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Abstract - The accurate prediction of heart 

disease is a significant challenge in medical diagnostics, 

directly impacting patient care and treatment decisions. 

This project introduces an innovative approach to heart 

disease prediction by leveraging Bayesian Optimization in 

deep learning models. By utilizing Bayesian optimization 

for hyperparameter tuning, the model efficiently identifies 

the optimal configuration for deep neural networks, 

resulting in improved predictive accuracy. The deep 

learning architecture is designed to learn complex patterns 

in the data, and Bayesian optimization is employed to 

optimize key hyperparameters such as learning rate, batch 

size, and the number of hidden layers. The model is 

evaluated using standard metrics like accuracy, precision, 

recall, and F1-score. The results demonstrate that the 

Bayesian-optimized deep learning model significantly 

outperforms traditional machine learning algorithms, such 

as Logistic Regression (LR), K-Nearest Neighbors (KNN), 

and Support Vector Machine (SVM), in predicting heart 

disease with higher accuracy and reliability. This project 

highlights the effectiveness of combining Bayesian 

optimization with deep learning to enhance predictive 

performance, offering a promising solution for automated 

medical diagnostics and improving clinical decision-

making in the detection of heart disease. 
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I. INTRODUCTION  

In recent years, the incidence of heart disease 

(HD), commonly referred to as cardiovascular disease 

(CVD), has risen dramatically, establishing it as the 

foremost cause of death across many nations. HD involves 

a spectrum of conditions that impact the heart’s structure 

and functionality, making timely and accurate diagnosis 

challenging for healthcare professionals. To support 

physicians in diagnosing HD/CVD more swiftly and 

precisely, the use of digital technology has become 

increasingly important. As a result, the integration of 

computerized systems in HD diagnostics is now vital, 

enhancing diagnostic efficiency, enabling early 

intervention, and ultimately improving patient outcomes. 

The World Health Organization (WHO) identifies 

CVDs as the top contributor to global deaths, accounting 

for approximately 17.9 million deaths annually. This broad 

category includes diseases affecting the heart and blood 

vessels such as coronary artery disease, stroke, rheumatic 

heart disease, and other related disorders. HD can take 

various forms, including coronary artery disease, heart 

failure, valvular disease, cardiomyopathy, arrhythmias, 

and pericarditis. Multiple contributing factors—like 

chronic stress, poor diet, physical inactivity, obesity, 

hypertension, smoking, diabetes, and excessive alcohol 

use—are linked to the development of HD. 

Heart attacks and strokes alone contribute to over 

80% of CVD-related deaths, with a significant portion—

nearly one-third—occurring in individuals younger than 

70 years. Therefore, there is an urgent necessity for 

effective preventive strategies, early diagnosis, and better 

disease management. Early identification of heart 
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conditions provides an opportunity to introduce medical 

and lifestyle interventions that could potentially halt or 

slow disease progression and reduce death rates. 

Deep learning (DL), a branch of machine learning 

(ML), utilizes multiple layered architectures to process 

data hierarchically. It has gained popularity for its high 

performance in solving complex tasks. In the medical field, 

DL is widely applied in areas like medical imaging, 

analysing electronic health records (EHRs), genetic 

research, and text-based disease identification. DL-

powered expert systems are increasingly employed in 

clinical decision support, enhancing the diagnosis and 

management of various conditions. 

Building on these advancements, this study 

presents an innovative Hybrid Deep Neural Network 

(HDNN) model for HD prediction, utilizing both small- 

and large-scale datasets. The integration of DL techniques 

with conventional ML approaches aims to improve 

prediction accuracy and reliability. DL can process 

complex and voluminous clinical datasets, helping to 

improve disease detection, predict outcomes, and support 

decision-making in clinical settings. 

