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Abstract  

Heart disease represents a significant global health concern, underscoring the importance of early and accurate predictive 

models to minimize complications and improve patient prognosis. The Backpropagation Neural Network (BPNN) has been 

widely utilized for heart disease prediction; however, its effectiveness is highly dependent on the selection of appropriate 

hyperparameters, including the number of neurons, activation function, optimizer, and batch size. In this study, the influence 

of hyperparameter optimization on BPNN performance was investigated. A baseline BPNN model was evaluated alongside 

an optimized counterpart in which key hyperparameters had been systematically fine-tuned to improve both predictive 

accuracy and model stability. Both models were trained and validated using an identical dataset, and their performances 

were assessed based on Accuracy, Precision, Recall, Mean Squared Error (MSE), and Mean Absolute Error (MAE). The 

optimized model demonstrated marginally higher accuracy (99.11% compared to 99.09%) and slightly lower error rates 

(MSE and MAE of 0.0089 versus 0.0091). Moreover, it achieved superior precision, indicating enhanced reliability in 

correctly identifying heart disease cases. While the performance improvement was relatively small, the optimized model 

exhibited greater consistency and balance. These results emphasize the critical role of hyperparameter tuning in enhancing 

the predictive capability of neural network models in medical applications. The study contributes to the advancement of more 

accurate and dependable AI-based tools for early heart disease diagnosis. Future research may benefit from employing 

advanced optimization strategies such as Bayesian Optimization or Genetic Algorithms and leveraging larger, more diverse 

datasets to improve generalizability. 
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1. Introduction  

Heart disease remains a primary contributor to global 

mortality. As reported by the World Health 

Organization (WHO), approximately 17.9 million 

deaths each year are attributed to cardiovascular 

conditions, including coronary heart disease [1]. In 

Indonesia, it has been identified by the Ministry of 

Health as the leading cause of death. The prevalence of 

heart disease is further intensified by several 

contributing factors, including poor lifestyle habits, 

hypertension, diabetes, obesity, and inherited genetic 

traits [2]-[4]. Therefore, early detection and prediction 

of heart disease are essential in reducing complications 

and improving patient life expectancy [5]. 

One widely adopted approach for heart disease 

prediction is Artificial Neural Networks (ANN) [6], 

which can recognize complex patterns in medical data, 

thereby enhancing predictive accuracy [7]. In addition 

to ANN, several other machine learning methods are 

commonly employed for heart disease detection, 

including Support Vector Machine (SVM) [8], [9], 

Random Forest [10], [11], Decision Tree [12], [13], 

and Logistic Regression [12], [14], which are 

frequently used in clinical data analysis. Furthermore, 

deep learning techniques such as Convolutional Neural 
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Networks (CNN) [15], [16] and Recurrent Neural 

Networks (RNN) [17], [18] have gained popularity, 

particularly in processing electrocardiogram (ECG) 

images and electronic medical records. Other 

classification-based methods, including k-means 

clustering and k-Nearest Neighbors (k-NN), can also 

be utilized in heart disease detection systems. The 

integration of these techniques enables faster, more 

accurate, and efficient heart disease prediction, thereby 

supporting healthcare professionals in making more 

precise decisions [19]-[21]. 

A study conducted by [21] demonstrates the 

effectiveness of Bayesian Optimization in enhancing 

the performance of the Support Vector Machine 

(SVM) for early diabetes prediction, achieving a 

higher accuracy of 95% compared to 94% for the non-

optimized SVM model. Additionally, this study 

utilizes a relevant dataset from Kaggle, providing 

sufficient data for analysis. However, one of its 

limitations lies in the lack of a detailed explanation of 

the Bayesian Optimization process, which may hinder 

readers unfamiliar with the concept from fully 

understanding the optimization procedure. Moreover, 

despite its promising results, the study does not discuss 

potential limitations or challenges in real-world model 

implementation. 

Similarly, the study conducted by Purwono et al. [22] 

highlights the advantages of using machine learning 

algorithms, particularly artificial neural networks, to 

predict hypertension with a notable accuracy of 85%. 

