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Cardiovascular disease is one of the most serious health problems and remains
the leading cause of death worldwide each year. This condition shows that early
diagnosis and classification of cardiovascular disease are very important to
increase the chances of recovery and prolong the life expectancy of patients. This
study aims to develop a cardiovascular disease classification system using the
Support Vector Machine (SVM) method and analyze the effect of Recursive
Feature Elimination (RFE) and Chi-Square feature selection on model
computational performance. The dataset used is the Heart Disease Dataset from
IEEE Dataport, which consists of 1,190 data points. The RFE and Chi-Square
methods were used to select the most relevant features, resulting in seven main
features used in the classification process with various SVM kernels. The results
showed that the application of feature selection significantly improved model

n01.p74-87 stability and accelerated the computational process, especially for kernels with
high complexity. The linear kernel provided the highest accuracy of 85.84%,
while the seventh-degree polynomial kernel increased from 77.23% to 84.31%,
and the RBF kernel increased from 83.66% to 84.86% after feature selection. The
combination of the RFE and Chi-Square methods proved to be effective in
improving stability and computational efficiency, making it a potential alternative

to support the cardiovascular disease classification process.

Q9000

This work is licensed under the Creative Commons Attribution
Non-Commercial-Share Alike 4.0 International License.

INTRODUCTION

Cardiovascular disease refers to disorders of the heart and blood vessels, generally caused
by unhealthy lifestyles and risk factors such as hypertension, high cholesterol, and diabetes. It is
often detected late because it develops slowly (Natsir, 2024). According to World Health
Organization (WHO) data, cardiovascular disease remains the leading cause of death globally. In
2019, this disease resulted in over 17.9 million deaths, accounting for approximately 32% of all
global deaths. Around 85% of these cases were due to heart attacks and strokes (Rachmawati et
al., 2021.).

Early diagnosis and classification of cardiovascular disease present a major challenge in the
medical world, as symptoms and clinical indicators are often non-specific and vary across
individuals. This condition requires medical professionals to conduct comprehensive clinical data
analysis to accurately assess risk levels. This challenge is further amplified by limited medical
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personnel and healthcare facilities that are not yet fully capable of providing fast and accurate
diagnoses (Kumar et al., 2025). In recent years, advancements in artificial intelligence, particularly
machine learning-based classification techniques, have opened new opportunities to assist medical
professionals in identifying data patterns and classifying patient conditions based on clinical
examination results. With this approach, the process of analysis and risk prediction for
cardiovascular disease can be performed more efficiently and objectively to support precise
medical decision-making (Ortega-Martorell et al., 2022).

In a technological context, one of the widely developed approaches to support medical
diagnosis is the application of machine learning, specifically in classifying diseases based on
patients' clinical data (Carolina Wibowo et al., 2024). One of the approaches used by the author in
this study is the Support Vector Machine (SVM) algorithm. SVM has the capability to handle
high-dimensional data and provide accurate classification results (Jiang, 2025). SVM works by
forming an optimal hyperplane that separates data classes with a maximum margin and can handle
non-linear cases through the application of kernels. Various previous studies have proven the
effectiveness of this method, particularly the SVM algorithm. Research comparing the
performance of SVM with Neural Networks in heart disease classification found that SVM
performed better with a higher level of accuracy (Tino et al., 2023).

However, the performance of a classification algorithm is heavily influenced by the quality
of the features used. The presence of irrelevant or redundant features can lead to suboptimal
models, increasing the risk of overfitting and slowing down the computational process (M.A. &
Thomas, 2019). Therefore, the feature selection process is a vital stage in simplifying data
representation. Two widely used feature selection methods are Chi-Square and Recursive Feature
Elimination (RFE). Chi-Square evaluates the relationship between features and the target using
statistical tests, while RFE iteratively removes features based on their contribution to the model
(Korial et al., 2024). While the separate use of these two methods has been proven to improve
model accuracy, the application of a combination of both is still rarely found in cardiovascular
disease classification studies (Bayuaji et al., 2024).

Several previous studies have shown promising results. Research by Nidhi Sinha
demonstrated that using Chi-Square and RFE can improve SVM accuracy in heart disease
classification on the Z-Alizadeh Sani dataset (Sinha et al., 2022). Research by Fahrudin & Suroso
also proved that proper feature selection could increase the accuracy of the SVM model from
87.65% to 96.56% (Fahrudin et al., 2024). Meanwhile, research by Sarra and colleagues showed
that integrating Chi-Square into an ensemble learning system could increase heart disease
classification accuracy from 85.5% to 90.8% (Sarra et al., 2024.).

