach effectively classifies cardiac

disorders over baseline methods by combining diagnosis decisions from multiple experts. The proposed

MS-DTCE has the advantages of high diagnostic accuracy for a broad range of acute cardiac disorders,

elegant generalization ability for effectively handling ECG signals with different leads (12-leads/single-lead),

and encouraging model transparency results; thus, it has the potential to be employed for reliable cardiac

ailments screening applications.

In this chapter, we also presented the use of a problem transformation-based deep ensemble approach

for the multi-label ECG classification. Specifically, a set of ATCNN-based single-label binary classifiers are

trained for each cardiac disorder, and these classifiers can extract the multi-scaled ECG features using

TCNN layers and attention modules for improved performance. The predictions from the binary classifiers

with simple thresholding generated the final multi-label decisions. The model design is more efficient than

the algorithm adaptation methods for multi-label ECG analysis and can be extended to any additional

disorders with relatively minimal effort. The preliminary findings suggest that transforming the multi-label

problem into an ensemble of single-label classifiers demonstrated promising detection for co-occurring

cardiac disorders appearing in the same ECG record. The experimental results also demonstrated the

advantage of this approach for identifying single and multimorbidity patients; thus, the method has the

potential to screen patients at high-risk and help clinicians initiate timely treatment.
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6. Conclusions

6.1 Summary of the Work

According to the American Heart Association/American College of Cardiology (AHA/ACC), the global

prevalence of heart diseases is rising at an alarming rate, from 271 million in 1990 to 523 million in

2019, and it is estimated to increase exponentially by 2030 [3]. The recent projections show that the

high prevalence of heart diseases will result in a massive shortage of physicians per patient, an increase

in overall costs for patient care, and mortality rates worldwide [16]. It would be troublesome for any

cardiac clinics to provide screening services at a large scale with a limited number of experienced medical

practitioners. Unfortunately, recent evidence suggests that the risk and 1-year burden of heart disease in

survivors of acute COVID-19 are substantial [173], which further adds to the increase in prevalent cases.

Consequently, there is an urgent unmet need for automated ECG interpretation methods as they can

accomplish fast and reliable screening for cardiac disorders in home-care or hospital-care applications,

improve disease management, and reduce the overall cost of care. In addition, most cardiac disorders

progressively worsen over time. Thus, developing intelligent automated methods suitable for portable

remote health monitoring ECG devices can enable early diagnosis and severity assessment of cardiac

disorders, thereby aiding clinicians in initiating appropriate treatment strategies that could help avert further

disease progression and improve patient outcomes. In this direction, the current thesis presented various

automated ECG interpretation methods for the diagnosis and severity assessment of cardiac disorders

using 12-lead and single-lead ECG signals. The methods exploited the pathological ECG manifestations of

cardiac disorders and effectively handled the disease variabilities to develop reliable and robust DL-based

automated approaches. The summary of each chapter of the thesis is given as follows.

In Chapter 1, the physiological origin of the ECG signal and the popularly used ECG recording systems,

including the standard 12-lead ECG and the single-lead ECG, have been introduced. This chapter also

discusses various life-threatening cardiac disorders and their associated pathological ECG manifestations,

followed by the challenges encountered during the clinical diagnosis. Subsequently, the literature review of

the existing automated methods for diagnosing cardiac disorders from single- or 12-lead ECG signals is

presented. Although many automated ECG interpretation methods are proposed for diagnosing cardiac

disorders, few research gaps existed that were not addressed effectively. This chapter briefly discusses

these research gaps and the motivation for the current research in the last section. The following paragraphs

summarize the major findings related to each motivation and list the most important conclusions.

