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Abstract

Cardiovascular disease (CVD) is a life-threatening medical condition that affects the

heart and blood vessels, leading to substantial �nancial and social burdens. Electro-

cardiograms (ECG) are extensively used to detect and treat heart diseases as these are

rapid, secure, non-invasive, and cost-effective. The ECG signal has several segments,

including the P-wave, QRS complex, QT interval, ST segment, and T-wave, together

with the associated onset, offset, and peak points referred to as �ducial points. Ab-

normalities in these components can be indicative of various heart diseases. Medical

professionals face challenges when using the conventional approach to ECG record-

ing, including comprehending the intricate nature of the ECG to interpret, dealing with

signal interference, and handling the frequent coexistence of other health conditions

alongside heart disease. However, accurate identi�cation of �ducial points associated

with the ECG wave is crucial for proper assessment of heart disease. To automate

the diagnosis of heart diseases by analyzing ECG signals, various machine learning

and deep learning classi�cation models are used where data must be centralized. The

majority of contemporary research encounters challenges due to data privacy, limited

dataset, and lack of collaboration and proper explanation of the result. To address these

challenges, this thesis presents an explainable federated learning model for the classi-

�cation of heart disease using ECG �ducial features. This approach is the �rst of its

kind to classify three distinct heart conditions: arrhythmia, ischemia and healthy states

while ensuring both data privacy, as well as the interpretability of the outcome. We in-

troduced two models for classifying three distinct heart conditions: Federated Learning

with Arti�cial Neural Networks (FL-ANN) and Federated learning with long-short-

term memory (FL-LSTM), which achieved impressive accuracies of 87% and 90%,

respectively. In addition, explainable arti�cial intelligence(XAI) models can improve

trust by providing visual interpretations of their results and decisions. The proposed

explainable models highlighted the �ducial features of the ECG, including P-wave

height (P-H), R-wave height (R-H), the QRS complex, heart rate (HR), QT interval,

and corrected QT interval (QTc), which provide invaluable insights into the heart's

electrical activity, serve as vital markers for cardiac disorders, and signi�cantly im-

prove diagnostic precision. Our explainable federated learning models facilitate data

collaboration while safeguarding the privacy of sensitive information. By ensuring the

explainability of the outcome, these models are designed to support healthcare profes-

sionals, helping them make better and more accurate diagnostic decisions.
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Chapter 1

Introduction

1.1 Motivation and Scope

Cardiovascular disease (CVD), which primarily affects the heart or blood vessels, is the

leading cause of mortality worldwide. CVDs are expected to become more prevalent,

resulting in an escalation of mortality rates. The projected number of deaths associated

with CVD is expected to increase from around 18.9 million in 2020 to more than

22.2 million in 2030 and 32.3 million in 2050 [8]. Among cardiovascular diseases,

ischemia and arrhythmia are two of the most prevalent, contributing to the highest

mortality rate [9]. Ischemia is a condition of the coronary arteries where a portion of

the myocardium does not get adequate blood �ow, leading to sudden cardiac death.

Cardiac arrhythmia, which becomes more common in elderly people, is characterized

by an irregular heart rate (HR) resulting from irregular electrical activity in the atria.

An early and accurate prognosis of cardiac diseases can prevent fatalities and improve

the quality of life.

The electrocardiogram (ECG) is an imaging representation of the electrical signals

produced by the heart. It has become an established diagnostic method for evaluating

the prognosis for various cardiac conditions. ECG serves as a quick, safe, non-invasive,

low-cost, and pain-free test for diagnosing ischemia, arrhythmia, healthy individual,

and other CVD conditions [10]. Five distinct waves, namely P, Q, R, S, and T, com-

prise the ECG waveform, making up a heartbeat. The ECG signal is composed of

multiple segments, including the P-wave, QRS complex, QT interval, ST segment, and

T-wave, as well as the accompanying onset, offset, and peak points known as �ducial

points [11]. ECG or vital sign capabilities are now accessible in the majority of �t-

ness trackers and wellness gadgets, thanks to recent advancements in the Internet of

Things (IoT), wearable technology, digital twins, and Healthcare 4.0 in medicine [12].