Additionally, the research implements hyperparameter 

optimization using GridSearchCV, demonstrating a 

more meticulous approach compared to prior studies 

that primarily focused on accuracy. However, a major 

limitation of this study is the relatively small dataset, 

which includes only 219 adult participants, potentially 

affecting the model’s generalizability. While the 

results are encouraging, the study suggests further 

optimization of model parameters and the use of larger 

datasets in future research. 

In the medical and technological fields, Artificial 

Intelligence (AI) has become an effective tool for 

disease diagnosis and prediction. One widely used 

approach is Artificial Neural Networks (ANN) [22], 

[23], particularly the Backpropagation Neural Network 

(BPNN) [24]. BPNN is a popular machine learning 

method for medical prediction modeling due to its 

capability to handle complex and non-linear data. This 

model operates by adjusting weights through 

backpropagation, allowing the neural network to 

enhance its accuracy in predicting medical conditions 

[25], [26]. 

Based on the literature review, a key research problem 

emerges regarding the Backpropagation Neural 

Network (BPNN). While BPNN is a widely used 

machine learning method for medical prediction due to 

its ability to process complex and non-linear data [27], 

[28], its performance heavily depends on the selection 

of optimal hyperparameters, including the number of 

hidden neurons, learning rate, activation function, and 

number of epochs. Inappropriate hyperparameter 

selection may lead to underfitting (inability to 

recognize patterns within the data) or overfitting (over-

adjustment to training data, reducing generalizability 

to new data) [29], [30]. Consequently, hyperparameter 

optimization is a crucial step in enhancing the 

performance of heart disease prediction models. 

Several hyperparameter optimization techniques have 

been developed, such as Grid Search, Random Search, 

and evolutionary-based optimization algorithms, to 

determine the optimal parameter combination that 

improves model accuracy. Through proper 

hyperparameter optimization, the Backpropagation 

Neural Network is expected to yield more accurate 

heart disease predictions, assisting healthcare 

professionals in making faster and more informed 

decisions. 

Considering these factors, this study aims to analyze 

the impact of hyperparameter optimization on the 

performance of the Backpropagation Neural Network 

in heart disease prediction. Specifically, this research 

evaluates how variations in certain hyperparameters 

influence model performance in terms of accuracy, 

precision, recall, and other evaluation metrics. The 

findings of this study are expected to contribute to the 

development of more efficient and accurate AI-based 

heart disease prediction systems. 

2. Methods 

This chapter outlines the research methodology used to 

analyze the impact of hyperparameter optimization on 

the Backpropagation Neural Network (BPNN) model 

for heart disease prediction. The methodology covers 

the dataset description, model design comparisons, and 

the research stages undertaken. 

2.1 Research Dataset 

A synthetic dataset was employed in this study to 

enable the prediction of heart disease risk by 

integrating various symptoms, lifestyle attributes, and 

medical background. Each patient is represented by a 

single row, containing binary indicators (Yes/No) 

corresponding to relevant symptoms and risk factors, 

and a designated risk label that classifies the individual 

as being at either high or low risk for heart disease. 

This dataset comprises 70,000 samples, making it 

well-suited for training machine learning models in 

classification tasks. The primary objective is to 

provide a clean and well-structured dataset for 

researchers, data scientists, and healthcare 

professionals to explore predictive modeling for 

cardiovascular health. 

The dataset is a side project of EarlyMed, developed 

by students from Vellore Institute of Technology 
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(VIT-AP). EarlyMed aims to leverage data science and 

machine learning for early detection and prevention of 

chronic diseases. The dataset is publicly available on 

Kaggle (Source: Kaggle.com). A sample of the dataset 

can be seen in Table 1, which provides an overview of 

the data used in this study. 

