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Abstract 

Heart disease remains one of the leading causes of mortality worldwide, including in Indonesia, where delayed 

detection continues to be a serious challenge. In medical data mining, class imbalance often degrades classification 

performance by reducing sensitivity toward minority class cases. This study aims to compare the performance of the 

K-Nearest Neighbors (KNN) and Decision Tree algorithms for heart disease classification and to evaluate the 

effectiveness of random oversampling in handling imbalanced data. This research uses a heart disease dataset 

consisting of 10,000 medical records obtained from Kaggle. Data preprocessing includes categorical transformation, 

missing value imputation using KNN Imputer, and Min–Max normalization. Random oversampling is applied to 

increase minority class representation. Model evaluation is performed using stratified 10-fold cross-validation with 

accuracy, precision, recall, F1-score, and Receiver Operating Characteristic–Area Under the Curve (ROC–AUC) as 

performance metrics. Experimental results show that after random oversampling, the KNN model achieves the best 

performance with an accuracy of 94%, precision of 96%, recall of 90%, F1-score of 92%, and ROC–AUC of 90.2%. 

In comparison, the Decision Tree model records an accuracy of 80%, precision of 78%, recall of 81%, F1-score of 

79%, and ROC–AUC of 81.5%. These findings demonstrate that random oversampling significantly improves 

minority class detection, particularly for KNN. This study contributes to Informatics by providing empirical evidence 

that simple and efficient data mining strategies can effectively address class imbalance in large-scale medical datasets, 

supporting the development of accurate, interpretable, and accessible AI-based diagnostic systems for early heart 

disease detection. 
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1. INTRODUCTION 

Globally, including in Indonesia, heart disease continues to be a leading cause of death. According 

to a report by the World Health Organization (WHO) in 2021, deaths caused by heart disease reached 

approximately 17.8 million cases, accounting for one out of every three deaths worldwide each year [1]. 

Heart diseases or disorders encompass various types and classifications, including cardiovascular 

disease, coronary heart disease, and heart attacks [2]. Cardiovascular disease remains the primary cause 

of mortality worldwide to this day [3], [4], [5]. 

The heart is a vital organ in the human body that functions to pump and circulate blood carrying 

oxygen to all parts of the body [6], [7]. Heart disease is classified as a dangerous condition because it 

can disrupt these vital functions [8]. Heart disease is generally caused by various risk factors associated 

with unhealthy lifestyles, such as lack of physical activity, consumption of foods high in fat and salt, 

smoking habits, excessive alcohol consumption, and high stress levels [9], [10]. One of the main 

challenges in managing heart disease is the delay in early detection, as symptoms often do not appear 
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clearly at the initial stages [8]. In the medical diagnostic process, the involvement of competent medical 

experts is required. However, with the advancement of technology, data mining approaches can be      

utilized to assist the disease diagnosis process based on patient medical record data, including in the 

case of heart disease [11], [12]. 

In the field of data mining, several methods are commonly applied, including association, 

clustering, classification, and regression. Among these methods, classification is one of the most widely 

used approaches [13], [14], [3].Classification is the process of assigning a class or category to each data 

sample by utilizing sample attributes as inputs to the classification model, while the sample class serves 

as the output [15]. One of the common challenges in the classification process is class imbalance, which 

arises when the data distribution among classes is uneven, with the minority class containing fewer 

samples than the majority class [16], [17]. Therefore, this study applies a random oversampling 

technique to balance the dataset by randomly oversampling the minority class (Heart Disease). This 

approach aims to equalize the data distribution by increasing the number of minority class samples 

through random duplication, as described by [18]. This method is chosen due to its simplicity and its 

ability to improve minority class representation without removing the original data contained in the 

dataset [19]. 

