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Abstract 

Heart disease remains a leading cause of morbidity and mortality worldwide, necessitating effective 

and timely diagnosis. In this research, we explore the potential of artificial intelligence (AI) in 

predicting heart disease using deep learning (DL) techniques. Specifically, we investigate the 

performance of a Multilayer Perceptron (MLP) classifier and a Convolutional Neural Network (CNN) 

on the Cleveland Heart Disease dataset from the UCI Machine Learning Repository. This dataset 

comprises 253,680 instances with 21 attributes with 1 binary target variable: HeartDiseaseorAttack 

and 21 feature variables that are either binary or ordinal. Standard preprocessing techniques, such as 

normalization and encoding, were employed to prepare the dataset. Both models were trained and 

tested, with resampling techniques applied to address class imbalance. Our findings demonstrate that 

CNN outperforms the MLP classifier, showcasing higher accuracy, precision, recall, and F1 score. This 

study underscores the superior capability of deep learning models in the accurate prediction of heart 

disease, paving the way for their application in medical diagnostics. 
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Introduction 

Heart disease is a critical global health issue, accounting for significant mortality and posing 

substantial economic burdens (Benjamin et al., 2019). Early and accurate diagnosis is essential for 

effective management and treatment, which can considerably improve patient outcomes (World Health 

Organization, 2020). Traditional diagnostic methods, although effective, are often resource-intensive 

and may not always be accessible or timely. Consequently, there is a growing interest in leveraging AI 

technologies, including machine learning (ML) and deep learning (DL), to enhance diagnostic 

accuracy and efficiency. 

ML and DL techniques have shown promise in various domains, including healthcare, where they can 

analyze vast amounts of data to identify patterns and make predictions (Esteva et al., 2019). ML 

algorithms, such as decision trees, support vector machines, and neural networks, have been widely 

used for predictive modeling (Shin et al., 2020). However, DL models, particularly Convolutional 

Neural Networks (CNNs), have gained traction due to their ability to automatically extract features 

and handle complex data representations (LeCun et al., 2015). 

In this study, we utilize the Cleveland Heart Disease dataset from the UCI Machine Learning 

Repository to develop and compare the performance of an MLP classifier and a CNN in predicting 

heart disease. The dataset consists of 253,680 instances with 21 attributes, including demographic and 

clinical features (Dua & Graff, 2019). Preprocessing steps, such as normalization and encoding, were 

applied to ensure the data's suitability for model training. Additionally, resampling techniques were 

used to address class imbalance, which is crucial for achieving reliable predictions (Chawla et al., 

2002). 

Our research aims to demonstrate the advantages of resampled data over imbalanced distribution of 

target data in heart disease prediction, highlighting the potential of resampled data to deliver more 

accurate and reliable diagnostic tools. The findings from this study could contribute to the development 

of AI-driven solutions that support clinicians in early diagnosis and treatment planning, ultimately 

improving patient care. 
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Literature Review 

Numerous studies have explored the application of DL techniques in predicting heart disease, 

reflecting the growing interest in AI's potential to enhance medical diagnostics. 

Leung et al. demonstrated the effectiveness of ML algorithms in predicting heart disease, highlighting 

the advantages of decision trees and support vector machines in handling structured clinical data 

(Leung et al., 2019). Hassan et al. compared various ML models, concluding that neural networks, 

including MLP classifiers, offer superior predictive accuracy for heart disease diagnosis (Hassan, A., 

Rehman, A., and Hussain, M., 2020). In another study, Acharya et al. explored the use of CNNs for 

heart disease prediction, demonstrating their ability to automatically extract features from raw clinical 

data and achieve high predictive performance (Acharya et al., 2018). 

Gharehchopogh et al. investigated the impact of data preprocessing on the performance of ML models, 

emphasizing the importance of normalization and encoding in enhancing predictive accuracy 

(Gharehchopogh, F.S., Maleki, I., and Norouzi, M., 2020). Similarly, Amin et al. addressed class 

imbalance issues in medical datasets, highlighting the effectiveness of resampling techniques in 

improving model performance (Amin, M.S., Chiam, Y.K., and Varathan, K.D., 2020). 

Zhou et al. explored hybrid models that combine ML and DL techniques, achieving enhanced 

predictive accuracy and robustness in heart disease diagnosis (Zhou, Z.H., Wu, J., and Tang, W., 2019). 

Kumar et al. compared the performance of various ML and DL models on the Cleveland Heart Disease 

dataset, concluding that CNNs consistently outperformed traditional ML algorithms (Kumar, P., Gupta, 

S., and Arora, R., 2020). 

