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ABSTRACT

The electrocardiogram (ECG) is a noninvasive and affordable tool that offers valuable in-
sights into heart activity from multiple perspectives. However, medical practitioners often
face difficulties in diagnosing underlying heart conditions from ECG signals. To address
these challenges and improve diagnostic accuracy, researchers have investigated the poten-
tial of deep learning (DL) techniques. Nevertheless, developing a robust and interpretable
deep learning model that performs well across diverse ECG datasets remains a key research

focus.

Thus, in this PhD research, an interpretable deep learning system is designed, incorporat-
ing preprocessing of ECG signal and post-hoc interpretability. The designed model is a
multichannel hybrid deep learning architecture consisting of 12 blocks, each combining a
one-dimensional (1D) convolutional neural network (CNN) with bidirectional long short-
term memory (BiLSTM) networks. After the 12 blocks, the feature maps are concatenated
and further processed by an attention mechanism and a two-dimensional (2D) CNN. All
components, including the 1D CNN, BiLSTM layers, attention mechanism, and 2D CNN,
are used as feature extraction backbones. Subsequently, fully connected (FC) layers are
incorporated for classification. The model was independently trained and tested on three
distinct 12-lead ECG datasets: (1) the PTB-XL dataset, using five super-diagnostic classes,
(2) the CODE-15% dataset, encompassing six heart disease classes, and (3) the Chapman
Arrhythmia datasets, which were analyzed using two configurations: seven reduced classes
(Chapman-Reduced) and four merged classes (Chapman-Merged). The model achieved av-
erage test accuracy rates of 89.84%, 97.82%, 98.55%, and 98.80% for these datasets, respec-

tively. The result indicates the model’s effectiveness across different ECG datasets.

To understand how the model reached its classification result, we applied two post-hoc inter-
pretability techniques: Gradient-weighted Class Activation Mapping plus (Grad-CAM++)
and SHapley Additive exPlanations (SHAP). These techniques were used to visualize influ-
ential segments of the ECG signal, both at the instance level for specific samples and at the
test set level for assessing the overall contributions of individual ECG leads. SHAP, with its
theoretical grounding, ensures consistent feature attribution by capturing causal relationships
within the ECG data. Meanwhile, Grad-CAM++, through causal localization, identifies re-

gions of the ECG signals that influenced the model’s decisions. The interpretability provided

iii



from both techniques were cross-checked against heart disease manifestations in ECG sig-
nals using established cardiology literature, ensuring alignment with clinical patterns. The
model’s performance and the output interpretation techniques demonstrate that the proposed

approach is a practicable tool for ECG-based heart disease diagnosis.

Keywords: Heart disease, 12-leads ECG, CNN-BiLSTM, deep learning, interpretability,
Grad-CAM++, SHAP.
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CHAPTER 1

Introduction

1.1. Motivation

Heart disease is one of the deadliest health conditions, as it severely affects the heart’s func-
tion and damages the blood vessels. According to a World Health Organization (WHO)
report, in the year 2019, around 17.9 million cardiovascular disease-related deaths were
registered. This accounts for 32% of all global mortality, and the highest among all non-
communicable diseases [1]. In addition, more than three-fourths of all these mortalities

occur in low and middle-income countries [1].

In heart diagnosis clinicians use different procedures and tools such as an electrocardiogram
(ECG) [2], echocardiogram [3], coronary computed tomography angiogram (CCTA) [4],
cardiac magnetic resonance imaging (MRI) [5], blood tests [6] and coronary angiograms [7].
Among the listed diagnosis techniques, ECG is a low-cost and non-invasive procedure that
can easily be administered for diagnosing heart disease [2]. However, according to J. Higueras
et. al. [8] physicians of all levels face a challenge in accurately picking the underlying heart
disease by reading ECG waves. J. Higueras et al. [8], revealed that results from the study
group of 195 physicians, 153 of whom are residents and 42 staff members, indicated that
medical doctors’ ability to read ECGs varies widely and reported accuracies are modest.
Another study conducted by Amini et. al. [9], it is shown that ECG interpretation compe-
tency among 323 medical staff and students was 5.13 +2.25 for a maximum score of 10.
Besides, the finding highlighted that 77.3%, 63.8%, and 62.2% of the participants could not
identify normal, myocardial infarction (MI), and pathological Q-waves, respectively. In ad-

dition, Getachew et al. [10] conducted a cross-sectional study to evaluate the competency of



ECG interpretation among medical interns at Addis Ababa University and Haramaya Uni-
versity. The study reported that the ability of graduating medical students to identify ECG
abnormalities, such as anteroseptal ST-segment elevation myocardial infarction (MI), atrial
fibrillation (AFIB), and first-degree atrioventricular block (1dAVb) was 42.6%, 39.1%, and
32.1%, respectively. Their finding indicates the difficulty physicians at all levels face in
diagnoses of heart diseases in reading and interpreting an ECG. The difficulty is mainly be-
cause of the variety of cardiac disease situations and the manifestation similarities of cardiac

illness on an ECG.

To mitigate these challenges and aid physicians in the diagnosis of heart conditions, a com-
puterized interpretation of ECG records (CIE) was introduced [11]. However, studies have
shown significant inaccuracies of this method and limitations of computerized ECG interpre-
tation [12]. Thus, despite attempts to improve the accuracies of automated ECG interpreta-
tion techniques, the final ECG interpretation still requires a physician re-read. Furthermore,
the lack of an internationally accepted standard for computerized ECG interpretation poses
a challenge for relying on CIE [11]. As a result, researchers have been examining the possi-
bility of machine learning (ML) techniques in interpreting ECG signals for cardiac disease

diagnosis.

1.2. Heart Anatomy Overview

The heart is a very critical organ responsible for pumping blood to all parts of the hu-
man body through blood vessels by using rhythmic contractions of cardiac muscle or my-
ocardium. It consists of four chambers separated into left and right sides by the wall called
the septum. Each side of the heart contains atria and ventricle [13]. The right atrium and
ventricle, respectively, collect deoxygenated blood from the body via superior and inferior
vena cava, and pump it into the lungs via right and left pulmonary arteries. Whereas, the
left atrium and ventricle, respectively, collect oxygenated blood from the lungs via right
and left pulmonary veins, and pump it throughout the body via the aorta, as shown in Fig-

ure 1.1 [13,14].

The heart pumps blood in a synchronized manner under the control of the cardiac conduc-
tion system. The system consists of sinoatrial (SA) node, atrioventricular (AV) node, and

conduction cells, as shown in Figure 1.2 [14]. The SA node initiates the cardiac cycle by
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Figure 1.1: Sectional View of the Heart: the blood flow and physiology [14].

stimulating the contraction of cardiac muscle fibers [14]. The process is rhythmic and deter-
mines the heart rate, which is 70 to 80 times per minute for a normal adult. The characteristic
rhythm of this SA node is called sinus rhythm. The impulse generated by the SA node passes
to the AV node via junctional fibers of the cardiac conduction system. The AV node passes
the cardiac impulse into the interventricular septum via the atrioventricular bundle. The
atrioventricular (AV) bundle branches spread into enlarged Purkinje fibers and continue to
the heart’s apex curving around the ventricles. The Purkinje fibers have numerous small
branches that become continuous with cardiac muscle fibers. The stimulation of the Purk-
inje fiber causes the ventricle walls to contract in twisting motion that forces blood into the
aorta and pulmonary trunk [14]. So, the impulse initiated in the SA node passes through the
AV node, atrioventricular (AV) bundle, right and left bundle branches, and finally ends in
Purkinje fibers. This electrical activity of the heart is picked by electrodes placed on the skin

and results in an ECG waveform.
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Figure 1.2: Sectional View of the Heart: the conduction system components [14]

1.3. ECG Signal

ECG machines are used to acquire electrical activities of the heart as observed from the
electrodes attached to a patient’s arms, legs, and chest, as shown in Figure 1.3. The electrical
signals picked by these electrodes are associated with a 12-lead ECG machine that records
the aggregate electrical activity of the heart from distinct angles over some time, commonly
12 seconds [15]. Besides, a 12-lead ECG is a standard technique in diagnosing various
heart diseases [16]. Among the 12 leads, the three bipolar leads (I, II, and III) measure
the potential differences between both arms, and one arm and the leg [14]. The six chest
leads (V1 to V6) are unipolar. The remaining leads, aVR, aVL, and aVF, are augmented
limb leads derived from standard limb leads (I, II, and III). The six chest leads (V1 to V6)
view the heart’s electrical activity in the horizontal plane, whereas the six limb leads (I, II,
III, aVR, aVL, and aVF) view the heart’s electrical activity in the vertical plane [2,17]. A

standard ECG record of a patient is shown in Figure 1.4.

A single cycle of an ECG contains a pattern of waves, as shown in Figure 1.5. When the

sinoatrial (SA) node triggers an impulse, the atrial fibers depolarize to produce a potential
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Figure 1.3: The placement of ECG electrodes on the chest, arms, and legs [18].

difference called a P-wave, leading to atrial contraction. In a normal ECG, as shown in
Figure 1.5, a P-wave has a duration of about 0.08 seconds [14]. A P-wave is prominently
seen in leads II and V1. Moreover, it leans inverted in the lead aVR and is upright in leads I

and II, as shown in Figure 1.4.

After the atrial fiber depolarization, the impulse reaches the ventricular fibers and rapidly
depolarizes them. Since the ventricular walls are thick, the depolarization results in more
electrical changes; it is called the QRS-complex, which consists of Q, R, and S waves. The
QRS-complex also lasts for about 0.08 seconds [14]. Then, as the ventricles repolarize, a
T-wave is produced. The T-wave is about 0.16 seconds in a normal ECG. It can be seen
from Figure 1.5 that the atrial repolarization is missing from the pattern due to atrial fiber

repolarization at the same time as ventricular fiber depolarization [14].

As shown in Figure 1.5, the PR interval is the period between the P-wave and the QRS-
complex. The PR interval indicates the impulse transmission times between the SA and
atrioventricular (AV) nodes. It contains atrial depolarization, contraction, and depolariza-
tion waves via the conduction system. The ST segment, on the other hand, occurs during
the depolarization of the ventricular myocardium, and it lasts about 0.22 seconds. The QT
interval that lasts about 0.38 seconds is a period from the start of ventricular depolarization
to repolarization [14]. The TP segment is an isoelectric region that indicates the absence of

a substantial amount of potential difference in the ventricular myocardial cells. It is a rest-
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Figure 1.4: A standard 12-lead ECG of a single patient [17].

QRS

TP P TP
/\ V ST T

Figure 1.5: A single cardiac cycle of the ECG pattern [14].
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ing state of the ventricular myocardial cell and covers a time from the end of repolarization
to the onset of the next depolarization [19]. Any deviation from this normal cardiac cycle
may indicate heart disease and conduction system problems. As shown in Figure 1.6, for
instance, a QRS duration greater than 0.12 seconds, broad monophasic R waves in leads I,
V5, and V6, and the absence of Q waves in leads V5 and V6 are indications of the left bundle

branch block (LBBB) [2].
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Figure 1.6: A 12-lead ECG of a patient with exam_id of 1503778 diagnosed for LBBB [20].

1.4. Machine Learning: In an ECG Signal Classification
Prescriptive

Recently, several studies have examined the possibility of artificial intelligence (Al) tech-
niques in interpreting an ECG in the diagnosis of cardiovascular diseases [20—30]. In addi-
tion, a review article written by Liu et al. [31] provided a detailed review of deep learning
techniques used for ECG diagnosis. Majority of the literary studies focus on identifying
small types of heart abnormalities from among several types of heart disease [20,32]. More-
over, some of the literary studies only focus on normal and abnormal ECG signal classes
from a single lead ECG signal [25,28]. However, ML-based methods for heart disease de-
tection and classification from an ECG signal have shown promising results and are an active
area of research. Several studies have reported that ML-based ECG interpretation algorithms
perform better at approximating human experts compared to existing computer-assisted in-

terpretation (CIE) techniques [33].

However, the complexity and black-box nature of ML models have hindered medical prac-
titioners from having confidence in the diagnostic results of these models [34]. To address
this, ML model interpretation techniques have been introduced to explain how the model
arrived at a particular classification decision [34]. These interpretation techniques enable
human experts to trust the model’s output, debug and troubleshoot the model, and avoid
model bias [35]. However, the field is still developing, and researchers are concentrating on
developing techniques that can explain the model’s reasoning behind detecting or classify-

ing abnormalities in healthcare settings [34] and other applications [35]. So, finding a better



interpretable heart disease classifier is an active research area [36].

1.5. Statement of the Problem

The electrocardiogram (ECG) is a widely used, non-invasive tool for assessing a heart con-
dition. But, diagnosing underlying conditions from ECG signals remains challenging for
medical practitioners. While machine learning models have shown promise in improving
ECG interpretation, they are computationally complex and black-box. The computational
complexity is mainly associated with the model’s parameter size. Additionally, the black-
box nature of deep learning models makes it difficult to interpret their classification output.
This limitation hinders our understanding of how models arrive at their decisions. This
situation makes it difficult for medical practitioners to trust the classification output of the

model.
Therefore, this Ph.D. study aims to address the following research questions:

* What are the key limitations of existing 12-lead ECG-based heart disease diagnosis
systems, and what strategies can be implemented to improve their accuracy and relia-

bility?

* What types of noise commonly affect ECG signals, and what preprocessing techniques

can be applied to enhance signal quality for deep learning models?

* Can a robust and optimized deep learning model be developed to achieve high gener-

alizability across diverse ECG datasets?

* What IML methods can enhance the interpretability and clinical relevance of classifi-

cation outputs generated by deep learning models for ECG signals?

1.6. Objective

1.6.1 General Objective

The main objective of this Ph.D. research is to design and implement a robust and inter-
pretable deep learning algorithm that is capable of operating in real-life conditions for the

automatic classification of heart diseases from a 12-lead ECG signal.



1.6.2 Specific Objectives

The general objective is associated with the following specific objectives:

1.7.

To perform a literature survey to identify gaps in developing robust deep learning (DL)
systems for accurately classifying various heart diseases using real-world 12-lead ECG

datasets.
To collect, analyze, and preprocess 12-lead ECG datasets.

To design and implement a robust deep learning-based ECG signal classification algo-

rithm.

To evaluate interpretable machine learning techniques for explaining classification

outputs in a 12-lead ECG-based model.

To evaluate the proposed model’s computational complexity regarding trainable pa-

rameters, and ensure it remains lightweight for deployment.

To evaluate the effectiveness and robustness of the proposed model using three differ-

ent 12-lead ECG datasets.

Finally, deploy the system and conduct pilot testing in hospital.

Significance of the Dissertation

The significance of developing a robust deep learning (DL)-based system for heart disease

classification from 12-lead ECG signals is underscored by the current challenges clinicians

face in accurately diagnosing heart conditions. As highlighted by studies, there is a consid-

erable variance in physicians’ ability to interpret ECG signals accurately. This underscores

the need for advanced computational tools to support and enhance diagnostic accuracy.

A robust DL-based system has the potential to address these diagnostic challenges by iden-

tifying heart diseases from 12-lead ECG signals more effectively. Deep learning models can

be trained to recognize complex patterns and anomalies in ECG data that might be difficult

for human experts to easily identify. By integrating the system to existing medical practices,

it can provide consistent, reliable, and objective classifications of heart diseases.



1.8. Contributions of the Dissertation

The main strengths and contributions of the study presented in this article include:

* The design and evaluation of a heart disease diagnosis system based on a 12-lead ECG
signal that incorporates three components: preprocessing, design a hybrid DL model,

and visual interpretation of the model’s classification output.

* The classification performance of the proposed hybrid model was tested on three dif-

ferent ECG datasets and compared with state-of-the-art methods.

* The proposed hybrid model has shown robustness with high generalizability across

the three datasets.

» Systematically reviewing and analyzing IML techniques for ECG-based heart disease

classification.

* Investigated and showcased the visual interpretation of the model’s classification out-

put using Grad-CAM++ and SHAP techniques.

1.9. Publications

As a result of this research the following research outputs were published in peer-reviewed

journals containing parts of the results.

* Ayano YM, Schwenker F, Dufera BD, Debelee TG. Interpretable Machine Learning
Techniques in ECG-Based Heart Disease Classification: A Systematic Review. Diag-
nostics. 2023; 13(1):111. https://doi.org/10.3390/diagnostics 13010111

* Y. M. Ayano, F. Schwenker, B. D. Dufera, T. G. Debelee and Y. G. Ejegu, "Inter-
pretable Hybrid Multichannel Deep Learning Model for Heart Disease Classification
Using 12-Lead ECG Signal,” in IEEE Access, vol. 12, pp. 94055-94080, 2024, doi:
10.1109/ACCESS.2024.3421641.
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1.10. Organization of the Dissertation

This dissertation is structured into six chapters, each addressing a critical aspect of the re-
search. Chapter | introduces the study, outlining the problem statement, significance, and
contributions of this dissertation. A comprehensive review of the relevant literature is pro-
vided in Chapter 2, establishing the foundation for the research. Chapter 3 details the re-
search methodology, including an in-depth explanation of the proposed model and its overall
workflow. The experimental results, accompanied by a thorough discussion of the findings,
are presented in Chapter 4. Building upon the analysis in Chapter 4, Chapter 5 explores the
interpretability of the model’s classification outputs, emphasizing insights derived from the
study. Finally, Chapter 6 concludes the dissertation by summarizing the research findings

and proposing future directions.
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CHAPTER 2

Literature Review

This chapter provides an overview of ML techniques proposed in the literature for an ECG-
based heart disease diagnosis, starting with classical machine learning methods. We also
examine the deep learning techniques proposed for complex and large 12-lead ECG datasets
with large class labels. Additionally, this section discusses the importance of interpretability
in ML models, emphasizing the need to understand the decision-making processes of these
models to ensure evidence-based diagnoses. In addition, it discusses interpretability tech-
niques proposed in the literature to improve the understanding of why an ML model classifies
an ECG signal into a particular diagnostic class. Despite advances in ML methods, signif-
icant gaps remain in the literature, particularly regarding the integration of interpretability
with deep learning models and the practical application of these techniques to diverse ECG

datasets. These gaps will be highlighted and discussed.

2.1. Classical Machine Learning in ECG

Classical machine learning models, such as decision trees, random forests, support vec-
tor machines, and multi-layer perceptrons (MLP), rely on hand-crafted features for train-
ing [37]. They have demonstrated acceptable performance in binary classification tasks,
such as distinguishing between normal and abnormal ECGs or detecting a single disease in
heart disease classification [38]. These techniques heavily depend on the ECG data quality
and the relevance of hand-crafted features. The reliance on manual feature engineering is
time-consuming and often misses crucial clinical insights in complex and noise-prone sig-
nals such as ECG. Besides, classical machine learning models do not scale well to complex

and large datasets with several class labels [39]. This claim has been proved by Bickmann
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et al. [40], where XGBoost was trained on extracted features from the ECG signals. The
classification result of the proposed model on one of the large ECG datasets, PTB-XL 12-
lead ECG dataset [41], yielded a relatively modest classification accuracy of 70.90%. Apart
from the challenge in feature extraction, XGBoost, and other classical ML techniques do not
inherently capture temporal dependencies in time-series data. As a result, there is a decline

in focus on using these techniques for heart disease classification from an ECG [40].

