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Abstract 

 

Heart disease remains one of the leading causes of mortality worldwide and presents a major challenge in healthcare 

systems. Early detection plays an essential role in improving survival rates and minimizing complications through 

timely intervention. Recent advances in Machine Learning (ML) have provided new opportunities for developing 

accurate and efficient prediction systems for heart disease detection. However, one of the major challenges in ML-

based prediction is identifying the most relevant features to improve classification performance while reducing 

computational complexity and noise. This study aims to evaluate the effectiveness of two feature selection 

techniques, namely Gini Decrease (GD) and ReliefF, combined with several ML models, including Support Vector 

Machine (SVM), Tree, Naïve Bayes, and Random Forest, for heart disease classification. The study employed the 

UCI Heart Disease Dataset consisting of 303 records and 14 attributes. Data preprocessing included handling 

missing values using mean imputation, followed by feature selection and classification using 10-fold cross-

validation with an 80:20 training-testing ratio. Experimental results showed that ReliefF outperformed GD, 

achieving the highest average accuracy of 0.796, compared to GD with 0.767 and all features with 0.771. The SVM 

model achieved the highest accuracy using GD (0.833), while Random Forest demonstrated optimal performance 

with ReliefF (0.817). Furthermore, the Tree model exhibited the fastest computational time among all evaluated 

models. These findings indicate that integrating suitable feature selection methods with ML models significantly 

enhances heart disease classification performance, particularly in improving predictive accuracy and computational 

efficiency for early medical diagnosis applications. 
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1 INTRODUCTION 

The heart is a serious global health problem, ranking at the top of cases of internal disease and the main cause 

of death worldwide [1]. Heart disease is one of the main causes of heart deaths among women globally. Recent data 

shows that the incidence of heart disease continues to increase, making it the most frequently detected type of heart 

[2]. The main cause of death in heart disease is blood sugar complications and the presence of other accompanying 

diseases, especially cardiovascular disease [3]. Early detection is a fundamental key in increasing survival rates and 

treatment success. When early detection is carried out, the patient's chance of recovery is significantly higher 

compared to cases detected in acute heart disease. 

In recent years, rapid advances in the field of Machine Learning (ML) have paved the way for the development 

of more accurate and efficient early cardiac detection systems [4]. ML models can analyse medical data, including 

genetic data, medical images, and clinical history, to identify complex patterns that may not be visible to the human 

eye. The potential of ML is able to increase the accuracy of detection and predict disease risk in various studies [5]. 

However, the application of ML in early heart detection faces two main challenges, namely feature selection. 

Heart Dataset is often used as a basis for evaluating early heart detection models [6]. This dataset has fourteen features, 

where all features need to be analysed, whether they are relevant or not to model accuracy. The presence of irrelevant 

features can lead to decreased model performance, increased computational complexity, and overfitting [7]. 

Therefore, effective feature selection techniques are essential to identify the most informative subset of features that 

have an influence on model performance and reduce noise. Integration between feature selection and ML models can 

detect heart disease failure. However, there is still a need for a comprehensive evaluation of the combination of various 

feature selection techniques and ML models to identify the best approach in this context 

Several studies regarding the comparison of feature selection in heart disease datasets have been carried out. 

Research conducted by Bashir et al, 2019 used the model Decision Tree, Logistic Regression, Logistic Regression 

SVM, Naïve Bayes, and Random Forest; algorithms are used as feature selection techniques and improvement is 
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shown in the results by showing the accuracy [8]. Research Sreekumari et all., 2025 we employed an extension of 

ARM called Weighted ARM (WARM) with 70,000 observations of heart disease data made available through Kaggle. 

Using an ensemble voting method combining KNN, decision tree, and Naive Bayes, an accuracy of 78.42% is 

achieved for the selected set of attributes [9]. Next, Khan et all., 2024 carried out feature selection for heart disease 

prediction using modified Artificial Bee colony (M-ABC) and K-nearest neighbours (KNN). In our study, we have 

proposed a framework based on Modified Artificial Bee Colony (M-ABC) and k-Nearest Neighbours (KNN) for 

predicting the optimal feature selection to obtain better accuracy. Using a modified bee algorithm, this paper focuses 

on identifying the optimal subset of attributes from the dataset [10] 

This research aims to carry out performance-based analysis of various feature selection methods such as Gini 

Decrease (GD), and ReliefF on ML models such as SVM, Tree, Naive Bayes, and Random Forest. By comparing the 

performance of various combinations of these methods, it is hoped that the most optimal approach can be found to 

build an accurate heart disease failure detection model, thus contributing to increasing patient survival. 

