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Abstract−Heart disease is one of the leading causes of death worldwide, making data-driven early detection crucial for supporting 
medical decision-making systems. A major challenge in developing heart disease prediction models is dataset quality, including 

the often imbalanced class distribution, which can impact the performance of classification algorithms. This study aims to analyze 

the effect of the Synthetic Minority Oversampling Technique (SMOTE) on the performance of three classification algorithms: 

Support Vector Classifier (SVC), Random Forest (RF), and K-Nearest Neighbor (KNN). The dataset used is heart_disease50.csv 
with 4,001 patient data consisting of 21 predictor attributes and one target variable (heart disease status: “Yes” or “No”) with a 

relatively balanced class distribution. The research process includes data preprocessing (data cleaning, normalization, and 

encoding), data partitioning using Stratified K-Fold Cross Validation (k=5), applying SMOTE to training data, building a 

classification model, and evaluation using accuracy, precision, recall, F1-score, and AUC-ROC metrics. The results showed that 
applying SMOTE did not always improve performance. The SVC model with SMOTE experienced a decrease in accuracy (0.4819) 

compared to the one without SMOTE (0.5106), while Random Forest remained relatively stable with insignificant differences 

(0.4669 without SMOTE and 0.4644 with SMOTE). KNN with SMOTE emerged as the best model with an accuracy of 0.5268 

and a precision of 0.5271, although the AUC-ROC remained the same as KNN without SMOTE (0.5135). Overall, these results 
confirm that the effectiveness of SMOTE is highly dependent on dataset conditions, and in cases with relatively balanced data, 

SMOTE does not provide significant benefits. Therefore, improving the performance of heart disease prediction classification is 

recommended through hyperparameter optimization strategies, relevant feature selection, or the use of more sophisticated 

algorithms such as Gradient Boosting or Neural Networks. 
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1. INTRODUCTION 

Cardiovascular disease remains one of the leading causes of mortality worldwide. According to the World Health 

Organization (WHO), more than 17 million individuals die annually from cardiovascular diseases, with coronary heart 

disease accounting for the largest proportion [1], [2], [3].. Early detection of heart disease is a crucial factor in both 

prevention and treatment efforts, making the development of data-driven and artificial intelligence (AI)-based 

prediction methods increasingly relevant.  

In the era of big data and machine learning, the ability to classify patients at risk of heart disease provides 

strategic value for both the medical community and society at large [4], [5], [6]. One of the major challenges in 

developing predictive models for heart disease lies in the issue of imbalanced datasets. This condition occurs when 

the number of patients with heart disease (minority class) is significantly lower than the number of healthy patients 

(majority class) [7], [8], [9]. Imbalanced datasets often lead to prediction models that are biased toward the majority 

class, resulting in deceptively high accuracy while producing poor performance in detecting the minority class (low 

recall/sensitivity). In the medical context, failing to correctly identify patients with heart disease (false negatives) can 

be fatal. Therefore, specific strategies are required to address data imbalance in order to develop predictive models 

that are both reliable and fair across classes [10], [11]. 

In the case of heart disease prediction, a variety of classification models have been utilized to develop medical 

decision support systems. Among the most widely applied models are Support Vector Machine (SVM) [12], [13], 

[14], which excels in finding optimal separating hyperplanes in high-dimensional data; Random Forest (RF) [15], 

[16], which combines multiple decision trees to produce stable predictions and effectively handle complex data; and 

K-Nearest Neighbor (KNN) [17], [18], [19], a simple similarity-based algorithm that classifies instances according to 

their nearest neighbors. Beyond these three primary algorithms, alternative approaches such as Logistic Regression, 

which is commonly applied in medical analysis due to its interpretability, and Neural Networks, which can capture 

complex patterns albeit requiring larger datasets and higher computational resources, are also available. The choice 

of classification model in this study largely depends on dataset characteristics, required accuracy, and interpretability 

of results, thereby necessitating comparative performance analysis to identify the most suitable approach [20], [21]. 