2.2. Deep Learning in ECG

Unlike classical ML methods that heavily rely on hand-crafted features, deep learning meth-
ods do not require manual feature extraction techniques. Deep learning methods such as
convolutional neural networks (CNN), recurrent neural networks (RNN), Long Short-Term
Memory (LSTM), Bi-Directional Long Short-Term Memory (Bi-LSTM), attention mecha-
nisms, and hybrid models used in an ECG-based heart disease classification through map-
ping the ECG signal to its class-label in an end-to-end manner. This section discusses the
results achieved by deep learning (DL) models in 12-lead ECG signal classification. It high-

lights the successes of these models while also discussing their limitations.

2.2.1 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are deep neural networks designed to automatically
and adaptively learn spatial hierarchies of features through back-propagation [42]. CNNs
utilize multiple building blocks, including convolution layers, pooling layers, activation
functions, batch normalization, and fully connected layers. The convolution and pooling
layers perform feature extraction from the ECG signals, while activation functions intro-
duce non-linearity, and batch normalization stabilizes and speeds up the training process.
The fully connected (FC) layers then map the extracted features to the output class labels,

facilitating accurate classification of various cardiac conditions [43].

Apart from various architectural design concepts in convolutional neural networks, 1D and
2D CNNs have been extensively experimented with in ECG signal analysis based on the data
input format and the dimensions of filters/kernels [20, 28, 30,43-55]. Many of these pro-
posed techniques [48,49,51-56] were tested on the MIT-BIH arrhythmia database [57, 58],

containing very few ECG data with beat- and rhythm-level annotations. However, these
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annotations do not apply to clinical-level 12-lead ECG-based heart disease diagnosis [59].
Single-lead and beat-wise annotations are often unreliable for detecting most critical types of
heart diseases, such as myocardial infarction (MI) [60]. Moreover, the beat-wise annotation
process is costly and labor-intensive, making it less practical. There are limited approaches
that utilize CNNs for classifying 12-lead ECGs that can be applied to the clinical level and
various types of heart diseases beyond just rhythm disorders. The recently published re-
search works [20,43,44,47,50,56], have used 12-lead ECG datasets, namely, PTB-XL [41],
CODE-15% [61] and Chapman Arrhythmia dataset [62]. These datasets contain diverse
cardiac conditions with patient-level annotations, enhancing their suitability for developing
DL models with practical clinical applications. The following sections briefly present these

approaches.

Palczyniski et al. [44] investigated few-shot learning methods for training a deep convo-
lutional neural network to classify 2, 5, and 20 cardiac disease classes from the PTB-XL
dataset. While the proposed network achieved high accuracy in classifying 2 classes, re-
sults showed lower accuracy for 5 and 20 class classifications, with maximum accuracies of
80.20% and 70.0%, respectively. Similarly, Sandra Smigiel er al. [47] proposed a technique
that uses features from a 5-layer 1D-CNN architecture and entropy features extracted from
each channel of the 12-lead ECG signal. The model has achieved an accuracy of 89.2%,
76.5%, and 69.8%, with F1-scores of 89.1%, 68%, and 33.2% for classifying 2, 5, and 20
classes of heart diseases from PTB-XL dataset, respectively. On the other hand, Strodthoff et
al. [50] evaluated multiple pre-trained DL algorithms, finding that “resnetldwang” achieved
the highest performance, with an area under the curve (AUC) of 93.0% for classifying the
5 super-diagnostic classes. Similarly, Anand et al. [43] proposed a 2D-CNN for classify-
ing 5 super-diagnostic classes of PTB-XL datasets. The proposed model has less number
of parameters and achieved an accuracy of 89.73% and an AUC of 93.41%. In addition,
Anand et al. [43] tested their proposed architecture using merged 4 classes of the Chapman
Arrhythmia dataset through fine-tuning the initial hyperparameters and achieved an average

accuracy of 95.8% and an AUC of 99.46%.

In another study, the performance of pre-trained CNN models in classifying heart diseases
in the PTB-XL dataset was evaluated by Strodthoff ef al. [SO]. These models include 1D

versions of Inception [63] (referred to as “inceptionld”), a modified ResNet [64] ("xre-
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sent1d101”), and a modified Full convolutional Network (FCN) [65] ("fcn_-wang”). The
classification performance of these models, namely “inceptionld”, “xresent1d101”, and
“fcn_wang” on five (5) super diagnostic classes in terms of macro AUC are 92.10%, 92.8%,
and 92.5%, respectively. Among the assessed pre-trained models, the modified version of
ResNet (referred to as “resnetldwang’) achieved an AUC of 93.0% in the classification of
five (5) super-diagnostic classes. Similarly, Narotamo et al. [56] compares various deep
learning methods for ECG classification, focusing on different ECG signal representations
(1D and 2D) and multimodal fusion approaches. They used the PTB-XL dataset and trans-
formed the signals to 2D-image representation using Gramian angular field, recurrence plot,
and Marko transition field to train AlexNet, VGG16, ResNet50, MobileNetV2, and AlexNe-
tAttenention. The AlexNetAttention model, with a total of 46,335,880 trainable parameters,
achieved the highest specificity of 81.98%, though it did not attain the best overall perfor-
mance. The study also explores multimodal fusion strategies (early, late, and joint) fusion
to combine 1D and 2D representations and improve classification performance. The late fu-
sion resulted in the classification accuracy of 79.22%. However, the 1D approach with GRU

achieved a better accuracy of 80.69%.

On the other hand, Ribeiro et al. [20] proposed a residual neural network-based model to
classify six cardiac abnormalities, achieving an average F1-score of over 80%. The datasets
used in this study were sourced from the Telehealth Network of Minas Gerais (TNMG) as
part of the Clinical Outcomes in Digital Electrocardiography (CODE) study. The proposed
model features over 6 million trainable parameters. This increases computational complex-
ity, requiring significant processing power and memory. Besides, the complexity may result

in a risk of overfitting, especially when trained on a dataset with a limited amount of data.

The above discussion shows the potential of CNN-based techniques in classifying cardiac
conditions by capturing spatial features embedded in ECG signals. However, due to their
fixed receptive field size, CNNs may struggle with processing lengthy sequences, potentially
overlooking long-term dependencies crucial for accurate ECG interpretation [66]. Addition-
ally, using 2D CNNs on transformed ECG signals introduces computational complexities

and may not improve performance [56,67, 68].
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2.2.2 Recurrent Neural Networks

Recurrent Neural Networks (RNNs) are a type of deep neural network suited for analyzing
1D signals that are sequential by nature, like an ECG. RNNs process the ECG data one
step at a time, allowing the network to capture the temporal dependencies in the signal [69].
By maintaining an internal state, RNNs can capture information from previous time steps,
effectively detecting patterns over time. However, to overcome their short-term memory,
the vanishing and exploding gradient problem in basic RNNs, modified architectures such
as long short-term memory (LSTM), bidirectional LSTM (Bi-LSTM), gated recurrent unit
(GRU), and bidirectional GRU (Bi-GRU) have been proposed [69-71]. These architectures
can model the sequential nature of ECG signals in the classification of heart diseases [56, 60,

72-TT7].

Kuila er al. [72] proposed a model that integrates RNN to classify an arrhythmia from
MIT-BIH arrhythmia database [57,58]. The MIT-BIH arrhythmia database, which includes
recordings from two leads, is often used to evaluate ECG classification techniques in the
context of wearable devices that typically operate with single-lead configurations. In addi-
tion, it covers only a limited range of arrhythmias and does not fully represent the broader
spectrum of cardiac conditions encountered in clinical practice [87]. The method proposed
by Kuila et al. [72] aids in handling sequential ECG data, capturing temporal dependencies

critical for accurate arrhythmia detection with a classification accuracy of 96.41%.

On the other hand, Wang et al. [73] used a dual-path RNN to detect atrial fibrillation (AFIB)
from a single-lead ECG signal with a classification accuracy of 84.5%. In another study,
Boda et al. [76] compared a basic RNN, LSTM, and GRU in the classification of arrhyth-
mia from MIT-BIH arrhythmia database [57,58]. They focused on developing a framework
for classifying the ECG beats into different categories, focusing on ventricular ectopic beats
(VEB) and supra-ventricular ectopic beats (SVEB) on a patient-specific basis. Accordingly,
the LSTM-based model achieved the highest performance with a sensitivity of 92.4% and
77.8% in classifying the VEB and SVEB, respectively. Similarly, Cinar et al. [77] evaluated
an LSTM model in classifying MIT-BIH arrhythmia into normal, arrhythmia, and congestive
heart failure, achieving an accuracy of 90.67%. In arelated study, Hiriyannaiah ez al. [71] fo-
cused on LSTM networks for ECG analysis and heartbeat classification from the MIT-BIH

arrhythmia dataset. Their methodology involved using LSTM-based neural networks and
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comparing their performance across different metrics. Among the evaluated LSTM archi-
tectures, the Bi-LSTM model outperformed the baselines across all metrics, demonstrating

its superior capability in capturing dependencies and classifying heartbeats accurately.

Other studies have proposed RNN-based models for classifying heart diseases from 12-lead
ECG signals. For example, Narotamo et al. [56] tested various modified RNN variants,
including LSTM, Bi-LSTM, GRU, and Bi-GRU, on the PTB-XL dataset. Among these, the
GRU-based model demonstrated the best performance, achieving an accuracy of 80.69% and
a specificity of 81.04%. On the other hand, Zhang et al. [60] proposed Bi-LSTM network for
detecting only myocardial infarction (MI) from 12-lead ECG signal of the PTB diagnostic
ECG dataset [78]. The proposed method achieved a good performance with MI detection

accuracy of 94.77%.

The RNN networks primarily focus on temporal dependencies and are not inherently equipped
to handle spatial relationships between different leads in an ECG. So, hybridizing them with
other networks like CNNs, can help in effectively analyzing both the spatial and temporal
aspects of ECG data.

2.2.3 Hybrid Techniques

Hybrid approaches, which integrate different architectures or combine DL models, offer
improved accuracy and enhanced interpretability. Besides, they are also better suited for
limited-size datasets [79]. The hybridization allows the model to utilize the strengths of
each technique; for instance, in CNN-LSTM hybrid architecture, the CNN architectures are
good at extracting spatial features, and LSTM architectures are good at capturing sequential
dependencies in a time series datasets like an ECG [80]. The benefits of hybrid techniques in

ECG based heart disease classification have been demonstrated in the literature [62, 80-85].

Yang et al. [81] proposed a model that combines ResNet and GRU to classify the 12-lead
PTB-XL ECG dataset. This hybridization enables the model to handle long-term dependen-
cies and improved the super-diagnostic class classification accuracy to 88.4%. Similarly,
Jing et al. [82] used the 12-lead PTB-XL dataset to evaluate their CNN-GRU hybridized
model. By integrating convolutional and recurrent layers, this model captures both spatial
and temporal features of ECG signals, leading to an average accuracy of 88.19% and macro

Fl1-score 70.55%. Besides, the total number of trainable parameters of the model is 569,373,
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which is a modest amount compared other architectures in this category.

Yildirim et al. [80] proposed a CNN-LSTM hybrid model with 2.9 million (M) parameters
to classify reduced seven and merged four classes of arrhythmia from Chapman Arrhyth-
mia 12-lead ECG dataset [62]. The model demonstrated an acceptable generalization ability
to classify four classes of arrhythmias with a classification accuracy of 96.13%. Similarly,
Lai et al. [83] proposed an architecture that integrates a Residual Convolutional Neural Net-
work (ResCNN) with an LSTM layer to detect arrhythmias. This combination of ResCNN
and LSTM networks provides complementary advantages, achieving efficient feature ex-
traction and processing of ECG signals with variable lengths, with classification perfor-
mance F1-score of 76.9% on the China Physiological Signal Challenge 2018 (CPSC 2018)
dataset [86]. In another study, Xie et al. [84] proposed a model architecture that consists of
multiple BranchNets, incorporating convolutional layers for spatial feature extraction, bidi-
rectional Long Short-Term Memory (BiLSTM) layers for capturing temporal dependencies.
The method achieved an F1-score of 81.02% and an accuracy of 74.84% on Computing in
Cardiology Challenge 2020 (CinC2020) dataset, and an F1-score of 74.90% and an accu-
racy of 55.37% on Shandong Provincial Hospital (SPH) dataset [84]. Moreover, Chen et
al. [85] proposed a model that combines 1-D ResNet-34 and an LSTM. The achitecture was
evaluated on a 12-lead ECG dataset collected by the authors and achieved a classification

accuracy of 81% in distinguishing 6 disease classes.

Table 2.1 summarizes the models proposed for 12-lead ECG datasets. Unlike heartbeat-level
annotated datasets such as MIT-BIH, these models are designed for 12-lead ECG analysis in
clinical settings. The results presented in Table 2.1 show the promise to incorporate DL mod-
els in diagnosing cardiac abnormalities. However, these methods have limitations. Firstly,
some are highly complex with parameters counted in the millions [20, 50, 80]. Conversely,
methods proposed in [44, 47] are lightweight architectures but exhibit lower performance
levels. Secondly, these models are not well tested on different datasets and disease classes;
as a result, it is not easy to conclude their applicability across a broader range of heart dis-
eases after re-training. Thirdly, except [43], there is a limitation in integrating model output
interpretation techniques, which are essential for providing evidence-based diagnoses and
enhancing physician trust in using these models. So, these limitations motivate us to de-

velop a robust interpretable model with minimal trainable parameters.
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Table 2.1: A summary of 12-lead ECG based heart disease classification methods.

Author Method Dataset Performance (%) Limitations
[accuracy, macro
F1-score]
Ribeiro et al. [20] | DNN CODE [—, 80%] Interpretability methods were not incorporated.
The model has a parameter size exceeding 6 million.
Feyissa et al. [30] | 1D-CNN PTB-XL [89.70%, 72.0%] Heart disease classes with fewer than 20 samples were ex-
[super-diagnostics] cluded, which may limit the model’s ability to generalize to
rare conditions.
Robustness was not evaluated across various datasets, lim-
iting insights into its generalizability.
The study lacks interpretability methods.
Anand et al. [43] | 2D-CNN PTB-XL [89.75%, —] Requires extensive hyperparameter fine-tuning for different

[super-diagnostics]

Chapman-Merged

[95.85%, 95.39%]

ECG datasets.
Interpretability analysis was limited to SHAP without test-

set level interpretability.
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Table 2.1: Cont.

Author Method Dataset Performance (%) Limitations
[accuracy, macro
F1-score]
Palczyniski et 1D-CNN PTB-XL [79.0%, 70.6%] Exhibits low performance.
al. [44] [super-diagnostics] The study lacks interpretability methods.
Robustness of the models was not tested on different
datasets.
Demissie et ResNet-18 PTB-XL [a subset [96.0%, 88.0%] Only a subset of five ECG records from the rhythm category
al. [45] from rhythm was used for model development.
category] Grad-CAM and Grad-CAM++ were used for instance-level
interpretability analysis, but test-set level interpretability
was not incorporated.
ResNet-18 has a large model size with millions of parame-
ters.
Smigiel et 1D-CNN with | PTB-XL [73.0%, 60.0%] Interpretability methods were not incorporated.
al. [47] entropy [super-diagnostics] The model’s robustness was not assessed by evaluating its
features performance on different datasets.

Exhibits low performance.
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Table 2.1: Cont.

Author Method Dataset Performance (%) Limitations
[accuracy, macro
F1-score]
Narotamo et 1D-GRU PTB-XL [80.69%, —] Interpretability methods were not incorporated.
al. [56] [super-diagnostics] The model’s robustness was not assessed by evaluating its
performance on different datasets.
Exhibits low performance.
Zhang et al. [60] | Bi-LSTM PTB diagnostic [94.77%, —] Only 369 MI and 79 normal ECG signals were used for
ECG database model development.
Interpretability methods were not incorporated.
Yildirim et CNN- Chapman-Reduced [92.24%, 80.04%] The model’s robustness was not evaluated across different
al. [80] BiLSTM datasets.
Chapman-Merged [96.13%, 95.57%] Interpretability methods were not incorporated.
Jing et al. [82] CNN-GRU PTB-XL [88.19%, 70.55%] The model’s robustness was not assessed by evaluating its

[super-diagnostics]

performance on different datasets.

Interpretability methods were not incorporated.
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Table 2.1: Cont.

Author Method Dataset Performance (%) Limitations
[accuracy, macro
F1-score]
Yang et al. [81] ResNet— PTB-XL [88.04%, 75.90%] ResNet has a large model size with millions of parameters.
GRU- [super-diagnostics] The model’s robustness was not assessed by evaluating its
Attention performance on different datasets.
(ResGRu- Interpretability methods were not incorporated.
Attention)
Lai et al. [83] ResCNN- CPSC 2018 [rhythm | [—, 76.9%] The model’s robustness was not assessed by evaluating its
LSTM and morphology performance on different datasets.
abnormality] Interpretability methods were not incorporated.
Xie et al. [84] BranchNets CinC2020 [55.37%, 74.90%] Interpretability methods were not incorporated.
SPH [74.84%, 81.02%] The model’s performance is modest.

Chen et al. [85]

1D ResNet-34
—LSTM

12-lead ECG dataset

collected by authors

[81%, —%]

The model’s robustness was not assessed by evaluating its
performance on different datasets.

Interpretability methods were not incorporated.

ResNet-34 has a large model size with millions of parame-

ters.




2.3. Interpretable Machine Learning Techniques

The need to determine the rationale behind the output decisions of the ML models began in
the 1970s [88]. However, considerable advancements in the field of IML have been attained
in the last few years. Nevertheless, its conceptual foundation is still underdeveloped [89].
Currently, there is no well-established mathematical definition for the interpretability of ML
models. It can also be called explainable artificial intelligence (XAI), and there is no well-
agreed definition [90]. However, Murdoch et al. [91] defined the focus of an IML as “...
the extraction of knowledge from an ML model concerning relationships either contained
in data or learned by the model ...”. According to their definition, knowledge is relevant
if it provides insight for a particular audience in a given context. Based on the problems to
be solved and users that use the output of an IML, this insight can be in the form of visual

presentation, human-understandable languages, or mathematical equations.

IML techniques proposed in the literature for explaining black box ML models attempted
to localize segments of an ECG signal that the ML used for output prediction. In addition,
the performances of these IML techniques were not measured against ground truth, partially
because of the unavailability of the annotated dataset and commonly agreed-on quantitative
metrics. As far as we know, there are no publicly available ECG heart disease datasets that
include the clinical descriptions necessary for categorizing the ECG tracings into their re-
spective disease classes. This sub-section presents a comprehensive study of IML methods in
the context of ECG-based heart disease diagnosis. It highlights the challenges in accurately
interpreting ECGs and the need for understandable ML models. In addition, it discusses the
use of class activation maps and their variants for localizing the segments and leads of an
ECG signal that contributes most to the classification output, as well as feature relevance-
based explanation techniques like SHAP. Besides, it outlines the advantages and limitations
of various IML techniques. It also addresses the challenges in designing and evaluating
these methods. Finally, it concludes by underlining the potential of these techniques to offer

evidence-based diagnoses and bring trust in ML models.
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2.3.1 Taxonomy of IML

Various explanation techniques have been proposed in the literature to explain the output and
behavior of machine learning models. Based on discussions in the literature [90, 92-96], in
this research, we propose a taxonomy for IML techniques as shown in Figure 2.1. Here, the
classification of IML techniques is based on their interpretation result presentation, scope,
model specificity of the method, and the complexity of the ML model. However, the IML
technique can hold a place in more than one of the classes in taxonomy. In the following
sections, we will provide a detailed explanation based on the taxonomy shown in Figure 2.1.
In addition, the main concepts behind IML techniques and their usage for an ECG signal-

based heart disease diagnosis are subsequently discussed.
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Figure 2.1: Taxonomy of machine learning interpretability.