2 RESEARCH METHODS 

This stage outlines the procedures followed when conducting research. The research stage begins with data 

collection. Before the data is entered into the model, it is necessary to pre-process the data. At this stage, the data is 

cleaned and adjusted to be processed to the next step of feature selection using GD, and ReliefF techniques. Next, the 

selected features are used for Heart classification using ML models such as SVM, Tree, Naive Bayes, Random Forest. 

The framework design is illustrated in Figure 1. 

 

 

Figure 1. Framework design 

After the heart classification is carried out, a comparative analysis is then carried out by calculating the accuracy 

value and the computing time required for the ML model to build the model 

 

2.1. Hearth Dataset 

The study utilized the Heart Disease Dataset from the UCI Machine Learning Repository. This dataset has 

undergone preprocessing procedures, comprising 303 rows and 14 columns (attributes). Each row represents patient 

data used to detect the likelihood of heart disease based on 13 features or variables. As a classification problem 

employing supervised learning, the dataset also includes one target column that classifies whether patients are 

indicated to have heart disease or not. A detailed description of the data is provided in Table 1. The features used in 

this dataset are presented in Table 1. 

Table 1. Features, and attribute dataset 

ID Feature Information 

f1  Age Patient's age in years 

f2  Gender Patient's gender 

f3  Chest paint Type of chest pain 

f4  Rest SBP Resting blood pressure (in mm Hg on admission to the 

hospital) 

f5  Cholesterol Serum cholesterol in mg/dl 

f6  Fasting blood 

sugar 

Fasting blood sugar > 120 mg/dl 

f7  Rest ECG Resting electrocardiographic results 

f8  Max HR Maximum heart rate achieved 

f9  Exer ind ang Exercise-induced angina 

f10 ST by exercise ST depression induced by exercise relative to rest 
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ID Feature Information 

f11 Slope peak The slope of the peak exercise ST segment 

f12 Major vessels 

color 

Number of major vessels (0-3) colored by fluoroscopy 

f13 Thal Thalassemia 

f14 Num Diagnosis of heart disease (severity of narrowing of blood 

vessels) 

2.2. Pre-processing 

The crucial process includes data cleaning to deal with missing values or outliers. This dataset has 0.2% missing 

values, so improvements need to be made. We apply charging using the technique of using average values. Design 

lost data repair show in Figure 2. 

 

Figure 2. Lost data repair design 

2.3. Feature Selection (FS) 

One of the most important things in classification is determining features to get the best performance results [11]. 

Datasets used in ML processes usually contain redundant and irrelevant features, and do not improve accuracy [12], 

has no effect on the learning model, and may even degrade the performance of the learning model [8], therefore it is 

important to perform relevant feature analysis. In this case we apply the Gini Decrease, and ReliefF feature selection 

models. These two techniques have good capabilities in selecting features by giving weight to each feature and 

displaying them in a ranking[13]. 

 

a. Gini Decrease (GD) 

Gini decrease feature selection or (Mean Decrease Gini Impurity) is a model-based feature selection method, 

mainly used in the Random Forest algorithm, to measure the level of importance of a feature based on its ability to 

reduce data impurity in the Decision Tree[14]. This method is used to reduce feature dimensions, deal with high-

dimensional data (such as microarrays), and improve classification performance (for example, in KNN or Naive 

Bayes) by only using crucial features. provides a multivariate feature importance score that is relatively inexpensive 

computationally and very effective for removing noise from less relevant features [15]. 

 

b. ReliefF 

Relief feature selection is a filter-based feature selection algorithm that is used to measure the quality or relevance 

of features in a dataset by assigning weight to each feature[16]. The main goal is to simplify the model by identifying 

the most influential features, reducing irrelevant features, and improving classification performance. ReliefF is a 

development of the basic Relief algorithm, which is more flexible because it can handle datasets with many classes 

(multiclass) and missing data. Relief is very sensitive to irrelevant features, easy to implement, and can handle 

interactions between features well [17]. 