Although MI is a progressive cardiac disorder, existing methods [69,71–78] consider it as one broad

category for the diagnosis and do not address its severity staging. The subtle variabilities in the pathological
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ECG manifestations and dynamic changes in their temporal dependencies during the disease progression

pose a challenge for reliable classification of MI severity stages (early MI, acute MI, and chronic MI). In

addition, the implicit diagnostic redundancy of the 12-lead ECG often obscures the clinically relevant

information, which further adds to the difficulty of classifying severity stages. To address the above

challenges, in Chapter 2, we presented an MLDA-RNN method for the reliable automated classification

of MI severity stages from 12-lead ECG. The model systematically processes the 12-lead ECG using

lead-specific RNNs followed by intra- and inter-lead attention modules. Specifically, the lead-specific RNNs

effectively characterize the temporal dynamics of subtle pathological manifestations associated with the

MI severity. The subsequent intra- and inter-lead attention modules automatically emphasize/alleviate the

diagnostically relevant/redundant within- and across-lead information during the feature fusion to obtain

the discriminative feature representations for reliable classification. The experimental results verified that

the combination of RNNs and intra- and inter-lead attention modules effectively combines the relevant

within- and across-lead diagnostic information of the 12-lead ECG, which aided in an impressive OA of

97.79% for severity stages classification. Along with the improved performance, the notable advantage of

the MLDA-RNN method was the diagnostic transparency provided by the attention weights. Visualizing

intra- and inter-lead attention weights verified the correlation of weights with the diagnostic relevance of

focused ECG features and ECG leads, which often aligns with medical knowledge and correlates with

the cardiologist’s way of 12-lead ECG examination. In this chapter, we also presented the effectiveness

of fusing the patient’s clinical features with the 12-lead ECG to improve MI and non-MI diagnosis in the

presence of mimicking MI patients. The preliminary findings suggested that incorporating the patient’s

clinical history and the 12-lead ECG into MI evaluation improved OS by 7.5% over 12-lead ECG alone.

Chapter 3 addressed the task of automated CHF diagnosis from the single-lead ECG heartbeats. The

diverse etiology of CHF results in wide variability in the pathological ECG features and dynamic changes

in their temporal dependencies. The existing methods employ DCNN-based feature representation

models [49, 88, 89], which may not adequately capture complex pathological ECG features and their

temporal dependencies associated with the CHF syndrome. Moreover, these deeper networks are hard to

optimize because of the vanishing gradient problem, and also, these methods lack ”diagnostic transparency,”

which limits their applicability in real-world clinical applications. To tackle these issues systematically, we

presented the A-DRRNet method that attentively captures the complex pathological ECG features and their

temporal dependencies (P-QRS-T) associated with the CHF syndrome to make the diagnosis decision

and enhance the model transparency. Specifically, the proposed method employed multi-layered RNNs

consisting of recurrent hidden states to encode the temporal dynamics of complex pathological ECG
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features effectively. In addition, residual connections have been introduced between the RNN layers to ease

the training of the proposed deeper network, which we have shown with mathematical derivations. Finally,

we incorporated an attention module to further improve feature learning by focusing on clinically relevant

ECG information for efficient CHF detection. The proposed method improved the diagnostic accuracy of

CHF detection by nearly 4.6% compared to the existing methods, achieving an Acc of 98.57%. Notably, the

advantage of the proposed method was the diagnostic transparency achieved by visualizing the attention

weight heat maps. The visual analysis of the weights and the corresponding ECG features verified that

the A-DRRNet model learned to focus on ECG features that characterize CHF for the diagnosis, which

imparted adequate interpretability to the model and made it more reliable for clinical applications.

AF is the most common heart rhythm disorder that can progressively worsen over time and increases

the risk for ischemic stroke five-fold. Because AF can be intermittent and asymptomatic, it remains

undiagnosed with the conventional snapshot 30 s ECG evaluation performed during routine hospital visits.

As a result, ischemic stroke was often the first clinical presentation of AF in many patients. It is thus a

disorder that would benefit from continuous monitoring with Holter ECG devices. Analyzing AF burden from

these long-term ECG recordings can aid in the early diagnosis and severity assessment of AF condition

and help assess the patient’s response to stroke prevention therapies. Existing approaches [90,113–118]

focus on detecting the presence or absence of AF and do not quantify the disease severity via AF burden.