2.3.2 Result Presentation in IML

In IML, results from interpretation methods can be presented in several ways to provide
insightful information to the user. These methods include displaying feature relevance, the

model’s internal parameters, visual-based explanations, and example-based explanations.
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2.3.2.1 Feature Relevance

Feature relevance-based model explanation is a technique used to interpret an ML model’s
output after the training process. This technique assigns a score to each feature, indicating
its contribution to the prediction output of a trained model [90, 94]. Mathematically, this
contribution can be quantified by analyzing the input/output behavior of the model. In fea-
ture relevance-based explanations, the contribution of each input feature, X = (x1,...,xy), is
measured to determine its impact on the model’s output, .# (xi,...,xy). Several methods
utilize feature relevance to explain Al models. This sub-section briefly discusses Shapley
Additive Explanations (SHAP), Local Interpretable Model-Agnostic Explanations (LIME),

and permutation feature importance.

SHapley Additive exPlanations (SHAP) SHapley Additive exPlanations (SHAP) are de-
rived from game theory, where SHapley values represent the marginal contribution of each
player to the overall team effort. In the context of interpreting machine learning models,
SHapley values indicate the contribution of each feature to the prediction or classification
output of a given black-box model. To determine feature importance in model output pre-
diction or classification, SHapley values can be calculated based on the complexity of the

ML model. Various techniques for calculating SHapley values include linear SHAP, kernel

SHAP, and deep SHAP [97,98].

The linear SHAP method explains feature importance in linear ML models. Let S C F, where
S is a subset of all features F = {x1,Xp,...,Xx,...,Xy }, With x; representing the feature in
the k" column of a dataset of size N x M. The contribution of a feature x; to the model
output, ., is assessed in two steps. First, the model is trained with the feature x; included,
resulting in a model represented as .#g ;3. Then, the model is retrained without the feature
x;, resulting in .#s. To evaluate the contribution of feature x;, the prediction from the two
models are compared on the current input ./ ;1 (Xsug;y) and .#s(xs). The SHapley value,

¢;, for the feature x; is then calculated using Eqn. (2.1) [97]:

[SITCF[=1S[=1)
I

|
¢ = [ Mo (Xsugiy) — As(Xs)] 2.1

SCF\{i}
where xg represent the input feature values in a set S, .Zs(Xg) represents the marginal value

of ./ for the features present in S, and .#s ;1 (Xsu(;y) denotes the marginal value of .# for
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the feature values present in S plus feature x;. Thus, Eqn. (2.1) computes the disparity over
all possible subsets S C F\{i} weighed by the number of features in the S from the total

number of features, F'.

While the interpretation derived from SHapley values for features can be understood and
thoroughly tested in the context of models that used in ECG based heart disease classifi-
cation [99-102], the SHapley technique still has limitations. The primary challenge is the
significant computational burden of calculating SHapley values for all feature subsets, as the

complexity increases exponentially [103].

Though the interpretation obtained from the SHapely values of the features can be compre-
hended and thoroughly tested for interpreting ECG-based ML models [99-102], the SHapley
technique still has limitations. The major challenge is the computational burden associated
with calculating SHapley values for all feature subsets where the computational complexity
is exponential [103]. However, to mitigate these limitations, techniques, such as restrict-
ing the subset permutation using the causal relationship of features [104] and incorporating
the constraint of correlations among feature values [105, 106] have been proposed. More-
over, to overcome the computational expensiveness of Eqn. (2.1), kernel SHAP [103], tree-

SHAP [107], and SHAP with gradient explainer [108] have been introduced.

Local Interpretable Model-Agnostic Explanations (LIME) LIME, introduced by Ribeiro
et al. [109], approximates complex non-linear ML models using a locally interpretable surro-
gate model. This approach helps explain which features contribute most to the output of the
black-box ML model. However, LIME operates under the assumption that complex mod-
els can be approximated as linear on a local scale. Mathematically, this is captured by the
penalty function Ax(z), which measures the proximity between perturbed instances, z € R
and the original instance feature x. Thus, given .#, a black box ML model to be explained,
and g being a surrogate model best approximates .# among a class of potential interpretable
models G, that is, g € G. The explanation & (x) for an instance feature vector x produced
by LIME is obtained by minimizing the objective function .Z (. , g, Ax) + €2(g), as given in
Eqn. (2.2) [109]:

§(x) = argmax (L(A 8, M) +Q(g)) (2.2)
gc
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where .Z is a locality-aware loss function for measuring how g is unfaithful in closely re-

sembling .7 in the locality defined by A and Q(g), a measure of g’s complexity.

LIME uses a set of d interpretable representation features & € {0, l}dA that are sampled from
the original feature space of the data, x € X. By using binary vector represented perturbed
instances Z around non-zero elements of X, a label for the explanation model, .Z (z), is
obtained. The mapping of the binary vector representation of features to the original real-
valued representation is performed via a mapping function &y, such that hy : Z — z, that
is, Z = hx(Z). Thus, using this dataset, Z, of perturbed samples with their labels, that is,
{(z, # (z))}, the locality-aware loss function, .Z, is defined as Eqn. (2.3) [109]:

LM g 2x) =Y, In(2)(M(2) — 5(2)) (2.3)
2,267

Few pieces of literature have attempted to show the applicability of LIME in interpreting
ECG signal-based heart disease classification ML model outputs [110, 111]. The interpreta-
tions provided by LIME do not fully capture the essential manifestations of heart diseases
in an ECG signal [112]. Moreover, they do not deliver a global explanation of the learned
complex ML model over the entire spectrum of feature values. In addition, the random per-
turbations of feature instances left the LIME techniques to suffer from the instabilities that
pose challenges in reproducing the explanations [113—-116]. Furthermore, LIME can be

manipulated to hide biases [117].

Permutation Feature Importance (PFI) PFI measures the change in the performance of
the black box ML model while shuffling any given feature of the test dataset. Thus, PFI
interprets the black box ML model by describing the contribution of a feature in the ML
model’s output accuracy [118]. Given a trained model ./, such that .7 (x')) ~ y{), where
x() = (0@ x@ . x; 0 x, (1)) is feature vector of size m and y() is a target of the
th instance. The PFI calculates the contribution of a given feature j in predicting y(i) as

indicated in Eqn. (2.4) [119, 120]:

1

PFI(A,J)=—

n k i . .
Y Y (2 () - 2 (xO) 2.4)

i=11=1
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where 7; is a random permutation vector of instances in a dataset, ¥ = {x(i) , y(i) ", withn
instances for / = 1, ...,k permutations. .Z is a loss function linking the model output .Z (x)
to the target pair y. Thus, £y, # (XETZ " )] is the loss function linking the perturbed output
of the model ,//Z(XE.T’)W) = (1D, x00 . ,xj(fl)<i) ..., xpr ) to the target y(!) with respect
to the perturbed feature x; and .2 [y(i),/// (X(i))] gives a baseline loss linking the baseline

output of the model and .7 (x)) to the target pair y(*) for the instance i.

PFI can give model-agnostic global insight into the black box model, .# . It considers the
dependency between features while determining their importance, specifically when it is
applied during model training. In addition, it avoids retraining a model with a different
subset of features, which saves time and even prevents it from reaching a new model due
to the retraining process. However, PFI needs a labeled ground truth of a given instance
to calculate the feature importance. Similarly, when a dataset contains highly correlated
features, the PFI may exhibit bias, leading to less important features being assigned the
highest importance value [121]. Furthermore, permuting individual time steps, in a time
series signal like ECG, disrupts the temporal sequence and ignores the inherent structure

and strong temporal dependencies of the signals [120, 122].

2.3.2.2 Learned Internal Parameters of the Model

Explaining the internal learned parameters of a model is a common interpretability technique
in classical machine learning. It is particularly useful in inherently transparent algorithms.
For instance, in tree structures, the learned parameters include the features and splitting
criteria [123]. This approach can aid in visualizing and interpreting the focus of the model
in object classification by analyzing and adjusting intermediate filters in CNNs. However,
it is less effective for complex signals such as ECGs, where the patterns are not as visually

distinct as those in natural scenes [124].

Tree-based ML models, such as decision trees, random forests, XGBoost, and AdaBoost,
operate by partitioning the dataset using criteria like Gini impurity, mean squared error, or
information gain. These criteria are applied based on the feature values within the dataset
to make optimal splits for better classification. Each splitting creates different subsets from
the dataset of the final, intermediate, and first subsets, respectively, called leaf nodes, split

nodes, and root nodes [93, 123, 125]. Mathematically, the predicted instance, y, obtained
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from the leaf node is represented in terms of feature x, as given in Eqn. (2.5) [125]:

M
=Y tnl{x€Ry,} (2.5)

where L, is the average value of all elements present in the subset (R,,), I{X € R,,} is a
binary identity function that gives 1 if x is in the R,, subset, or else it returns 0. As stated
earlier, the criteria used to generate the R, subsets can be the Gini impurity index, mean

squared error, or information gain based on the problem and data type of the dataset.

In tree-based ML models, the learned parameters, including the splitting threshold values
of a feature, the Gini impurity index value, and the number of data points of the model
are explained more easily. However, as the tree depth increases, the interpretation becomes
difficult, and the model becomes opaque. In addition, the interpretation of truthfulness is
affected by the poor generalization properties of the tree models themselves, where most
tree-based ensemble models lack stability, especially while modeling complex interactions

among several features [93, 126—129].

2.3.2.3 Visual Explanation

One of the methods for interpreting the output of a black-box machine learning model
is to identify influential segments or regions in the data. These segments or regions are
highlighted based on their contribution to the model’s decision [130]. Visual explanation-
based result presentation techniques have been tested in interpreting black-box machine
learning classifiers in an ECG signal-based heart disease diagnosis. Some of them include
class activation map-based techniques [131-134], saliency maps [135, 136], layer-wise rel-
evance propagation [137], occlusion maps [135], and attention maps [138—141]. Moreover,
LIME [110], and SHAP [101, 142—144] are used to explain the decision of the ML tech-
niques by visually representing the important regions of an ECG signal, which contributes

most to the decision. A brief discussion of some of these methods is presented below.

Class Activation Maps The class activation map (CAM) technique introduced by Zhou
et al. [145] provides a visual explanation by localizing the important regions in input data
that play major roles in the decisions of ML models. In class activation, the descriptive

regions of input data that an ML model used for classification are highlighted [146]. The
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class activation map calculates the contribution of units (ij) in the last layer activation filter
map (Fl-’;) of the convolutional layer for the class prediction score (y°) of the output layer.
The CAM technique proposed by Zhou et al. [145] used global average pooling (GAP) and
fully connected layers (FC) to obtain ij. In [145], Fl]; and y“ have a linear relationship as

given in Eqn. (2.6).
¥ =L TH 20
k i

where wj represents the importance weight for the k'™ convolutional feature map in predict-
ing class ¢, (i,j) are indices of the k' feature map, c is the class category; and k is a filter

index.

The main aim of CAM is to find the contribution of the last feature maps that satisfy

y¢ = Y j ij. Thus, the contribution of each unit in the last feature map, ij, can be ob-
tained from Eqn. (2.6), as shown in Eqn. (2.7):
L{; = ReLU () wiF) (2.7)
k

In a single-dimensional time series signal, such as an ECG signal, the class activation map

for class ¢ at the specific temporal instance ¢ is as indicated in Eqn. (2.8):

Lf = ReLU (Y wiF}) (2.8)
k

where FF is the activation of filter k in the last conventional layer at the temporal instance
t, and L indicates the importance of the activation at the temporal location ¢ leading to the

categorization of a signal into class c.

CAM has been used for interpreting an ECG signal classification result of a convolutional
neural network [147]. Accordingly, it allows the visualization of segments of an ECG signal
that the classification model mainly uses in its decision. However, the linear layers vanish
the non-linearity of deep classifiers. In addition, the integration of CAM changes the net-
work architecture and needs retraining [148]. As a result, techniques Grad-CAM [131, 132,
149-157], and Grad-CAM++ [134, 158] have been proposed in the ECG signal-based heart

disease classification.
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Given z-number of units in the feature maps, Grad-CAM decides the importance weight, wi,

of each of the k' feature map, F¥, to the class score, y°, as given Eqn. (2.9).

z]’

Grad-CAM generates coarse heatmaps to highlight influential regions of a signal, but it
sometimes lacks precise localization. Moreover, it suffers from a gradient saturation prob-
lem that results in inaccurate localization of relevant segments and leads of the 12-lead ECG
signal. In addition, the localization of the descriptive signal part is highly affected by small
perturbations of the input signal. Furthermore, the explanation is noisy and contains discon-

tinuities [148].

On the other hand, Grad-CAM++ generates more detailed heatmaps and provides better
localization of the segments of a signal that contribute most to the model’s classification
output [159]. This improvement is due to Grad-CAM++ computes a weighted combination
of higher-order partial derivatives of the class score with respect to the feature maps, as given

in Eqn. (2.10).

Wk—ZZOC’“ ReLU g Z) (2.10)

where Ocik]? is a coefficient that represents the contribution of the activation at indices (i, ) of

the k" feature map to the output class c, and calculated as in Eqn. (2.11):

0(Fk)2
ake = i) (2.11)

ij i
2+Za2b ab( i Fp )

where ¥, Y, indicates that the summations over all positions (a,b) in the feature map. The
coefficient, O‘l > improves Grad-CAM++’s ability to generate accurate heatmaps by leverag-
ing higher-order derivatives, that are, second and third-order derivatives of the class score,
y¢, with respect to the activation, Fl’; This allows it to capture the sensitivity of the class

score to changes in activations at various temporal and spatial locations.
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Saliency Maps A feature saliency map highlights the regions of a signal that are most rel-
evant for classifying the input signal into a given category. It shows which parts of the signal
contribute most to the model’s decision for a specific class. The saliency map can be built
using gradients of the output, y* = .# (x), of an ML model, .#, with respect to the input,
X, for the class ¢, highlighting how sensitive the output is to changes in the input [135]. The
idea is that the class score y© can be approximated by using the first-order Taylor expansion

as given in Eqn. (2.12):

Vo= Mx)~w'x+b (2.12)

where b is a scalar, and w, as indicated in Eqn. (2.13), is the weight gradient vector that

provides an explanation for the model classification outcome:

.4 (x)
- ox

(2.13)

Among other techniques, the saliency map can be generated using guided backpropagation,
where the gradient of each neuron is calculated, and those with the highest gradient values
are activated to form a heatmap. Generating saliency maps using guided backpropagation
can become computationally expensive for large CNN networks due to the need to compute
and store gradients for every neuron across multiple layers [136]. The heatmap shows the

most salient parts of the signal that contribute most to classifying the input x to class c.

Saliency maps were experimented with for explaining complex ML models in ECG signal-
based heart disease diagnosis [135, 136, 160, 161]. Although the backpropagation gradient
saliency map can visually enhance regions of the input signal that contribute the most to
classification, it has certain limitations. At first, the backpropagation saliency suffers from a
gradient saturation problem mainly because saliency maps depend on input sensitivity [162].
Next, the generated gradient heatmap often does not explain the direct relation to the classi-
fier’s decision [163]. More importantly, the saliency method is susceptible to small shifts in

the input signal, and its explanation may not be reliable [164].

Layer-Wise Relevance Propagation (LRP) An LRP provides an explanation for the model

output by decomposing it into relevance score (R,). These scores quantify the contribution
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of each input element x,, to the model’s output prediction y = .# (x), where the input sample
isX = [x],...,X,...,xy]. Thus, an LRP explains the ML model’s output by attributing rele-
vant values to the essential components of the input by tracing back the trained model layer
by layer, starting from the final output node [165]. This layer-by-layer relevance propagation
holds the layer-wise conservation property, given that i and j are neurons at two consecutive

layers of a neural network, / and [ + 1, respectively. The overall sum of the i neuron’s rele-
(1)

vance score sums to Ri

to Eqn. (2.14) [165]:

, such that relevance conservation property is maintained according

Rl@ = ZREL’I;FI) such that i contributes to j (2.14)
J

The propagation of relevant scores R; of layer / + 1 onto neurons of the / layer can be

achieved using different types of rules. Moreover, different rules can be used at each layer

of the network architecture [166]. One of the simplest rules is given in Eqn. (2.15) [165]:

Ri=Y ——R; (2.15)
fo iV

7 Lo UiW;;
where u; is an activation of the neuron i, wfj is the weight connecting neuron i to neuron j,
and Yy ; indicates the sum over all neurons j in the [ layer. Moreover, the rule satisfies the

basic properties in which deactivated neurons, neurons with no connection, and zero weight

has no relevant value.

LRP has been used to interpret the output of deep learning models by generating heatmaps
based on relevance scores, highlighting the regions of the input that contribute most to the
prediction. LRP provides detailed and exact relevance scores for each input feature, offering
fewer noises around the target class and the ability to highlight parts of the signal that nega-
tively contribute to the output. However, it is complex to implement and interpret [166, 167].
Besides, the heatmap produced by LRP can still be noisy due to the initialization of the non-
target class with a zero relevance value. In addition, LRP may not always produce intuitive
or visually interpretable results compared to gradient-based methods. Moreover, it has a
limitation in discriminating targets that produce identical heatmaps for different entities in
an input signal [168]. Furthermore, selecting propagation rules is challenging, and obtaining

the best parameters is trivial [169].
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Occlusion Map The occlusion map is one of the attribution-based techniques where the
model output is explained by changing part of the input data with different values [170].
The input can be altered on a specific location, for instance, in a time series signal such as
an ECG with total #, time points, the alteration can cover a certain time step durations (z,).
For a signal X = {x;,...,X,,...,%;, }, the locally altered signal (X) can be obtained using

Eqn. (2.16) [170]:

X=(xOmp)+o,my (2.16)

where © is Hadamard product [171], m; and m; are mask vectors that complement each
other, that is, my = —m; and o, is the occluding value. The values for m;, my, and o, are

determined based on the required modifications on x.

The occlusion-based ML model’s interpretation algorithms are simple to implement. More-
over, it can measure the marginal effects of each windowed region of the input signal given
that the segments of the input are independent [172, 173]. In addition, the occlusion method
is used to interpret the output of non-differentiable ML models, unlike gradient-based ex-
planation techniques [135]. However, similar to other perturbation-based model output ex-
planation methods, such as LIME and SHapley value maps, the computational complexity

associated with the input occlusion is high [174, 175].

Attention Mechanisms Attention mechanisms are commonly used in time-series data due
to their ability to overcome the limitations of traditional encoder-decoder models. They en-
hance the model’s focus on the most relevant parts of the input sequence [139, 176]. The at-
tention mechanism can be incorporated into machine learning networks, allowing the model
to focus on specific regions of an input signal that contribute most to the output predic-
tion [138,139,176—180]. This approach ensures that the contribution of each segment of a
signal to the model’s classification output is effectively captured by other IML techniques

during inference [177].

