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ABSTRACT

In recent years, the expanding array of innovative applications in the medical domain has been
instrumental in propelling research forward. Among these advancements, Artificial
Intelligence (Al) systems have emerged as influential tools, significantly contributing to the
development of various medical applications and tools. However, heart disease remains a
pressing health concern globally, highlighting the critical need for accurate diagnosis to enable
effective regulation and intervention. This study focuses on harnessing the capabilities of an
Al system to enhance the diagnostic process for heart disease. By leveraging input medical
data sourced from a well-established dataset on Kaggle, the developed Al application is tailored
specifically to cater to the demographic characteristics of Zambian patients. The primary
objective is to evaluate the model's predictive accuracy when applied to medical data from the
Zambian population. To facilitate this assessment, 80% of the collected dataset is allocated for
training purposes, with the remaining 20% reserved for testing. Central to the prediction
process is the utilization of a Bayesian data-mining algorithm, which plays a pivotal role in
forecasting the risk level and likelihood of heart disease. An extensive array of medical
parameters, including blood sugar levels, sex, heart rate, age, cholesterol levels, blood pressure,
presence of exercise-induced angina, ST-slope, oldpeak, resting electrocardiogram results, and
chest pain type, serves as the foundation for predicting heart disease in patients. Following a
meticulous pre-processing phase, supervised learning techniques are employed to craft a robust
prediction model. The outcomes of this process reveal a commendable prediction accuracy of
90.97%. Comparative analysis with established algorithms such as KNN, Random Forest, and
Decision Tree algorithms further validates the efficacy of the proposed Al system in medical
diagnosis. This study not only emphasizes the effectiveness of Al systems in medical diagnosis
but also contributes valuable insights to the ongoing efforts to combat heart disease. The
integration of data mining, artificial intelligence, and predictive modeling presents a promising
avenue for advancing healthcare practices and outcomes, particularly in regions like Zambia
grappling with cardiovascular health challenges. Achieving an 89% accuracy rate demonstrates
the model's ability to adapt to Zambian patients' traits, while incorporating real-world data from
the National Heart Hospital enhances its credibility. This validation underscores the potential

of Al-driven diagnostic systems to improve healthcare and patient outcomes.

Keywords: Heart Disease, Artificial Intelligence, Bayesian Classification, Prediction

Model, Supervised Learning Techniques, Data Mining Algorithms
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1 INTRODUCTION AND BACKGROUND

1.1 Introduction

This chapter serves as a foundational introduction to the research by offering a succinct
background that delves into historical context and pertinent information. The historical
perspective presented here contextualizes the evolution of the problem under investigation,
providing a comprehensive understanding of its development over time. Following the
background exposition, the problem statement is articulated to precisely define and outline the
specific issues that the research endeavours to address. This section serves as a bridge between
historical insights and the contemporary challenges, offering a clear perspective on the

relevance and urgency of the identified problem.

The subsequent focus is on elucidating the aim of the study. This serves as a guiding beacon,
pinpointing the overarching goal that the research seeks to achieve. The aim encapsulates the
ultimate objective, guiding the entire trajectory of the study towards a specific outcome. In
tandem with the aim, the research objectives are systematically presented. These objectives
serve as targeted inquiries that structure the investigation and provide a framework for
answering the research questions. Each objective is carefully designed to contribute to the
overall understanding of the problem and collectively address the research questions posed at

the outset.

The significance of the study is then expounded upon, shedding light on the real-world
implications and potential contributions of the research. This section articulates who stands to
benefit from the findings and insights generated by the study, thereby defining the broader
impact and relevance of the research within the academic and practical spheres. To encapsulate
the essence of this chapter, a summary is provided. This summary acts as a concise
recapitulation of all discussions, encapsulating the background, problem statement, aim,
objectives, and significance of the study. It serves as a concluding reflection, reinforcing the

key aspects and setting the stage for the subsequent chapters of the research endeavour.



1.2 Background

Heart disease stands as a formidable health challenge in contemporary society, encapsulating
a spectrum of medical illnesses that directly affect the heart and its different parts [1]. This
pervasive health concern claims a staggering 17.5 million lives annually, ranking among the
leading global causes of mortality. Projections indicate a further increase to 23 million deaths

by 2030, underscoring the urgent need for effective interventions [1].

Within the Zambian context, heart disease emerges as a significant contributor to mortality,
accounting for 10% of all deaths in individuals aged between 30 and 70, according to data
compiled by the World Heart Federation's (WHF) CVD World Monitor [2]. This statistic
emphasizes the criticality of accurate diagnosis and proactive measures to mitigate the impact
of heart disease within the Zambian population.

Against this backdrop, the resurgence of Artificial Intelligence (Al) has become a
transformative force in healthcare. The intersection of Al and health technologies has witnessed
a surge in applications, including healthcare administration, predictive healthcare, and analysis
of patient data, diagnostics, and clinical decision-making. Notably, Al has been increasingly
deployed in addressing heart diseases, leveraging advanced computational techniques for

enhanced diagnostic precision.

Prominent scholars, such as Mirzajani et al. [3], Kumar et al. [4], and Enriko et al. [5], have
explored various computational intelligence methods for heart disease diagnosis. Techniques
like Genetic Algorithm (GA) have been employed alongside classification algorithms such as
KNN, j48 decision tree, SMO, and Naive Bayes (NB), demonstrating the versatility and
efficacy of Al in predicting heart disease. In the Zambian context, where heart disease has
exhibited a concerning upward trend, accounting for a 2% increase in death rates from 2017 to

2020 [2], the need for innovative approaches to diagnosis becomes imperative.

This study proposes a novel approach—an Al-assisted medical diagnosis system—designed to
support healthcare practitioners in diagnosing heart disease. The intelligent diagnosis system
utilizes a medical heart disease dataset sourced from Kaggle, serving as both testing and
training data. By harnessing the power of Al and leveraging a robust dataset, this system aims
to enhance diagnostic accuracy, ultimately aiding in the enhancement of patient outcomes and

the management of healthcare related to heart disease in Zambia.



1.3 Statement of the Problem

In the face of technological progress, heart disease persists as a significant and pressing
challenge in Zambia, a reality underscored by the considerable number of deaths attributed to
this health condition. Despite strides in various domains of technology, a notable gap exists,
particularly in the realm of software applications that could synergize with the medical
practitioners efforts, thereby enhancing heart disease management and prediction. The gravity
of this situation necessitates innovative solutions to augment existing healthcare practices and
address the persistent threat posed by heart disease.

The apparent lack of advanced software tools capable of complementing the endeavours of
medical professionals underscores the urgency for proactive measures to mitigate the impact
of heart disease. Recognizing the potential of artificial intelligence techniques (Al), there is a
compelling opportunity to leverage computer-assisted diagnosis systems to address this critical
gap. By integrating Al methodologies, such systems have the potential to significantly

contribute to the reduction of the death rate associated with heart disease.

The essence of employing Al in the context of heart disease lies in its capacity to offer decision
support to medical practitioners. Through advanced algorithms and data analytics, these Al-
driven systems can analyse complex medical data swiftly and accurately, facilitating early
diagnosis and intervention. This proactive approach is pivotal in mitigating the severity of heart

disease, as early detection allows for timely medical interventions and tailored treatment plans.

In essence, the implementation of computer-assisted diagnosis using Al techniques represents
a transformative pathway towards enhancing the capabilities of healthcare professionals in
Zambia. By providing nuanced decision support, these systems aim to bridge the existing gap
in predicting and managing heart disease, ultimately contributing to a reduction in mortality
rates and improved overall healthcare outcomes for individuals grappling with this pervasive

health challenge.

1.4 Aim of the Study

The studies aim was to propose a Machine Learning system to assist medical practitioners in

predicting heart disease in Zambia.



1.5 Research Objectives

I To develop a machine-learning designed to aid in the prediction of heart disease.
il To utilize a machine learning classification model to predict heart disease.
iii To determine how accurate the model is at diagnosing heart disease on Zambian patients.

1.6 Research Questions

i How might we create a model for forecasting heart disease using machine learning
classification?

il How could we build a prototype utilizing the model from (i) to forecast heart disease using
machine-learning classification?

iii How does the model perform at diagnosing heart disease on Zambian patients?

1.7 Significance of the Study

The study was of significance in that it aimed at assisting medical practitioners to detect heart

disease in Zambia.

1.8 Scope of the study

This study was a comparative study of heart disease. This study attempted to tackle heart

disease prediction based on the attributes recorded by medical specialists.

1.9 Structure of the Dissertation

The dissertation comprises five chapters, outlined as follows.

Chapter one initiates the dissertation by providing a comprehensive introduction, setting the
stage for the subsequent exploration of the research. The background of the study is expounded,
offering historical insights and contextual information that lays the groundwork for
understanding the subject matter. Within this chapter, the problem statement is articulated,
delineating the specific issues and challenges that the research endeavours to address.

Furthermore, the aim and objectives of the study are clearly defined, serving as guiding beacons



for the entire research endeavour. Research questions, the scope of the study, and its
significance are also intricately covered, establishing a robust foundation for the subsequent
chapters.

Chapter Two delves into an extensive review of existing literature conducted by diverse
scholars on the subject matter. This chapter meticulously identifies key findings, thematic
trends, and crucial gaps in the current body of knowledge, providing a comprehensive overview
of the scholarly landscape related to the research topic. By synthesizing and critically
evaluating existing literature, Chapter Two sets the stage for the original contributions and
insights that the current research aims to make.

Chapter Three strategically outlines the methodology employed to conduct the study. It delves
into discussions on research design, population selection, data collection methods, techniques,
and analysis. This chapter also elaborates on the proposed research method, formulates
hypotheses, and delves into ethical considerations that underpin the research approach. By
transparently detailing the methodology, Chapter Three offers readers a clear understanding of

how the research was conducted and how the data was collected and analysed.

Chapter Four is dedicated to the analysis of the collected data. This pivotal chapter not only
presents the results but also rigorously tests the hypotheses formulated in Chapter Three. It
goes beyond mere presentation by interpreting, discussing, and drawing conclusions from the
research findings. This chapter serves as the crucible where raw data transforms into
meaningful insights, providing a comprehensive understanding of the implications and

significance of the study.

Chapter Five serves as the culmination of the research journey, answering the study questions
posited in Chapter One. This chapter synthesizes the accumulated knowledge, offering
conclusions and recommendations based on the empirical findings of the study. By aligning
the research outcomes with the initially stated objectives, Chapter Five provides a valuable
synthesis and a forward-looking perspective, contributing to both academic scholarship and

practical applications in the field.



1.10 Chapter Summary

Within this chapter, a comprehensive background has been provided, shedding light on the
critical necessity for an Al-powered medical diagnostic assistance system tailored for heart
disease. This contextualization serves to underscore the gravity of the existing challenges and
gaps in the current healthcare landscape, particularly in the realm of heart disease diagnosis

and management.

The problem statement articulated in this chapter further delineates the intricacies and nuances
of the identified issues. By clearly articulating the challenges faced in the current medical
diagnostic paradigm, the chapter sets the stage for the exploration of innovative solutions,
emphasizing the role of artificial intelligence as a potential game-changer in addressing these

challenges.

The overarching aim of the study has been highlighted, offering a clear beacon that guides the
entire research endeavour. This aim encapsulates the ultimate goal, emphasizing the
transformative potential of an Al-powered medical diagnostic assistance system in the realm
of heart disease. It acts as the lodestar that directs the research towards a tangible and impactful

outcome.

To operationalize this aim, specific objectives have been delineated. These objectives serve as
targeted inquiries, systematically guiding the research towards answering key research
questions. By breaking down the overarching aim into measurable and achievable components,

the objectives provide a roadmap for the systematic investigation of the identified problem.

The significance of the study has been elucidated within this chapter, aiming to define the
beneficiaries of the research outcomes. By clearly articulating the potential impact and
relevance of the study, the chapter establishes the broader implications for various
stakeholders. These stakeholders may include healthcare practitioners, researchers,
policymakers, and, most importantly, individuals at risk or affected by heart disease. The
significance of the study thus extends beyond academic realms, offering practical insights and

potential advancements for the betterment of healthcare practices and patient outcomes.

In essence, this chapter serves as the bedrock upon which the subsequent research unfolds. It
not only lays the groundwork by providing a thorough background and problem statement but

also articulates a clear aim, objectives, and significance, framing the research within a context



that emphasizes its relevance and potential contributions to the field of artificial intelligence in
medical diagnosis, specifically for heart disease.



2 LITERATURE REVIEW

2.1 Introduction

This chapter serves as a comprehensive exploration into the realm of utilizing machine learning
for heart disease prediction, aligning closely with the central focus and objectives outlined in
Chapter One. The core aim here is to unravel the intricacies of machine learning applications,
particularly within the context of heart disease prediction, by delving into the existing body of

literature that informs and shapes this domain.

The chapter begins by dissecting the landscape of machine learning in the context of heart
disease prediction. Various machine learning classification algorithms are scrutinized and
analysed for their efficacy in predicting heart disease. This involves a meticulous examination
of the underlying principles and methodologies employed by these algorithms, ranging from
decision trees and support vector machines to neural networks and ensemble methods. By
comprehensively understanding the intricacies of each algorithm, the chapter aims to establish

a nuanced perspective on the diverse approaches employed in the field.

In tandem with explaining the intricacies of machine learning algorithms, the chapter
synthesizes and presents major findings from previous studies in this domain. This involves a
critical examination of research outcomes, highlighting successful applications, novel insights,
and advancements achieved through the implementation of machine learning for heart disease
prediction. The aim is to distil key knowledge from the existing literature, identifying trends

and patterns that contribute to the overall understanding of the subject matter.

Simultaneously, the chapter meticulously identifies gaps within the existing body of literature.
These gaps may manifest as unexplored avenues, methodological limitations, or areas where
further research is warranted. By pinpointing these gaps, the chapter not only contributes to the
scholarly discourse but also sets the stage for the current study to make meaningful

contributions and advancements.

As the chapter draws to a close, a comprehensive summary encapsulates the key insights
gleaned from the literature review. This summary serves as a concise synthesis of the major
findings, existing gaps, and overarching trends identified in the literature. It acts as a crucial
bridge, connecting the literature review to the subsequent chapters, providing a foundation

upon which the original contributions and insights of the current study can be built. In essence,



this chapter lays the groundwork for a deeper understanding of the intricacies of machine
learning in heart disease prediction and paves the way for the subsequent phases of the research.

2.2 Background to the Study

Accurate diagnosis is paramount for determining the nature and severity of heart disease,
enabling timely and effective interventions. The integration of intelligent systems offers
valuable support in the diagnostic process. As highlighted by Wiharto, Herianto, and Kusnanto
[6], the implementation of systems aiding clinical decision-making has the potential to enhance
medical practitioners' clinical practice, diminishing the likelihood of erroneous diagnoses. In
this context, the development of an intelligent diagnosis system becomes imperative,
leveraging existing health data, particularly datasets intricately linked to heart disease, as the

foundational training data.

The importance of precise diagnosis cannot be overstated, as it forms the bedrock for informed
decision-making in healthcare. An intelligent diagnosis system serves as a potent ally for
medical professionals, providing them with nuanced insights and evidence-based
recommendations. Drawing upon the wealth of existing health data, the system gains the
capacity to discern patterns, correlations, and anomalies associated with heart disease, thereby

contributing to more accurate and efficient diagnostic outcomes.

Clinical decision support systems, as elucidated by Wiharto, Kusnhanto, and Herianto [6], have
the potential not only to elevate the quality of clinical practice but also to mitigate the risks
associated with diagnostic errors. By harnessing the power of artificial intelligence and data-
driven methodologies, an intelligent diagnosis system can continuously learn and adapt,

staying abreast of emerging trends and refining its diagnostic capabilities over time.

Crucially, the development of such a system necessitates access to comprehensive and relevant
health data, specifically tailored to heart disease. This data serves as the backbone of the
training process, enabling the intelligent diagnosis system to discern subtle nuances and
variations within the realm of cardiac health. As technology continues to evolve, the integration
of intelligent systems in healthcare not only augments diagnostic accuracy but also represents
a paradigm shift toward personalized and data-driven medicine, ultimately contributing to

improved patient outcomes and overall healthcare efficacy.



2.3 Types of Al Technology
2.3.1 Machine Learning Algorithms

Supervised learning is a type of machine learning where the algorithm is trained on a labelled
dataset, meaning that it learns from input-output pairs. In the context of healthcare, particularly
in the classification of heart diseases, supervised learning algorithms have demonstrated
significant success. Two notable algorithms in this domain are Support Vector Machines
(SVM) and Decision Trees [7].

1. Support Vector Machines (SVM):

SVM is a powerful supervised learning algorithm used for classification and regression tasks.
In the context of heart disease classification, SVM works by finding the optimal hyperplane
that separates different classes based on features extracted from historical patient data.

Historical patient data includes a variety of parameters such as age, blood pressure, cholesterol
levels, and other relevant medical indicators. SVM learns to draw boundaries between different
classes (e.g., diseased and non-diseased) by maximizing the margin between data points of

different classes.

SVM is particularly effective when dealing with complex, high-dimensional datasets, making

it suitable for tasks where the relationships between features are not immediately apparent.
2. Decision Trees:

Decision trees are another class of supervised learning algorithms that can be employed in the
classification of heart diseases. They operate by iteratively dividing the dataset according to
various features, forming a tree-like arrangement where each node signifies a decision based

on a distinct feature.

In the context of heart disease classification, a decision tree might ask questions such as "Is the
patient's age above a certain threshold?" or "Does the patient have a history of high blood

pressure?” to determine the likelihood of heart disease.

Decision trees are interpretable, providing insights into the decision-making process. They are
especially useful in healthcare settings where transparency in decision-making is crucial for

gaining trust from healthcare professionals and patients alike.
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3. Leveraging Historical Patient Data:

Both SVM and decision trees rely on historical patient data to train and fine-tune their models.
This data typically includes a diverse range of information such as demographic details,

medical history, diagnostic test results, and lifestyle factors.

By analyzing this historical data, the algorithms learn to recognize patterns associated with
different heart conditions. For instance, they may identify combinations of risk factors that are

indicative of a higher probability of heart disease.

The use of large and diverse datasets is essential to ensure that the algorithms generalize well
to different populations and account for variations in individual patient characteristics.

In summary, supervised learning algorithms like SVM and decision trees contribute
significantly to the accurate classification of heart diseases by leveraging the wealth of
information present in historical patient data. These algorithms play a crucial role in assisting
healthcare professionals in making informed decisions about diagnosis and treatment

strategies, ultimately improving patient outcomes.

2.3.2 Deep Learning Algorithms

Deep learning, a subset of machine learning, has emerged as a transformative force in
healthcare, especially in the analysis of medical data. Two key architectures within deep
learning, Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNSs),
have garnered significant attention for their efficacy in handling specific types of healthcare
data [8].

Convolutional Neural Networks (CNNs) for Image-Based Diagnostics:

CNNs are a class of deep neural networks particularly well-suited for tasks involving image
analysis. In healthcare, CNNs have revolutionized medical imaging by excelling in tasks such

as image classification, segmentation, and detection.

In the context of heart disease and other medical conditions, CNNs can be applied to various
imaging modalities such as X-rays, MRIs, and CT scans. These networks automatically learn
hierarchical representations of features, enabling them to discern patterns and abnormalities

that may not be immediately apparent to the human eye.
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CNNs are capable of identifying subtle details in medical images, aiding in the early detection
and accurate diagnosis of cardiovascular issues. For example, they can highlight specific

regions of interest in an echocardiogram or identify anomalies in a coronary angiogram.

Recurrent Neural Networks (RNNs) for Sequential Data Processing:

RNNSs are designed to handle sequential data and are particularly effective in tasks where the
order of information is crucial. In healthcare, RNNs find application in processing time-series
data, such as electronic health records (EHRs) that contain a chronological sequence of a
patient's medical history.

When applied to patient records, RNNs can capture temporal dependencies and trends,
allowing for more accurate predictions or classifications. This is especially valuable in
monitoring chronic conditions, tracking disease progression, and predicting potential cardiac

events based on historical patient data.

RNNs can be used to model the dynamic nature of physiological signals like electrocardiogram
(ECG) data, where changes over time may indicate evolving cardiac conditions. This capability

makes RNNSs instrumental in predicting and preventing adverse events.

Integration of CNNs and RNNs for Comprehensive Analysis:

In some healthcare applications, a combination of CNNs and RNNs is employed to analyze
both imaging and sequential data comprehensively. For example, in cardiology, this integration
allows for a holistic approach where imaging data (e.g., from cardiac imaging modalities) and
temporal data (e.g., EHRs) can be jointly considered for more accurate diagnostics and

personalized treatment planning.

The joint use of CNNs and RNNs enhances the ability to uncover complex relationships
between visual patterns in medical images and the temporal evolution of a patient's health

status.