The precise AF burden estimation from the long-term recordings is often challenging due to frequent

ectopic beats, i.e., AF-masquerading rhythms and different noise levels. To address the above challenges,

in Chapter 4, we presented an MT-DCNN method for accurate and robust AF burden estimation from the

single-lead long-term ambulatory ECG recordings. The method included AF detection as a primary task

and the ECG sequence reconstruction as an auxiliary task using DCNNs. Specifically, we incorporated a

CDAE-based auxiliary task, which was shown to regularize the MT-DCNN model to learn robust feature

representations for efficient AF detection and aided in accurate AF burden estimation from long-term

recordings. The experimental results demonstrated that the MT-DCNN model outperformed benchmarked

feature engineering and DL approaches with a lesser mean EAF error of 2.8% on the test set. In addition,

the MT-DCNN also demonstrated robust AF burden estimation results on independent test sets with

frequent ectopic beats and different noise levels over the baseline methods. Finally, apart from helping

identify patients with low- and high-risk for stroke, the analysis of AF burden from the long-term recordings

showed an improvement of nearly 20.7% in AF diagnosis Acc over traditional snapshot ECG evaluation.

In real-world clinical applications, patients can present with various acute cardiac disorders, including

MI, BBBs, and HYP. Thus, the automated diagnosis systems should be able to analyze 12-lead ECG signals
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of multiple cardiac disorders simultaneously and correctly identify the underlying cardiac ailment/ailments

for their appropriate management. However, it is challenging to classify multiple cardiac disorders reli-

ably, considering their subtle, similar, and multi-scaled pathological ECG morphologies. Existing single

expert/classifier-based approaches [124–129] may not adequately represent the highly variable and multi-

scaled ECG manifestations associated with multiple cardiac disorders. In practice, clinicians often seek

a second or more opinion for patients with confusing ECG biomarkers before making the final diagnosis.

Thus, the weighting of suggestions from several experts can generate a reliable final decision. Inspired

by this mixture of expert-based clinical diagnosis, in Chapter 5, we presented multi-scale deep temporal

CNN ensemble approaches for effective multi-class and multi-label ECG classification. Specifically, the

MS-DTCE method was developed to extract and combine diverse multi-scaled ECG features for effec-

tive multi-class ECG classification. The method included several temporal CNN-based expert classifiers

(SD-DTCNN) with different receptive fields to extract the temporal dynamics of scale-specific pathological

ECG characteristics and generate local predictions. A temporal CNN-based gating network (DTCNN)

was designed to aggregate the local predictions of experts based on their competencies. An objective

function was also formulated to facilitate the interaction and optimal diversity between the experts, enabling

them to learn specialized discriminative features for improved classification. The experimental results

on the PTBXL-2020 and the CinC-2017 datasets demonstrated that the MT-DTCE effectively classifies

cardiac disorders over baseline methods by combining diagnosis decisions from multiple experts and

achieved an impressive F1-score of 84.5% and 88.3%, respectively. The MS-DTCE has the advantages

of high diagnostic accuracy for a broad range of acute cardiac disorders, elegant generalization ability

for effectively handling ECG signals with different leads (12-leads/single-lead), and encouraging model

transparency results. In this chapter, we also presented a problem transformation-based deep ensemble

approach for the multi-label ECG classification. Particularly, a set of ATCNN-based single-label binary

classifiers were trained for each cardiac disorder using temporal CNN layers with different dilation rates and

attention modules for learning multi-scaled ECG variabilities. The predictions from the binary classifiers

with simple thresholding generated the final multi-label decisions. The preliminary findings suggest that

transforming the multi-label problem into an ensemble of single-label classifiers demonstrated promising

multi-label ECG classification performance with an average F1-score of 76.5%. The experimental results

also demonstrated the advantage of this approach in identifying single- and multi-morbidity patients.

Overall, the findings of this thesis conformed that the DL methods applied for ECG analysis could im-

prove and extend current diagnostic models, bring new research opportunities and contribute to developing

automated decision support systems for home care and hospital care applications.
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6.2 Future Directions

In this thesis, we have presented several automated methods for improving the diagnosis of cardiac

disorders from the ECG signals. The following would be the directions for future works that might further

improve the clinical decision-making process for cardiac ailments.

• Although the standard 12-lead ECG helps diagnose various cardiac abnormalities, it is unreliable

for diagnosing posterior cardiac ailments, such as ST-elevation posterior myocardial infarction (PMI).

This is because the 12-lead ECG measurement does not have posterior monitoring electrodes.