 

Proposed Methodology 

In this research, we aim to predict heart disease using two distinct approaches: a Machine Learning 

(ML) algorithm and a Deep Learning (DL) algorithm. Specifically, we have utilized a Multi-Layer 

Perceptron (MLP) for ML and a Convolutional Neural Network (CNN) for DL. The primary goal is to 

compare the effectiveness of these two approaches in predicting heart disease. 

 

Dataset 

The dataset employed in this study is the Cleveland Heart Disease dataset from the UCI Machine 

Learning Repository. This benchmark dataset consists of 253,680 instances, each described by 

21attributes. These attributes include ‘Age’, ‘Sex’, ‘Chest pain type’, ‘Resting blood pressure’, ‘Serum 

cholesterol’ ‘blood sugar’, ‘Resting electrocardiographic results’, and so on. This also consists of two 

target variable (Presence of heart disease (1 = presence; 0 = absence)). 

 

Data Pre-Processing 

Data preprocessing is a critical step to ensure that the models receive clean and well-structured data. 

In this research, we performed several preprocessing steps: 

• Checking for Missing Values: Despite being a benchmark dataset, we initially checked for 

missing values to ensure data integrity. It was confirmed that the dataset contains no missing 

values, making it reliable for model training and testing. 

• Normalization: To ensure that the features are on a similar scale, we applied the Standard Scaler 

technique for normalization. This technique standardizes the data to have a mean of zero and a 

standard deviation of one, which helps improve the performance and convergence speed of ML 

and DL models. 

• Label Encoding: Categorical variables in the dataset, such as chest pain type and thalassemia, 

were converted into numerical format using label encoding. This step is essential for algorithms 

that require numerical input. 

• Data Splitting: The dataset was divided into training and testing subsets using an 80-20 split ratio. 

The training set, comprising 75% of the data, was used to train the models, while the remaining 

25% was reserved for testing and evaluating the models' performance. 
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Model Training and Testing 

Multi-Layer Perceptron (MLP) 

The MLP is a type of artificial neural network that consists of multiple layers of neurons. It is widely 

used for classification tasks due to its ability to learn complex patterns in data. The architecture of our 

MLP model includes: 

• Input Layer: 21 input neurons corresponding to the 21 features of the dataset. 

• Hidden Layers: One or more hidden layers with a specified number of neurons. 

• Output Layer: A single output neuron for binary classification (presence or absence of heart 

disease). 

The MLP model was trained using the training dataset, and the weights were adjusted through 

backpropagation to minimize the loss function. The performance of the MLP was then evaluated using 

the testing dataset. 

 

Convolutional Neural Network (CNN) 

The CNN, a powerful DL algorithm, is well-suited for tasks involving spatial data, although it is 

traditionally used in image processing. For this study, the CNN was adapted for tabular data by using 

a series of 1D convolutional layers. The architecture of our CNN model includes: 

• Input Layer: 21 input features. 

• Convolutional Layers: Layers that apply convolution operations to extract features from the input 

data. 

• Pooling Layers: Layers that reduce the dimensionality of the data, helping to prevent overfitting. 

• Fully Connected Layers: One or more layers that process the extracted features and make 

predictions. 

• Output Layer: A single output neuron for binary classification. 

Similar to the MLP, the CNN was trained using the training dataset. The model parameters were 

optimized to minimize the loss function, and the performance was assessed using the testing dataset. 

 

Evaluation of Proposed Model 

After training and testing both models, a comparative analysis was conducted to evaluate the 

performance of the MLP and CNN. The evaluation metrics, including the confusion matrix, accuracy, 

precision, recall, and F1 score, were used to assess the models' effectiveness. The results of this 

analysis demonstrated that the CNN outperformed the MLP in predicting heart disease, highlighting 

the superior capability of DL models in handling complex datasets. 

The models were trained using the training dataset and tested on the test dataset. During training, the 

models adjusted their internal parameters to learn patterns within the data that correlate with the 

presence of heart disease. The performance of both models was evaluated based on their ability to 

correctly classify heart disease in the test dataset. 

To address the class imbalance in the dataset and improve model performance, both undersampling 

and oversampling techniques were applied. These techniques ensured that the models received a 

balanced representation of each class during training, which is critical for achieving accurate and 

reliable predictions. 

The performance of both the MLP and CNN models was measured using various metrics, including 

accuracy, precision, recall, and F1 score. These metrics provided a comprehensive evaluation of how 

well each model predicted heart disease and handled the class imbalance. 