In conclusion, deep learning, with its CNNs and RNNSs, has revolutionized healthcare by
providing advanced tools for image-based diagnostics and sequential data processing. These

technologies contribute to more accurate and timely diagnoses, enabling healthcare
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professionals to intervene proactively and improve patient outcomes in the realm of

cardiovascular health and beyond.
2.4 Applications of Al in Heart Disease Diagnosis:
Al applications extend across various facets of heart disease diagnosis:

Risk Assessment:

Al models integrate clinical data, genetic information, and lifestyle factors to assess an
individual's risk of developing heart diseases [9].

Early Detection:

Al-assisted medical imaging systems contribute to early detection through the analysis of

electrocardiograms (ECGs), cardiac MRI, and other diagnostic images [10].
Decision Support for Clinicians:

Al systems provide clinicians with decision support tools, aiding in accurate diagnosis and

personalized treatment plans [11].
2.5 Datasets and Data Preprocessing:

To overcome challenges related to data quality and diversity, researchers curate carefully
annotated datasets. Data preprocessing techniques, such as normalization and feature

extraction, are applied to optimize model performance [12].
2.6 Performance Evaluation Metrics:

Metrics like sensitivity, specificity, precision, and the area under the receiver operating
characteristic (ROC) curve are commonly employed to evaluate the performance of Al models

in heart disease diagnosis [13].
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2.7 Ethical and Regulatory Considerations:

The integration of Al in medical diagnosis brings forth ethical considerations, including patient
privacy, transparency of algorithms, and bias mitigation. Adherence to healthcare regulations,
such as the Health Insurance Portability and Accountability Act (HIPAA), is imperative [14].

2.8 Challenges and Future Directions:
Despite successes, challenges persist:

Interpretability:

The interpretability of Al models remains a challenge, with efforts focused on developing

transparent models that can be understood and trusted by clinicians [15].
Integration into Clinical Workflows:

Successful integration of Al systems into clinical workflows is crucial for widespread adoption.

This involves collaboration between Al developers and healthcare professionals [16].
Addressing Biases:

Efforts are ongoing to address biases in Al algorithms to ensure equitable and unbiased

diagnoses across diverse patient populations [17].
2.9 Case Studies and Success Stories

Several real-world implementations have demonstrated the effectiveness of Al-assisted

diagnosis:
Automated ECG Analysis:

The integration of Al algorithms into automated electrocardiogram (ECG) analysis marks a
significant breakthrough in the realm of cardiovascular diagnostics. These algorithms exhibit
remarkable accuracy in the detection of arrhythmias and abnormalities, showcasing their

potential to revolutionize the way we interpret and act upon ECG data [18].
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Al-driven ECG analysis systems excel in swiftly and precisely identifying irregularities in heart
rhythm. By processing ECG signals with intricate patterns, these algorithms contribute to early
and accurate diagnoses of various cardiac conditions, including atrial fibrillation, ventricular

tachycardia, and other rhythm disturbances.

The automation of ECG analysis not only enhances the efficiency of healthcare workflows but
also provides a valuable tool for continuous monitoring. This enables timely intervention in
cases where immediate attention is crucial, contributing to the proactive management of

cardiovascular health.
Cardiac Imaging:

Deep learning models applied to cardiac imaging represent a cutting-edge application of
artificial intelligence in cardiovascular healthcare. These models, particularly utilizing
techniques like convolutional neural networks (CNNs), have demonstrated superior
performance in deciphering intricate details within cardiac images, thereby enhancing

diagnostic accuracy [19].

The application of deep learning in cardiac imaging extends beyond mere identification to the
prediction of cardiovascular events. These models can analyze diverse imaging modalities such
as magnetic resonance imaging (MRI), computed tomography (CT) scans, and
echocardiograms to identify structural abnormalities indicative of potential future

cardiovascular issues.

The ability of deep learning models to unravel complex patterns in cardiac images contributes
to early and more accurate diagnoses, enabling healthcare professionals to intervene at the
earliest stages of disease progression. This, in turn, facilitates more effective treatment

strategies and better outcomes for patients.
Clinical Decision Support Systems:

Al-driven clinical decision support systems play a pivotal role in augmenting the decision-
making capabilities of healthcare professionals. These systems harness advanced algorithms to
analyze vast amounts of clinical data, providing timely, evidence-based recommendations that

enhance diagnostic accuracy and treatment planning [20].
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In the field of cardiology, where the volume of medical knowledge is vast and continually
evolving, Al-driven decision support systems become valuable tools for clinicians. They assist
in synthesizing complex information, considering patient-specific factors, and delivering

actionable insights that contribute to more accurate and timely diagnoses.

The seamless integration of Al into clinical decision-making processes supports healthcare
providers in formulating personalized treatment plans, reducing errors, and improving overall
patient outcomes. By leveraging these systems, clinicians can navigate the intricacies of
cardiovascular medicine with greater confidence and efficiency.

In summary, the incorporation of Al technologies in automated ECG analysis, cardiac imaging,
and clinical decision support systems represents a transformative era in cardiovascular
healthcare. These advancements empower healthcare professionals with tools that enhance
diagnostic accuracy, provide early insights, and contribute to more effective and personalized

patient care, ultimately leading to improved outcomes and a more robust healthcare ecosystem.

2.10 Challenges in Real-world Implementation:

It’s essential to acknowledge the limitations and challenges associated with Al in medical
diagnosis. Studies explore issues such as over-reliance on algorithms, potential
misinterpretations, and the need for continuous validation in real-world settings [21].

Despite the promising developments and potential benefits that Al brings to cardiology, the
practical implementation of these technologies in real-world healthcare settings encounters
several challenges. Addressing these challenges is crucial to ensure the successful deployment
and integration of Al systems into cardiology practices [22][23][24][25]. Some of the key

challenges include:
Integration into Electronic Health Records (EHR):

One significant challenge is seamlessly integrating Al systems into existing Electronic Health
Records (EHR) infrastructure. Many healthcare institutions use diverse EHR systems, and Al
applications need to harmonize with these platforms to facilitate smooth data exchange and

interoperability.
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Ensuring that Al-generated insights are accessible within the clinician's workflow and are well-
integrated with patient records is essential for enhancing the efficiency and effectiveness of

cardiovascular care.

Data Security and Privacy Concerns:

Healthcare data, particularly in cardiology, is highly sensitive, containing detailed information
about patients’ cardiovascular health. Maintaining robust data security and privacy is
paramount to gaining trust from both healthcare providers and patients.

Al systems need to adhere to stringent data protection standards, encrypting and securing
patient information throughout the entire data lifecycle. Compliance with regulations such as
HIPAA (Health Insurance Portability and Accountability Act) is crucial for safeguarding
patient confidentiality.

Ensuring Regulatory Compliance:

The deployment of Al in cardiology must align with regulatory frameworks and standards
governing the use of medical technologies. Obtaining approvals from health regulatory bodies

ensures that Al applications meet the necessary safety and efficacy criteria.

Compliance with regulations, such as FDA approval for medical devices, is essential to
guarantee that Al systems adhere to established quality and safety standards. This step is critical

in gaining acceptance from healthcare professionals and regulatory authorities.

Interpretable and Explainable Al Models:

Al models often operate as complex, "black-box" systems, making it challenging for clinicians
to interpret the reasoning behind specific decisions. In cardiology, where precise and
transparent decision-making is crucial, developing interpretable and explainable Al models is

essential.

Ensuring that clinicians can understand and trust the Al-generated insights fosters collaboration
between human practitioners and Al systems. This transparency is particularly important in
critical situations, where the ability to comprehend and validate Al recommendations is

paramount.
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Data Quality and Bias Mitigation:

Al models heavily depend on the quality and representativeness of the data they are trained on.
In cardiology, addressing issues such as data bias and ensuring the inclusion of diverse patient
populations is crucial for creating fair and unbiased Al algorithms.

Rigorous data quality assurance processes, along with continuous monitoring for biases, are
essential to prevent Al systems from perpetuating disparities in healthcare outcomes.

User Training and Acceptance:

Integrating Al into cardiology practices requires healthcare professionals to adapt to new tools
and workflows. Adequate training and education programs are essential to ensure that
clinicians understand how to effectively use Al-generated insights in their decision-making

processes.

Gaining acceptance and trust from healthcare providers is vital for the successful adoption of
Al technologies in cardiology. Collaboration between Al developers and healthcare

professionals can bridge the gap and facilitate a smoother transition to Al-assisted healthcare.

Overcoming these challenges demands a collaborative effort involving healthcare providers,
Al developers, regulatory bodies, and other stakeholders. By addressing issues related to
integration, security, regulation, interpretability, data quality, and user acceptance, the
healthcare industry can unlock the full potential of Al in cardiology, leading to improved

patient outcomes and more efficient healthcare delivery.

2.11 Related Works

Mirzajani and Siamak [3] undertook a comprehensive study involving the diagnosis and
prediction of heart disease, utilizing the potent WEKA data mining tool to apply advanced
algorithms for data mining. In this exploratory endeavour, various classification algorithms,
namely the SMO, j48 decision tree, KNN, and Naive Bayes (NB), were implemented on a
dataset for heart disease. The dataset, comprising 209 records and encompassing 8 distinct
features, was meticulously gathered from a hospital in Iran under the supervision of the

Ministry of Health. A detailed breakdown of the features in the dataset is provided in Figure 1.
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The study aimed to unravel and compare the efficacy of the selected classification algorithms
in predicting and diagnosing heart disease. WEKA, renowned for its versatility and robust
capabilities in handling diverse data mining tasks, served as the instrumental platform for
executing these algorithms. By leveraging this sophisticated tool, Mirzajani and Siamak were
able to analyse the experimental results derived from the application of the SMO, j48 decision
tree, KNN, and Naive Bayes algorithms on the heart disease dataset.

The heart disease dataset, sourced from a reputable hospital in Iran, is a crucial component of
this research, representing a real-world collection of health records under the meticulous
control of the health ministry. The dataset comprises 8 features, each providing distinct insights
into the factors influencing heart disease. The meticulous description of these features, as
illustrated in Table 1, adds a layer of transparency to the research, enabling readers and fellow

researchers to comprehend the variables and parameters under scrutiny.

Through this research endeavour, Mirzajani and Siamak not only contribute valuable insights
into the application of data mining algorithms for heart disease prediction but also furnish the
scientific community with a benchmark dataset sourced from a credible healthcare setting. This
dataset, coupled with the outcomes of the analysis and comparison of classification algorithms,
becomes a valuable resource for advancing the field of predictive medicine and refining

diagnostic tools for heart disease.

Table 1: Dataset Description

# NAME POSSIBLE VALUES

1 | Age Numeric

2 | Chest Pain Type Asympt, Atyp_Angina, Non_Angina, Typ_Angina
3 | Rest_Bpressure Numeric

4 | Blood Sugar True, False

5 | Rest_Electro Numeric

6 | Max_Heart Rate Normal, Left_vent_hyper, st t wave abnormaility
7 | Exercise_Angina Yes, No

Given that the data for this study originated from a single source, the need for integration
operations was obviated, streamlining the analytical process. The dataset, comprising 209

samples, demonstrated uniformity as all features across these samples contained values,
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mitigating any concerns related to missing data. This meticulous attention to data integrity sets
a robust foundation for the ensuing comparative analysis.

Upon conducting a thorough comparison of the selected classification algorithms, distinct
performance metrics emerged to gauge their efficacy. The j48 decision tree algorithm
demonstrated the highest classification accuracy, registering an impressive 83.73%. Following
closely were KNN and SMO, both achieving a commendable accuracy rate of 82.78%, thereby
securing the second position. Naive Bayes (NB) trailed slightly behind, yet still demonstrated

a respectable accuracy of 81.82%.

While accuracy stands as the most commonly cited metric in classification performance, this
study adopts a holistic approach by considering a spectrum of other essential performance
measures. Precision, Sensitivity, ROC, F-Measure, and specificity indicators were
meticulously factored into the evaluation process. These metrics provide a nuanced
understanding of the algorithms' efficiency in not only correctly classifying instances but also

in distinguishing between true positives, true negatives, false positives, and false negatives.

By delving into these diverse performance measures, this research aims to present a
comprehensive assessment of the classification efficiency of the four selected algorithms. Each
metric contributes unique insights into the algorithms' strengths and limitations, fostering a
more nuanced interpretation of their predictive capabilities. In doing so, this study not only
advances our understanding of heart disease prediction but also provides a methodological

benchmark for future research endeavours in the realm of data-driven healthcare analytics.

In a parallel investigation, Enriko [5] ventured into heart disease prediction utilizing KNN,
Naive Bayes, and Decision Tree algorithms, albeit employing a distinct dataset sourced from
the venerable California University, Irvine (UCI). The dataset, meticulously selected,
comprised 76 parameters, from which a subset of 10 parameters was employed for the
comprehensive analysis. Notably, the study introduced a database software component,

MongoDB, to facilitate the storage and retrieval of pertinent data.

Unlike the previous research, the analysis in this study hinged on a diverse array of parameters,
with only 10 chosen out of the 76 available. This strategic selection aimed to distil the most
pertinent features for accurate heart disease prediction. The implementation of KNN, Naive
Bayes, and Decision Tree algorithms on this curated dataset unfolded a comparative analysis

of their predictive capacities.
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Remarkably, the accuracy results obtained from this study did not exhibit substantial disparities
among the algorithms, suggesting a degree of robustness in their predictive capabilities.
However, within the context of the research's specific parameters, KNN emerged as the
frontrunner, yielding the highest accuracy at an impressive 81.85%. This outcome underscores
the effectiveness of KNN in discerning patterns within the selected subset of parameters for
heart disease prediction in the given dataset.

The use of MongoDB as the database software in this research signifies a strategic approach to
data management, emphasizing scalability and flexibility in handling diverse parameters. This
methodological choice not only adds a layer of sophistication to the study but also contributes
to the broader discourse on leveraging advanced database technologies in healthcare analytics.

Enriko's research, therefore, not only augments the understanding of heart disease prediction
through machine learning but also highlights the importance of dataset selection and
algorithmic choice in influencing the accuracy of predictive models. By drawing comparisons
with previous studies and introducing novel elements like MongoDB, this research enriches
the evolving landscape of machine learning applications in healthcare analytics, propelling the

field towards enhanced diagnostic precision and improved patient outcomes.

As delineated by Kumar, Anand et al. [4], their study delves into the application of Genetic
Algorithm (GA) techniques to create computational intellect techniques for heart disease
diagnosis. This innovative approach signifies a departure from traditional methodologies,
offering a nuanced perspective on enhancing the accuracy and efficiency of diagnostic models.
The researchers employed a 3-fold cross-validation approach to rigorously validate the

performance of their model, a methodology designed to ensure robustness and generalizability.

The study sourced its input heart disease dataset from the UCIML repository, a repository
renowned for its diverse and comprehensive datasets that serve as benchmarks for various
machine learning applications. This deliberate choice of dataset reflects the researchers'

commitment to utilizing real-world and well-curated data for their investigation.

Crucially, the research assessed the accuracy of the model under different configurations,
utilizing various initial rule counts. The outcomes were obtained through the 3-fold cross-
validation process. With an initial rule count of 25, the average accuracy stood at an admirable
81.83%. Notably, as the initial rule count increased to 50, there was a marked improvement in

accuracy, reaching an impressive 86.83%. This finding underscores the sensitivity of the
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model's performance to the configuration of initial rules, showcasing the potential impact of

parameter tuning on diagnostic accuracy.

This study, therefore, not only contributes to the burgeoning field of heart disease diagnosis
through computational intelligence but also sheds light on the significance of parameter
optimization in fine-tuning model performance. The utilization of a 3-fold cross-validation
approach adds a layer of robustness to the findings, ensuring that the model's predictive
capabilities are rigorously evaluated across different subsets of the dataset.

In essence, Kumar, Anand et al.'s [4] research represents a valuable addition to the landscape
of heart disease diagnosis methodologies, emphasizing the potential of Genetic Algorithm
techniques and the importance of thoughtful dataset selection and parameter configuration for
enhancing the accuracy of computational intelligence models in healthcare applications.

Zagorecki, Orzechowski, and Hotownia [26] embarked on the contraction of a pioneering web-
based software system designed to cater to medical diagnosis needs. At the heart of this ground
breaking system is an advanced distributed, parallel architecture comprising multiple Bayesian
Networks (BN) engines. These engines operate autonomously, conducting queries to individual
BNs, and are grounded in the SMILE, a versatile Bayesian Network software accessible at
http://genie.sis.pitt.edu. A noteworthy aspect of their design is the stateless nature of the BN

engines, a deliberate choice made to optimize scalability and enhance system reliability.

During the software implementation phase, the researchers conducted a meticulous analysis
based on an extensive dataset, encompassing over 97,000 diagnoses generated in the initial
weeks following the system's deployment. A predominant demographic within this dataset was
users aged 25-39, comprising 52.1% females and 47.9% males. The prevalent symptoms
reported by this age group included depression, tiredness, tension headaches, and anxiety

disorders—common manifestations associated with the demands of modern lifestyles.

Interestingly, the chosen symptoms for analysis were often linked to specific anatomical
locations, with a noteworthy 6.8% pertaining to the head, 4.4% to the genitals, and 3.9% to the
lower abdomen. Intriguingly, indications related to the anus were reported in 2.2% of cases, a
frequency comparable to more conventional symptoms such as chest pain, sleepiness, or
tiredness. While lacking concrete evidence, this observation suggests that the system may
frequently be employed for self-diagnosing issues associated with sexual health and additional

ailments that individuals might find uncomfortable to discuss with a healthcare professional.
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Furthermore, the researchers delved into the most common diagnoses for individuals aged 55-
70 and 70+, revealing a consistent pattern of age-related health concerns. Diagnoses in these
older age groups predominantly centered on issues such as gallstones, joint or bone trauma,

osteoarthritis, and ischemic heart disease.

Zagorecki, Orzechowski, and Holownia [26] ground breaking study not only introduces a
cutting-edge web-based medical diagnosis system but also unveils insightful patterns and
tendencies within the user demographic and diagnostic outcomes. The utilization of Bayesian
Networks and the emphasis on scalability and reliability positions their system as a promising
avenue for the intersection of technology and healthcare, paving the way for enhanced self-
diagnosis capabilities and informed healthcare decisions.

In a comparative analysis of classification techniques, Repaka, Anjan Nikhil Ravikanti et al.
[27] conducted a study that pitted the proposed method against established techniques such as
Bayes Net, MLP (Multi-Layer Perception), and SMO (Sequential Minimal Optimization). This
research sought to evaluate the performance of these classification methods and determine their

efficacy in handling diverse datasets.

The proposed technique, labelled Navies Bayesian, emerged as a standout performer,
showcasing an impressive accuracy rate of 89.77%. This marked superiority over the
established technigques underscores the effectiveness and potential innovation embedded in the
Navies Bayesian classification approach. The comparison not only highlights the prowess of
the proposed method but also positions it as a promising alternative for achieving high accuracy

in classification tasks.

The utilization of prevailing techniques like SMO, Bayes Net, and MLP as benchmarks in the
evaluation process lends credibility to the findings. By contextualizing the proposed method
within the landscape of established classification techniques, the research provides a valuable
point of reference for practitioners and researchers seeking optimal solutions for their

classification needs.

The noteworthy outcome of 89.77% accuracy achieved by the Navies Bayesian method is
indicative of its robustness and adaptability across diverse datasets. This superior performance
has implications for a wide range of applications, from medical diagnostics to financial

forecasting, where accurate classification is paramount.
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Repaka, Anjan Nikhil Ravikanti et al.'s [27] research, therefore, not only contributes to the
ongoing discourse on classification techniques but also introduces a potentially transformative
method in the form of Navies Bayesian. This method, with its demonstrated high performance,
holds promise for enhancing the accuracy and reliability of classification tasks, thereby opening

avenues for improved decision-making across various domains.

Wang et al. [28] have made a substantial contribution to the field of heart disease diagnosis by
advocating for a deep learning-based approach. Their methodology revolves around the
application of Convolutional Neural Networks (CNNs) on medical imaging data, specifically
cardiac magnetic resonance images and computed tomography scans. The results of their study
demonstrated exceptional accuracy in identifying structural abnormalities and cardiac
anomalies. This utilization of artificial intelligence (Al) in medical imaging not only signifies
a breakthrough in diagnostic accuracy but also holds the promise of early and precise detection
of heart diseases.

Li et al. [29] have undertaken another significant study, focusing on the integration of wearable
devices and continuous monitoring for heart disease diagnosis. By employing machine learning
algorithms to analyse data collected from wearable sensors, encompassing heart rate
variability, electrocardiogram signals, and physical activity patterns, their research showcased
the potential of continuous monitoring through wearable technology. This approach,
emphasizing proactive healthcare, provides a promising avenue for predicting and diagnosing

heart conditions, thus potentially revolutionizing how cardiovascular health is managed.

