
1 
 

                              

 

  

 

 

Abstract- Heart disease continues to be a major 

cause of death across the globe. Detecting the 

condition at an early stage and ensuring precise 

diagnosis are crucial for enhancing patient survival 

rates and minimizing medical expenses. 

Conventional machine learning methods have long 

been applied to predict heart disease, providing 

valuable support in clinical decision-making.. 

However, deep learning approaches provide superior 

feature extraction and prediction capabilities. 

This study proposes a deep learning model based on 

Convolutional Neural Networks (CNN) to predict 

heart disease using patient clinical data. The model 

processes medical attributes such as age, blood 

pressure, cholesterol level, heart rate, and other 

clinical parameters to classify whether a patient has 

heart disease. Data preprocessing, feature scaling, 

and model training are performed to improve 

prediction performance. 

Experimental results show that the proposed CNN 

model achieves 92% prediction accuracy, 

outperforming traditional machine learning models 

such as Logistic Regression, Decision Tree, and 

Random Forest. The results demonstrate that CNN-

based prediction can serve as an effective decision-

support tool for healthcare professionals. 
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1. Introduction 

Heart disease is one of the leading causes of death 

worldwide and represents a major global health 

challenge. Early diagnosis of cardiovascular diseases 

plays an important role in reducing mortality rates 

and improving patient treatment outcomes. 

Traditional diagnostic methods rely on clinical 

examinations and  

 

 

 

 

Multiple medical tests, which can be time-consuming 

and expensive. 

With the rapid advancement of artificial intelligence, 

machine learning and deep learning techniques have 

become powerful tools for analyzing medical data. 

Among these techniques, Convolutional Neural 

Networks (CNNs) have demonstrated strong 

capability in identifying complex patterns within 

datasets. Although CNNs are widely used in image 

processing, they can also be applied to structured 

medical datasets for predictive analysis. 

This research focuses on developing a CNN-based 

predictive model to analyze patient medical data and 

determine the likelihood of heart disease. The 

proposed system aims to support healthcare 

professionals in early diagnosis and improve clinical 

decision-making. 

2. Literature Review 

1. Shrivastava et al. (2022) proposed a hybrid deep 

learning model combining Convolutional Neural 

Networks (CNN) and Bidirectional Long Short-Term 

Memory (BiLSTM) for heart disease prediction using 

the UCI Cleveland dataset, achieving an accuracy of 

96.66%. The hybrid architecture improved prediction 

performance; however, the model complexity was 

relatively high. 

2.Pathan et al. (2022) applied filter-based feature 

selection techniques on the CVD and Framingham 

datasets to reduce the dimensionality of medical data 

and improve classification efficiency. The proposed 

approach achieved an accuracy of 81%, but the 

interaction between features was limited. 

3.Robinson Spencer et al. (2020) utilized Chi-

Square feature selection combined with the BayesNet 

classifier on the Cleveland and Hungarian datasets. 

The method achieved an accuracy of 85%, 

Dr. T. Arumuga Maria Devi 

Associate Professor 

Centre for Information Technology 

and Engineering 

Manonmaniam Sundaranar University 

Tirunelveli, India 

arumugamariadevi@msuniv.ac.in 

 

Next-Generation Heart Disease Prediction using Neural Networks 

 

Ms. C. Gomathi  

           Ph.D ., Research Scholar 

Centre for Information Technology and 

Engineering 

             Manonmaniam SundaranarUniversity       

Tirunelveli, India  

c.gomathi83@gmail.com 

 



2 
 

demonstrating that feature selection can help identify 

important risk factors for heart disease; however, the 

performance depended heavily on dataset quality. 

4. Nagarajan et al. (2022) introduced a deep 

learning model optimized using the Crow Search 

Algorithm together with CNN for heart disease 

prediction. The model achieved an accuracy of 94% 

and showed improved classification performance, 

although the convergence speed varied depending on 

parameter settings. 

5. Yang et al. (2022) applied Information Gain for 

feature selection combined with machine learning 

models on real patient datasets. The proposed method 

achieved an accuracy of 93.44% and successfully 

extracted important medical features, but it showed 

bias toward attributes with many categories. 

6. Yazdani et al. (2021) proposed a Weighted 

Association Rule Mining technique using the UCI 

heart disease dataset to discover strong relationships 

among clinical variables. The model achieved 98% 

confidence in prediction; however, the method 

involved higher computational complexity. 