Based on these studies, it can be concluded that the combination of Chi-Square and RFE
feature selection methods have the potential to provide a significant increase in classification
performance. Therefore, this study will discuss the classification of cardiovascular disease using
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the SVM algorithm based on a combination of features selected through Chi-Square and RFE. This
research is expected to produce a more efficient and stable cardiovascular disease classification
model, contributing to the development of machine learning-based medical decision support
systems.

METHOD

The methodology used in this research is essential to ensure that the study is systematic and
follows established procedures. With a correct methodology, it is expected that the research will
produce satisfactory results to achieve the research objectives. The research steps are illustrated in

Figure 1.
Training Testing
— - T N na—-
w H
Heart Disease Dataset | | | Heart Disease Dataset
Preprocessing Preprocessing
—
Data Chi-square
Training
Y v
Recursive Feature Support Vector
Elimination (RFE) [ Machine Classification
. Cardiovascular Disease
Trsinisg Model SV Classification Results

Figure 1. Research Workflow

The research workflow consists of two main stages: training and testing. In the training stage,
the dataset undergoes preprocessing, which includes handling missing values, removing
duplicates, and normalization. Subsequently, feature selection is performed using Chi-Square and
RFE to obtain the most relevant attributes before the SVM model is trained. In the testing stage,
the trained model is used to predict the test data, and its performance is evaluated using a confusion

matrix, accuracy, precision, recall, and F1-score.

1. Dataset

This study utilizes the Heart Disease Dataset obtained from IEEE Dataport, containing a
total of 1,190 patient records. The dataset consists of several clinical attributes covering
cardiovascular disease risk factors such as blood pressure, cholesterol, blood sugar levels, heart
rate, and other supporting variables. Each record is assigned a binary label indicating the presence
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or absence of cardiovascular disease (Siddhartha, 2020). A complete explanation of the dataset
attributes is presented in Table 1.

Table 1. Dataset Attribute Description

Feature Name

Description

Age
Sex

Chest Pain Type

Resting BP S
Cholesterol
Fasting Blood Sugar

Resting ECG

Max Heart Rate

Exercise Angina

Patient's age in years.

Patient's gender (1: Male, 0: Female).

Type of chest pain (1: Typical angina, 2: Atypical angina, 3: Non-anginal
pain, 4: Asymptomatic).

Resting blood pressure in mmHg.

Serum cholesterol level in mg/dl.

Fasting blood sugar > 120 mg/dl (1: Yes, 0: No).

Resting electrocardiogram results (0: Normal, 1: ST-T wave abnormality,
2: Left ventricular hypertrophy).

Maximum heart rate achieved during exercise (ranging from 71-202
bpm).

Exercise-induced angina (1: Yes, 0: No).

Oldpeak ST depression compared to rest.

ST Slope The slope 9f the peak exercise ST segment (0: Up-sloping, 1: Flat, 2:
Down-sloping).

Target Disease classification (1: Heart disease, 0: No heart disease).

2. Preprocessing Data

Data preprocessing is conducted to ensure that the data used in the algorithm is in good
condition and suitable for processing in the next stage. The main stages include handling missing
values, removing duplicate data, and normalization. The complete preprocessing workflow is
shown in Figure 2

i
Heart Disease|—»{ Handling Missing Values |-»|Removing Duplicates |—»| Normalization |—| FTeProcessing
Dataset Results

Figure 2 Data Preprocessing Workflow

First, the data is examined to identify missing values in critical attributes that could
potentially decrease model accuracy; rows with null values are removed so that only complete data
is used in the training process. Next, duplicate data removal is performed to prevent bias and ensure
each sample provides unique information. After these two stages, the preprocessing concludes with
data normalization using the MinMaxScaler method to standardize the scales between features,
preventing any single attribute from dominating the modeling process. Normalization via
MinMaxScaler scales all features into a uniform range between 0 and 1.

3. Chi-Square

The Chi-Square method evaluates the relationship between each feature and the target
variable based on a statistical test (Wang & Zhou, 2021). A larger Chi-Square value indicates a
higher level of correlation. The formula for calculating Chi-Square is:
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ey
x2 =y (1)
E
Where O is the observed value and E is the expected value. The results of the Chi-Square
selection produce features with the highest significance levels based on the test score values.