Addressing the critical need for interpretable Al models in medical diagnosis, Ribeiro et al.
[30] and Rahim et al. [31] have introduced frameworks that combine machine learning
predictions with rule-based models. The integration of decision trees and rule-based systems
aims to enhance the transparency and interpretability of Al-assisted diagnosis processes. This
innovative approach not only contributes to the technical aspect but also addresses the crucial
factor of building trust between healthcare professionals and Al systems, thereby fostering

collaborative decision-making in the realm of cardiovascular healthcare.

In the study conducted by loannidis in 2016, the application of Random Forests in predicting
the risk of heart disease stands out as a notable achievement [32]. This ensemble learning
algorithm effectively harnesses electronic health record (EHR) data to generate accurate risk

assessments. By considering a myriad of variables and their interactions, Random Forests
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exhibit robustness and generalizability, making them valuable tools for identifying individuals
at an elevated risk of cardiovascular conditions.

The study by loannidis emphasizes the importance of leveraging both genomic and clinical
measures to enhance the predictive accuracy of the model, showcasing the potential synergy
between biological and clinical data in the era of precision medicine [32].

Gudadhe et al.'s research in 2010 introduces Support Vector Machines (SVM) as a powerful
tool for heart disease diagnosis [33]. SVMs excel in classifying patients with high accuracy,
leveraging deep learning techniques for effective pattern recognition in diagnostic tasks. The
application of SVMs in heart disease diagnosis highlights their ability to discern complex
relationships within patient data. This approach contributes to the development of robust
diagnostic tools that can aid healthcare professionals in accurately classifying individuals based
on their cardiac health status.

Attia et al.'s work in 2019 introduces a neural network-based approach for risk stratification in
heart disease, demonstrating the potential of deep learning techniques in this domain [9]. The
study focuses on the identification of patients with atrial fibrillation during sinus rhythm,

showcasing the specificity of the neural network in outcome prediction.

Neural networks, with their capacity to learn intricate patterns from large datasets, provide a
sophisticated means of risk stratification. The study underscores the importance of leveraging
artificial intelligence to enhance the accuracy of identifying specific cardiac conditions, paving

the way for more targeted interventions and personalized patient care.

Furthermore, the endeavours of Chen et al. [34] and Byrd et al. [35] have explored the
integration of natural language processing (NLP) techniques in the analysis of electronic health
records (EHRs) for heart disease diagnosis. By extracting valuable information from
unstructured clinical narratives, their systems have demonstrated improved accuracy in
diagnostic predictions. This research emphasizes the significance of tapping into diverse data
sources and leveraging advanced technologies, such as NLP, to enhance the

comprehensiveness of Al-assisted diagnosis systems.

Bardhwaj et al. [36], Shailaja et al. [37], Sun et al. [38], and Lee & Yoon [39] extensively
explored various machine learning techniques applied in healthcare across a range of diseases.

Their investigation delved into the considerable potential of medical big data, demonstrating
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its value in clinical decision support, diagnostics, treatment decisions, fraud detection, and
prevention. They succinctly outlined a nine-step data mining process, underlining the critical
importance of effective decision support in healthcare. Their findings underscored the
capability of machine learning models to facilitate early disease diagnosis. While their work
aligns with this project's context, it covers a broader spectrum and is less focused on diagnosing
heart diseases. Thus, a shift towards literature more closely aligned with the project's objective,
specifically investigating how machine learning algorithms can aid in diagnosing heart disease,

IS necessary.

One such broad analysis by Tripoliti et al. [40] focused on machine learning techniques
customized for assessing heart failure, this study specifically investigated the severity
estimation of heart failure and the forecasting of critical outcomes such as re-hospitalization,
mortality, and destabilizations. Tripoliti et al. thoroughly analysed relevant literature on heart
failure, offering valuable perspectives on the utilization of machine learning in addressing

cardiac ailments.

In a distinct study by J. & S. [41], two supervised classifiers, namely Naive Bayes Classifier
and Decision Tree Classifiers, were employed to predict heart diseases using a dataset. The
Decision Tree model demonstrated an impressive accuracy of 91 percent in predicting heart

disease patients, while the Naive Bayes Classifier achieved an accuracy of 87 percent.

Another notable research by Kamal kant et al. [42] suggested a model employing the Naive
Bayes algorithm for heart disease prediction. The research concluded that, in terms of accuracy,
the Naive Bayes algorithm demonstrated the highest effectiveness for predicting heart diseases,

with Neural Networks and Decision Trees following closely behind.

Adding to the body of research, Nidhi Bhatla et al. [43] utilized diverse data mining methods
for heart disease prediction. Their results indicated that the Neural Networks algorithm
outperformed Decision Trees in terms of accuracy. Importantly, their study incorporated
additional factors such as obesity and smoking, broadening the scope beyond conventional

attributes.

Rishi Dubey et al. [44] Performed an examination investigating various machine learning
algorithms for predicting heart disease. The review concluded that Neural Networks emerged
as an effective method for heart disease prediction, indicating its potential to assist in treatment

decisions.
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Asha Rajkumar et al. [45] utilized a supervised machine learning classification approach to
diagnose heart disease. The study meticulously partitioned the dataset into testing and training
subsets, employing Naive Bayes, Decision list, and K-NN algorithms. The findings revealed
that Naive Bayes exhibited a lower error ratio, affirming its effectiveness in heart disease
diagnosis.

Sairabi H. Mujawar et al. [46] employed modified versions of K-means and Naive Bayes
algorithms for heart disease prediction. The Naive Bayes model demonstrated impressive
accuracy, achieving a 93 percent prediction rate for heart disease and an 89 percent accuracy
rate for cases where patients did not have heart disease.

In 2017, Samuel et al. [47] forecasted the likelihood of heart failure utilizing Artificial Neural
Network (ANN). Their methodology incorporated fuzzy analytic hierarchy (AHP) for
determining the overall weights of features, facilitating personalized risk assessments. These
feature contributions were subsequently utilized to train the ANN classifier to predict the
patient’s risk of heart failure.

Yekkala et al. [48] investigated bagging ensemble techniques like Random Forest and
Adaboost in conjunction with Particle Swarm Optimization (PSO) for heart disease prediction.

Their research attained notable accuracy levels using bagging, particularly with PSO.

Dolatabaddi et al. [49] employed an optimized Support Vector Machine for their classification
model, extracting HRV signals from ECG in both time and frequency domains for the
automated diagnosis of coronary artery disease. The comprehensive accuracy of their study

underscored the resilience of the classification approach.

K. Sudhakar et al. [50] Utilized data mining methodologies for heart disease prediction,
incorporating classification machine learning techniques like Decision Trees and Neural
Network Naive Bayes. Their study aimed to analyse and compare the effectiveness of

classification algorithms on heart disease databases.

K Cinetha et al. [51] presented a decision support system using fuzzy logic for coronary heart
disease. The model aimed to predict the possibility of being diagnosed with heart disease in the
next ten years, achieving a remarkable accuracy of 97.67% on their dataset consisting of 1230

instances.
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Reddy et al. [52] aimed to create the AGAFL (Adaptive Genetic Algorithm using Fuzzy Logic)
model for early-stage heart disease prediction. The process involves initial feature extraction
using rough set theory, followed by heart disease detection using the AGAFL classifier. The
obtained results were compared with publicly presented datasets, demonstrating superior
efficiency compared to existing methods. The authors suggest the potential extension of the
algorithm by incorporating meta-heuristic algorithms for further enhanced results.

Babu et al. [53] introduced hybrid methods utilizing the Grey Wolf Optimization (GWO)
combined with an auto-encoder based on Recurrent Neural Networks (RNN) for identifying
various diseases. GWO extracts features, and disease identification is performed by RNN,
yielding improved performance compared to existing methods. The models were evaluated
using datasets such as Cleveland, mammographic, and Hungarian, showing a 16.82 percent
accuracy improvement over other methods. The authors propose further improvements through

the implementation of various techniques to enhance accuracy.

Santhi et al. [54] employed Genetic Algorithms to study various models for heart disease
prediction and feature selection. The optimized use of genetic algorithms resulted in better
performance compared to traditional methods. The models were retested with different heart
disease datasets and evaluated in real-time with classifiers like Random Forest, Decision Tree,
Naive Bayes, and Support Vector Machine. The findings indicated Naive Bayes as the superior

classifier concerning the dataset.

Gokulnath et al. [55] focused on optimizing the function by combining Support Vector
Machine (SVM) with Genetic Algorithm (GA) for significant feature selection. The proposed
model achieved 88.34 percent accuracy in predicting heart disease, surpassing other techniques
like CFS, chi-squared, Filtered subset, Info gain, and consistency subset. Additionally, the

study highlighted the effectiveness of ROC analysis in SVM classifiers.

Nayak et al. [56] explored various classifiers for predicting cardiovascular disease at its initial
stage. Employing classification methods like Naive Bayes, Support Vector Machine, Decision
Tree Classifier, and k-NN classifiers, they aimed to identify early signs of the disease for
preventive measures. Through a thorough analysis of detection techniques, Naive Bayes
exhibited superior accuracy compared to other classification methods. Implementation in the

R data analytical tool was performed for cardiovascular disease identification after thorough
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filtration, and further enhancement through ensemble machine learning was suggested for

improved accuracy.

Karadeniz et al. [57] introduced two distinct classifiers, namely Reference Vector Classifier
(RVC) and Shrunk Covariance Classifier (SCC), for analysing randomness in the distance
using medical Spectf and statlog datasets, respectively. The computed accuracies for Spectf
and statlog datasets were 88.7 and 88.8 percent, demonstrating the efficiency of the Shrunk
Covariance Classifier in measuring distance. The incorporation of different features as a

reduction scheme in the architecture contributed to accuracy rate improvement.

Maji et al. [58] discussed the utilization of the decision tree algorithm as a classification method
for predicting cardiovascular diseases. They proposed a hybridization method that combines
the decision tree and artificial neural network, implemented as a single technique using WEKA.
Evaluation through a tenfold test with a heart disease patient dataset from the UCI dataset
demonstrated the effectiveness of the hybrid model, showcasing enhanced performance
compared to individual classifiers. The output from the hybridization techniques indicated
superior predictive capabilities for heart disease. The authors recommended the exploration of

various data mining techniques for predicting different diseases at an earlier stage.

Patro et al. [59] employed a combination of methods to enhance classification and feature
selection for improved heart disease prediction. The classification algorithm facilitated the
analysis of the identification model, employing mathematical tools or computerized techniques
to screen data with similar classes. Utilizing Bayesian Optimized Support Vector Machine
(BO-SVM), Naive Bayes (NB), Salp Swarm Optimized Neural Network (SSA-NN), and K-
Nearest Neighbours (KNN) classifiers, the proposed model was designed to predict heart
disease based on the UCI dataset. BO-SVM exhibited superior performance with an accuracy
of 93.3 percent and a sensitivity of 80 percent. The authors suggested the potential replacement

of deep learning algorithms for further enhancement and improved performance.

In study [60][61][62][63], the researchers proposed various methods for detecting
cardiovascular diseases using the UCI dataset. Specifically, they tested Tree Classifier,

Random Forest, and K-Nearest Neighbours.

In work [64], a novel algorithm was introduced, analysing different approaches such as
Decision Tree (DT), Random Forest (RF), and a hybrid model combining DT and RF. The

hybrid model demonstrated improved accuracy compared to the individual models. The
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research also involved designing an application for heart disease prediction, using health
examination results as input and developing a graphical user interface with Python's Tkinter

library.

In [65][66][67][68][69][70][71], Logistic Regression and Stochastic Gradient Descent were
applied to predict heart disease, with Logistic Regression yielding the best results in terms of
accuracy, precision, and recall. The authors suggested that a larger dataset could enhance
results, highlighting the limitation of the small dataset in their models' performance. The
proposed algorithms were considered as potential non-invasive diagnostic tools for detecting
heart disease.

In research [72], [73][74][75][76], a system to prevent heart disease misdiagnosis was
developed using Neural Network (NN) and Support Vector Machine (SVM), with SVM
achieving superior results. The authors recommended SVM for the best diagnosis accuracy and
proposed feature normalization to enhance classifier performance, a procedure also adopted in
this thesis.

In research paper [77], [78], the authors implemented Neural Networks for efficient heart
disease classification, emphasizing the accuracy and robustness of the diagnostic system. The
study outlined fundamental steps for heart disease diagnosis, including data collection, pre-
processing, outliers’ elimination, and model development, and patient recruitment,

consultation with the developed model, diagnosis, and evaluation by medical professionals.

In [79][80][81], the authors introduced an ensemble of Neural Networks for heart disease
prediction. They suggested features removal based on correlation coefficient and employed
entropy to select the best components of the Ensemble Neural Network (ENN), emphasizing

computational efficiency.

In study [82][83], a Cascaded Neural Network classifier was proposed for heart attack
prediction, achieving good results in terms of accuracy, sensitivity, specificity, and short
prediction time. The authors described the structure of the Neural Network, which dynamically
adds hidden units to minimize error, resulting in a computationally efficient tool for heart attack

prediction.
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Emerging trends also indicate a shift towards multi-modal approaches, where Al systems
combine information from various sources, such as genetic data, imaging, and clinical records,

to provide a more holistic understanding of an individual's cardiac health.

In summary, the literature on assisted Al medical diagnosis systems for heart disease reflects a
multidimensional landscape. From advanced imaging techniques and wearable devices to
interpretable Al models and NLP in EHR analysis, these studies collectively contribute to the
evolution of precision medicine and the integration of Al in cardiovascular healthcare. The
interdisciplinary nature of this research underscores the potential for synergistic advancements
that could significantly impact the future of heart disease diagnosis and patient care.

2.12 A Summary of the Related Works.

Table 2: Literature Review and Gaps

Author Topic Findings Gaps
- Provision of a
Mirzajani & Utilizing Data - Used WEKA data
( J g dashboard for
salimi, 2018) Mining mining tool on applied data
Techniques for classification algorithms L
visualization.
Predicting and to determine the
Diagnosing algorithm with the best
Diabetes accuracy.

- The classification
algorithms used are
KNN, j48 decision tree,
SMO, and Naive Bayes
(NB), and j48 decision
tree had the best
accuracy with 83.73%.

- This research

(Enriko et al., Creation of a - Different classification )
will focus on a
2016) Heart Disease model are used Decision )
combined
Prediction Tree algorithms, Naive
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System Using the
k-Nearest
Neighbor
Algorithm and
Streamlined
Patient Health
Data

Bayes and KNN with a
dataset composed from
California University,
Irvine (UCI).

KNN classification
algorithm produced the
best accuracy with
81.85%.

dataset with
different type of
heart disease to
create, test and
train the model.

(Siva Kumar et
al., 2016)

Employing
Genetic
Algorithms for
Efficient Heart
Disease

Diagnosis

3-fold cross validation
approach is used to
validate the
performance of the
model which uses
Genetic Algorithm (GA)
technique.

81.83% accuracy is
achieved with 25 initial
rule and 86.83%
accuracy with 50 initial

rule.

To validate the
performance of a
model using a
Bayesian

classification.

(Zagorecki et al.,
2013)

An Automated
General Medical
Diagnosis
System Utilizing
Bayesian

Networks

Developed a web-based
medical diagnosis
system using Bayesian
Networks (BN) engines.
The majority of
diagnoses were rendered
for individuals aged 25-
39 (52.1% female and
47.9% male),
correlating with
symptoms such as

depression, anxiety

Identify the
actual likelihood
of a patient
having heart
disease or not on

all age groups.
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disorders, tension
headaches, and fatigue.
Additionally, they
explored the prevalent
diagnoses among
individuals aged 55-70
and 70+. The
predominant diagnoses
for patients in these
older age brackets
consistently revolved
around age-related
issues, including
osteoarthritis, ischemic
heart disease, bone
injuries or joint, and

gallstones.

(Repaka et al.,
2019)

Creating and
employing
prediction of
heart disease
system using
Naive Bayesian

methods

Compared main
techniques of BN and
MLP, SMO (Sequential
Minimal Optimization),
and the result was
presented by the
recommended Navies
Bayesian exhibiting
superior performance at
89.77% compared to

other methodologies.

Develop an
intelligent
computerised
system that will
produce the
likelihood of
heart disease in a

patient.
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2.13 Chapter Summary

In this chapter, an extensive exploration of existing literature has been conducted, scrutinizing
the works of various scholars and researchers in the domain of heart disease prediction. A
recurrent theme in the literature review is the predominant focus on predicting a specific type
of heart disease in isolation. However, a noticeable research gap emerges as many studies have
not addressed the comprehensive prediction of the probability associated with all types of heart
diseases.

The prevailing trend in the scholarly discourse has leaned towards targeted predictions, often
honing in on distinct facets or categories within the spectrum of heart diseases. While these
studies have undoubtedly contributed valuable insights into the predictive modelling of
individual heart conditions, a notable void remains in the holistic assessment of the

probabilities encompassing the diverse array of heart diseases.

This research endeavour, therefore, endeavours to bridge this critical research gap by adopting
a more encompassing approach. Rather than concentrating solely on the prediction of a singular
type of heart ailment, this study aspires to pioneer a methodology that comprehensively
assesses the probabilities associated with the myriad forms of heart diseases. By doing so, it
seeks to provide a more nuanced and comprehensive understanding of the predictive dynamics

governing the entire spectrum of cardiac health.

In essence, the significance of this study lies not only in its novel contribution to the field of
heart disease prediction but also in its endeavour to offer a more inclusive and comprehensive
predictive model. By addressing this research gap, the research aims to enhance the efficacy
and applicability of predictive models in the realm of cardiovascular health, ultimately

contributing to more informed and proactive healthcare interventions.
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3 RESEARCH METHODOLOGY

3.1 Introduction

This chapter provides a thorough examination of the research methodologies utilized in the
study, covering aspects such as the proposed model, research framework, target population,
sampling methodology, data collection methods, data analysis approaches, and the creation and
execution of the web application. Each of these components plays a crucial role in shaping the

research framework and contributes to the robustness of the study outcomes.
Proposed Model:

The chapter initiates by introducing the proposed model, a conceptual framework that serves
as the foundation for the entire study. This model delineates the key variables, relationships,
and mechanisms that the research seeks to investigate. It provides a theoretical underpinning
for the subsequent stages of the study, guiding the research design and shaping the overall

methodology.
Research Design:

The chosen research design is elucidated to articulate the overall plan and structure of the study.
Whether it is experimental, observational, case study, or a combination of these, the design
provides a blueprint for the systematic exploration of the research questions. The rationale
behind selecting a specific design is expounded upon, justifying its appropriateness for the

nature and scope of the study.
Study Population and Sampling Design:

A detailed discussion on the study population and the methodology employed for sampling is
included. The characteristics of the target population, such as demographics and relevant
parameters, are outlined. The sampling design, whether it is random, stratified, or purposive,
is justified based on the research objectives and constraints. The chapter delves into
considerations regarding sample size, ensuring it is representative of the broader population

under scrutiny.
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Data Collection Techniques:

This section provides insights into the techniques and tools employed for data collection.
Whether it involves surveys, interviews, observations, or a combination of these methods, the
chapter elaborates on the reasoning behind the chosen approaches. The development of any
survey instruments or interview protocols is detailed, ensuring clarity and transparency in data

collection.
Data Analysis Techniques:

The methods used for analysing the collected data are elucidated, underscoring the statistical
or qualitative approaches applied. This may involve the use of software tools for statistical
analysis or the application of thematic coding for qualitative data. The rationale for selecting

specific analysis techniques is discussed, ensuring the robustness and reliability of the results.

Development and Implementation of the Web Application:

As an integral part of the study, the chapter provides a comprehensive overview of the
development and implementation of the web application. This involves detailing the
programming languages, frameworks, and technologies utilized. The user interface design,
functionality, and integration with the proposed model are discussed, offering a holistic

understanding of the technological aspects of the study.

In essence, this chapter serves as a methodological compass, guiding readers through the
intricacies of how the research was conceptualized, designed, and executed. It lays the
groundwork for the subsequent chapters, ensuring a transparent and well-justified methodology

that contributes to the credibility and validity of the research findings.

3.2 Proposed Model

The envisioned research endeavours to forecast heart disease utilizing the Bayesian
classification algorithm which is probabilistic approach known for its efficacy in handling
uncertainties. The main aim of this research is to introduce an advanced medical diagnosis

system specifically designed for predicting heart diseases. This system integrates carefully
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recorded features by medical professionals to accurately assess the likelihood of a patient
having heart disease. The process begins with healthcare professionals entering pertinent
values extracted from the health report of a patient, which serve as essential data for the

subsequent predictive analysis.

The temperament of this proposed system falls in a sophisticated model that receives the input
data, undertaking a comprehensive assessment to prognosticate the probability of the patient
being afflicted with heart disease. This predictive model is instrumental in providing valuable
insights into the potential risk levels, empowering healthcare practitioners with timely and

informed decision-making capabilities.