 

2.4. Performance Machine Learning Evaluation 

This study examines how the Confusion Matrix can be used to measure accuracy and error rates. Confusion 

matrix is a table used to evaluate the performance of classification models in ML. This table compares the model's 

predicted results with the actual (actual) values from the data, so it can provide an in-depth picture of the advantages 

and disadvantages of the mode [18]. The confusion matrix variable is displayed in Table 2. 

Table 2. Confusion Matrix 

Class Positive Prediction Negative Prediction 

Positive Actual Number of True Positive (TP) Number False Negative (FN) 

Negative Actual Number of False Positive (FP) Number True Negative (TN) 
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Accuracy is a method for evaluating the performance of an ML model. These variables can be obtained from the 

Confusion Matrix in Table 3 and calculated using equation (1). 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (1) 

 

2.5. Cross-validation (k-fold) 

Classification is a form of data mining technique that is currently popular [19]. This strategy uses various methods 

to assess available data to produce Heart predictions [11]. The classification model will be validated using k-fold 

cross-validation. The cross-validation method is generally used for training sets [20]. Figure 3 displays the cross-

validation procedure 
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Figure 3. Procedure k-fold Validation 

 

3 RESULTS AND DISCUSSION 

3.1. Feature Selection Evaluation 

 The process of evaluating feature selection techniques and testing model performance was carried out using 

software (Orange 3.39.0). We implemented data separation into two parts, namely training set 80%, and testing set 

20%, and used fold validation (k=10). Application of feature selection techniques using GD and ReliefF, and model 

ML as Naïve Bayes, SVM, Tree, and Random Forest. Model SVM uses a Sigmoid kernel configuration, number 

tolerance 0.00 10, iteration limit 10, Cost 1.00, and Regression loss epsilon 0.10. Meanwhile, for the Tree model, we 

use the configuration Number of instances level 2, split subset 5, maximum tree depth limit 100, and majority 95%. 

Our Random Forest model uses a configuration of number of trees 10, limit depth 3, number of attributes considered 

5. The ML model test design is shown in Figure 4. 

 

Figure 4. Design for testing feature selection techniques and ML models 

 

Based on Figure 4, we get the features that have the most influence on the class and have the highest weight 

(W>0.076). The feature selection results are shown in Table 3.  

Table 3. Ranking weighting (w) feature selection techniques (f) 
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Rank 
Gini Decrease (GD) Relief-F 

Features Weight Features Weight 

1  chest pain 0.134 chest pain 0.202 

2  major vessels 

colored 

0.114  gender 0.148 

3  ST by exercise 0.095  slope peak exc ST 0.106 

4  exerc ind ang 0.093  major vessels 

colored 

0.095 

5  max HR 0.081  exerc ind ang 0.092 

6  slope peak exc ST 0.075  rest ECG 0.078 

7  chest pain 0.134  thal 0.076 

3.2. Performance Model Evaluations 

The selection results using two feature selection techniques produce features with different rankings. The GD 

and ReliefF techniques produce seven features that have the highest weight. Next, we carry out a performance 

comparison using all features and feature selection. The comparison test results are shown in Table 4. 

Table 4. Performance comparison of ML models using feature selection 

No Model All Features GD Relief-F Average 

1 Tree 0.700 0.683 0.767 0.717 

2 Random Forest 0.817 0.750 0.817 0.794 

3 Naive Bayes 0.750 0.800 0.800 0.783 

4 SVM 0.817 0.833 0.800 0.817 

Average 0.771 0.767 0.796  

 
We found differences in the accuracy of each ML model's performance. In this case, the model performance is more 

optimal using the ReliefF feature selection technique with an average value of 0.796. The application of the GD 

technique shows the best performance on the SVM model, while the application of the ReliefF technique shows the 

best performance on the Random Forest model. Detailed ML model performance based on average values is shown 

in Figure 5. 

 

 

Figure 5. Accuracy model machine learning 

This is because SVM can handle high-dimensional data. SVM works by finding the optimal hyperplane to maximize 

the margin between classes, making it a powerful model for classification and regression. Thanks to its ability to find 

the maximum separation limit (margin), SVM often produces more accurate predictions than other ML models on 

certain datasets. The Random Forest model can handle large data with high dimensions, tolerance for outliers and 

missing values, as well as flexibility for classification and regression tasks. Next, we carried out a comparative 

analysis of the F1-Score variable shown in Figure 6. 
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Figure 6. F1-Score model machine learning 

 

Next, we conducted a comparative analysis of the performance of the two feature selection techniques using the 

average accuracy values shown in Figure 7. 