Table 1. Sample Dataset for Heart Disease Risk Prediction 

Chest_Pain Shortness_of_Breath Fatigue Palpitations Dizziness etc Chronic_Stress Gender Age Heart_Risk 

0 0 0 1 0 … 0 0 48 0 

0 1 0 1 0 … 0 0 46 0 

1 0 0 1 0 … 0 1 66 0 

1 1 0 1 0 … 1 1 60 1 

0 0 1 0 1 … 0 0 69 0 

1 1 0 1 1 … 0 1 55 1 

1 1 1 1 1 … 0 1 51 1 

1 1 1 1 0 … 1 0 67 1 

… … … … … … … … … … 

1 1 1 0 0 … 0 0 58 1 

1 1 1 1 1 … 1 1 49 1 

1 1 1 1 1 … 1 0 51 1 

0 0 0 0 0 … 0 1 48 0 

1 1 1 1 1 … 0 1 78 1 

1 0 1 0 0 … 1 1 48 1 

1 0 0 0 1 … 0 0 23 0 

The dataset used in this study includes essential 

features such as age, gender, blood pressure, 

cholesterol levels, blood sugar levels, heart rate, and 

other medical examination results. Additionally, it 

contains a target variable that indicates whether a 

patient is at risk of developing heart disease. To ensure 

a fair evaluation of the model's performance, the 

dataset will be divided into training data and testing 

data using a specific ratio, such as 80:20 or 70:30. 

The dataset consists of two main categories of input 

features: symptoms and risk factors. The symptom 

features, represented as binary values (Yes/No), 

include chest pain, which is a common indicator of 

heart disease, as well as shortness of breath, which is 

often linked to cardiac conditions. Other symptoms 

include unexplained fatigue, palpitations, dizziness or 

fainting, and swelling in the legs or ankles, which can 

indicate fluid retention associated with heart failure. 

Additionally, radiating pain in the arms, jaw, neck, or 

back may signal angina or a heart attack, while cold 

sweats and nausea are frequently associated with acute 

cardiac events. 

The risk factors, which can be either binary (Yes/No) 

or continuous, include age, recorded as a continuous 

variable, and high blood pressure, high cholesterol 

levels, and diabetes, which are well-known 

contributors to cardiovascular diseases. Other 

significant risk factors include smoking history, 

obesity, and a sedentary lifestyle, indicating low 

physical activity levels. Moreover, a family history of 

heart disease increases the likelihood of developing 

cardiac conditions, while chronic stress, resulting from 

prolonged physical, emotional, or psychological strain, 

may also play a role in increasing cardiovascular risk. 

Additionally, gender is considered a factor, as heart 

disease risks may differ between males and females. 

The output variable, or heart disease risk label, is a 

binary classification indicating whether an individual 

has a low (0) or high (1) risk of heart disease. Before 

using the dataset for model training, several 

preprocessing steps will be conducted to improve data 

quality and ensure accurate predictions. These steps 

include handling missing values to maintain data 

completeness, feature normalization to standardize 

numerical variables, and feature selection to retain 

only the most relevant attributes. These preprocessing 

techniques are essential for optimizing the 

performance of the predictive model and enhancing its 

ability to identify individuals at risk of heart disease 

effectively. 

2.2 Proposed Model 

This study compares the performance of a standard 

Backpropagation Neural Network (BPNN) with an 

optimized BPNN, where specific hyperparameter 

search techniques are applied. The standard BPNN 

utilizes manually selected hyperparameters or 

commonly used default values. In contrast, the 

optimized BPNN leverages hyperparameter 

optimization techniques such as Grid Search, Random 

Search, and Bayesian Optimization to identify the best 

combination of hyperparameters. Figure 1 presents a 

comparison between the two Backpropagation Neural 

Network architectures evaluated in this study. 

From Figure 1, it is evident that the Optimized 

Backpropagation Model uses a smaller number of 

neurons and the ReLU activation function, which is 

generally more effective than the Sigmoid function in 

modern neural networks. Additionally, the Adam 

Optimizer tends to be more efficient in adjusting the 

learning rate during training compared to Adagrad. 

The optimized model also employs a larger batch size 

(32 vs. 16), which enhances stability and efficiency 

during the learning process. With the applied 

optimizations, the Optimized Backpropagation model 

has a lighter structure with fewer parameters, while 

still maintaining good accuracy. In contrast, the 

Standard Backpropagation model has a larger number 

of parameters, which can lead to higher computational 

costs and a greater risk of overfitting. The 

hyperparameters optimized in this study include: (1). 