The intricacies of the heart disease prediction process are elucidated in Figure 2, offering a
visual representation of the sequential steps involved in this prognostic endeavour. The
interplay between input variables, data processing, and the Bayesian classification algorithm is
graphically depicted, providing clarity on the intricate analytical journey from raw medical

data to predictive outcomes.

Complementing this, Figure 3 delineates the proposed system architecture specifically
designed for heart disease prediction. This architectural blueprint encapsulates the intricate
network of components and functionalities that collectively contribute to the seamless
operation of the predictive model. The system architecture provides a visual roadmap, offering
insights into how the various elements interact to facilitate accurate and timely heart disease

predictions.

In essence, this study not only leverages the prowess of the Bayesian classification algorithm
for heart disease prognostication but also envisions and concretely develops an assisted medical
diagnosis system that aligns with contemporary healthcare needs. By harnessing the insights
derived from medical practitioners' inputs and encapsulating them within a robust predictive
model, this research strives to contribute to the ongoing evolution of precision medicine and

diagnostic efficacy in the realm of cardiovascular health.

37



Figure 1: Framework for Heart Disease Prediction Model

Get Data Combined Data Storage and Analysis
Devices Q Training Set
Supenised Prediction
Fhone, Laptop etc Learning Model
Mew Data |

\- J

(| [Presentaﬁon Layer {Ieal Time Prediction

Figure 2: Proposed architecture for detection and prediction of heart disease
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3.3 Research Design

The research approach adopted for this study was characterized by a mixed-methods design,
seamlessly integrating both quantitative and qualitative data collection methodologies. This
hybrid approach was deliberately chosen to facilitate a comprehensive and nuanced exploration
of the research objectives, ensuring a well-rounded understanding that can be easily observed

and analysed.

3.3.1 Quantitative Data Collection:

Quantitative data was collected to capture numerical and measurable aspects of the phenomena
under investigation. This involved the systematic gathering of structured data through surveys,
questionnaires, or other quantitative instruments. The emphasis on quantitative data allowed
for the quantification of variables related to heart disease prediction, enabling statistical
analysis and the derivation of objective insights. For instance, numerical indicators like heart
rate, blood pressure, and cholesterol levels may have been systematically collected to quantify

the risk factors associated with heart disease.

3.3.2 Qualitative Data Collection:

In parallel, qualitative data was also gathered to delve into the more nuanced and subjective
dimensions of the research questions. Qualitative methods, such as interviews, focus group
discussions, or open-ended survey questions, were employed to capture the richness and depth
of participants' experiences, perceptions, and attitudes towards the assisted medical diagnosis
system. This qualitative strand allowed for the exploration of the human aspects, contextual

factors, and potential challenges associated with the utilization of the predictive model.

3.3.3 Combination of Qualitative and Quantitative Data:

The deliberate integration of both quantitative and qualitative data collection methods was
strategic. It enabled a triangulation of findings, where the strengths of one method could
complement the limitations of the other. For instance, quantitative data might provide statistical
significance and generalizability, while qualitative data could offer depth and context to the
statistical trends observed. This triangulation enhanced the overall reliability and validity of

the study's findings.

39



3.3.4 Ease of Observation and Analysis:

The mixed-methods approach was particularly advantageous in facilitating the observation and
analysis of data. The structured nature of quantitative data allowed for straightforward
statistical analyses, facilitating the identification of patterns, correlations, and trends. On the
other hand, the qualitative data, rich in descriptive content, provided a more in-depth
understanding of the intricacies involved. The complementary nature of these data types
contributed to a holistic interpretation of the research outcomes, making it easier for researchers

to draw meaningful conclusions.

In summary, the mixed-methods research approach employed in this study, by combining
quantitative and qualitative data collection techniques, aimed to provide a comprehensive and
well-rounded exploration of the assisted medical diagnosis system for heart disease prediction.
This approach facilitated a more nuanced understanding of the subject matter, allowing for both
statistical rigor and contextual insights in the analysis of the collected data.

3.4 Baseline Study
3.4.1 Population of the Study

The study relied on sample sizes derived from heart disease patients, which were generously
provided by medical practitioners associated with the National Heart Disease Hospital in
Lusaka, Zambia. This collaborative effort with healthcare professionals specializing in
cardiovascular care was pivotal in ensuring the availability of relevant and authentic data

essential for the study's objectives.

To facilitate the collection of this valuable information, a meticulously designed questionnaire
was developed. This questionnaire served as a structured tool tailored to extract specific data
points relevant to the study's focus on heart disease prediction. The questions encompassed a
range of variables such as age, gender, blood pressure, cholesterol levels, and other pertinent
medical parameters. This instrument was crafted with precision to elicit comprehensive
responses that could contribute to a thorough analysis of the factors influencing heart disease

prediction.

The distribution of the questionnaire was conducted in a streamlined manner, leveraging the
convenience and efficiency of modern communication methods. Specifically, the questionnaire
was disseminated to medical practitioners via email. This electronic distribution not only

expedited the data collection process but also facilitated ease of access for the busy healthcare
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professionals involved in the study. The use of email as a communication channel allowed for
a seamless exchange of information, enabling medical practitioners to provide responses at
their convenience while maintaining the integrity and security of the data.

The engagement with medical practitioners through email correspondence was characterized
by a collaborative and communicative approach. Clear instructions were provided alongside
the questionnaire to ensure that the respondents understood the study's objectives and the type
of information sought. Moreover, this mode of data collection offered the flexibility for
practitioners to contribute their insights and expertise, enriching the dataset with valuable
qualitative nuances that complemented the quantitative data.

By establishing this collaborative relationship with medical practitioners and utilizing email as
a means of data collection, the study not only benefited from the expertise of professionals
directly involved in heart disease care but also ensured a systematic and ethical approach to
acquiring patient-related information. This collaborative effort between researchers and
medical practitioners at the National Heart Disease Hospital stands as a testament to the
synergy between the scientific community and healthcare practitioners in advancing

knowledge and understanding in the field of cardiovascular health.

3.4.2 Sampling Technique and Sample Size

The foundation of this study rested on the utilization of sample sizes extracted from a
comprehensive dataset comprising 1190 patients diagnosed with heart disease. This dataset, a
reservoir of diverse patient profiles, became an invaluable resource for the investigation,
enabling a robust analysis of patterns, trends, and factors influencing heart disease prediction.
The sheer breadth of the dataset, encompassing a considerable number of patients, fortified the

study's statistical power and capacity for generating meaningful insights.

In addition to leveraging the dataset, the study forged a collaborative partnership with medical
practitioners to acquire supplemental and contextually rich data. Recognizing the significance
of real-world clinical expertise, the study sought the input of healthcare professionals who
actively engage with heart disease patients. This collaborative approach ensured that the study's
findings were grounded in the practical realities of cardiovascular care, enhancing the external

validity and applicability of the research outcomes.
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To facilitate the collection of this dual-source data — both from the dataset and the insights
provided by medical practitioners — a meticulously crafted questionnaire was developed. This
instrument was meticulously designed to extract a spectrum of information vital for the study's
objectives. The questionnaire encompassed an array of variables, including patient
demographics, medical history, lifestyle factors, and specific diagnostic parameters, ensuring
a holistic exploration of factors influencing heart disease prediction.

To engage medical practitioners effectively, the questionnaire was distributed using a
multifaceted approach. A digital dissemination method was employed, where the questionnaire
was sent to practitioners via email. This electronic mode not only expedited the data collection
process but also offered a convenient platform for practitioners to provide detailed responses.
Simultaneously, recognizing the diversity in communication preferences, hard copies of the
questionnaire were also distributed to practitioners, ensuring inclusivity and flexibility in the

data collection process.

The collaborative endeavour with medical practitioners went beyond a mere exchange of data;
it fostered a meaningful dialogue between the research team and frontline healthcare providers.
This two-way interaction not only enriched the quantitative dataset with nuanced qualitative
insights but also ensured that the study's objectives were aligned with the practical challenges

and considerations faced by practitioners in the field of cardiovascular medicine.

In summary, this study embraced a dual-source approach, drawing on both a substantial dataset
and the expertise of medical practitioners. The amalgamation of these distinct but
complementary data sources empowered the study to explore heart disease prediction
comprehensively, blending statistical rigor with real-world clinical insights. This
multidimensional approach aligns with contemporary research paradigms that recognize the
multifaceted nature of healthcare phenomena and the need for collaborative efforts to advance

knowledge in the field.

3.4.3 Methods for Data Collection

This research employed a comprehensive approach by harnessing data from both primary and
secondary sources. The dataset under scrutiny was meticulously crafted by amalgamating
disparate datasets, each independently available, yet never before combined. This innovative
approach resulted in the creation of a unique dataset that stands as the most extensive and robust

compilation for heart disease research to date. This amalgamated dataset integrates information
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from five distinct heart datasets, unifying them over 11 common features, thereby establishing
its distinction as the largest dataset for heart disease tailored explicitly for the purpose of

research.
The datasets contributing to this curated compilation include:

Cleveland: Encompassing 303.
Hungarian: Comprising 294.

Switzerland: Containing 123.

Beach VA: Incorporating 200.

Stalog (Heart) Data Set: Contributing 270.

o~ w e

In aggregate, this amalgamation results in a dataset of substantial magnitude, totalling 1190
observations. The utilization of these diverse datasets adds a layer of complexity and richness
to the study, ensuring that the findings draw upon a varied and representative sample of heart-
related cases.

The dataset encompasses a total of 11 features, forming the cornerstone of the analytical
framework. The amalgamated dataset, readily accessible on the Kaggle website [84], was
employed for the analysis, allowing for a meticulous examination of the interconnected features

and their impact on heart disease prediction.

Table 1, provided below, furnishes a detailed description of the 11 features encapsulated within
the dataset, offering a comprehensive understanding of the variables considered in the study.
This amalgamated dataset, born from the harmonization of disparate sources, stands as a
testament to the research's commitment to leveraging diverse and extensive data for a thorough

exploration of heart disease prediction dynamics.
[Table 1: Description of 11 Features in the Dataset]

This innovative approach to dataset curation not only broadens the scope of the study but also
ensures that the analysis is conducted on a dataset with unparalleled breadth and depth, setting

the stage for nuanced and informed insights into heart disease prediction.
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Table 3: Description Features

No | Features Description Distinct Values
of Features
1 | Age: patient’s age Years
Sex: patient’s sex [M: Male, F: Female] M, F
ChestPainType: chest pain type [TA: Typical Angina, ATA: | TA, ATA, NAP,
Atypical Angina, NAP: Non-Anginal Pain, ASY: Asymptomatic] ASY
4 | RestingBP: resting blood pressure [mm Hg] Values in
mm/hg
Cholesterol: serum cholesterol [mm/dl] Values in mm/dl
FastingBS: fasting blood sugar [1: if FastingBS > 120 mg/dl, 0: | 1,0
otherwise]
7 | RestingeCG: resting electrocardiogram results [Normal: Normal, | Normal, ST,
ST: having ST-T wave abnormality (T wave inversions and/or ST | LVH
elevation or depression of > 0.05 mV), LVH: showing probable or
definite left ventricular hypertrophy by Estes' criteria]
8 | MaxHR: maximum heart rate achieved [Numeric value between 60 | Numerical
and 202] values between
60 & 202
9 | ExerciseAngina: exercise-induced angina [Y: Yes, N: No] Y,N
10 | Oldpeak: oldpeak = ST [Numeric value measured in depression] Numeric value
measured in
depression
11 | ST_Slope: the slope of the peak exercise ST segment [Up: upsloping, | Up, Flat, Down
Flat: flat, Down: downsloping]
12 | HeartDisease: output class [1: heart disease, 0: Normal] 1,0

3.4.4 Data Collection Instruments

The cornerstone of data collection in this study was a carefully designed and multifaceted

approach, employing a combination of instruments to ensure a comprehensive and robust

gathering of information essential for addressing the research questions. The primary data

collection instruments employed were questionnaires, in-depth interviews, and a pre-existing

dataset sourced from Kaggle.

In essence, this multifaceted data collection strategy underscored the commitment of the study

to capture the complexity of heart disease prediction comprehensively. The synergy between
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structured instruments, qualitative exploration, and the utilization of an extensive dataset
reflects a methodological rigor aimed at providing nuanced and informed answers to the

research questions.

3.4.5 Questionnaire

Roopa and Rani [85] defines a questionnaire as ‘a list of mimeographed or printed questions
that is completed by or for a respondent to give his opinion’. The questionnaire was designed
in four parts: the first part being demographic information, the second part targeted computer
knowledge and experience, the third part was adoption factors for the system and the fourth
part focused on the usage of the system.

A structured questionnaire served as a pivotal tool for systematically collecting quantitative
data. This instrument was meticulously crafted to capture specific variables relevant to the
study's objectives. The questionnaire, administered to a targeted sample, facilitated the
acquisition of standardized responses, allowing for quantitative analysis and statistical
interpretation. The structured nature of the questionnaire ensured consistency in data collection

across respondents, contributing to the reliability of the gathered information.

3.4.6 In-depth Interviewing

In-depth interviewing is a qualitative research technique that comprises of intensive individual
interviews with a small number of respondents to explore their viewpoints on a particular idea,
program, or situation [86]. The interviews were conducted on the health personnel’s at the

National Heart Disease Hospital in Zambia.

In addition to structured questionnaires, qualitative insights were gleaned through in-depth
interviews. This method provided a platform for open-ended discussions with selected
participants, including medical practitioners, researchers, or individuals with expertise in the
field of heart disease. In-depth interviews allowed for the exploration of nuanced perspectives,
experiences, and contextual factors that might not be fully captured through quantitative
measures alone. The qualitative data derived from interviews enriched the study with a deeper

understanding of the intricacies surrounding heart disease prediction.
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3.4.7 Kaggle Dataset

To complement the primary data collection methods, a pre-existing dataset sourced from
Kaggle was employed. Kaggle, a platform known for hosting diverse datasets, provided a
valuable resource for this study. The dataset, pre-compiled and accessible, originated from a
combination of independent datasets related to heart disease. Leveraging Kaggle's repository
added a layer of efficiency to the research process, allowing for the utilization of a substantial
dataset already curated and processed. This approach not only saved time but also ensured
access to a large and diverse dataset, enhancing the study's capacity for comprehensive

analysis.

The amalgamation of these diverse data collection instruments — questionnaires, in-depth
interviews, and a Kaggle dataset — created a methodological synergy. The combination of
quantitative and qualitative data allowed for a triangulated understanding of heart disease
prediction, offering a holistic view that goes beyond numerical trends to encompass the human

and contextual dimensions of the subject matter.

3.4.8 Data Analysis

Following the meticulous collection of data, the researcher embarked on a crucial phase of data
processing and editing to enhance the overall quality and coherence of the dataset. The
objective was to ensure consistency among responses, eliminate any discrepancies, and prepare
the data for subsequent analyses. To achieve this, advanced statistical tools, with a specific
focus on the Jupyter Notebook, were employed to streamline and simplify the dataset, making

it both interpretable and understandable.

Data Editing and Consistency Check:

The initial step in this post-collection phase involved a comprehensive review of the gathered
data. The researcher meticulously examined each dataset, scrutinizing responses for
completeness, accuracy, and uniformity. Any missing or anomalous entries were identified and
addressed to uphold the integrity of the dataset. This process aimed at rectifying discrepancies

and ensuring that the data accurately reflected the intended information.

Utilization of Statistical Tools - Jupyter Notebook:
Jupyter Notebook, a powerful and versatile tool in the realm of data science, played a pivotal
role in the subsequent stages of data processing. Leveraging the capabilities of Jupyter

Notebook, the researcher initiated a series of statistical analyses, employing Python
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programming language and associated libraries. This interactive computing environment
facilitated the execution of code snippets, allowing for real-time exploration and manipulation
of the dataset.

Data Simplification and Interpretability:

Jupyter Notebook was particularly instrumental in simplifying the dataset and enhancing its
interpretability. Through the application of Python scripts and statistical functions, the
researcher transformed raw data into a more structured and readable format. This not only
facilitated a clearer understanding of the dataset but also laid the groundwork for more

sophisticated analyses.

Visual Representation and Exploration:

Visualizations, generated within the Jupyter Notebook environment, further aided in
comprehending the patterns and trends embedded in the data. Graphical representations, such
as charts and graphs, were created to present key insights visually. This not only simplified

complex information but also allowed for a more intuitive grasp of the dataset's characteristics.

Iterative Process and Quality Assurance:

The utilization of Jupyter Notebook in the data processing phase was an iterative process. The
researcher engaged in multiple rounds of analyses, refining the dataset and ensuring that it met
the predefined criteria for quality and consistency. This iterative approach, coupled with the

interactivity of Jupyter Notebook, enabled real-time adjustments and quality assurance checks.

In summary, the post-data collection phase was marked by a meticulous editing process aimed
at enhancing data consistency. The integration of statistical tools, notably Jupyter Notebook,
not only simplified the dataset but also empowered the researcher to delve into complex
analyses. This systematic approach laid the groundwork for subsequent stages of the study,

ensuring that the dataset was well-prepared for meaningful interpretations and insights.

3.5 System Design and Implementation
3.5.1 Requirements Specification

The requirement specification phase in system architectural analysis is a pivotal step that
involves the delineation of two integral components: hardware and software. Each of these

components plays a crucial role in shaping the overall system architecture [87].
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In the context of system architecture, hardware components represent the tangible and physical
elements that constitute the system's infrastructure. These include the client's computers,
servers, and the underlying database that form the interconnected backbone of the system [87].
The client's computer serves as the end-user interface, providing the point of interaction with
the system. Servers act as the central processing units, handling requests, and managing data
flow, while the database serves as the repository for storing and retrieving information. The
harmonious integration of these hardware components is paramount for the seamless

functioning of the system.

Contrasting with hardware, software components define the dynamic behavior of the system
and elucidate how its various elements interact. These components cater to different
stakeholders, including architects, programmers, and customers, offering diverse architectural
views tailored to their specific needs [87]. Within the realm of software components, detailed
descriptions emerge, encompassing the system's functionality, the interconnection of its
components, the collaborative workflow, the developmental methodologies, and the

application of software on the underlying hardware infrastructure.

Software components are intricately linked to the essential requirements of the system, which
can be broadly categorized into functional and non-functional requirements [87]. Functional
requirements delineate the specific functionalities and features that the software must deliver.
These include user interactions, system responses, and the overall behavior of the software in
response to user input. On the other hand, non-functional requirements encompass aspects like
performance, security, scalability, and reliability, addressing the quality attributes that

characterize the software's overall effectiveness and efficiency.

In summary, the requirement specification phase not only entails the identification of hardware
components that form the foundational structure of the system but also delves into the intricate
details of software components. This includes the behavioral aspects, architectural views
catering to diverse stakeholders, and the alignment with both functional and non-functional
requirements. By elucidating the hardware and software components in the requirement
specification, this phase lays the groundwork for the subsequent design and development stages

of the system.

48



3.5.1.1 Functional Requirements

These are requirements that specify what the system must do according to the functions of the
system or its components, when the function is described as defining the behaviour between
outputs and inputs. The following are the requirements that makeup the heart disease medical
diagnosis system:

% System should allow health personnel’s to register.
% System should allow health personnel’s registered to login.
% System should allow health personnel’s input required data for prediction.

%+ System should display the probability output results.

3.5.1.2 Non-Function Requirements

These are requirements that define the characteristics that a system is expected to have and can
be used to evaluate its performance rather than its behaviour. All components of the proposed

heart disease medical diagnosis system require the following non-functional requirements:

% System must have acceptable performance.
% System services should be durable. This means the services should be able to recover
from failures or interruption by automatically resuming or restarting the service.

% System must be scalable.

3.5.1.3 Hardware Requirements

%+ Processor - Intel(R) Core(TM) i7-5500U CPU @ 2.40GHz 2.40 GHz
% RAM :10.0 GB

% Systemtype : 64-bit operating system, x64-based processor

% Version : 21H2

+ Edition : Windows 10 Pro

«» Device Name : Lenovo

3.5.1.4 Software Requirements

% Operating System : Windows

% Technology : Python (Flask)

%+ Web Technologies : Html, JavaScript, CSS
% IDE : Visual Studio Code

% Management System  : SQL.ite
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% Model Creation : Jupyter Notebook

3.5.2 Design Specification

3.5.2.1 Use Case Diagrams

Use case diagrams serve as crucial behavioral diagrams in the realm of system design, offering
a visual representation that encapsulates the interactions between users and the system. These
diagrams provide a simplified and comprehensible view of the system's functionalities,
categorizing them into distinct use cases and illustrating how these functionalities interact with

both internal and external users [88][89].

3.5.2.1.1 Key Elements of Use Case Diagrams:

Actors:
In a use case diagram, actors are the entities engaging with the system, which may include
external users, other systems, or even time-triggered events. Actors are typically depicted by

stick figures or other symbols, and they interact with the system through various use cases.