The attention mechanism takes the encoder output (latent vector) as the input and performs
three consecutive computations, which are alignment scoring (e;;), computing attention

weights, and attention score vector computation, as given in Eqn. (2.17), Eqn. (2.18), and
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Eqn. (2.19) [181], respectively.
€ij :a(s,-,l,hj) (2.17)

where a is an alignment model whose score e;; measures how well the input around position
J of the encoder’s hidden state h; matches the previous decoder hidden state s; 1 at position
i just before emitting. Then, the attention weight score (f3;;) of each h; is computed by ap-
plying an activation function, for instance, the softmax activation function, on the alignment

score as shown in Eqn. (2.18).
By = ol @18
Yi—exp(eij)
where T is the number of the encoder’s hidden states. Finally, the attention score vector
(Vv), which is the output of the attention mechanism, is computed as a weighted sum of all

encoder hidden states, as shown in Eqn. (2.19).

T
vi=) Bih; (2.19)
j=1

Based on the techniques employed for generating attention scores, attention mechanisms
are broadly classified into deterministic attention and stochastic attention [182]. In the case
of a deterministic, attention scores are calculated as the weighted sum of all hidden states,
whereas, in stochastic attention, attention scores are determined by selecting one of the hid-

den states, h;.

The attention mechanism introduces the model’s output interpretability scheme, in addition
to improving the performance of the ML model’s ECG signal-based heart disease classifica-
tion [138—-141,176]. However, attention mechanisms alone may not fully explain the model’s

behavior [183].

The attention mechanism introduces the model’s output interpretability scheme, in addition
to improving the performance of the ML model’s ECG signal-based heart disease classi-
fication [138-141, 176]. However, attention mechanisms alone may not fully explain the
model’s behavior, especially considering the open question of whether query and key need

to exist independently [183].
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2.3.2.4 Example-Based Explanation

Example-based explanation techniques in ML help end-users understand a model’s predic-
tion for a specific instance by referencing similar examples from the training set [90, 184].
For instance, the Nearest Neighbors technique identifies and presents training examples clos-
est to the input instance [185]. Additionally, counterfactual explanations show how the
model’s prediction would change if the input differed, comparing it to similar examples

with different outcomes [186].

The concept in an example-based explanation technique is that if two data instances (X; and
X;) are similar and the ML model’s (.#) output for input data instance X; is y = .# (X;), then

the model output for a data instance X is also y.

Example-based ML output explanations include counterfactual [186, 187] and adversarial
examples [188]. Moreover, inherently interpretable (transparent) shallow ML algorithms in-
clude the k-nearest neighbor (KNN) [94, 185] work based on an example-based approach.
These techniques work through minimizing a loss function, commonly a distance metric be-
tween the instance to be explained z and its perturbed form Z. In this method, the ML model’s
output is explained by finding the extent of perturbations on the input instance that brings
changes to the outcome of the ML model. Formally, given an ML model .# : Z — Y, a data
instance z € Z with model output y = .#(z), and the desired model output target € Y\ {y},

a counterfactual explanation solves the objective function, d, given in Eqn. (2.20) [187]:

minimize d(,z) suchthat .Z(2) =y (2.20)

icZ

where d is any distance metric.

Example-based explanation techniques highlight part of an input instance or feature values
changed to give the target class y. In other words, the explanation gives the difference
between z and Z, such that .#(z) # .#(Z). In addition, an example-based explanation is
easily implemented because of the objective function that can be easily optimized [189,190].
However, there will be more than one example for a single sample instance that results in
a lack of obtaining a unique explanation for a particular input instance. Moreover, several

challenges need to be addressed, including limitations in visualizing results [190].
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2.3.3 Scope of IML Techniques

IML models can also be classified as locally and globally scoped based on whether they
explain predictions for a specific input instance or provide insight into the overall workings
of the model, respectively. Local scoped interpretability methods aim to interpret the output
of the DL model for a single instance. In contrast, globally scoped interpretable methods
aim to explain the model’s behavior across the dataset. They provide a comprehensive un-
derstanding of the whole logic of the model and the entire reasoning follows for all possible

outcomes of the model [90,91,95].

Local model interpretation methods focus on answering “why is the ML model making a
specific prediction?”. Moreover, these methods can reveal the effects of a specific segment
of input instances or feature values on the output of the model [90, 115]. Thus, these tech-
niques help to understand the causal relations between specific input instances and their
corresponding ML model outputs [95]. However, the explanation obtained from these tech-
niques is valid only for a single input instance and does not generalize. In addition, the
explanation result obtained from these techniques lacks stability. That means the expla-
nation generated through consecutively running these techniques may result in a different
outcome. Furthermore, the local surrogate model may spuriously approximate the com-
plex ML models, i.e., the explanation outcome may have no real connection with the ML

model [191,192].

On the other hand, global model interpretation methods focus on answering “how is the
ML model making a prediction?”. These methods can try to understand how subsets of
the model influence the model’s decisions. Global interpretability can be achieved through
training interpretable constraints together with the input data [95]. In addition, it can also
be achieved by demonstrating the statistical contribution of each feature in the decision of
the underlying black box model. Furthermore, the global explanation can also be obtained
by capturing representation at the intermediate layers of complex DL models. Thus, these
techniques help to understand the inner working mechanisms of ML models and increase the
model’s transparency [95]. However, globally scoped interpretation techniques often miss
explaining a model output for specific input instances. However, different methods have
been proposed in the literature for obtaining a global explanation of the black box model

through aggregating local explanations [193].
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2.3.4 Specificity of IML Techniques

Interpretability techniques in ML can also categorized into model-specific and model-agnostic
methods based on their applicability across different models [90]. Model-specific techniques
are designed to explain particular classes of models, but they may not always use internal pa-
rameters, as seen in convolutional neural networks (CNNs). Instead, these techniques often
focus on the unique aspects of the model’s architecture [95]. On the other hand, model-
agnostic techniques provide explanations that are independent of the internal workings of
any specific model. They relate the input data to the output predictions of a black box model
without depending on internal parameters. This approach ensures that explanations can be

provided for a broad range of models, regardless of their underlying structure [94].

Model-specific explanation techniques not only explain the model outputs based on the
model characteristics but also help in improving the efficiency of the ML model by inves-
tigating the characteristics. Moreover, model-specific interpretation techniques have high
translucency in which they can rely on more information to generate an explanation [90].
However, they are limited to a specific model and are less portable to explain other mod-
els. On the other hand, model-agnostic interpretable techniques are independent of the
model to be explained and can be applied to any model [94]. However, due to the approx-
imation and assumptions made in constructing model-agnostic interpretation techniques,
their explanation results may become less accurate and even vulnerable to adversarial at-
tacks [94,117,188]. In addition, it may be difficult to faithfully detail the explanation pro-
duced by model-agnostic methods, as to how they truly reflect the decision-making processes
of the ML model [95]. Furthermore, the computational complexities of model-agnostic
techniques, such as SHapley values, grow exponentially as the number of input features

increases [192].

2.3.5 Complexity of ML Models

Based on the complexity of an ML model to be explained, the interpretability methods are
categorized into intrinsic and post hoc. In intrinsic interpretability, the explanation is based
on understanding how the ML model works. On the other hand, in post-hoc interpretability,
the explanation is provided by extracting a piece of information from a trained complex

black box ML model [90].
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The intrinsic explanation methods used for ML models have simple architecture by design
and provide self-explanatory results. However, these ML models cannot be used to solve
complex problems and suffer a lot from capturing nonlinearity in the data. In the literature,
methods have been proposed to mitigate the trade-off in reducing the model performance for
interpretability. One of the methods is adding semantically meaningful constraints to com-

plex models to improve interpretability without a significant loss in the performance [124].

The post hoc explanation methods are usually applied after the ML model is trained and
provide an explanation without modifying the trained model. Moreover, the complex ML
model can be approximated by surrogate models, such as decision trees and shallow neural
networks. These surrogate models provide a global post hoc model-agnostic explanation by
mimicking the complex ML model [194-196]. These techniques are much more flexible and
can switch to explain different black box ML models. However, the post hoc methods com-
promise the fidelity of the explanation. In addition, they may fail to represent the behavior

of the complex ML model [95].

As a summary, it is worth to note that, both globally and locally scoped IML techniques can
be model specific or model agnostic and used for intrinsic model explanations or post-hoc

explanations [95], as shown in Table 2.2.

2.4. Summary

The discussion above underscores the potential of incorporating ML/DL models for diag-
nosing cardiac abnormalities using 12-lead ECG signals. These models offer promising ad-
vancements in automating and enhancing the accuracy of ECG analysis. However, there are
still challenges and areas that require further exploration to fully leverage their capabilities

in clinical applications.

Firstly, some models are highly complex, with parameters reaching into the millions [20,50,
80]. While these complex models often achieve high accuracy, their computational demands
can be a drawback. In contrast, lightweight architectures, such as those proposed in [44,47],
offer reduced complexity. However, these simpler models tend to show lower performance

levels compared to their more complex counterparts.

Secondly, these models have not been extensively tested on diverse datasets and disease
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classes, limiting their generalizability. As a result, their performance on a broader range
of heart conditions remains uncertain. Without thorough testing on various datasets, it is
difficult to assess their true applicability. This raises concerns about their effectiveness after

re-training for different cardiac abnormalities.

Thirdly, there is a significant limitation in the integration of model output interpretation tech-
niques across most studies. These techniques are crucial for understanding how the model’s
decisions are made and identifying which segments of the ECG signal contributed most to
the classification output. Without these insights, the models function as black boxes, pro-
viding limited understanding of how their decisions are made. This lack of interpretability
impedes the ability to provide evidence-based diagnoses. As a result, it becomes challenging

for physicians to trust and adopt these models in clinical practice.

These limitations motivate us to develop a robust interpretable model while minimizing the
number of trainable parameters. This ensures that the interpretability method provides clear
insights into the model’s heart disease classification outputs. Additionally, reducing the
number of trainable parameters enhances the model’s efficiency and practicality, making it

more suitable for real-world applications in clinical settings.
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Table 2.2: Summary of commonly used techniques for ML interpretation in ECG-based heart disease classification.

Technique Scope Specificity Complexity Result Presentation

LIME [110,111] Local Model-agnostic | Post hoc Highlights relevant regions of an ECG.

Feature importance Global Model-agnostic | Post hoc Features that have meaningful clinical significance are iden-

(FI) [110] tified based on their importance in the ML model’s output
classification.

SHAP [99-102, 110, 142— | Local/Global| Model-agnostic | Post hoc Rank the global feature importance of an ECG signal, pro-

144] vide a local explanation for the model’s classification out-
put, and highlight morphological segments of the ECG sig-
nal.

Attention Local Model-specific Intrinsic Uses attention weights to highlight segments of the input

mechanisms [138, 139, signal.

176-180]

Layer-wise relevance Local Model-agnostic | Post hoc Highlights regions of the input signal to indicate the con-

propagations

(LRPs) [137, 165]

tribution of each region through the back-propagating rele-

vance score from the ML model’s final output.




(44

Table 2.2: Cont.

Technique Scope Specificity Complexity Result Presentation

Occlusion Local Model-agnostic | Post hoc Identify segments of an ECG signal by replacing parts of

Maps [135,173] the signal and observing the change in the output.

Class-Activation Local Model-specific | Post-hoc It highlights segments of an ECG signal to show each re-

Maps [131-134, 140, 146, gion’s contribution by concatenating feature maps through

147,149-157] gradients from the output class to the final convolutional
layer.

Saliency Local Model-agnostic | Post hoc Suggests a segment of an ECG signal that contributes the

Maps [135, 136, 160, 161] most to classifying a particular input instance to an output
class.

Learned internal Global Model-specific | Intrinsic Provide the internal parameters of the ML models. For

parameters instance, the splitting conditions of the tree structure are

(LIPs) [127-129] based on functional feature components and provide the fi-
nal decision probabilities on the leaf nodes.

Example-based [185] Local Model-agnostic | Post hoc The explanation output consists of a raw and combined in-
formation about ECG signals that are nearest neighbors to
the ML model’s input ECG tracing.




CHAPTER 3

Research Methodology

3.1. Overview

This chapter details the research methodology of the dissertation. It covers the discussion of
the research framework, the datasets, the pre-processing methods, the designed model, eval-
uation metrics, and interpretability methods used in the study. In this dissertation, we used
an experimental design research approach because it focused on practical solutions and al-
lowed us to use scientific results to develop solutions for complex real-world problems. This
approach aligns with the goal of creating robust and relevant solutions for ECG-based heart
disease diagnosis. By utilizing this methodology, the research systematically designs and
experiments a robust and interpretable hybrid deep learning system for ECG analysis. This
approach addresses challenges in ECG interpretation and ensures its practical applicability

and effectiveness across diverse datasets.

3.2. The Research Workflow

The workflow for the ECG-based heart disease classification method presented in this study,
as shown in Figure 3.1, begins with dataset selection followed by data pre-processing. The
raw ECG signals are first denoised to remove artifacts, normalized to standardize the signal,
and then split into multiple segments or channels to facilitate analysis. This pre-processing

step ensures the data is clean and ready for input into the model, improving the efficiency.

The model employs a multichannel, hybrid deep learning architecture designed to handle the

complexity of ECG signals. The system splits the 12-lead ECG input into 12 channels, pro-
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cessing them individually with a series of 1D convolutional neural networks (1D-CNN) that
include residual connections to maintain feature information along the depth of the network.
These layers are followed by a bidirectional long short-term memory (BiLSTM) network
to capture temporal dependencies, an attention mechanism to focus on critical segments,
and a 2D-CNN layer to refine feature extraction. The final classification is done using fully
connected layers. Bayesian optimization was used to fine-tune the model’s hyperparame-
ters for improved performance across various ECG datasets [197]. Then, the classification
performance is analyzed using metrics, including accuracy, specificity, confusion matrices,
precision, recall, F1-score, AUC, and AUPRC. These metrics provide a comprehensive eval-

uation of the model’s capability to classify different heart conditions from ECG data.
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Figure 3.1: Workflow.

After the model was trained, its outputs were interpreted using post-hoc interpretability
techniques. Specifically, Gradient-weighted Class Activation Mapping Plus Plus (Grad-
CAM++) and SHapley Additive exPlanations (SHAP) were applied to visualize the most

influential segments of the ECG signals driving the model’s predictions. These techniques
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were employed both at the instance level, analyzing individual samples, and at the test set

level, assessing the contribution of individual ECG leads across the entire dataset.

3.3. Dataset

Among several cardiac ECG datasets, the PTB-XL [41], the CODE-15% [61], and the Chap-
man Arrhythmia [62] datasets are suitable for benchmarking and evaluating DL. models. The
datasets contain a wide variety of cardiac diseases. Besides, the public domain availability
coupled with the 12-lead patient-level annotation makes these datasets ideal for developing

DL models that have practical/clinical applications.

The PTB-XL dataset is a multi-class 12-lead ECG dataset comprising 21,837 samples,
with each record 10 seconds long and recorded at a sampling frequency of 100 Hz. The
dataset includes records of various cardiac conditions grouped into five super diagnostics
classes: conduction disturbance (CD), hypertrophy (HYP), myocardial infarction (MI), nor-
mal (NORM), and ST/T change (STTC). The distribution of each class is depicted in Fig-
ure 3.2. A single ECG record may be associated with multiple disease classes. As shown
in Figure 3.3, a total of 4079, 920, and 159 samples from the dataset were labeled into 2, 3,
and 4 classes, respectively. In addition, 16272 samples were labeled in one of the five (5)

classes. Besides, 407 cases do not belong to one of the five classes.

E CD [4907]

O HYP [2655]
O MI [5486]

O NORM [9528]
O STTC [5250]

34.24 % 18.87 %

Figure 3.2: PTB-XL dataset’s super-diagnostics class-wise distribution.

To make the comparison among ML techniques proposed by different researchers, Wagner
el al. [36] have provided a stratified sampling-based partition for the super-diagnostic classes

PTB-XL dataset as shown in Table 3.1.

45



I T
Four | 159 n

Three 920 s

Two 4,079 |

One 16,272

# of labels per sample

None || 407 =

[ ! ! !

| | | | | |
0 02 04 06 08 1 12 14 16 18
Number of Samples 104

Figure 3.3: PTB-XL dataset’s class label-wise distribution of records.

Table 3.1: Stratified sampling-based partition of super-diagnostic classes of PTB-XL dataset.

Classes Partition
1 2 3 4 5 6 7 8 9 10
CD 481 487 487 494 496 496 479 492 497 498
HYP 263 264 264 261 265 270 265 269 271 263
MI 550 540 529 551 563 565 551 540 544 553
NORM 941 967 993 928 941 932 970 935 957 964
STTC 526 526 515 527 532 530 523 514 534 523
Total
Count 2761 2784 2788 2761 2797 2793 2788 2750 2803 2801

Similarly, the CODE-15% dataset is a large multi-class 12-lead ECG dataset comprising
345,779 samples, each 10 seconds long and recorded at a sampling frequency of 400 Hz.
The CODE-15% dataset was obtained through stratified sampling from the larger CODE
dataset and is publicly available [61]. The dataset contains six (6) label annotated heart
disease classes: first-degree AV block (1dAVDb), right bundle branch block (RBBB), left
bundle branch block (LBBB), sinus bradycardia (SB), sinus tachycardia (ST), and atrial
fibrillation (AFIB). The distribution of each class is shown in Figure 3.4. Much like the PTB-
XL dataset, the CODE-15% dataset is multi-class, with some records containing multiple
class labels. As shown in Figure 3.5, among the six diseases, a total of 3486, 180, and 5
samples of the dataset contain 2, 3, and 4 disease labels, respectively. The majority of the
records are normal, and cases that do not belong to one of these six classes. These records
account for 89% of the total dataset, where the total count of normal ECG records is 134,657,

and those that do not belong to one of six disease classes are 173,347.
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In addition, the CODE-15% dataset authors provided a separate 827 ECG tracings, named
CODE-test [198] that is annotated by specialist cardiologists, cardiology residents, emer-
gency residents, and medical students. The annotation made by cardiologists is used as a
gold standard to perform a performance comparison against ML models, medical students,
and cardiology and emergency residents. The gold standard CODE test contains 146 samples
representing the six disease classes, with 12 samples exhibiting dual disease cases. Specifi-
cally, it includes 28 instances of 1dAVb, 34 of RBBB, 30 of LBBB, 16 of SB, 13 of AFIB,
and 37 of ST, as shown in Table 3.2. The remaining 82.35% of the samples do not belong to

any of the six disease classes.

Table 3.2: The CODE-test dataset for six disease classes.

Class 1dAVb RBBB LBBB SB ST AFIB
Count 28 34 30 16 37 13

E 1dAVb [5716]
O RBBB [9672]

14.47 % O LBBB [6026]
[ SB [5605]
[ ST [7584]
13.46 % 16.89 % 0 AFIB[7033]

Figure 3.4: CODE-15% dataset’s class-wise distribution.