Various algorithms can be applied in the classification process, including Decision Tree, Naïve 

Bayes, K-Nearest Neighbor, and other algorithms [20]. In this study, the Decision Tree and K-Nearest 

Neighbor algorithms are employed to perform heart disease classification. The Decision Tree algorithm 

offers advantages in terms of interpretability, as its classification results can be visualized in the form 

of a decision tree structure [21]. This approach is also effective for data exploration and for uncovering 

latent relationships between multiple input variables and the target variable [22]. In contrast, the K-

Nearest Neighbor (KNN) algorithm is considered a straightforward yet powerful technique, especially 

when applied to large-scale datasets. The algorithm performs classification by evaluating the distance 

between a new data instance and its closest neighbors. The number of neighbors involved in this process 

is denoted by the parameter K, which has a significant influence on the decision-making mechanism of 

the KNN algorithm [9], [23]. 

In contrast to the study by [24] which utilized a relatively limited dataset and did not specifically 

address class imbalance issues, potentially leading to biased model performance, this study employs a 

large-scale heart disease dataset consisting of 10,000 records and applies a random oversampling 

technique to enhance minority class representation. As a result, the proposed approach achieves more 

balanced and stable classification performance. Furthermore, a study by [25] focused on the application 

of oversampling in supervised learning algorithms and reported a decrease in accuracy after the 

oversampling process. In contrast to that approach, the present study evaluates the effect of simple 

oversampling on non-ensemble algorithms, namely Decision Tree and K-Nearest Neighbors (KNN). 

This approach provides a clearer understanding of the behavior and performance of commonly used 

classification algorithms in data mining under imbalanced data conditions. Meanwhile, study [26] 

entitled “Comparative Analysis of XGBoost, KNN, and SVM Algorithms for Heart Disease Prediction 

Using SMOTE-Tomek Balancing” demonstrates that complex models such as XGBoost combined with 

the SMOTE-Tomek technique are able to achieve high accuracy and AUC values. However, this 

approach requires greater computational resources and results in models with lower interpretability, 

making it less practical for real-world medical datasets with limited resources. Therefore, this study 

adopts a different approach by analyzing the performance of the K-Nearest Neighbors and Decision 

Tree algorithms, which are lighter and more interpretable, and by evaluating the effectiveness of random 

oversampling as a simple and practical solution for handling class imbalance in resource-constrained 

clinical decision support systems. 
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2. METHOD 

This study employs a data mining approach using classification methods to identify heart disease 

based on patients’ medical record data. The research stages are systematically and structurally 

organized, starting from a literature review, followed by data collection and preprocessing, model 

development using classification algorithms, and concluding with the evaluation of classification 

performance. The overall research workflow is illustrated in Figure 1. 

 

 
Figure 1. Research Flowchart 

 

Figure 1 illustrates the research flowchart workflow, which begins with literature review and data 

collection. The acquired data then undergo preprocessing stages, including data type conversion, 

missing value checking, and data normalization. Subsequently, oversampling is performed to address 

class imbalance in the dataset. The balanced data are then divided into training and testing sets. In the 

next stage, classification is conducted using the K-Nearest Neighbors (KNN) and Decision Tree 

algorithms. The classification results are evaluated using a confusion matrix, and based on this 

evaluation, the best-performing algorithm is determined as the final output of the study 

2.1. Literature Study 

At this stage, a comprehensive review of various sources relevant to the research is conducted. 

The literature review aims to collect supporting reference materials derived from previous scientific 

journals, books, and other related sources that can serve as a foundation for completing the study [27]. 

Subsequently, the research problem is formulated to determine how the K-Nearest Neighbors (KNN) 

and Decision Tree algorithms can be implemented and compared in classifying heart disease using 

patient medical record data, as well as how the random oversampling technique can be applied to address 

class imbalance in order to enhance the performance and accuracy of the classification models. 

2.2. Data Collection 

In this study, the dataset used is obtained from a secondary data source downloaded from the 

Kaggle website entitled “Heart Disease”, which consists of 10,000 entries. Healthcare practitioners, 

academics, and data analysts can use this information to look at heart disease trends, find risk factors, 

and perform other health-related investigations. Consisting of 21 attributes that include demographic 

data, lifestyle factors, clinical conditions, and biochemical indicators. Demographic attributes include 

age and gender, while lifestyle factors comprise exercise habits, smoking status, alcohol consumption, 

stress level, sleep duration, and sugar intake. Individual health conditions are represented by attributes 
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such as family history of heart disease, diabetes, high blood pressure, body mass index (BMI), 

cholesterol levels (HDL and LDL), triglyceride levels, and fasting blood glucose. In addition, biomarker 

attributes such as CRP level and homocysteine level are used to describe inflammatory conditions and 

vascular health. The heart disease status attribute serves as the target variable, indicating the presence 

or absence of heart disease in an individual. 