Although many studies have explored ML in HD 

prediction, few have applied advanced DL architectures 

such as deep Artificial Neural Networks (ANNs), Long 

Short-Term Memory (LSTM) models, Convolutional 

Neural Networks (CNNs), or hybrid systems like CNN-

LSTM for this purpose. HDNN models can outperform 

traditional ML methods, especially in analysing intricate 

datasets. Nonetheless, traditional models such as logistic 

regression, KNN, and SVM remain useful, particularly 

where interpretability and simplicity are crucial, or when 

data availability is limited. Therefore, selecting between 

HDNNs and traditional ML methods should be based on 

the specific prediction objectives, data size and quality, 

available computing power, the need for model 

transparency, and the complexity of the relationships in the 

data. 

Primary Contributions of This Research: 

1. A CNN-based DL model is proposed for effective heart 

disease prediction using structured health data. 

2. Bayesian Optimization is employed to fine-tune 

essential hyperparameters, including learning rate, 

batch size, and network design. 

3. The model’s performance is evaluated through key 

metrics—accuracy, precision, recall, and F1-score—

and benchmarked against traditional ML models like 

Logistic Regression, KNN, and SVM. 

II. LITERATURE SURVEY 

1. Risk factor refinement and ensemble deep learning 

methods on prediction of heart failure using real 

healthcare records. 

C. Zhou presents a deep learning-based early 

warning system for heart failure prediction, using risk 

factor selection and anomaly detection for data refinement. 

The model combines a scalable conjugate-gradient method 

with back propagation, achieving 98.5% accuracy on Heart 

Carer data, surpassing existing methods and supporting 

timely clinical intervention. 

2. An intelligent heart disease prediction system using 

hybrid deep dense Aquila network 

S. P. Barfungpa proposes an intelligent heart 

disease prediction system using a hybrid deep learning 

model called Deep-DenseAquilaNet. The system includes 

data preprocessing, optimized feature selection using the 

Enhanced Sparrow Search Algorithm (E-SSA), and 

classification using a residual attention-based CNN. The 

Aquila Optimization Algorithm (AOA) is applied to fine-

tune the model, enhancing accuracy and efficiency. Tested 

on multiple public datasets, the model demonstrates high 

adaptability and precision for early heart disease detection. 

3. Multiple criteria decision making, feature selection, 

and deep learning: A golden triangle for heart disease 

identification  

A. Najafi presents a robust CVD diagnosis system 

by integrating ANN, multiple feature selection methods, 

and MCDM techniques. PSO optimizes model 

performance, while a hybrid MEREC-BWM weighting 

method and enhanced ELECTRE III ensure effective 

evaluation. Top models like LASSO-CNN and AdaBoost 

variants achieved up to 99.51% accuracy. The system's 

reliability is validated through multiple MCDM methods 

and sensitivity analysis. 

4. A comparative study of classification and prediction 

of cardio-vascular diseases (CVD) using machine 

learning and deep learning techniques  

M. Swathy explores AI, machine learning, and 

deep learning techniques for early cardiovascular disease 

(CVD) prediction. It highlights how lifestyle factors 

contribute to CVD and the need for intelligent diagnostic 
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tools. The paper categorizes models into data mining, ML, 

and DL approaches. It also reviews algorithms, datasets, 

tools, and evaluation metrics used to assess model 

performance. 

5. Classification of health care products using hybrid 

CNN-LSTMmodel  

B.R.Reddy addresses automated healthcare 

product classification using a hybrid CNN-LSTM 

framework to overcome challenges like limited labelled 

data and class imbalance. It proposes intelligent data 

selection and filtering to boost model efficiency. The 

approach reduces reliance on large datasets and extensive 

training. Results show improved accuracy through a robust 

final classification layer.  

6. Effective Heart Disease Prediction Using Hybrid 

Machine Learning Techniques  

S. Mohan proposes a novel hybrid model using 

Genetic Algorithm (GA) and Particle Swarm Optimization 

(PSO) to enhance prediction accuracy. Using the 

Cleveland dataset, significant features are selected, and 

rules are generated to improve model performance. The 

proposed HRFLM model achieves 88.7% accuracy in 

predicting heart disease. 