As a result, real-time monitoring of heart activity provides a cheap and effective way

of predicting high-risk patients with cardiovascular disease [13]. The World Health
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Foundation's World Heart Vision 2030 emphasized that everyone, regardless of nation,

geography, origin, race, gender, age, education, or income, has the right to cardiovas-

cular health and well-being [8]. This includes health promotion, preventive care, and

the therapy of cardiovascular disease, including rehabilitation. Furthermore, the gov-

ernment and healthcare institutions are looking for a novel and ef�cient approach to

heart disease prognosis and treatment [14].

Traditionally, healthcare practitioners often use conventional 12-lead ECG equip-

ment with several electrodes to capture ECGs at medical facilities and hospitals. These

ECG procedures require skilled medical personnel and clinical environments to accu-

rately assess the heart's electrical activity in multiple spatial positions. Long clini-

cal preparation and expert skill demand may delay the prognosis of acute heart dis-

ease [12]. Furthermore, numerous tests are necessary to accurately predict cardiac

disease. Due to a lack of competence among healthcare professionals, incorrect pre-

dictions may occur, making early detection dif�cult. This procedure becomes substan-

tially more challenging when the ECG data contains noise [15]. As a result, there is

a considerable emphasis on developing machine learning (ML) models for automati-

cally detecting cardiac conditions. Advancements in machine learning (ML) and deep

learning (DL) primarily drive the effective integration of arti�cial intelligence (AI) into

healthcare and hospitals. AI has completely revolutionized our approach to real-world

operations traditionally performed by humans. These models have many applications,

including disease diagnosis, medication discovery, tailored treatment planning, activ-

ity identi�cation, predictive analytics, and other areas [16].

However, data must be present in a centralized location for the existing ML or DL

models. Medical facilities are now forced to rely on their own data sources, which may

be skewed by factors like clinical specialty, instrument usage, or patient demographics

in particular. If they don't, they'll have to combine data from other organizations to get

all the information they require, which means handling regulatory concerns. So, the

bulk of current research on heart disease classi�cation faces obstacles due to lack of

collaboration, data privacy issues and limited dataset. Therefore, while respecting pa-

tients' data privacy, federated learning combined with deep learning can be utilized to

automatically classify heart diseases. Federated learning(FL) is a decentralized method

that enables several organizations to work together to build a model without exchang-

ing data. By facilitating cooperative model training among various healthcare facilities

without exchanging patients' data, FL preserves patient privacy and complies with laws

such as HIPAA and GDPR. Through federated learning, AI algorithms may learn from

a large variety of data that are spread across multiple locations.

Nevertheless, these models are complex and very challenging to grasp since they

2



have a tendency to obscure their underlying logic and internal decision-making mech-

anisms. For this reason, these models are often referred to as black boxes because of

their lack of interpretability. As a consequence, users �nd it more dif�cult to accept

the results owing to lack of transparency and interpretability, which limits their imple-

mentation in sensitive areas such as healthcare, �nance, and law. Users in these �elds

need explanations to understand and interpret the results [10].

Recently, signi�cant progress has been made in the �eld of Explainable Arti�cial

Intelligence (XAI), which has evolved into a technique for improving the interpretabil-

ity and reliability of the models. Researchers often use feature importance strategies

to explain the relationship between features and the outcome and these techniques pro-

vide information on the contribution of each feature to the output [17]. There are two

approaches for determining the importance of features: global and local explanation

methods. The global explanation emphasizes feature-level importance scores, which

quantify the contribution of a particular input feature to the output of a model and

a local explanation describes how particular features in�uence a particular observa-

tion [10]. So based on the above motivation, an explainable federated learning model

is developed in this work for heart disease classi�cation using ECG features.

1.2 Problem Statement

Based on the above discussion, this work aims to develop an explainable federated

learning-based heart disease classi�cation model to ef�ciently classify heart diseases

while maintaining privacy and to provide the explainability of the result produced. The

speci�c objectives of this research are:

i. To develop a federated learning model for heart disease classi�cation.

ii. To apply effective XAI methods to understand and explain the results.

iii. To analyze the comparative performance against different existing standard meth-

ods.