Previous research discussed the implementation of the RS-SMOTE-GBT method, a combination of Random 

Search (RS), Synthetic Minority Oversampling Technique (SMOTE), and Gradient Boosting Tree (GBT), for 

classifying rock discontinuity traces from three-dimensional point cloud data [22]. This approach successfully 

addressed the data imbalance problem (trace vs. non-trace), achieved the highest F-score among 16 benchmark 

models, and demonstrated superior generalization ability, particularly when training data were diverse. Additionally, 

the study showed that discontinuity features played a more critical role than basic features, thereby improving 

classification reliability. However, limitations were identified, including persistent misclassifications in fractured and 
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irregularly layered rocks, reliance on the quality and accuracy of expert-labeled data, and increased computational 

cost during parameter optimization. Overall, the method offered an innovative solution for rock trace mapping, 

although its effectiveness remained constrained by data quality and geological complexity. 

Hairani (2023) focused on improving the performance of Random Forest in classifying imbalanced diabetes 

data through the Smote-Tomeklink technique [23]. This method successfully mitigated the dominance of the majority 

class (negative diabetes), thereby enhancing the detection of the minority class (positive diabetes). Results 

demonstrated improved performance, with accuracy reaching 86.4%, sensitivity 88.2%, precision 83.3%, and F1-

score 85.1%, surpassing both the standard Random Forest and the SMOTE-only approach. Furthermore, the 

combination of oversampling and undersampling not only reduced data noise but also minimized overfitting, yielding 

more stable classification results. Nevertheless, its drawbacks included increased process complexity, as the 

integration of SMOTE and Tomeklink required additional time and computational resources, and limited validation 

since it had not yet been tested on multiclass or larger, more heterogeneous medical datasets. Overall, this approach 

demonstrated clear improvements in early diabetes diagnosis, yet further research is needed for broader applicability. 

Among various approaches, the Synthetic Minority Oversampling Technique (SMOTE) has been widely 

adopted. Unlike simple duplication, SMOTE generates synthetic minority samples through interpolation between 

neighboring minority instances [7], [24], [25]. This method has proven effective in many studies, improving 

classification performance on imbalanced datasets across domains such as healthcare, finance, and anomaly detection. 

However, SMOTE must be applied carefully, as improper use may introduce noise or generate patterns 

unrepresentative of the underlying data [11], [26], [27]. 

In addition to data balancing techniques, the selection of classification algorithms plays a key role in developing 

optimal prediction models. Popular algorithms in medical data classification include Support Vector Machine (SVM) 

[[28], [29], Random Forest (RF) [30], [31], [32], and K-Nearest Neighbor (KNN) [33], [34], [35]. SVM operates by 

identifying the optimal hyperplane that maximizes the margin between classes, making it suitable for high-

dimensional data, although its performance is sensitive to kernel parameters and regularization.  

RF, an ensemble learning method that integrates multiple decision trees, is recognized for its robustness, ability 

to handle heterogeneous data, and feature importance estimation, which makes it widely used in medical applications. 

Conversely, KNN, an instance-based learning algorithm, classifies data based on majority voting among nearest 

neighbors. While conceptually simple, its performance is heavily influenced by the choice of k and preprocessing 

requirements such as normalization. 

Several studies have demonstrated that combining oversampling techniques (such as SMOTE) with 

classification algorithms enhances model performance. For instance, research in cancer prediction, diabetes detection, 

and heart failure classification reported improvements in recall and F1-score when SMOTE was applied [36], [37]. 

Nonetheless, outcomes often depended on dataset characteristics, chosen algorithms, and parameter configurations. 

This suggests that no universal conclusion exists regarding the most optimal algorithm when combined with SMOTE, 

particularly for heart disease datasets [36], [37], [38]. 

Based on these considerations, the present study aims to analyze and compare the performance of three 

classification algorithms—SVM, Random Forest, and KNN—with and without the application of SMOTE, using a 

heart disease dataset. The focus is to assess the extent to which SMOTE addresses class imbalance (if present) and its 

impact on key evaluation metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. The findings are 

expected to contribute to the development of machine learning-based medical decision support systems, particularly 

for early detection of heart disease, while also enriching the literature on the use of SMOTE in healthcare domains. 

