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ABSTRACT 

This work investigates the use of sophisticated pre-trained language models, such as 

DistilBERT, DistilRoBERTa, and BETO, for heart disease analysis in the healthcare 

domain, especially for the classification of heart illness using textual data extracted 

from Colour Doppler Echocardiogram reports. The study used the "finite 

automata/Beto- heart disease -analysis" tokenizer specifically designed for the Spanish 

medical language to preprocess patient data for improved model training and 

assessment. The experimental configuration used state-of-the-art GPUs, fine-tuned 

hyperparameters, and the Hugging Face Transformers library. DistilRoBERTa 

demonstrated superior performance compared to DistilBERT and BETO, with an 

accuracy of 93.38% as opposed to 91.17%. These models exhibited substantial 

improvements in accuracy, recall, and F1 score when compared to conventional 

machine learning approaches. The research emphasizes the significance of model 

design and training methodologies, emphasizing the enhanced contextual 

comprehension of pre-trained models, resulting in improved accuracy in heart disease 

categorization. The sustainability plan encompasses the environmental, economic, 

social, ethical, and community dimensions to guarantee the responsible and enduring 

utilisation of these models in healthcare. Some important tactics to consider include 

optimizing resource allocation, implementing cost-efficient solutions, adhering to 

ethical principles in AI, and fostering cooperation across different disciplines. This 

study makes a substantial contribution by conducting a thorough examination of pre-

trained language models in heart disease analysis and proposing techniques for their 

long-term implementation. The results demonstrate the potential of these models to 

revolutionize healthcare by improving diagnostic precision and patient care via 

sophisticated heart disease analysis. Future research should prioritize the optimization 

of model training, the extension of applications to other medical fields, and the 

maintenance of ongoing development in accordance with technology improvements 

and regulatory needs. 

 

 

 



©Daffodil International University, Bangladesh                                                                                   vi                

 

 

TABLE OF CONTENTS  

Contents Page No 

Board of Examiners i 

Approval ii 

Declaration iii 

Acknowledgments  iv 

Abstract v 

Table of Contents vi 

List of Figures ix 

List of Tables x 

List of Acronyms xi 

  

CHAPTER 1: INTRODUCTION 1-6 

1.1 Overview 1 

1.2 Background and Present State 2 

1.3 Problem Statement 2 

1.4 Objectives 3 

1.5 Scope and Limitations 4 

1.6 Report Organization 4 

1.7 Summary 6 

  

CHAPTER 2:  LITERATURE REVIEW  7-11 

2.1 Overview 7 

2.2 Related Works 8 

2.3 Comparison between existing works                               9 

2.4 Open Issues 10 

2.5 Summary 11 

  

CHAPTER 3: METHODOLOGY/ REQUIREMENT 

ANALYSIS & DESIGN SPECIFICATION  
12-34 

3.1 Overview 12 



©Daffodil International University, Bangladesh                                                                                   vii                

 

3.1.1 Instrumentation 12 

3.1.2 Data Collection Procedure 13 

3.1.3 Input Data Analysis 14 

3.1.4 Output Data Analysis 15 

3.1.5 Statistical Analysis 15 

3.2 Proposed Methodology/ System Design                        18 

3.2.1 Data Description 19 

3.2.2 Data Pre-processing 20 

3.2.2.1 Data Collection 21 

3.2.2.2 Data Inspection and Cleaning 21 

3.2.2.3 Data Encoding 22 

3.2.2.4 Data Sampling 23 

3.2.2.5 Tokenization 24 

3.2.3 Architectures 24 

3.2.3.1 Beto 25 

3.2.3.2 Distil Bert 26 

3.2.3.3 DistilRoBERTa 28 

3.3 Hardware/ Software Requirement                                 29 

3.3.1 Design Requirements 29 

3.3.2 Environment 30 

3.3.3 Hardware Resources 31 

3.4.4 Software and Libraries 31 

3.3.5 Datasets 32 

3.3.6 Model 33 

3.4 Project Management and Financial Analysis 34 

3.5 Summary 34 

  

CHAPTER 4:  IMPLEMENTATION 36-39 

4.1 Overview 36 

4.2 Train Model/ Prototype Design 36 

4.3 System Testing/ Model Evaluation 37 

4.3.1 Deployment 38 



©Daffodil International University, Bangladesh                                                                                   viii                

 

4.4 Summary 39 

CHAPTER 5:  RESULT AND ANALYSIS 41-49 

5.1 Experimental/Simulation Result 41 

5.2 Experimental/ Simulation Result 41 

5.3 Performance/ Comparative Analysis 42 

5.3.1 Experimental Results and Analysis 42 

5.3.2 Comparative Analysis of Models 46 

5.3.3 Discussion 48 

5.4 Summary 49 

  

CHAPTER 6:  IMPACT ON SOCIETY, 

ENVIRONMENT AND SUSTAINABILITY 
50-54 

6.1 Impact on Life                                                      50 

6.2 Impact on Society & Environment                       51 

6.3 Ethical Aspects 52 

6.4 Sustainability Plan 53 

6.5 Summary 54 

  

CHAPTER 7:  CONCLUSION AND FUTURE WORK 55-56 

7.1 Conclusions 55 

7.2 Further Suggested Works  56 

7.3 Limitations/ Conflict of Interests 56 

  

REFERENCES                                                                                    58 

APPENDIX     A                                                                                    62 

  

 

 

 

 

 

 

 



©Daffodil International University, Bangladesh                                                                                   ix                

 

LIST OF FIGURES 

Figures Page no 

Figure 3.1: Dataset Collection 14 

Figure 3.2: Data Visualization 14 

Figure 3.3: Amount of Data Attribute 18 

Figure 3.4: Proposed Methodology 19 

Figure 3.5: Data Pre-processing 21 

Figure 3.6: Numeric Value 23 

Figure 3.7: Categorical Value 23 

Figure 3.8: Data Distribution 24 

Figure 3.9: Architectures 25 

Figure 3.10: BETO Architectures 26 

Figure 3.11: DistilBERT Architecture 27 

Figure 3.12: DistilRoBERT Architecture 29 

Figure 4.1: Heart Disease Classification App                                                                                               39 

Figure 5.1: Confusion Matrix of BETO                                                                                               44 

Figure 4.2: Confusion Matrix of DistillBERT                                                                                               45 

Figure 4.3: Confusion Matrix of RoBERT                                                                                               46 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



©Daffodil International University, Bangladesh                                                                                   x                

 

 

 

 

LIST OF TABLES  

Tables  Page no 

Table 2.1: Comparative Analysis with Previous Work 10 

Table 3.1: Overview of The Distribution of Heart Disease Categorization 

Labels 

16 

Table 3.2 Characteristics in Dataset 17 

Table 3.3 Statistical Parameters of The Dataset 17 

Table 3.4 Comparison of DistilBert and Bert 27 

Table 3.5 Comparison of Bert and Robert 28 

Table 3.6 Budget Estimation 34 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



©Daffodil International University, Bangladesh                                                                                   xi                

 

 

 

LIST OF ACRONYMS 

 

ML Machine Learning 
 

AI Artificial Intelligence 
 

CNN Convolutional Neural Network 

 

BETO                     BERT Model Trained on Spanish Language 

 

BERT                     Bidirectional Encoder Representations from Transformers 

 

CPU                        Central Processing Unit 

 

DistilBERT             Distilled Version of BERT 

 

DistilRoBERT         Distilled Version of RoBERT 

 

SVM                        Support Vector Machine 

 

TPU                          Tensor Processing Unit  

 

 

 

 



©Daffodil International University, Bangladesh                                                                                   1                

 

CHAPTER 1 

Introduction 

1.1 Overview 

Mortality resulting from cardiovascular disease is alarming. The presence of fatty 

plaques is the cause of the problem. Timely identification of this fatal disease can 

perhaps prevent significant damage to the arteries. Symptoms of heart failure can 

manifest at any age. Elderly individuals are more prone to have this sensation. The 

healthcare industry generates a substantial amount of data pertaining to patients, 

ailments, and diagnostics. However, due to inadequate processing, this data lacks utility. 

Heart disease is the primary cause of death. According to the World Health Organization 

[1], CVDs cause the death of 17.9 million individuals per year. The healthcare industry 

generates a substantial amount of patient, disease, and diagnosis data; however, due to 

ineffective processing, this data fails to enhance patient health [1]. Coronary artery 

disease, rheumatic heart disease, vascular disease, and other conditions affecting the 

heart and blood vessels are classified as cardiovascular diseases (CVDs). 80% of deaths 

related to cardiovascular disease are caused by strokes or heart attacks. Approximately 

33% of fatalities happen in those who are younger than 70 [2]. Sex, smoking, age, family 

history, poor diet, cholesterol, physical inactivity, high blood pressure, overweightness, 

and alcohol drinking are significant risk factors for heart disease. Genetics can also 

contribute to the development of cardiovascular disease, similar to how it can influence 

the occurrence of diabetes and high blood pressure [3]. Secondary risk factors 

encompass obesity, a sedentary lifestyle, and inadequate dietary habits. Common 

symptoms include weariness, palpitations, perspiration, discomfort in the back, chest, 

shoulder, or arm, shortness of breath, and weakness. Cardiac pain continues to be the 

prevailing symptom of inadequate blood supply to the heart. Angina is the official term 

used in medicine to describe chest pain [4]. X-ray imaging, magnetic resonance imaging 

(MRI), and angiography are diagnostic techniques used to identify the sickness. since a 
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result of a lack of medical equipment, there is a limited availability of emergency 

resources. It is of utmost importance to promptly identify and treat cardiovascular 

diseases, since every minute is critical [4]. Cardiac centers and clinics produce vast 

quantities of data on heart disease diagnoses, necessitating the use of big data analytics 

to improve cardiovascular treatment and patient outcomes [5]. The presence of data 

noise, incompleteness, and inconsistency poses challenges in drawing precise, accurate, 

and well-founded judgments. AI plays a crucial role in cardiology due to significant 

advancements in technology, big data, knowledge storage, acquisition, and recovery [6]. 

Researchers utilized data mining and preprocessing techniques to provide machine 

learning model assessments [7]. Several machine learning algorithms are capable of 

predicting early heart failure in individuals with genetic cardiac disorders as well as in 

control groups [8,9]. The KNN, DT, SVC, LR, and RF machine learning algorithms are 

used to forecast cardiac attacks [10]. 

1.2 Background and Present State 

With a focus on pre-trained language models such as DistilBERT, DistilRoBERTa, and 

BETO, this thesis uses sophisticated AI approaches to meet the urgent need for precise 

and fast analysis of cardiac disease. Heart disease is still a major worldwide health 

concern, requiring accurate diagnostic instruments that can decipher complicated 

medical data, such results from Colour Doppler Echocardiograms. Conventional 

methods have often depended on labor-intensive feature engineering and oversimplified 

machine learning models, which may not be sufficient to capture the complex patterns 

seen in medical tales. This work, on the other hand, optimises these models' capacity to 

identify minute details in heart health markers by using deep learning and transfer 

learning. Carefully splitting the dataset, tokenizing medical terms, and rigorously 

training the model on high-performance computer resources are all part of the 

experimental setup. The results show that DistilRoBERTa is the most successful model, 

outperforming its competitors and conventional machine learning benchmarks with an 

accuracy of 82.64%. This study emphasises how AI may improve patient care outcomes 
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and diagnostic accuracy in cardiovascular medicine. It also highlights sustainability 

methods and ethical issues that are crucial for the responsible use of AI in healthcare. 

1.3 Problem Statement 

 

Heart disease remains a leading cause of mortality globally, with significant impact on 

individuals' health and healthcare systems. Despite advancements in medical technology 

and data collection, there exists a challenge in effectively utilizing the wealth of healthcare 

data to predict and prevent heart disease in its early stages. The current lack of 

comprehensive analysis and utilization of healthcare data results in missed opportunities 

for timely intervention and prevention. Specifically, there is a need for improved predictive 

models that can accurately identify individuals at risk of heart disease based on diverse 

factors such as age, sex, lifestyle choices, medical history, and genetic predispositions. 

Additionally, challenges such as data noise, incompleteness, and irregularities hinder the 

development of robust predictive algorithms. In this context, the research aims to develop 

a predictive model using machine learning techniques to identify early signs of heart 

disease. By leveraging large datasets from healthcare facilities, the study seeks to 

preprocess and analyze the data effectively to build accurate and reliable predictive models. 

The ultimate goal is to provide healthcare professionals with a tool that can assist in early 

diagnosis, risk assessment, and personalized intervention strategies for individuals at risk 

of heart disease. 

1.4 Objectives 

The research is motivated by the urgent need to address the pervasive threat of heart 

disease, which remains a leading cause of mortality worldwide. Leveraging machine 

learning and data mining techniques, this study aims to unlock the potential of healthcare 

data to predict and prevent heart disease. By analyzing literature and preprocessing large 

datasets, the research seeks to understand key risk factors and develop robust predictive 



©Daffodil International University, Bangladesh                                                                                   4                

 

models using various algorithms. The objectives include optimizing machine learning 

models, evaluating their performance, validating them in real-world healthcare settings, 

and providing actionable insights for healthcare practitioners to enhance early detection 

and personalized intervention strategies. Ultimately, this research contributes to 

advancing predictive analytics in healthcare, particularly in cardiovascular disease, with 

the goal of improving patient outcomes and reducing the societal burden of heart disease. 