Clinically, ST-depressions in the anterior ECG leads (V1-V4) of 12-lead ECG are examined for PMI

diagnosis. However, the ST-depressions in these ECG leads are not specific to PMI as the anterior

ischemia also shows similar ST-depressions, which results in poor diagnosis performance. The 3-lead

vectorcardiogram (VCG) is an alternative recording system consisting of an electrode monitoring

the posterior heart wall; thus, it is more reliable for diagnosing posterior cardiac abnormalities. The

3-lead VCG is acquired using seven electrodes placed in specific locations on the human torso that

captures the cardiac electrical activity in three orthogonal directions, namely Vx, Vy, and Vz. As

preliminary work [174], we presented an ML-based method that exploits the 3-lead VCG signals

using multiscale eigen features followed by a cost-sensitive SVM classifier for identifying PMI patients.

Experimental results on a small dataset suggest that 3-lead VCG can significantly improve the PMI

detection performance over the 12-lead ECG. However, validation on large datasets is required to

verify its clinical utility, which could be a promising direction to be explored in future works.

• In Chapter 2, the MLDA-RNN is proposed for classifying MI severity stages (EMI, AMI, and CMI)

using 12-lead ECG. The early stages of MI can be reversible, and if left untreated, it causes severe

irreversible damage to the myocardial tissues. Recent studies show the interaction of various risk

factors (age, gender, high blood lipids, smoking, diabetes, hypertension, obesity, stress, alcohol

intake, and exercise) in accelerating MI progression [152, 175]. Several risk computation models,

including TIMI (Thrombolysis in Myocardial Infarction) and GRACE (Global Registry of Acute Coronary

Events), employ some of the above risk factors to assess the MI severity [175]. Combining the ECG

features from the MLDA-RNN with the patient’s risk factors can play a crucial role in designing

robust severity assessment tools for MI and help identify patients benefit from the therapy. Although

preliminary findings from Chapter 2 demonstrate the effectiveness of combining features for improving

MI detection in the presence of mimicking MI diseases, these results require further validation on
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large patient cohorts to be used for the risk assessment, which needs to be addressed in the future.

Finally, the inter-lead attention weights learned by the MLDA-RNN method can provide the number

of salient ECG leads showing pathological manifestations, which can be further analyzed as a risk

factor to assess the location, spread, and severity of the infarcted heart region.

• CHF is a chronic progressive condition with different severity levels, such as NYHA types I to IV

based on symptoms, and with different subtypes, such as HF with preserved ejection fraction, HF with

reduced ejection fraction, and HF with mid-range ejection fraction based on left ventricular ejection

fraction (LVEF) measurements. In Chapter 3, we have addressed only CHF detection as a broad

category from ECG beats using an A-DRRNet model. Considering CHF is a syndrome, the surface

ECG may not provide sufficient evidence for its staging; thus, the proposed approach is only suitable

for the preliminary screening of CHF patients. However, the combined analysis of B-type plasma

Natriuretic Peptides (BNP) and advanced echocardiogram (ECHO) for the suspected CHF patients

(detected using ECG) can provide crucial details about the disease severity and helps choose an

appropriate treatment [176], which could be a promising direction to be explored in the future.

• The MT-DCNN model presented in Chapter 4 has shown promising results for AF burden estimation

from the long-term Holter ECG recordings over the baseline approaches. However, in the presence of

high proportion ectopic beats (LTNSRDB test set), the model predicts more false AF rhythms, thereby

increasing EAF error (see Table 4.5). Including more representative data for the ectopic beat rhythms

during training would increase the generalization performance and potentially reduce the EAF error.

Although the selection of 30 s ECG excerpts provided better results for the current datasets, it may

cause slight inaccuracies in AF burden estimation for some cases of paroxysmal AF, in which AF only

lasts for a couple of seconds. Further investigations on the optimal analysis window could be one

more promising direction to explore. The use of a 4% AF burden threshold for screening low- and

high-risk AF patients is motivated by the recent research guidelines [135,156]; further insights can be

explored to determine the best threshold for stroke risk-stratification. In addition, we have employed

only AF burden and did not consider the patient’s risk profile represented by the CHA2Ds2-VASc

score [177] for the stroke risk-stratification. Recent studies [136,155] have suggested that combining

AF burden measures with the patient’s risk profile helps design more robust personalized stroke

risk-stratification approaches for AF patients, which demands further exploration.