2. RESEARCH METHODOLOGY 

This research is a quantitative study with an experimental approach. The focus of the study is to evaluate the effect of 

using the Synthetic Minority Oversampling Technique (SMOTE) data balancing technique on the performance of 

three classification algorithms: Support Vector Machine (SVM), Random Forest (RF), and K-Nearest Neighbor 

(KNN) on a heart disease dataset. The goal is to obtain an optimal prediction model and compare the performance of 

the algorithms with and without SMOTE. 

2.1 Research Data 

Contains an explanation of the stages of research (MANDATORY IN THE ARTICLE) which describes the 

sequence/stages in conducting research, how the stages of applying the method in research and testing methods in 

obtaining research results are in accordance with the expectations and description of the research. It is better if there 

are pictures and tables, they must be presented with the names of the tables and figures accompanied by serial numbers.  

The dataset used is heart_disease50.csv, which consists of 4001 rows of data with 21 attributes (independent variables) 

and one target variable, Heart Disease Status, with two classes: "Yes" (positive for heart disease) and "No" (negative 

for heart disease). The class distribution in this dataset is relatively balanced, with 2000 positive patient data and 2001 

negative patient data. The variables in the dataset include demographic information, medical history, medical 

examination results, and heart disease risk factors. The dataset can be seen in Table 1 below. 
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Table 1. Sample Research Dataset 

Age Gender Blood Pressure Cholesterol Level Exercise Habits Smoking …. Etc Heart Disease Status 

56 Male 153 155 High Yes 
 

No 

69 Female 146 286 High No 
 

No 

46 Male 126 216 Low No 
 

No 
32 Female 122 293 High Yes 

 
No 

60 Male 166 242 Low Yes 
 

No 

… … … … … … … …etc 
25 Female 136 243 Medium Yes 

 
Yes 

38 Male 172 154 Medium No 
 

Yes 
73 Male 152 201 High Yes 

 
Yes 

23 Male 142 299 Low Yes 
 

Yes 

38 Female 128 193 Medium Yes 
 

Yes 

Before use, the dataset underwent a data cleaning process, including checking for missing values, normalizing 

numeric variables, and encoding categorical variables using one-hot encoding to facilitate processing by the 

classification algorithm. Available attributes included demographic factors such as age and gender, clinical variables 

such as resting blood pressure, cholesterol levels, and maximum heart rate, as well as medical examination results 

such as electrocardiogram recordings, ST-segment depression, chest pain type, and history of angina during exercise. 

Some attributes were numeric with varying value ranges and therefore required normalization, while categorical 

attributes such as gender, chest pain type, and ST-segment slope required encoding to facilitate processing by the 

classification algorithm. The initial dataset showed no missing values, making it relatively clean and ready for 

processing. This dataset was selected based on its relatively large size compared to classic cardiac datasets, the 

availability of medically relevant clinical attributes, and its balanced class distribution. This allowed this study not 

only to experiment with data balancing techniques like SMOTE but also to produce more representative and 

interpretable results in the context of a medical decision support system. 

2.2 Research Design 

In order to ensure methodological rigor and reproducibility, this study adopted a systematic research workflow for 

developing and evaluating classification models on the heart disease dataset. The workflow integrates data 

preprocessing, sampling strategies, model development, and evaluation, thereby providing a structured approach to 

assess the impact of SMOTE on balanced data. The research design also incorporates cross-validation and 

hyperparameter tuning to minimize bias and optimize performance. The overall process is illustrated in Figure 1. 

Start Data Collection: Public source 

heart disease dataset
Preprocessing Data

Data Cleaning: - Remove 

duplication - Handle missing 

values ​​- Data consistency

Encoding: One-hot encoding 

of categorical variables
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numeric features
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Figure 1. Research Design 
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Figure 1 illustrates the research workflow adopted in this study. The process begins with the collection of the 

publicly available heart_disease50.csv dataset, which then undergoes a series of preprocessing steps. These steps 

include data cleaning to remove duplicate records, handle missing values, and ensure consistency, normalization to 

scale numerical attributes into uniform ranges and prevent bias in distance-based algorithms, and categorical encoding 

using one-hot encoding so that non-numeric variables can be properly processed by machine learning models. Once 

preprocessing is complete, the dataset is partitioned using Stratified K-Fold Cross Validation (k=5) to maintain class 

balance across training and testing folds. At this stage, a branching decision is made regarding whether to apply the 

Synthetic Minority Oversampling Technique (SMOTE). If selected, SMOTE is applied exclusively to the training 

data to avoid potential data leakage into the testing set. 