Number of neurons in the hidden layer – Determines 

the model's capacity to learn patterns in the data. (2). 
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Learning rate – Influences the convergence speed of 

the model during training. (3). Activation function – 

Functions like ReLU play a key role in determining 

the non-linearity of the network. (4). Number of 

epochs and batch size – Affects the number of 

iterations and the stability of model training. 

 

(a) 

 
(b) 

Figure 1. Comparison of Architectures- (a) Optimized 

Backpropagation; (b) Standard Backpropagation 

From the comparison of both models, the Optimized 

Backpropagation model offers a more efficient 

approach with fewer parameters and better 

performance, thanks to superior hyperparameter 

selection, including the ReLU activation function, the 

Adam optimizer, and a larger batch size. On the other 

hand, the Standard Backpropagation model uses more 

neurons and parameters, which can increase model 

complexity without a guaranteed significant 

improvement in accuracy. Therefore, hyperparameter 

optimization plays a crucial role in enhancing the 

performance of heart disease prediction models. 

2.3. Research Design 

The research framework in this study plays a crucial 

role in providing a systematic guide for each stage of 

the research process. The research design is structured 

to compare the performance of the standard 

Backpropagation Neural Network (BPNN) model with 

the hyperparameter-optimized model in heart disease 

prediction. 

The study begins with data collection and 

preprocessing stages, which include normalization, 

handling missing values, and selecting relevant 

features. Following this, the standard BPNN model 

was developed using default parameters, after which 

an optimized model was created using techniques such 

as Grid Search, Random Search, or Bayesian 

Optimization to identify the best combination of 

hyperparameters. 

Both models are then trained and tested using the same 

dataset, and the results are compared based on 

evaluation metrics such as accuracy, precision, recall, 

F1-score, Mean Squared Error (MSE), and Mean 

Absolute Error (MAE). Finally, an analysis of the 

results is conducted to assess how much 

hyperparameter optimization improves model 

performance, with the goal of providing 

recommendations for the development of more 

accurate and efficient heart disease prediction systems. 

The research design is illustrated in Figure 2. 

Inputting Early Mid Heart 

Disease Risk Dataset Preprocessing

Removing outliers based on data analysis

Assign value to feature as X and target as y

Performing feature scaling

Splitting the test and training sets

Split Data

Training Data 

0.80
Test Data 0.20

Preparing Data

Model Training Prediction

Heart Disease Risk Dataset Early Med

Backpropagation Training Dataset 

Hyperparameter Optimization

Conclude The Model By

* Testing On The Test Set

* Evaluating The Test Results

* Evaluating The Prediction Report

Results

Evaluation and Analysis 

of Results

Adam

Model Comparison

Adagard

Source

Batch size 

32

Batch size 
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Relu Sigmoid

Activation Output : 

Sigmoid

Activation Output : 

Softmax

 

Figure 2. Research Design
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3. Results and Discussions 

This chapter discusses the results of the study, starting 

from the data preprocessing process through to the 

training phase of the heart disease prediction model. 

The objective of this process is to ensure that the data 

used is ready for the Backpropagation Neural Network 

(BPNN) model and to evaluate the model's 

performance both before and after hyperparameter 

optimization. 

3.1 Data Preprocessing and Data Augmentation 

The data preprocessing process is a crucial step in this 

study to ensure that the dataset used is clean, relevant, 

and ready for model training. The first step in 

preprocessing is the missing data check, where 

missing values are imputed using appropriate methods, 

such as mean, median, or mode, depending on the type 

of data involved. 

 

Figure 3. Sample Data After Data Preprocessing 

Figure 3 shows the result after the data normalization 

process, which standardizes the scale of each feature to 

enable the model to learn more effectively. This 

normalization is carried out using methods such as 

Min-Max Scaling or Standardization. Additionally, 

feature selection is performed to choose the attributes 

most influential in predicting heart disease, such as 

blood pressure, cholesterol levels, and heart rate. With 

proper preprocessing, the model can operate more 

optimally, reducing the risk of bias or noise in the 

data. 