2.3. Data Pre-processing 

In this study, the data pre-processing stage consists of data type conversion, missing value 

handling, and data normalization to ensure optimal model performance. Data type conversion is 

performed using the label encoding technique, where ordinal attributes are mapped to values ranging 

from 0 to 2 (Low, Medium, High), while binary attributes are encoded as 0 and 1 (No and Yes), enabling 

all features to be processed numerically during the modeling stage. Subsequently, missing value 

checking is conducted to identify incomplete data within each attribute, as missing values can negatively 

affect model accuracy and overall performance [11], [22]. To address this issue, the KNN Imputer 

method with five nearest neighbors (n_neighbors = 5) is applied, which imputes missing values based 

on the similarity of neighboring data instances. Finally, data normalization is carried out using the Min–

Max normalization technique [31] to standardize feature values within the range of 0 to 1, thereby 

ensuring that all attributes contribute proportionally to the learning process. 

2.4. Imbalance Dataset 

In this study, class imbalance is handled using the random oversampling method. In this study, 

the size of the minority class is expanded to reach 50% of the majority class. The use of the random_state 

= 42 parameter ensures the reproducibility of the experimental results [4]. Following the oversampling 

procedure, the class distribution becomes more balanced, enabling the classification models to learn 

more effectively from both classes and minimizing bias toward the majority class. 

2.5. Dataset Partition 

As stated in [28], training data consist of labeled instances that are utilized by the model to learn 

data characteristics and to construct classification patterns or models. In contrast, testing data are labeled 

instances used to assess the accuracy of the trained model when classifying previously unseen data. In 

this study, model accuracy is evaluated using the percentage split approach, where the dataset is divided 

into 75% training data and 25% testing data [31]. 

2.6. K-Nearest Neighbor (KNN) Model 

In the K-Nearest Neighbor (KNN) algorithm, the classification process is carried out by 

calculating the distance between a data instance to be classified and the instances within the existing 

dataset. The algorithm then identifies a number of closest data points, referred to as k neighbors, which 

are used to determine the class of the new instance. [29].  

The procedural steps of the K-Nearest Neighbor method are described as follows [30]: 

a. Determination of the Value of K  

In this study, the Elbow method is utilized to identify the optimal K value, as it is widely 

acknowledged for its simplicity and effectiveness in visually indicating the most suitable 

parameter value [31]. The Elbow method helps interpret and validate consistency in cluster 

analysis and select the optimal number of clusters by adjusting the model to a range of K values. 

The way to determine the comparison is by knowing the SSE (Sum of Squared Error) value of 

each class/group. The more dominant the number of K in the class automatically the lower the 

SSE value [32].  
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b. Distance Calculation Between Training and Testing Data.  

𝑑𝑖  =  √∑ 𝑖 = (𝑥𝑖 − 𝑦𝑖)2 (1) 

Where :  

d = Distance between data points  

I = Number of data features 

𝑥𝑖= Testing Data 

𝑦𝑖 = Training Data 

c. Sorting of Distance Calculation Results 

d. Class Determination 

2.7. Decision Tree Model 

Although classification has been extensively studied in the past, many of the proposed 

classification techniques have not been effectively applied to large-scale datasets. However, the use of 

large datasets is important for improving classification accuracy [33]. Decision Tree is one of the most 

widely used classification algorithms in data mining due to its ability to produce models that are easy to 

understand and visually interpretable [34]. The decision tree process transforms tabular data into a tree-

based model, then converts the tree into a set of rules, and subsequently simplifies these rules. The 

objective of this model is to decompose complex decision-making processes into simpler ones, thereby 

producing more accurate decisions as solutions to the problem [6].  

The pseudocode for Decision-Tree algorithm is as follows : 

a. Keep the best feature of the input attributes at the root portion of the tree. 

b. Then make a splitting of training dataset into subsections. 

c. These splitted subsets can be done by making the each subset with data having the similar value 

for a input attribute. 

d. Now repeat the step 1, 2 and step 3 on each subset till the leaf portion in every branches of the 

tree is found. 

