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Article Info ABSTRACT

Article history: Heart disease remains the leading cause of death worldwide, with early detection
being critical to improving patient outcomes. This study develops a heart disease
risk prediction model using the Support Vector Machine (SVM) algorithm. A
dataset of 303 patient records with 14 chnical attributes was used, including age,
blood pressure, cholesterol, and chest pain type. Data preprocessing,
normalization, and feature selection were performed to optimize the model.
Keywords: Evaluation metrics such as accuracy (92%), precision (90%), recall (96%), and
Fl-score (93%) demonstrated significant improvements over the baseline
model. These results highlight the SVM model’s effectiveness as a tool for early
heart disease detection, offering potential for enhanced predictive healthcare,
particularly in Indonesian clinical settings.
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1. INTRODUCTION

Heart disease continues to be the leading cause of death globally, including in Indonesia, where it represents
a significant portion of mortality rates. In 2021, healthcare expenditures for heart disease in Indonesia reached
Rp7.7 willion, underscoring the growing burden it places on the healthcare system both clinically and
economically [1], [2]. The prevalence of heart disease continues to rise, posing substantial risks to individuals,
families, and society at large. This escalating incidence also contributes to the increasing burden on healthcare
resources and highlights the critical need for effective detection and intervention strategies.
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Farly detection of heart disease is crucial to reducing both mortality and morbidity rates. However,
conventional diagnostic methods face several limitations, such as reliance on subjective medical interpretation,
lengthy procedures, and high costs. These methods often result in late-stage diagnoses, which increase the risk of
severe complications and death. Therefore, there is a pressing need for alternative, cost-effective, and efficient
diagnostic methods to improve early detection [3], [4].

Recent advancements in artificial intelligence (AI) and machine learning (ML) offer promising solutions to
enhance early diagnosis, including the prediction of heart disease risk. Among the various machine learning
algorithms, Support Vector Machine (SVM) has emerged as a highly effective tool for disease classification due
to 1its ability to handle high-dimensional data and perform well with non-linear separability. SVM has been
successfully applied in healthcare, particularly for heart disease prediction, by using clinical data such as age,
blood pressure, cholesterol levels, and medical history to classify individuals into risk categories [5], [6], [7].

Although numerous studies have developed prediction models for heart disease using machine learning
algorithms (e.g., SVM, Random Forest, Neural Networks), significant gaps remain that impede their applicability
i Indonesian clinical contexts. First, many ivestigations rely on datasets drawn from Western or East Asian
populations; these datasets may not reflect Indonesia’s unique demographic, lifestyle, and clinical-profile
characteristics [8]. Second, a number of the existing studies focus primarily on performance metrics like accuracy,
but neglect to explicitly address class-imbalance 1ssues or apply rigorous external validation, which are critical for
ensuring model generalizability in real-world settings. For instance, class imbalance has been identified as a
recurring challenge in machine-learning for cardiovascular risk prediction [9]. Third, the literature shows limited
examination of how these models perform in Indonesian hospital settings where data access, electronic health
record integration, and clinical process differences pose additional barriers. Consequently, despite promising
numeric results, the readiness of these predictive models for real-world deployment remains questionable.

Based on these gaps, this study aims to develop an SVM-based heart disease risk prediction model using
Indonesian clinical data, explicitly address class imbalance (e.g., via oversampling techniques), and conduct
external validation in a hospital setting, thereby enhancing both accuracy and practical applicability. Through data
preprocessing, feature selection, and model optimization, this research contributes to the growing body of
knowledge on machine learning applications in healthcare, with a particular focus on heart disease risk prediction
for the Indonesian context [5], [8].

2. RESEARCH METHOD

This study utilizes the Support Vector Machine (SVM) algorithm for heart disease risk prediction. SVM is
a supervised machine learning technique commonly used for classification tasks, particularly effective in handling
high-dimensional and non-linear data. Additionally, we discuss the potential use of other models, such as
Random Forest (RF) and Neural Networks (NN), for comparison.

The Support Vector Machine (SVM) seeks to find a hyperplane that maximizes the margin between two
classes in the dataset. The mathematical formulation of the SVM is as follows:

For a dataset with Ndata points {(xy, ¥1), (x4, ¥2), ---, (Xn, Yn)}, where x; € R™are the feature vectors and
y; € {—1,1}are the labels (class labels), the goal is to find a hyperplane w - x + b = Othat separates the data
points of one class from the other with the maximum margin.