3.2 Prediction Model Training 

In the model training stage, two Backpropagation 

Neural Network (BPNN) models are trained: the 

standard model and the hyperparameter-optimized 

model. The standard model uses default parameters, 

such as a higher number of neurons, the Sigmoid 

activation function, and the Adagrad optimizer, while 

the optimized model uses fewer neurons, the ReLU 

activation function, and the Adam optimizer to 

improve efficiency and accuracy. The training process 

is carried out by splitting the dataset into training data 

and testing data with an 80:20 ratio. 

After the training process is complete, evaluation is 

performed using metrics such as accuracy, precision, 

recall, F1-score, and Mean Squared Error (MSE) to 

compare the performance of both models. The 

experimental results show that the optimized model 

achieves higher accuracy and lower error compared to 

the standard model. This indicates that hyperparameter 

optimization plays a significant role in improving the 

performance of heart disease prediction models, 

allowing the model to provide more accurate results 

that can be used as a tool for early heart disease 

diagnosis. The comparison of the highest accuracy can 

be seen in Figure 4. 

 

Figure 4. the accuracy comparison between the Optimized 

Backpropagation and Standard Backpropagation models  

The comparison between the Optimized 

Backpropagation and Standard Backpropagation 

models (Figure 4) shows that the optimized model 

achieves faster and higher accuracy. In the early 

epochs (1 to 10), the optimized model shows a sharp 

increase in accuracy, quickly reaching around 0.995 

and stabilizing thereafter. This faster learning is due to 

optimized hyperparameters like the ReLU activation 

function and Adam optimizer, which help the model 

converge more quickly. 

On the other hand, the Standard Backpropagation 

model improves more slowly, with a steady increase in 

accuracy, reaching its peak accuracy of about 0.992 

after more epochs (around the 30th). This slower 

progress suggests that the default hyperparameters 

(Sigmoid activation and Adagrad optimizer) are less 

efficient in training. 

Both models stabilize after around 35 epochs, but the 

Optimized Backpropagation model consistently 

achieves higher accuracy, reaching 0.995-0.996 

compared to the 0.992 accuracy of the standard model. 

Although the difference is small, it highlights the 

effectiveness of hyperparameter optimization in 

improving model performance. 

In conclusion, the Optimized Backpropagation model 

is not only more accurate but also more efficient, 

requiring fewer epochs to achieve high performance. 
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This shows the importance of hyperparameter tuning 

in improving the efficiency and accuracy of machine 

learning models. 

 

Figure 5. the loss comparison between the Optimized 

Backpropagation and Standard Backpropagation models 

The comparison of loss between the Optimized 

Backpropagation and Standard Backpropagation 

models (Figure 5) shows that the optimized model 

reduces loss much faster. In the early epochs (1 to 10), 

the optimized model drops its loss from 0.055 to about 

0.02, indicating more efficient learning due to 

optimized hyperparameters like the ReLU activation 

function and Adam optimizer. This model then 

stabilizes at a low loss of around 0.005. In contrast, the 

Standard Backpropagation model decreases its loss 

more gradually, starting from 0.055 and reaching 0.03 

after the first 10 epochs. It continues to decrease 

slowly, stabilizing at around 0.02. This slower 

progress suggests that the default hyperparameters, 

like the Sigmoid activation function and Adagrad 

optimizer, are less efficient. 

By the end of the training, both models stabilize, but 

the Optimized Backpropagation model achieves a 

significantly lower final loss (0.005) compared to the 

Standard model (0.02). This clearly shows that 

hyperparameter optimization leads to faster and more 

effective learning, making the optimized model more 

efficient and accurate. 

3.3 Discussion 

Here is the visualization of the evaluation results, 

comparing the performance of the Optimized 

Backpropagation and Standard Backpropagation 

models across four evaluation metrics. 