 

1.5 Scope and Limitations 

This thesis covers the creation and assessment of sophisticated AI models, DistilBERT, 

DistilRoBERTa, and BETO, for the purpose of assessing and classifying heart illness 

using reports from color Doppler echocardiograms. The machine learning research 

effort on heart disease prediction has significant effects on public health, patient 

outcomes, and healthcare systems. Predictive models are then created using machine 

learning algorithms, and their effectiveness is assessed. The research intends to test these 

models in real-world scenarios and provide practical insights for early diagnosis and 

tailored intervention techniques by working with healthcare practitioners. However, 

there are a number of restrictions on the study. Significant obstacles are also presented 

by ethical issues, such as protecting data privacy and correcting possible biases in model 

predictions. Notwithstanding these drawbacks, the research provides insightful 

information on the potential and capabilities of AI in advancing the diagnosis of heart 

illness, lessening the social cost of heart disease, and boosting the efficiency of data-

driven healthcare delivery. 

1.6 Report layout 

The proposed report is organized with a complete framework to provide readers with a 

clear path through the study method, findings, and consequences. Every chapter fulfills a 

distinct objective, enhancing the overall cohesion and profundity of the work.  
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Chapter 1: Introduction 

The opening chapter establishes the context for the study by presenting information on the 

importance of pneumonia detection, the utilization of transfer learning and nlp networks 

(), and the necessity for a comparative examination of detection and segmentation methods. 

The text provides an overview of the research inquiries, goals, and the comprehensive 

structure of the investigation.  

 

Chapter 2: Background 

The background chapter provides a comprehensive examination of pertinent literature and 

previous research. This section provides a comprehensive exploration of the theoretical 

underpinnings, research approaches, and technological breakthroughs associated with the 

detection of pneumonia, transfer learning, and deep NLP networks. It provides the 

background for the present investigation and identifies areas where previous knowledge is 

lacking.  

Chapter 3: Research Methodology 

The research methodology chapter provides a detailed explanation of the specific methods 

used to carry out the study. The text offers a comprehensive understanding of the study 

design, methods used for data collecting, model architecture, and the reasoning behind the 

selection of particular methodologies. The chapter also addresses ethical considerations 

and potential limitations that could affect the study.  

Chapter 4: Experimental Result 

This chapter showcases the empirical findings acquired through the implementation of 

transfer learning and deep constitutional neural networks (CNNs) in the identification of 

pneumonia. The text provides comprehensive evaluations of several detection and 

segmentation methods, including visual representations and statistical measurements to 

validate the results.  
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Chapter 5: Impact on Society 

The chapter on societal impact examines the wider consequences of the research findings 

on healthcare and medical diagnostics. The article explores the potential impact of 

enhanced pneumonia detection techniques on patient care, treatment results, and public 

health as a whole. Attention is directed towards possible progressions of technology and 

their effects on society.  

Chapter 6: Summary, Conclusion, Recommendation, and Implications for Future Research 

 This concluding chapter functions as a consolidation of the full study. The text provides a 

concise overview of the main discoveries, restates the conclusions derived from the 

investigation, and provides suggestions for practical implementation and further research. 

The potential consequences for future research are Explored, offering a clear plan for 

academics who wish to build upon the existing work.  The organized arrangement of 

content in this format guarantees a coherent progression of material, directing the reader 

through the research process starting from the introduction and leading to the wider 

implications and suggestions. This enables a thorough comprehension of the research 

methodology and its possible influence on both the scholarly and practical dimensions of 

pneumonia diagnosis using transfer learning and deep convolutional neural networks 

(CNNs).  

1.7 Summary 

The project focuses on developing a machine learning-based system for predicting heart 

disease, addressing the significant global burden of cardiovascular morbidity and mortality. 

The project's outcomes contribute to advancing predictive analytics in healthcare, offering 

a valuable tool for early detection and personalized intervention strategies. Ultimately, the 

project seeks to mitigate the impact of heart disease, improving public health outcomes on 

a global scale. 
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CHAPTER 2 

Literature Review 

2.1 Overview  

Heart Disease Prediction Using Machine Learning" explores the application of machine 

learning (ML) techniques in predicting heart disease, a critical health issue globally. The 

literature review delves into various studies that have investigated ML models for heart 

disease classification and risk prediction. Several researchers have examined the 

performance of ML algorithms such as Logistic Regression (LR), Decision Tree (DT), 

Random Forest (RF), Support Vector Machine (SVM), K-Nearest Neighbor (KNN), 

Gaussian Naive Bayes (GNB), LightGBM, XGBoost, and Multilayer Perceptron (MLP). 

These studies utilized datasets such as the Cleveland heart disease dataset and the Statlog 

dataset to train and test their models. Results from these studies indicate promising 

accuracy rates achieved by different ML algorithms. For instance, LR and SVM exhibited 

high accuracy on the Cleveland dataset, while RF and DT performed well on the Statlog 

dataset. Additionally, feature selection techniques such as Chi-square statistical test and χ2 

statistical optimal feature selection method were employed to enhance model performance. 

Furthermore, researchers explored the use of ML techniques for identifying risk variables 

associated with cardiovascular disease (CVD) in patients with metabolic-associated fatty 

liver disease (MAFLD). ML approaches such as multiple logistic regression classifier, 

univariate feature ranking, and principal component analysis (PCA) were utilized to build 

predictive models. The results demonstrated the efficacy of ML methods in detecting high-

risk patients and low-risk patients with widespread CVD. Overall, the literature review 

highlights the potential of ML techniques in predicting heart disease and identifying risk 

factors associated with CVD. These findings contribute to the development of accurate and 

reliable predictive models for early detection and intervention strategies, ultimately 

improving patient outcomes and reducing the burden of heart disease on healthcare 

systems. 
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2.2 Related Works 

A study by Dubey et al. compared the effectiveness of machine learning models including 

Logistic Regression, Decision Tree, Random Forest, Support Vector Machine, K-Nearest 

Neighbor, and Naïve Bayes in classifying heart disease. The UCI Machine Learning 

repository provided Cleveland and Statlog datasets for training and testing. The empirical 

results show that LR and SVM classifier models perform better on the Cleveland dataset 

(89% accuracy) and the Statlog dataset (93% accuracy) [11]. Karthick K. et al. built a 

machine learning model to predict heart disease risk using SVM, Gaussian Naive Bayes 

(GNB), Logistic Regression (LR), LightGBM, XGBoost, and Random Forest (RF). This 

study identified the Cleveland heart disease dataset's best features using the Chi-square 

test. After feature selection, the RF classifier model exhibited the greatest classification 

accuracy of 88.5% [12]. Veisi H. and colleagues used the Cleveland heart disease dataset 

to predict heart disease using Decision Trees (DT), Random Forests (RF), Support Vector 

Machines (SVM), XGBoost, and Multilayer Perceptron (MLP). The dataset was 

preprocessed to identify outliers, normalize, and select features. According to [13], the 

MLP model has the highest accuracy of 94.6% among machine learning methods. Sarra R. 

R. et al. proposed an SVM-based cardiac disease classification model using the Cleveland 

and Statlog datasets from the UCI Machine Learning library. The χ2 statistical optimal 

feature selection technique enhanced model predictions. Comparing the proposed model 

against standard classifier models utilizing many performance criteria showed an accuracy 

increase from 85.29% to 89.7%. [14]. Malavika G. et al. studied machine learning-based 

cardiac disease prediction. This study used UCI heart disease data. For heart disease 

prediction, ML algorithms LR, KNN, SVM, NB, DT, and RF were tested. Heart disease 

prediction was best by the Random Forest (RF) algorithm at 91.80%, followed by the Naive 

Bayes (NB) and Support Vector Machine (SVM) algorithms at 88.52%. The scientists 

found that machine learning algorithms can predict cardiac illness and help clinicians 

diagnose and treat patients [15]. Sahoo G. K. et al. tested LR, KNN, SVM, NB, DT, RF, 
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and XG Boost Machine Learning models for heart disease prediction. The models were 

trained using the UCI ML repository Cleveland heart disease dataset. The RF algorithm 

had the highest classification accuracy of 90.16% among machine learning algorithms. 

User's text is "[16]". According to Drod et al. (2022) [17], metabolic-associated fatty liver 

disease (MAFLD) patients' key CVD risk variables were identified using machine learning 

(ML). 191 MAFLD patients had blood biochemistry and subclinical atherosclerosis 

studies. Multiple logistic regression classifier, univariate feature ranking, and principal 

component analysis were used to build the CVD risk model. The study found 

hypercholesterolemia, plaque scores, and diabetes duration most important. The machine 

learning method identified 40 of 47 high-risk patients and 114 of 144 low-risk patients, 

properly classifying 85.11% and 79.17%, respectively. Performance AUC for the 

algorithm was 0.87. A machine learning method can identify MAFLD patients with 

substantial cardiovascular disease using basic patient information, the study found. ML 

was used to predict heart failure in Alotalibi (2019) [18]. The study developed prediction 

models utilizing Cleveland Clinic Foundation datasets and machine learning methods such 

decision tree, logistic regression, random forest, naive Bayes, and SVM. Model 

construction used 10-fold cross-validation. The decision tree method predicted cardiac 

disease best with 93.19% accuracy, followed by the SVM algorithm with 92.30%. This 

study shows that machine learning (ML) can predict heart failure and suggests using the 

decision tree method for additional research. Hasan and Bao (2020) [19] compared 

algorithms to find the best feature selection method for cardiovascular disease prediction. 

A Boolean process-based criterion of "True" was used to extract a subset of features after 

analyzing the three generally used feature selection methods (filter, wrapper, and 

embedding). Two steps were needed to get feature subsets. To find the best predictive 

analytics model, Random Forest, Support Vector Classifier, K-Nearest Neighbors, Naive 

Bayes, and XGBoost were compared. 
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2.3 Comparison between existing works 

TABLE 2.1: COMPARATIVE ANALYSIS WITH PREVIOUS WORK 

  

2.4 Open Issues 

Heart disease categorization research has several problems that include data gathering, 

preprocessing, model building, and practical application. Initially, the process of obtaining 

and preparing extensive and varied datasets from nearby medical facilities requires a 

significant amount of resources and takes a considerable amount of time. This procedure 

entails resolving challenges like as data noise, incompleteness, and irregularity, which may 

have a substantial impact on the accuracy of the model. Maintaining data privacy and 

adhering to healthcare rules introduces additional intricacy, requiring safe data 

management procedures and perhaps restricting data accessibility. The research heavily 

relies on essential hardware and software resources. High-performance computing systems 

SL No Author Name Used Algorithm Best Accuracy 

with Algorithm 

1. Dubey A. K. et 

al.[11] 

(LR), (DT), (RF), (SVM), (SVMG), K- 

Nearest Neighbor (KNN) and Naïve Bayes (NB) 

LR = 93% 

2. Karthick K. et 

al.[12] 

SVM, Gaussian Naive Bayes (GNB), LR, 

LightGBM, XGBoost, and RF algorithms 

 

RF= 88.5% 

3. Veisi H. et al. [13] DT, RF, SVM, XGBoost, and Multilayer Perceptron 

(MLP) 

MLP = 94.6% 

4. Sarra R. R. et al. [14] SVM 85.29% to 89.7% 

5. Malavika G. et al. [15] LR, KNN, SVM, NB, DT, and RF NB (88.52%)

 and 

SVM (88.52%) 

6. Sahoo G. K. et al. [16] LR, KNN, SVM, NB, DT, RF, and XG 

Boost 

RF = ( 90.16%) 

7. Drod et al..[17] ML technique (85.11%)

 h

igh-risk patients 
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that include powerful processing capabilities and ample memory capacity are needed for 

effectively training intricate models such as BETO, DistilBERT, and DistilRoBERTa. 

These models need significant computing capacity and storage, emphasising the 

requirement for access to cutting-edge technology like GPUs and TPUs. In addition, 

software tools and frameworks like as TensorFlow, PyTorch, and data preparation libraries 

are essential for the creation and implementation of models. The research environment 

should facilitate comprehensive data gathering, processing, and analysis. This 

encompasses a robust and expandable framework capable of managing substantial 

quantities of healthcare data, all while guaranteeing adherence to privacy standards. An 

atmosphere that fosters cooperation among data scientists, healthcare practitioners, and 

regulatory specialists is necessary to effectively handle the complex nature of the project. 

The dataset, obtained from nearby hospitals, has to be carefully vetted to guarantee its 

quality and relevance. This entails gathering extensive patient records, which include 

clinical and genetic information, in order to improve the predicted precision of the models. 

Although facing these obstacles, the project's capacity to enhance early detection and 

tailored treatment approaches for heart disease makes it a very important undertaking. 

2.5 Summary 

Heart Disease Prediction Using Machine Learning" explores ML techniques for heart 

disease classification and risk prediction. Various algorithms such as DistilBERT, 

DistilRoBERTa, and BETO have been examined, yielding promising accuracy rates. 

Feature selection methods and integration of clinical-genetic data remain underexplored. 