1.3 Research Challenges

• The �rst research challenge is to build a reliable heart disease dataset that in-

cludes data for three distinct types of heart disease. This involves addressing

the scarcity of publicly available datasets and overcoming issues such as class

imbalance, missing data, and irrelevant data, all of which can pose signi�cant

challenges for the model.
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• To develop a federated learning (FL) model for heart disease classi�cation while

ensuring privacy and enabling data collaboration, the challenge lies in satisfying

a cross-domain scenario.

• To offer clinical interpretation of the FL models' outcome is also a challenging

task.

1.4 Research Contributions

The key contributions of this work can be described in three folds:

i. To address the research challenge, we combined three publicly available and widely

used datasets: MIT-BIH Arrhythmia [18], European ST-T [19], and Fantasia [20],

to create a larger and more reliable dataset for training our model.

ii. To address the privacy concerns and enable data collaboration, a federated learning

model was developed to automatically classify three different heart conditions,

namely arrhythmia, ischemia, and healthy.

iii. To explain the importance of ECG features and provide visual interpretation of

the results, SHAP [21] and LIME [22] interpretable frameworks were employed

to offer clinical interpretation of the models' outcome.

To our knowledge, this study represents the �rst attempt to classify three distinct

heart conditions using an explainable federated learning model.

1.5 Organization

The rest of the dissertation is organized as follows. Chapter 2 discusses the background

study and related works of heart disease classi�cation. It also identi�es the problems

persistent in the existing literature. Chapter 3 presents the proposed federated learning

(FL) model architecture for heart disease classi�cation. Chapter 4 presents the results

of FL models and XAI system to provide the explanation of the output. Chapter 5

highlights the contributions and provides direction for future research scopes.
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Chapter 2

Background Study and Related Works

In this chapter, we have provided an overview of the background and relevant works

related to heart disease classi�cation. We discussed about various types of cardiovas-

cular diseases, delved into the signi�cance of electrocardiograms(ECG) in diagnosing

these conditions, and the application of federated learning systems.

2.1 Cardiovascular Disease

Cardiovascular disease, a leading cause of morbidity and mortality worldwide, encom-

passes a group of conditions that affect the heart and blood vessels. These disorders

can impact one or more areas of the cardiovascular system, including the heart and var-

ious blood vessels. Four out of every �ve deaths occur due to heart failure, according to

the World Health Organization (WHO) [8]. An early and accurate prognosis of cardiac

diseases can prevent fatalities. Over the years, researchers have developed a variety of

techniques aimed at accelerating the early diagnosis of cardiovascular diseases such as

coronary artery disease, arrhythmia, ischemia, heart failure or stroke.

2.1.1 Arrhythmia

An irregular heartbeat, medically referred to as arrhythmia or atrial �brillation, is a

condition characterized by an abnormal heart rhythm. The heart may beat too rapidly,

too slowly, or in an irregular pattern. It is normal for heart rate to rise during physical

exertion and to decrease during periods of rest or sleep. However, a frequent irregular

heartbeat could indicate that body isn't receiving enough blood from the heart [23]. A

person may experience lightheadedness, fainting, or other symptoms. In Figure 2.1(a),

a normal heart and a heart with arrhythmia is shown where it is seen that arrhythmia

occurs due to rapid ventricular impulses and irregular or chaotic signals of the heart [1].
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(a) (b)

Figure 2.1: (a) Cardiac Arrhythmia (b) Types of Arrhythmia. (Courtesy of [1])

2.1.2 Types of Arrhythmia

There are many types of arrhythmias as shown in Figure 2.1(b). It depends on which

part of the heart is affected and whether these cause a slow, fast, or irregular heart rate.

Arrhythmias may happen in the atria (upper chambers of the heart) or the ventricles

(lower chambers of the heart) [1].

