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Article history: Cardiovascular disease is one of the leading causes of death worldwide, with
Received November 23. 2024 a high mortality rate, especially in developing countries like Indonesia. This
Revised November 28, 2024 highlights the importance of developing systems to identify and detect heart
Published January 12, 2025 disease at an early stage. In this study, the Support Vector Machine (SVM)

algorithm was used to classify cardiovascular diseases by utilizing a dataset
consisting of 303 patient records obtained from Kaggle. The dataset was
Keywords: divided into 70% for training and 30% for testing. Before optimization using
GridSearchCV, the SVM model achieved an accuracy of 79%, precision of
79%, recall of 73%, and Fl-score of 76%. However, after adjusting the
hyperparameters with GridSearchCV, the model's accuracy slightly
decreased to 77%, with precision remaining at 79%, recall dropping to 66%,
and F1-score at 72%. Despite this decline in performance after optimization,
the results indicate that although SVM has potential for classifying heart
disease, its performance is highly influenced by data quality and the selection
of appropriate hyperparameters. Even with the performance decrease post-
optimization, the model still provides useful predictions, showing consistent
results and a proportional class distribution.
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1. INTRODUCTION

The heart is a vital organ of the human body, responsible for pumping blood to every part of the anatomy.
If it fails to function properly, the brain and other organs will cease to operate, leading to death within a matter
of minutes. Lifestyle changes, including high-stress work environments and unhealthy eating habits, contribute
to the rising prevalence of heart-related diseases [1]. Cardiovascular disease is a non-communicable disease
that stands as the leading cause of death worldwide. Around 80% of fatalities caused by this condition take
place in low- and middle-income nations, including Indonesia. This category of diseases encompasses disorders
of the heart and blood vessels, such as coronary heart disease, heart failure, hypertension, and stroke. In addition
to causing fatalities, cardiovascular diseases can lead to disabilities and significantly reduce a person's quality
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of life [2]. Cardiovascular disease (CVD) is a term that encompasses a range of disorders affecting the heart,
coronary arteries, and blood vessels, including veins, arteries, and capillaries. According to data from the World
Health Organization (WHO), cardiovascular diseases are responsible for approximately 17.9 million deaths
annually, accounting for about 32% of total yearly fatalities [3]. With the increasing number of cases each year,
a classification system is needed to provide information about the disease and enable early detection of heart
attacks in individuals [4]. Advancements in science and information technology have led to the emergence of
a new field in computer science known as data mining. Classification in data mining involves grouping objects
into predefined categories. This study utilizes a classification algorithm, Support Vector Machine (SVM), to
evaluate its performance when applied to a small-scale dataset[5]. The Support Vector Machine (SVM)
algorithm offers several advantages, including its effectiveness for high-dimensional data, strong performance
on both linear and non-linear data, the ability to measure distances efficiently, which accelerates computation,
and flexibility through the use of kernels. However, it also has some limitations. SVM is less efficient for large-
scale problems, especially when processing a large number of samples. It is sensitive to hyperparameter
selection, performs poorly with noisy or overlapping data, and struggles with non-linear data without an
appropriate kernel [6].

Several studies have utilized the SVM method, including a web-based heart disease prediction system
using SVM and the Streamlet framework. The findings revealed that the system could classify heart disease
with an accuracy of 85%. The hyperparameters used were gamma 0.01, Const 0.1, and a polynomial kernel, as
the dataset was non-linear. The precision achieved was 78%, while the recall reached 89%. The training score
was recorded at 85%, and the testing score at 87%. With a minimal difference between training and testing
scores, the model was determined to neither overfit nor underfit [7]. The implementation of the Support Vector
Machine (SVM) method enhanced by Particle Swarm Optimization (PSO) for heart disease prediction yielded
notable results. Initial experiments showed that the SVM method achieved an accuracy of 79.55% with an
AUC value of 0.850. After adjusting the parameters C and epsilon, the best accuracy improved to 81.85%, with
an AUC value of 0.899. In a second experiment, the SVM method integrated with PSO demonstrated an initial
accuracy of 82.50% and an AUC value of 0.825. Following adjustments to parameters such as C, epsilon, and
population size, the best accuracy achieved by the SVM-PSO method was 88.61%, with an AUC value of 0.919
[8]. The study on heart failure classification using the Support Vector Machine (SVM) method concluded that
SVM is quite effective for classifying heart failure diseases. In the trials, the highest accuracy achieved was
86.92%, using a linear kernel and cost values of 1, 10, and 100. In the best model with a cost of 100, the test
results showed a precision of 88.68%, an F1-score of 88.26%, an accuracy of 86.41%, and a recall of 87.85%
[9]. In a study comparing the SVM (Support Vector Machine) algorithm with KNN (K-Nearest Neighbors),
the classification results demonstrated that the SVM method performed exceptionally well in classifying heart
disease. SVM achieved an accuracy of 84.61% without normalization and 90.10% with normalization. In
contrast, the KNN algorithm showed an accuracy of 64.83% without normalization and 81.31% with
normalization [10]. Another study comparing SVM with Random Forest for breast cancer classification found
that SVM achieved an accuracy of 95%, outperforming Random Forest, which had an accuracy of 90% [11].
By analyzing prior studies, it can be concluded that SVM is a suitable method for classification tasks based on
its successful implementation in previous research.