• In the direction of multiple cardiac disorders classification, Chapter 5 investigates the MS-DTCE and

the ATCNN ensemble frameworks for multi-class and multi-label ECG classification, respectively.
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Specifically, considering the limited multi-label ECG records, we employed a problem transformation-

based ATCNN approach for classification. This multi-label method does not consider the label

correlation information during analysis. Including more representative label combinations data

can help exploit the label correlation information, further improving the multi-label classification

performance. Although preliminary findings suggest the effectiveness of the proposed multi-label

method, validation on large-scale datasets is required to verify its clinical utility. Besides limited ECG

records, using 12-lead ECG alone to detect multiple cardiac ailments has systematic limitations in

providing differential diagnoses for mimicking diseases, limiting the performance of multi-class and

multi-label ECG classification (see Table 5.2 and Table 5.7). Hence, multimodal analysis of advanced

cardiac imaging tools such as MPI, angiography, ECHO, and MRI for the suspected individuals

(detected using ECG) could improve the performance further by accurately identifying the origin of the

pathology for various cardiac ailments and aid in definitive treatment, which is a promising direction

to be explored in the future.

• It is well known that DL models require large amounts of annotated datasets to generate reliable

diagnosis results. However, considering the asymptomatic nature of AF and CHF (NYHA I and

II), the large-scale datasets of these disorders are less abundantly available. In addition, the lack

of large datasets for the early stages of MI and other cardiac disorders (BBBs and HYP) affects

the classification performance of the automated methods. For example, insufficient data for these

disorders result in a drop in their detection performance, as seen in Table 2.5, Table 5.2, Table 5.3, and

Table 5.7. Although cost-sensitive learning and data-augmentation techniques have been adapted,

there is still room for improvement. Recently, data-efficient DL approaches such as semi-supervised

generative adversarial networks (GANs) have provided better generalizable results in limited training

data conditions [178,179]. A detailed study on semi-supervised GANs for classifying cardiac disorders

can be performed in the future.

• The DL models presented in this thesis are generic enough to be used for diagnosing any other

cardiac disorders from single-/12-lead ECG signals. Lastly, we perceive that the lack of adequate

databases has limited the research in this field. Large-scale databases featuring different cardiac

diseases and advanced multimodal imaging measurements need to be created to forward research

in the field.
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• Min-max normalization: It is an amplitude scaling technique that standardizes ECG signals between

0 and 1. The general formula for the min-max normalization is as follows:

z =
x −min(x)

max(x)−min(x)
(A.1)

where x ∈ RT is the original input ECG, z ∈ RT is the normalized ECG, T denotes ECG sequence

length, and min and max are the minimum and maximum values of the original input ECG.

• Z-score normalization: It is an amplitude scaling technique that standardizes ECG signals to have

zero mean and unit variance [73]. The general formula for the Z-score normalization is as follows:

z =
x − µ

σ
(A.2)

where x ∈ RT is the original input ECG, z ∈ RT is the normalized ECG, T denotes ECG sequence

length, and µ and σ are the mean and standard deviation of the original input ECG.

• Macro-average evaluation metrics for multi-class classification: The multi-class classification

performance is evaluated using the class-wise and overall macro-average measures derived from

the confusion matrix. Table A.1 shows the representation of a multi-class confusion matrix with

entries uab representing the number of samples from the test set originally belonging to class a and

classified as class b where a, b ∈ {1, 2, ..., C}. The class-wise measures include the precision (Pr), the

sensitivity/recall (Re), the and the F1-score (F1). The mathematical formulation of these measures

are given in Eq. A.3 where Pra, Rea and the F1a are the class-wise precision, recall and F1-score

for class a, a ∈ {1, 2, ..., C}. The overall macro-average measures, i.e., the macro-average precision,

recall, and F1-score, are computed as in Eq. A.4, Eq. A.5, and Eq. A.6.

Table A.1: Multi-class confusion matrix.