4. Recursive Feature Elimination (RFE)

Recursive Feature Elimination using SVM (SVM-RFE) as a ranking criterion is an
embedded-type feature selection method that utilizes the weight values from the SVM model to
determine the importance of each feature. The main principle is to iteratively eliminate features
with the lowest squared weights. This mechanism ensures that only the features with the most
significant contributions are retained in the classification model (Rustam & Kharis, 2020).
Technically, the SVM-RFE algorithm mechanism is described as follows:

1) Initialization: Prepare the initial feature set (S) and an empty feature ranking list (R).

2) Weight Estimation: Train the SVM model at each iteration to obtain the weight vector

(w) through the equation:
W = Y AYiX ()

3) Ranking Criteria: Calculate the feature ranking score(cy) based on the squared weight

value ¢, = wi.

4) Recursive Elimination: Identify the feature with the smallest ¢, value, add it to the

ranking list, and remove it from the active feature set.

5) Output: The process is repeated until all features are ordered in the list based on their

level of relevance.

5. Support Vector Machine (SVM)

The Support Vector Machine (SVM) is a supervised classification algorithm that works by
finding the optimal hyperplane that separates two classes with a maximum margin. To handle both
linear and non-linear data patterns, SVM uses kernel functions to transform the original feature
space into a higher-dimensional space where the data is more easily separable (Wahyuni &
Kusumodestoni, 2024). Generally, the SVM model uses a kernel function as written in the
following equation:

K(xt, xj) = ¢(xi) - $(x)) )
In this study, five types of kernels are used to evaluate model performance: Linear, Radial

Basis Function (RBF), and Polynomial kernels with degrees 3, 5, and 7. The Linear kernel is used
for data that tends to be linearly separable, while RBF is used to handle non-linear patterns.
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Polynomial kernels of degrees 3, 5, and 7 are applied to evaluate how the complexity of the
polynomial order affects the performance and stability of the model on cardiovascular disease data.

The SVM training process is conducted using the Sequential Minimal Optimization (SMO)
algorithm, developed by Platt (1998) to simplify the resolution of Quadratic Programming (QP)
problems in SVM. SMO operates by optimizing two Lagrange multipliers in each iteration through
a working set approach of size two. Each sub-problem can be solved analytically, making the
computation time more efficient even as the number of iterations increases (Noviyanto et al.,
2016). The main stages of SMO consist of:

1) Selecting a multiplier that violates the Karush-Kuhn—Tucker (KKT) conditions.

2) Determining a second multiplier to be optimized as a pair.

3) Repeating the process until all KKT conditions are met.

Once converged, the model produces an optimal hyperplane to be used in the classification

Process.

6. K-Fold Cross-Validation (CV)

K-Fold Cross-Validation (CV) is a model evaluation technique used to measure the
performance of a machine learning algorithm more objectively and stably. This technique works
by dividing the dataset into k equal-sized parts (folds). Generally, one fold is used as test data,
while the other (k — 1) folds are used as training data in each iteration (Nti et al., 2021). This
study uses a 5-Fold Cross-Validation scheme.

7. Evaluation

Model evaluation is performed using a Confusion Matrix to assess the classification
performance in this study. The Confusion Matrix is used to measure the rate of correct predictions
through True Positive (TP) and True Negative (TN) values, as well as incorrect predictions through
False Positive (FP) and False Negative (FN) values (Fahmy Amin, 2022). This method helps
identify four main categories of model prediction results, as shown in Table 2.

Table 2. Confusion Matrix

Actual
Class _ :
Positive Negative
Prediction Positi‘ve True P 05’:”:"@ (TP) False Negat.ive (FN)
Negative False Positive (FP) True Negative (TN)

Based on Table 2, True Positive (TP) represents patients correctly classified as having
cardiovascular disease, while True Negative (TN) refers to healthy patients correctly identified by
the model. False Positive (FP) occurs when a healthy patient is incorrectly predicted as having the
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disease, whereas False Negative (FN) represents cases in which the model fails to detect patients
who actually have cardiovascular disease.

The overall performance of the model is then assessed using the metrics of Accuracy,
Precision, Recall, and FI1-Score. Accuracy measures the general correctness of predictions,
precision shows the proportion of correct positive predictions, recall assesses the model's ability
to detect all positive cases, and the F1-Score provides a balance between precision and recall,
which is particularly useful for imbalanced datasets (Riyanto et al., 2023). To calculate accuracy,
precision, and recall from the confusion matrix table, the following equations are used.

