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ABSTRACT 

Health data classification is a significant challenge in the healthcare field, particularly due to the inherent 

characteristics of health data, which typically exhibit high dimensionality and imbalanced class 

distributions. These factors can complicate the training process of classification models and adversely 

affect their performance and accuracy. Consequently, a method is required to address data complexity and 

class imbalance, ensuring that the resulting information is both accurate and reliable. This study aims to 

improve the performance of the Random Forest (RF) classification model when processing health data by 

integrating two primary approaches: Principal Component Analysis (PCA) and K-Means SMOTE-ENN. 

PCA is instrumental in reducing data dimensions while extracting the most informative features, thus 

minimizing noise and reducing computational demands. Meanwhile, K-Means SMOTE-ENN serves to 

balance class distribution through a combination of clustering-based oversampling and Edited Nearest 

Neighbors-based data cleaning, effectively addressing the issue of overfitting caused by unrepresentative 

synthetic data. The RF classification model was chosen, recognized for its strong performance in managing 

data with high dimensions and complex variable interactions. Experimental results indicate that the joint 

application of PCA and K-Means SMOTE-ENN significantly enhances the model performance. In the 

Pima Indians Diabetes dataset, accuracy rose to 98.41%, and the Area Under Curve (AUC) value reached 

98.33%. For the Heart Disease dataset, an accuracy of 97.56% and an AUC of 97.73% were achieved. 

Compared with previous methods, the proposed approach achieves 2.91% accuracy improvement with 

SMOTE and Stacking Ensemble on the Pima Indians Diabetes dataset and 6.26% accuracy improvement 

and 14.73% AUC improvement compared with XGBoost on the Heart Disease dataset. These results show 

that combining PCA with K-Means SMOTE-ENN significantly improves the performance of RF on 

imbalanced healthcare data. 

Keywords-K-Means SMOTE-ENN; PCA; health data; data imbalance; data reduction 

I. INTRODUCTION  

In recent years, advances in computer technology have 
significantly driven progress in data mining and machine 
learning technologies [1, 2]. These technologies are 

increasingly being applied to extract valuable information from 
data in various fields, particularly in the healthcare sector [3, 
4]. Their role in healthcare is essential to solving a range of 
problems. One key application is disease classification, which 
supports early detection, more accurate diagnosis, and more 
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effective treatment planning. However, in practice, this process 
often faces challenges due to the high dimensionality and 
imbalanced class distribution of health data, which can 
negatively impact the performance of classification models. For 
example, the Pima dataset for the classification of diabetes 
contains an imbalanced class distribution. A similar issue exists 
in heart disease data, such as the Heart Disease dataset, which 
suffers from class imbalance and high dimensionality. These 
issues highlight the importance of applying data preprocessing 
techniques, such as dimensionality reduction and class 
balancing, to improve classification model performance. 

In [5], Principal Component Analysis (PCA) was applied 
for feature extraction in breast cancer classification using 
several machine learning methods and Deep Neural Networks 
(DNN), finding that the combination of PCA and DNN 
outperformed conventional DNNs and traditional machine 
learning classifiers, with PCA improving accuracy by 3.68% 
over conventional DNNs. However, this study only performed 
feature extraction without addressing the class imbalance 
problem. In [6], the Radius-SMOTE method was applied, while 
in [7], imbalanced health data were handled without 
performing feature reduction on the dataset.  

In [8], the Outlier-SMOTE method was used to address the 
issue of imbalanced data without performing feature reduction 
on health data. In [9], the RN-SMOTE method was applied to 
handle imbalanced data without selecting the relevant features 
to be processed. In [10], various machine learning methods 
were applied for early classification of Parkinson's Disease, 
with the results showing that the Random Forest (RF) method 
performed best compared to others, achieving an accuracy of 
91.83%. In [11], the NR-Clustering SMOTE method was 
developed to address the issue of imbalanced health data. This 
method achieved an accuracy of 89.56% and an AUC of 
89.56% on the PIMA dataset, as well as an accuracy of 89.84% 
and an AUC of 89.84% on the Haberman dataset.  

Table I presents a comparison between this and some 
previous studies. Previous studies have focused on addressing 
class imbalance through various sampling techniques, such as 
SMOTE, NR-Clustering SMOTE, and NR-Modified SMOTE. 
However, no approach integrates feature extraction methods for 
dimensionality reduction before the resampling process. This 
lack of integration has the potential to degrade model 
performance due to the presence of noisy or redundant features. 

 

TABLE I.  COMPARISON BETWEEN THIS AND PREVIOUS 
RELATED STUDIES. 