Model development is then conducted using three well-established algorithms: Support Vector Machine 

(SVM) with an RBF kernel, Random Forest (RF), and K-Nearest Neighbor (KNN). In the SMOTE-applied scenario, 

each model undergoes hyperparameter optimization through Grid Search, where SVM parameters such as C and 

gamma, Random Forest parameters such as the number of estimators and maximum tree depth, and KNN parameters 

such as the number of neighbors (k) and weighting schemes are systematically adjusted. The resulting models are 

subsequently evaluated using five performance metrics: accuracy, precision, recall, F1-score, and ROC-AUC. This 

evaluation provides a comprehensive measure of both predictive accuracy and the ability to distinguish between 

positive and negative classes. Finally, the results are analyzed by comparing models trained with SMOTE against 

those trained without it, enabling this study to assess the effectiveness of oversampling in the context of a nearly 

balanced medical dataset.. 

2.3 Comparison of Six Classification Models 

This study compared six classification models obtained from a combination of three algorithms: Support Vector 

Machine (SVM), Random Forest (RF), and K-Nearest Neighbor (KNN). Each model was tested under two scenarios: 

without and with SMOTE. The comparison was conducted to determine the extent to which the SMOTE technique 

affects the performance of the classification algorithms on the heart disease dataset used. The evaluation was 

conducted using five main metrics: accuracy, precision, recall, F1-score, and ROC-AUC. 

In general, the experimental results show that applying SMOTE does not always improve performance on this 

dataset, given that the actual class distribution is relatively balanced (50:50). In the SVM model, applying SMOTE 

actually caused a decrease in accuracy and AUC compared to the model without SMOTE, indicating that synthetic 

oversampling does not provide a significant benefit. In the Random Forest model, both with and without SMOTE, 

performance was relatively stable with minor differences, indicating that this ensemble-based algorithm is quite robust 

to class distribution. Meanwhile, in the KNN model, the experimental results showed that using SMOTE did not 

provide a significant difference, with accuracy and AUC values being relatively similar in both scenarios. 

Based on the comparison of the six models, it can be concluded that the effectiveness of SMOTE is significantly 

influenced by the class distribution in the dataset. In the case of this relatively balanced heart disease dataset, SMOTE 

did not provide a significant advantage, and in some algorithms, it even tended to decrease performance. Nevertheless, 

these results are still important to emphasize that the use of oversampling techniques should consider the 

characteristics of the dataset, rather than simply being applied automatically. In other words, the selection of 

algorithms and data handling strategies must be done contextually according to the needs and conditions of the dataset 

being analyzed. 

3. RESULT AND DISCUSSION 

This section presents the results of the experiments conducted, along with an in-depth analysis of the performance of 

each classification model. The six models tested were combinations of three algorithms: Support Vector Machine 

(SVM), Random Forest (RF), and K-Nearest Neighbor (KNN). Each was tested in two scenarios: without and with 

SMOTE. The results of this study are not only presented in the form of evaluation figures such as accuracy and ROC-

AUC, but also analyzed to understand the pattern of performance differences between the models. Through this 

discussion, it is hoped that a comprehensive overview of the effectiveness of the SMOTE technique on a relatively 

balanced heart disease dataset will be obtained, as well as its implications for selecting the most appropriate 

classification algorithm to support medical prediction systems. 