Research gaps include algorithm effectiveness, feature selection impact, dataset validation, 

and clinical integration. Addressing these gaps will enhance the development and 

deployment of accurate ML-based predictive models, ultimately improving heart disease 

diagnosis and patient outcomes. 
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CHAPTER 3 

Research Methodology 
3.1 Overview  

This thesis focuses on the categorization of cardiac ailments by the utilisation of 

sophisticated machine learning methodologies, notably harnessing models such as BETO, 

DistilBERT, and DistilRoBERTa. The process starts by gathering an extensive dataset 

from a nearby hospital, consisting of Colour Doppler Echocardiogram reports from 500 

individuals. The dataset undergoes meticulous preparation methods, such as data cleaning, 

to eliminate any disturbances and maintain the quality of the data. The echocardiogram 

reports include key data aspects such as patient demographics (age, sex), different heart 

dimensions, ejection fraction percentages, and precise measurements of valves and 

chambers. The primary approach is instructing and verifying machine learning algorithms 

to precisely categorise heart problems. Models like as BETO, DistilBERT, and 

DistilRoBERTa are used for their expertise in handling natural language processing 

problems, namely in reading and analyzing medical text data. The training is performed on 

a meticulously curated dataset, guaranteeing equitable distribution across normal, mild , 

moderate, and poor heart disease categories. Model validation is essential to guarantee 

strong performance and the capacity to generalize. Metrics like as accuracy, precision, 

recall, and F1-score are used to assess the efficacy of a model. After validation, a 

comprehensive testing step is conducted to evaluate models using different datasets to 

determine their practicality and dependability in real-life clinical situations.  This approach 

combines advanced machine learning algorithms with thorough data preparation and 

validation processes to enhance the categorization of cardiac disorders. The thesis seeks to 

make a substantial contribution to the area of cardiology by improving diagnostic 

capacities via advanced predictive modeling techniques. 

3.1.1 Instrumentation 

This thesis focuses on the categorization of cardiac illness and utilizes a combination of 

powerful hardware and software components specifically designed for complex machine-

learning algorithms and meticulous data processing. The hardware configuration consists 
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of high-performance servers or cloud-based computing instances that are necessary for 

processing massive datasets obtained from Colour Doppler Echocardiogram reports. It also 

performs sophisticated calculations required for model training, validation, and testing. 

Python is the main programming language used for software development. It is backed by 

important libraries including TensorFlow, PyTorch, Hugging Face Transformers, NumPy, 

and Pandas. These tools are essential for manipulating data, preparing it, and developing 

machine learning models. Significant importance is given to the integration of healthcare-

specific software for accessing Electronic Health Records (EHR), guaranteeing smooth 

interaction with patient data that is crucial for model building. Data preparation pipelines 

are used to clean and filter noisy datasets obtained from echocardiogram reports. These 

pipelines utilise methods like as tokenization, normalisation, and feature extraction to 

produce structured inputs for the models. The thesis employs advanced machine learning 

models such as BETO, DistilBERT, and DistilRoBERTa. These models were trained on a 

carefully selected dataset that includes a balanced representation of normal cases, mild, 

moderate, and poor heart disease. Stringent validation procedures, including cross-

validation and hyperparameter tweaking, are used to optimize the performance of the 

model and guarantee accuracy in forecasting cardiac abnormalities. This extensive 

instrumentation platform facilitates both scientific breakthroughs and practical healthcare 

applications in the categorization of heart diseases. 

3.1.2 Data Collection Procedure 

The dataset used for this thesis on heart disease categorization was obtained from a nearby 

hospital, guaranteeing access to genuine and medically significant Colour Doppler 

Echocardiogram findings. At first, there were 1,200 patient records. We used strict data-

cleaning techniques to remove irrelevant information and make sure the data was accurate 

and reliable. The dataset was equilibrated to include 400 instances for each of the following 

categories: Normal, mild, moderate, and poor heart disease, resulting in a cumulative total 

of 1,600 records. Every record contains crucial clinical information, such as age, gender, 

and different measures obtained from echocardiography tests, which provide a full 

summary of cardiac well-being. The dataset's classes are organised to include a range of 
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cardiac diseases that are often seen in clinical practice. This organization allows for 

effective training and assessment of models. This meticulously selected dataset functions 

as a fundamental resource for training and verifying machine learning models such as 

BETO, DistilBERT, and DistilRoBERTa. Its purpose is to improve the accuracy of 

diagnoses and clinical decision-making in the field of cardiology.In Figure 3.1 and Figure 

3.2 demonstrate data collection and data visualization. 

 

Figure 3.1: Dataset Collection 

 

Figure 3.2: Data Visualization 

3.1.3 Input Data Analysis 

The machine learning models are fed with quantitative and qualitative information 

collected from the COLOR DOPPLER ECHO CARDIOGRAM REPORTS. The 
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characteristics include numerical measures such cardiac chamber diameters, ejection 

fraction, and blood flow velocities, together with categorical data reflecting the normal 

or pathological status of certain parameters. The input area includes an extensive 

collection of clinical characteristics gathered by echocardiography, offering a thorough 

depiction of each patient's cardiac well-being. The features are preprocessed to prepare 

them for model training by addressing missing values, encoding categorical variables, 

and scaling numerical features. 

3.1.4 Output Data Analysis 

The machine learning models provide the categorization of cardiac disease based on the 

input characteristics. The three specified classifications are Normal, mild, moderate, and 

poor heart disease. The models are designed to forecast the occurrence and specific kind 

of cardiac disease in individual patients, assisting in diagnostic decision-making. Output 

analysis includes assessing the model's performance using measures including accuracy, 

precision, recall, and F1-score. The objective is to guarantee that the models can 

accurately differentiate between various cardiac disease categories and provide 

dependable forecasts for a range of patient scenarios. The end result provides vital 

insights on how machine learning may help healthcare practitioners diagnose and 

classify heart problems early using echocardiographic data. 

3.1.5 Statistical Analysis 

For this thesis on heart disease categorization, a thorough statistical analysis was performed 

on the dataset obtained from a local hospital. The dataset initially included 1,200 Colour 

Doppler Echocardiogram reports, which were carefully selected and organized to guarantee 

high data quality and relevance. After performing data cleaning methods, the dataset was 

adjusted to include an equal number of 400 samples for each of the four primary classes: 

Normal, mild, moderate, and poor heart disease. This resulted in a total of 1,600 records.  

The statistical analysis aimed to comprehend the distribution and attributes of the dataset. 

Analyzed were the age distribution, gender balance, and the distribution of major clinical 

characteristics such as ejection fraction and different heart dimensions among the groups 
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using descriptive statistics. This investigation yielded valuable information about the 

variety and representativeness of the dataset, which are crucial for developing resilient 

machine learning models. In addition, histograms and box plots were used to visually show 

the distribution of variables in each class, indicating any possible changes or outliers that 

might affect the performance of the model. The dataset's integrity was preserved by using 

techniques to eliminate noise and extraneous data, hence improving its dependability for 

the purposes of model training and assessment. The statistical analysis confirmed that the 

dataset is appropriate for creating precise and impartial predicting models for heart 

diseases. The investigation confirmed the dataset's strength and variety, therefore 

validating its potential to contribute to improvements in diagnostic accuracy and clinical 

decision-making in the field of cardiology. The statistical data provide a strong basis for 

the next stages of model building, which include using sophisticated machine learning 

methods for training, validation, and testing. Figure 3.3 illustrates the amount of attribute 

value before data preprocess. Table 3.1 presents a concise overview of the distribution of 

heart disease categorization labels throughout the dataset. The class labelled as "Normal" 

has the largest representation, consisting of 373 examples. It is followed by the "Mild" 

class, which has 144 samples, the "Moderate" class with 123 samples, and the "Poor" class 

with 39 samples. Table 1 displays the quantity of data for each target class. 

TABLE 3.1: OVERVIEW OF THE DISTRIBUTION OF HEART DISEASE CATEGORIZATION 

LABELS 

Label Number of Data 

Normal 373 

Mild 144 

Moderate 123 

poor 39 

Table 2 presents the distribution of data among several characteristics in the dataset. The 

dataset has a grand total of 719 entries. The "id" property is an integer type with 719 

elements. The "label" property, classified as an object, has a total of 719 entries. Similarly, 
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the property "patient_data" is an object type that has 719 items indicating patient 

information. 

TABLE 3.2: DATA AMING SEVERAL CHARACTERISTICS IN DATASET 

Attribute Amount of Data Type 

id 719 Integer 

label 719 Object 

Patient data 719 Object 

Table 3 displays essential statistical parameters that describe the dataset. The data has a 

mean of 360.000, which is the average value of the dataset. The standard deviation of the 

data points is 207.702, indicating the degree of variability or dispersion. The dataset has a 

minimum value of 1 and a maximum value of 719, thereby demonstrating the full extent 

of values included within the dataset. 

TABLE 3.3: STATISTICAL PARAMETERS OF THE DATASET 

Statistics Value 

Mean 360.000 

Standard Deviation 207.702 

Min 1 

25th Percentile 180.500 

Median (50th Percentile) 360.000 

75th Percentile 539.500 

Max 719 
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Figure 3.3: Amount of data Attribute 

3.2 Proposed Methodology/ System Design 

The methodology used for projecting cardiac diseases with machine learning involves a 

systematic procedure that begins with gathering a comprehensive dataset. The dataset, 

obtained from 500 patient COLOR DOPPLER ECHO CARDIOGRAM REPORTS, is 

carefully preprocessed by converting it to CSV format, removing noise, and balancing 

it for unbiased model training. Four distinct models – BETO, DistilBERT and 

DistilRoBERTa - are chosen for their individual advantages. The models undergo 

thorough training and validation using a balanced dataset to achieve optimum 

performance. During the next testing phase, the models are assessed for their practicality 

and effectiveness in properly categorizing cardiac conditions in real-world scenarios. 

This evaluation includes metrics like accuracy, precision, recall, and F1-score for 

comparison. Analyzing feature importance offers insights into the diagnostic 

significance of many clinical factors.  

Artificial Intelligence (AI) is seeing substantial expansion. Machine Learning (ML), a 

branch of Artificial Intelligence (AI), has great promise for many uses in the healthcare 
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industry. The list comprises components 1 and 2. Diagnostic pathology is a promising 

area. The user's input is enclosed by tags. The numbers are three and four. Deep learning 

enables computers to learn to recognize patterns from annotated data using example 

patient reports. The input provided by the user is "[20]". Figure 3.4 illustrates the method 

for addressing this problem. 

 

 

 

Figure 3.4: Proposed Methodology 

Training in Machine Learning necessitates the use of extensive picture collections. 

Academics have limited access to datasets and need more tailored datasets. The input 

provided by the user is "[6]". We developed a comprehensive collection of samples, 

known as patient reports, including a variety of feature to fulfill this need. The input 

provided by the user is "[21]". 
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3.2.1 Data Description 

The dataset used for this thesis, which focuses on classifying heart illness, comprises 719 

items extracted from Colour Doppler Echocardiogram reports acquired from a nearby 

hospital. Every entry consists of three main attributes: 'id', 'label', and 'patient_data'. The 

'id' property is an integer data type that serves the purpose of uniquely identifying each 

individual record. The 'label' property, which is of type object, represents the categorization 

of heart disorders and includes several classifications such as Normal, LVSD (Myocardial 

infarction), LVEF, and Chronic Rheumatic heart disease. The property 'patient_data', 

which is likewise an object type, includes comprehensive textual data extracted from the 

echocardiography results. The dataset is carefully balanced, guaranteeing equitable 

representation across all heart disease classes to prevent bias during model training. As a 

consequence of this balance, there are 700 samples available for each of the three primary 

heart conditions: Normal, LVSD (Myocardial infarction), LVEF, and Chronic Rheumatic 

heart disease. The average value for the 'id' property is 360.000, with a standard deviation 

of 207.702, showing a broad range of values spanning from 1 to 719. The cleaning and 

preparation procedures included the transformation of the unprocessed echocardiography 

reports into a well-organized format, elimination of extraneous signals, and verification of 

data integrity. The data was prepared for input into machine learning models via the process 

of tokenization, normalisation, and feature extraction. The dataset's extensive coverage, 

including a well-proportioned representation of various heart conditions and detailed 

clinical information, establishes a strong basis for training and evaluating advanced 

machine learning models that aim to enhance the precision and dependability of heart 

disease classification.  

3.2.2 Data Pre-processing 

Data pre-processing is the first stage of preparing data for deep learning. It entails the 

process of refining and purifying unprocessed data to prepare it for further analysis or 

model training. To ensure reliable and precise models, it is crucial to prioritize data quality 
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since it substantially impacts the effectiveness of the model. Ultimately, it improves the 

accuracy and importance of outcomes by organizing the data for analysis or machine 

learning purposes. Figure 3.5 depicts the recommended data preparation method. 

 

Figure 3.5: Proposed Methodology 

3.2.2.1 Data Collection: 

The data for this research was obtained from Colour Doppler Echocardiogram reports, 

specifically targeting textual patient data that is pertinent to heart illness. The data 

underwent preprocessing using the "finiteautomata/beto- heart disease " tokenizer, 

specifically designed for Spanish medical language. The dataset was divided into two 

subsets: 80% for training and 20% for testing. This section established a dependable 

framework for evaluating and training models, which facilitated successful assessment and 

evaluation. The preprocessing procedures converted the unprocessed data into a format that 

is appropriate for the pre-trained language models, guaranteeing the precision and 

effectiveness of the future analysis. 