Ref Dataset 
Feature 

dimensionality 
Hybrid sampling Method 

[11] 

Pima 

- 
NR-Clustering 

SMOTE 
RF 

[12] - 
NR-Modified 

SMOTE 
RF 

[13] - SMOTE 
Stacking 
ensemble 

[14] 
Heart 

- - XGBoost 
[15] - - ANN 

Proposed 
method 

Pima and 
Heart Disease 

PCA K-Means SMOTE 
K-Means 
SMOTE 

 
This study addresses this gap using a different approach, 

integrating feature extraction with PCA and handling class 
imbalance using K-Means SMOTE-ENN. This is a novel 
integration design that has not been explored in previous 
studies. The PCA method is used as a dimensionality reduction 
technique to extract the most relevant key features from the 
data [16-18]. On the other hand, to handle class imbalance, the 
K-Means SMOTE-ENN method is applied to add synthetic 
data to the minority class [19], while ENN cleans the data from 
outliers and noise, resulting in a more balanced and cleaner 
data distribution [20]. The RF classification method is used on 
health data due to its ability to handle high-dimensional data 
and its robustness against overfitting [21]. Therefore, this study 
aims to integrate PCA and K-Means SMOTE-ENN methods to 
improve the performance of the RF model in classifying health 
data. The results of this study are expected to contribute to the 
development of more effective health data classification 
methods, particularly through the integration of PCA and K-
Means SMOTE-ENN to address high-dimensional data and 
imbalanced class issues, resulting in more accurate, reliable, 
and applicable models in health data analysis. 

II. RESEARCH METHODS 

Figure 1 shows the proposed method to produce an optimal 
classification model for health data with an imbalanced class 
distribution. The method consists of several main steps: data 
collection, data preprocessing, building a classification model 
using RF, and evaluating its performance using classification 
evaluation metrics. This study uses two primary datasets from 
Kaggle: the Pima [22] and Heart Disease datasets [23]. The 
Pima dataset consists of 768 instances with eight input 
attributes and one output, and an imbalance ratio of 1.87. The 
Heart Disease dataset contains 303 instances with 13 input 
attributes and one output, and an imbalance ratio of 1.20.  

 

 
Fig. 1.  Research method. 
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Data preprocessing is a crucial step in the data analysis and 
machine learning pipeline, as data quality greatly influences the 
model's performance. The preprocessing in this study involves 
two main processes: PCA for dimensionality reduction and K-
Means SMOTE-ENN for handling class imbalance. PCA is a 
widely used statistical method for reducing the number of 
variables in a dataset while retaining essential information [24]. 
The PCA procedure consists of six main steps [25]. First, 
compute the covariance matrix of the normalized � -
dimensional dataset using (1). Second, the eigenvalues and 
corresponding eigenvectors of the covariance matrix are 
determined using (2). Third, sort the eigenvalues in descending 
order. Fourth, select �  eigenvectors corresponding to the � 
largest eigenvalues, where � represents the dimensions in the 
new feature subspace. Fifth, construct a projection matrix using 
the selected �  eigenvectors using (3). Sixth, transform the 
original data into the new �-dimensional feature space. 

� =
�

���
 �	  X     (1) 

� ∗  � = γ * v     (2) 

� = X * v     (3) 

where � is the covariance matrix and � is the feature data. γ is 
the eigenvalue, �  is the eigenvector value, and �  is the 
principal component score. 

K-Means SMOTE-ENN is a technique that addresses class 
imbalance more effectively than conventional resampling 
methods [26, 27]. It integrates K-Means SMOTE for 
oversampling and ENN for cleaning both synthetic and original 
majority class data that may be noisy [28]. K-Means SMOTE is 
an extension of the SMOTE method that uses the K-Means 
algorithm to first cluster minority data before generating 
synthetic samples. This approach focuses the sampling process 
on minority clusters, reducing class overlap. The number of 
clusters in K-Means SMOTE is set to the default value of 100. 
ENN is then applied to remove the majority class data 
misclassified by its �-nearest neighbors, aiming to reduce noise 
and clarify class boundaries using � = 3. The variable � is the 
number of nearest neighbors used to evaluate each instance in 
the dataset. Combining these methods produces a more 
balanced, clean, and representative dataset, improving 
classification model performance. This technique significantly 
enhances model accuracy and generalization by addressing 
class imbalance and reducing noise. The dataset was divided 
into training and testing with a ratio of 80:20. 

RF is an ensemble method that works by constructing many 
decision trees, each trained on a randomly selected subset of 
the training data using bootstrap sampling. At each tree split, 
only a random subset of features is considered, increasing 
diversity among trees and effectively reducing the risk of 
overfitting. Each tree makes an independent prediction, and the 
final result is determined by majority voting for classification 
tasks. This method is more stable and accurate than a single 
decision tree, as it reduces variance, improves generalization, 
and is more resistant to complex or noisy data. Another 
advantage is its ability to handle high-dimensional data and 
directly estimate the importance of each feature, which is 
helpful for feature selection and model interpretation.  