• Bradycardia: Bradycardia occurs when the resting heart rate is less than 60 beats

per minute [1]. Some people may naturally have slower heart rates, particularly

those who are youthful or physically �t [1].

• Tachycardia: When the resting heart rate exceeds 100 beats per minute, it is

referred to as tachycardia and also some may have an irregular heartbeat [1].

• A premature or extra heartbeat happens when the signal to beat comes too early

which causes a pause, and when heart settles back into its normal rhythm, the

beat gets stronger [1]. It can be felt as if it missed a beat. This is a common type

of arrhythmia that can lead to other types of arrhythmias [1].

If left untreated, arrhythmias can negatively affect the heart, brain, or other vital or-

gans. They may lead to serious complications such as heart failure, cardiac arrest, or a

potentially fatal stroke. Cardiac arrest occurs when the heart suddenly and unexpect-

edly ceases to beat, and without immediate medical intervention, it can result in death

within minutes.

2.1.3 Ischemia

Ischemia refers to a condition in which there is insuf�cient blood �ow to a speci�c

area of the body due to the obstruction of blood vessels. This condition arises when an
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organ, such as the heart, does not receive an adequate supply of blood and oxygen. As

illustrated in Figure 2.2, the narrowing of the coronary arteries which supply blood to

the heart muscle is known as ischemic heart disease, also referred to as coronary heart

disease (CHD) or coronary artery disease. This occurs when reduced blood �ow limits

the oxygen supply to the heart muscle. The reduced blood �ow is usually the result of

a partial or complete blockage of the heart's arteries (coronary arteries) [2]. A heart

attack, also known as a myocardial infarction (MI), occurs when the heart muscle's

whole blood supply is cut off, causing the heart muscle cells to die [2].

2.1.4 Types of Ischemia

There are many types of ischemia depending on which area of the body has less blood

�ow than the regular �ow [2]. As, blood carries oxygen to the cells and tissues, so

when there is less oxygen, it causes ischemia.

• Myocardial Ischemia: When heart muscle does not receive enough blood, it is

known as myocardial ischemia. This indicates that heart muscle is not receiv-

ing enough blood to perform its necessary functions. The accumulation of fat

and cholesterol, or plaque, that prevents enough blood from passing through

coronary arteries is frequently the cause. Treatments for myocardial ischemia

include medications and surgery [2].

• Ischemic stroke: It occurs when there is a blockage that prevents blood �ow to

all parts of the brain. Without blood supply,the affected parts stop working and

begin to die. An ischemic stroke can result in death or irreversible brain damage

if blood �ow doesn't return promptly enough. This is a medical emergency that

requires prompt attention [2].

• Transient Ischemic Attacks(TIAs): These are just as dangerous as a stroke, de-

spite being mistakenly referred to as "mini-strokes." A stroke is frequently immi-

nent when a transient ischemic attack (TIA) occurs. A TIA is a serious medical

condition that should not be ignored. More signi�cantly, it's an opportunity to

receive care that may help stop another stroke [2].

7



Figure 2.2: Cardiac Ischemia with narrowed coronary arteries. (Courtesy of [2])

2.2 Electrocardiogram (ECG) Signal

Over the years, researchers have developed a wide range of methods in an effort to

accelerate the automated diagnosis of neurological and cardiovascular disorders [17].

The electrical activity of the heart is measured by an ECG device through sensors and

electrodes that are placed on the patient's arms, legs, and chest, as shown in Figure

2.3. The electrical signals captured by these electrodes are associated with a 12-lead

ECG machine that records the combined electrical activity of the heart from various

angles over some time [24]. The three bipolar leads, out of the twelve leads, evaluate

the potential differences between one arm and the leg and between both arms. The

remaining nine unipolar electrodes are made up of six limb leads (I, II, III, aVR, aVL,

and aVF) that aid in viewing the heart in the vertical plane and six chest leads (V1 to

V6) that observe the heart in the horizontal plane [4], as shown in Figure 2.3. A stan-

dard ECG record is shown in Figure 2.4. A single cycle of an ECG contains a pattern

of waves, as shown in Figure 2.5. When the sinoatrial (SA) node triggers an impulse,

the atrial �bers depolarize to produce a potential difference called a P wave, leading

to atrial contraction [25]. In a normal ECG, as shown in Figure 2.5, a P wave has a

duration of about 0.08 s [25]. A P wave is observable in leads II and V1. Additionally,

it appears inverted in lead aVR and upright in leads I and II, as illustrated in Figure 2.4.