The optimization problem for SVM is shown in the following equation (1):

1
min= [l w I? (1)
wb 2
subject to the constraints:

yw-x;+b)=1i=1,..,N @

where:

w is the weight vector, which determines the orientation of the hyperplane.

b s the bias term, which determines the offset of the hyperplane from the origin.

[l wl represents the norm of the weight vector, and the goal is to minimize this to maximize the margin
between the classes.

To handle non-linear separability, we use the kernel trick, which maps the original data into a higher-
dimensional space where it becomes linearly separable. Common kernels include:

Linear kernel: K (x,x") = x - x'

Polynomial kernel: K (x,x") = (x - x’ + 1)@

Radial Basis Function (RBF) kernel: K(x,x") = e—VIIX—x’||2’ where yis a parameter controlling the width of

the kernel.
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Random Forest (RF) is an ensemble learning method based on decision trees. It constructs multiple
decision trees during training and outputs the class that is the mode of the classes predicted by individual trees.
The basic 1dea is to tramn multiple decision trees on different subsets of the data and combine their predictions
to improve overall performance.

Fach decision tree is built by: Bootstrapping: Randomly sampling data points with replacement to create
multiple training datasets. Feature Randomization: At each split, a random subset of features is chosen to
determine the best split, reducing correlation between trees.

Mathematically, the output of the Random Forest classifier shown in the following equation (3):

¥ = mode(f; (%), f5(x), ..., fr(x)) 3)
where:
f+ (%) is the prediction of the t-th tree for input x.
T 1s the number of trees in the forest.

This ensemble approach helps reduce overfitting, which i1s a common issue with individual decision trees,
and improves generalization to unseen data. Neural Networks (NN) are a class of models mspired by biological
neural networks. They consist of layers of interconnected nodes (neurons), where each neuron applies a non-
linear activation function to the weighted sum of inputs from the previous layer. For a multi-layer perceptron
(MLP) with one hidden layer, the forward pass 1s as follows:

Input layer to hidden layer:

where:

h; is the output of the j-th hidden neuron.

w;; is the weight between the i-th input and the j-th hidden neuron.

x; 1s the i-th input feature.

b; is the bias term for the hidden neuron.

o is the activation function (commonly sigmoid a(x) = 1/(1 + e *)or ReL.U ¢(x) = max (0, x)).

Hidden layer to output layer:
y= o(z Wojhj + bo) )
J

where:

vy 1s the final output (predicted class label).

W, is the weight from the j-th hidden neuron to the output.

b, 1s the bias term for the output neuron.

o 1s the output activation function (typically a softmax for classification tasks).

Dataset Collection

The dataset used in this study consists of 303 patient records, each containing 14 clinical attributes such as
age, blood pressure, cholesterol levels, chest pain type, fasting blood sugar, and maximum heart rate achieved
during exercise. These records were sourced from local Indonesian medical data, ensuring that the model is
tailored to the demographic and clinical characteristics specific to Indonesia. This is a significant strength, as
many existing heart disease prediction models rely on datasets from other regions, which may not accurately
reflect the health characteristics of the Indonesian population.

However, the dataset’s sample size of 303 may be msufficient to fully capture the diversity of heart disease
risk factors, and potential biases may exist due to missing data or sampling bias if the dataset is derived from a
single institution. To 1mprove the generalizability of the model, future research should aim to collect a larger,
more diverse dataset from multiple hospitals across Indonesia or other regions.

Data Preprocessing
Before training the model, it is crucial to ensure the quality and consistency of the dataset. The data
preprocessing steps involved are as follows:
1. Handling Missing Values: Missing data is common in medical datasets. To maintain the integrity of the
model, missing values are handled in two ways:
a) For numerical attributes, missing values are imputed using the mean or median of the attribute,
depending on the distribution of the data. The median 1s particularly useful when the data is skewed,
as it 1s less affected by outliers.
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b) For categorical attributes, missing values are imputed using the mode (the most frequent value) to
prevent bias towards one class. This method ensures that the imputation is realistic and consistent
with the existing data patterns.

2. Duplicate Removal: To avoid redundancy and ensure that each data point contributes unique
mformation, duplicate records are identified and removed using standard data cleaning techniques. This
step 1s essential to ensure the integrity of the model training process.