The evaluation results comparing the Optimized 

Backpropagation and Standard Backpropagation 

models reveal several key insights across four 

important metrics: Accuracy, Precision, Recall, and 

Mean Squared Error (MSE) shown in Figure 6. The 

Optimized Backpropagation model achieves slightly 

higher Accuracy (0.9911) compared to the Standard 

Backpropagation model (0.9909), indicating that the 

optimized hyperparameters, such as the ReLU 

activation function and Adam optimizer, help the 

model make more accurate predictions. Additionally, 

the optimized model demonstrates a higher Precision 

(0.9903) than the standard model (0.9879), meaning it 

is better at correctly identifying patients who have 

heart disease, reducing the number of false positives. 

 

Figure 6. The visualization of the evaluation results Accuracy, 

Precision, Recall, and Mean Squared Error (MSE) 

In terms of Recall, the Standard Backpropagation 

model performs marginally better, with a value of 

0.994, compared to 0.992 for the Optimized 

Backpropagation model. Recall is crucial for 

identifying true positive cases, and while the standard 

model performs slightly better, the difference is 

minimal. Both models are highly effective at detecting 

most of the actual heart disease cases. 

When considering Mean Squared Error (MSE), the 

Optimized Backpropagation model outperforms the 

standard model with a lower MSE of 0.0089, 

compared to 0.0091 for the standard model. A lower 

MSE indicates that the optimized model’s predictions 

are closer to the true values, reflecting greater 

accuracy in its predictions. Here is the visualization of 

the evaluation results shown in Table 2. 

 

Table 2. Evaluation Results 

Model Accuracy Precision Recall  MSE MAE 

Optimized Backpropagation 0.9911 0.9903 0.992 0.0089 0.0089 

Standard Backpropagation 0.9909 0.9879 0.994 0.0091 0.0091 

The comparison of Mean Absolute Error (MAE) 

between the Optimized Backpropagation and Standard 

Backpropagation models shows that the Optimized 

Backpropagation model performs slightly better 

(Figure 7- Refer Table 2).  

It has a lower MAE of 0.0089 compared to the 

Standard Backpropagation model, which has an MAE 

of 0.0091. MAE measures the average magnitude of 

the errors in the model’s predictions, with a lower 

value indicating more accurate predictions. The results 
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suggest that the Optimized Backpropagation model is 

more reliable, as it produces predictions that are closer 

to the actual values, making it the preferred choice for 

more accurate heart disease prediction. 

 

Figure 7. The visualization of the evaluation results Mean Absolute 

Error (MAE) 

4. Conclusions 

This study compares the effectiveness of two neural 

network models—an Optimized Backpropagation 

Neural Network (BPNN) and a Standard BPNN—for 

heart disease prediction. The results show that the 

Optimized BPNN, which uses hyperparameter tuning, 

performs better across key evaluation metrics such as 

Accuracy, Precision, Recall, Mean Squared Error 

(MSE), and Mean Absolute Error (MAE). 

The Optimized BPNN achieved higher Accuracy 

(0.9911) and Precision (0.9903), along with lower 

MSE (0.0089) and MAE (0.0089), suggesting it 

produces more reliable and accurate predictions. 

Although the Standard BPNN recorded a slightly 

higher Recall (0.994), the difference was marginal. 

Overall, the Optimized BPNN delivered a more 

balanced performance by minimizing errors and 

reducing false positives. Its ability to lower both MSE 

and MAE further supports its effectiveness for heart 

disease detection, where accuracy and reliability are 

essential. 

These findings highlight the importance of 

hyperparameter optimization in enhancing neural 

network performance, especially in healthcare 

applications. By adjusting parameters like learning 

rate, activation function, and optimizer, the optimized 

model offers a more efficient and robust method for 

early disease detection. This study contributes to the 

growing body of research applying artificial 

intelligence in medical diagnostics and supports the 

development of more advanced, data-driven healthcare 

tools. 

Future work may involve testing other optimization 

methods such as Bayesian Optimization or Genetic 

Algorithms to further improve model accuracy and 

generalization. Additionally, using a larger and more 

diverse dataset could increase the model’s real-world 

relevance, making it more effective for predicting not 

only heart disease but other medical conditions as 

well. 
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