The confusion matrix is an evaluation tool used to assess 
the performance of classification methods (see Table II). It 
consists of four key components: True Positives (TP), True 
Negatives (TN), False Positives (FP), and False Negatives (FN) 
[29]. TN represents the number of negative instances correctly 
classified, while FP indicates the number of negative instances 
incorrectly classified as positive. Based on these values, the 
confusion matrix is used to calculate various evaluation metrics 
such as Accuracy and AUC. This study evaluates both 
Accuracy and AUC, where Accuracy is calculated using (4) 
[30, 31] and AUC using (5) [32]. 

TABLE II.  CONFUSION MATRIX  

Actual 
Prediction 

Negative Positive 

Negative TN FP 
Positive FN TP 

 

Accuracy = 
�����

�����������
   (4) 

AUC = 
(!"#$%% ∗&'"#()(#(*+ )

-
   (5) 

III. RESULTS AND DISCUSSION 

This section discusses the results and findings of this study. 
The research used two health-related datasets, namely Pima 
[22] and Heart Disease [23], obtained from Kaggle. The Pima 
dataset contains 768 samples, while the Heart Disease dataset 
has 303 samples. Initially, feature extraction was performed 
using the PCA method to reduce data dimensions while 
retaining the most important information. This helps simplify 
the data structure, reduce model complexity, and speed up the 
training process without significantly affecting classification 
performance. However, both datasets have imbalanced class 
distributions, which can affect model performance. To address 
this issue, the K-Means SMOTE-ENN method was applied, 
which performs oversampling on the minority class by 
generating synthetic samples, while ENN removes potentially 
noisy samples from the majority class based on comparisons 
with the nearest neighbors. Table III shows the data distribution 
before and after balancing. 

TABLE III.  DATA DISTRIBUTION BEFORE AND AFTER 
HYBRID SAMPLING 

Dataset 
Original Hybrid sampling 

Negative Positive Negative Positive 

Pima 500 268 340 290 
Heart Disease 165 138 102 102 

 
After the model training process was complete using the 

default hyperparameters of the classification method, 
performance evaluation was carried out using a confusion 
matrix to assess how well the model could distinguish between 
positive and negative classes. Figures 2-7 show the confusion 
matrices. For the Pima dataset (Figure 2), the RF method 
produced 77 correct predictions for the positive class (TP) and 
34 for the negative class (TN), with 43 misclassifications (22 
FP and 21 FN). When PCA was used with RF (Figure 3), 
performance improved, with 93 TPs and 28 TNs, and a 
reduction in misclassifications to 33 cases. Combining PCA 
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and K-Means SMOTE-ENN with RF (Figure 4) gave the best 
results. The model classified 58 positive cases and 66 negative 
cases with only two errors (FN). 

 

 
Fig. 2.  Confusion matrix results of Pima original data. 

 
Fig. 3.  Confusion matrix results of Pima data with PCA. 

 
Fig. 4.  Confusion matrix results of Pima data with the proposed method. 

RF produced fairly good results for the Heart Disease 
dataset with 24 TPs and 27 TNs, and 10 misclassifications 
(Figure 5). Using PCA with RF (Figure 6) increased the TP 
count to 30, although FP also increased. Meanwhile, combining 
PCA and K-Means SMOTE-ENN with RF (Figure 7) achieved 
the best performance. The model correctly classified 21 
positive cases with only 1 FP, and all 19 negative cases with no 
FN, indicating high accuracy. This demonstrates that well-
balanced data and appropriately reduced features can lead to 
more accurate and reliable classifications. 

 
Fig. 5.  Confusion matrix results of Heart Disease original data. 

 
Fig. 6.  Confusion matrix results of Heart Disease data with PCA. 

 
Fig. 7.  Confusion matrix results of Heart Disease data with the proposed 
method. 

As shown in Table IV, on the Pima dataset, the RF model 
without preprocessing achieved an accuracy of 72.08% and an 
AUC of 69.8%. After applying PCA for feature extraction, 
performance improved, with accuracy increasing to 78.57% 
and AUC to 74.1%. This indicates that PCA effectively 
removed less relevant features while preserving essential 
information. When data balancing using K-Means SMOTE-
ENN was applied alongside PCA, model performance 
improved significantly, with accuracy reaching 98.41% and 
AUC rising to 98.33%. These results suggest that balancing the 
class distribution and removing noisy data from both minority 
and majority classes helps reduce model bias and enable better 
generalization across classes [11]. In the Heart Disease dataset, 
the RF model without optimization achieved 83.61% accuracy 
and 83.57% AUC. After applying PCA, accuracy increased to 
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85.25%, and AUC to 86.38%. The combined use of PCA and 
K-Means SMOTE-ENN improved significantly, yielding 
97.56% accuracy and 97.73% AUC. 