Use Cases:
Use cases depict the particular functionalities or tasks that the system executes to achieve a
user's objective. They are illustrated as ovals and are linked to actors via lines, denoting the

interaction between the actor and the system.

Relationships:
The lines connecting actors and use cases denote relationships. For instance, a solid line
signifies a primary relationship, while additional notations may indicate associations,

dependencies, or include arrows to illustrate the direction of the interaction.
System Boundary:

The system boundary, typically depicted by a box, encompasses all the actors and use cases

within the system. This boundary defines the extent of the system being analyzed.
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3.5.2.1.2 Benefits of Use Case Diagrams:

Simplified Communication:

Use case diagrams provide a simplified means of communication by presenting a high-level
overview of system functionalities. This clarity aids in better understanding, especially for
stakeholders who may not have technical expertise.

Requirements Clarification:
Use case diagrams play a crucial role in requirements analysis and clarification. They help in
identifying and defining the various use cases, ensuring that all potential functionalities are

considered during system development.

User-Centric Design:
By focusing on user interactions, use case diagrams facilitate a user-centric design approach.

They ensure that the system is designed to meet the needs and goals of the users effectively.

Bridging the Gap:
Use case diagrams serve as a bridge between technical and non-technical stakeholders. They
offer a common language that both developers and business stakeholders can understand,

fostering collaboration and alignment.

3.5.2.1.3 Application in System Development:

In the context of system development, use case diagrams are often employed during the early
stages of requirements gathering and analysis. They act as a foundational blueprint, guiding
the development team in understanding user interactions and system functionalities. As the
project progresses, use case diagrams continue to be valuable for communication, testing, and

ensuring that the final system aligns with the initially envisioned functionalities.
In essence, use case diagrams are a powerful tool for capturing, communicating, and

understanding the dynamic aspects of a system, contributing significantly to the success of

system development projects.
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In Figure 4 is the use case diagram represented for the system.
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Figure 3: Web App Use Case Diagram

3.5.2.2 Flow Chart Diagram

Flowchart diagrams play a pivotal role in system design, providing a visual representation that
illustrates the sequential flow of data within the system [90][91]. Figure 5, in this context,
serves as a comprehensive flowchart detailing the intricacies of the entire Prediction System,
elucidating how data should navigate through the system and facilitating a clear understanding

of communication pathways.
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3.5.2.2.1 Key Elements of the Flowchart Diagram:

Start and End Points:

Flowcharts typically commence with a start point and conclude with an end point, symbolizing
the initiation and termination of the process. These symbols are often represented by circles,
denoting the beginning and conclusion of the data flow.

Process Boxes:

Rectangular boxes within the flowchart denote specific processes or actions. Each box
represents a discrete step or operation in the data flow. In the context of the Prediction System,
these processes might encompass data pre-processing, feature extraction, model training, and

result generation.
Arrows:
Arrows connect the various elements of the flowchart, indicating the directional flow of data.

The arrows delineate the sequence of steps, guiding the reader through the logical progression

of the system.
Decision Points:

Diamond-shaped symbols represent decision points where the flow of data can take different
paths based on certain conditions. These decision points introduce conditional logic, allowing

for dynamic and context-dependent data routing.
Input/Output:
Input and output symbols, often represented by parallelograms, signify the points where data

enters or exits the system. These points denote interactions with external entities or the

initiation and conclusion of specific processes.

3.5.2.2.2 Benefits of Flowchart Diagrams:

Visual Clarity:

Flowchart diagrams provide a visual and intuitive representation of complex processes,
enhancing clarity and understanding. This visual clarity is particularly valuable for

stakeholders who may have varying levels of technical expertise.
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Sequential Logic:

The sequential nature of flowcharts helps in detailing the step-by-step logic of the system. This
sequential logic aids in identifying dependencies, ensuring that each step is executed in a
logical order.

Process Optimization:

Flowcharts are instrumental in identifying opportunities for process optimization. By visually
mapping the data flow, inefficiencies or redundancies can be identified and addressed to
enhance overall system efficiency.

Communication Tool:

Flowchart diagrams serve as a powerful communication tool among diverse stakeholders. They
provide a common language for discussing and understanding the intricacies of the Prediction

System, fostering collaboration and alignment.

3.5.2.2.3 Application in System Design:

In the context of the Prediction System, the flowchart diagram presented in Figure 5 serves as
a blueprint for the entire data processing journey. It delineates the systematic flow of data from
its initiation through various processes, decision points, and ultimately to the generation of
predictions. This visualization is instrumental in guiding system architects, developers, and
other stakeholders through the intricacies of the Prediction System, ensuring a shared

understanding of the data flow logic.

In conclusion, flowchart diagrams are indispensable in system design for their ability to provide
a structured, sequential representation of data flow. The presented flowchart for the Prediction
System serves as a valuable tool for understanding, communicating, and refining the processes

involved in making accurate predictions based on the system's architecture.
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3.5.2.3 Data Flow Diagram

A data flow diagram (DFD) serves as a powerful visualization tool in systems analysis and
design, illustrating how information traverses through processes and subsystems within a larger
system [92][93][94]. Figure 6, in this context, provides a comprehensive representation of how
data flows within the Prediction System, capturing the intricate movements and
transformations that occur throughout the entire process.

Key Components of the Data Flow Diagram:

Processes:

Processes in a DFD represent specific functions or operations performed within the system. In
the context of the Prediction System, these processes might include data preprocessing, feature
extraction, model training, and result generation. Each process is depicted as a labeled circle

or ellipse.

Data Flows:

Data flows are represented by arrows connecting various components in the diagram, indicating
the direction in which data moves. These arrows showcase the path of data from its sources to
its destinations, revealing the relationships and dependencies between different processes and

data entities.

Data Stores:
Data stores are represented by rectangles and symbolize repositories where data is stored. In
the Prediction System, data stores could include databases, files, or any other storage

mechanisms holding relevant information.

External Entities:
External entities are entities outside the system boundary that interact with the system. These
entities are often represented by squares or rectangles. In the context of the Prediction System,

external entities could be sources of input data or recipients of prediction results.
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Data Movement in the Prediction System:

Input Data Flow:
The diagram captures the entry point of data into the system, typically originating from external
entities. This input data flow symbolizes the initial information that triggers the predictive

processes.

Internal Data Flows:
As data progresses through the system's processes, the diagram delineates internal data flows,
showcasing how information undergoes various transformations and analyses. These internal

data flows highlight the dynamic nature of data as it moves through different stages.

Output Data Flow:
The ultimate result of the Prediction System is depicted through the output data flow. This
represents the predictions or insights generated by the system, which may be delivered to

external entities or stored for further analysis.

Data Stores:
The presence of data stores in the diagram emphasizes the storage and retrieval of data at
different stages of the process. These data stores act as temporary repositories or long-term

storage for information critical to the system.

Benefits of Data Flow Diagrams:

Visualization of Processes:

DFDs provide a visual representation of the processes within a system, aiding in the

understanding of how data is processed and transformed.
Identification of Dependencies:

By showcasing the flow of data, DFDs assist in identifying dependencies between different

processes and data entities, contributing to a holistic understanding of system dynamics.
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Communication Tool:
DFDs serve as effective communication tools, enabling stakeholders, including developers and

non-technical personnel, to grasp the data movement and processing logic in a system.

Application in System Analysis:

In the case of the Prediction System, Figure 6 serves as a valuable analytical tool for
understanding the flow of data. It assists system analysts and designers in dissecting the
intricacies of information movement, guiding the development process, and ensuring that data

is processed in a logical and efficient manner.

In conclusion, the data flow diagram for the Prediction System encapsulates the essence of how
information traverses through the system, offering a structured visualization that aids in system

analysis, design, and communication among diverse stakeholders.

Input Heart Disease Prediction Data

User

. . Heart Disease
Wiew Prediction Results
Prediction System

Figure 5: Web App Data Flow Diagram
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3.5.2.4 Sequence Diagrams

Sequence diagrams stand as a valuable tool in systems modelling, specifically designed to
depict the dynamic interactions between actors and objects within a system. They provide a
sequential representation of the processes, showcasing how different components collaborate
to fulfil specific functionalities[95][88][96]. In the context of the Prediction System, Figures 7
through 9 present sequence diagrams, each capturing the dynamic aspect of crucial functions
performed by system components.

Key Aspects of Sequence Diagrams:
Actors:

In sequence diagrams, actors are entities external to the system that initiate interactions. These
can be users, external systems, or any other components that trigger processes within the

system.

Obijects:

Obijects represent instances of classes or entities within the system. They are central to sequence
diagrams as they actively participate in interactions, responding to messages and executing

specific actions.

Lifelines:

Lifelines represent the existence of an object over time during the sequence. They are depicted
as vertical dashed lines, providing a visual representation of the temporal aspect of the object's

involvement.

Messages:

Messages are arrows indicating communication between objects. They illustrate the flow of

information, signalling method calls, responses, or other types of interactions.
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Dynamic Modelling in Sequence Diagrams:
Initiation of Processes:

Sequence diagrams illustrate how processes are initiated, often triggered by external actors.
These diagrams effectively capture the chronological order of events, providing a dynamic

portrayal of system functionality.

Object Interactions:

The interactions between objects are meticulously detailed, showcasing how messages are
passed between them. This dynamic representation is essential for understanding the sequence
of actions that take place during the execution of a particular function.

Temporal Relationships:

The lifelines in sequence diagrams offer insight into the temporal relationships between
objects. By visualizing the duration of an object's involvement in a process, stakeholders can
discern the order and duration of actions.

Benefits of Sequence Diagrams:

Dynamic System Understanding:

Sequence diagrams offer a dynamic perspective, aiding in the understanding of how processes

unfold and objects interact over time.

Communication and Collaboration:

These diagrams serve as effective communication tools, fostering collaboration among

development teams, stakeholders, and other involved parties.

Identification of System Flows:

Sequence diagrams assist in identifying the flow of information and interactions within the

system, helping to pinpoint potential bottlenecks or areas for optimization.
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Application in System Design:

In the context of the Prediction System, sequence diagrams play a crucial role in system design.

They provide a blueprint for developers, guiding them in implementing functions by illustrating

the step-by-step interactions and collaborations between different components. Moreover,

sequence diagrams facilitate alignment among stakeholders, ensuring a shared understanding

of the dynamic aspects of the system.

In conclusion, Figures 7 through 9, depicting sequence diagrams, offer a dynamic visualization

of important functions within the Prediction System. These diagrams serve as essential tools

for system analysts, developers, and other stakeholders, contributing to a comprehensive

understanding of the system's dynamic behaviour and interactions.
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3.5.2.5 Database Design

Database design is a comprehensive and iterative process that plays a pivotal role in the
creation, implementation, and maintenance of an organization's information management
systems. It involves a systematic series of steps aimed at developing both physical and logical
models for the proposed database system. The ultimate objective is to design a robust, efficient,
and scalable database structure that effectively manages and organizes data to meet the

organization's requirements [97][98][99].

Key Steps in Database Design:

Requirements Analysis:

The first step in database design involves thorough requirements analysis. This phase involves

engaging with stakeholders, understanding the organizational needs, and identifying the data
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requirements of various departments or functions. Clear comprehension of user expectations

and system objectives lays the foundation for a successful database design.

Conceptual Design:

Following requirements analysis, the conceptual design phase focuses on creating an abstract
representation of the data model. This involves defining entities, their relationships, and the
constraints that govern them. Entity-Relationship Diagrams (ERDs) are commonly used during

this phase to visually represent the high-level structure of the database.

Normalization:

Normalization is a critical process that aims to eliminate data redundancy and dependency. It
involves organizing the data to ensure that relationships between tables are well-structured and
that the database adheres to a set of rules. Normal forms, such as First Normal Form (1NF),
Second Normal Form (2NF), and so on, are applied to achieve a more efficient and

maintainable database schema.

Logical Design:

During the logical design phase, the conceptual model is translated into a logical model that
can be implemented in a relational database management system (RDBMS). This involves
defining tables, attributes, primary keys, foreign keys, and specifying data types. The resulting

logical model provides the groundwork for the actual database schema.

Physical Design:

The physical design phase focuses on the implementation details of the logical model. It
involves considerations such as indexing, partitioning, storage optimization, and the definition
of data structures that will be used by the database management system. The goal is to enhance

performance, ensure data integrity, and accommodate the anticipated data volume.
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Implementation:

Once the physical design is complete, the database is implemented based on the finalized
design. This involves creating tables, relationships, indexes, and other database objects in the
chosen database management system. The implementation phase brings the theoretical design
into a practical and functioning database.

Testing and Refinement:

Rigorous testing is conducted to ensure that the database meets the specified requirements.
This includes functionality testing, performance testing, and validation of data integrity. Based
on test results, refinements and optimizations are made to address any issues or discrepancies

identified during testing.

Documentation:

Comprehensive documentation is an integral part of the database design process. This includes
documentation of the data model, schema definitions, relationships, constraints, and any
specific design decisions made. Well-documented databases facilitate easier maintenance,
updates, and troubleshooting.

Benefits of Effective Database Design:

Data Integrity:

Well-designed database ensures data accuracy, consistency, and reliability. Constraints and
relationships are defined to enforce data integrity rules, reducing the risk of errors and

inconsistencies.

Efficient Retrieval and Storage:

Properly designed databases optimize data storage and retrieval. Indexing, partitioning, and

other techniques are employed to enhance performance, enabling faster access to information.
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Scalability:

A carefully designed database can easily adapt to growing data volumes and evolving business
requirements. Scalability is a key consideration to accommodate future expansion without

compromising performance.

Maintainability:

Clear documentation and adherence to design best practices enhance the maintainability of the

database. This is crucial for ongoing updates, modifications, and troubleshooting.

Security:

Security considerations are integrated into the design process to safeguard sensitive data.
Access controls, encryption, and other security measures are implemented to protect the

database from unauthorized access.

In essence, database design is a dynamic and collaborative process that requires a deep
understanding of organizational needs, effective communication with stakeholders, and
adherence to best practices in information management. A well-designed database serves as
the backbone of an organization's data infrastructure, supporting efficient data handling,

decision-making, and overall business success.

User
PK id INT(11)
username VARCHARI(15)
email VARCHAR(50)
password VARCHAR(50)

Figure 9: Database Schema
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3.6 System Implementation

3.6.1 System Development

The proposed system was developed using an agile system development life cycle. Agile
software development, in essence, encompasses a set of system development approaches
centered around iterative progress, wherein both requirements and solutions evolve through
collaborative efforts among self-organizing cross-functional teams [87][100]. The following
diagram in Figure 11 depicts the agile process used in the system development and a rundown

of each stage is provided thereafter.

Figure 10: Agile Development Process

Expanding on the Agile Development Life Cycle:

The Agile Development Life Cycle consists of six distinct phases, each playing a crucial role
in the successful delivery of a software project. Let's delve deeper into each phase to understand

its significance and contributions to the overall development process:
Requirements Gathering:

In the initial phase, the focus is on understanding the client's needs and expectations. This
involves engaging in extensive communication with the client to gather detailed insights into
how they envision the system's functionality, appearance, and performance. The goal is to
create a comprehensive and accurate set of requirements that will serve as the foundation for

the entire development process.
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ii.  Design:

With the requirements in hand, the design phase kicks in, where the architectural blueprint of
the software is crafted. This involves creating a robust and scalable framework that aligns with
the specified requirements. By establishing a well-defined structure, the design phase aims to
prevent potential issues and streamline the development process. It sets the standards and

guidelines that will guide the development team throughout the project.

iii.  Development:

The development phase is where the actual coding takes place. Developers start translating the
design into functional code, and data recording mechanisms are implemented in the
background. The focus is on building the software incrementally, with regular checks to ensure
that each unit is functioning as intended. This iterative approach allows for flexibility and

adaptability as the project evolves.

iv.  System Testing:

The system testing phase is dedicated to thoroughly assessing the software for errors, bugs, and
inconsistencies. Various testing methodologies, including unit testing and integration testing,
are employed to verify that the system meets the specified requirements. Identifying and

rectifying issues at this stage is crucial to delivering a high-quality, reliable product.

v.  Deployment:

Once the system has successfully passed testing and received approval from both developers
and end-users, it is ready for deployment. Deployment involves making the software accessible
and operational for its intended users. This phase ensures a seamless transition from
development to practical use, marking a crucial milestone in the Agile Development Life

Cycle.
vi. Review:

The review phase is a reflective stage where the project team evaluates the entire development
process. Developers compare the estimated time for tasks with the actual time taken,

identifying any discrepancies and reasons for potential delays. This retrospective analysis is
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instrumental in improving estimation accuracy for future projects. Additionally, maintenance
activities are initiated to ensure that the system remains adaptable and up-to-date with evolving

requirements.

In summary, the Agile Development Life Cycle promotes collaboration, adaptability, and
continuous improvement. By breaking down the software development process into these six
phases, teams can efficiently navigate complex projects, respond to changing requirements,
and deliver high-quality software solutions.

3.7 System Testing

Testing a heart disease application in practice involves several key steps to ensure its accuracy,
reliability, and effectiveness. Here's a highlight of how the application might be tested:

Unit Testing:

Individual components of the application, such as algorithms for data preprocessing, feature
extraction, and prediction models, are tested in isolation to ensure they function correctly. This

involves testing various input scenarios and verifying that the expected outputs are produced.
Integration Testing:

Once individual components are tested, they are integrated to form the complete application.
Integration testing ensures that different modules work together seamlessly. This involves
testing the flow of data and interactions between components to identify and fix any integration

issues.
Validation Testing:

This step involves validating the performance of the heart disease prediction model using
separate datasets. The model is tested on data that it hasn't seen during training to assess its
generalization ability. Performance metrics such as accuracy, sensitivity, specificity, and area

under the ROC curve are used to evaluate the model's predictive power.
User Acceptance Testing (UAT):

In UAT, the application is tested by end-users to ensure that it meets their requirements and
expectations. This involves real users interacting with the application to perform tasks relevant
to their roles. Feedback from users is collected and used to improve the application's usability

and functionality.
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Cross-Validation:

Cross-validation is a method employed to evaluate the reliability and resilience of the
prediction model. It involves partitioning the dataset into several subsets, and then iteratively
training and testing the model on various combinations of these subsets. This approach aids in
identifying overfitting and ensures that the model performs consistently across diverse data
subsets.

Performance Testing:

Performance testing evaluates the application's responsiveness, scalability, and resource usage
under different conditions. This involves testing the application with varying levels of
workload, data volume, and concurrent users to identify any performance bottlenecks or issues

that may affect its reliability in real-world usage scenarios.
Security Testing:

Security testing is conducted to identify and mitigate potential vulnerabilities in the application
that could compromise the confidentiality, integrity, or availability of sensitive data. This
involves testing for common security threats such as injection attacks, cross-site scripting, and

authentication bypass vulnerabilities.
Regulatory Compliance Testing:

Depending on the jurisdiction and intended use of the application, regulatory compliance
testing may be required to ensure that the application meets applicable regulations and

standards related to healthcare data privacy and security.

By following these testing steps, developers can ensure that the heart disease application is
thoroughly evaluated and validated before being deployed for real-world use, minimizing the

risk of errors and ensuring the safety and effectiveness of the application for end-users.

3.8 Chapter Summary

The chapter dedicated to methods and materials serves as a critical component in understanding
the intricacies of developing the website and implementing the model within the context of the
study. This section delves into the systematic processes, tools, and resources employed to
create the website, conduct training sessions, and execute the implementation of the model.
Furthermore, the chapter sheds light on the meticulously crafted plans that guided the

development of essential components crucial to the study's objectives.
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4 RESULTS

4.1 Introduction

The chapter discusses the most important research results for the development of an Al-
powered medical diagnostic assistance system for heart disease. The main objective of the
research was to develop a predictive model leveraging machine learning to forecast heart
disease. The chapter presents the results of the Bayesian classification model training and web
application development.

4.2 Bayesian Classification Model

The model's training process, as outlined in Chapter 3, laid the foundation for the subsequent
presentation and discussion of results in this section. The utilization of the data collection and
training methods established a robust framework for training the Bayesian machine learning
classifier. The ensuing discussion delves into the features incorporated in the model, the dataset
partitioning strategy, and the performance evaluation metrics employed for a comprehensive

analysis.

4.2.1 Features and Dataset Partitioning:

The features enlisted in Table 2 serve as the inputs for the Bayesian machine learning classifier.
These features, encompassing crucial medical parameters such as blood pressure, sex,
cholesterol levels, blood pressure, age, blood sugar, heart rate, and various others, contribute

to the model's ability to make predictions regarding the likelihood of heart disease.