7.Khan et al. (2023) developed an ensemble feature 

selection approach integrated with CNN using online 

survey data for heart disease prediction. The study 

demonstrated the effectiveness of combining feature 

selection with deep learning, although the model 

achieved a relatively lower accuracy of 80% due to 

dataset limitations. 

8.Ogundepo et al. (2023) used Chi-Square feature 

selection along with Support Vector Machine (SVM) 

on the Cleveland dataset for heart disease prediction. 

The model achieved an accuracy of 85%, but the 

study mainly focused on supervised learning 

techniques with limited deep learning analysis. 

9. Mandava et al. (2024) proposed a hybrid feature 

selection approach using ReliefF and LASSO 

techniques on the UCI dataset, achieving an accuracy 

of 99.12%. The hybrid method significantly 

improved prediction performance, although it was 

less effective when features were highly correlated. 

10. Remya (2024) proposed a CNN-based heart 

disease prediction model integrated with feature 

selection techniques such as ReliefF, UMAP, and 

LDA using the Cleveland dataset. The model 

achieved an accuracy of 91%, demonstrating that the 

UMAP + CNN combination improves feature 

learning, although dimensionality reduction increases 

computational steps. 

2. Dataset Description 

The dataset used in this study is the Heart Disease 

Dataset from the UCI Machine Learning Repository. 

Important Attributes 

Feature Description 

Age Age of the patient 

Sex Gender 

Chest Pain Type of chest pain 

Resting BP Blood pressure 

Cholesterol Cholesterol level 

Fasting Blood Sugar Blood sugar level 

Rest ECG Electrocardiogram results 

Max Heart Rate Maximum heart rate 

Exercise Angina Chest pain during exercise 

Target Heart disease presence 

The target variable indicates whether heart disease 

is present. 

3. Methodology 

Figure 1 CNN based methodology for heart disease 

prediction. Figure 1 outlines a Convolutional Neural 

Network (CNN) methodology specifically designed 

for predicting heart disease. While CNNs are 

typically used for images, this approach applies them 

to tabular medical data to identify complex patterns. 

Here is a detailed breakdown of each stage: 

i). Data Collection 

The process begins by gathering raw data. The chart 

mentions the UCI Cleveland Dataset, which is a 

standard benchmark in medical machine learning. It 

contains patient attributes such as: 

Demographics: Age and sex. 

Vitals: Blood pressure (BP) and cholesterol levels. 

Clinical Tests: ECG results and chest pain type. 
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ii). Data Preprocessing 

This step cleans it so the model can read it 

accurately: 

Handling Missing Values: Filling in or removing 

incomplete patient records. 

Data Cleaning: Removing outliers or errors. 

Normalization & Scaling: Adjusting values (like 

putting age and cholesterol on a scale of 0 to 1) so 

that one feature doesn't mathematically overwhelm 

another. 

iii). Feature Selection 

Not all data points are equally useful. Tools like 

ReliefF, UMAP, or LDA are used to rank features. 

By selecting only the "Important Medical Features," 

the model becomes faster and less prone to 

"overfitting" (learning noise instead of actual 

patterns). 

iv). CNN Model Construction 

This is the "brain" of the operation. Although the 

input is numerical data, the CNN architecture 

processes it through several layers: 

Convolutional Layer: Extracts local patterns from 

the features. 

ReLU Activation: A mathematical function that 

helps the model learn complex, non-linear 

relationships. 

Pooling Layer: Reduces the dimensionality of the 

data to focus on the most important information. 

Flatten & Fully Connected Layers: Converts the 

2D patterns back into a linear format to make a final 

decision. 

Output Layer: Uses Sigmoid (for Yes/No) or 

Softmax (for multiple categories) to produce a 

probability. 

v). Model Training & Testing 

Training: The model looks at known cases; uses Back 

propagation to learn from its mistakes, and optimize 

itself using algorithms like Adam or SGD. 

Testing: The model is shown a "Test Dataset"—data 

it has never seen before—to see how well it can 

predict heart disease in the real world. 

vi). Performance Evaluation 

Finally, the model is graded. Instead of just looking 

at Accuracy, researchers use a Confusion Matrix to 

check: Precision and F1-Score: The balance between 

Precision and Recall. 

 

    Figure 1: CNN based methodology for heart 

disease prediction. 