7. Automatic Heart Disease Prediction Using Feature 

Selection and Data Mining Technique  

Hung proposes an automatic heart disease 

prediction method using feature selection and data mining 

techniques. The Infinite Latent Feature Selection (ILFS) 

method ranks attributes, and a soft margin SVM is used for 

classification. The model effectively reduces noisy data 

and improves accuracy. It achieves 90.65% accuracy and 

0.96 AUC using the UCI Heart Disease dataset.  

8. Classification models for heart disease prediction 

using feature selection and PCA  

Gárate Escamilla proposes a novel dimensionality 

reduction method for heart disease prediction using feature 

selection techniques. By combining Chi-Square and 

Principal Component Analysis (PCA), the study evaluates 

six ML classifiers, achieving the highest accuracy of 

98.7% with Random Forests on the Cleveland dataset. The 

CHI-PCA approach effectively identifies key features like 

cholesterol levels and heart rate, improving predictive 

accuracy. The method demonstrates the significant role of 

these factors in accurate heart disease diagnosis. 

9. Efficient Prediction of Cardiovascular Disease Using 

Machine Learning Algorithms with Relief and LASSO 

Feature Selection Techniques  

P. Ghosh proposes a heart disease prediction 

model using an improved Random Survival Forest (iRSF) 

and hybrid classifiers. The model integrates Relief and 

LASSO for feature selection and achieves 99.05% 

accuracy with the Random Forest Bagging Method 

(RFBM), utilizing 32 risk factors to predict heart failure 

mortality.  

10. Entropy-Based Anomaly Detection in a Network 

Entropy-Based Anomaly Detection in a Network 

Callegari proposes a deep learning model for heart 

disease diagnosis using a Keras-based dense neural 

network with 3 to 9 hidden layers and 100 neurons per 

layer. The model, evaluated on multiple datasets, 

outperforms individual and ensemble models, achieving 

superior accuracy, sensitivity, and specificity using metrics 

like accuracy and f-measure. 

III. PROPOSED METHODOLOGY 

 

This study presents an advanced heart disease 

prediction model by integrating Convolutional Neural 

Networks (CNNs) with Bayesian Optimization (BO), 

using the Cleveland Heart Disease dataset. The dataset 

includes clinical features such as age, sex, blood pressure, 

cholesterol levels, and ECG results. After thorough data 

preprocessing handling missing values, encoding, 

normalization, and feature selection the CNN model is 

constructed to automatically extract important patterns 

from the data. The CNN architecture includes 

convolutional and pooling layers for feature extraction, 

followed by fully connected layers for classification, using 

a sigmoid output layer and binary cross-entropy loss. To 

enhance performance, Bayesian Optimization is applied to 

tune hyperparameters like learning rate, batch size, and 

number of filters, offering a more efficient alternative to 

grid or random search. The model is trained on a 70-30 

split and evaluated using accuracy, precision, recall, and 

F1-score. Its performance is benchmarked against classical 

ML models like Logistic Regression, KNN, and SVM, 

showing superior results. SHAP (SHapley Additive 

exPlanations) values are used to interpret feature 

importance, making the model more transparent. Overall, 

this approach offers a powerful and interpretable solution 

for automated heart disease detection in clinical settings. 

http://www.ijsrem.com/


          International Journal of Scientific Research in Engineering and Management (IJSREM) 
               Volume: 09 Issue: 04 | April - 2025                            SJIF Rating: 8.586                                   ISSN: 2582-3930                                                                                                                                          

 

© 2025, IJSREM      | www.ijsrem.com                                 DOI: 10.55041/IJSREM45424                                                |        Page 4 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig – 1: System Architecture 

 

A. DATASET DESCRIPTION 

This study utilizes two heart disease datasets for 

predictive analysis. The first is a truncated version of a 

larger dataset containing 1,025 patient records from 

Cleveland, Hungary, Switzerland, and Long Beach V. 