2.8. Confusion  Matrix Evaluation  

The classification results are evaluated to measure the accuracy of the analyzed algorithms and to 

determine the feasibility of the developed classification models. The evaluation process involves 

visualizing the model’s accuracy and loss to detect potential issues related to overfitting or underfitting. 

Model performance is assessed using the confusion matrix, which provides a comparative representation 

between predicted classification outcomes and actual data in the form of a matrix.  

The performance of the proposed model is evaluated using accuracy, precision, recall, F1-score, 

and ROC–AUC metrics. Accuracy measures the proportion of correctly classified instances among all 

predictions, while precision indicates the reliability of positive predictions by comparing True Positives 

to the total predicted positives. Recall evaluates the model’s sensitivity in identifying actual positive 

cases by measuring the ratio of True Positives to all actual positives. The F1-score, defined as the 

harmonic mean of precision and recall, provides a balanced evaluation, particularly for imbalanced 

datasets. The corresponding equations for accuracy, precision, recall, and F1-score are presented in 

Equations (4)–(7). Additionally, the ROC curve and AUC are used to assess the model’s ability to 

distinguish between positive and negative classes, where an AUC value closer to 1 indicates better 

classification performance. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃

𝑇𝑁+𝐹𝑃+𝐹𝑁+𝑇𝑃
 (4) 
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𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝐹𝑃+𝑇𝑃
 (5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (6) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (7) 

2.9. The Best Algorithm 

The best results in this study are obtained through a performance comparison of two classification 

algorithms, namely K-Nearest Neighbors (KNN) and decision tree (dt), which are tested on the same 

dataset using a quantitative evaluation approach. Following a proportional distribution of training and 

testing data, each algorithm's performance is rigorously assessed via accuracy, precision, recall, and F1-

score. High results in these metrics serve as primary indicators of the model's efficacy, signifying its 

capacity for generating precise and consistent classifications [35]. 

3. RESULT 

In this study, the dataset was obtained from a secondary data source on Kaggle titled 'Heart 

Disease,' consisting of 10,000 records and a total of 21 attributes. This dataset includes a combination 

of numerical and categorical attributes representing health conditions, lifestyle, and heart disease 

status.A comprehensive pre-processing stage was conducted to ensure data quality prior to the modeling 

process. Categorical attributes were converted into numerical values using label encoding techniques, 

where binary attributes such as gender were encoded as 0 and 1, while attributes with more than two 

categories were converted into a discrete numerical scale. This process aimed to preserve categorical 

information in a format compatible with classification algorithms.Furthermore, missing values were 

handled using the KNN Imputer method with five nearest neighbors (n_neighbors = 5). Following the 

imputation process, all attributes in the dataset were complete with no null values. The dataset was then 

normalized using the Min–Max scaling method, mapping all feature values to a range between 0 and 1. 

This normalization plays a crucial role in enhancing data stability and optimizing the performance of 

distance-based algorithms such as K-Nearest Neighbors (KNN), while maintaining consistent class 

separation in Decision Tree algorithms.  

To address the class imbalance issue present in the initial dataset, an oversampling strategy was 

implemented on the minority class using the Random Oversampling technique. This process involved 

increasing the number of minority samples to 50% of the majority class. A parameter of random_state 

= 42 was applied to control the randomization process, ensuring that the oversampling results are 

consistent and reproducible. Figure 2 presents the class distribution results following the oversampling 

process. 

 
Figure 2. Result of Random Oversampling Processing 

 

As illustrated in Figure 2, the implementation of the oversampling process resulted in a substantial 

increase in the number of samples within the minority class compared to the initial data distribution. 
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This increase indicates that the class imbalance issue has been successfully mitigated, allowing the 

classification model to better learn patterns from the minority class and, consequently, enhancing the 

overall classification performance. 

The balanced dataset was subsequently partitioned into training and testing sets with a ratio of 

75:25. The results of this split show that the training data consists of 9,000 samples and the testing data 

comprises 3,000 samples, each with 20 attributes. This division ensures that the model performance 

evaluation can be conducted objectively and representatively.  