The dataset derived from the data collection methods was strategically divided into two subsets:
an 80% training dataset and a 20% testing dataset. The training dataset played a pivotal role in
imparting knowledge to the model, allowing it to learn and discern patterns from the input
features. On the other hand, the testing dataset served as a critical benchmark to assess the
model's generalization and predictive capabilities. This partitioning strategy ensures a robust

evaluation of the model's performance on unseen data.
4.2.2 Performance Evaluation Metrics:

Performance evaluation hinged on a comprehensive set of metrics to gauge the model's
effectiveness. Precision, F1 scores, recall, and precision were among the key measurement
systems leveraged to analyse the model's predictive capabilities. Precision, denoting the ratio

of true positive predictions to the total predicted positives, assesses the model's accuracy in
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identifying positive instances. F1 score, a harmonic mean of precision and recall, provides a

balanced measure of a model's overall performance.

Recall, often referred to as sensitivity, and gauges the model's ability to correctly identify
positive instances among all actual positives. Precision, conversely, emphasizes the correctness
of positive predictions among all predicted positives. These metrics collectively offer a
nuanced understanding of the model's strengths and areas that may necessitate refinement.

4.2.3 Bayesian Classification and Probabilistic Learning:

The Bayesian classification approach adopted in this study signifies a probabilistic perspective
on learning and inference. Unlike deterministic models, Bayesian classification incorporates
probability to express the uncertainty inherent in the relationships learned from the data [101].
This probabilistic framework allows the model to not only make predictions but also quantify
the degree of uncertainty associated with each prediction.

Bayesian classification inherently embraces the probabilistic nature of real-world scenarios,
acknowledging that data relationships are subject to uncertainty and variability. The model
leverages this probabilistic viewpoint to make informed predictions, providing a more nuanced

and flexible approach to learning from the dataset.

A limitation of the Bayesian classification model is its assumption of independence among
features, which may not always hold true in real-world datasets. Additionally, Bayesian
classifiers may struggle with high-dimensional data or datasets with complex relationships

between features.

In summary, the training of the model, fuelled by the meticulously collected dataset and robust
training methods, culminated in a comprehensive evaluation of its predictive prowess. The
presentation and discussion of results illuminated the model's performance through various
metrics, emphasizing its capacity to make probabilistic predictions in the realm of heart disease
diagnosis. The Bayesian classification approach introduced a layer of sophistication by
embracing uncertainty, contributing to a more nuanced understanding of the model's learning

and inference capabilities.

P(m|k) = P(k|m) = P(m)/P (k) @)
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Equation (1) articulates a fundamental probabilistic relationship that plays a crucial role in the
context of test theory, where the focus is on assessing the probability of an event denoted as 'm'’
given the occurrence of another event represented as 'k." This equation is expressed as:

P (mIk) = P (kNm)/ P (K)

This formulation entails that the likelihood of event 'm'’ given the occurrence of event 'k’ is equal
to the joint likelihood of both 'k’ and 'm' divided by the probability of 'k." The interpretation of
this equation is central to understanding the conditional probability associated with test theories,
where 'm' is the test theory, and 'k’ constitutes the evidence or proof linked to 'm.’

Breaking Down the Equation:
i.  Probability of kNm:

This represents the joint probability of both events 'k' and 'm' occurring simultaneously. It
signifies the likelihood of the evidence 'k’ and the test theory 'm' happening together.

ii.  Probability of K:

Denominator of the equation, it denotes the probability of the evidence 'k’ occurring. This serves

as the normalization factor, ensuring that the conditional probability is appropriately scaled.

iii.  Conditional Probability of mlk:

The result of the equation provides the conditional probability of the test theory 'm' given the
occurrence of the evidence 'k." In other words, it quantifies the probability of 'm' being true or

valid given the presence of 'k.'

Interpretation in Test Theory:

In the realm of test theory, 'm' typically represents a hypothesis or a testable statement, while 'k’
serves as the evidence or proof associated with the hypothesis. The equation captures the essence
of how the probability of the hypothesis being true, given the observed evidence, is influenced

by the joint probability of both the hypothesis and the evidence.

Application in Bayesian Inference:

Equation (1) aligns with the principles of Bayesian inference, where prior beliefs (probability
of 'm') are updated based on new evidence ('k’). The numerator reflects the joint probability of

prior beliefs and new evidence, and the denominator ensures the scaling factor for the updated

probability.
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In conclusion, Equation (1) encapsulates a foundational concept in probability theory and
Bayesian inference, particularly relevant in test theory where hypotheses are evaluated based on
observed evidence. The equation provides a mathematical framework for understanding and

quantifying the conditional probability of a hypothesis given the presence of specific evidence.

4.2.4 Data Analysis

Figure 12 serves as a visual representation of the sample observations gleaned from the
dataset, offering a snapshot that encapsulates the essence of the data under consideration.
This graphical depiction is instrumental in providing a quick and accessible overview of the
dataset, allowing stakeholders, researchers, or practitioners to glean insights into the nature

and characteristics of the collected observations.

Age Sex ChestPainType RestingBP Cholesterol FastingBS RestingfCG  MaxHR ExerciseAngina Oldpeak ST Slope HeartDisease
TA 140 280 0 Normal 172 00 Up ]
TA 160 180 0 Normal 5 10 Flat 1

TA 283 ] T 08 00 Up ]
TA 138 214 0 Normal \ 15 Flat 1
TA 150 g 0 Normal 2 00 Up 0

Figure 11: Collected Observations Sample

Figure 13 provides a visual representation of the distribution of categorical variables,
specifically delineating the patients categorized by their gender. This insightful depiction offers
a clear overview of the gender distribution within the dataset, unravelling valuable insights into

the composition of the patient population.
Key Aspects of Figure 13:

i.  Sex-based Categorization:

The figure distinctly segregates the dataset into two categories based on sex—male and female.
Each category is represented graphically, offering a comparative view of the proportions of

male and female patients.
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Percentage Representation:

The accompanying information in the caption, "76.38% male and 23.61% female," provides a
quantitative breakdown of the distribution. This adds a layer of precision to the visual

representation, facilitating a more detailed understanding of the gender composition.
Interpretation and Analysis:
e Gender Disparity:

Figure 13 readily highlights the gender disparity within the dataset, showcasing that a
predominant percentage of patients are male. The visual contrast aids in swiftly recognizing

any imbalances in the representation of male and female individuals.
e Demographic Overview:

The visualization serves as a demographic snapshot, enabling a quick assessment of the
dataset's composition. This information is vital for contextualizing subsequent analyses and

interpretations, particularly in scenarios where gender may be a critical factor.
e Potential Gender-Related Insights:

Depending on the nature of the study or analysis, the gender distribution may offer insights
into gender-specific patterns or tendencies related to heart disease. Exploring such nuances

becomes more feasible with a clear understanding of the dataset's gender composition.

Complementary Analysis:
e Statistical Testing:

While Figure 13 provides a visual overview, statistical tests, such as chi-square tests, can be
employed to ascertain whether the observed gender distribution is statistically significant. This
aids in determining whether any imbalances are indicative of a broader trend or if they could

be attributed to random variability.

e Correlation with Other Variables:
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Exploring potential correlations between gender and other relevant variables within the dataset
enriches the analysis. For instance, examining whether certain medical parameters vary

significantly between male and female patients can unveil nuanced patterns.

Incorporating Context:

Understanding the broader context of the dataset, such as the demographic characteristics of
the population under study, is essential for a holistic interpretation of Figure 13. Demographic
considerations, such as age distribution and geographical location, may influence the observed
gender distribution.

In summary, Figure 13 serves as a valuable visual tool for grasping the gender distribution
within the dataset. Its straightforward representation aids in quickly discerning the proportions
of male and female patients, paving the way for further analyses and contextual interpretations

in the broader context of heart disease research.

Mumber of patients by sex

1750

1500

1250 1

:

Number of Patients

500 A

Sex
Key: M — Male, F - Female

Figure 12: Patients by gender

Figure 14 intricately details the prevalence of heart disease within the dataset, specifically
delving into the gender-based distribution of heart disease among male and female patients.
This nuanced representation not only elucidates the overall prevalence but also sheds light on

potential gender-specific patterns that may be pivotal in the context of heart disease research.
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Key Aspects of Figure 14:
i.  Gender-Specific Heart Disease Rates:

The figure distinctly categorizes patients based on gender and further delineates the proportion
of individuals within each gender category who are diagnosed with heart disease. This provides

a clear and targeted understanding of heart disease prevalence.
ii.  Percentage Breakdown:

The accompanying information in the caption, "Heart disease is present in 88.87% of male
patients, while it affects 11.12% of female patients,” quantifies the prevalence rates within each
gender. This breakdown enhances the granularity of the visual representation, offering precise

insights into gender-specific heart disease occurrences.

Interpretation and Analysis:
e Gender Disparities in Heart Disease:

Figure 14 unveils notable gender disparities in heart disease prevalence. The stark contrast
between the percentages of male and female patients with heart disease underscores potential

gender-specific factors or vulnerabilities related to heart health.
e Gender-Specific Health Considerations:

The visualization prompts consideration of gender-specific health factors that may contribute
to the observed prevalence rates. This could encompass physiological differences, lifestyle

factors, or other variables that may influence the likelihood of heart disease diagnosis.
e Clinical Implications:

The insight into the gender-specific distribution of heart disease has clinical implications,
guiding healthcare practitioners in tailoring diagnostic and preventive measures.
Understanding how heart disease manifests differently among males and females is crucial for

personalized and effective healthcare strategies.
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Complementary Analysis:
e Statistical Significance Testing:

Conducting statistical tests, such as chi-square tests, could ascertain whether the observed
differences in heart disease prevalence between male and female patients are statistically
significant. This is pivotal for validating the robustness of the observed patterns.

e Exploration of Contributing Factors:

Beyond the prevalence rates, delving into potential contributing factors, such as lifestyle
choices, genetic predispositions, or socio-economic factors, enriches the analysis. This

exploration aids in understanding the multifaceted nature of heart disease occurrence.

Incorporating Context:

Understanding the broader context of the dataset, including demographic factors, regional
variations, and other pertinent details, is vital for a comprehensive interpretation of Figure 14.

The interplay of these factors may contribute to the observed gender-specific patterns.

In summary, Figure 14 serves as a focal point for comprehending the nuanced relationship
between gender and heart disease prevalence within the dataset. Its detailed breakdown
facilitates targeted analyses and underscores the importance of gender-specific considerations

in the broader landscape of heart disease research and healthcare.
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Mumber of patients with heart disease by sex
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Sex

Key: M — Male, F - Female

Figure 13: Patients with heart disease by gender

Figure 15 encapsulates a comprehensive overview of heart disease prevalence within the
complete dataset, offering a balanced perspective that considers both the presence and absence
of heart disease among the patients under study. This visual representation serves as a pivotal
snapshot, shedding light on the overall distribution of heart disease within the broader context

of the dataset.
Key Aspects of Figure 15:
i.  Global Heart Disease Prevalence:

The figure holistically captures the prevalence of heart disease across the entire dataset,
presenting a dual categorization of patients based on whether they have heart disease or not.
This binary classification lays the foundation for a nuanced understanding of the dataset's

overall cardiac health landscape.
ii.  Percentage Breakdown:

The accompanying information in the caption, "52.85% of patients have heart disease and
47.14% do not have heart disease," quantifies the prevalence rates, providing a clear and
concise breakdown of the distribution. This percentage breakdown enhances the

interpretability of the visual representation.
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Interpretation and Analysis:

¢ Global Heart Disease Trends:

Figure 15 serves as a vital tool for discerning overarching trends in heart disease prevalence
across the entire dataset. The balanced representation of both positive and negative cases offers
a holistic perspective.

« Dataset Imbalance:

The approximate equality in the percentage distribution between patients with and without
heart disease suggests a dataset that is relatively balanced in terms of heart disease occurrences.

This balance is critical for robust model training and analysis.

o Baseline Understanding:

The visualization establishes a baseline understanding of heart disease prevalence, providing a
starting point for more nuanced analyses. Understanding the baseline is pivotal for

contextualizing subsequent investigations and drawing meaningful comparisons.

Complementary Analysis:

e Temporal or Demographic Breakdown:

While Figure 15 offers a global perspective, additional analyses that break down heart disease
prevalence over time or across different demographic segments can provide deeper insights.

Understanding how these rates vary can uncover dynamic patterns.

e Risk Factor Exploration:

Exploring potential risk factors associated with heart disease within the dataset contributes to
a more comprehensive analysis. ldentifying correlations between specific features and heart

disease prevalence enhances the understanding of contributing factors.

Incorporating Context:

Understanding the broader context of the dataset, including the characteristics of the patient

population, geographical considerations, and any temporal variations, enriches the
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interpretation of Figure 15. The interplay of these contextual factors can influence the observed

prevalence rates.

In summary, Figure 15 serves as a foundational visual representation, offering a balanced
portrayal of heart disease prevalence within the complete dataset. Its clarity and straightforward
categorization set the stage for more in-depth analyses, allowing researchers and practitioners

to delve into the complexities of heart health within the studied population.

Heart Disease Distribution

1200 1

1000

Number of Patients

HeartDisease

Key: 0 — No Heart Disease, 1 — Heart Disease

Figure 14: Heart Disease Distribution

4.2.5 Pre-processing

The pre-processing stage of the data plays a crucial role in ensuring the robustness and
effectiveness of machine learning models. In the context of the study, a pivotal step involved
the division of the dataset into two distinct categories: the training dataset, encompassing 80%
of the data, and the testing dataset, comprising the remaining 20%. This division is integral to
the model development process and contributes to the reliability of subsequent predictions and

evaluations.
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Key Aspects of Data Division:
I.  Training Dataset (80%0):

The training dataset, comprising 80% of the original data, serves as the foundational subset
used to train the machine learning model. During this phase, the model learns patterns,
relationships, and features inherent in the data, enabling it to make informed predictions when
confronted with new, unseen data. The larger proportion allocated to training ensures that the
model gains a comprehensive understanding of the dataset's intricacies.

ii.  Testing Dataset (20%0):

The testing dataset, constituting 20% of the original data, operates as an independent subset
that the model has not encountered during the training phase. This subset is reserved to assess
the model's generalization capability—its ability to accurately predict outcomes on new,
unseen data. The testing dataset is crucial for evaluating the model's performance and gauging

its effectiveness in real-world scenarios.
Rationale for Data Division:
e Preventing Overfitting:

Allocating a substantial portion of the data to the training dataset guards against overfitting,
where a model becomes excessively attuned to the training data but struggles to generalize to
new data. A well-balanced division mitigates the risk of the model memorizing specific

instances rather than learning underlying patterns.
e Performance Evaluation:

The testing dataset acts as a benchmark for evaluating the model's performance on unseen data.
This external evaluation is essential for assessing the model's efficacy and determining whether

it can effectively extrapolate its learning to novel instances.
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Implementation of Data Division:
Randomized Split:

The division of the dataset into training and testing subsets typically involves a randomized
process to ensure a representative distribution of data in both categories. Randomization
minimizes biases that may arise from specific patterns or sequences present in the original

dataset.
Stratified Sampling:

In scenarios where maintaining the distribution of classes or categories is critical, stratified
sampling may be employed. This technique ensures that both training and testing datasets retain

a proportional representation of each class, preserving the overall class distribution.
Ensuring Data Quality:

Prior to division, pre-processing may involve steps such as handling missing values,
normalizing features, or addressing outliers. These measures contribute to the overall quality
of the data used for model training and testing, enhancing the model's performance and

interpretability.
Cross-Validation Consideration:

While the described division is common, in-depth model evaluation may involve techniques
such as cross-validation. Cross-validation iteratively partitions the dataset into training and
testing subsets, providing a more comprehensive assessment of the model's stability and

generalization.

In summary, the division of the dataset into training and testing subsets is a pivotal step in the
pre-processing stage, contributing to the integrity and effectiveness of the subsequent machine
learning model. The careful allocation of data ensures that the model is adequately trained and

rigorously evaluated, laying the foundation for reliable predictions in real-world applications.
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Sex ChestPainType RestingBP Cholesterol FastingBS RestingEOG MaxHR ExerciseAngina Oldpeak 5T Slope

M ASY 126 218 1 Normal 124 N 2.2 Hat
NAP 130 0 ] LVH 135 ¥ 1.0 Hat

ASY 145 307 ] LVH 146 Y 1.0 Hat

ATA 130 173 ] S 184 y 0.0 Up

ASY 148 244 ] / 178 N 0.8 Up

Figure 15: Sample of the training dataset

4.2.6 Initial model training

The implementation and evaluation of the CatBoostClassifier machine learning model for heart
disease prediction represent critical steps in gauging the model's performance and reliability.
The following expands on the training and testing process, emphasizing the key metrics derived
from the evaluation, and elaborates on the insights provided by the confusion matrix depicted

in Figure 17.
Training and Testing Process:
i.  CatBoostClassifier Model:

The choice of the CatBoostClassifier as the machine learning model underscores its suitability
for handling categorical features and robust performance in classification tasks. The model was

configured with 11 features relevant to heart disease prediction.
ii. Learning Rate and Iterations:

The learning rate, set at 0.018447, determines the step size during optimization, influencing
how quickly the model adapts to the training data. The model was trained over multiple
iterations, with the best test performance achieved at 91.28% accuracy after 3760 iterations.
This iterative process ensures that the model refines its understanding of the data with each

cycle.
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Model Evaluation:
Accuracy:

The evaluation of the model on the test data yielded an accuracy of 98%. Accuracy represents
the overall correctness of the model's predictions, indicating the proportion of correctly

classified instances among all instances.
Precision, F1-Score, Recall, and Support:

Figure 17 illustrates the confusion matrix, it offers an elaborate overview of the model's
effectiveness. Precision assesses the precision of positive predictions, recall evaluates the
model's capacity to identify all positive instances, and the F1-score strikes a balance between

precision and recall. The support metric signifies the quantity of instances in each class.
Confusion Matrix (Figure 17):

The confusion matrix is a powerful visual representation that encapsulates the true positive
(TP), true negative (TN), false positive (FP), and false negative (FN) predictions made by the

model. These elements contribute to the computation of precision, recall, and the F1-score.
Key Aspects of Figure 17:

True Positives (TP): Instances where the model correctly predicted the positive class
(heart disease) are represented in the top-left quadrant.

True Negatives (TN): Instances correctly predicted as the negative class (no heart disease)
are found in the bottom-right quadrant.

False Positives (FP): Incorrectly predicted positive instances are located in the top-right
quadrant.

False Negatives (FN): Instances wrongly classified as negative instances (missed heart

disease predictions) are in the bottom-left quadrant.
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Interpretation of Confusion Matrix Metrics:

e Precision (Positive Predictive Value):

Precision is the ratio of true positives to the total number of predicted positives. A high
precision score indicates a low rate of false positives.

o Recall (Sensitivity or True Positive Rate):

Recall represents the ratio of true positives to the total number of actual positives. High recall
signifies effective capturing of positive instances.

e F1-Score:

The F1-score offers a combined measure of precision and recall, taking into account both false

positives and false negatives.

e Support:

Support indicates the number of instances in each class, offering context to the precision, recall,

and F1-score metrics.

Implications and Further Analysis:

e Model Robustness:

The high accuracy and performance metrics in the confusion matrix suggest that the

CatBoostClassifier model demonstrates robustness in predicting heart disease.

e Fine-Tuning Opportunities:

The confusion matrix metrics provide insights into areas where the model may benefit from
fine-tuning, such as minimizing false positives or false negatives, depending on the specific

application and consequences of prediction errors.
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¢ Clinical Relevance:

Translating these findings into a clinical context involves considering the implications of false
positives and false negatives, as well as exploring additional domain-specific metrics.

In summary, the training and evaluation of the CatBoostClassifier model showcase its efficacy
in heart disease prediction. The rich information provided by the confusion matrix aids in
understanding the nuances of the model's performance, facilitating informed decisions for

further refinement or deployment in real-world healthcare scenarios.

fl-score

dCcuracy

malro avg

weighted avg

Figure 16: Confusion matrix

4.2.7 Hyperparameter tuning

Hyperparameters play a pivotal role in machine learning models, as they govern the training
process and influence the behavior of the model. The training process involves configuring the
model based on the training data, adjusting its parameters, and optimizing hyperparameters to

enhance overall performance.
Components of the Training Process:
i.  Training Data:

The training data forms the foundation for configuring the model. It consists of instances used
to teach the model patterns, relationships, and features, enabling it to make accurate predictions

on new, unseen data.
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Notably, the values in the training data do not become direct components of the model but
serve as the basis for model learning.

Model Parameters:

Model parameters are the internal variables that the chosen machine learning technique adapts
during training. These parameters are adjusted to align the model with the patterns present in
the training data.

Hyperparameters:

Hyperparameters govern the training process itself. They remain constant during a training job
and influence how the model learns from the training data.

Examples of hyperparameters include learning rates, regularization factors, and the number of

iterations.

Hyperparameter Tuning:

Hyperparameter tuning involves finding the optimal configuration for these governing
variables to enhance the model's performance. This process often employs techniques like grid
search or random search to explore the hyperparameter space and identify the most effective

combination.

Results of Hyperparameter Tuning:

Number of Trials:

The training process involved conducting 11 trials, each representing a different configuration

of hyperparameters.