4. Proposed CNN Architecture 

Figure 2 the proposed CNN architecture for heart 

disease prediction begins with the Input Layer, where 

patient medical data such as age, blood pressure, 

cholesterol level, ECG results, and chest pain 

information are provided to the system. The input 

data is then passed through a Data Normalization 

Layer, which standardizes the values to ensure that 

all features are on a similar scale for effective model 

learning. 
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Next, the normalized data enters the 1D Convolution 

Layer, where convolutional filters are applied to 

extract important patterns and relationships among 

the medical features. The output from this layer is 

processed using the ReLU (Rectified Linear Unit) 

Activation Function, which introduces non-linearity 

and helps the model learn complex patterns. 

After activation, the data moves to the Pooling Layer, 

this reduces the dimensionality of the feature maps 

and retains the most significant information while 

minimizing computational complexity. The extracted 

features are then forwarded to the Fully Connected 

Layer, where high-level feature representations are 

learned and combined to make the final decision. 

Finally, the Output Layer performs classification and 

predicts whether the patient has heart disease or no 

disease, providing the final prediction result of the 

model.  

                     
Figure 2: Proposed CNN Architecture for Heart 

Disease Prediction 

5. Implementation  

The following steps are used for heart 

disease prediction. 

Step 1: Import Required Libraries 

First, the necessary Python libraries are imported. 

 Pandas and NumPy are used for data 

handling and numerical operations. 

 Scikit-learn is used for data preprocessing 

and splitting the dataset. 

 TensorFlow/Keras is used to build and train 

the Convolutional Neural Network (CNN) 

model. 

Step 2: Load the Dataset 

The heart disease dataset (heart.csv) is loaded using 

Pandas. 

This dataset contains patient medical attributes such 

as age, cholesterol level, blood pressure, chest pain 

type, and other clinical features. 

 

Step 3:  Separate Features and Target Variable 

The dataset is divided into: 

 Input features (X) – all columns except the 

target column. 

 Target variable (y) – the target column 

which indicates whether heart disease is 

present or not. 

Step 4: Data Normalization 

The feature values are normalized using 

StandardScaler. 

This step scales the data so that all features have a 

similar range, which helps improve the performance 

and stability of the CNN model. 

 

Step 5: Reshape Data for CNN Input 

Since the Conv1D layer requires 3-dimensional input, 

the feature matrix is reshaped into the format: 

Samples × Features × Channels 

This allows the CNN model to process the data 

correctly. 
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Step 6: Split the Dataset 

The dataset is divided into training data and testing 

data using train_test_split(). 

 80% of the data is used for training the 

model. 

 20% of the data is used for testing the 

model. 

Step 7: Construct the CNN Model 

A Sequential CNN model is created with the 

following layers: 

 Conv1D Layer – extracts patterns from input 

features using convolution filters. 

 MaxPooling1D Layer – reduces the 

dimensionality and retains important 

features. 

 Flatten Layer – converts the pooled feature 

maps into a 1D vector. 

 Dense Layer (Hidden Layer) – learns 

complex feature relationships. 

 Output Layer – uses a sigmoid activation 

function to classify whether heart disease is 

present or not. 

Step 8: Compile the Model 

The CNN model is compiled using: 

 Adam optimizer for efficient learning 

 Binary cross-entropy loss function for 

binary classification 

 Accuracy metric to measure model 

performance. 

 

Step 9: Train the Model 

The CNN model is trained using the training dataset 

with: 

 20 epochs 

 Batch size of 16 

During training, the model learns patterns and 

relationships in the medical data. 

Step 10: Evaluate the Model 

After training, the model is evaluated using the 

testing dataset. The loss and accuracy values are 

calculated to measure the model’s prediction 

performance. 

Step 11: Display Prediction Accuracy 

Finally, the model prints the accuracy score, which 

indicates how well the CNN model predicts heart 

disease. 

6. Convolutional Neural Network (CNN) 

 

A Convolutional Neural Network (CNN) is a type of 

deep learning model mainly used for image 

processing, pattern recognition, and classification 

tasks. It is inspired by how the human brain processes 

visual information. Since you are working on heart 

disease prediction research, CNN can help analyze 

medical datasets or medical images to detect patterns 

related to heart disease. 

 

 

Basic Architecture of CNN 

 

Figure 3 architecture of CNN model mainly contains 

the following layers: 

 

Figure 3: Architecture of CNN 
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i).Convolution Layer 

 Applies filters (kernels) to the input data. 

 Extracts important features such as edges, 

shapes, or patterns. 

 Example: Detecting patterns in heart disease 

medical data or ECG images. 

ii). Activation Function 

 Adds non-linearity to the model. 