2. METHODS

2.1. Data collection

This dataset was sourced from the Kaggle website and contains 303 cardiovascular patient records in
a preprocessed CSV format. It includes 14 attributes used for classifying cardiovascular diseases, such as age,
sex, cp, trestbps, chol, fbs, restecg, thalach, exang, oldpeak, slope, ca, thal, and target.
Dataset link: https://www.kaggle.com/datasets/rashikrahmanpritom/heart-attack-analysis-prediction-dataset.

2.2.  Data Preparation (Dataset Division)

The dataset underwent preprocessing, including the Famhist attribute, which indicates a family history
of heart disease, with a value of 0 representing no history (healthy) and 1 indicating a history (unhealthy). The
Chd attribute reflects the disease response, where 0 represents inactive and 1 represents active cases. The data
was then classified using an SVM Classifier model to predict cardiovascular disease. Subsequently, the dataset
was split into two parts using the percentage split method, allocating 70% for training and 30% for testing the
Support Vector Machine algorithm [12].
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2.3.  Data Pre-Processing

This stage involves checking for duplicate rows or missing values in the columns, followed by data
normalization to reduce redundancy and ensure data consistency. Additionally, to ensure a valid evaluation
process, the data is divided into 2 categories: training, and testing. Duplicate rows or missing values in specific
columns are identified during this step. Subsequently, normalization is applied to minimize redundancy and
maintain consistent relationships between the data. To further guarantee accurate model evaluation, the dataset
is split into 2 parts: training data, testing data, according to predefined proportions.

Table 1. Data Split

No Item Percentage (%)
Train 70
Test 30

Data preprocessing is employed to structure unorganized datasets, making them suitable for the intended
requirements and ready for subsequent processing stages [13].

2.4. Model Training (Modelling)

Support Vector Machine is an algorithm designed to identify the optimal hyperplane that separates
two classes within the input space. The next step involves selecting an appropriate kernel, such as linear,
polynomial, or RBF. For the RBF kernel, parameters like C and Gamma should be tuned to optimize
performance. Cost (C) is a parameter in SVM that controls the extent to which the model penalizes
misclassification errors in the training data [14]. A kernel is a component responsible for mapping low-
dimensional input into a higher-dimensional space [15]. This study also utilizes the GridSearchCV module.
GridSearchCV, a feature of the scikit-learn library, systematically and automatically validates various models
with different combinations of hyperparameters to identify the optimal configuration [16].

Table 2. Prediction Parameters included in the Model

No Parameter Value
0.1; 1; 10; 100;
1 c 1000
1;0.1; 0.01;
2 Gamma 0.001; 0.0001
3 Kernel ‘rbf”

2.5.  Model Testing

In this study, 30% of the total data was allocated as test data to evaluate the performance of the
developed model. The classification model was assessed using four commonly used metrics: accuracy,
precision, recall, and F1-score. These metrics are calculated based on the Confusion Matrix, which consists of
four key terms: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The
evaluation through the confusion matrix provides various metrics, including accuracy, precision, recall, and
F1-score.

- Accuracy
Accuracy is the ratio of the number of correct predictions to the total number of data points[17].
This metric is used to represent the model's overall correctness in performing classification. The
formula for calculating accuracy is shown below.