Best Trail (Trail 5):

Among the 11 trials, Trail 5 emerged as the most effective, achieving a test accuracy value of
99%. This indicates that the hyperparameter configuration in Trail 5 resulted in superior model

performance on unseen data.
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iii. Best Test Value and lteration:

The best test value, denoted as 0.0849, and the best iteration, set at 999, are key indicators of
the model's efficiency. These values represent the optimal balance achieved during training.

Final Model Evaluation:

i.  Test Data Prediction Accuracy:

After the final model was trained with the refined hyperparameters, the accuracy prediction
of the test data reached an impressive 99.07%. This reflects the model's ability to generalize

well to new, unseen data.

ii.  Training Data Prediction Accuracy:

The accuracy prediction of the training data 99.97% underscores the model's proficiency in
capturing patterns from the training dataset.

Implications and Insights:

i.  Optimized Training Process:

The hyperparameter tuning process resulted in a well-optimized training process, leading to a

highly accurate model.

ii. Model Generalization:

The high test accuracy suggests that the model generalizes effectively to new instances,

demonstrating its robustness in real-world applications.

iii.  Performance Consistency:

The consistency between training and test accuracy indicates that the model's performance is

reliable and not overfitting to the training data.

In summary, hyperparameters play a critical role in shaping the training process, and the

optimization achieved through hyperparameter tuning has resulted in a highly accurate and
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reliable machine learning model for heart disease prediction. The findings underscore the
importance of meticulous tuning to enhance model efficacy and generalization.

4.3 Web Application Stimulation Results

1.3.1. Addressing Heart Disease Challenges in Zambia:

Heart diseases continue to pose a significant threat to public health in Zambia, emerging as one
of the leading causes of mortality. This pressing issue can be largely attributed to the absence
of advanced software tools that can complement healthcare professionals efforts in predicting
and diagnosing heart diseases promptly.

1.3.2. Research Initiatives in Al-Based Predictive Mechanisms:

Recognizing the urgent need for improved diagnostic techniques, various scholars and
researchers, including Kaur et al. [1], Goma et al. [2], Mirzajani et al. [3], Kumar et al. [4],
Enriko et al. [5], Wiharto et al. [6], Zagorecki et al. [26], and Repaka et al. [27], have
undertaken commendable efforts to develop Al-based predictive mechanisms. These initiatives
leverage deep learning and machine learning techniques to enhance the accuracy and efficiency

of heart disease diagnosis.

However, a critical evaluation of existing research reveals certain limitations. Many of these
studies either rely on a limited dataset type or lack a seamless integration into a clinical setting.
These shortcomings underscore the necessity for a more robust and clinically applicable

solution to address the unique challenges posed by heart diseases in Zambia.
1.3.3. Study Objectives and Purpose:

The primary aim of this study is to Create and implement a computer-assisted diagnostic
system employing artificial intelligence (Al) methodologies. This system is envisioned to play
a pivotal role in mitigating the death rate associated with heart diseases by providing crucial
decision support to medical practitioners. The emphasis is placed on facilitating early diagnosis

and prompt initiation of treatment protocols.

1.3.4. Proposed Design and Implementation Analysis:
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In the subsequent sections, the study delves into a comprehensive analysis of the design and
implementation phases of the prediction system for heart disease. Figures 18 to 21 illustrate
the intricacies of the proposed system, emphasizing its ability to monitor and analyze features
logged during the diagnostic process. The ultimate output of the system is the probability of

heart disease based on the extracted features.
1.3.5. Key Components of the Proposed System:
Data Monitoring and Feature Extraction:

The system actively monitors relevant features, capturing crucial data points during the

diagnostic process.

Features logged include critical parameters such as age, exercise-induced angina, sex, blood
sugar levels, cholesterol levels, blood pressure, heart rate, resting electrocardiogram results,

chest pain type, ST-slope, and oldpeak.
Artificial Intelligence Techniques:

Leveraging advanced Al techniques, the system employs machine learning algorithms for

predictive analysis.

These algorithms are designed to process the logged features and generate a probability

assessment for the presence of heart disease.
Clinical Applicability:

A pivotal aspect of the system'’s design is its seamless integration into clinical settings, ensuring

practical utility for healthcare professionals.

The system aims to enhance the diagnostic capabilities of medical practitioners, enabling them

to make informed decisions in a timely manner.
1.3.6. Conclusion:

The envisioned computer-assisted diagnosis system represents a significant step forward in the

quest to combat heart diseases in Zambia. By addressing the limitations of existing approaches,
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this study strives to contribute a clinically relevant and impactful solution that aligns with the
unique healthcare landscape of the region. The subsequent sections will delve into a detailed
exploration of the proposed system'’s design and implementation, shedding light on its potential

to revolutionize heart disease diagnosis and treatment strategies.

Heart Disease
Predictor
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Username
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Password

Already have an account? Login

Back Home

Figure 17: Medical professionals are required to input information to establish an account.
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Figure 18: Medical professionals need to input their password and username to access
the login system

Heart Disease Prediction oo v

Instructions

Enter biomarkers to analyze
heart disease probability.
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5 esting ECG Chest Pai e
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Figure 19: Medical professionals are required to input health information such as
blood pressure, age, heart rate etc., and then initiate the prediction process by clicking
on the 'run model' button
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Figure 20: Medical professionals have the ability to view the likelihood of a patient
having heart disease or not
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4.4 Inference Statistics

Scenario: An evaluation is conducted to assess the performance of an Al-powered medical
diagnostic assistance system for Heart Disease. The system processes patient data and provides
predictions regarding the likelihood of heart disease.

Inference Statistics:
I.  Descriptive Statistics:

Table 4: Descriptive Statistics

Statistics Values
Number of Cases Analyzed n=1190
Cases with Heart Disease Cases=52.85%
Cases without Heart Disease Cases=47.14%
Accuracy of the Al Diagnosis System (Test Data) Accuracy=99.07%
Accuracy of the Al Diagnosis System (Training Data) | Accuracy=99.97%
Precision Precision=98%
F-measure F-measure=0.98

4.5 Chapter Summary
This chapter presents the results of the study. Bayesian Classification training results were

presented, and the application of the generated Bayesian classification model was presented.

The chapter also covered the implementation of a web application.
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5 DISCUSSION AND CONCLUSIONS

5.1 Introduction

The study questions from the first chapter are addressed in this chapter. The findings analyses
the conclusions and responses to the study's questions. The chapter also offers suggestions for
on heart disease predictions using Zambian data.

5.2 Discussion

This section discusses the finding to answer the research questions developed in the first
chapter.

5.2.1 Objective 1 Discussion

Developing a Machine Learning Model for Heart Disease Prediction:

The primary research question aimed at developing a model using machine learning to assist
in heart disease prediction. In response to this imperative query, the researcher undertook a
multifaceted approach, employing advanced computational tools and innovative techniques to
craft a robust predictive model. The pivotal steps involved in addressing this research question

are elucidated below:

Web-Based Interactive Computing Platform:

To embark on the journey of model development, the researcher harnessed the power of a web-
based interactive computing platform. Specifically, the Python programming language coupled
with Jupyter Notebook provided the ideal ecosystem for designing, implementing, and refining

the heart disease prediction model.

Jupyter Notebook Utilization:

Jupyter Notebook, known for its versatility and interactivity, served as the primary coding
environment. Its integration with Python facilitated the seamless execution of code snippets,

allowing for a dynamic and iterative model development process.
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Python Programming Language:

Python's prominence in the field of machine learning and data science made it the language of
choice. Its extensive libraries, including but not limited to NumPy, Pandas, and Scikit-Learn,
provided a comprehensive toolkit for data manipulation, analysis, and model implementation.

ii.  Training, Testing, and Model Creation:

The development lifecycle of the machine learning model unfolded through distinct phases,
each contributing to the model's refinement and predictive efficacy.

Dataset Preparation:

The foundation of any machine learning model lies in the quality and diversity of the dataset.
The researcher curated a dataset encompassing relevant features associated with heart health,

ensuring a representative and comprehensive sample.

Data Preprocessing:

Before model training commenced, the dataset underwent meticulous preprocessing. This
involved handling missing values, normalizing data, and addressing any anomalies that could

impact the model's learning process.

Training and Testing Split:

A fundamental step involved partitioning the dataset into two subsets: a training dataset (80%)
and a testing dataset (20%). This segregation enabled the model to learn patterns from the

training data and assess its performance on unseen test data.

Machine Learning Algorithm Selection:

The choice of a machine learning algorithm is pivotal in determining the model's predictive
prowess. The researcher opted for the Bayesian Classification algorithm, a probabilistic

approach known for its efficacy in handling uncertainty.
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Model Iteration and Optimization:

Model development is an iterative process. The researcher fine-tuned parameters, adjusted
hyperparameters, and iterated on the model architecture to enhance its predictive accuracy.

Model Evaluation and Validation:

The efficacy of the developed model was rigorously evaluated using various metrics to ensure
its reliability and generalization capabilities.

Performance Metrics:

Metrics such as precision, recall, F1 score, and accuracy were calculated to gauge the model's
performance across different dimensions. These metrics provided a nuanced understanding of

the model's strengths and areas for improvement.

Validation on Testing Data:

The ultimate litmus test for the model was its performance on the testing dataset. This phase
validated the model's ability to make accurate predictions on new and unseen data, ensuring its

applicability beyond the training set.

In essence, the researcher's approach to addressing the first research question involved a
meticulous blend of computational tools, algorithmic selection, and iterative refinement. The
utilization of Jupyter Notebook, coupled with Python, provided a dynamic environment for
crafting an advanced machine learning model poised to contribute significantly to heart disease

prediction.

5.2.2 Obijective 2 Discussion

Utilizing Bayesian Classification for Heart Disease Prediction:

In addressing the research question concerning heart disease prediction, the researcher
employed a Bayesian-based classification model. The choice of Bayesian classification stems
from its probabilistic approach to learning and inference, offering a distinctive perspective on

uncertainty in the context of data-driven learning [101]. The comprehensive methodology

employed to develop and assess the Bayesian classification model is elucidated below:
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Bayesian Classification Model:

The Bayesian classification model forms the cornerstone of the predictive framework.
Bayesian methods utilize probability to encapsulate the uncertainty inherent in the relationships
learned from data. This nuanced approach aligns well with the intricate nature of heart disease

prediction, where uncertainties and complexities abound.
Features as Input to the Classifier:

The success of the Bayesian classification model hinges on the quality and relevance of the
features incorporated into the predictive system. The researcher curated a dataset comprising
pertinent features associated with heart health. These features, ranging from demographic
information to physiological parameters, served as the input variables for the Bayesian

machine learning classifier.
Dataset Division for Training and Testing:

To facilitate effective model development and evaluation, the dataset was bifurcated into two
subsets: the training dataset and the testing dataset. The training dataset, constituting 80% of
the data, was instrumental in imparting knowledge to the model, while the testing dataset

(20%) gauged the model's performance on unseen data.
Performance Measurement:

Performance evaluation was conducted through a robust set of metrics, including precision,
recall, F1-scores, and accuracy. These metrics collectively provided a comprehensive view of
the model's effectiveness in making accurate predictions. Precision reflected the model's
ability to minimize false positives, recall gauged its capability to capture true positives, and

F1-score provided a balance between precision and recall.
Iterative Training Process:

The development of the Bayesian classification model involved an iterative training process.
Eleven trials were conducted to fine-tune the model, with the fifth trial emerging as the optimal

configuration, achieving a remarkable accuracy of 99%. The iterative nature of the training
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Vi.

Vil.

process underscores the commitment to refining the model for optimal predictive

performance.

Final Model Parameters:

The culmination of the training process led to the identification of optimal parameters for the
Bayesian classification model. The best test value, recorded at 0.0849, and the corresponding
best iteration, reaching 999, epitomize the precision and granularity achieved through the

iterative trials.

Prediction Accuracy:

Post-training, the final model, armed with the refined parameters, underwent testing on new
and unseen data. The accuracy of the model in predicting heart disease on the test dataset
reached an impressive 99.07%. Moreover, the model demonstrated exceptional accuracy on
the training data, recording an accuracy rate of 99.97%.

In summary, the researcher’s utilization of the Bayesian classification model for heart disease
prediction reflects a meticulous and thorough approach. The emphasis on iterative refinement,
performance metrics, and optimal parameter selection underscores the commitment to

developing a highly accurate and reliable predictive system for heart disease diagnosis.

5.2.3 Objective 3 Discussion

Evaluating Model Accuracy on Zambian Patients:

The final research question sought to gauge the accuracy of the developed model in predicting
heart disease specifically for Zambian patients. This objective was accomplished through the
implementation of a web-based application, leveraging Python programming, to assess the
model's performance with real-world data obtained from medical practitioners at the National

Heart Hospital in Lusaka, Zambia. The meticulous process and notable outcomes are detailed

below:

Web-Based Application Development:

To execute Objective 3 effectively, a web-based application was meticulously crafted using

Python. This application served as the operational interface for testing the Bayesian
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classification model on Zambian patients' data. The application was designed to seamlessly
integrate the model and facilitate accurate predictions based on the unique characteristics of

the Zambian patient dataset.
ii.  Data Collection from National Heart Hospital:

Real-world data for Zambian patients were procured from medical practitioners at the National
Heart Hospital in Lusaka, Zambia. This dataset, reflective of the local context and patient
demographics, was instrumental in evaluating the model's adaptability and accuracy within the

Zambian healthcare landscape.
iii.  Difference between the Kaggle and Zambian dataset:

The main difference between the Kaggle heart disease dataset and a Zambian heart disease
dataset primarily lies in their source and possibly their specific attributes. Let's compare them:

Source:

Kaggle Heart Disease Dataset: This dataset is sourced from Kaggle, a platform for data science
competitions and collaboration. It might have been compiled from various sources, potentially
including medical institutions, research studies, or public health databases, and made available

for analysis and modeling.

Zambian Heart Disease Dataset: A Zambian heart disease dataset, on the other hand, is sourced
from healthcare institutions, research conducted within Zambia, or public health records
specific to Zambia. It focuses specifically on heart disease cases within the Zambian

population.
Scope and Attributes:

Kaggle Heart Disease Dataset: This dataset typically contains a standardized set of attributes
commonly used in heart disease prediction models. These attributes often include demographic
information (such as age and sex), physiological measurements (such as blood pressure and
cholesterol levels), and possibly diagnostic test results (such as electrocardiogram findings).

The dataset might be curated to represent a diverse population but may not specifically
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represent Zambian demographics or health profiles. Also measurements for some attributes
like blood sugar and cholesterol differ in how they are measured in Zambia.

Zambian Heart Disease Dataset: A dataset focusing on heart disease within Zambia include
similar attributes as the Kaggle dataset, but with a specific emphasis on the Zambian
population. It includes additional factors relevant to Zambia, such as socioeconomic status,
dietary habits, prevalence of specific risk factors (like hypertension or diabetes), access to
healthcare services, and possibly genetic predispositions that are more prevalent within the
Zambian population.

Availability and Context:

Kaggle Heart Disease Dataset: Being available on Kaggle, this dataset is accessible to a wide
audience of data scientists, researchers, and enthusiasts for analysis, modeling, and potentially
for participation in data science competitions. Its context is typically broader, not specific to

any particular region or population.

Zambian Heart Disease Dataset: A dataset focusing on heart disease within Zambia has a
narrower context, specifically targeting the healthcare challenges and realities within Zambia.
It may be used for research within Zambia or for international comparisons with other datasets,

contributing to the understanding of heart disease within the Zambian population.

In summary, while both datasets might share similarities in terms of their focus on heart
disease, their source, attributes, and context would differ based on whether it's a dataset sourced

from Kaggle or one specifically focusing on heart disease cases within Zambia.

iv.  Sample Data and Prediction Accuracy using the Zambian dataset:

A subset of the Zambian patient dataset, consisting of 102 patients, was utilized for testing the
Bayesian classification model. The model's predictive accuracy was assessed by comparing its
predictions against the actual outcomes for these patients. The results revealed a commendable

prediction accuracy of 89%.
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v.  Model Generalizability and Adaptability:

The success of achieving an accuracy rate of 89% underscores the model's generalizability and
adaptability to the unique characteristics of Zambian patients. The incorporation of real-world
data from the National Heart Hospital facilitated a robust evaluation, affirming the model's

efficacy in a specific geographical and demographic context.

vi.  Implications for Clinical Decision Support:

The high prediction accuracy achieved in the Zambian patient context holds significant
implications for clinical decision support. The model's reliability in accurately predicting heart
disease in a local setting enhances its utility as a valuable tool for medical practitioners,

contributing to timely diagnosis and intervention.

vii.  Continuous Monitoring and Refinement:

The development of the web-based application and the subsequent evaluation of the model on
Zambian patients mark a pivotal stage in the continuous monitoring and refinement of the
predictive system. Ongoing efforts to collect additional data and monitor the model's

performance in real-world scenarios contribute to its continual improvement and adaptability.

In conclusion, the meticulous integration of the Bayesian classification model into a web-based
application, coupled with its successful evaluation on Zambian patient data, signifies a pivotal
milestone in the study. The achieved prediction accuracy of 89% reflects the model's efficacy
and potential for practical application in the clinical realm, offering valuable insights for heart

disease diagnosis in the Zambian healthcare landscape.

viii.  Integration and System Test Case

Integration and system test cases are specific scenarios or sets of conditions that are designed
to validate the proper functioning of software applications, particularly during the development
and testing phases. Both integration testing and system testing are crucial components of the

software testing life cycle and help ensure the reliability and correctness of a software system.
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Integration Test Case:

Integration testing focuses on verifying that individual software modules or components work
together as intended when integrated into larger subsystems or the entire system. Integration
test cases aim to identify issues related to the interactions between different parts of the

software. Here's an overview of what an integration test case might involve:

i.  Objective: Ensure the seamless collaboration of integrated components.
I.  Scope: Test interactions between two or more software modules or subsystems.

i.  Test Steps:

e Input data into one module and check the output in another.

e Verify the correct flow of data between interconnected components.
e Test error handling and exception scenarios during data exchange.

e Confirm that interfaces between modules adhere to specifications.

e Assess the impact of changes in one module on the overall system.

System Test Case:

System testing involves evaluating the entire software system as a whole. It is concerned with
validating that the system meets the specified requirements and functions as intended in its
entirety. System test cases address end-to-end scenarios, ensuring that all components work

together harmoniously. Here's an overview of what a system test case might involve:

Objective: Confirm the overall functionality, performance, and reliability of the complete

software system.
Scope: Test the system in its entirety, including all integrated components and external

interfaces.
Test Steps:

e Input data through the user interface or external interfaces.

e Verify that data processing, calculations, and decision-making are accurate.
e Evaluate system response times under normal and peak loads.

e Test the system'’s ability to handle different inputs and use cases.

e Assess error handling, security features, and recovery mechanisms.

e Confirm compliance with specified requirements and user expectations.
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In summary, integration test cases focus on the interactions between integrated components,
ensuring they work together correctly. On the other hand, system test cases evaluate the overall
functionality of the entire software system, including its interactions with external elements.
Both types of test cases play a crucial role in identifying and addressing issues at different
levels of the software development process. Table 4 shows the integration and System Test
Case for the developed software system.

Table 5: Integration and System Test Case

ID | Test Type Test Steps Expected Results Status
1 Integration - Input data is accurately captured and Pass
'Igest Data Input prof:)essed. Yo
2 - Bayesian classification algorithm is Pass
Integration - successfully applied.
'Igest Model Training - - Model is trained with the provided Pass
dataset.
3 - System generates accurate probability of | Pass
System Test Prediction heart Qisease. _
Accuracy - Predicted probability matches expected | Pass
outcomes.
4 - System consistently monitors logged Pass
System Test Rea!-time features.
Monitoring - Probability of heart disease is Pass
dynamically updated based on input.
5 - All system components are effectively Pass
Integration System integrated.
Test Components - Proper communication and data flow Pass
between modules.
6 - System provides clear and accurate Pass
System Test | User Interface feedba(_:k on pre(_jicted propability.
- User interface is responsive and user- Pass
friendly.
7 ) - System appropriately handles and Pass
Inte_lg_;erzl;uon Error Handling | Teports errors. _
- Overall system remains robust. Pass

Cost Benefit Analysis of the Heart Disease Prediction System

The cost-benefit analysis of an Al heart disease prediction system for healthcare providers and

patients involves evaluating the financial costs and potential benefits associated with its

implementation and utilization.
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For healthcare providers, the costs may include initial investment in acquiring the Al system,
infrastructure setup, staff training, maintenance, and ongoing support. Additionally, there may
be costs related to data storage and security measures to protect patient information. However,
the benefits for healthcare providers can be significant. These may include improved accuracy
and efficiency in diagnosing heart disease, reduced workload for medical staff, better allocation
of resources, and potentially lower costs associated with preventable heart-related
complications through early detection and intervention.