 

 

Figure 7. Comparison of model computing times 

Figure 7 shows that the Tree model shows the lowest or fastest computing time followed by Random Forest, while 

the SVM model takes the longest time. The results of calculating the average time required by the feature selection 

technique, the ReliefF technique shows the fastest time. This is because when making predictions, the model only 

needs to follow the path from the root node to the leaf node based on the if-else rule. Computation time for prediction 

is generally logarithmic to the amount of training data, i.e. O (\log n), which is very fast even for large datasets. Next, 

we carried out a performance comparison based on the average accuracy value of the feature selection techniques 

shown in Figure 8. 
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Figure 8. Feature selection performance comparison 

Figure  8 shows the performance of different selection techniques. The ReliefF technique performs best in this case. 

This is due to its ability to efficiently identify the most relevant features, handle noisy data, and consider interactions 

between features without the need for high computational complexity. Relief works by evaluating feature quality 

based on how well the feature can differentiate samples from different classes that are within proximity. These 

findings indicate that the choice of feature selection techniques and ML models is an important step in the case of 

medical classification. 

 

3.3. Discussion 

The findings of this study demonstrate that feature selection plays a crucial role in improving the performance 

of ML models for heart disease classification. The results reveal that different feature selection methods produce 

distinct subsets of influential features, which directly affect classification performance. Both GD and ReliefF 

identified several important features, such as chest pain, exercise-induced angina, major vessels colored, and slope 

peak exercise ST, indicating that these variables significantly contribute to heart disease prediction. 

The experimental results indicate that ReliefF achieved better overall performance than GD, with an average 

accuracy of 0.796. This suggests that ReliefF is more effective in identifying relevant features while minimizing the 

impact of irrelevant or noisy attributes. ReliefF evaluates feature importance by considering the relationship between 

neighboring instances of different classes, allowing it to better capture complex interactions among variables. This 

result is consistent with previous studies that reported ReliefF as an efficient method for improving classification 

performance in medical datasets. 

Among the evaluated ML models, SVM showed the highest accuracy when combined with GD, achieving 0.833. 

This performance can be attributed to SVM’s capability to handle high-dimensional data and identify optimal decision 

boundaries through maximum margin separation. Meanwhile, Random Forest demonstrated stable and competitive 

performance using ReliefF, achieving an accuracy of 0.817. The ensemble-based nature of Random Forest contributes 

to better robustness against noise and overfitting. 

In terms of computational efficiency, the Tree model exhibited the shortest processing time due to its simple 

decision-rule structure. Although SVM produced high predictive accuracy, it required longer computational time than 

other models. Therefore, selecting an appropriate combination of feature selection methods and ML models should 

consider both predictive performance and computational efficiency, especially in real-world medical applications 

where fast and reliable diagnosis is essential. 

 

4 CONCLUSION 

Based on the results of the comparative analysis that has been carried out, it can be concluded that the GD and 

ReliefF feature selection techniques in the Heart Dataset have an impact on the performance of the classification 

model. The GD and ReliefF techniques produce seven features that have the highest weight. Based on the selected 

features, we evaluate the ML model to obtain comprehensive information on model performance. The results of the 

performance comparison test of the two FS techniques, we found that the ReliefF technique showed the best 

performance. Apart from that, the results of the evaluation of the ML model showed that the performance of the SVM 

model showed optimal performance, followed by Random Forest, while the Tree model showed the worst 

performance. This is because SVM can handle high-dimensional data. SVM works by finding the optimal hyperplane 
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to maximize the margin between classes, making it a powerful model for classification and regression. Thanks to its 

ability to find the maximum separation limit (margin), SVM often produces more accurate predictions than other ML 

models on certain datasets. Even though the Tree model shows poor performance, in the computing time test, this 

model shows the fastest performance. This is because when making predictions, the model only needs to follow the 

path from the root node to the leaf node based on the if-else rule. Computation time for prediction is generally 

logarithmic to the amount of training data, i.e. O (\log n), which is very fast even for large datasets. 

Feature selection strategies should be an integral part of the medical classification system development pipeline, 

as they can influence the overall interpretability and detection accuracy. Further research is recommended to evaluate 

the effectiveness of other FS handling techniques such as Information Gain, and Gain Ratio, as well as applying this 

approach to larger and more complex clinical datasets. 
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