TABLE IV.  PERFORMANCE OF CLASSIFICATION WITH RF  

Dataset Method Accuracy AUC 

Pima 

Original 74.08% 69.80% 
PCA 78.57% 74.10% 

PCA and K-Means SMOTE-ENN 
(Proposed method) 

98.41% 98.33% 

Heart 
Disease 

Original 83.61% 83.57% 
PCA 85.25% 86.38% 

PCA and K-Means SMOTE-ENN 
(Proposed method) 

97.56% 97.73% 

 
Using PCA and K-Means SMOTE-ENN together can 

significantly improve the performance of both datasets. PCA 
helps reduce data dimensions and remove irrelevant features, 
while K-Means SMOTE-ENN addresses class imbalance that 
can cause model bias. Proper preprocessing strategies have 
increased accuracy and generalization, as higher AUC values 
indicate.  

This study found that the combination of PCA and K-
Means SMOTE-ENN positively affects the performance of the 
RF model, as seen in the significant increase in accuracy and 
AUC scores. However, K-Means SMOTE-ENN has a greater 
influence on performance improvement than PCA alone, which 
is evident from the sharp increase in accuracy and AUC after 
applying K-Means SMOTE-ENN. PCA helps simplify data and 
improve performance to a certain level, but the largest 
contribution to accuracy and AUC comes from the data 
balancing process. This is consistent with previous studies, 
such as [33], which showed that PCA can improve 
classification model performance, and [34, 35], which proved 
that K-Means SMOTE-ENN is effective in enhancing 
classification performance. These studies confirm that PCA 
and K-Means SMOTE-ENN can extract features effectively 
and handle class imbalance optimally, improving classification 
models.  

The proposed method outperforms previous approaches. It 
combines PCA for dimensionality reduction, K-Means 
SMOTE-ENN for data balancing, and the RF algorithm as the 
classification model. This method significantly increases 
accuracy and AUC [36], as clearly shown in Table IV. Based 
on Table V, the proposed method consistently outperforms 
other methods in terms of both accuracy and AUC. PCA is 
proven to reduce the dimensions of the data without losing 
important information. Meanwhile, K-Means SMOTE-ENN 
handles class imbalance more effectively than conventional 
resampling techniques. This combination, together with the RF 
algorithm—known for its robustness and ability to manage 
non-linear relationships—produces a reliable and high-
performance classification model [37-39].  

However, a limitation of this study lies in using datasets 
with a low imbalance ratio. Therefore, further experiments are 
needed with datasets that have an imbalance ratio above 1:10 to 
test the reliability of the proposed method. 

 

TABLE V.  COMPARISON OF THE RESULTS OF THE 
PROPOSED METHOD WITH PREVIOUS STUDIES 

Study Dataset Method Accuracy AUC 

[40] 

Pima 

CNN 85.00% 89.00% 

[13] 
SMOTE Stacking 

Ensemble 
95.50% - 

[12] NR-Modified SMOTE 89.36% 89.36% 

[41] 
Backward Elimination 

and SVM 
85.71% - 

[15] 
Heart 

Disease 

ANN 86.00% - 
[14] XGBoost 91.30% 83.00% 
[42] MLP-PSO 84.61% - 

Proposed 
method 

Pima 
PCA and K-Means 

SMOTE-ENN with RF 

98.41% 98.38% 

Heart 
Disease 

97.56% 97.73% 

 

IV. CONCLUSION 

Based on the results of the study, the application of feature 
extraction using PCA has been proven to improve the 
performance of the RF classification method. Additionally, 
using K-Means SMOTE-ENN to address class imbalance in a 
dataset that has undergone PCA significantly boosts the 
performance of the RF model. Although PCA contributes to 
performance improvement, K-Means SMOTE-ENN has a 
greater impact in this study, especially because both datasets 
are imbalanced. The application of RF with PCA and K-Means 
SMOTE-ENN on the Pima dataset achieved an accuracy of 
97.5% and an AUC of 97.47%. On the Heart Disease dataset, 
the same method achieved an accuracy of 95.12% and an AUC 
of 95.45%. Therefore, it can be concluded that using PCA and 
K-Means SMOTE-ENN together in the RF method is the most 
optimal approach to improve classification performance for 
healthcare data with imbalanced class characteristics. Future 
research could further explore the effect of the number of 
clusters in the K-Means algorithm and the value of the 
parameter � in the ENN method on model performance, to find 
the most optimal configuration for data balancing. 
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