3. Normalization: SVM is sensitive to the scale of input features. To mitigate the risk of features with larger
ranges dominating the learning process, Min-Max Scaling is applied to all numerical values. This scaling
technique normalizes each feature to a [0,1] range. The formula used for Min-Max normalization is
shown on (6):

X - Xmiu .
Xu()rmalizcd = ﬁ (())

max min

where:
X 1s the original feature value,
Xmand X, are the minimum and maximum values of the feature.

This normalization ensures that all numerical features, such as cholesterol levels, blood pressure, and
heart rate, are treated equally and have no disproportionate influence on the model.

4. Categorical Encoding: Some of the dataset's attributes, such as chest pain type and fasting blood sugar,
are categorical in nature. These categorical variables are transformed into a numerical format using One-
Hot Encoding, a common technique for converting categorical variables mto a form that can be
processed by machine learning algorithms. The One-Hot Encoding method creates a binary column
for each category within the variable, where a "1" indicates the presence of that category, and "0" indicates
its absence.

For example, if a variable chest pain type has three possible categoriesypical angina, atypical angina, and
non-anginal pain One-Hot Encoding will create three new binary columns. Each column represents one of the
categories, and each record will have a "1" in the column corresponding to its category and "0" in the others. This
approach ensures that categorical data is appropriately incorporated mnto the SVM model, which requires
numerical inputs.

Feature Selection
Feature selection is crucial for improving model performance by reducing dimensionality and avoiding
overfitting. Two primary methods are used for feature selection:
1. Pearson Correlation: This method measures the linear relationship between each attribute and the target
variable. Features with high correlation values are considered to be more relevant for the model [9].
2. Recursive Feature Elimination (RFE): RFE is used to recursively remove the least important features
and build a model using the remaining features. This helps in identifying the most significant attributes
influencing heart disease risk prediction [10].

Data Balancing

A common issue in healthcare datasets is class imbalance, where the number of instances in one class (e.g.,
patients at risk for heart disease) is significantly lower than the other class (e.g., healthy patients). To address this,
the Synthetic Minority Over-sampling Technique (SMOTE) is applied to balance the class distribution. SMOTE
works by generating synthetic samples for the minority class, ensuring that the model has a more balanced dataset
to learn from, which improves the prediction accuracy for the minority class [11], [12].

SVM Model Training

Once the data 1s preprocessed and balanced, the SVM model is trained using the following steps:

1. Kernel Selection: Two types of kernels are tested in this study: the linear kernel, which is suitable for
linearly separable data, and the Radial Basis Function (RBF) kernel, which is used for non-linear
separation of data. The choice of kernel is crucial for improving the model’s accuracy and generalization
[13].

2. Hyperparameter Tuning: To optimize the SVM model’s performance, hyperparameters such as the
regularization parameter (C) and the kernel-specific parameters (e.g., gamma for RBF) are tuned using
Grid Search and Particle Swarm Optimization (PSO). Grid Search involves exhaustively searching over
a specified parameter grid, while PSO 1s a heuristic optimization technique that simulates the social
behavior of birds or fish to find optimal solutions faster [14], [15].

3. Model Training: After selecting the kernel and tuning the hyperparameters, the model is trained on the
preprocessed and balanced dataset. The SVM algorithm constructs a hyperplane that maximizes the
margin between the "at risk" and "no risk” classes [16].
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Model Evaluation
Model performance is evaluated using several metrics to ensure a comprehensive assessment of its

predictive ability:

1. Accuracy: The proportion of correctly predicted instances (both positive and negative) over the total
number of instances in the test set.

2. Precision: The proportion of true positive predictions relative to the total positive predictions made by the
model. This metric is important when minimizing false positives is critical [17].

3. Recall (Sensitivity): The proportion of actual positive instances that are correctly identified by the model.
Recall is crucial in medical applications to ensure that the model detects as many positive cases as possible
[18].

4. Fl-Score: The harmonic means of precision and recall, providing a balance between the two. A high F1-
score indicates a good balance between precision and recall, which is particularly useful in imbalanced
datasets [19].

5. Cross-Validation: To assess the model’s robustness, k-fold cross-validation is used. This technique splits the
data into k subsets and iteratively trains and evaluates the model on different subsets to reduce variance and
avoid overfitting [20].

Model Optimization

In case the initial model performance is suboptimal, hyperparameter optimization 1s performed using Grid
Search and PSO. This helps identify the best combination of parameters (C, gamma, and kernel type) that
minimizes the classification error and maximizes the prediction accuracy [21]. Further optimization could involve
exploring ensemble methods to combine multiple models and improve overall performance [22].