3.1 Experimental Results 

This study tested six classification models: combinations of three popular algorithms: Support Vector Machine 

(SVM), Random Forest (RF), and K-Nearest Neighbor (KNN), in two scenarios: without and with SMOTE. The 

evaluation was conducted using the Accuracy and ROC-AUC metrics, which represent the model's overall ability to 

predict and distinguish between positive and negative classes. This study compares six classification models: SVC, 

Random Forest (RF), and K-Nearest Neighbor (KNN) in two scenarios: without SMOTE and with SMOTE. The 

evaluation was conducted using five key performance metrics: accuracy, precision, recall, F1-score, and AUC-ROC. 
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a) Classification no SMOTE 

   
b) Classification + SMOTE 

Figure 2. Comparison of Confusion Matrices for Classification without SMOTE and Classification with SMOTE 

Based on Figure 2, the confusion matrix evaluation results show that all six classification models produced 

relatively balanced predictions between positive and negative classes, but still had a relatively high rate of 

misclassification. In the SVC and KNN models without SMOTE, the recall value approached 0.50, meaning only 

about half of patients with heart disease were correctly detected, while the rest were incorrectly classified as healthy 

(false negatives). The Random Forest model, both with and without SMOTE, showed a similar trend, with slightly 

higher recall (around 0.50) but lower precision, resulting in a high number of false positives. Meanwhile, the KNN 

model with SMOTE performed relatively better with higher accuracy and precision, indicating a more balanced 

distribution of predictions between true positives and true negatives. Overall, the confusion matrix illustrates that 

although all models performed basic classification, the prediction error rate was still quite high, especially for positive 

cases of heart disease. Therefore, further optimization strategies are needed to reduce false negatives, which are critical 

in medical contexts. The AUC-ROC results can be seen in Figure 3 below. 

   
a) AUC-ROC no SMOTE 

   
b) AUC-ROC + SMOTE 

Figure 3. Comparison of AUC-ROC for Classification without SMOTE and Classification with SMOTE 

Figure 3 displays the Receiver Operating Characteristic (ROC) curves and AUC (Area Under Curve) values 

for six classification models, each in two scenarios: without SMOTE (a) and with SMOTE (b). In general, all ROC 
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curves tend to approach the diagonal line, indicating that the class separation ability of all models is still limited. In 

the scenario without SMOTE, the AUC value for SVC was 0.473, RF was 0.478, and KNN reached 0.513, the highest 

among the three. After applying SMOTE, the AUC value for SVC increased to 0.513, RF slightly increased to 0.481, 

while KNN remained at 0.513. This indicates that SMOTE did not significantly improve model performance, except 

for slight improvements in SVC and RF. Overall, this graph illustrates that both with and without SMOTE, the model's 

performance in distinguishing patients with heart disease from healthy patients remains close to random predictions, 

requiring further optimization to achieve more reliable classification results. 

3.2 Results Analysis 

3.2.1 Support Vector Classifier (SVC) 

The SVC without SMOTE produced an accuracy of 0.5106, with relatively balanced precision and recall (0.5103 and 

0.4975). The F1-score of 0.5184 indicates a harmonious combination of precision and recall, although the AUC-ROC 

is low (0.4730), indicating limited class separation ability. When SMOTE is applied, the accuracy decreases to 0.4819, 

and although recall increases slightly (0.4825), the F1-score actually drops to 0.4819. The AUC-ROC increases 

slightly (0.5130), but overall the SVC performance with SMOTE is not superior to that without SMOTE. This 

indicates that adding synthetic data actually decreases the SVC classification accuracy. 

3.2.2 Random Forest (RF) 

RF without SMOTE recorded an accuracy of 0.4669 with a recall of 0.5000, indicating the model was relatively 

capable of recognizing the positive class, but had low precision (0.4684). The F1-score of 0.4837 supports this finding, 

and the AUC-ROC of 0.4782 indicates suboptimal class separation. After applying SMOTE, accuracy decreased 

slightly to 0.4644, but recall increased slightly to 0.5025. Despite the increase in recall, overall performance remained 

low, with an AUC-ROC of 0.4814, which was not significantly different from the scenario without SMOTE. This 

indicates that RF is relatively stable to the addition of synthetic data, but remains suboptimal for this dataset. 

3.2.3 K-Nearest Neighbor (KNN) 

KNN without SMOTE provided an accuracy of 0.5106, a precision of 0.5103, a recall of 0.4975, and an F1-score of 

0.5038. The AUC-ROC value of 0.5135 was the highest among the models without SMOTE, indicating relatively 

better class separation ability. When SMOTE was applied, KNN's performance actually improved, reaching an 

accuracy of 0.5268 and a precision of 0.5271, while the recall increased slightly to 0.5100. The AUC-ROC value 

remained stable at 0.5135, but the increase in accuracy indicates that KNN is more responsive to the addition of 

synthetic samples than SVC and RF. 