While the full dataset includes 76 attributes, this study 

focuses on 14 key features 13 independent variables and 

one target variable indicating the presence or absence of 

heart disease. The second dataset, sourced from Kaggle, 

includes 918 patient records and 12 attributes, with 11 

features used for prediction and one as the target. Both 

datasets offer a diverse range of clinical characteristics, 

making them valuable for building and evaluating heart 

disease prediction models. 

 

B. EXPLORATORY DATA ANALYSIS 

Exploratory Data Analysis (EDA) was conducted 

to understand the distribution and patterns within the 

datasets. The combined dataset from Cleveland, Hungary, 

Switzerland, and Long Beach V includes 1,025 patient 

records 713 males and 312 females. Among them, 526 

patients were diagnosed with heart disease, including 300 

males and 226 females. The Kaggle dataset contains 918 

records 725 males and 193 females with 508 diagnosed 

cases, accounting for 55.34% of the total. These 

demographic and diagnostic insights are essential for 

guiding further analysis and model development. 

 

C. BAYESIAN OPTIMIZATION 

Hyperparameter tuning plays a vital role in 

enhancing the performance of deep learning models, 

especially complex architectures like Convolutional 

Neural Networks (CNNs). Key hyperparameters such as 

learning rate, batch size, filter size, dropout rate, and 

optimizer choice have a significant impact on training 

efficiency and accuracy. Manual tuning or traditional 

methods like grid and random search are often inefficient 

and computationally expensive, particularly for deep 

models and large datasets. Bayesian Optimization (BO) 

offers a more efficient, automated alternative. It is well-

suited for optimizing black-box functions such as model 

validation accuracy that are costly to evaluate. Instead of 

exhaustively searching the space, BO uses a probabilistic 

surrogate model, typically a Gaussian Process (GP), to 

approximate the objective function as shown in the Figure 

-1.  

This model predicts the performance (mean) and 

uncertainty (standard deviation) for different 

hyperparameter combinations. To decide where to sample 

next, BO employs an acquisition function such as 

Expected Improvement (EI), Probability of Improvement 

(PI), or Upper Confidence Bound (UCB). These functions 

help balance exploration (trying uncertain areas) and 

exploitation (focusing on promising regions), efficiently 

guiding the search toward optimal hyperparameters with 

fewer evaluations. 

𝐸𝐼 = (𝜇(𝑥) − 𝐹(𝑥+) − 𝜉)Φ(Z) + σ(x)ϕ(Z) 

 

The Expected Improvement (EI) function uses 

μ(x) (mean) and σ(x) (standard deviation) to predict at 

point x, with f(x⁺) being the best observed value. Φ and ϕ 

are the cumulative and probability density functions of the 

standard normal distribution, and ξ encourages 

exploration. The term Z is: 

𝑍 =
𝜇(𝑥) − 𝑓(𝑥+) − 𝜉

σ(x)
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Bayesian Optimization iteratively evaluates 

hyperparameters by initially selecting random 

configurations. A Gaussian Process (GP) model is trained 

on these evaluations, and the acquisition function is 

optimized to find the next best point. After evaluating the 

objective function at this point, the data is added, and the 

GP is updated. This process repeats until a stopping 

criterion is met, such as reaching a set number of iterations 

or performance threshold. 

 

D. COVOLUTIONAL NEURAL NETWORK 

Convolutional Neural Networks (CNNs), though 

originally developed for image processing, are now 

effectively used for tasks like heart disease prediction with 

tabular clinical data. CNNs automatically learn 

hierarchical features through layers such as convolutional 

layers, activation functions, pooling layers, and fully 

connected layers. 

In CNNs, convolutional layers use filters (kernels) 

to detect local patterns in the input data, producing feature 

maps. Key parameters include filter size, number, and 

stride. These maps are then passed through an activation 

function, typically ReLU (Rectified Linear Unit), which 

introduces non-linearity, helping the model learn complex 

patterns in the data. 

𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥) 

Convolutional Neural Networks (CNNs) are 

powerful deep learning models that automatically learn 

patterns from structured data, making them suitable for 

tasks like heart disease prediction using clinical features. 