Following the depolarization of the atrial �bers, the electrical impulse is transmitted to

the ventricular �bers, resulting in their rapid depolarization. The depolarization causes

additional electrical changes because the ventricular walls are thick; this is known as

the QRS complex, and it is made up of Q, R, and S waves. Additionally, the QRS

complex lasts for around 0.08 seconds [25]. A T wave is then created as the ventricles
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Figure 2.3: The placement of ECG electrodes on the chest,arms,and legs.(Courtesy of [3])

Figure 2.4: A standard 12-lead ECG signal.(Courtesy of [4])

repolarize. In a typical ECG, the T wave lasts roughly 0.16 seconds. Due to atrial �ber

repolarization occurring concurrently with ventricular �ber depolarization, the atrial

repolarization is absent from the pattern [25].

As depicted in Figure 2.5, the PR interval is the period between the P wave and

the QRS complex. Impulse transmission periods between the atrioventricular (AV)

and SA nodes are shown by the PR interval. It includes contraction, atrial depolar-

ization, and depolarization waves through the conduction system. In contrast, the ST

segment, which lasts roughly 0.22 seconds, occurs when the ventricular myocardium

depolarizes. The QT interval, which lasts approximately 0.38 seconds, is the time be-

tween ventricular depolarization and repolarization [25]. The absence of a signi�cant

amount of potential difference in the ventricular myocardial cells is indicated by the
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Figure 2.5: ECG wave features.(Courtesy of [5])

TP segment, an isoelectric area. This is the ventricular myocardial cell's resting state,

which spans the interval between the conclusion of repolarization and the start of the

subsequent depolarization [26]. Any variation from this typical cardiac cycle can be a

sign of conduction system issues and heart diseases.

2.3 Federated Learning

Federated learning model allow many organizations to work together on model build-

ing without having to exchange private clinical data directly. Over a number of train-

ing cycles, the shared models are exposed to a far greater variety of data than any one

business could possibly have on hand. This method increases the predicted accuracy

for disease outbreaks, diagnostics, and individualized treatment plans by utilizing a

variety of datasets from several sources to create strong, generalizable models. By

keeping data localized, FL reduces the risk of data breaches and lowers data transfer

costs, making it a resource-ef�cient solution. During successive training iterations, the

shared models encounter a much more extensive variety of data compared to what is

available within a single organization. This approach allows for the creation of robust,

generalizable models by leveraging diverse datasets from various sources, which en-

hances predictive accuracy for disease outbreaks, diagnostics, and personalized treat-

ment plans.
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2.4 Related Works

In this section, we presented a comprehensive overview of the background and relevant

studies on heart disease classi�cation.

2.4.1 ML and DL based Models

Various machine learning (ML) and deep learning (DL) techniques use ECG features

to diagnose various cardiovascular diseases [27]. Murthy et al. [28] investigated the

European ST-T database [19] and compared the Arti�cial Neural Networks (ANN),

Support Vector Machine (SVM), and K-Nearest Neighbors (KNN) classi�ers to pre-

dict cardiac ischemia by extracting morphological features from ECG. Using the same

databese in [29], SVM and Kernel Density Estimation (KDE) techniques were applied

to identify ischemia in ECGs.Several cardiovascular conditions are linked to cardiac

arrhythmia, which is evidenced by irregular heartbeats and a collection of abnormal

heart rhythms. An assessment for irregularities in the R-R interval or the absence of P

waves is regarded as a biomarker associated with arrhythmia [30]. The availability of

the open-source ECG MIT-BIH arrhythmia database [18] has enabled scientists to clas-

sify cardiac arrhythmia from various statistical and morphological features extracted