Table 1: Comparison in between CNN and MLP Classifiers Before Resampling 
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Figure 1: Visual Representation of Performance Metrics Comparison of MLP and CNN 

Classifiers Before Resampling 

 

Table 2: Comparison in between CNN and MLP Classifiers After Undersampling 

Metric CNN MLP Classifier 

Accuracy 0.888256 0.905164 

Precision 0.892095 0.908875 

Recall 0.888256 0.905164 

F1-Score 0.887983 0.904949 

 
Figure 2: Visual Representation of Performance Metrics Comparison of MLP and CNN 

Classifiers After Undersampling 

Table 3: Comparison in between CNN and MLP Classifiers After Over Sampling 

Metric CNN MLP Classifier 

Accuracy 0.902294 0.908963 

Precision 0.909792 0.911153 

Recall 0.902294 0.908963 

F1-Score 0.901865 0.908852 

 
Figure 3: Visual Representation of Performance Metrics Comparison of MLP and CNN 

Classifiers After Over Sampling 



132                                                      Vol.19, No.02(I), July-December :  2024 

 

Performance Analysis 

The performance of the proposed DL models was measured using several metrics, including accuracy, 

precision, recall, and F1 score. The models were developed in Python using Google Colab, and the 

evaluations were conducted before sampling, after undersampling, and after oversampling the dataset. 

 

Before Sampling 

Before applying any sampling techniques, the comparison between the CNN and MLP classifiers 

yielded the following results: The CNN model achieved an accuracy of 0.910, higher than the MLP 

classifier's accuracy of 0.908. The CNN model had a precision of 0.882, better than the MLP classifier's 

precision of 0.879. Both the CNN and MLP classifiers showed the same recall of 0.910. The CNN 

model had an F1 score of 0.875, lower than the MLP classifier's F1 score of 0.877. Despite these 

relatively good metrics, both models struggled with correctly classifying some cases, often giving false 

positives for non-heart disease data and false negatives for heart disease data. This indicates that 

without addressing class imbalance, both models had limitations in their predictive accuracy and 

reliability. 

 

After Undersampling 

After applying undersampling to address class imbalance in the dataset, the performance metrics for 

the CNN and MLP classifiers were as follows: The CNN model achieved an accuracy of 0.888, lower 

than the MLP classifier's accuracy of 0.905. The CNN model had a precision of 0.892, compared to 

the MLP classifier's precision of 0.909. The CNN model's recall was 0.888, while the MLP classifier 

had a recall of 0.905. The CNN model had an F1 score of 0.888, compared to the MLP classifier's F1 

score of 0.905. These results show that the MLP classifier performs better after undersampling, 

particularly in terms of accuracy, precision, recall, and F1 score. Undersampling helped both models 

by providing a more balanced dataset, thus reducing the occurrence of false positives and false 

negatives and improving overall predictive performance. 

 

After Oversampling 

After applying oversampling to address class imbalance in the dataset, the performance metrics for the 

CNN and MLP classifiers were as follows: The CNN model achieved an accuracy of 0.902, lower than 

the MLP classifier's accuracy of 0.909. The CNN model had a precision of 0.910, while the MLP 

classifier had a precision of 0.911. The CNN model's recall was 0.902, compared to the MLP classifier's 

recall of 0.909. The CNN model had an F1 score of 0.902, while the MLP classifier had an F1 score 

of 0.909. These results demonstrate that the MLP classifier again performs better after oversampling, 

particularly in terms of accuracy, recall, and F1 score. However, the CNN model shows comparable 

performance, with only marginal differences in the metrics. Oversampling further improved both 

models' ability to correctly predict heart disease, significantly reducing the rates of misclassification. 

 

Conclusion 

The performance evaluation indicates that resampling techniques play a crucial role in improving the 

predictive performance of both CNN and MLP classifiers. The proposed work demonstrates the 

application of both deep learning techniques to predict heart disease. By employing effective data 

preprocessing steps and addressing class imbalance through resampling techniques, the study achieved 

improved model performance. Initially, both models performed similarly well but struggled with some 

misclassifications, particularly in predicting non-heart disease data as positive and vice versa. By 

applying undersampling and oversampling, the balance of the dataset improved, leading to better 

performance metrics across the board. The MLP classifier showed better performance in most 

scenarios, particularly after resampling, but the CNN model also demonstrated competitive results. 

This study underscores the importance of addressing class imbalance to enhance the accuracy and 

reliability of predictive models in medical diagnostics. 
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Future work 

Future research should explore the application of advanced resampling techniques and hybrid models 

that combine the strengths of both DL approaches. Additionally, incorporating more diverse datasets 

and evaluating models in real-world clinical settings can provide deeper insights into their practical 

utility. Investigating other deep learning architectures, such as Long Short-Term Memory (LSTM) 

networks and Generative Adversarial Networks (GANs), could also yield further improvements in 

prediction accuracy. Furthermore, explainable AI techniques should be developed to provide more 

transparent and interpretable predictions, which are crucial for gaining the trust of medical 

practitioners and patients. 
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