3. RESULT AND ANALYSIS

After performing the necessary data preprocessing steps, the dataset was cleaned and normalized. Missing
values were imputed using the mean or mode for numerical and categorical features, respectively. Duplicate
records were removed to maintain the integrity of the dataset. Feature normalization using Min-Max scaling was
applied to all numerical attributes to ensure that no feature disproportionately affected the model’s performance
due to its scale. Categorical features were encoded using One-Hot Encoding to enable processing by the Support
Vector Machine (SVM) model.

Feature selection was conducted using two methods: Pearson Correlation and Recursive Feature
Elimination (RFE). Both methods 1dentified key features critical to predicting heart disease risk, such as age,
cholesterol level, and exercise-induced angina. These features were deemed the most influential for the model,
which helped in reducing the dimensionality of the dataset and mmproving the model’s efficiency.Given the
imbalanced nature of the dataset, the Synthetic Minority Over-sampling Technique (SMOTE) was employed to
balance the classes by generating synthetic data points for the minority class (patients at risk of heart disease).
This ensured that the SVM algorithm was exposed to a balanced dataset, thus preventing the model from being
biased towards the majority class.

Two different kernels were tested: a linear kernel and a Radial Basis Function (RBF) kernel. After training
the initial models, hyperparameter tuning was performed using Grid Search and Particle Swarm Optimization
(PSO) to find the optimal parameter combinations. This step ensured the model was fine-tuned for maximum
predictive performance. The model’s performance was evaluated using accuracy, precision, recall, and Fl-score
metrics, which were computed both for the training set and the test set.

The model achieved the following metrics on the training set as shown in table 1.

Table 1. Set Metrics
Metric Value Description
Accuracy  0.9050 Indicates that 90.50% of predictions on the training data are correct (both
positive and negative).
Precision  0.8980  Of all predictions of patients at risk of heart disease, 89.80% are actually at
risk.
Recall ~ 0.9072  Of all patients who are actually at risk of heart disease, 90.72% were
successfully detected by the model.
F1-Score  0.9026 The harmonic means between precision and recall, indicating the balance
between the accuracy and completeness of the model.

On the test set, the model achieved the following results:
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Table 2. Test Set Metrics
Metrics  Value Fxplanation
Accuracy  0.9200 The model correctly predicted 92% of the test data.
Precision  0.9000  Of all predictions of patients at risk of heart disease, 909% were actually at risk.
Recall ~ 0.9643 Of all patients who are actually at risk of heart disease, 96.43% were
successfully detected.
F1-Score  0.9310 Shows an excellent balance between precision and recall on the test data.

These results demonstrate that the optimized SVM model is highly effective in predicting heart disease risk,
with strong performance across all evaluation metrics.

DISCUSSION

In the Support Vector Machine (SVM) model, the kernel transformation plays a crucial role in improving
classification performance, especially in cases where the data is not linearly separable in the original input space.
The kernel trick allows us to map the data from its original feature space into a higher-dimensional feature space,
where the classes may become linearly separable. This transformation is key to improving the model’s ability to
classify complex, non-linearly separable data. By using the kernel trick, data transformed into a higher-
dimensional space where the classes may become more separable.

The results of this study suggest that the Support Vector Machine (SVM) algorithm, when optimized with
the Radial Basis Function (RBF) kernel and Particle Swarm Optimization (PSO), is highly effective for heart
disease risk prediction based on patient health data. The model's accuracy of 92.009% on the test set indicates its
potential for real-world applications in clinical settings. The use of SMOTE to address the class imbalance
significantly improved the model's recall (96.43%), which 1s particularly critical for medical applications where
detecting true positives is crucial.

The performance of this SVM model 1s consistent with previous studies in the field of heart disease
prediction. For instance, Maulana et al. [3] reported an accuracy of 89.4% for SVM 1n heart disease prediction,
while Natsir et al. [4] achieved an accuracy of 91.5%. However, unlike these studies, this research incorporated
SMOTE, RFE, and PSO, which likely contributed to the higher performance observed in this study. The use of
RBF as the kernel function also allowed for better handling of non-linear relationships in the data, which was not
addressed in many previous studies.