from ECG data using various machine learning (ML) models [31–34]. Kuila et al. [35]

used a Linear Discriminate (LD) classi�er to categorize different heartbeats, based

on �ducial parameters such as RR interval, heartbeat interval, and segmentation ECG

morphological characteristics. Sraitih et al. [36] leveraged an ensemble technique of

three supervised machine learning models—Random Forest (RF), KNN, and SVM—to

automatically identify arrhythmia in ECG data. Khan et al. [37] presented consider-

able insight into existing methodologies and limitations of arrhythmia classi�cation

techniques and applied various deep learning architectures to classify arrhythmia. The

study [38] surveyed and explored the current trend of deep learning approaches for

classifying arrhythmia using ECG data. The majority of the existing approaches rely

on traditional machine learning or deep learning models, which are constrained by

the availability of limited dataset and the model's opaqueness. Tougui et al. [39] in-

vestigated six data mining and machine learning techniques for cardiovascular disease

detection and demonstrated that the arti�cial neural network (ANN) outperforms Lo-

gistic Regression, Support Vector Machine, K Nearest Neighbors, and Random Forest.

Ghosh et al. [15] merged �ve datasets to create a large dataset and employed two fea-

ture selection methods Relief and LASSO, revealing that the Random Forest Bagging

Method (RFBM) showed superior performance. Deep residual convolutional neural

networks (CNN) were utilized to classify heartbeats using PhysionNet's MIT-BIH and
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PTB Diagnostics datasets to improve arrhythmia predictions [40]. In [41], a frame-

work composed of two deep-learning models, CNN and LSTM, is used to predict �ve

micro-classes of arrhythmias.

Two machine learning models Support Vector Machine (SVM) and Multi-layer

perceptron classi�er(MLP) were used to classify various cardiovascular diseases from

extracted features [42]. Atrial Fibrillation (AF) is one of the dreadful arrhythmia. To

identify Atrial Fibrillation from the heart rate segment that is obtained from the ECG

signal, Yao et. al [43] utilized the multi-scale convolutional neural networks(MCNN).

Liaqat et al. [44] implemented machine learning and deep learning algorithms to iden-

tify Atrial Fibrillation. Acharya et al. [45] proposed a convolutional neural network

(CNN) technique to identify distinct ECG components for the automated identi�ca-

tion of arrhythmia [45]. To identify 3 different types of arrhythmia, discrete wavelet

transform and thresholding methods were utilized with the help of dynamic features

of ECG signal in [46]. Oh et al. [47] proposed an automated system to classify vari-

ous cardiovascular diseases by using a combination of deep learning LSTM and CNN

without hand-crafted features. Sattar et al. [48] proposed a CNN model that utilized the

digitized form of ECG signals to classify ECG signals for the classi�cation of cardiac

arrhythmia. Though Deep learning networks generate exceptional results, the draw-

backs lie in the data imbalance and security issue of patients' health data.

The current state of machine learning and deep learning models lacks the capa-

bility to provide adequate explanations, thereby impeding their extensive adoption and

implementation in critical domains like healthcare. Recent research has focused exten-

sively on the application of XAI technologies. These interpretation approaches facil-

itate human experts to rely on the outputs of models, debug and troubleshoot models,

and elude various model biases [49]. Gunning et al. [50] reported that users can com-

prehend, adequately trust, and administer the next generation of arti�cially intelligent

by utilizing a variety of XAI tools.

Dave et al. [51] supported the prospects of XAI in the healthcare domain and pre-

sented examples based on a heart disease dataset to clarify the preferred XAI tech-

niques to create trustworthiness in healthcare. Abdullah et al. [52] presented a com-

prehensive survey on the uses of explainable machine learning techniques on ECG

signal-based heart disease classi�cation. The work [53,54] involves the use of impor-

tant global features and the identi�cation of features with signi�cant clinical relevance

based on their value in the output classi�cation of the machine learning model.The re-

search conducted by [55] examines the use of ensemble classi�ers within the explain-

able arti�cial intelligence (XAI) framework to predict heart diseases. The article [56]

proposed employing time series derivatives in XAI approaches to measure the local
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feature importance in the temporal domain on the MIT-BIH arrythmia dataset. Matteo

et al. [57] employed Random Forest (RF) to classify myocardial infarction and used

the LIME technique to interpret the key input segments for detection. Moreover, exist-

ing conventional methods are often compared with “black box” since even the model

designers are unable to explain why a particular decision or prediction is made by these

models. Explainable arti�cial intelligence (XAI) is necessary because the results gen-

erated from black-box models have led to a lack of accountability, transparency, and

trust.