For patients, the costs may include expenses related to accessing the Al system, such as co-
payments or insurance deductibles, as well as concerns about data privacy and security.
However, the benefits for patients can be substantial as well. These may include earlier
detection of heart disease, personalized risk assessment and treatment plans, improved health
outcomes, and potentially reduced healthcare costs over time through preventive measures and

timely interventions.

Overall, the cost-benefit analysis of an Al heart disease prediction system should weigh the
initial financial investment against the potential long-term benefits for both healthcare
providers and patients, including improved efficiency, accuracy, and outcomes in heart disease

management and treatment.

5.3 Conclusions

The overarching goal of this study was to introduce a transformative Machine Learning system
designed to assist healthcare professionals, specifically medical practitioners, in the timely and
accurate prediction of heart diseases in Zambia. Focusing on the renowned National Heart
Disease Hospital situated in Lusaka, Zambia, the study aimed to address the alarming mortality
rates associated with heart diseases in the country. To accomplish this, the development of a
web application emerged as a crucial step in streamlining the prediction process for enhanced

efficiency and accuracy.
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Rationale for the Web Application:

The study's rationale stemmed from the imperative need to combat the high mortality rate
attributed to heart diseases in Zambia. Recognizing the pivotal role of predictive technologies
in mitigating this health challenge, the decision to create a web application became paramount.
The application served as a dynamic platform to facilitate precise predictions of heart diseases,

offering valuable decision support to medical practitioners and enabling timely interventions.

Designing an Assisted Medical Diagnostic System:

The studies core aim was to craft an assisted medical diagnostic system tailored for predicting
heart diseases. Leveraging the Bayesian classification approach, the system utilized a curated
set of 11 features sourced from the Kaggle repository dataset. This comprehensive dataset
formed the foundation for training the model and fine-tuning its parameters to optimize

accuracy.

Training Data Accuracy and Model Performance:

The study's success was underscored by the remarkable accuracy achieved during the training
phase. The model, fueled by new parameters, exhibited an exceptional accuracy score of
99.97% when applied to the training data. This outcome showcased the robustness of the

machine learning model in capturing patterns and relationships within the data.

Test Data Validation and Continued Improvement:

The validation process, conducted on test data, yielded a notable accuracy of 99.07%, affirming
the model's proficiency in generalizing predictions beyond the training set. While these results
were impressive, the study acknowledged the importance of continuous improvement and
refinement. The pursuit of additional data from the National Heart Hospital aimed to enhance

prediction accuracy further, underlining a commitment to ongoing development.

Application to Real-World Scenarios:

The culmination of the study's efforts was the utilization of the developed model on sample
data collected from the National Heart Hospital. The achieved prediction accuracy of 89% in

this real-world scenario demonstrated the practical applicability of the machine learning
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system. It laid the groundwork for future endeavors, emphasizing the potential impact on
clinical decision-making in a healthcare setting.

Anticipated Future Enhancements:

The study concluded with an optimistic outlook for the future. Acknowledging the potential
for improved accuracy with an expanded dataset from the National Heart Hospital, the study
hinted at ongoing efforts to refine the predictive model continually. This forward-looking
approach aligns with the dynamic nature of healthcare data and the evolving landscape of
predictive technologies.

In essence, the study's purpose was not only met but exceeded expectations by delivering a
robust, accurate, and practical machine learning system tailored for heart disease prediction in
Zambia. The envisioned impact on healthcare outcomes and the commitment to ongoing
refinement underscore the study's significance in contributing to the advancement of predictive

healthcare technologies in the Zambian context

5.4 Recommendations

Recommendations for Future Research and Implementation:
i.  Exploration of Additional Features:

The study suggests a future avenue for research that involves the incorporation of more features
into the Zambian dataset. By expanding the set of features available for analysis, researchers
can explore the potential of various machine learning models to predict heart disease with
increased precision and reliability. This recommendation aligns with the evolving landscape of

healthcare data and the continuous quest for improved predictive capabilities.
ii.  Augmentation of Data Samples:

To enhance the predictive accuracy of the model, the study advocates for the collection of more
extensive data samples from heart disease patients in Zambia. A larger and more diverse dataset
can contribute to a more robust and nuanced understanding of the factors influencing heart
diseases in the local context. This recommendation underscores the importance of continually

enriching the dataset to bolster the effectiveness of predictive models.
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iii.  Development of a Comprehensive System Model:

The study proposes the development of a system model that goes beyond predicting the
occurrence of heart disease. This future model aims to provide accurate forecasts regarding the
specific type and severity of cardiac illnesses. Such a comprehensive system would offer
invaluable insights to healthcare professionals, enabling tailored treatment plans and

interventions based on a nuanced understanding of the disease spectrum.

iv.  Extension to Predict Other Diseases:

Building on the success of the heart disease prediction model, the study encourages the
extension of developed models and tools to predict a broader range of diseases prevalent in
Zambia. By leveraging the foundational infrastructure created for heart disease prediction,
researchers can explore the applicability of the developed system to address and forecast
various health conditions. This extension aligns with the holistic approach to healthcare and

emphasizes the versatility of predictive technologies.

v.  Continuous Monitoring and Validation:

In the realm of predictive healthcare technologies, continuous monitoring and validation are
crucial. The study recommends establishing mechanisms for ongoing validation and
refinement of the developed models. Regular updates, incorporating new data insights, and
adapting to emerging healthcare trends will ensure the sustained relevance and accuracy of the

predictive tools.

vi.  Collaborative Efforts and Knowledge Sharing:

To foster a collaborative approach in advancing healthcare predictive models, the study
proposes initiatives for knowledge sharing and interdisciplinary collaboration. Establishing
partnerships between data scientists, healthcare professionals, and technology experts can
accelerate the development and implementation of innovative solutions. Open channels for
communication and collaboration will contribute to a collective effort in improving healthcare

outcomes.
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Vili.

Ethical Considerations and Data Privacy:

As predictive models in healthcare evolve, the study underscores the importance of robust
ethical considerations and data privacy measures. Future research should prioritize the
development of frameworks that ensure responsible and secure handling of patient data. Ethical
guidelines should be established to govern the use of predictive models in healthcare settings,

safeguarding patient privacy and fostering trust in these technologies.

By addressing these recommendations, future research endeavors can contribute to the ongoing
evolution of predictive healthcare technologies in Zambia, fostering advancements that
resonate with the dynamic nature of healthcare data and the evolving needs of the healthcare

ecosystem.

5.5 Chapter Summary
This chapter marks the culmination of the study, providing a comprehensive review and
conclusion. It encapsulates the research questions along with their corresponding answers,

offering a synthesis of the key findings and insights derived throughout the study.
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APPENDICES

Appendix 1 - Questionnaire

The University of Zambia

School of Natural and Applied Sciences
Computer Science Department

Assisted Artificial Intelligence Medical Diagnosis System for Heart Disease

Mweemba Maambo

Master of Science Computer Science

For more information or any queries, kindly get in touch on:
Cell: +260976248979

Email: maambomweemba4@gmail.com

Dear Respondent,

| am a student at the University of Zambia in my final stage pursuing a Master of Science
Computer Science. As partial fulfilment for the award of a master’s degree, I am conducting
a baseline study on: “Assisted Artificial Intelligence Medical Diagnosis System for Heart
Disease.”

You have been purposefully sampled to provide information for the topic indicated above. The
information being collected is purely for academic purposes as such, it will be treated with
maximum confidentiality. Subsequently, you are not supposed to indicate your name or any

personal information that can lead to revealing of your identity.

Your co-operation will be greatly appreciated.
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For more information or any queries, kindly get in touch with the following:

Project Supervisor: Prof. Jackson Phiri (Jackson.phiri@cs.unza.zm )

SURVEY QUESTIONNAIRES

PART ONE: DEMOGRAPHIC INFORMATION (PLEASE TICK [\/])
1. Gender: Male[] Female[]

2. Marital Status: Single[] Married[] Divorced[] Other[]

3. Age: 20orunder [] 21-30[] 31-40[] 41-50[] 51-60[] 61+[]

4. Highest level of education: SHS and below [ ] Diploma [ ] First degree [] Masters [ ] Ph.D.[]
5. Type of employment: Not working [] Salaried worker []  Self-employed [ ] Pensioner [ ]

6. Occupation (Please specify, e.g., “University Lecturer in Graduate School of Natural Science”)

PART TWO: COMPUTER KNOWLEDGE AND EXPERIENCE (PLEASE TICK [V])

7. How do you describe your general knowledge about computers? Very poor [] Poor [] Moderate [ ]
Good [ ] Very good [ ]

8. How would you describe your Internet knowledge? Very poor [] Poor [] Moderate [] Good [ ] Very
good [ ]

9. How long have you been using Internet? Don’t use [ ] Less than 1yr [] 1-2yrs.[] Morethan 2 yrs. []

10. How often do you use the Internet per day? Don’t use [ ] Less than 1hr [] 1-2hrs.[] 3-4hrs.[]
More than 4 hrs. [ ]

PART THREE: ASSISTED MEDICAL DIAGNOSIS HEART DISEASE SYSTEM ADOPTION
FACTORS

Using a rating scale from the lowest point of 1 to the highest point of 5, please circle the number that
indicates your level of agreement or disagreement with the following statement.

SD = strongly disagree | D = Disagree | N = Neutral | A = Agree | SA = Strongly Agree | NA= Not Application

No | Statement

Performance Expectancy SD DN A SA

I think that the assisted medical diagnosis heart disease system will
1 | benefit health practitioners 1 2 |3 |4 |5

I think that using the assisted medical diagnosis heart disease system
2 | would help me predict heart disease more quickly 1 2 |3 |4 |5

I think that using the assisted medical diagnosis heart disease system
3 | would increase my productivity 1 2 |3 |4 |5

I think using the assisted medical diagnosis heart disease system would
4 | improve my performance 1 2 |3 |4 |5
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I think that interaction with the assisted medical diagnosis heart disease

1 | system is clear and easily understandable 1 2 |3 |4 |5
I think it’s easy to become skillful at using the assisted medical diagnosis

2 | heart disease system 1 2 |3 |4 |5

3 | I find the assisted medical diagnosis heart disease system easy to use 1 2 |3 |4 |5

I think that learning to operate the assisted medical diagnosis heart
4 | disease system is easy for me 1 2 |3 |4 |5
I think the user interface for the assisted medical diagnosis heart disease

system is well designed for any one no matter one ‘s computer literacy
5 | level 1 2 |3 |4 |5

Social Influence ‘ SD ‘ D ‘ N A SA

People who influence my behaviour think that | should use the assisted
1 | medical diagnosis heart disease system 1 2 |3 |4 |5

People who are important to me think that | should use the assisted
medical diagnosis heart disease system

Facilitating Conditions
I have the resources necessary to use the assisted medical diagnosis heart

1 | disease system 1 2 |3 |4 |5
I have the knowledge necessary to use the assisted medical diagnosis

2 | heart disease system 1 2 |3 |4 |5
Help/guidance is available on using the assisted medical diagnosis heart

3 | disease system 1 2 |3 |4 |5
The assisted medical diagnosis heart disease system has most of the

4 | services | need from heart disease prediction 1 2 |3 |4 |5
I am aware and understand the services/activities that can be done on the

5 | assisted medical diagnosis heart disease system 1 2 |3 |4 |5

Behavioural Intention ‘ SD ‘ D ‘ N A SA

1 | Iintend to use the system in the next months. 1 2 |3 |4 |5
I predict | would use the assisted medical diagnosis heart disease system

2 | in the next months. 1 2 |3 |4 |5
I plan to use the assisted medical diagnosis heart disease system in the

3 | next months, 1 2 |3 |4 |5
| intend to predict the type of heart disease on the assisted medical

4 | diagnosis heart disease system 1 2 |3 |4 |5

. | intend to register on the assisted medical diagnosis heart disease system L 2 13 la|s

PART FOUR: ACTUAL USE OF THE ASSISTED MEDICAL DIAGNOSIS HEART
DISEASE SYSTEM (PLEASE TICK [\])

1. How long have you been using the assisted medical diagnosis heart disease system? Under 1 year [ ] 1-2
years[] 3-4years[] morethan 4 years|[]

2. On aweekly basis, how many times do you use the assisted medical diagnosis heart disease system? Not at
all[] onceaweek[] 2-3times[] morethan 3times|]

3. How frequently do you use the assisted medical diagnosis heart disease system for the following services?

Functionality Never 1 | Rarely 2 | Sometimes3 | Often4 | Always5

View stored heart disease data

Predict heart disease
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Action Control

Never 1

Rarely 2

Sometimes 3

Often 4

Always 5

Input heart disease features

Filter number of heart disease patients
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Appendix 2: NHRA Certificate of Registration
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Appendix 3: UNZA Approval of Study

THE UNIVERSITY OF ZAMBIA
DIRECTORATE OF RESEARCH AND GRADUATE STUDIES

Great East Foad Campus | PUO. Box 31379 | Luosakal0101| Tel- +260-211-280 258281 777
Faxr (+2600-211-290 258253 952 | E-mail: direcror dresiunza gn | Website: Saw unza on

TORG No. 0003376
MNASREC IRE No. 00006465

15* November, 2022

APFROVAL OF 5TUDY

REF NO. NASREC-2022-0:CT.-002

Ms. Maambo Mweemba,
The Umnversity of Zambia,
School of Natural Sciences,
P.O.Box 32379

LUSAKA

Deaar Mz Maambo,

RE: “ASSISTED ARTIFICTAL INTELLIGENCE MEDICAL DIACGNOSIS SYSTEM FOR

HEART DISEASE

Reference 15 made to vour protocol dated as captioned above. MASREC resolved to approve this
study and vour participation as Poneipal Investigator for a penod of one year.

REVIEW TYPE OREDINARY REVIEW APPFROVAL NO.
NASREC-2022-0CT..-002

Approval and Expoy Date Approval Date: Expary Date:

15" November, 2022 14" November, 2023
Protocol Version and Date Version - Bl 14 November, , 2023
Information Sheet, *  English. To be provided
Consent Forms and Dates
Corsent form ID and Date Version - Ml To be provided
FRecrotment Materials Ml Hil
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Appendix 4: Publications

M. Maambo, J. Phiri, M. Kalumbilo, and L. Jaganathan, “Assisted Artificial
Intelligence Medical Diagnosis System for Heart Disease”, zictjournal, vol. 6, no. 1, pp.
3843, Dec. 2022.

The following is my second publication accepted for Springer LNNS series.

Al-Assisted Heart Disease Diagnosis System in Medicine Utilizing Bavesian
Classification

Wiweamba Maambo' and Jackson Phin'

University of Zambia, Lusaka 10101, Zambia
* University of Zambia, Lusaka 10101, Zambia

Mmaambomweembad4fgmail .CD\'.'!‘l:,- Jack=on.phirifcs. unza. o’

Abstract. In recent vears, the surge m the development of Innovative and impactul applications in the realm
of medicine has played a serious role in sdy. Artificial Intellizsence (AT) systems, in particular, have signifi-
canfly confribated to the expension of thess applications and tools. Addressing one key element in the realm
of health concems globally, thiz paper focuses an heart dizease dizgnosiz, emphasizing the pivotal role of AT
i regulating and mproving disgnostic processes. The sugzested Artificial Intellizence hisdical Diasmosis
Svetem employ: inpat medical inforrmation souwrced Som an established dataset availzble on Kaggle, This
information iz utilized in an AT application desizmed with an algorithn for data mining and a basic modal,
specifically customized for patients in Zambiz. The dstaset, comprised of medical parameters such as the kind
of chest pain oldpeak, 5T-slape, blood pressars, blood suzar (ma/dl), cholesterol (nowe'dl), heart rats, exercize-
mduced anzing resting ECGE, age and sex imdergoss a comprabensive pre-processing stage. Subseguently,
supervised lesming tachniquoes are emploved to tram and evahate the predictive model. The Bayvesian data
mining algorithm iz wiilized to estimate the likelibood and risk category of beart dizeaze in Zambian patients.
Chr findimzs, hazed on the ansltysis of the datzzet indicats a remarkable prediction accuracy of 90.97%4, This
leval of accuracy zlizps with results produced by other algorithms like Decision Tres, Fandom Forest, and
EIMM. The outcomes mmderscore the effectivensss of the proposed Al-assisted svetem in predicting heart dis-
gase I 8 Zarpbian patient population. The application of AT in medical diasnosiz, @3 lhosrated by this sdy,
not only showcases its potential n mproving dissnostic acooracy bt also opens avennes for farther research
and mplementation m diversa healthcars setbings.

Eeywords: Prediction hsdel Artificial Intelligence, Bayesizn Classification, Heart Dizease, Supenized
Leaming Technigues, Dhata hlininz Alzortns.

1 Introduction

In contemporary times, heart dizeaze stands out 2z a formidable health challenge, sncompaszing 3 spectrum of
medical dizorders that diractly affact the heart's vanious components [1]. Thiz pervasive health izsue claims tha
lives of over 17.5 million indriduzls anmmally, solidifyving its posifion az one of the world's leading causes of
mertality. Projections indicate a distressing surge, with an anticipated rise to 23 mullion lives claimed by 2030, In
Zambia, recent data compiled by the World Heart Faderation (WHF) highlights that heart diseaze 1s a significant
confributor to mertality, aceomnting for 10 percant of all deaths among indriduals aged 30 to 70 [2]. Given theze
alarmumg statiztics, the mmperative to enhance diagnestic capahilmies for heart dizeazs becomeas mereazinghy vital
to prompt appropriate and timely interventions |
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Appendix 5: Flask server code

from api_routes import bpl

import joblib

from flask import Flask, render_template, redirect, url_for, request

from flask_bootstrap import Bootstrap

from flask_wtf import FlaskForm

from wtforms import StringField, PasswordField, BooleanField

from wtforms.validators import InputRequired, Email, Length

from flask_sqglalchemy import SQLAIchemy

from werkzeug.security import generate_password_hash, check_password_hash
from flask_login import LoginManager, UserMixin, login_user, login_required, logout_user
import pandas as pd

import pickle

import numpy as np

from sklearn.ensemble import RandomForestClassifier

app = Flask(__name_ )

app.register_blueprint(bpl)

app.config['SECRET_KEY'] = 'secret’

app.config['SQLALCHEMY _DATABASE_URI' =sqglite:///database.db’
bootstrap = Bootstrap(app)

db = SQLAIchemy(app)

login_manager = LoginManager()

login_manager.init_app(app)

login_manager.login_view = 'login’

class User(UserMixin, db.Model):
id = db.Column(db.Integer, primary_key=True)
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username = db.Column(db.String(15), unique=True)
email = db.Column(db.String(50), unique=True)
password = db.Column(db.String(80))

@Ilogin_manager.user_loader
def load_user(user_id):

return User.query.get(int(user_id))

class LoginForm(FlaskForm):

username = StringField('Username’, validators=[InputRequired(), Length(min=4,
max=15)])

password = PasswordField(‘Password', validators=[InputRequired(), Length(min=8,
max=80)])

remember = BooleanField('remember me’)

class RegisterForm(FlaskForm):

email = StringField('Email’, validators=[InputRequired(), Email(message="Invalid email’),
Length(max=50)])

username = StringField('Username’, validators=[InputRequired(), Length(min=4,
max=15)])

password = PasswordField('Password', validators=[InputRequired(), Length(min=8,
max=80)])

@app.route(/login’, methods=['GET", 'POST"])
def login():
form = LoginForm()
if form.validate_on_submit():
user = User.query.filter_by(username=form.username.data).first()
if user:
if check _password_hash(user.password, form.password.data):
login_user(user, remember=form.remember.data)

return redirect(url_for(‘dashboard’))
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return render_template(*"login.html", form=form)

return render_template("login.html", form=form)

@app.route('/signup’, methods=['GET", 'POST"])
def signup():
form = RegisterForm()
if form.validate_on_submit():
hashed_password = generate_password_hash(form.password.data, method="sha256")

new_user = User(username=form.username.data, email=form.email.data,
password=hashed_password)

db.session.add(new_user)

db.session.commit()

return redirect("/login™)

return render_template(‘signup.html’, form=form)

# @app.route(’/)
# @login_required
# def index():
#  return render_template(‘log.html’)
@app.route(’/, methods=['GET", 'POST"])
def index():
form = LoginForm()
if form.validate_on_submit():
user = User.query.filter_by(username=form.username.data).first()
if user:
if check _password_hash(user.password, form.password.data):
login_user(user, remember=form.remember.data)

return redirect(url_for(‘dashboard’))
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return render_template(*"login.html", form=form)

return render_template("login.html", form=form)

@app.route(/logout’)

@Ilogin_required

def logout():
logout_user()

return redirect(url_for('login’))

@app.route("/dashboard™)
@login_required
def dashboard():

return render_template("index.html")

@app.route("/about™)
@Ilogin_required
def about():

return render_template("about.html™)

if _name__ =="_ main__ "

app.run(debug=False)
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