True Positive + True Negative

A =
ccuracy Total Prediction

- Precision
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Precision is the ratio that indicates the proportion of correctly predicted positive instances[18].
This metric measures the accuracy of the model's positive predictions relative to the expected data.
The formula for calculating precision is shown in the following equation.

True Positive

Precision = — —
True Positive + False Positive

- Recall

Recall is the ratio of actual positive data that is correctly classified as positive[19]. The following
equation is used to explain the formula for calculating recall.

True Positive

Recall =
eca True Positive + False Negative

- F1 Score
F1 Score is a metric that combines both precision and recall by calculating their harmonic mean[20].
The formula for calculating the F1 Score is shown in the following equation.

2 x Precision x Recall
F1 Score =

Precision + Recall
2.6.  Evaluation of Results
Use the testing set to evaluate the classification results using the confusion matrix method. A
confusion matrix is a table that shows the number of test data correctly classified and the number of test data
misclassified. From the SVM algorithm, the results include a comparison of hyperparameter tuning with the

matrix values.
The following is the processing structure in diagram form:

Data Collection

Preprocessing

Feature Selection

Data Split

Model Training & Testing

Evaluation

Fig. 2. Processing structure
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3. RESULTS AND DISCUSSION

3.1.  Model Training

Based on the testing results, it can be concluded that the model's performance before optimization
through GridSearchCV as a hyperparameter tuning method shows an accuracy of 79%. This indicates that there
are still some errors in the predictions/testing based on the available data. Additionally, the results from the
confusion matrix before the testing process are shown in the table below.

Table 3. Results Model Training

No Matrix Value
1 Accuracy 0.79%
2 Precision 0.79%
3 Recall 0.73%
4 F1 Score 0.76%

True label

1

Predicted label

[+]

Fig 3. Confusion matrix Training Model
The model training results show an evaluation metric with Accuracy of 0.79%, which indicates the model has
a low correct prediction rate over the entire data. The Precision of 0.79% indicates the model's ability to
generate correct positive predictions, while the Recall of 0.73% indicates the model only captured 73% of all
true positives. The F1 Score value of 0.76% reflects the balance between Precision and Recall. Overall, the
performance of the model still needs to be improved, especially in reducing false negatives.

3.2.  Testing

To enhance the model's performance during testing and improve the overall system quality, optimization
was carried out using GridSearchCV as the hyperparameter tuning method. Through this hyperparameter
tuning process, the tested parameter combinations yielded the best performance during the classification model
development phase. After successfully identifying the optimal hyperparameters, the results are shown in the
following table.

Table 4. Predicted Parameters to be Included in the Model

No Parameter Value
1 C 10

2 Gamma 0.01
3 Kernel ‘rbf’

Once the model is built using the specified parameters, the next step is to evaluate it according to the
prepared testing scenario. The model evaluation results are then documented through calculations and
visualizations of the Confusion Matrix diagram.
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True label

(4] 1
Predicted label

Fig 3. Confusion matrix Testing

Table 3. Results after testing

No Matrix Value
1 Accuracy 0.77%
2 Precision 0.79%
3 Recall 0.66%
4 F1 Score 0.72%

Based on the table above, it shows that the classification model using SVM for heart disease prediction
experienced a relatively stable decrease in value (range), dropping from 79% to 77%. The performance metrics
range from O to 1. However, it is worth noting that the model consistently produced reliable values for each
performance metric. This indicates that the data used in the learning process was well-normalized and that the
class distribution for each data type was proportionally organized. As seen in the image above, it can be
concluded that the most accurate predictions are found in label 1, while the least accurate predictions are for
label 0. This is due to the lower number of correct predictions for label 0 compared to the incorrect predictions.
The analysis of the Confusion Matrix is supported by the color difference, with yellow indicating the best
prediction performance.

4. CONCLUSION

Research on heart disease classification using the Support Vector Machine (SVM) method indicates that
SVM can be used to predict heart disease with a certain level of accuracy, but the results obtained are not yet
stable or optimal. Before optimization with GridSearchCV, the model showed an accuracy of 79%, with
precision of 79%, recall of 73%, and an F1-score of 76%. After hyperparameter optimization, the model's
accuracy slightly decreased to 77%, with precision of 79%, recall of 66%, and an F1-score of 72%. These
results suggest that while the SVM method has potential for heart disease classification, its performance is
highly influenced by the quality and quantity of data, as well as the selection of appropriate hyperparameters.
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