2.4.2 Federated Learning based Models

Data must be present in a centralized location for the existing machine learning or

deep learning models. So the bulk of current research on heart disease classi�cation

faces obstacles due to limited dataset, lack of collaboration, and data privacy issues.

In addition, the Health Insurance Portability and Accountability Act of 1996 (HIPAA)

requires worldwide rules to protect patient-sensitive health information from unautho-

rized disclosure. To address these challenges, Federated Learning (FL) is emerging

as a popular privacy-preserving collaborative learning approach. Unlike traditional

machine learning methods, FL trains an algorithm across multiple independent ses-

sions, each utilizing its own distinct dataset. It can be used to process electronic health

records (EHR) to build a shared model while keeping the data distributed across many

geographic locations [58]. Various FL algorithms like Federated Averaging(FedAvg),

Federated Stochastic Variance Reduced Gradient are evaluated on the MNIST dataset

and FedAvg achieved superior performance [59]. In a federated setting [7], a CNN-

based classi�er is developed to categorize an input ECG signal for various arrhythmia

detection and compared the result using noisy and clean data from MIT-BIH Arrhyth-

mia dataset. A framework is used based on federated matched averaging (FedMA)

with modi�ed Arti�cial Bee Colony (MABC) optimization algorithm to enhance the

diagnostic procedure for the prediction of heart disease [60]. A hybrid technique com-

prised of a modi�ed arti�cial bee colony and support vector machine (MABC-SVM)

with FedMA is developed in [61] for heart disease prediction where the MABC-SVM

technique is used by the local model and FedMA is utilized by the global model. From

the above analysis, it is observed that currently there are very few federated learning

research studies for heart disease classi�cation and the vast majority of these studies

lack an explanation of the results despite the fact that it is very important in healthcare.
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Chapter 3

Proposed Methodology

The amazing ability of deep learning models to automatically learn features has re-

sulted in their wide usage in heart disease classi�cation tasks. However, most of these

models lack privacy and provide no explanation of the outcome. With the goal of tack-

ling these limitations, we have proposed an explainable federated learning approach for

heart disease classi�cation that ensures state-of-the-art-level performance along with

applicability in local devices. In this chapter, we discussed the pipeline of the proposed

explainable federated learning model for heart disease classi�cation.

3.1 Overview

The proposed architecture aims to develop an explainable federated learning model

for heart disease classi�cation that accurately classi�es subjects into arrhythmia, is-

chemia, and healthy groups and provides clinical interpretation with the help of ex-

plainable arti�cial intelligence. As illustrated in Figure 3.1(a), this study merged and

integrated three widely used ECG databases: the MIT-BIH Arrhythmia, the European

ST-T(EDB), and FANTASIA. Fiducial features of ECG recordings were extracted to

identify heart disease. A number of reference features had been obtained from each

electrocardiogram (ECG) record, as illustrated in Figure 3.1(b). Subsequently, the

data SMOTE technique [62] was applied to balance the total dataset and then dis-

tributed among clients. Figure 3.1(c) shows the models of this work that were utilized

on the server side and the client side. It receives ECG feature data as input and out-

put the class labels. This work employed federated learning, a collaborative approach

where multiple decentralized devices work together to train a shared model. The cen-

tral server initialized and distributed a global model to the decentralized clients. Two

deep learning algorithms were deployed, that is, ANN and LSTM, for the client mod-

els, which were trained locally using their own data. After local training, the clients'

model updates are sent (such as gradients or parameter changes) back to the central
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