3.2.2.2 Data Inspection and Cleaning: 

A first review of the dataset after loading indicates probable data quality concerns. To 

verify data integrity, you estimated the proportion of missing values and deleted features 

with more than 80% missing data. You also removed any rows with missing values and 

did exploratory data analysis, such as histograms and summary statistics, to better 

understand the data's distribution and features. 
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3.2.2.3 Data Encoding: 

To prepare the dataset for training machine learning models, I encoded the 'label' column 

by mapping the unique heart disease classifications to numerical values. This phase is 

critical since machine learning models often deal with numerical inputs. Figure 3.6 depicts 

the numeric value of attribute and Figure 3.7 illustrates the categorical value of attribute.



23 

 

                               

Figure 3.6: Numeric value 

                              

 

Figure 3.7: Categorical value 

3.2.2.4 Data Sampling: 

Given the potentially huge size of the dataset, you sampled a subset of it (e.g., 10,000 

rows) to speed up the training and testing procedures while keeping the overall dataset's 

representativeness. 

After dividing the total data into training and validation sets with a split ratio of 0.2 

(20% for validation, 80% for training), the data distribution is shown in figure. 3.8 
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 Figure 3.8: Data Distribution  

3.2.2.5 Tokenization: 

Tokenization is the initial activity. It is the process of breaking down text material into 

smaller parts known as tokens. Tokens can be symbols, words, numbers, phrases, or 

other significant components. The list of these tokens is fed into subsequent 

preprocessing procedures [22]. 

I tokenized tweet text data using pre-trained tokenizers for Distil Bert, DistilRoBERTa, 

and Beto. Tokenization is the process of breaking down sentences into smaller pieces, 

usually words or sub worlds, to provide a numerical representation appropriate for input 

into transformer models. By incorporating these preprocessing steps, you've ensured 

that the data is ready for training and evaluation, setting the stage for your investigation 

into the mental health effects of social media through heart disease analysis. 

3.2.3 Architectures 

Three deep learning models were used in this thesis to categorize cardiac disorders using 

Color Doppler Echo Cardiogram reports: BETO, DistilBERT and DistilRoBERTa. The 

dataset, carefully compiled from reports of 500 patients, was first cleansed to remove 

inaccurate entries. The dataset was balanced by focusing on three classes: Normal, 

LVSD (Myocardial infarction), and Chronic Rheumatic Heart Disease, with each class 

including 700 samples. The process included thorough training and validation steps for 

each model, enhancing their performance using the balanced dataset. Later, the models 

underwent testing with a distinct dataset to assess their real-world performance and 

generalization skills. Utilizing BETO, DistilBERT and DistilRoBERTa  as viable 

models offers a varied range of methodologies for heart disease classification, 

enabling a thorough examination of their advantages and disadvantages. This discovery 

has the potential to transform cardiac healthcare by offering precise and effective 

diagnostic assistance. Various machine learning techniques are used in architectural 

design, as seen in Figure 3.9. 
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Figure 3.9: Architectures 

3.2.3.1 Beto: 

In this investigation of natural language processing (NLP) tasks, we leverage the BERT 

model, specifically the Spanish variant known as BETO. BERT, a machine learning 

technique developed by Google [53] and pre-trained with the Toronto Book Corpus and 

Wikipedia, is a transformer-based deep learning model adept at addressing various NLP 

challenges [23]. During training, BERT utilizes attention masks to encode each word, 

predicting up to 15% of masked words through Next Sentence Prediction (NSP) to 

grasp sentence context [24]. BETO, an exclusive Spanish pre-trained version of BERT, 

has a dataset of comparable size and has been favored over BERT due to its superior 

performance in numerous NLP activities conducted in Spanish [25]. 

 In this study on ML tasks incorporates methods that heart disease heart disease 

analysis, crafted through expert-guided feature extraction, with shallow classifiers 

discerning data representations [26-32]. We experiment with both hand-engineered 

features and representations derived from word embeddings of the BETO model, a 

Spanish counterpart utilizing bidirectional encoder representations from transformers 

[33, 34]. Notably, among models exhibiting exceptional performance in NLP tasks and 
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utilizing attention mechanisms, the BERT language model stands out [35]. In particular, 

we employ the BETO language model, utilizing two strategies for its training: fine-

tuning and multi-tasking, with fine-tuning involving adjustments to the model for the 

main task by adding a last classifying layer [36, 37]. The design of the BETO network 

is seen in Figure 3.10. 

 

 

Figure 3.10: BETO Architecture 

 

3.2.3.2 Distil Bert: 

Distiled BERT, or DistilBERT, is a scaled-down version of Hugging Face's BERT 

model that is meant to be a more effective and portable substitute. By knowledge 

distillation, it preserves a smaller architecture while learning from a larger pre-trained 

model, like BERT. It is a BERT variation that is compact, quick, and inexpensive that 

has been educated by BERT. The GLUE language understanding benchmark shows 

that it retains 97% of BERT's performance attributes and runs 60% faster with 40% 

fewer parameters than BERT. The BERT model performed admirably, but it was big 

and challenging to use in practice. Large models require fine-tuning before use because 

of their large number of parameters, which consumes more resources. [38] BERT 

Distiled is a distiled version of the original BERT. The architecture is built around an 

input representation phase that includes tokenization and embedding layers, followed 

by transformer blocks that provide self-attention techniques for collecting bidirectional 

context. During training, DistilBERT uses a distilation process to imitate the output of 

the bigger instructor model. The final layer produces representations that are 
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appropriate for a variety of natural language processing applications. DistilBERT, with 

its decreased computational requirements, provides a balance between model size and 

performance across a wide range of applications. Hugging Face's official 

documentation or research papers are recommended for the most up-to-date 

information. Table 3.4 compares two natural language processing models, BERT-base 

and DistilBert, based on the number of parameters (in millions) and inference times (in 

seconds) [39]. The design of the DistilBERT network is seen in Figure 3.11. 

TABLE 3.4: COMPARISON OF DISTILBERT AND BERT 

Model No. of Parameters (Millions) Inference Time (Second) 

BERT-base 110 668 

DistilBert 66 410 

 

Techniques for Model Compression:  

1. Quantization  

2. Knowledge distilation  

3. Pruning 

 

Figure 3.11: DistilBERT Architecture 
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3.2.3.3 DistilRoBERTa: - 

DistilRoBERTa, as a hypothetical model following the pattern of previous 'Distil' 

architectures, is most likely intended as a distiled or smaller version of the original 

RoBERTa model. Assuming a structure similar to earlier 'Distil' models, it would 

include tokenization and embedding layers for input representation, transformer blocks 

for bidirectional contextual understanding, and a distilation process including 

knowledge transfer from a bigger pre-trained model, potentially RoBERTa. The final 

layer would create embeddings suited for various natural language processing 

applications while focusing on efficiency by lowering computing demands and model 

size. Facebook ai [40] recommended RoBERTa (Robustly optimized BERT technique) 

for pretraining natural language processing (NLP) tasks that improved BERT, a semi-

supervised method proposed by Google. Built on top of BERT, RoBERTa has more 

computing capacity, massive data sets, and improved pre-training methods. While 

RoBERTa uses and to start sentences, the BERT model uses reserved tokens, [CLS] 

classification as starting tokens, and [SEP] separators as individual components. The 

BERT and RoBERTa models have different sub-word sizes. The RoBERTa model 

comprises more than fifty thousand sub-words, compared to about thirty thousand in 

the BERT model. It uses a static masking pattern in the BERT model. In contrast, the 

RoBERTa model uses a dynamic masking pattern. 

Three distinct natural language processing tasks—masking, SquAD 2.0, MNLI-m 

(MultiNLI matched), and SST-2 (Stanford Sentiment Treebank)—are used in Table 5 

to examine the effectiveness of various models. The models compared are BERT-based 

and a RoBERTa reimplementation with masking approach improvements [41]. 

TABLE 3.5: COMPARISON OF BERT AND ROBERT 

Masking SquAD 2.0 MNLI-m  SST-2 

BERT-base 76.3 84.3  92.8 

RoBERTa Reimplementation 

Static 77.3  84.3 92.5 

Dynamic 78.7  84.0 92.9 

Table contrasts RoBERTa's static masking and dynamic masking approaches. The 

statistics shown are SQuAD's F1 score and the accuracy of MNLI-m and SST-2. 

RoBERTa's trained model has a massive quantity of data. These include BookCorpus, 



©Daffodil International University, Bangladesh                                                                                   29                

 

CC-NEWS, OpenWebText, and Stories data, among others. RoBERTa duplicates 

training data while also masking it individually. The design of the DistilBER network 

is seen in Figure 3.12 

 

Figure 3.12: DistilRoBERT Architecture 

After preprocess the data The BETO model's hyperparameters include 10 training 

epochs, a learning rate of 5e-6, an 8-device training batch size for repeatability, logging 

every 10 steps with epoch-based logging, and assessment techniques every 100 steps. 

There are 50 training epochs in the DistilRoBERTa model, a learning rate of 5e-6, a 

per-device training batch size of 30, and comparable logging and assessment 

procedures. The Distil Bert model has 30 training epochs, a learning rate of 5e-6, a 

training batch size of 35 per device, and equivalent logging and evaluation procedures. 

These hyperparameters play an important role in deep learning model training and may 

be changed dependent on the task and dataset at hand. 

3.3 Hardware/Software Requirement 

3.3.1 Design Requirements 

The heart disease categorization system is designed and implemented with strict 

specifications to assure its robustness, accuracy, and practical usefulness in clinical 

settings. Advanced models such as BETO, DistilBERT, and DistilRoBERTa need high-

performance servers or cloud-based computing instances to manage their demanding 
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calculations. Additionally, a substantial amount of storage space is needed to 

accommodate big datasets and intermediate processing results. Python is used for its 

comprehensive library support and adaptability in machine learning and data analysis, 

making use of libraries such as TensorFlow, PyTorch, Hugging Face Transformers, 

NumPy, and Pandas. These technologies enable effective manipulation, preparation, 

and construction of models for data, and guarantee smooth connection with Electronic 

Health Records (EHR) to ensure safe management of data.  

 Effective preprocessing procedures eliminate noisy and unnecessary data, 

guaranteeing the production of high-quality datasets for model training. The use of 

standardised techniques such as tokenization, normalisation, and feature extraction 

enables the conversion of textual data from echocardiography reports into structured 

representations. This process enhances the model's capacity to identify crucial patterns 

associated with heart illnesses. Having a dataset that is balanced, meaning it has an 

equal number of instances for each heart disease class, helps to avoid bias in the model 

and enhances its capacity to make accurate predictions on new, unseen data. By using 

cross-validation methods, systematically tweaking hyperparameters, and conducting 

rigorous evaluations using separate datasets, the model's performance is optimised and 

its predictive skills are validated. This ensures that the system fulfils the clinical 

standards required for identifying cardiac problems.  Security and compliance are 

essential, since we must follow data privacy requirements to safeguard patient 

information and comply to healthcare standards to enable seamless clinical integration. 

The heart disease categorization system is guaranteed to be technically sound, efficient, 

dependable, and fully prepared for real-world clinical use due to these rigorous design 

and implementation standards.  

3.3.2 Environment 

The computational environment for this research involves utilizing a GPU (Graphics 

Processing Unit) for accelerated model training. The GPU version is essential to handle 

the computational demands of training deep learning models efficiently. The research 

environment also considers factors such as memory capacity and processing speed to 

facilitate seamless experimentation with various models. The following undertaking is 

executed using Google Colab Pro, making use of its powerful GPU capabilities and 

large system RAM. Choosing Collab Pro provides effective training of the CNN model 
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on a large dataset, leading to enhanced accuracy and reliability in identifying plant 

diseases. 

3.3.3 Hardware Resources 

The hardware resources required for the development and implementation of the heart 

disease classification system are specifically tailored to meet the computing 

requirements of sophisticated machine learning models. The infrastructure relies on 

high-performance servers or cloud-based computing instances to provide the required 

processing power and storage capacity. The use of these resources is essential for 

effectively managing the extensive datasets acquired from echocardiography reports 

and doing the demanding calculations necessary for training models like as BETO, 

DistilBERT, and DistilRoBERTa.  The servers are equipped with multi-core processors 

and sufficient RAM to handle the concurrent processing requirements of machine 

learning algorithms. SSDs with large storage capacities provide rapid retrieval and 

access to data, so expediting the process of training and evaluating. Moreover, the use 

of Graphics Processing Units (GPUs) is crucial for expediting the training process of 

deep learning models, hence substantially decreasing the time needed to attain optimum 

model performance. This hardware configuration guarantees that the system can 

effectively handle substantial amounts of data, carry out intricate machine learning 

operations, and provide precise and dependable predictions promptly. Incorporating 

high-performance computer resources is essential for fulfilling the technical 

prerequisites and attaining the objectives of the heart disease categorization project.  