TP+T
Accuracy(%) = m x 100% (4)
. TP
Precison(%) = o X 100% (5)
TP
Recall(%) = o ¥ 100% (6)

F1 Score (%) _ 2 X Precision X Recall x 100% (7)

Precision + Recall

RESULT

1. Result of Data Pre-processing

The data pre-processing stage was conducted to ensure the dataset was in an optimal
condition before being used in the modeling process. At this stage, 172 zero values were identified
in the cholesterol feature, which are clinically irrelevant. These values were subsequently handled
through imputation using the median value to maintain the data characteristics. Additionally, 272
duplicate records were removed, reducing the dataset size from 1,190 to 918 unique records.
Furthermore, Min-Max Scaling normalization was applied to transform the value ranges of all
numerical features into a scale of 0 to 1, preventing the dominance of specific features during the
distance calculation process in the SVM algorithm.

2. Result of Feature Selection

Dimensionality reduction was performed in two stages to obtain a subset of features that
most significantly influence classification accuracy. The first stage utilized the Chi-Square
statistical test to measure the dependency of features on the target label. Based on the significance
criteria (p-value < 0.05), 8 features were declared relevant, while the resting ecg, cholesterol, and
resting bp s features were eliminated. The complete statistical results of the Chi-Square test are
presented in Table 3.
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Table 3. Chi-Square Significance Test Results

No. Feature Chi-Square p-value Signifikan (< 0.05)
1 exercise angina 133.6401 6.55 x 107! Ya
2 Fasting blood sugar 50.2969 1.32 x 10712 Ya
3 chest pain type 26.1441 3.17 x 107 Ya
4 ST slope 21.2479 4.04 x 10°° Ya
5 sex 18.0062 2.20 x 10°° Ya
6 max heart rate 8.7383 3.12 x 10 Ya
7 oldpeak 5.5465 1.85 x 1072 Ya
8 age 5.1919 2.27 x 1072 Ya
9 resting ecg 1.8370 0.1753 Tidak
10 cholesterol 0.2196 0.6393 Tidak
11 resting bp s 0.1374 0.7109 Tidak

The second stage implemented Recursive Feature Elimination (RFE) with a linear SVM
estimator to iteratively identify the optimal number of features. Cross-validation results indicated
that the model performance peaked at 8 features with an accuracy of 85.51%. The trend of accuracy
relative to the number of features is visualized in Figure 3.

RFECV - Akurasi vs Jumlah Fitur

0.85

0.84

0.83 1

Skor Cross-Validation (Accuracy)

2 4 6 8 10
Jumlah Fitur yang Dipilih

Figure 3. RFECV Accuracy Curve vs. Number of Features

The final feature selection result was obtained through the intersection of both methods.
This process yielded 7 primary features consistently deemed important: sex, chest pain type,
fasting blood sugar, max heart rate, exercise angina, oldpeak, and ST slope. This subset of features
was then used as input for the subsequent SVM classification model training phase.

3. Model Testing Results

Initial testing was conducted using the Support Vector Machine (SVM) algorithm with five
kernel types: Linear, Radial Basis Function (RBF), and Polynomial kernels with degrees of 3, 5,
and 7, without applying the feature selection process. Performance evaluation was carried out
using a 5-Fold Cross-Validation scheme. The metric values displayed in the table represent the
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mean values of accuracy, precision, recall, and Fl-score obtained from all testing folds. The
performance results for each kernel are presented in Table 4.

Table 4. Average SVM Classification Performance Without Feature Selection

Kernel AKkurasi Presisi Recall FI1-Score
Linear 0.8584 0.8620 0.8868 0.8730
RBF 0.8366 0.8518 0.8539 0.8519
Polynomial d =3 0.8540 0.8626 0.8771 0.8686
Polynomial d =5 0.8191 0.8429 0.8334 0.8355
Polynomial d =7 0.7723 0.8080 0.7756 0.7892

Based on these results, the Linear kernel yielded the highest average accuracy of 85.84%,
followed by the Polynomial kernel (degree 3) with an average accuracy of 85.40%. Conversely,
the Polynomial kernel (degree 7) showed the lowest performance with an average accuracy of
77.23%. These results indicate that using all features without a reduction process tends to decrease
performance in high-complexity kernels due to increased data dimensionality and potential
overfitting.