On the other hand, the Chapman Arrhythmia dataset [62] is a 12-lead ECG record of 11
heart rhythms from 10,646 patients where each sample is 10 seconds long and sampled with
a sampling frequency of 500 Hz. Among the dataset, Sinus Atrium to Atrial Wandering
Rhythm (SAAWR), Atrioventricular Reentrant Tachycardia (AVRT), Atrioventricular Node
Reentrant Tachycardia (AVNRT), and Atrial Tachycardia (AT) are in a few numbers with
a total number of 7, 8, 16, and 121 samples, respectively. Researchers trained their pro-
posed Al model using only the remaining seven (Chapman-Reduced) or the merged four
(Chapman-Merged) rhythm classes. The seven disease classes are atrial flutter (AF), atrial

fibrillation (AFIB), sinus irregularity (SI), sinus bradycardia (SB), sinus rhythm (SR), sinus

47



Four [ 5 s

Three 180 =

Two . 3,486 |
| |

0 05 1 1.5 2 25 3 35 4
Number of Samples .10%

# of labels per sample

Figure 3.5: CODE-15% class label-wise distribution of records.

tachycardia (ST), and supraventricular tachycardia (SVT) As shown on Figure 3.6a, the re-
duction of the Chapman Arrhythmia dataset to seven classes is still imbalanced. As a result,
Zheng et al. [199], dataset authors, suggested merging rare cases in the dataset to their upper-
level arrhythmia types. The resulting four (4) arrhythmia disease groups, namely, SB, AFIB,
GSVT, and SR, are shown in Figure 3.6b. SB contains only sinus bradycardia, AFIB contains
— atrial fibrillation and atrial flutter, grouped supraventricular tachycardia (GSVT) contain —
supraventricular tachycardia (SVT), atrial tachycardia (AT), atrioventricular node reentrant
tachycardia (AVNRT), atrioventricular reentrant tachycardia (AVRT) and sinus atrium to

atrial wandering rhythm (SAAWR), and SR contains — sinus rhythm and sinus irregularity.

O SB [3889]
[ SR [1826]
37.06 %

’ O AFIB [1780] 0 SB [3889]
O ST [1568] O GSVT [2307]
O SVT [587] O 18%11:1122[5525]
O AF[445] 20.90 % 00 SR [2225]
O SI[399] 20.90 %

(a) Seven rhythm classes (b) Merged four rhythm classes

Figure 3.6: Chapman Arrhythmia dataset’s seven and merged four rhythm class-wise distri-
bution.

Additionally, a dataset from Zewditu Memorial Hospital (ZMH) containing ECG record-
ings of patients diagnosed with various heart conditions was used to pilot-test the trained

model. For the pilot-testing phase, a subset of six disease classes have been selected from
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this dataset: 1dAVb, RBBB, LBBB, SB, ST, and AFIB. The evaluation made by two cardi-
ologists and one internal medicine specialist is used as a gold standard. The dataset contains
135 samples representing the six disease classes, with 19 samples exhibiting dual disease
cases. Specifically, it includes 49 instances of 1dAVb, 17 of RBBB, 25 of LBBB, 44 of SB,
12 of AFIB, and 7 of ST, as shown in Table 4.8. These disease classes have been chosen
because they align with the conditions in the CODE-15% public dataset, which has been
used to train the model. This alignment allows for a controlled evaluation of the model’s
performance when applied to real-world data. The pilot testing aims to evaluate how effec-
tively the model, which will be trained on the CODE-15% public dataset, can be generalized
when applied to new ECG data from a different clinical setting. The dataset used in this
study consists of 12-lead ECG signals with a duration of 10 seconds. Initially, the data was
sampled at 1000 Hz, but to align with the model trained on the CODE-15% dataset, it was
downsampled to 400 Hz. The data was downsampled to 400 Hz to ensure compatibility with
the model trained on CODE-15% dataset.

The selected disease classes from ZMH, being clinically relevant and similar to those in the
CODE-15% dataset, provide a valuable test case for evaluating the model’s performance in
real-world scenarios. This approach helps to get insight into the model’s ability to handle
diverse patient populations and varying ECG signals to test its robustness and potential for

clinical application.

Table 3.3: The ZMH dataset for trained model evaluation.

Class 1dAVb RBBB LBBB SB ST AFIB
Count 49 17 25 4 7 12

3.4. Data Preprocessing

Preprocessing ECG signals by removing artifacts and normalizing amplitudes is essential
for ML/DL-based heart disease classification models. This process enhances the quality of
the data. Improved data quality contributes to the stability and reliability of the model. ECG
signals are often contaminated by internal and external (environmental) artifacts [200,201].
External artifacts in the data include those originating from power line interference and elec-

trode motion [200, 202]. Conversely, internal artifacts are primarily caused by the patient’s
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muscle tremors, shivering, and hiccups [200]. One of the significant artifacts that challenges
ECG analysis, both for expert physicians and the ML/DL, is a baseline-wander (BW) [203].
The BW is a low-frequency noise, typically within the range of 0.15 to 0.8 Hz, that can
cause deviations of segments or entire portions of an ECG signal from the isoelectric axis.
Improper electrode placement, patient movement, and respiration during ECG acquisition
commonly cause BW. The deviation of the ECG waves from their isoelectric axis, as illus-

trated in Figure 3.7, impedes the accurate diagnosis of the underlying cardiac condition.
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Figure 3.7: ECG record from CODE-15% Exam ID 821571.

In this study, we employed a discrete cosine transform (DCT) based technique depicted
in Algorithm 1 to remove the baseline drift of ECG signals. DCT converts finite discrete
sequences of an ECG wave as a sum of cosine functions, as indicated in Eqn. (3.1) [204,205].
Given a 12-lead ECG signal, X € R!?*V let x € R"¥ represent a single lead among the 12-

lead signals, the DCT operation on an X is given as:

N-1 i
£l = 7] X (cos [%}xm) 3.1)

where glk| is frequency domain converted version of the time domain signal x, i and &,

respectively, are time and frequency domain axis indexes with N length, and the scaling
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factor y[k| for both Eqn. (3.1) and (3.2) is defined as:

—+, k=0
Yk = VW

2 .
\/; , otherwise.

Following the index-bound DCT concept proposed by Shin et. al. [206], frequency compo-
nents below 0.8 Hz and above half of the sampling frequency (f;) are masked as indicated on
line 8-11 of algorithm 1. Then, the DCT filtered signal (gy), converted back to time domain

representation (X¢) by inverse discrete cosine transform (IDCT) using Eqn. (3.2) [205]:

N-1 :
x/li= Y (vikleslilcos [P L) 32)

Algorithm 1 : Steps in DCT based BW removal.

1: Data: Input data (X € R'>*V): 12-lead ECG signal with N-samples for each lead
2: Parameter: Low-pass frequency of BW fpy = 0.8Hz

3: Parameter: High-pass frequency fiux = fs/2

4: Result: BW-removed ECG-signal (X € RIZxN)

5: for leads +— 0 to 11 do

6:  gi1xN <+ DCT(Xjeaaxn)

7: freqlk] <— (k x f5)/2N pO<k<N-—1
8: mask < (freq > fpw) N (freq < fmax)

9: dct_filter <— [0] *xN

10: dct_filtermask] < 1

11: 8fiun gixn-dct_filter

12: Xfleade — IDCT(gleN)

13: end for

The technique mentioned above is implemented on a lead-by-lead basis for each lead to
minimize the impact of BW. Figure 3.8b shows a sample result obtained after the BW ar-
tifact is removed from the raw ECG signal given on Figure 3.8a. On the other hand, the
estimated BW in Figure 3.8a is the low-frequency BW artifact obtained by subtracting the

BW compensated signal from the raw signal.

In addition to the BW artifact, the ECG signal is susceptible to electric power line inter-
ference (PLI) noise. Depending on the oscillating frequency of the electrical power supply,
PLI noise occurs at 50/60 Hz with bandwidth < 1Hz and often include harmonics [207].

As shown in Figure 3.9, PLI noise is manifested as a low-amplitude artifact with high fre-
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Figure 3.8: ECG record from CODE-15% Exam ID 821571: (a) raw Lead III ECG signal
with estimated BW, (b) after cleaned from BW noise.

quency. It distorts the shape of an ECG signal and poses a difficulty for identifying the
P-wave and T-wave in the analysis of cardiac conditions. PLI noise is compensated using a
notch filter that removes the power line interference at 50/60 Hz and their harmonics [208].
Figure 3.10 shows PLI noise removal from lead III of an ECG sample given in Figure 3.9.
A time-domain plot of the lead III wave after passing through the BW artifact cancellation
module discussed above is shown in Figure 3.10a. Its corresponding frequency-magnitude
distribution is depicted in Figure 3.10b and shows the signal contamination by PLI at 50 Hz
and its harmonics 100 Hz. The effect of the PLI noise compensation using the notch filter
is shown in Figure 3.10c. Furthermore, the frequency domain plot of the corresponding
denoised signal in Figure 3.10d shows the elimination of the PLI noise together with its

harmonics.

The third task in the preprocessing stage is normalizing the ECG signal. Normalization
guarantees the amplitude of an ECG wave to have a similar range and helps to improve ML
model stability against varying ECG signal amplitude across different records. In this paper,
each lead of a denoised ECG signal, x,, is scaled into [—1, 1] using min-max normalization

using Eqn. (3.3) [158]:
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Figure 3.10: Filtering result of Lead III of Chapman Arrhythmia dataset shown in Figure 3.9:
(a) PLI contaminated noisy signal, (b) the frequency magnitude distribution of (a), (¢) filtered
signal, and (d) the frequency magnitude distribution of (c).

Xq — X4 .
Xnorm = ﬁ (Xnewmax - Xnewm,-n) + Xnew,i (3.3)
dmax dmin
where Xporm € RV is a normalized signal, Xpey,,, = —1 and Xxyey,,,. = 1 are the new min-

imum and maximum values, respectively. Besides, x4, and x; . are the maximum and
minimum values in Xg4, respectively. Then, the normalized 12-lead ECG signal which is

obtained by concatenating X,orm i Xnorm € R'2*V.

In the preprocessing stage, BW artifact compensation, PLI noise removal, and normalization

techniques have been successively used to improve ECG data quality.
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3.5. Model

In this study, we designed a multichannel hybrid model that utilizes the 12 channels of a
12-lead ECG signal and includes post-hoc model output interpretability. Each lead provides
a distinct 1D signal, contributing its share of information in identifying underlying heart dis-
eases. The detailed architecture and configuration of the model is illustrated in Figure 3.11.
To extract and capture features present in each of these 12 channels, we used 12 blocks of 1D

CNN-BiILSTM hybrid networks and subsequent attention mechanism and 2D CNN blocks.

The first ID CNN block, each having 24 filters organized into 4 groups, each group consist-
ing of 6 filters, and dilation rates of 1, 2, 3, and 4 are applied to each group. The dilated
convolution results of these four groups are then concatenated before batch normalization.
This architecture enables the model to capture multi-scale temporal features from an ECG
signal at different resolutions by increasing the receptive field [209]. Given a dilation fac-
tor m and a kernel weights w", the output v from a dilated convolutional operation on a

normalized single lead signal Xporm, 1S determined using Eqn.(3.4) [209]:

k1
v[n] = (Xnorm *m W) [n] = Y WO [K]Xnorm [ — mk] 3.4

k=0
where k; is kernel size, *,, refers to a dilated convolution, and 7 is in the interval [0, N — 1]

is an index of a single lead ECG signal sample.

As shown in Figure 3.11, the proposed model has two blocks with a projection skip connec-
tions. These connections employ a 1D convolutional layer to transform the features from
earlier layers before performing element-wise addition with the main path. This ensures
dimensional compatibility and enables the model to effectively combine both low-level and
high-level representations. Besides, the skip connections improve the gradient flow and

model convergence that enhances the model performance [210,211].

In the proposed model architecture, the 12 1D-CNN blocks are followed by two BiLSTM
networks. The BiLSTM network has two stacked LSTM networks, forward LSTM and
backward LSTM, used to capture different temporal characteristics within features at the end
of 1D CNN blocks. The forward LSTM captures relationships within the extracted features

by the ID-CNN blocks, extending from the beginning to the end of the feature sequence.
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Figure 3.11: The Proposed Model Architecture.

Where Ny is the number of kernels/filters, K is the kernel size, Sy is the kernel stride, P is the pooling size, S, is the pooling stride, N x 12 denotes the input dimension of the

12-lead ECG signal, N x 1 represents a single lead of the input ECG, and O is the output.



The backward LSTM, on the other hand, captures the temporal relationships within the

features in the reverse order [212,213].

Then, the outputs of all the 12 BiLSTM networks are concatenated to form a tensor, H €
R5*" " where ¢ represents the 12 ECG channels, s is the output sequence length of the
BiLSTM network which is in the time-step dimension and u is number of features for each
element in the output sequence whose dimension equals to BiLSTM units of the second
BiLSTM layer. However, all values of this tensor do not have equal contributions in the
final classification task. So, we added a multiplicative attention mechanism in the proposed
network to emphasize the tensor that contributes most to the classification. The attention
layer is implemented by adapting the mechanisms proposed by Yao et. al. [214] and Vaswani
et. al. [215]. Given weight tensor (W € R***) and bias vector (b € R'*1*# ) in the attention

network, the query tensor (Q € R“****) for H is defined as in Eqn. (3.5):

Q =tanh(H-W+Db) (3.5)

Then, the query tensor obtained in Eqn. (3.5) is used to determine the attention logits as

given in Eqn. (3.6):

A=Q, K’ (3.6)

where A is the attention logits tensor that shows the similarity score between query and key
tensors, Q, € R**¢ is obtained by reshaping the query tensor Q, and K € R** is a key
tensor obtained by keeping the feature and channel dimensions of H. This is mainly because
each element in the sequence is considered as an individual data point. The attention weight
W € R¥** s then obtained by applying softmax on a reshaped attention logits tensor,

that is, A, € R¥**** along the last axis as given in Eqn. (3.7):

Wonn = softmax(A,) (3.7

Finally, the output of the attention network, Y, € R***¥ is a attention weighted version

of H as in Eqn. (3.8):
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Yarn = (Wattn : HT)T (38)

where H” € R*“*¢ and Y 4, is the attended input obtained through weighting the input, H,

by the attention weight, W ;.

The output of the attention layer is then fed to the 2D CNN network. Adding the 2D CNN
in the network helps to capture spatial features in an ECG signal [200]. Besides, the 2D
CNN layer with the global average pooling (GAP) activation makes the model interpretable
through visualizing and localizing important features that contribute most to the classifica-
tion [59,216]. Given a tensor F € RI-*/ex#xns that incorporates ny number of filters with
kernel size [, x [ that transforms feature maps from u to ny dimension. The output of the

c—L41)X(s—lc+1)

convolution operation, E € R( *1f is represented as in Eqn. (3.9):

I—11—1
Eijn = Z Z Z (Yattn[i +m, j+n,u] - F[m,n,u,ns]) + by, (3.9

u m=0n=0
where i and j are spatial coordinates of E with dimension (¢ —/,+1) x (s — I+ 1) X nys, by,
is a bias vector value that contributes to each feature map in F. In the proposed architecture,
I, =1 and [, = 12 for a kernel size k; = (1,12) and the number of filters ny = 64. This

convolution operation extracts features and preserves the information along the 12 leads (c).

The extracted features from previous layers are processed through a rectifier linear unit
(ReLU) activation function and then subjected to 2D global average pooling (GAP). The
GAP computes the average value of each feature map that preserves spatial information and
reduces parameter size. Then, the resulting features are fed into three dense or fully con-
nected (FC) layers. These layers contribute to the overall model’s capacity to learn patterns
in the ECG signals. The first and second dense layers have 128 and 64 neurons or units, re-

spectively. The third (output) FC layer has a number of neurons equal to the class labels (O).

As shown in Figure 3.11, the proposed model integrates different activation functions and
regularization methods across the architectures, including batch normalization, dropout, and
L2 weight regularizers. The activation functions enable the model to approximate complex
non-linear relationships in the dataset [217]. Similarly, the dropout and L2 weight regu-
larizers can reduce overfitting and enable the model to be robust against variations in the

input data [217]. The batch normalization is used to mitigate the internal covariate shifts,
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vanishing and exploding gradients, and sensitivity of the network to initialization [209,217].
The batch normalization in each convolutional and FC layer, except the output FC layer, is
followed by the ReLLU activation function. The output FC layer, on the other hand, uses
the sigmoid activation function [217]. Besides, a hyperbolic tangent (tanh) activation func-
tion [212] is used inside the BILSTM output cells. The model hyperparameters including the
number of kernels, kernel sizes, strides, pool sizes, and the number of units in both Bi-LSTM
and dense layers were adjusted for better performance using empirical tuning based on re-
lated studies [43, 80,218]. In addition, Bayesian optimization with expected improvement
acquisition function [197] is used to fine-tune the dropout rate and weight regularization

factors in both Bi-LSTM and FC layers.

3.6. Model’s Classification Output Interpretability
Methods

In an ECG-based heart disease classification, DL-based techniques have shown commend-
able performances [20,43,44,47,50,80]. However, interpreting the classification output of
DL models remains challenging due to their black-box nature [95]. As a result, various DL
model output interpretation methods have been proposed in the literature to understand the
rationale behind the classification outputs. In this study, we explored the interpretation re-
sults produced by two post-hoc model interpretability techniques: Grad-CAM++ and SHAP

with gradient explainer.

SHAP is a feature attribution-based method that shows the contribution of each 12-lead of
an ECG signal with their time segment in the final classification output. On the other hand,
Grad-CAM++ is a gradient-based method that generates class-discriminative localization
maps for highlighting the contribution of each time segment and lead of the ECG signal. It

operates by computing gradients following the final convolutional layer of the CNN [59].
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CHAPTER 4

Experimental Results and Discussion

4.1. Overview

One of the limitations of ML models is to replicate their best performance across different
ECG datasets [43]. In this regard, we present experimental results of the model after be-
ing trained on the PTB-XL [41], the CODE-15% [61], and the Chapman Arrhythmia [62]
datasets that are discussed on section 3.3. The aim is to effectively replicates the performance
of the proposed model across three distinct ECG datasets. These datasets have different sam-

pling frequencies, diverse cardiac diagnosis classes, and contamination by artifacts.

This chapter provides a comprehensive examination of the experimental setup, results, and
insights into the performance of the proposed model for heart disease diagnosis using 12-
lead ECG signals. The experimental setup section discusses on the hardware and frame-
works used, as well as the model training details. Then, the metrics used for evaluating the
model’s performance are discussed. Then, experimental result analysis is presented to show
the model’s performance across the three heart disease datasets. Then, a model component
analysis is presented to evaluate the contribution of individual components to the overall per-
formance improvement. This analysis sheds light on the effectiveness of key design choices
and their impact on model performance. Finally, the proposed model’s performance is com-
pared with state-of-the-art techniques applied to large 12-lead ECG datasets and a discussion
is provided in demonstrating its competitive performance and potential advantages in clinical

and real-world applications.
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4.2. Experimental Setup

The proposed model was evaluated on three different ECG datasets separately. This ap-
proach provides insight into the data-specific characteristics of the model. Besides, it facili-

tates performance comparison against models trained on these datasets.

A total of four different experiments were conducted to evaluate the proposed model. The
first two experiments were performed on the Chapman Arrhythmia dataset with seven (7) and
merged four (4) heart disease classes. The third experiment studied the model performance
on the PTB-XL dataset with 5 super-diagnostic classes. Finally, the fourth experiment was
on the CODE-15% dataset. In these datasets, a single instance of an ECG signal may exhibit
multiple diseases, making the classification a multi-label classification task. The proposed
classification model was trained using a sigmoid cross-entropy loss function, optimized by
the Adams optimizer, and an initial learning rate of 0.0005. The learning rate was halved
when the validation loss did not improve for three consecutive epochs. In all experiments, the
training was set to run for a maximum of a hundred epochs, with a batch size of 32. Besides,
the training process stopped early if there was no improvement in the validation loss for
seven consecutive epochs. For the CODE-15% dataset, the number of epochs maintained

for learning rate reduction and early stopping were four and nine, respectively.