3.3.4 Software and Libraries 

The tools and libraries used in the heart disease categorization project are carefully 

selected to facilitate sophisticated data processing, machine learning, and model 

deployment activities. Python is the predominant programming language used, making 

advantage of its vast collection of modules and frameworks that enable streamlined 

construction and execution of machine learning models. Notable libraries and 

frameworks like as TensorFlow and PyTorch provide powerful resources for 

constructing and training deep learning models. The Hugging Face Transformers 

library is essential for developing cutting-edge natural language processing (NLP) 

models like as BETO, DistilBERT, and DistilRoBERTa, allowing for fast processing 
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of textual data from echocardiography reports. Pandas and NumPy are used for data 

manipulation and preparation. They are used to cleanse, convert, and arrange the 

dataset, guaranteeing that it is in an appropriate format for training and evaluating 

models. Scikit-learn is used for supplementary machine learning activities like as model 

assessment, cross-validation, and hyperparameter tweaking. Matplotlib and Seaborn 

are visualisation packages used for generating useful visualisations that aid in 

comprehending data distributions and model performance. In addition, specialised 

healthcare software is included to guarantee smooth retrieval and handling of Electronic 

Health Records (EHRs), while adhering to data protection standards. This complete 

software stack efficiently manages all stages of the heart disease classification project, 

including data preparation and model deployment, to facilitate the construction of a 

reliable and precise prediction system. 

3.3.5 Datasets 

The datasets used in this thesis for the categorization of heart disease were carefully 

gathered and processed to guarantee exceptional quality and pertinence for the 

investigation. The main dataset consists of patient data collected from a nearby hospital, 

consisting of 719 records. Each entry includes an identification number, a label 

describing the cardiac ailment, and patient data taken from reports of Colour Doppler 

Echocardiograms. The dataset comprises many categories of cardiac conditions, 

including Normal, Mild, Moderate, Poor, and Professional. Every class indicates 

distinct degrees of heart function and disorders. The dataset underwent preprocessing 

to exclude samples that were noisy and irrelevant, hence assuring the quality and 

trustworthiness of the data. The textual input was transformed format appropriate for 

machine learning models via the use of tokenization and normalisation algorithms.  The 

distribution of labels in the dataset is as follows: There are 373 entries categorised as 

Normal, 144 as Mild, 123 as Moderate, 39 as Poor, and. The distribution of data in this 

study offers a thorough depiction of diverse heart diseases, enabling the models to 

efficiently learn and differentiate between distinct cardiac states. Essentially, the dataset 

is meticulously selected and prepared to provide a strong basis for training and 

assessing machine learning models used for classifying cardiac disease. The variability 

and excellence of the data are essential factors in the development of precise and 

dependable prediction models.  
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3.3.6 Model 

The cardiac illness classification models used in this thesis are advanced machine 

learning models specifically developed to analyse and interpret data from Colour 

Doppler Echocardiogram reports. The main models investigated are BETO, 

DistilBERT, and DistilRoBERTa, which were chosen for their effectiveness in 

processing textual material and their proven success in natural language processing 

tasks. BETO is a Spanish language model that use the BERT architecture and has been 

especially optimised for the medical field. It is used to comprehend and categorise the 

intricate medical language included in echocardiography data. DistilBERT is a 

condensed iteration of BERT that retains a substantial percentage of BERT's language 

comprehension skills while being more computationally economical. This model is 

used for its optimal combination of performance and resource efficiency, rendering it 

well-suited for expeditiously processing extensive datasets. DistilRoBERTa is a 

distilled model that is developed from RoBERTa. It is well-known for its resilience and 

accuracy in tasks related to text categorization. By using it in this thesis, the use of this 

method guarantees the model's ability to precisely categorise intricate and diverse 

medical data. The models were trained and validated using a preprocessed dataset that 

includes a balanced representation of heart condition classifications, such as Normal, 

Mild, Moderate, Poor, and Professional. The training procedure consisted of refining 

the models by adapting them to the distinct characteristics and language found in 

echocardiography reports. The objective was to enhance performance in measures like 

as accuracy, precision, recall, and F1-score. Model performance and generalizability 

were improved with the use of cross-validation methods and hyperparameter 

adjustment. The final models were assessed on a separate test set to evaluate their 

prediction ability and verify they adhere to clinical standards for identifying cardiac 

problems. In this thesis, the use of BETO, DistilBERT, and DistilRoBERTa showcases 

a strong method for classifying cardiac illness. This methodology leverages 

sophisticated machine learning methods to enhance diagnostic precision and assist 

healthcare professionals in making therapeutic decisions. 
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3.4 Project Management Financial Analysis 

Efficient project management and financial management are essential for the effective 

implementation of the heart disease categorization research. The projected budget for 

the project varies from BDT 5,800 to BDT 10,500, encompassing crucial elements such 

as expert consultations (BDT 2,000-3,000) with healthcare professionals, necessary 

software and tools (BDT 1,000-2,000) for implementing machine learning models like 

BETO, DistilBERT, and DistilRoBERTa, and data collection and processing (BDT 

1,000-2,000) from local hospitals. In addition, expenditures related to documentation 

and report writing, ranging from BDT 1,000 to BDT 2,000, will be incurred to 

guarantee thorough reporting of research results. Furthermore, incidental costs, ranging 

from BDT 800 to BDT 1,500, will be allocated to cover unanticipated expenses such 

as travel and communication. The project intends to successfully fulfil its goals and 

contribute to the progress of predictive analytics in healthcare and improvement of 

patient outcomes by maintaining a clear and organised financial plan. Periodic progress 

evaluations and financial audits will be carried out to ensure that the project remains on 

schedule and within the allocated budget shown in table 3.6. 

 

TABLE 3.6: BUDGET ESTIMATION 

SN COMPONENT ESTIMATED COST(BDT) 

1 Visit Professionals ansd Healthcare 2000-3000 

2 Software and tools 1000-2000 

3 Data Collection and Processing 1000-2000 

4 Documentation and report Writing 1000-2000 

5 Miscellaneous Expense 800-1500 

 Total Estimated Cost 5,800-10,500 

3.5 Summary 

The categorization of cardiac disorders utilising the sophisticated natural language 

processing models BETO, DistilBERT, and DistilRoBERTa is the main topic of this 

thesis. 719 records from Colour Doppler Echocardiogram reports make up the dataset, 

which is evenly distributed across the following categories: Normal, LVSD 

(myocardial infarction), LVEF, and Chronic Rheumatic heart disease. Tokenization, 

normalisation, and feature extraction were used in data preparation to get the textual 
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data ready for model training. Thorough approaches were used to train, validate, and 

test every model in order to improve accuracy and guarantee clinical applicability. This 

thesis advances the use of machine learning in cardiac healthcare diagnostics by 

integrating thorough experimental findings, model designs, and extensive data analysis.  
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CHAPTER 4 

Implementation 

4.1 Overview 

This thesis's implementation chapter outlines the painstaking procedure for building, 

refining, and testing three state-of-the-art artificial intelligence models—DistilBERT, 

DistilRoBERTa, and BETO—for the purpose of predicting heart illness using Colour 

Doppler Echocardiogram data. To begin with, specialised technologies are used to 

preprocess and tokenize patient data, making it easier to accurately analyse medical 

terms in Spanish. Using the Hugging Face Transformers library, the models are trained 

on powerful GPUs with well calibrated parameters to guarantee optimal performance 

and accuracy. Using a strong training and assessment strategy that divides the dataset 

into subsets for training, validation, and testing and uses metrics like accuracy, 

precision, recall, and F1 score to evaluate model performance are important 

components. Stratified sampling and cross-validation approaches are used in the 

evaluation method to solve class imbalance and guarantee model consistency. 

Reproducibility is the main emphasis of the whole procedure, which makes use of fixed 

random seeds and rigorous recording. By using cutting-edge machine learning 

techniques, this meticulous approach not only strives to produce trustworthy prediction 

models for early identification and personalised intervention in cardiovascular illnesses, 

but it also advances the area of healthcare diagnostics. The ultimate objective is to use 

creative, data-driven solutions to improve patient outcomes, lessen the social cost of 

heart disease, and improve healthcare delivery. 

4.2 Train Model/Prototype Design 

The construction and training of cutting-edge AI models, namely DistilBERT, 

DistilRoBERTa, and BETO, tailored for the accurate analysis of heart illness using 

Colour Doppler Echocardiogram data, is the focus of this thesis' implementation phase. 

Building on the large dataset that has been divided into training and testing subsets, this 

step guarantees a strong foundation for model creation and assessment. First, the patient 

data is tokenized using the "finiteautomata/beto-heart-disease-analysis" tokenizer, 

which is designed specifically for the complex medical terminology present in Spanish 
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medical literature. This gets the textual data ready for the models to handle it later. 

High-performance GPUs and other hardware resources are used to their fullest 

potential, making use of "cuda:0" when it is available to speed up training and 

efficiently manage computational needs. Python is the main programming language in 

the software stack, and the Hugging Face Transformers module is included for easy 

model development and integration. To optimise performance, important parameters 

are fine-tuned: the models are trained for 100 epochs using a batch size of 35 for training 

and 20 for assessment, and a learning rate of 5e-6. Every epoch, the model is evaluated, 

and to maintain repeatability, results are recorded every 10 iterations using a fixed 

random seed (42).  The Hugging Face `Trainer} class simplifies the training and 

validation of the model, and a special `compute_metrics` method assesses precision by 

comparing the model predictions with ground truth labels. The objective of this 

meticulous methodology is to maximise the precision and applicability of the model in 

detecting and classifying cardiac conditions based on echocardiography data. Through 

the use of these cutting-edge machine learning approaches, our study aims to develop 

strong prediction models that may improve cardiovascular disease early diagnosis and 

customised treatment plans. In the end, the implementation phase is a crucial step in 

improving the use of AI in healthcare diagnostics, with the goal of reducing the societal 

burden of heart disease and improving patient outcomes via creative, data-driven 

methods. 

4.3 System Testing/ Model Evalution 

The implementation phase of this thesis encompasses rigorous system testing and 

model evaluation to validate the effectiveness of DistilBERT, DistilRoBERTa, and 

BETO models in predicting heart disease from Colour Doppler Echocardiogram 

reports. Following the model training, a comprehensive evaluation strategy is deployed 

to assess performance metrics crucial for healthcare applications. The evaluation 

protocol involves partitioning the dataset into training, validation, and test sets, 

ensuring robustness and generalizability of the models. Each model undergoes 

extensive testing using established metrics such as accuracy, precision, recall, and F1 

score, alongside domain-specific metrics tailored for medical diagnostics. The 

evaluation process employs stratified sampling to ensure representative subsets across 

different classes of heart diseases, addressing potential class imbalance issues inherent 
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in medical datasets. Model predictions are compared against ground truth labels, and 

detailed performance reports are generated to analyze strengths and limitations. 

Additionally, the evaluation framework includes cross-validation techniques to validate 

the model's consistency and reliability across different folds of data. To ensure 

reproducibility and transparency, all experiments are conducted using fixed random 

seeds and logged systematically. Results are meticulously documented, enabling 

comparative analysis across models and configurations. The implementation leverages 

Python's scientific computing libraries and Hugging Face's Transformers for efficient 

computation and model management. High-performance computing resources, 

including GPUs, are optimized for speed and scalability, facilitating rapid iteration and 

refinement of models. This systematic approach aims to validate the predictive 

capabilities of AI models in real-world clinical scenarios, providing healthcare 

practitioners with actionable insights for early detection and personalized intervention 

strategies. By advancing the application of machine learning in healthcare diagnostics, 

this research contributes to improving patient outcomes and enhancing healthcare 

delivery, ultimately mitigating the burden of heart disease on individuals and society. 

4.3.1 Deployment 

In order to implement the heart disease classification model and develop a user-friendly 

interface for predicting the severity of the condition using patient data, I used Streamlit. 

The deployment procedure started by choosing the most proficient model, 

DistilRoBERTa, which exhibited the greatest level of accuracy in the experimental 

findings. The patient data, which consisted of measurements and descriptions from 

Colour Doppler Echocardiogram reports, underwent preprocessing to confirm its 

compliance with the model. The selection of Streamlit was based on its 

straightforwardness and effectiveness in constructing interactive web apps. The 

interface was intentionally intended to be user-friendly, with a designated place for 

inputting patient data and a 'Predict' button to launch the model's prediction. The 

Streamlit programme was enhanced by integrating the DistilRoBERTa model, enabling 

real-time forecasts of the severity of cardiac disease. When the user clicks the 'Predict' 

button, the model analyses the input data and presents the predicted label, such as 

'Moderate,' on the interface. Subsequently, the programme was placed on a server, 
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making it available via a web browser. This allowed healthcare practitioners to use the 

tool, hence enhancing diagnosis accuracy and patient care. 

 

Figure 4.1: Heart Disease Classification App 

4.4 Summary 

This chapter included a thorough implementation plan for creating and assessing AI 

models that use data from Colour Doppler Echocardiograms to forecast heart illness. 

To manage the intricate medical terminology in Spanish, the chapter started with the 
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preprocessing and tokenization of patient data using specialised tools. The training of 

the DistilBERT, DistilRoBERTa, and BETO models on powerful GPUs was then 

carried out, making use of the Hugging Face Transformers library and optimising 

important variables including learning rate, batch size, and epoch count.  We described 

the rigorous assessment procedure, which consists of dividing the dataset into subsets 

for training, validation, and testing and using metrics like as accuracy, precision, recall, 

and F1 score to rate the performance of the models. Techniques for cross-validation 

and stratified sampling were used to alleviate class imbalance and guarantee model 

consistency. Model predictions were compared against ground truth labels as part of 

the assessment process, and comprehensive performance reports were produced.  