Predicted output
1 2 ... C

Actual output

1 u11 u12 ... u1C
2 u21 u22 ... u2C
. . . ... .
. . . ... .
. . . ... .
C uC1 uC2 ... uCC

Pra =
uaa∑C
e=1 uea

Rea =
uaa∑C
e=1 uae

F1a =
2× Pra ×Rea
Pra +Rea

(A.3)
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macro− average− precision =
1

C

C∑
a=1

Pra (A.4)

macro− average− recall =
1

C

C∑
a=1

Rea (A.5)

macro− average− F1 =
1

C

C∑
a=1

F1a (A.6)

• R-peak detection-based SQI (bSQI): In order to discard noisy ECG excerpts, we employed an

R-peak or QRS detection-based signal quality index (bSQI) [8]. It compares two R-peak detectors;

one is more sensitive to noise (wqrs) than the other (Pan and Tompkins). The bSQI is computed as

the ratio of R-peaks detected synchronously (within an interval of 150 ms) by both detectors to all the

detected R-peaks (by either detector). If both detectors agree, the clinical quality of the signals can

be assumed to be high enough for automated diagnosis. Typically, excerpts with a bSQI less than 0.8

were excluded from the analysis [8].

• Activation layer: Activation functions generally follow the output feature maps of the convolution

layers, which add non-linearity to the input features [68]. Without non-linear activations, the neural

networks would perform as linear functions, thereby limiting their representation ability. The non-linear

elements allow for greater flexibility and the creation of complex functions during the learning process.

The rectified linear unit (ReLu) is the most popular activation function, which passes positive inputs

as it is and suppresses the negative inputs to zero, thereby preventing the activation of all neurons

at a time. This rectified activation reduces the computational burden of the deep neural networks,

leading to faster convergence.

• Pooling layer: The pooling layers merge systematically similar features from the local patches of

feature maps to a more robust one using max or average operations [68]. Thus, pooling layers output

more robust feature maps invariant to the translation by condensing them to a smaller size. The

max-pooling operation is often preferred in the convolutional layers and is performed by selecting the

highest activation within the pooling window.

• Global average pooling (GAP): The feature maps of the last convolutional layer are transformed

into a one-dimensional vector and fed to the FC layers for classification. However, the FC layers

increase the computational burden, are prone to overfitting, and may hamper the generalization ability
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of the CNN models. Therefore, the GAP can be used in place of the FC layer, which transforms

the convolutional feature maps (by averaging each) into a vector, followed by the output layer for

classification. Applying GAP at the last convolutional layer can reduce the computational burden by

limiting the number of trainable parameters, alleviating overfitting, and improving the generalization

ability of the CNN models [73].

• Dropout: The Dropout layer randomly sets input units to zero with a frequency of Drop-rate at each

step during training time, which prevents the network from being highly dependent on only a few

neurons of the network as it may be randomly eliminated [73]. Therefore, the dropout encourages

the network to spread out and assign a small quantity of weight to all the neurons. This results in

shrinking the squared norm of the weights, similar to L2 regularization, thereby preventing overfitting.

It should be noted that the Dropout layer is only employed during the training, and no values are

dropped during inference.

• Batch normalization (BN): Training deep neural networks with many layers can be complicated as

the distribution of each layer inputs changes for parameters update during training. This problem

is also known as the “internal covariance shift,” and it can be addressed by the BN technique that

normalizes the outputs of the previous activation layer by subtracting the batch mean and dividing it

by the batch standard deviation. Note that the batch mean and standard deviation are calculated for

each output of the previous activation layer across all batch samples. The advantages of applying BN

are as follows: (a) mitigates internal covariance shift, which makes training deep neural networks

faster and more stable, and (b) mitigates the interdependency between layers during training, which

reduces overfitting [70].

• Identity skip connections: To better represent the complex features, a common way used in

neural networks is to stack more layers. However, the deeper networks are hard to optimize

because of the vanishing gradient problem, i.e., as the gradient is back-propagated to earlier layers,

repeated multiplication may make the gradient significantly small and result in slow convergence

and performance degradation of the model. Introducing the identity skip connections between the

adjacent layers alleviates the vanishing gradient problem by maintaining proper gradients at the initial

layers, improving the deep neural network’s ability to learn complex hierarchical features [153].
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