3.3 Discussion 

To evaluate the comparative performance of the classification algorithms, five standard metrics were used: accuracy, 

precision, recall, F1-score, and AUC-ROC. These metrics provide a comprehensive assessment of both predictive 

accuracy and the discriminative power of the models. The results of the experiments for Support Vector Classifier 

(SVC), Random Forest (RF), and K-Nearest Neighbor (KNN), with and without the application of SMOTE, are 

presented in Table 2. 

Table 2. Classification Model Evaluation Results 

Model Akurasi  Presisi Recall F1 Score AUC-ROC 

SVC  0,51060 0,51030 0,49750 0,51840 0,47300 

RF 0,46690 0,46840 0,50000 0,48370 0,47820 

KNN 0,51060 0,51030 0,49750 0,50380 0,51350 

SVC + SMOTE 0,48190 0,48130 0,48250 0,48190 0,51300 

RF + SMOTE 0,46440 0,46640 0,50250 0,48380 0,48140 

KNN + SMOTE 0,52680 0,52710 0,51000 0,50380 0,51350 

Table 2 highlights that the impact of SMOTE on model performance is not consistent across algorithms. 

Without SMOTE, both SVC and KNN produced similar accuracy values of 0.5106, while RF recorded a lower 

accuracy of 0.4669. Precision and recall values followed a comparable pattern, with KNN achieving the highest AUC-

ROC score of 0.5135, indicating slightly stronger discriminative capability compared to SVC (0.4730) and RF 

(0.4782). When SMOTE was applied, the results varied. For SVC, performance decreased, with accuracy dropping 

from 0.5106 to 0.4819 and F1-score also declining. Random Forest remained relatively stable across conditions, 

showing only minor fluctuations with an accuracy of 0.4644 and AUC-ROC of 0.4814. In contrast, KNN demonstrated 

a modest improvement, with accuracy increasing to 0.5268 and precision to 0.5271. However, its F1-score and AUC-

ROC values showed little to no change, suggesting that the improvements in accuracy and precision did not translate 

into a stronger discriminative ability. These findings provide an important observation: SMOTE does not consistently 

enhance classification performance when applied to balanced medical data. In fact, it may even reduce performance, 
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as observed with SVC. This result underscores the importance of considering dataset characteristics before applying 

oversampling techniques, as their effectiveness is not universal. 

 

Figure 4. Comparison of Model Performance with and without SMOTE 

Figure 4 provides a visual comparison that reinforces the tabular results. It clearly shows that applying SMOTE 

did not universally enhance performance. Instead, SVC suffered from decreased accuracy and F1-score, RF 

maintained stable but suboptimal results, while KNN benefited modestly in accuracy and precision but without 

significant improvement in discriminative ability (AUC-ROC). These results emphasize that SMOTE is not a one-

size-fits-all solution and its application should be tailored to dataset characteristics. 

4. CONCLUSION 

This study revisited the role of SMOTE in the context of a nearly balanced heart disease dataset by comparing three 

popular classification algorithms: SVM, Random Forest, and KNN. The results demonstrated that SMOTE did not 

consistently improve model performance. In particular, SVM suffered a decrease in accuracy and F1-score after 

oversampling, while Random Forest remained relatively stable but still suboptimal. Only KNN showed a modest gain 

in accuracy and precision, although its AUC-ROC value did not improve. These findings highlight an important 

insight: SMOTE, while effective for imbalanced learning, may not provide tangible benefits and can even reduce 

performance when applied to balanced datasets. This contribution challenges the common assumption in machine 

learning that oversampling is universally advantageous, particularly in medical data classification. For future research, 

performance improvements are better pursued through hyperparameter optimization, feature selection, and the 

application of more advanced methods such as Gradient Boosting or Neural Networks. Furthermore, exploring 

alternative strategies such as cost-sensitive learning or hybrid data augmentation approaches may provide more robust 

solutions for medical prediction tasks.. 
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