The primary reason the RBF kernel outperformed the linear and polynomial kernels in this case 1s its ability
to handle non-linearly separable data. In medical datasets, like the one used in this study, the relationship between
clinical attributes (e.g., cholesterol, blood pressure, heart rate) and the target variable (heart disease risk) is often
complex and not easily separable with a straight line or a simple polynomial boundary. In this study, the optimal
gamma value was found through hyperparameter tuning (using methods like Grid Search or Particle Swarm
Optimization). This allowed the RBF kernel to adapt to the local structure of the data by adjusting the influence
of each data point. By fine-tuning gamma, the SVM was able to create a decision boundary that effectively
separated the classes, leading to the high accuracy and recall rates (96.43%).

The preprocessing steps, including missing value imputation, duplicate removal, and normalization, were
essential in ensuring that the data was clean and consistent. These steps prevented potential biases that could
have impacted the model's performance. Feature selection, particularly through Pearson Correlation and RFE,
helped focus the model on the most relevant attributes, improving both model efficiency and interpretability.
This supports the findings of Hidayat et al. [5], who emphasized the importance of feature selection in enhancing
model accuracy, particularly in healthcare applications.

The SMOTE technique played a pivotal role in addressing the class imbalance in the dataset. By generating
synthetic samples for the minority class, SMOTE ensured that the model was not biased toward the majority
class, which 1s a common issue in healthcare datasets. The resulting balance between classes helped improve both
precision (90%) and recall (96.43%), making the model more reliable in identifying at-risk patients. This finding
1s in line with Chawla et al. [6] and Gupta et al. [7], who have shown that SMOTE is an effective technique for
improving the performance of classifiers in imbalanced datasets.

The promising performance of the SVM model suggests its potential integration into Clinical Decision
Support Systems (CDSS), where it could assist healthcare providers in early heart disease detection. By
mcorporating this model into clinical workflows, physicians could obtain real-time risk assessments for patients,
allowing for timely interventions. Future research should focus on expanding the dataset to include a broader
range of demographic and clinical data to enhance the model's generalizability. Additionally, exploring other
optimization techniques, such as Genetic Algorithms or Bayesian Optimization, could further improve the
model's performance. The integration of ensemble learning methods could also be explored to increase the
robustness of the model.

Despite its high performance, this study has several limitations. First, the dataset used 1s relatively small and
may not capture all the possible variations in heart disease risk factors. Future studies should validate the model
using data from multiple institutions and regions to assess its generalizability. Second, although the model
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performs well, its interpretability could be enhanced by using explainable Al techniques, such as SHAP values,
to understand which features most influence the model's predictions.

4. CONCLUSION

The study’s results demonstrate that the SVM-based heart disease risk prediction model is not only a
statistical success but also has clear clinical utility. The strong performance metrics (92% accuracy, 96% recall)
suggest that the model can be trusted in real-world clinical settings, provided it is integrated thoughtfully into
hospital systems and workflows. Scalability: The model has the potential to scale across multiple healthcare
settings, from large hospitals to remote clinics, without requiring significant resources beyond the necessary
computational infrastructure for data processing and model inference. Clinical Impact: The improvements in
recall (96%) indicate that the model is highly sensitive in identifying patients who are truly at risk, which is
particularly valuable in preventive healthcare. This can significantly reduce false negatives, ensuring that high-risk
patients do not slip through the cracks. Implementation Challenges: While the model shows promise, successful
mtegration into hospital systems will require overcoming several challenges: Data Compatibility: Ensuring the
model can work seamlessly with existing EHR systems and handle data from various hospital departments.
Clinical Validation: The model will need to undergo continuous validation with real-world clinical data to ensure
its ongoing reliability and relevance n different healthcare contexts.

However, there are some limitations to the study. The dataset used was relatively small and may not fully
represent the diverse range of heart disease risk factors across the broader population. Additionally, the model
was not externally validated using data from other medical institutions, which is a critical step to assess its
generalizability. Future research should aim to expand the dataset by incorporating real patient data from multiple
hospitals and regions, ensuring a more diverse sample. Further improvements could involve exploring other
optimization techniques, such as Genetic Algorithms or Bayesian Optimization, and integrating ensemble
learning methods to increase the model's robustness.

In conclusion, the SVM-based heart disease risk prediction model developed in this study holds significant
promise for early detection and intervention in heart disease. If integrated into clinical practice, it could assist
healthcare providers in making faster, data-driven decisions, improving patient outcomes, and reducing the
burden of heart disease in Indonesia.
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