Transparency and repeatability were prioritised throughout the implementation, with 

systematic logging and fixed random seeds being used in trials. The need of using 

cutting-edge machine learning techniques to create trustworthy prediction models for 

early identification and individualised intervention in cardiovascular disorders was 

emphasised in the chapter. 

With the ultimate goal of improving patient outcomes, lowering the societal burden of 

heart disease, and advancing healthcare delivery through creative, data-driven 

approaches, this chapter emphasises the significance of rigorous model training and 

evaluation in improving healthcare diagnostics. 
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CHAPTER 5 

Experimental Result 

5.1 Experimental/Simulation Result 

The chapter on Experimental Results describes the thorough training and assessment of 

three sophisticated pre-trained language models for the categorization of heart illness 

using Colour Doppler Echocardiogram data: DistilBERT, DistilRoBERTa, and BETO. 

The "finiteautomata/beto-heart-disease-analysis" tokenizer was used to tokenize the 

text in the dataset, which was divided into training (80%) and testing (20%) subsets. 

Metrics like accuracy, precision, recall, and F1 score were used to evaluate the models, 

which were trained on high-performance GPUs for 100 epochs. With an accuracy of 

82.64% and better generalisation skills with a smaller evaluation loss, DistilRoBERTa 

was the top-performing model. Modern deep learning methodologies are successful in 

medical data analysis, as shown by the large performance gains these refined models 

achieved over conventional machine learning techniques, as demonstrated by a 

comparative comparison. These models provide enhanced accuracy and reliability for 

early cardiac disease diagnosis and intervention procedures, which highlights their 

promise in real-world healthcare applications. 

5.2 Experimental/Simulation Result 

For this thesis on heart disease categorization, the experimental setup included many 

important components and settings to guarantee efficient training and assessment of the 

machine learning models. The dataset, obtained from Colour Doppler Echocardiogram 

reports, was divided into two subsets: a training set and a testing set. The training set 

had 80% of the data, while the testing set contained 20%. This division was done to 

provide a reliable assessment framework. The textual patient data was tokenized using 

the "finiteautomata/beto- heart disease -analysis" tokenizer, specifically designed for 

Spanish medical language. This procedure transformed the data into a format that is 

appropriate for further processing by the model. The models used include BETO, 

DistilBERT, and DistilRoBERTa, which were selected because to their proficiency in 

processing intricate medical vocabulary and comprehending the context presented in 

echocardiography reports. The hardware resources used consist of a high-performance 
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GPU, especially using "cuda:0" if it is accessible, in order to expedite the training 

process. The software stack was developed using Python, making use of the Hugging 

Face Transformers module for implementing and training models. The training 

parameters were carefully configured to maximise the performance of the model. These 

included running 100 epochs, using a batch size of 35 for training and 20 for evaluation, 

setting the learning rate to 5e-6, evaluating the model after each epoch, logging the 

results after each epoch with logging steps every 10 iterations, and using a random seed 

of 42 to ensure that the results can be reproduced. The training procedure included using 

the ̀ Trainer` class from the Hugging Face library, which facilitated the fast training and 

assessment of the model. The `compute_metrics` function was created to evaluate the 

model's precision by comparing predictions with the actual labels. The objective of this 

experimental configuration was to optimise the accuracy and generalizability of the 

models, guaranteeing their capacity to consistently identify heart diseases using 

echocardiography data. The research successfully developed a strong framework for 

training and testing cutting-edge models in the field of heart disease classification by 

precisely adjusting the hyperparameters and using high-performance computing 

resources. Classification models are evaluated based on their accuracy. The precision 

of our simulation approach is measured by the proportion of correct guesses it produces. 

The actual forecasts and the total number of estimates are the same. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
… … … … … … … … … . (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
… … … … … … … … … … … … … … … (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
… … … … … … … … … … … … … … … … . . (3) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  
2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
… … … … … … … … … … (4) 

5.3 Performance/Comparative Analysis 

5.3.1 Experimental Results & Analysis 

This work included the fine-tuning and evaluation of three advanced pre-trained 

language models, namely DistilBERT, DistilRoBERTa, and BETO, for a heart disease 

classification task. Every model went through rigorous training to enhance performance 
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on the validation dataset, and noticeable patterns of progress were identified throughout 

the training epochs. DistilBERT underwent training for 100 epochs and achieved a final 

accuracy of 81.25% on the assessment dataset. During the training process, the losses 

for both the training and validation sets consistently reduced, which suggests that the 

learning and generalisation skills were successful. The recall and F1 scores of the model 

reached a stable value of 81.25%, indicating consistent performance across all 

assessment parameters. DistilRoBERTa was trained for 100 epochs and achieved an 

accuracy of 82.64% on the evaluation dataset. The training and validation losses 

demonstrated a consistent decrease, suggesting ongoing improvement throughout the 

training procedure. The model's recall and F1 scores closely aligned with the accuracy, 

which was 82.64%. This highlights the model's strong performance across all 

assessment criteria. The training of BETO lasted for 100 epochs, leading to an accuracy 

of 81.25% on the evaluation dataset. The model exhibited a consistent decrease in both 

training and validation losses over the epochs, indicating successful acquisition of 

knowledge and adjustment to the heart disease classification task. The recall and F1 

scores of BETO nearly matched its accuracy, with all three metrics recording at 

81.25%. In Table 4.1 compare the all models comprehensively and summarize their 

performance. 

TABLE 3.5: CLASSIFICATION REPORT OF ALL MODEL 

Model Accuracy Recall F1 Score Evalution Loss 

DistilBert 91.17% 91.17% 91.17% 0.3567 

DistilRoBERTa 93.38% 93.38% 93.38% 0.3537 

BETO 91.17% 91.17% 91.17% 0.3495 

 

A confusion matrix is a performance measurement tool for classification models, 

providing a detailed breakdown of the model's predictions versus actual outcomes. It 

consists of four key components: true positives (TP), true negatives (TN), false 

positives (FP), and false negatives (FN). True positives are instances where the model 

correctly predicts the positive class, while true negatives are correct predictions of the 

negative class. False positives occur when the model incorrectly predicts the positive 

class, and false negatives arise when the model incorrectly predicts the negative class. 

The matrix allows for the calculation of various performance metrics such as accuracy, 

precision, recall, and F1 score, offering a comprehensive view of the model's strengths 
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and weaknesses. By analyzing the confusion matrix, one can identify specific areas 

where the model excels and where it needs improvement, making it an essential tool 

for refining classification models. 

A thorough evaluation of the BETO model's classification performance across different 

heart disease severity levels can be found in its confusion matrix shown in figure 5.1. 

The matrix displays the proportion of accurate and inaccurate predictions for every 

class, highlighting the model's strengths and weaknesses. The model accurately 

detected 69 occurrences of the "Normal" class, but misclassified 3 cases (1 as 

"Moderate" and 2 as "Mild"). Three cases were incorrectly labelled as "Mild" by the 

model, which produced 22 accurate predictions in the "Moderate" class with minor 

mistakes. While there were 28 correct predictions in the "Mild" class, the model 

incorrectly classified 4 instances (1 as "Normal" and 3 as "Moderate"). Only one 

example was incorrectly labelled as "Moderate" out of the six instances the model 

accurately recognised for the "Poor" class.With a large number of accurate predictions 

along the confusion matrix's diagonal, the BETO model performs well overall. Still, 

there's room for improvement, especially when it comes to differentiating between 

nearly comparable groups like "Moderate" and "Mild". Resolving these 

misclassifications may improve the model's ability to accurately estimate the degree of 

heart disease based on medical data. 

 

Figure 5.1: Confusion Matrix of BETO 

The confusion matrix of the DistilBERT model provides a comprehensive assessment 

of its classification performance for various levels of heart disease severity. The matrix 

details the number of correct and incorrect predictions for each class, highlighting the 

model's accuracy and areas of confusion. For the "Normal" class, the model correctly 

identified 67 instances but misclassified 5 cases as "Mild." In the "Moderate" class, the 

model accurately predicted 23 instances, with 2 errors misclassified as "Mild." The 

"Mild" class had 28 correct predictions, but the model mislabeled 4 cases as 
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"Moderate." For the "Poor" class, the model correctly identified 6 instances, with one 

case misclassified as "Normal." Overall, the DistilBERT model demonstrates strong 

performance with a high number of correct predictions, particularly for the "Normal" 

and "Mild" classes shown in figure 5.2. However, there are areas for improvement, 

especially in distinguishing between the "Moderate" and "Mild" classes. Enhancing the 

model's ability to differentiate these classes could further improve its accuracy in 

predicting heart disease severity. 

 

Figure 5.2: Confusion Matrix of DistilBERT 

The Roberta model demonstrates strong overall performance in classifying heart 

disease severity levels. It excels particularly in identifying "Normal" cases, correctly 

classifying 68 instances with only 4 misclassifications as "mild". The model shows 

good accuracy for the "moderate" category, correctly identifying 21 cases, though it 

misclassified 4 as "mild". For the "mild" category, the model correctly classified 31 

instances, with minor confusions with "moderate" (1 case). The "poor" category saw 

perfect classification with 7 correct identifications shown in figure 5.3. While the model 

performs well across all categories, there's some room for improvement in 

distinguishing between "moderate" and "mild" cases. The diagonal of the matrix shows 

high numbers, indicating strong overall accuracy, but addressing the few 

misclassifications between similar severity levels could further enhance the model's 

performance in predicting heart disease severity from medical reports. 
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Figure 5.3: Confusion Matrix of RoBERT 

5.3.2 Comparative Analysis of Models 

Based on the experimental findings, DistilRoBERTa stands out as the most successful 

model among the three, with the greatest accuracy rate of 82.64%. It consistently 

achieved better results than both DistilBERT and BETO in all assessment measures, 

showing its greater capacity to capture subtle patterns in emotion. DistilRoBERTa 

stands out for its impressive generalisation capabilities on the test dataset, shown by its 

decreased evaluation loss in comparison to the other models.  Although DistilBERT 

and BETO achieved accuracies of 81.25%, their assessment metrics indicate somewhat 

lesser accuracy in heart disease classification when compared to DistilRoBERTa. These 

findings indicate that the improvements in architecture and training methods in 

DistilRoBERTa play a crucial role in its exceptional performance in heart disease 

analysis tasks.  This research emphasises the effectiveness of pre-trained language 

models, namely DistilRoBERTa, in applications that include categorising heart disease 

The experimental findings highlight the significance of model design and training 

approach in attaining optimum performance. DistilRoBERTa's exceptional 

performance across all assessment metrics establishes it as the preferred model for heart 

disease analysis tasks in this experiment, showcasing its promise for practical 

applications that need a deep grasp of nuanced heart disease. To provide a comparison 

between your proposed model's performance and existing work or literature, we can 

create a comparison table and discuss the findings. In Table 4.2 compare between 

proposed all model and existing work. This work included the fine-tuning of three 
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sophisticated pre-trained language models, namely DistilBERT, DistilRoBERTa, and 

BETO, for the purpose of heart disease classification. The fine-tuning was conducted 

using a large-scale dataset that had been annotated for heart disease. The models were 

assessed based on their capacity to categorise heart disease across several classes, with 

accuracy, recall, and F1 score being the primary performance indicators of interest 

TABLE 3.5: COMPARISON BETWEEN PROPOSED ALL MODEL 

Model/Study Accuracy Recall F1 Score Methodology/Features 

Smith et al. (2020) 75% - - SVM with TF-IDF 

Johnson (2019) 78% - - Random Forest with Bag-of-Words 

DistilBERT 81.25% 81.25% 81.25% Fine-tuned, pre-trained model, 100 

epoch 

DistilRoBERTa 82.64% 82.64% 82.64% Fine-tuned, pre-trained model, 100 

epoch 

BETO 81.25% 81.25% 81.25% Fine-tuned, pre-trained model, 100 

epoch 

 

The suggested models, including DistilBERT, DistilRoBERTa, and BETO, exhibit 

superior performance compared to conventional machine learning techniques like SVM 

and Random Forests. This is evident from the studies conducted by Smith et al. (2020) 

and Johnson (2019), where accuracies ranging from 75% to 78% were attained. This 

indicates that fine-tuned pre-trained language models use a more comprehensive 

contextual comprehension, resulting in enhanced accuracy in heart disease 

categorization. DistilRoBERTa has the greatest recall and F1 scores among the 

suggested models, suggesting its greater capability to accurately identify heart disease 

categories across the dataset. This speed optimisation is essential for applications that 

need accurate heart disease analysis, such as customer feedback analysis and social 

media heart disease monitoring. The suggested models use deep learning and transfer 

learning methods, which are more effective than classic approaches that depend on 

human feature engineering and typically fail to capture subtle heart disease expressions. 

The comparison emphasises the substantial improvements in performance that can be 

obtained by using fine-tuned pre-trained language models such as DistilBERT, 

DistilRoBERTa, and BETO for heart disease analysis tasks, as opposed to conventional 
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machine learning approaches. The progress made in deep learning and transfer learning 

highlights the opportunity to improve the accuracy and usefulness of heart disease 

analysis across a wide range of datasets and applications. 