In all these experiments, the proposed model was trained and tested on a machine equipped
with hardware specifications of Intel(R) Xeon(R) Gold 6278C CPU with 2.60 GHz clock
rate, 64 GB RAM, and 16 GB Tesla T4 GPU. The proposed model was implemented using

Keras API on TensorFlow framework version 2.11.0.

4.3. Performance Evaluation Metrics

The proposed model performance is evaluated using standard metrics commonly used in
multi-labelled and multi-class classification tasks [219-221]. Given, O € R¢ a model classi-
fication output with ¢ number of classes, the classification performance is usually evaluated
using the individual class O; in {O}¢_,. The evaluation metrics, Accuracy;, Specificity;,
Precision;, and Recall; are, respectively, defined in Eqn. (4.1), (4.2), (4.3), and (4.4) in terms
true positive (T P,), false negative (F'NN;), true negative (T'N;), and false positive (FP;). The

true instances represent correct model predictions that correspond to the actual test data la-
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bels, whereas false instances represent faulty model predictions that correspond to the true

data labels.

Accuracy; measures the per-class classification effectiveness of the proposed model and

computed as in Eqn. (4.1):

TP;+TN;
Accuracy; = it 2N “4.1)
TP;+FN;+FP;+TN;

Specificity; measures the effectiveness of the proposed model in identifying cases that are

negative in test data for disease class 7, and defined as Eqn. (4.2):

e T'N;
Specificity; = WIFP, 4.2)

Precision; measures the agreement of the positive cases detected by the proposed model with

the actual positive cases in the test data for disease class i, and defined as Eqn. (4.3):

TP;
Precision; = ————— 4.3)
TP;+ FP;

Recall; measures the model’s ability to capture all positive cases from the test data for dis-
ease class i. It is also known as sensitivity or true positive rate, which shows the model’s

performance in identifying true positive cases in the test data. It is defined as in Eqn. (4.4):

TP;
Recall; = ———X— 4.4)
TP;+ FN;

F1-score; represents the harmonic mean of Precision; and Recall; for a model in identifying

true positive instances in the test data for class i. It is defined as in Eqn. (4.5):

Fl_score; =2 Recalli-Preciivi.oni 4.5)
Recall; + Precision;

Other metrics that measure model performance are the area under the receiver-operating
characteristic curve (AUC) and the area under the precision-recall curve (AUPRC). The AUC
measures the ability of a model to distinguish between classes by plotting the True Positive

Rate (TPR) or Recall; against the False Positive Rate (FPR), which is 1 — Specificity;. A

61



higher AUC value indicates better class separation, where an AUC of 0 signifies a completely
incorrect model, an AUC of 0.5 implies no ability to separate classes (equivalent to random
guessing), and an AUC of 1 reflects perfect classification performance, with no overlap
between classes. The AUC is particularly useful in imbalanced datasets, as it provides a
balanced evaluation by focusing on both the sensitivity and specificity of the model. This
makes it a robust metric for assessing a model’s ability to identify both positive and negative

cases accurately, irrespective of class proportions in the data.

The AUPRC, on the other hand, is more focused on evaluating the model’s performance in
identifying positive instances, especially in datasets where the positive class is rare. It mea-
sures the relationship between Precision (positive predictive value) and Recall (sensitivity)
by emphasizing the need to minimize false positives while maximizing true positives. The
value of AUPRC ranges from O to 1, with 1 indicating perfect performance where all pos-
itive instances are correctly identified without any false positives. Unlike AUC, AUPRC is
particularly informative when dealing with imbalanced datasets, as it highlights the model’s

effectiveness in recognizing the minority class [222].

The overall classification performance of the model is measured in terms of macro-averaging,
micro-averaging and weighted-averaging of the metrics discussed above. Macro-averaging
treats all classes independently and computes the average value across all disease classes. On
the other hand, micro-averaging computes the metrics globally on cumulative TP, FN, TN,
and FP of all disease classes and it takes class imbalance into consideration [222]. Whereas,
in weighted-averaging (wavg) measures the average of model performance metrics which is
weighted by the TP of each disease class in the dataset. The macro precision (Precision,,gcro)
and macro recall (Recall,;4¢) are determined using Eqn. (4.6) and Eqn. (4.7), respectively.
Whereas, the micro precision (Precision,,;.r,) and micro recall (Recall,;;c,,) are determined
using Eqn. (4.8) and Eqn. (4.9), respectively. Besides, the weighted precision (Precision,,qy,)
and weighted recall (Recall,,q,¢) are determined using Eqn. (4.10) and Eqn. (4.11), respec-
tively, where N; is the count of samples of class i in the test data. The micro, macro, and
weighted averages F1-scores are computed based on their corresponding: micro, macro, and

weighted averages of recall and precision, utilizing equivalent equation defined in Eqn. (4.5).

£
& TRFFP,
Precisionmacro = ———— (4.6)
c
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4.4. Result Analysis

4.4.1 Performance on Chapman Arrhythmia Dataset

4.7

(4.8)

4.9

(4.10)

4.11)

For the Chapman Arrhythmia dataset [62], the proposed model’s classification performance

was evaluated on reduced seven (Chapman-Reduced) and merged four (Chapman-Merged)

disease classes. In both cases, the dataset was split with a ratio of 80%, 10%, and 10% into

training, validation, and testing sets, similar to the strategy employed by Yildirim ef al. [80].

Figure 4.1 shows the training and validation curves obtained from the model training process.

These curves show that the proposed model optimizes its parameters after 20 epochs and

convergence to the training and validation data. Then, the trained model performance was

evaluated on an unseen test dataset. As depicted in Table 4.1, the model demonstrated a high

generalization capability with an average classification accuracy of 98.55% and an average

specificity of 99.20%. Nevertheless, the model struggles with AF and SI disease classes that
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are few in number in datasets. However, as shown in Figure 4.2 the AUC curve indicates the
proposed model’s capability to distinguish between positive and negative instances of disease
classes with an average AUC value of 99.58%. The confusion matrix, shown in Figure 4.3,
also indicates the model’s classification performance in capturing the true positives within

each disease class.
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Validation loss >, 0.92
7 2
c 0.5
| § 0.88 Training Accuracy
<084 Validation Accuracy
0.08
0.8
0.02 076
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Figure 4.1: Training and validation curves of Chapman-Reduced Arrhythmia dataset: (a)
loss curve, (b) accuracy curve, and (c) AUC curve.

In the seven (7) class Chapman-Reduced dataset, the model exhibits challenges in classifying
AF and SI disease classes. The challenge is mainly due to the smaller number of samples
and high similarity between AF and AFIB, as well as between SR and SI. To address the
class imbalance and class similarity issues, the dataset’s authors [62] recommended group-
ing the entire dataset into four classes: AFIB, GSVT, SB, and SR, as discussed in section 3.3.
Then, we trained the model on this merged four (4) disease classes, and Figure 4.4a, Fig-

ure 4.4b, and Figure 4.4c¢ depicts the training and validation curves. The curves indicate the
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Table 4.1: The model’s performance in (%) on test set of the Chapman-Reduced Arrhythmia
dataset.

Classes  Accuracy Specificity Recall Precision FI-Score | AUC AUPRC
AF 97.43 99.20 58.70 77.14 66.67 | 98.62  78.96
AFIB 97.72 98.17 95.48 91.35 93.37 ]99.66 98.29
SI 98.38 99.70 63.16 88.89 73.85 19941 87.59
SB 99.52 99.40 99.74 98.97 99.35 19997 9995
SR 98.29 98.85 95.70 94.68 95.19 ]99.57 99.01
ST 99.14 99.55 97.04 97.62 9733 19996 99.80
SVT 99.33 99.50 96.15 90.91 93.46 |99.85 97.36
Average 98.55 99.20
Macro 86.57 91.37 88.46 | 99.58 94.42
Micro 94.58 95.22 9490 |99.78 99.01
Weighted 94.58 94.99 94.64 |99.76  97.99
1.0 —r-l
0.9 -
0.8 -
8 0.7 -
ch
[0) 06 N
=
= 0.5 -
- 4 —— AF (AUC = 0.9862)
o O AFIB (AUC = 0.9966)
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01 - —— ST (AUC = 0.9996)
' SVT (AUC = 0.9985)
0.0 1 I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 4.2: Area under receiver operating curve

model’s capacity to fit the training and validation sets and showcase its convergence. Then,
the trained model was tested on an unseen test set, and Figure 4.5 and 4.6 depicts its clas-
sification performance. As depicted on Table 4.2, the model achieved an average accuracy
of 98.80%. The model demonstrates robust performance on the test set with a micro AUC
of 99.77% and a macro AUC of 99.75%, indicating the high discriminating capability of the
model across all classes. Additionally, the model achieves AUPRC with a micro AUPRC
of 99.36% and a macro AUPRC of 99.18%, indicating the model’s capability in identifying
TP and minimizing FP across the test set. Also, these results are reflected in the AUC-ROC

curve and the confusion matrix shown on Figure 4.5 and 4.6, respectively.
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Figure 4.3: Confusion matrix of the test set of the Chapman-Reduced dataset: (a) AF, (b)
AFIB, (¢) SB, (d) SI, (e) SR, (f) ST, and (g) SVT

Furthermore, to demonstrate the effectiveness of the proposed model, t-distributed stochastic

neighbor embedding (t-SNE) [223] visualization is performed on the output of the GAP2D

layer which is before the fully connected layer, the test dataset before the input layer, and

output layers for the Chapman-Reduced and Chapman-Mereged as shown on Figure 4.7 and

Figure 4.8, respectively.

For the Chapman-Reduced, Figure 4.7a shows the test dataset complexity with an undefined
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Figure 4.5: Area under receiver operating curve of Chapman-Merged Arrhythmia test set

cluster of data points. Then, on the output of the GAP2D layer of the proposed model, as
shown in Figure 4.7b, the seven disease classes are grouped with clear boundaries. The

t-SNE plot indicates that the feature extraction process has effectively captured important
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Table 4.2: The model’s performance in (%) on test set of the Chapman-Merged Arrhythmia
dataset.

Classes  Accuracy Specificity Recall Precision FI-Score | AUC AUPRC
AFIB 98.31 98.94 95.89 95.89 95.89 99.63  98.47
GSVT 98.31 98.91 96.28 96.28 96.28 9945  98.57
SB 99.06 99.76 96.44 99.09 97.75 99.91 99.70
SR 99.53 99.56 99.47 99.21 99.34 99.99  99.98
Average 98.80 99.29
Macro 97.02 97.62 97.32 99.75  99.18
Micro 97.37 97.83 97.60 99.77  99.36
Weighted 97.37 97.84 97.60 99.78  99.29
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Figure 4.6: Confusion matrix of the test set of the Chapman-Merged arrhythmia dataset: (a)
AFIB, (b) GSVT, (c) SR, and (d) SB

information from the raw ECG data. Finally, the t-SNE plot on Figure 4.7c shows class
separation achieved by the model at the output layer. Most disease classes, such as SB, ST,
and AFIB, form distinct clusters with minimal overlap, indicating that the model has learned

distinguishable features for these classes. SR also shows good separability. Minor overlaps
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exist, particularly between AF and AFIB, as well as SI and SR, which may suggest some
feature similarity leading to potential misclassifications. The compact and isolated clustering
of SVT implies it has unique, identifiable features but appears in a smaller number compared
to SB, SR, ST, and AFIB. This visualization highlights the model’s potential for effective

disease classification, though further refinement could improve separability in overlapping

classes.
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Figure 4.7: t-SNE visualization on Chapman-Reduced test dataset (a) test set ECG samples
at the input layer, (b) GAP2D layer, and (c) Output layer of the proposed model.

Similarly, for the Chapman-Merged, Figure 4.8a shows the dataset complexity with an unde-
fined cluster of data points. Then, on the output of the GAP2D layer of the proposed model,
as shown in Figure 4.8b, the four disease classes are grouped with clear boundaries. The
t-SNE plot indicates that the feature extraction process has effectively captured important

information from the raw ECG data. Finally, The t-SNE plot on Figure 4.8c shows class
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separation achieved by the model at the output layer. The four disease classes AFIB, GSVT,

SB, and SR form distinct clusters, as shown in Figure 4.8c. These distinct clusters show that

the model has generalized effectively in classifying these heart diseases.
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Figure 4.8: t-SNE visualization on Chapman-Merged test dataset (a) test set ECG samples
at the input layer, (b) GAP2D layer, and (c) Output layer of the proposed model.

4.4.2 Performance on PTB-XL Dataset

The PTB-XL dataset is divided into training, validation, and test sets based on stratified
sampling techniques and provided by Wagner et al. [36]. Accordingly, Wagner et al. [36]
recommended the first nine (9) partitions of the stratified samples for training and validation,

whereas the last partition for testing as depicted on Table 3.1.

The training and validation curves derived from the model training procedure are displayed
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in Figure 4.9. These curves demonstrate that the model optimizes its parameters and con-
verges to the training and validation sets in a few epochs. We assessed the trained model’s
performance on an unseen test dataset to determine the model’s capacity for generalization.
Table 4.3 shows that the model had an average test set classification accuracy of 89.84%,
indicating a reasonably good performance. Nevertheless, the model struggles to generalize
well for HYP class due to the small sample size of HYP in both the training and testing
sets. However, the proposed model exhibits strong performance in other disease classes. For
instance, the model achieved a recall and an F1-score of 91.08% and 87.23%, respectively,

in detecting the NORM cases.

8
0.91 r~’A\/‘*A —~—
? 0.89
2 Training loss 5‘? Tra.ininlg accuracy
’3 — Validation loss é 0.87 —— Validation accuracy
0.7 é
0.85
'\/\,.»\\ -
02 0.83
0 5 10 15 20 25 30 35 40 45 50 55 0 5 10 15 20 25 30 35 40 45 50 55
Epochs Epochs
(a) Loss curve (b) Accuracy curve

0.95

0.93 .
\"A Training AUC
0.91 V —— Validation AUC

&)
!
< 089
0.87
0.85
0 5 10 15 20 25 30 35 40 45 50 55
Epochs
(c¢) AUC curve

Figure 4.9: Training and validation curves for PTB-XL dataset: (a) loss curve, (b) accuracy
curve, and (c) AUC curve.

In addition, the AUC values shown in Table 4.3 indicates the model’s ability to distinguish
among the five disease classes with the micro and macro AUC of 94.51% and 93.51%,

respectively. Besides, the confusion matrix depicted in Figure 4.10 shows that the proposed
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model performs well in identifying instances that do not belong to a class of interest, that
is, negative instances for each disease class. To further evaluate the effectiveness of the
proposed model, t-SNE visualization was applied on three stages of the proposed model: the
test dataset prior to entering the input layer, the GAP2D layer output which is before the
fully connected layer, and the output layer of the proposed model on the PTB-XL dataset, as

shown in Figure 4.11.

Table 4.3: The model’s performance in (%) on test set of the super-diagnostics class of PTB-
XL dataset.

Classes  Accuracy Specificity Recall Precision FI-Score | AUC AUPRC
CD 90.20 95.43 72.29 82.19 7692 | 9280 85.59
HYP 92.01 97.16 53.99 72.08 61.74 | 9090 68.92
MI 88.79 94.30 72.33 80.97 76.41 94.19 86.42
NORM 88.33 86.20 91.08 83.70 87.23 | 95.62 93.65
STTC 89.88 94.29 75.82 80.49 78.03 | 94.05 84.08

Average 89.84 93.48

Macro 73.08 79.89 76.07 93.51 83.73
Micro 77.69 81.50 79.55 | 9451 8748
Weighted 76.87 81.83 7875 | 94.10  86.68

The concentration of data points on the t-SNE plot of the test dataset, as shown in Fig-
ure 4.11a, suggests that the ECG data of the PTB-XL dataset is relatively homogeneous,

with similarity across points and few variability.

The t-SNE plot after the GAP2D layer, as shown in Figure 4.11b, shows an intermix across
most disease classes, with a better clear distinction observed for the CD and NORM disease
classes. This pattern suggests that while the feature extraction backbone is generally effec-
tive, it excels in identifying patterns specific to CD and NORM. The intermixing among
other classes highlights the inherent complexity of the dataset, indicating significant similar-
ities in the features of these heart disease classes. This complexity challenges the model’s

ability to separate each class.

The t-SNE plot in Figure 4.1 1c shows distinct clustering for disease classes like CD and MI.
While the wide dispersion of NORM points reflects flexibility and generalization capabili-
ties, it also highlights the need for improved specificity. Additionally, the overlap between
HYP and STTC disease classes contributes to misclassification. Given the limited variabil-

ity among the ECG features of the disease classes, as shown in Figure 4.11a, the t-SNE plot
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Figure 4.10: Confusion matrix of the test set of the PTB-XL dataset: (a) Normal, (b) Con-
duction Disturbance, (c) Hypertrophy, (d) Myocardial Infarction, and (e) ST/T Change.

of the proposed model at the output layer, as shown in Figure 4.11c, exhibits its potential
in classifying complex conditions. This indicates that, despite inherent similarities in the

ECG signals, the model can capture distinctive information between disease classes and its

strength in managing complex cases.

4.4.3 Performance on CODE-15% Dataset

As discussed in section 3.3, the CODE-15% dataset comprises a total of 345,779 samples.
Among these, 308,004 samples are categorized as not belonging to any of the specified six
classes—1dAVb, RBBB, LBBB, SB, ST, and AFIB. In our experimental approach, the focus
is on evaluating the proposed model’s performance on a specific subset of the dataset. This
subset is comprised of 37,775 samples, ensuring each sample contains at least one of the six
disease classes. This approach allowed us to assess the model’s performance exclusively on
this subset of 37,775 samples, all of which include one or more of the specified disease
classes. This approach addresses concerns related to data imbalance and computational

resource constraints associated with training on the entire dataset

The 37,775 samples were split into training, validation, and test sets, respectively, with a
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Figure 4.11: t-SNE visualization on PTB-XL test dataset (a) test-set ECG samples at the
input layer, (b) GAP2D layer, and (c) Output layer of the proposed model.

ratio of 70%, 15%, and 15%. Figure 4.12 depicts the training and validation curves ob-
tained from the model training. The loss curves in Figure 4.12a show that the training and
validation loss is at 0.085 and 0.054, respectively, on the 47th epoch with early stopping.
These small loss values, coupled with high accuracy and AUC values shown on curves of
Figure 4.12b and 4.12c, indicate the model captures patterns from the data with acceptable
discrimination capability between the six disease classes. Besides, the model’s performance
on the unseen test dataset is given in Table 4.4. The high recall and precision values show
the model’s capability to spot TP instances from all classes and minimize FP across the
test dataset. Similarly, the macro, micro, and weighted F1-scores of 93.71%, 94.02%, and
94.01%, respectively, demonstrate the model’s balanced performance in both precision and

recall that is also clear in high values of AUPRC across the disease classes.