They consist of convolutional layers that extract important 

features using filters, activation functions like ReLU that 

introduce non-linearity and enhance learning, and pooling 

layers that reduce dimensionality while retaining essential 

information. After feature extraction, fully connected 

layers process the data and produce final predictions using 

activation functions like sigmoid for binary classification. 

CNNs are effective at capturing complex 

relationships between clinical variables such as blood 

pressure, cholesterol, and age, without requiring manual 

feature selection. In this study, the clinical data is 

structured as matrices and processed using 1D 

convolutions to reveal feature interactions. To optimize the 

model’s performance, Bayesian Optimization is used to 

fine-tune hyperparameters such as filter size, learning rate, 

and the number of layers. This makes CNNs not only 

accurate but also efficient for predictive modelling in 

healthcare applications. 

IV. RESULTS AND DISCUSSION 

 

This study has used model construction to evaluate 

the efficacy and usefulness of several classification 

algorithms for heart disease prediction. A confusion matrix 

and all relevant metrics, including the accuracy, precision, 

recall, F1- score, and ROC-AUC score, are used to 

evaluate a model’s performance. 

 Accuracy: accuracy is calculated as the number of 

all correct predictions of heart disease divided by the total 

number of the dataset. Accuracy comparison is based on 

the performance among the four classification algorithms. 

 

Accuracy =  
𝑇𝑃 +  𝑇𝑁

TP +  FP +  TN +  FN
 

 

 Precision: it tells what fraction of predictions of a 

positive class are actually heart diseases positive. The high 

precision means the result of the measurements is 

consistent or the repeated values of the reading are 

obtained. The low precision means the value of the 

measurement varies.  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃 

𝑇𝑃 +  𝐹𝑃
 

 

 Recall: recall refers to a test’s ability to designate 

an individual with heart disease as positive. A highly 

sensitive test means that there are few false negative 

results, and thus fewer cases of heart disease are missed. It 

is also known as the True Positive rate (TPR).  

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃 

𝑇𝑃 +  𝐹𝑁
 

 

 F1-score: the harmonic mean of precision and 

recall is called F1-score. The high F1-score indicates 

perfect precision and recall of the proposed model.  

 

𝐹1 −  𝑠𝑐𝑜𝑟𝑒 =  2 ∗
𝑅𝑒𝑐𝑎𝑙𝑙 ∗  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

 𝑅𝑒𝑐𝑎𝑙𝑙 +  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

 

 AUC-ROC: an efficiency indicator for 

classification issues is called AUC (Area under Curve)-

ROC (Receiver Operating Characteristic). We can learn 

about the model’s capacity for class distinction using the 

AUC-ROC metric. The model is better when the AUC is 

higher. It can be produced mathematically by plotting TPR 
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(True Positive Rate) vs. FPR (False Positive Rate) at 

various threshold values. 

 

 

Table – 1: Comparison of the proposed method with 

Existing method 
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99.72 96.78 99.62 
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98.7
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Fig – 2: Comparison of the proposed method with Existing 

method 

 

V.  CONCLUSION 

In conclusion, this project demonstrates the 

effectiveness of using a Convolutional Neural Network 

(CNN) enhanced with Bayesian Optimization for 

predicting heart disease. By leveraging deep learning and 

intelligent hyperparameter tuning, the model can 

efficiently learn complex patterns from clinical data and 

make accurate predictions. The optimization of key 

hyperparameters using Bayesian methods significantly 

improves the model’s performance compared to traditional 

machine learning algorithms, ensuring reliable predictions 

that can aid in early diagnosis and intervention. The 

system's evaluation using standard classification metrics 

highlights its robustness and potential for real-world 

applications. As future work progresses, the model can be 

expanded with additional data, refined techniques, and 

real-time prediction capabilities, ultimately offering a 

valuable tool for healthcare providers to improve patient 

outcomes and clinical decision-making in heart disease 

detection. 
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