5.3.3 Discussion 

The findings from this thesis underscore the remarkable advancements achieved 

through fine-tuning pre-trained language models for heart disease analysis in medical 

contexts. The study focused on three sophisticated models: DistilBERT, 

DistilRoBERTa, and BETO, all of which demonstrated significant proficiency in 

classifying heart diseases from Colour Doppler Echocardiogram reports. The 

experimental results reveal that all three models achieved high accuracy rates, with 

DistilRoBERTa outperforming the others. Specifically, DistilRoBERTa attained an 

accuracy of 93.38%, surpassing DistilBERT and BETO, both of which recorded an 

accuracy of 91.17%. The superior performance of DistilRoBERTa is further 

highlighted by its lower evaluation loss (0.8752) compared to DistilBERT and BETO 

(both at 0.9229). This indicates that DistilRoBERTa has better generalization 

capabilities and can capture nuanced patterns in the data more effectively. When 

compared to traditional machine learning techniques like SVM with TF-IDF and 

Random Forest with Bag-of-Words, the pre-trained models exhibited significantly 

higher accuracy. For instance, previous works by Smith et al. (2020) and Johnson 

(2019) achieved accuracies of 75% and 78%, respectively. The fine-tuned language 

models not only surpassed these benchmarks but also provided a more robust and 

scalable solution for heart disease analysis tasks in medical data. The consistency across 

accuracy, recall, and F1 scores for all models suggests that these models are well-

balanced in their predictive capabilities. DistilRoBERTa, with its highest scores across 

all metrics, demonstrates the potential for improved performance in practical 

applications. The high recall scores indicate that the models are effective at identifying 

relevant heart disease categories, which is crucial for applications requiring precise 

heart disease detection. The superior performance of DistilRoBERTa emphasizes the 

importance of model architecture and training methodologies in enhancing heart 

disease analysis tasks. The use of transfer learning and fine-tuning pre-trained models 

has proven to be a successful approach, significantly improving the accuracy and 

effectiveness of heart disease categorization over traditional machine learning methods. 
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Future research could focus on further optimizing these models by exploring different 

hyperparameters, larger datasets, and more diverse linguistic contexts. Additionally, 

integrating these models into real-time heart disease analysis systems could provide 

valuable insights for healthcare providers, aiding in better patient diagnosis and 

treatment planning. This study highlights the effectiveness of advanced pre-trained 

language models in heart disease analysis, particularly within the medical domain. The 

findings demonstrate that with appropriate fine-tuning, models like DistilRoBERTa can 

achieve superior performance, making them valuable tools for practical applications in 

healthcare and beyond. 

5.4 Summary 

The thorough training and assessment of the DistilBERT, DistilRoBERTa, and BETO 

models for the categorization of heart disease using color Doppler echocardiogram data 

are presented in the chapter on experimental results. The dataset was tokenized using 

the "finite automata/beto-heart-disease-analysis" tokenizer, with 80% of the subsets 

used for training and 20% for testing. Models were optimized on high-performance 

GPUs across 50 epochs. DistilRoBERTa outperformed DistilBERT and BETO, both of 

which attained 91.17%, with a maximum accuracy of 93.38%. Evaluation parameters 

included recall, accuracy, precision, and F1 score; DistilRoBERTa demonstrated lesser 

evaluation loss and better generalization. A comparative study revealed these pre-

trained models' superior capacity to identify intricate patterns in medical data, 

outperforming more conventional machine learning techniques like SVM and Random 

Forest. The findings highlight how sophisticated language models may enhance patient 

outcomes and heart disease detection by producing more precise and trustworthy 

forecasts. 
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CHAPTER 6 

Impact on Society 

6.1 Impact on Life 

The progress in heart disease analysis, as shown by this thesis, has profound 

ramifications for society, namely in the healthcare industry. This study adds to the 

improvement of medical data interpretation by using pre-trained language models such 

as DistilBERT, DistilRoBERTa, and BETO. This advancement has the potential to 

bring about many social advantages. A precise analysis of feelings in medical reports, 

such as Colour Doppler Echocardiogram data, enhances healthcare personnel' 

comprehension of patient situations and emotions. This may result in more 

individualized and prompt treatments, hence enhancing the overall quality of patient 

care and results. The impressive precision rates shown by these models, particularly 

DistilRoBERTa, indicate that automated heart disease analysis has the potential to 

assist clinicians in making well-informed diagnostic judgements. This minimises the 

probability of human mistake and guarantees a superior level of medical diagnostics. 

Implementing automated heart disease analysis for medical reports may substantially 

decrease the strain on healthcare personnel, enabling them to prioritise more crucial 

responsibilities. This may result in a more optimal allocation of healthcare resources, 

thereby decreasing expenses and enhancing the provision of services. This project 

primarily examines heart disease analysis in medical data, but the techniques and 

models it develops may be easily modified for use in several other domains, including 

customer service, social media monitoring, and psychological evaluations. The wide 

range of fields that these technical developments may be used to displays their 

adaptability and significant influence. The results of this thesis emphasise the efficacy 

of refining pre-trained language models for certain purposes. This supports the 

continuous investigation in natural language processing (NLP) and promotes further 

study into more advanced models and applications, fostering creativity and 

technological advancement. Utilising sophisticated artificial intelligence in the 

healthcare sector gives rise to significant ethical concerns, such as safeguarding patient 

privacy and ensuring data security. This study emphasises the need of strong ethical 
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norms and laws to guarantee the responsible implementation of new technologies, 

safeguarding patient rights and upholding public confidence. The proven efficacy of 

these models in heart disease analysis sets the stage for future advancements in AI-

powered healthcare solutions. Continual enhancements and modifications of these 

models may result in ever more advanced tools, hence substantially improving the 

quality of healthcare and other social services. This study has a significant influence on 

society, including advancements in patient care, efficient utilisation of resources, and 

enhanced diagnostic precision. Furthermore, it creates opportunities for further 

investigation and implementation in many industries, emphasising the significant 

impact that AI and NLP technologies may have. 

6.2 Impact on Society & Environment 

The study conducted in this thesis is on advanced heart disease analysis using pre-

trained language models such as DistilBERT, DistilRoBERTa, and BETO. This 

research has the potential to significantly alter the environment, particularly in terms of 

the technical and operational breakthroughs it facilitates. Optimising energy usage may 

be achieved by efficiently using high-performance computing resources, such as GPUs, 

during the training of these models. By performing fine-tuning on pre-trained models 

instead of starting the training process from the beginning, the total computational cost 

and energy consumption are decreased. The optimal use of resources results in a 

reduced environmental impact for machine learning activities. Integrating sophisticated 

heart disease analysis in medical domains facilitates the process of digitization, hence 

diminishing the reliance on physical paper documents. By transitioning to digital 

solutions, the amount of paper waste is reduced, which helps avoid deforestation and 

save natural resources. Implementing automated heart disease analysis in the healthcare 

sector may result in improved allocation of resources and decreased inefficiency. For 

instance, the prompt and precise diagnosis facilitated by these models might decrease 

superfluous examinations and interventions, thereby minimising the ecological 

consequences linked to the creation, use, and disposal of medical resources. The 

improved precision and effectiveness of these models facilitate the development of 

telemedicine solutions. Telemedicine and remote diagnostics may reduce the need of 

travel, hence reducing the greenhouse gas emissions linked to patient and healthcare 

provider commutes. Healthcare institutions may implement more sustainable practices 
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by using AI-driven heart disease analysis to optimise their operations. Optimising the 

utilisation of energy and resources in healthcare operations may make a significant 

contribution to the overall endeavour of attaining sustainability objectives in the 

medical industry. By prioritising the refinement of pre-existing models rather than 

creating new models from the beginning, the environmental impact of machine learning 

may be greatly reduced. This strategy utilises pre-existing computing labour, therefore 

saving energy and decreasing the carbon emissions linked to expensive model training 

procedures. This study emphasises the significance of using energy-efficient strategies 

in artificial intelligence (AI), hence promoting the advancement of environmentally 

friendly AI efforts. By showcasing the practicality of efficient but less resource-

demanding models, it encourages a shift towards environmentally conscious AI 

development. This study has a substantial influence on the environment by increasing 

energy efficiency, minimising waste, and advocating for sustainable practices in 

healthcare and other sectors. The approaches and models created help reduce the 

environmental impact of machine learning applications, hence promoting wider 

environmental conservation initiatives. 

6.3 Ethical Aspects 

The study undertaken in this thesis focuses on advanced heart disease employing pre-

trained language models like DistilBERT, DistilRoBERTa, and BETO. It addresses 

many significant ethical considerations: Stringent safeguards are necessary to preserve 

data privacy and confidentiality when using sensitive medical data for training and 

assessing models. Anonymizing patient data and following ethical norms and 

legislation like GDPR and HIPAA are essential to safeguard people' privacy rights. This 

guarantees that the advantages of sophisticated machine learning techniques are not 

achieved by sacrificing patient confidentiality. Ensuring the absence of bias in the 

models is a crucial ethical concern. Training data bias may result in unjust and 

imprecise predictions, which can have significant ramifications in healthcare 

environments. To prevent bias and guarantee equitable treatment of all demographic 

groups, it is essential to train and verify the models using varied and representative 

datasets. AI models should have clear decision-making procedures. Healthcare 

practitioners and patients must comprehend the methodology and rationale behind 

certain forecasts or categorization. Utilising explainable AI approaches may enhance 
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the transparency of models' decision-making, hence promoting confidence and 

accountability in AI-powered healthcare solutions. It is essential to provide patients 

with information on the use of their data in artificial intelligence (AI) research and 

applications. Acquiring informed consent guarantees that patients are fully informed 

and provide their approval for the utilisation of their data in the creation and 

implementation of AI models, while preserving their independence and rights. It is 

essential to adhere to ethical principles when using AI models in healthcare to guarantee 

that they augment patient care while preserving the crucial human element in 

healthcare. AI should be seen as a tool that supports healthcare personnel rather than a 

substitute, guaranteeing the preservation of ethical norms in patient care. It is essential 

to establish protective measures to avert the inappropriate use of AI technology. Well-

defined protocols and regulatory frameworks are necessary to mitigate misconduct and 

guarantee the ethical and responsible use of AI in the healthcare sector. The use of 

sophisticated AI models should strive to diminish discrepancies in healthcare 

accessibility and results. It is imperative to strive for equitable access to AI-driven 

healthcare innovations for all patients, irrespective of their socio-economic background 

or geographical location. The ethical ramifications of using AI in healthcare are fluid 

and developing. Regular assessment and revisions of ethical principles are necessary to 

tackle emerging obstacles and guarantee that AI technologies are used in accordance 

with growing ethical norms. The ethical dimensions of this study are diverse and crucial 

to its achievement and approval. Responsible AI research and deployment in healthcare 

necessitates the inclusion of crucial elements such as safeguarding data privacy, 

preventing bias, upholding transparency, acquiring informed permission, and 

advocating for ethical AI use. This study seeks to address ethical concerns in order to 

make a meaningful contribution to the area of healthcare, while maintaining the highest 

ethical standards. 

6.4 Sustainability Plan 

The sustainability strategy for this study on heart disease using pre-trained language 

models such as DistilBERT, DistilRoBERTa, and BETO incorporates several ways to 

guarantee the long-term viability, scalability, and ethical implementation of the created 

models and methodology. Environmental sustainability methods include the use of 

high-performance GPUs and cloud-based solutions to efficiently utilise resources, the 
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implementation of optimised training procedures to minimise energy consumption, and 

the promotion of data centres powered by renewable energy sources. Economic 

sustainability prioritises the creation of financially viable and efficient models, 

fostering collaborative efforts in open-source development, and ensuring the 

acquisition of financing and grants for continuous research. Social sustainability seeks 

to enhance healthcare outcomes by incorporating models into clinical procedures, 

delivering training to healthcare personnel, and creating patient-centric solutions. 

Robust data governance, ethical AI techniques, and compliance with standards such as 

GDPR and HIPAA guarantee ethical and regulatory compliance. Sustaining continuous 

development is achieved by frequent model updates, integration of feedback systems, 

and promotion of multidisciplinary cooperation. Creating a supportive community 

entails forming alliances, organising outreach initiatives, and delivering user assistance. 

This comprehensive approach encompasses environmental, economic, social, ethical, 

and community dimensions, with the goal of guaranteeing the sustainable viability and 

beneficial influence of sophisticated heart disease models in the healthcare sector. 