In addition, we evaluated the model performance using a gold standard of 146 samples from
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Figure 4.12: Training and validation curves for CODE-15% dataset: (a) loss curve, (b)
accuracy curve, and (c) AUC curve.

the CODE-test dataset, detailed in section 3.3 and summarized in Table 3.2. The classifi-
cation performance is presented in terms of a confusion matrix as depicted in Figure 4.13.
The results show that the model captures all true positives in SB and AF disease classes.

Moreover, for LBBB and ST, the model does not classify negative samples as positive.

Furthermore, the t-SNE visualization of the GAP2D layer, located before the fully connected
layer, along with the test dataset before the input layer and the output layer of the proposed
model on the CODE-15% dataset, is presented in Figure 4.14. The colors represent different

disease classes shown in the legend.

As shown in Figure 4.14a, the t-SNE distribution of the test set before the input layer reveals
that the data points are intermixed, making it difficult to distinguish between the six disease
classes. However, after the GAP2D layer, shown in Figure 4.14b, the data points for the

disease classes transitioned from overlapping to more separable clusters. The t-SNE plot
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Table 4.4: The model’s performance in (%) on test set of the CODE15% dataset.

Classes  Accuracy Specificity Recall Precision FI1-Score | AUC AUPRC
1dAVDb 96.85 98.41 88.17 90.86 89.50 99.01 96.23
RBBB 98.40 98.92 96.73 96.57 96.65 99.51 98.88
LBBB 98.13 99.26 92.39 96.04 94.18 9940 97.78
SB 98.25 99.20 92.55 95.03 93.77 99.63 98.14
AFIB 98.31 99.28 94.68 97.24 95.94 99.62 99.11
ST 96.99 98.16 92.15 92.34 92.24 98.90 96.82
Average 97.82 98.87
Macro 92.78 94.68 93.71 99.35 97.83
Micro 93.17 94.89 94.02 99.38  98.09
Weighted 93.17 94.89 94.01 99.35 97.94
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Figure 4.13: Confusion matrix of the CODE-test: (a) 1dAVDb, (b) RBBB, (c) LBBB, (d) SB,
(e) ST, and (f) AFIB.

of the model’s output layer, as shown in Figure 4.14c, indicates that most disease classes,
such as ST, AFIB, and LBBB, are well-separated. The t-SNE plot exhibits that the model
has effectively learned to extract discriminative features and reduce inter-class overlap. The
result shows the effectiveness of the proposed model in capturing important information

from ECG signals and its strong classification performance.
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Figure 4.14: T-SNE visualization on CODE-15% test dataset (a) test-set ECG samples at the
input layer, (b) GAP2D layer, and (c) Output layer of the proposed model.

4.5. Component Analysis and Ablation Test

This section elaborates the contribution of BILSTM and attention networks in improving
the proposed model generalization capability. As presented on Table 4.5, we trained a
model without the BilLSTM-attention network and without the attention network on all three
dataset. The performance metrics across three datasets: PTB-XL, Chapman Arrhythmia
Merged and Reduced, and Codel5% demonstrate how these architectural changes impact

accuracy, recall, precision, and F1-score.

The results on the PTB-XL dataset show performance improvements across all metrics while
moving from the configuration without BiLSTM-attention network to the proposed model.
As shown in Table 4.5, the average accuracy improves from 87.24% to 89.84%, while macro

recall shows a significant increase from 62.80% to 73.08%, and the F1-score improved from
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68.26% to 76.07%. Adding the attention layer improved the macro F1-score, rising from
74.19% to 76.07%. However, precision remains relatively constant across the three config-
urations (without BiLSTM-attention, without attention, and the proposed model), with only
slight improvements. This result indicates that adding BiLSTM-attention layers makes the
proposed model better at detecting more true positives (higher recall) while slightly reducing

false positives in the PTB-XL dataset.

Table 4.5: Ablation Study Results on test-set of each dataset

) Without Without
Dataset Metric (%) BiLSTM-attention attention Proposed
Avg. Accuracy 87.24 89.14 89.84
Macro Recall 62.80 71.13 73.08
PTB-XL Macro Precision 77.20 78.17 79.89
Macro F1-score 68.26 74.19 76.07
'1; r m ’t’ r ”””””” Trainable 113,573 286,181 288,533
arameters Total 116,005 290,341 292,693
Avg. Accuracy 95.07 98.38 98.80
Ch M J Macro Recall 87.76 96.12 97.02
apman-VIeteee  Nacro Precision 91.01 96.83 97.62
R Macro Fl-score 8903 9646 9732
Parameters Trainable 113,508 286,116 288,468
Total 115,940 290,276 292,628
Avg. Accuracy 94.36 98.11 98.55
Macro Recall 61.73 80.84 86.57
Chapman-Reduced —vr = 5 ision 81.61 89.00 9137
R Macro Fl-score 6338 ] 8396 8846
Parameters Trainable 113,703 286,311 288,663
Total 116,135 290,471 292,823
Avg. Accuracy 95.99 97.44 97.82
Macro Recall 83.97 91.05 92.78
Codel 5% Macro Precision 92.29 0412 9489
L Macro Fl-score 8773 92.55 9371
Parameters Trainable 113,638 286,246 288,468
Total 116,070 290,406 292,628

The model performance results on the Chapman arrhythmia dataset, including both Chapman-
Merged and Chapman-Reduced, show how class imbalance affects performance metrics.
The Chapman-Merged dataset, with four merged classes and with less class imbalance,
shows a significant improvement in both recall and F1-score, reaching a final macro F1-score

of 97.32% as shown in Table 4.5. This improvement shows that the model benefits from a
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more balanced dataset, and the BILSTM and attention mechanisms help refine its ability to
capture influential patterns, resulting in fewer false negatives and better generalization. In
contrast, the Chapman-Reduced, with seven classes and a higher class imbalance, starts with
a much lower recall and Fl1-score, reflecting the difficulty of classifying underrepresented
classes. However, adding the BILSTM and attention layers has significantly improved recall
from 61.73% to 86.57% and F1-score from 63.38% to 88.46%. This improvement indicates
the ability of these mechanisms to capture influential features in an ECG signal and help

reduce the impact of class imbalance.

The performance metrics for the Codel15% dataset also show the impact of different model
configurations. Without the BiLSTM-attention mechanism, the model achieves an average
accuracy of 95.99%. While this reflects a solid classification ability, the macro recall of
83.97% indicates that the model struggles to identify true positives. Despite a high macro
precision of 92.29%, which suggests a low rate of false positives, the macro Fl-score of

87.73% reveals a significant trade-off, as the recall is notably lower than the precision.

When BiLSTM layers are incorporated, the model’s average accuracy improves to 97.44%,
and macro recall rises to 91.05%, indicating enhanced performance in identifying true pos-
itives. The macro precision also slightly increases to 94.12%, reflecting higher reliability
in predictions. Nonetheless, the proposed model, which integrates both BILSTM and atten-
tion mechanisms, achieves the most significant improvements, attaining an average accuracy
of 97.82% and a macro recall of 92.78%. This configuration captures more true positives
and maintains a high macro precision of 94.89%. With a macro Fl-score of 93.71%, the
proposed model demonstrates a strong performance, effectively addressing the complexities
within the dataset and showing the benefits of integrating both mechanisms for improved

classification results.

Adding BiLSTM and attention mechanisms has increased the number of trainable parame-
ters, as shown in Table 4.5 of various configurations of the ablation study. In the case of the
PTB-XL dataset, the baseline model without BiLSTM-attention comprises 113,573 trainable
parameters, reflecting its fundamental complexity for capturing essential patterns. Including
the BiILSTM increases the total number of trainable parameters to 286,181. The proposed
model, which integrates both BILSTM and attention mechanisms, has slightly increased the

trainable parameters to 288,533.
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The observed variation in trainable parameters across datasets with the same architecture, as
shown in Table 4.5, is primarily due to the differences in the number of output classes. Each
dataset necessitates a specific number of neurons in the output layer: 5 neurons for PTB-XL,
4 for Chapman-Merged, 7 for Chapman-Reduced, and 6 for Codel5%. This difference in

output neurons directly influences the parameters of the model.

Across all datasets, substantial performance improvements are observed that show the effec-
tiveness of increased model complexity. For instance, in the Chapman-Reduced seven-class
dataset, the proposed model achieves a macro recall of 86.57%, improving from 61.73%
without BiLSTM-attention, as shown in Table 4.5. The results suggest that the additional
complexity introduced by the BiILSTM and attention mechanisms does not merely increase
the number of parameters but significantly enhances the model’s robustness and performance
across diverse datasets. This improved performance comes from the capability of BILSTM
to capture the temporal dependencies in ECG signals, which addresses a limitation of 1D-

CNNss that primarily focus on extracting local features.

4.6. Performance Comparison

Table 4.6 presents a performance comparison between our proposed model and existing
state-of-the-art techniques. The results show that our model consistently performs well
across all three datasets. Yildirim et al. [80] developed a model using CNN-LSTM blocks
for the Chapman-Reduced seven and Chapman-Merged four classes of the Chapman Ar-
rhythmia dataset. Their model achieved average accuracies of 92.24% and 96.13% for the
reduced seven and merged four disease classes, respectively. In comparison, as presented in
Table 4.6, our proposed model achieved higher average accuracies of 98.55% and 98.80%,
respectively. In another study, Baygin et al. [224] applied a cascaded homomorphically
irreducible tree model with maximum absolute pooling for multilevel feature generation
to classify the Chapman Arrhythmia dataset into reduced seven and merged four classes.
Their technique achieved an average classification accuracy of 92.95% for the reduced seven
classes and 97.18% for the merged four classes, as shown in Table 4.6.In the case of reduced
seven class classification, our proposed model showed a better classification accuracy, which

is higher than the result obtained in [224] by 5.6%.

Similarly, Anand et al. [43] proposed a 2D-CNN model for heart disease classification,
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evaluating its performance on five super-diagnostic classes of the PTB-XL dataset and the
Chapman-Merged four classes Arrhythmia dataset. As shown in Table 4.6, their model
achieved a macro AUC of 93.41% and an average accuracy of 89.73% on the PTB-XL
dataset. When applied to the Chapman-Merged four classes using the same architecture and
different fine-tuned hyperparameters, it attained an average accuracy of 95.8% and an AUC
of 99.46%. However, they did not test their model on the Chapman-Reduced seven classes.
By comparison, our proposed model achieved a slightly higher macro AUC and accuracy
on the PTB-XL dataset. For the Chapman-Merged four classes, our model exceeded their

accuracy by 2.70%, consistently outperforming across all metrics as highlighted in Table 4.6.

On the other hand, Smigiel et al. [47] developed a 5-layer 1D-CNN model that incorporates
entropy features separately, resulting in a computationally efficient but lower-performing
model. Similarly, Palczy’nski et al. [44] introduced a deep CNN trained in a few-shot learn-
ing approach for classifying the PTB-XL dataset. As detailed in Table 4.6, their model
achieved an average accuracy of 79.00%, a specificity of 73.5%, and a macro F1-score of
70.60% on the five-class PTB-XL dataset. In contrast, our proposed technique demonstrated
a better classification performance, achieving 89.84% in average accuracy, 93.48% in speci-

ficity, and 76.07% in macro F1-score.

Additionally, the proposed model performance was evaluated against cardiology residents,
emergency medicine residents, and medical students using a subset of the CODE-test dataset.
This subset, comprising 146 samples as detailed in Section 3.3 and summarized in Table 4.6,
was annotated by cardiologists as the gold standard [198]. As shown in Table 4.6, our
proposed model demonstrated performance comparable to that of the cardiology residents,
emergency residents, and medical students. Ribeiro et al. [225] also presented a model
trained on the entire CODE dataset, achieving good results when the sigmoid output thresh-
old was adjusted to maximize the F1-score [20]. However, at a threshold value of 0.5, the
classification outcome is shown in Table 4.7. Nevertheless, it resulted in no false positives

across the disease classes.

The results presented in Table 4.7 highlight the potential of using ML models to support
clinicians in diagnosing heart diseases from ECG signals. This is particularly significant
given the challenges that physicians of varying experience levels face when reading and

interpreting ECGs, as demonstrated by studies such as [8—10].
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Table 4.6: Performance of the proposed model in (%) compared to prior works.

Chapman Arrhythmia Dataset [S00 Hz]

PTB-XL Dataset [100 Hz]

Metric Yildirim Anand Baygin Anand gmigiel Palczyiiski
(in et al et al. et al. Proposed etal. [43] | etal [47] | et al. [44] Proposed
%) [80] [43] [224] ' ' '
Reduced | Merged | Merged | Reduced | Merged | Reduced | Merged
Avg. Accuracy 92.24 96.13 95.85 92.95 97.18 98.55 98.80 89.73 76.50 79.00 89.84
Avg. Specificity | 98.72 95.43 - - - 99.20 99.29 - - 73.50 93.48
Macro Recall 80.15 95.43 95.34 80.98 96.77 86.57 97.02 - 66.20 70.60 73.08
Micro Recall - - - - - 94.58 97.37 - - - 77.69
Wavg Recall - - 95.85 - - 94.58 97.37 - - - 76.87
Macro Precision | 80.31 95.78 95.44 90.17 97.07 91.37 97.62 - 71.40 - 79.89
Micro Precision - - - - - 95.22 97.83 - - - 81.50
Wavg Precision - - - - - 94.99 97.84 - - - 81.83
Macro Fl-score | 80.04 95.57 95.39 84.01 96.91 88.46 97.32 68.00 70.60 76.07
Micro Fl-score - - - - - 94.90 97.60 79.38 - - 79.55
Wavg F1-score - - 95.84 - - 94.64 97.60 - - - 78.75
Macro AUC - - 99.46 - - 99.58 99.75 93.41 91.00 93.60 93.51
Micro AUC - - - - - 99.78 99.77 - - - 94.51
Wavg AUC - - - - - 99.76 99.78 - - - 94.10
Macro AUPRC - - 98.53 - - 94.42 99.18 83.38 - - 83.73
Micro AUPRC - - - - - 99.01 99.36 - - - 87.48
Wavg AUPRC - - - - - 97.99 99.29 - - - 86.68
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Table 4.7: Confusion matrix for a subset of the CODE-test dataset

Predicted Label
Ribeiro Resident Emergency Medical Proposed
etal [225] Cardiologist Cardiologist Student
True Label Negative Positive | Negative Positive | Negative Positive | Negative Positive | Negative Positive
(-ve) (+ve) (-ve) (+ve) (-ve) (+ve) (-ve) (+ve) (-ve) (+ve)
Negative (-ve) 118 0 131 2 116 2 109 9 117 1
1dAVb Positive (+ve) 21 7 9 19 5 23 2 26 3 25
Misclassified 21 11 7 11 4
Negative (-ve) 112 0 111 1 112 0 111 1 111 1
RBBB Positive (+ve) 5 29 1 33 8 26 2 32 3 31
Misclassified 5 2 8 3 4
Negative (-ve) 116 0 116 0 115 1 116 0 116 0
LBBB Positive (+ve) 5 25 3 27 4 26 3 27 1 29
Misclassified 5 3 5 3 1
Negative (-ve) 130 0 130 0 129 1 129 1 129 1
SB Positive (+ve) 4 12 1 15 2 14 4 12 0 16
Misclassified 4 11 3 5 1
Negative (-ve) 133 0 131 2 132 1 128 5 130 3
AFIB  Positive (+ve) 4 9 3 10 5 8 1 12 0 13
Misclassified 4 5 6 6 3
ST Negative (-ve) 109 0 109 0 109 0 108 1 109 0
Positive (+ve) 9 28 7 30 2 35 6 31 2 35
Misclassified 9 7 2 7 2




4.7. Pilot Test Results

The model, trained on the CODE-15% dataset, was deployed on the Ethiopian Artificial
Intelligence Institute (EAII) data center for real-world evaluation. It was subsequently pilot-
tested using the ZMH dataset described Section 3.3. The system’s graphical user interface
(GUI), shown in Figure B.1 in Appendix B, facilitates the analysis of ECG data, providing

an intuitive platform for users to interact with the model’s predictions and results.

The results of the pilot testing, shown in Table 4.8, demonstrate the strong performance
of the model in classifying ECG signals into six clinically significant disease classes, as

reflected in the overall metrics and class-wise evaluations.

Table 4.8: The proposed model’s pilot-test performance in (%) on ZMH dataset.

Classes  Accuracy Specificity Recall Precision FI-Score | AUC AUPRC
1dAVb 85.93 82.56 91.84 75.00 82.57 | 9551 93.42
RBBB 98.52 100 88.24 100 93.75 19930 97.34
LBBB 95.56 96.36 92.00 85.19 88.46 |99.42 98.13
SB 91.11 100 72.73 100 84.21 98.95 98.10
AFIB 97.04 98.37 83.33 83.33 83.33 | 97.83 89.43
ST 98.52 100 71.43 100 83.33 | 95.65 78.84

Average 94.44 96.22

Macro 83.26 90.59 85.94 | 97.78  92.55
Micro 84.42 86.09 85.25 |97.63 93.03
Weighted 84.42 88.34 8532 | 97.73 94.98

The model achieved an overall accuracy of 94.44%, demonstrating its dependability in dis-
tinguishing the disease classes. Furthermore, macro-averaged metrics indicate robust per-
formance across all classes, with a macro recall of 83.26%, macro precision of 90.59%,
macro F1-score of 85.94%, a macro AUPRC of 92.55%, and a macro AUC of 97.78%. The
high macro AUC and macro AUPRC suggest acceptable discriminative ability and positive

predictive power across all classes.

The model performed well across most classes, with the highest accuracy and specificity for
RBBB and ST. However, there is room for improvement in Recall and Precision for some
classes, such as 1dAVb and AFIB. Despite these areas of improvement, the model’s overall
performance, including high AUC and AUPRC scores, suggests it is well-suited for heart

disease classification and can be considered for clinical applications.
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CHAPTER 5

Interpretability Analysis

5.1. Overview

Interpreting the DL model’s classification output is essential in providing evidence-based
diagnosis. However, as briefed in Section 3.6, it is challenging to tell the rationale behind
the model’s decision in classifying an input instance into its diagnostic class. In our study,
SHAP with gradient explainer [226] and Grad-CAM++ [159] attribution values were used to
demonstrate the proposed model’s classification output interpretability. The model’s output
result is explained at the test set and single instance level, as discussed in the following
sections. To demonstrate the interpretability of the proposed model’s classification output,
we used the reduced seven-class Chapman Arrhythmia test set, as it presents a challenging
scenario with its high number of classes and significant class imbalance. On the other hand,
the single instance level explanation was provided by visualizing the attribution values from

interpretation techniques along with a patient’s raw ECG signal.

5.2. Test Set Level Interpretability

The test set level explanation is provided by computing the positive contribution of each lead
in the classification of the entire test set. Using a similar technique employed by Agrawal
et al. [227] and detailed in Algorithm 2, the cumulative attribution values for each lead
across all patients within individual classes were calculated. This cumulative sum represents
the contribution of each ECG lead for the diagnostic class. Then, these contributions were

averaged for each diagnostic group. The result on Figure 5.1 and Figure 5.2, respectively,
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show the contribution of each lead in the trained model’s classification outputs using SHAP

values and Grad-CAM++ attributions.