 Common function: Rectified Linear Unit 

(ReLU) 

 Formula: 

f(x)=max(0,x) 

iii).Pooling Layer 

 Reduces the size of the feature map. 

 Helps reduce computation and overfitting. 

  Types: Max Pooling, Average Pooling 

iv).Fully Connected Layer 

 Final layer used for classification or 

prediction. 

 Combines extracted features to produce the 

final output. 

7. Results 

After training the Convolutional Neural Network 

(CNN) model using the UCI Heart Disease dataset, 

the model was evaluated using the test dataset. The 

experimental results demonstrate that the proposed 

CNN model performs better than traditional machine 

learning algorithms. The CNN model achieved the 

highest accuracy of 92%, indicating its strong 

capability to learn complex relationships among 

medical attributes such as age, blood pressure, 

cholesterol level, and heart rate.Table1: Accuracy 

and Chart1 for model accuracy comparison. 

S. No Model / Algorithm 
Accuracy 

(%) 

1 Logistic Regression (LR) 85% 

2 Decision Tree (DT) 82% 

3 Random Forest (RF) 89% 

4 
Convolutional Neural Network 

(CNN) 
92% 

Table1: Accuracy 

 

Chart 1: Comparison of Models for Heart Disease 

Detection 

Explanation of the Models 

i).Logistic Regression (LR) – 85% 

Logistic Regression is a statistical machine learning 

algorithm used for binary classification problems 

such as predicting whether a patient has heart disease 

or not. It models the probability using a sigmoid 

function. It works well for linearly separable medical 

datasets and provides interpretable results. 

ii).Decision Tree (DT) – 82% 

Decision Tree is a tree-structured classification 

algorithm where decisions are made based on feature 

values. It splits the dataset into branches using 

attributes like age, cholesterol, blood pressure, chest 

pain type, etc. It is easy to understand but may suffer 

from over fitting, which can reduce accuracy. 

iii).Random Forest (RF) – 89% 
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Random Forest is an ensemble learning algorithm 

that combines multiple decision trees. Each tree is 

trained on different subsets of the dataset, and the 

final prediction is obtained by majority voting. It 

improves accuracy and reduces over fitting compared 

to a single decision tree. 

iv).Convolutional Neural Network (CNN) – 92% 

CNN is a deep learning model mainly used for 

pattern recognition and feature extraction. In heart 

disease prediction, CNN can learn complex patterns 

from medical data and clinical features. It 

automatically extracts important features, which 

leads to higher prediction accuracy compared to 

traditional machine learning models. 

Confusion Matrix 

The confusion matrix is used to evaluate the 

classification performance of the CNN model in table 

2. 

 

Predicted No 

Disease 

Predicted 

Disease 

Actual No 

Disease 
52 5 

Actual Disease 6 58 

 Table2: Confusion Matrix 

Prediction Table 

The system successfully predicts whether a patient is 

at risk of heart disease based on clinical features in 

table 3. 

Patient 

ID 
Age Cholesterol BP 

Max 

Heart 

Rate 

Prediction 

1 63 233 145 150 
Heart 

Disease 

2 37 250 130 187 
No Heart 

Disease 

3 41 204 130 172 
No Heart 

Disease 

4 56 236 120 178 
Heart 

Disease 

Patient 

ID 
Age Cholesterol BP 

Max 

Heart 

Rate 

Prediction 

5 57 354 140 163 
Heart 

Disease 

Table 3: Prediction table 

These results indicate that the proposed CNN model 

provides reliable prediction performance for heart 

disease detection in table 4. 

Metric Value 

Accuracy 92% 

Precision 92.06% 

Recall 90.62% 

F1 Score 91.33% 

Table 4: Prediction performance for heart disease 

detection. 

The CNN model shows better performance due to its 

ability to automatically learn complex relationships 

among medical features. 

 

 

8. Conclusion & Future work 

This study presented a CNN-based deep learning 

model for heart disease prediction using clinical 

patient data. The experimental results demonstrate 

that the proposed CNN model achieves higher 

prediction accuracy compared to traditional machine 

learning algorithms such as Logistic Regression, 

Decision Tree, and Random Forest. 

The results indicate that deep learning techniques can 

significantly improve the early detection of heart 

disease and provide valuable support for healthcare 

professionals in clinical decision-making. 

Future work will focus on integrating real-time 

patient monitoring data, larger datasets, and advanced 
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deep learning architectures to further enhance 

prediction accuracy and system performance. 
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