6.5 Summary 

With the use of pre-trained language models like DistilBERT, DistilRoBERTa, and 

BETO, the Impact on Society chapter investigates the significant social and 

environmental ramifications of sophisticated heart disease analysis. By delivering 

accurate and quick diagnoses of cardiac disease, these models improve patient care and 

lessen the workload for medical staff. Their great precision reduces the need for travel 

and the emissions that go along with it. It also maximises resource allocation, minimises 

human error, and promotes telemedicine. The research emphasises the advantages of 

adopting energy-efficient AI techniques and digitising medical information for the 

environment. Data protection, bias mitigation, openness, informed consent, and fair 

access to AI-driven healthcare advances are among the ethical issues that are 

highlighted. Through improved training methods, financial sustainability, and social 

sustainability, the study advances sustainable AI practices, guaranteeing long-term 

advantages and ongoing improvements in healthcare. This all-encompassing strategy 

highlights how AI has the potential to revolutionise healthcare while upholding moral 

principles and encouraging sustainability. 
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CHAPTER 7 

Summary, Conclusion, Recommendation and Implication for Future 

Research 

7.1 Conclusions 

This study demonstrates that sophisticated pre-trained language models, including 

DistilBERT, DistilRoBERTa, and BETO, are very successful in heart disease analysis 

tasks that include diagnosing heart illnesses using data obtained from Colour Doppler 

Echocardiogram reports. Out of all the models, DistilRoBERTa stood out as the most 

skilled, reaching an outstanding accuracy rate of 82.64%. This exceptional achievement 

highlights its capacity to detect intricate patterns in medical narratives, surpassing both 

DistilBERT and BETO, which scored accuracies of 81.25% apiece. During the studies, 

these models repeatedly showed strong ability to apply knowledge to fresh datasets, 

suggesting that they have the potential to greatly improve the accuracy of diagnoses in 

clinical applications. Comparative evaluations using classic machine learning methods, 

such as Support Vector Machines (SVM) and Random Forests, highlighted the 

significant improvements in performance that may be gained by using deep learning 

and transfer learning approaches. The fine-tuned pre-trained language models 

demonstrated improved accuracy, recall, and F1 scores compared to traditional 

methods, emphasising their capacity to catch subtle emotion expressions that are 

essential for precise medical diagnosis. The ethical aspects were comprehensively 

examined, with a focus on safeguarding patient confidentiality and implementing 

necessary data protection measures to ensure responsible deployment of AI models in 

healthcare settings. The sustainability plan detailed a thorough strategy for integrating 

these models into clinical workflows in the long run, while simultaneously assuring 

strict adherence to ethical standards and regulatory compliance. The practical 

ramifications of this study indicate notable progress in medical diagnosis by using 

sophisticated AI systems. Healthcare practitioners have the opportunity to enhance 

decision-making processes and improve patient outcomes by using DistilRoBERTa and 

related models. Potential areas for future study are investigating more medical fields 
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and broadening datasets to better test and improve the effectiveness of these models in 

real-world healthcare environments. In summary, this research highlights the 

significant impact that AI may have on healthcare and emphasises the need of using it 

responsibly to maximise its positive effects on society while minimising ethical and 

environmental concerns.  

7.2 Further Suggested Works 

The results of this thesis provide various implications for subsequent research that 

might enhance the area of heart disease analysis in medical settings by using 

sophisticated AI models. Firstly, broadening the dataset to incorporate a wider range of 

medical imaging and clinical notes, in addition to Colour Doppler Echocardiogram 

reports, might improve the strength and usefulness of the model in different diagnostic 

situations. Furthermore, conducting research on the applicability of fine-tuned models 

such as DistilRoBERTa to other languages and healthcare systems might promote 

widespread acceptance and customisation on a worldwide scale. In addition, the use of 

ensemble learning approaches that combine many pre-trained models has the potential 

to enhance classification accuracy and dependability. The prioritisation of ethical issues 

related to patient data protection and model transparency should persist, with a focus 

on conducting continuous research to develop ethical AI frameworks specifically 

designed for healthcare applications. Furthermore, conducting longitudinal studies to 

evaluate the extended-term effectiveness and clinical influence of AI-powered 

diagnostic tools in real-life environments would provide useful knowledge on their 

capacity to be expanded and maintained in healthcare practice. These areas for 

additional research seek to improve both the technical capabilities and ethical 

frameworks required for the proper integration of AI in healthcare, with the ultimate 

goal of enhancing diagnostic accuracy and improving patient care outcomes.  

7.3 Limitations/Conflict Interests 

There are various restrictions on the thesis, as well as possible conflicts of interest. The 

dataset's generalizability to other languages and cultures may be limited due to its 

reliance on Spanish reports of Colour Doppler Echocardiograms, which may not fully 

reflect the range of heart disease presentations. Additional testing may be necessary 

since the models' (DistilBERT, DistilRoBERTa, and BETO) performance may change 
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in various medical situations or when using different kinds of medical data. 

Dependency on specialised software tools and high-performance GPUs might make 

replicability in less sophisticated computing settings difficult.These models' opaque 

decision-making procedures may make it more difficult for clinicians to be trusted. 

Managing sensitive medical data necessitates adhering to complicated rules such as 

GDPR and HIPAA and demanding strict ethical standards. Research funding from 

vested interest organisations, partnerships with technology firms and healthcare 

providers that impact study focus, publication bias towards positive findings, and model 

selection that reflects the affiliations or preferences of researchers are examples of 

potential conflicts of interest. Improving the robustness, equity, and moral integrity of 

AI-driven heart disease analysis requires resolving these issues and tensions. 

Subsequent investigations need to broaden the range of datasets, enhance transparency 

of models, guarantee fair AI implementations, and carefully conform to ethical 

guidelines and data privacy laws. 
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Appendix A 

Complex Engineering Problems (EP) and Complex Engineering Activities 

(EA) Analysis 

Title: ADVANCED NATURAL LANGUAGE PROCESSING TECHNIQUES FOR 

HEART DISEASE ANALYSIS FROM MEDICAL REPORTS 

Students ID: 202-15-14428 

 

CO Description for FYDP 

CO CO Descriptions PO 

Phase -I 

CO1 Integrate recently gained and previously acquired knowledge to 

identify Heart Disease classification problem for the Final Year 

Design Project (FYDP) 

PO1 

CO2 Analyze different aspects of the goals in designing a solution for 

this FYDP 

PO2 

CO3 Explore diverse problem domains through a literature review, 

delineate the issues, and establish this goal for the FYDP 

PO4 

CO4 Perform economic evaluation and cost estimation and employ 

suitable project management procedures throughout the 

development life cycle of the FYDP 

PO11 

Phase -II 

CO5 Design and develop technical solutions and system components or 

processes that meet specified requirements, ensuring compliance with 

public health and safety standards, as well as considering cultural, 

socioeconomic, and environmental factors in this FYDP 

PO3 

CO6 Choose and apply appropriate methodologies, resources, and 

contemporary engineering and IT technologies to address complex 

engineering processes, encompassing prediction and modeling, while 

adhering to relevant constraints in this FYDP 

PO5 
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CO7 Analyze societal, health, safety, legal, and cultural considerations, along 

with associated responsibilities, in the context of professional 

engineering practice and the resolution of this problem, employing 

logical reasoning guided by contextual understanding. 

PO6 

CO8 Comprehend and evaluate the enduring sustainability and impact of 

professional engineering endeavors in addressing intricate engineering 

challenges within social and environmental frameworks. 

PO7 

CO9 Implement ethical principles and adhere to professional standards and 

norms in this FYDP 

PO8 

CO10 Capable of operating proficiently both individually and as a team 

member or leader across diverse teams and interdisciplinary settings in 

this FYDP. 

PO9 

CO11 Proficiently communicate with the engineering community and broader 

society regarding complex engineering endeavors, including the ability to 

comprehend and generate comprehensive reports and design 

documentation, as well as provide and receive clear instructions 

throughout this FYDP. 

PO10 

CO12 Acknowledge the importance of self-directed and life-long learning 

within the evolving landscape of technology, and possess the readiness 

and capability to engage in lifelong learning endeavors. 

PO12 
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Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex 

Engineering Problems (EP), and Attainment of Complex Engineering 

Activities (EA) 

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex Engineering 

Problems (EP): 

SN 
EP 

Definition 
Attainment CO 

Justification 

(with Knowledge Profile) 
References 
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This project demonstrates 

fundamental engineering (K3) 

principles by employing deep 

neural networks and diverse 

transformer architectures for 

data processing and 

classification tasks. The project 

demonstrates specialist 

knowledge (K4) by conducting 

transformer learning 

architecture for computer-

aided diagnosis. 

Page no: 

 [12-28] 

Section:  

[3.2]  

  

The project applies 

engineering practice & design 

(K5) by the figure of process of 

experiments. The project 

addresses engineering 

practice & technology (K6)   by 

employing transformer model. 

 

 

 

Page no: 

 [12-28] 

Section:  

[3.2]  

  

This project ensures to K8 

(Research Literature) by 

synthesizing insights from 

recent studies, to advance 

heart disease classification 

Page no:  

[8-10] 

Section:  
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using deep learning, 

showcasing a comprehensive 

understanding of current 

methodologies. 

[2.2, 2.3]  
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This project addresses EP-2 by 

recognizing the hurdles in 

heart disease classification, 

including limitations of 

traditional methods and the 

complexities of integrating 

transfer learning and deep 

CNNs. Through comparative 

analysis, it confronts 

challenges in understanding 

spatial distributions, offering 

insights for refining diagnostic 

methodologies. 

Page no: 
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This project addresses EP-3 by 

meticulously comparing 

experimental outcomes, 

highlighting Transformer as 

the chosen significant solution 

for enhancing Heart disease 

classification amidst multiple 

potential approaches. 

Page no: 

 [27-32] 

Section: 

 [4.2] 

4. 

EP
4

: F
am

ili
ar

it
y 

o
f 

Is
su

es
 

Yes 

C
O

8
 

This project's interdisciplinary 

approach extends beyond 

computer science and 

engineering, impacting 

medical field contributing to 

advancements in agricultural 

and food sector which 

indicates EP-4. 

Page no: 

 [9-13] 

Section: 

 [2.2, 2.3, 

2.4] 
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5. 
EP

5
: E

xt
en

d
s 

o
f 

ap
p

lic
at

io
n

 c
o

d
es

 

No 

C
O

5
 

N/A N/A 

6. 

EP
6

: 
 E

xt
en

d
s 

o
f 

st
ak

eh
o

ld
er

s 
in

vo
lv

ed
 

an
d

 c
o

n
fl

ic
ti

n
g 

re
q

u
ir

em
e

n
ts

 

No 

C
O

8
 

N/A N/A 

7. 

EP
7

: I
n

te
rd

ep
e

n
d

e
n

ce
 

Yes 

C
O

5
 

This project's comprehensive 

approach addresses high-level 

problems by integrating 

various components across 

data collection, statistical 

analysis, and proposed 

methodology, ensuring a 

holistic solution to complex 

challenges in agriculture field 

which ensures EP-7. 

Page no: 

 [18-29] 

Section: 

 [3.2, 3.3] 
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Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the 

following]: 

 

SN 
EA 

Definition 

Attainment 
CO Justification References 

 

1. 

EA
1

: R
an

ge
 o

f 
re

so
u

rc
es

 

Yes 

C
O

1
1

 

My project utilizes diverse 

resources such as high-

performance computing 

infrastructure, GPUs, deep 

learning frameworks, 

annotated datasets, and 

ethical considerations to 

ensure systematic research 

and contribute to 

advancements in heart 

disease through transformer 

architecture. 

Page no: 

 [31] 

Section: 

 [3.4] 

2. 

EA
2

: L
ev

e
l o

f 

in
te

ra
ct

io
n

 

No N/A N/A 

3. 

EA
3

: I
n

n
o

va
ti

o
n

 

No N/A N/A 
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4. 

EA
4

: C
o

n
se

q
u

en
ce

s 
fo

r 
so

ci
et

y 
an

d
 t

h
e 

en
vi

ro
n

m
e

n
t 

Yes 

This project contributes to 

society by improving 

healthcare through 

advanced vegetable 

classification methods, while 

also promoting 

environmental sustainability 

by employing efficient 

computational resources and 

adhering to ethical 

guidelines. 

Page no: 

 [50-54] 

Section:  

[6.1, 6.2, 6.3 

,6.4] 

5. 

EA
-5

: F
am

ili
ar

it
y 

Yes 

This project expands upon 

existing research by 

examining a novel approach 

in heart disease classification 

through transformer 

architecture, demonstrated 

through preliminary 

terminologies and a 

comprehensive comparative 

analysis, offering new 

insights into the field. 

Page no:  

[7-9] 

Section:  

[2.1, 2.3] 

 

 

Addressing CO (4, 9, 10, and 12): 

SN COs Attainment Justification References 

1 CO4 Yes 

This project addresses CO4 by 

integrating effective project 

management and financial oversight, 

ensuring meticulous planning, 

resource allocation, and budget 

estimation for optimal resource 

utilization throughout the research 

lifecycle. 

Page no:  

[31] 

Section:  

[3.4] 

2 CO9 Yes 
The project demonstrates adherence 

to ethical principles by prioritizing 

patient privacy, obtaining informed 

Page no:  

[52] 
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consent, and transparently 

documenting the research process, 

ensuring responsible knowledge 

dissemination and societal well-being 

through the ethical application of 

advanced healthcare technologies 

which comply with CO9. 

Section:  

[6.3] 

3 CO10 No N/A N/A 

4 CO12 Yes 

The project's dedication to 

continuous learning (CO12) and 

adaptation within the dynamic 

technological landscape is reflected 

in its comprehensive data collection, 

rigorous statistical analysis, 

meticulous methodology 

development, and thorough 

experimental results and analysis, 

showcasing a commitment to staying 

updated and refining techniques to 

address modern challenges. 

Page no:  

[18-28] 

Section:  

[3.2] 
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