Algorithm 2 Steps in Test set level Analysis

1:

D A A

LW W W W W N N NN NN N N DN DN Mo = e e e e e e e
R e A A AU - S ol i A A R A

Input: GradCAM + + attribution or SHAP Values of Test data (D): Attr, Predicted
classes (AF, AFIB, SI, SB, SR, ST, SVT): NumClasses =7
ClassIndices < [AF, AFIB, SI, SB, SR, ST, SVT]
Result: Total and average (AVG) Contribution of each lead in classification
ali][J] > Attribution of j'* lead for i’ class
sumli > Sum of attribution of all leads for i’ class
rlil[J] > Normalized attribution of j* lead on i class
ravg|j] > Average attribution of ;" lead
for i < 0 to NumClasses — 1 do
S <+ Attr[ClassIndices]i]] > Get SHAP values or GradCAM++
attributions for class i
for each lead j do
for each instance in test data, d do
for each Timestamp or FeatureMap, 7 do > Timestamp in raw ECG signal
clil[j] < cli][j] + S[d][7][j] > for SHAP and FeatureMap from
end for > the last Conv2D layer for Grad-CAM++
end for
end for

: end for
. for each class i do

for each lead j do
sumli| < sumli] + cli][j] > Calculate the sum
end for

: end for
. for each class i do

for each lead j do
rlil[j] < cli][j]/sumli] > Normalize the attribution
end for

: end for
. for each lead j do

for i < 0 to NumClasses — 1 do

avglj] < avgl[j] +rli][Jj] > Accumulate the contribution of each lead
end for
avg[j] < avg[j]/NumClasses > Compute the average contribution each lead
: end for

The average (AVG) SHAP value across the seven diagnostic classes depicted in Figure 5.1

shows that, within the reduced Arrhythmia dataset test set, lead I, V1, I and V4 made more

significant positive contributions to the model’s classification output. Similarly, as shown in

Figure 5.2, the average (AVG) Grad-CAM++ heatmap values of the 12-ECG leads across

the diagnosis classes show that lead II, V4, I, and V1 are the influential leads in the model’s
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Figure 5.1: SHAP values based test set level interpretation through quantifying the contri-
bution rate of each ECG leads to the diagnostic classes.
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Figure 5.2: Grad-CAM++ heatmaps based test set level interpretation through quantifying
the contribution rate of each ECG leads to the diagnostic classes.

classification output.

Analyzing the test set, as illustrated in Figure 5.1 and Figure 5.2, using SHAP values and
Grad-CAM++ attributions, respectively, offers valuable insights by highlighting the most
influential leads that contribute to predictions across the dataset. This method combines
explanations from multiple ECG instances, uncovering consistent patterns regarding the sig-
nificance of different leads in diagnosing various disease conditions within the dataset. These
findings are essential for validating the model’s reliability and helping clinicians prioritize

specific leads for further investigation.

Another benefit of the result provided in Figure 5.1 and Figure 5.2 is identifying systematic
errors or biases in the model, for instance, if the model relies on leads that might not be clin-

ically relevant. This ensures that the model is both robust and clinically interpretable. How-
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ever, test set-level analysis using cumulative attributions may obscure instance-specific vari-
ations. Additionally, because the ECG signal is inherently temporal, this approach may fail
to pinpoint specific time intervals that contribute most significantly to the proposed model’s
classification output. So, augmenting test set-level interpretation with instance-specific ex-

planations is crucial for optimizing interpretability.

5.3. Instance Level Interpretation

In the instance-level explanation, the SHAP method results in an output that matches in
dimension to the raw ECG data. This output comprises SHAP values corresponding to
each position within the input ECG signal. Then, a threshold value is selected to retain the
top half of SHAP values from the lead that contributes most significantly to the model’s
classification. Additionally, for the remaining ECG leads, the retained SHAP values are
those greater than or equal to the threshold. These values highlight the ECG segments in

red, while the rest are shown in blue, as illustrated in Figure 5.3.

Figure 5.3a depicts an ECG signal diagnosed with Atrial Flutter (AF). As shown in Fig-
ure 5.3a, AF is manifested as saw-tooth-like atrial waves between consecutive QRS com-
plexes [228] as shown in the orange marked region of Figure 5.3a. The saw-tooth atrial
waves are more noticeable on lead V1 as depicted in Figure A.13. Besides, Figure 5.3b
shows lead II of a subject with Sinus Tachycardia (ST). The regions of the plot with the red
color indicate segments on an ECG signal that significantly contributed to the classification.
ST is a cardiac condition with a faster rate resulting in shortened P-R and intervals between
heartbeats (R-R intervals) while preserving a regular rhythm [200, 228]. In agreement with
the clinical diagnosis criteria, the P-R intervals and the R-peaks are highlighted in red as de-
picted in Figure 5.3b. However, these segments of the ECG are not consistently highlighted
across the time intervals of the signal. In addition, the clarity in highlighting the influential

regions of an ECG is not sharp across all diagnosis classes.

Similarly, the SHAP-based interpretation provides a visual explanation comparable to clini-
cal observations in the remaining diagnostic classes. In Supraventricular Tachycardia (SVT),
the heart rate is high, and this rapid succession of cardiac cycles makes the P-wave often
buried within the QRS complex, which makes it not visible on lead II. Besides, in lead V1,

SVT makes the P-wave indistinguishable [200]. The red color in Figure A.1 of lead II and
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V1 ECG segments highlights this manifestation of SVT. On the other hand, a heart rate be-
low 60 beats per minute results in a condition called Sinus Bradycardia (SB). Despite the
slower heart rate, ECG waveforms in SB maintain a regular rhythm and normal morphol-
ogy [200,228]. As shown in Figure A.7, the slow heart rate is evidenced by the prolonged
isoelectric states between cardiac cycles in ECG leads. These isoelectric states in lead I, II,

and V1 are highlighted in red.
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Figure 5.3: SHAP value based interpretation: (a) Lead II of a sample with Atrial Flutter
(AF), (b) Lead II of a sample with Sinus Tachycardia (ST).

In Sinus Rhythm (SR), the heart rate is between 60 to 100 beats per minute [200]. In ad-
dition, every cardiac cycle exhibits a normal waveform morphology with a regular rhythm,
the appearance of a P-wave before each QRS complex, and a P-R interval with normal
range [200]. In this regard, Figure A.5 depicts that the SHAP values in lead I and V1 high-
light the QRS complex in red as the influential segments of the ECG. Besides, the SHAP
values in lead I highlight nearly the entire waveform covering the P-waves, QRS complexes,
and P-R intervals. The deviation of the heart rhythm from the regular patterns observed in
SR is known as Sinus Irregularity (SI) [200]. These irregularities may manifest as fluctua-
tions in the waveform morphology, irregular R-R interval, and inconsistent patterns in the
cardiac cycle [200]. On Figure A.9, the R-R interval irregularity is apparently visible; for
instance, the time length between the 8" and the 9" beats R-R interval is 0.56 seconds, and
between 9" and the 10" beats is 1.16 seconds. The SHAP values highlighted the peaks in

red on lead I. On the other hand, Atrial Fibrillation (AFIB) is characterized by an irregularly
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irregular ventricular rhythm and fibrillatory waves (f-waves), leading to an irregular undula-
tion of the ECG baseline [200]. These f-waves are evident in lead V1 and highlighted in red,

as shown in Figure A.11.

In Grad-CAM++, the interpretability at the instance level is achieved by highlighting spe-
cific segments in the ECG with a heatmap. Grad-CAM++ generates class activation maps
(heatmaps) by calculating the gradients of the target class to the final convolutional layer’s
feature maps as given in Eqn. (2.10). These gradients are used to weigh the importance of
different spatial locations in the feature maps, allowing the visualization of the leads and
time segments of the ECG contributing to the model’s classification decision. Calculating
the gradient results in a tensor with the same shape as the feature map from the last convo-
lutional layer, the Conv2D on Figure 3.11. After averaging along the channel axis, a new
tensor is produced with a shape of [number of leads (12), sequence length in the last convo-
lutional layer]. This new tensor was then transformed into a vector with a size of N using

linear interpolation, maintaining the same sample size as the original ECG.

Figure 5.4 depicts a lead V1 of ECG signals diagnosed with AF and SB. The heatmap high-
lights segments of ECG that influence the model to classify the input into respective diag-
nosis classes. The heatmap on Figure 5.4a shows that the saw-tooth waves in AF cardiac
conditions are more influential segments of an ECG. On the other hand, in Figure 5.4b, the
prolonged isoelectric states between consecutive heartbeats on lead V1 of a subject with SB

cardiac condition are emphasized with the warm red color.

On sample cases of the Chapman Arrhythmia dataset, as shown in the supplementary on
Figure A.2, Figure A.4, A.6, A.8, A.10, A.12 and A.14, Grad-CAM++ technique has visually
highlighted influential segments of an ECG that contribute significantly in the classification.
The heatmaps on lead I and lead II in Figure A.2 illustrate the absence of a distinct P-wave,
which is a clinical manifestation of SVT in addition to its high heartbeat rate. On the other
hand, Figure A.6, the heatmap on lead I and II, highlights the presence of the P-waves,
PR-intervals, and QRS-complexes in SR. The shortened PR-intervals on lead II of a subject
with ST cardiac condition are emphasized with the warmest dark red color on Figure A .4.
In the case of SI, the segments of the ECG with inconsistent patterns in cardiac cycles are
highlighted as shown in leads I and II of Figure A.10. While in AFIB, the f-waves are

evident in lead V1 and are highlighted with a warmer heatmap, as shown in Figure A.12. The
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Figure 5.4: Grad-CAM++ based interpretation: (a) Lead V1 of a sample with Atrial Flutter
(AF), (b) Lead V1 of a sample with Sinus Bradycardia (SB).

visualization result exhibits similarities with clinical findings of the cardiac diagnosis. This
consistency indicates that the Grad-CAM++ technique can offer an intuitive visualization of
influential segments of an ECG that the trained model used in its classification. However, the
visualization techniques might not be easily understandable by medical practitioners. The
challenge is mainly because of the difficulty correlating the heatmap visual explanation to

existing clinical interpretations.

The above analysis shows the use case of SHAP value and GradCAM-++ attribution in the
proposed model classification output interpretation. Besides, the test set level interpretabil-
ity analysis aids in determining which leads among the 12 lead ECG contribute significantly
to the model in classifying the given dataset. The test set-level interpretability provides a
global perspective by aggregating feature contributions across multiple instances, revealing
consistent patterns in the proposed model decision-making process. This helps identify spe-
cific ECG leads that are influential for a particular classification in the given disease classes,
enhancing trust and reliability in the model. In addition, it is used to ensure the proposed

model classification output aligns with medical domain knowledge.

On the other hand, the instance-level interpretability offers insights into the temporal time
interval on ECG leads that drive the proposed model’s prediction for a single instance. By
combining both levels of analysis, clinicians and researchers can validate DL models’ gen-
eral robustness. This dual model interpretability approach aids in observing where the model

focuses on providing the classification output.

91



CHAPTER 6

Conclusion and Future Works

Heart disease diagnosis from ECG tracings poses significant challenges for physicians across
various expertise levels. These challenges underscore the need for machine learning (ML)
models to augment diagnostic capabilities. However, the black-box nature of these models
and their limited performance metrics have hindered their adoption due to concerns about
reliability and trustworthiness. Therefore, interpreting the output of black-box ML models is
critical to earning the trust of clinicians and enhancing their practical utility. To address this,
we examined the taxonomy of interpretable machine learning (IML) methods, categorizing
them by result presentation approach, scope, specificity, and model complexity. Addition-

ally, we evaluated these methods, highlighting their respective strengths and limitations.

We further explored advancements in integrating IML techniques into ECG-based heart dis-
ease diagnosis workflows and proposed an interpretable deep learning framework tailored
for this task. The proposed model leverages 12-lead ECG data and combines multiple deep-
learning components to enhance feature extraction and interpretability. The architecture in-
tegrates 12 blocks of 1D CNN-BiLSTM networks with an attention mechanism, followed by
a 2D CNN as the feature extraction backbone and three fully connected layers for classifica-
tion. The 1D CNN effectively captures local features, while the BILSTM models long-term
temporal dependencies inherent in ECG signals. This enables the identification of the most
impactful ECG leads and the key temporal segments within these leads that contribute to the
classification task. Moreover, the attention mechanism assigns greater weight to leads and
temporal regions most relevant to the model’s decision-making process, thereby improving
interpretability. The integration of a 2D CNN further enhances the model by capturing spa-

tial relationships in feature maps and the GAP layer reduces the overall parameter count and
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enhances interpretability.

The performance of the proposed model was evaluated across three distinct ECG datasets
and demonstrated better discrimination among diagnostic classes when compared to state-
of-the-art methods. Specifically, the model achieved impressive test macro AUC values
of 99.58%, 99.75%, 93.51%, and 99.35% on the Chapman-Reduced seven and Chapman-
Reduced four classes of the Chapman Arrhythmia dataset, PTB-XL, and CODE-15% datasets,
respectively. Additionally, the average test macro AUPRC values were 83.73%, 94.42%,
99.18%, 83.73%, and 97.83% for the same datasets. These results demonstrate the model’s

ability to perform well across different datasets, offering robust classification performance.

Further, Grad-CAM++ and SHAP techniques have been effectively employed to visualize
the most influential leads and segments within the ECG signals that contribute to the model’s
classification decisions. Test set-level interpretability reveals global patterns by aggregating
feature contributions, helping to identify which leads are most significant for classifying
specific disease classes. Instance-level interpretability, on the other hand, provides insights
into the temporal intervals within the ECG signals that drive the model’s predictions for
individual cases. By combining both test set and instance-level analyses, this dual approach
ensures enhanced interpretability, aiding clinicians in understanding how the model makes

its predictions.

Future studies will focus on quantifying and evaluating the performance of the visual in-
terpretations generated by Grad-CAM++ and SHAP techniques. Additionally, we plan to
explore the integration of language models to generate verbal descriptions of the model’s
output, further enhancing the interpretability of its predictions. These efforts aim to improve

the understanding, reliability, and evidence-based diagnosis.
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Appendix A: Supplementary Figures
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Figure A.1: Example of instance level interpretation for SVT using SHAP values.
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Figure A.2: Example of instance level interpretation for SVT using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.1.

Supraventricular Tachycardia (SVT) is characterized by an elevated heart rate, leading to shortened R-
R intervals and a rapid succession of cardiac cycles. This condition often obscures the P-wave, making it
difficult to distinguish, as it overlaps with the QRS complex or the T-wave, particularly in ECG leads Il and V1
[200]. Figure A.1 presents a SHAP-based explanation, highlighting regions that contribute most to the model’s
prediction in red. Figure A.2 displays a Grad-CAM++ heatmap visualization. Both figures emphasize the
hallmark characteristics of SVT, with leads II, V1, and V4 showing the shortened R-R intervals and obscured
P waves.
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Figure A.3: Example of instance level interpretation for ST using SHAP values.

Figure A.4: Example of instance level interpretation for ST using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.3.

Sinus Tachycardia (ST) is characterized by an increased heart rate, leading to shortened P-R and R-R
intervals while maintaining a regular rhythm [200, 228]. Figure A.3 and A.4, shows ECG readings from a
subject diagnosed with Sinus Tachycardia. The red regions in Figure A.3 highlight the ECG segments that
have the most significant impact on the model’s classification. Consistent with clinical diagnostic criteria, the
P-R intervals and R-peaks are marked in red, as seen in Figure A.3. Additionally, Figure A.4 emphasizes the
shortened P-R intervals in lead I and II with dark red highlights.
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Figure A.5: Example of instance level interpretation for SR using SHAP values.
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Figure A.6: Example of instance level interpretation for SR using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.5.

In Sinus Rhythm (SR), the heart rate ranges from 60 to 100 beats per minute [200]. Each cardiac cycle
exhibits a normal waveform morphology with a regular rhythm, characterized by a visible P-wave preceding
every QRS complex and a P-R interval within the normal range [200]. Figure A.5 presents SHAP-based
explanations for leads I, II, V1, and V4. In particular, the QRS complexes in leads I and V1 are highlighted
in red, indicating that the model identifies these regions that contribute most to its classification of the ECG
signal as SR. In the lead I, the SHAP values emphasize nearly the entire waveform, including the P-waves, P-R
intervals, and QRS complexes. Similarly, Figure A.6 displays a Grad-CAM++ heatmap, where leads I and II
highlight the P-waves, P-R intervals, and QRS complexes, further confirming that the model uses these ECG
segments to classify the ECG as SR.
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Figure A.7: Example of instance level interpretation for SB using SHAP values.

Figure A.8: Example of instance level interpretation for SB using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.7.

In Sinus Bradycardia (SB), the heart rate below 60 beats per minute [200,228]. Despite the slower rate,
ECG signals in SB typically preserve a regular rhythm and exhibit morphological features of a normal ECG.
Figure A.7 displays SHAP-based explanations, where the prolonged isoelectric intervals between cardiac cy-
cles, indicative of the slower heart rate, are prominently highlighted in red across leads I, I, V1, and V4. These
regions are influential segments of the ECG signal that the model used to classify the ECG as SB. Similarly,
Figure A.8 presents a Grad-CAM++ heatmap for lead I, I, V1, and V4. The prolonged isoelectric states be-
tween consecutive heartbeats are highlighted across all four leads, with the warmest red tones appearing on
lead II, indicating the model’s emphasis on these features for recognizing SB.
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Figure A.9: Example of instance level interpretation for SI using SHAP values.
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Figure A.10: Example of instance level interpretation for SI using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.9.

Sinus Irregularity (SI) is characterized by deviations from the regular rhythm characteristic of Sinus
Rhythm (SR) [200]. These deviations often manifest as fluctuations in waveform morphology, irregular R-
R intervals, and inconsistent cardiac cycle patterns [200]. Figure A.9 illustrates SHAP-based explanations that
highlight this variability; for instance, the R-R interval between the 8 and 9" beats is relatively short, whereas
the interval between the 9™ and 10™ beats is longer. Additionally, the QRS complex on lead II is inverted. In
both instances, the R-peak of the 9™ beat is marked in red, indicating the model’s attention to these irregulari-
ties in classifying the signal as SI. Similarly, Figure A.10 displays a Grad-CAM++ heatmap, where leads I and
IT emphasize segments of the ECG with inconsistent cardiac activity, demonstrating the model’s focus on these
features when identifying SI.
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Figure A.11: Example of instance level interpretation for AFIB using SHAP values.
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Figure A.12: Example of instance level interpretation for AFIB using Grad-CAM++
heatmaps, the same ECG sample to Figure A.11.

Atrial Fibrillation (AFIB) is characterized by an irregularly irregular ventricular rhythm and the presence
of fibrillatory waves (f-waves) [200]. These f-waves are most prominent in lead V1 and are highlighted in red
in Figure A.11, indicating their importance in the model’s classification. Similarly, Figure A.12 shows a Grad-
CAM++ heatmap, where lead V1 shows a warmer intensity, demonstrating the model’s focus on the f-waves
to identify AFIB.
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Figure A.13: Example of instance level interpretation for AF using SHAP values.
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Figure A.14: Example of instance level interpretation for AF using Grad-CAM++ heatmaps,
the same ECG sample to Figure A.13.

Atrial Flutter (AF) is characterized by saw-tooth-like atrial waves occurring between consecutive QRS
complexes [228]. These atrial waves are prominent in lead V1. As illustrated in Figure A.13, the SHAP values
highlight these features in red within lead V1. Similarly, the Grad-CAM++ heatmap in Figure A.14 indicates
that the model emphasizes these saw-tooth waves in lead V1 in classifying the ECG as AF.
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