Perbandingan Metrik per Kernel (Tanpa Seleksi Fitur)

0,900
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Figure 4. Evaluation Metric Comparison Without Feature Selection

In the next stage, testing was performed using the subset of features resulting from the
combination of Chi-Square and Recursive Feature Elimination (RFE) methods. The model
evaluation consistently used the 5-Fold Cross-Validation scheme. The performance evaluation
results after feature selection are shown in Table 5.

Table 5. Average SVM Classification Performance With Feature Selection

Kernel AKkurasi Presisi Recall F1-Score
Linear 0.8529 0.8613 0.8747 0.8671
RBF 0.8486 0.8651 0.8619 0.8625
Polynomial d=3 0.8442 0.8407 0.8876 0.8626
Polynomial d=5 0.8529 0.8625 0.8785 0.8678
Polynomial d=7 0.8431 0.8613 0.8590 0.8579
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The testing results demonstrate that the application of feature selection improved the
average performance across nearly all kernels. The RBF kernel experienced an increase in average
accuracy from 83.66% to 84.86%, while the Polynomial kernel (degree 7) showed the most
significant improvement, rising from 77.23% to 84.31%. This improvement indicates that feature
selection effectively reduces model complexity and assists the SVM in forming a more optimal
hyperplane through a more relevant feature representation.

Perbandingan Metrik per Kernel (Dengan Seleksi Fitur)
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Figure 5. Evaluation Metric Comparison With Feature Selection

A comparison of model performance before and after feature selection shows that the
combination of Chi-Square and RFE methods provided an increase in the average values of
evaluation metrics, particularly for high-complexity kernels. The Polynomial kernels (degrees 5
and 7) experienced more consistent improvements across all evaluation metrics after the feature
selection process was applied. A summary of the average accuracy comparison before and after
feature selection is displayed in Figure 6.

Perbandingan Akurasi pada Setiap Kernel - Tanpa vs Dengan Seleksi Fitur

0.900
N Tanpa Seleksi Fitur
BB Dengan Seleksi Fitur
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0.775 4

0.750 1

0.725 1-

0.700 -

Linear RBF Poly-3 Poly-5 Poly-7

Figure 6. Accuracy Comparison for Each Kernel

Meanwhile, the Linear kernel showed relatively stable performance both before and after
feature selection. This suggests that the data pattern tends to be close to linear. Although the
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increase in average accuracy was not significant, feature selection still provides benefits in terms

of computational efficiency as fewer features are processed.

DISCUSSION

This study demonstrates that integrating Chi-Square and Recursive Feature Elimination
(RFE) feature selection effectively enhances the performance and stability of the Support Vector
Machine (SVM) classifier for cardiovascular disease prediction. The improvement observed across
most kernel functions indicates that reducing data dimensionality plays a crucial role in minimizing
noise and improving class separability during hyperplane construction. By eliminating irrelevant
and redundant features, the SVM model can focus on the most informative attributes, resulting in
a more robust classification boundary.

The most substantial performance gain was achieved by the polynomial kernel with degree
7. This result suggests that high-complexity kernels are more sensitive to irrelevant features and
benefit significantly from feature selection. Without dimensionality reduction, complex kernels
tend to overfit the data, leading to unstable performance across different validation folds. The
application of Chi-Square and RFE mitigates this issue by preserving features with strong
statistical relevance and high model contribution, thereby improving generalization capability.

In contrast, the linear kernel exhibited relatively stable performance before and after feature
selection. This finding indicates that the underlying data distribution is close to linearly separable,
allowing the linear kernel to perform well even without extensive feature reduction. Nevertheless,
feature selection still contributes to improved computational efficiency by reducing the number of
processed features without sacrificing classification accuracy. Overall, these results confirm that
the proposed feature selection strategy is particularly beneficial for complex kernel configurations
and supports the development of efficient machine learning-based decision support systems in

medical diagnosis.

CONCLUSION

This study concludes that the integration of Chi-Square and Recursive Feature Elimination
(RFE) feature selection improves the classification performance and stability of the Support Vector
Machine (SVM) model for cardiovascular disease prediction. The application of feature selection
significantly benefits high-complexity kernels, particularly the polynomial kernel with degree 7
and the radial basis function kernel, by reducing overfitting and enhancing generalization
capability. Meanwhile, the linear kernel maintains strong performance, indicating that the dataset
exhibits near-linear separability, while still gaining advantages in computational efficiency due to
reduced feature dimensionality. These findings demonstrate that the proposed approach effectively
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balances accuracy and efficiency, making it suitable for implementation in machine learning-based

medical decision support systems.
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