The determination of optimal parameters for the KNN algorithm was conducted using the Elbow 

method, which identified an optimal K-value of 155 with a maximum accuracy of 0.9363. This value 

was selected because further increases in K beyond this point did not yield significant improvements in 

accuracy. The KNN model was tested under two scenarios: without oversampling and with the 

application of random oversampling. Under the condition without oversampling, the KNN model 

exhibited a severe bias toward the majority class, where all heart disease cases failed to be detected. 

Although the overall accuracy reached 80%, the recall and F1-score for the minority class were 0%, 

indicating that this accuracy is misleading and does not reflect the model's ability to detect heart disease. 

Conversely, after implementing random oversampling as shown in Figure 3, the performance of the 

KNN model improved significantly. 

 

  
Figure 3. Performance of the K-Nearest Neighbors model with random oversampling technique 

 

Based on Figure 3, the model successfully classified 789 heart disease cases correctly, with an 

overall accuracy of 94%. The recall and F1-score for the heart disease class increased to 81% and 89%, 

respectively, indicating an improvement in the model's sensitivity toward the minority class. These 

results confirm that random oversampling is effective in reducing class bias and producing a more 

balanced and reliable classification performance for the KNN algorithm. 

In the Decision Tree algorithm, the selection of the max_depth parameter shows that model 

performance improves as the tree depth increases until it reaches an optimal point at max_depth = 30. 

Increasing the tree depth beyond this value does not result in a significant performance improvement. 

In the evaluation without oversampling, the Decision Tree model achieved an accuracy of only 68% and 

demonstrated poor capability in detecting the heart disease class, with very low precision, recall, and 

F1-score for the minority class. This condition indicates that the model tends to favor the majority class 

in an imbalanced dataset. After applying random oversampling, the performance of the Decision Tree 

model improved substantially, as shown in Figure 4. 

 

  
Figure 4. Performance of the Decision Tree model using Random Oversampling technique 
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Based on the confusion matrix and classification report in Figure 12, the model achieved an 

accuracy of 80%, with a precision of 65%, recall of 85%, and an F1-score of 74% for the heart disease 

class. Although some misclassifications persist, these results indicate that random oversampling 

effectively enhances the model's sensitivity toward the minority class and balances the overall 

performance of the Decision Tree in heart disease risk classification. The final evaluation using the 

ROC-AUC curve in Figure 5 demonstrates that the KNN model exhibits superior performance compared 

to the Decision Tree model. 

 

 
Figure 5. ROC Curce AUC Comparison 

 

Based on Figure 5, the KNN model achieved an AUC value of 0.902, while the Decision Tree 

obtained an AUC of 0.815. The AUC value for KNN, which is closer to 1, indicates a very strong 

discriminative ability in distinguishing between patients with and without heart disease. Consequently, 

based on the overall experimental results, it can be concluded that the KNN algorithm, integrated with 

random oversampling, provides the most optimal and reliable classification performance for heart 

disease prediction on the utilized dataset. 

To determine the best-performing algorithm, the performance evaluation of each model was 

conducted based on the classification metrics presented in Table 1. This comparison enables the 

identification of the algorithm most capable of accurately and balancedly distinguishing heart disease 

classes, particularly under imbalanced dataset conditions. The evaluation results serve as the basis for 

establishing the most optimal algorithm for heart disease prediction. 

 

Table 1. The evaluation of each model 

Oversampling Accuracy Class Precision Recall F1-Score ROC- AUC 

K-Nearest Neighbors with 

random oversampling 

technique 

94% 0 91% 100% 95% 90.2% 

1 100% 81% 89% 

avg 96% 90% 92% 

Decision Tree with 

random oversampling 

technique 

80% 0 91% 78% 84% 81.5% 

1 65% 85% 74% 

avg 78% 81% 79% 

 

Based on Table 1, it can be concluded that the K-Nearest Neighbors (KNN) algorithm with the 

application of random oversampling is the best-performing model in this study. The model achieves the 

highest accuracy of 94%, with a precision of 100%, recall of 81%, and an F1-score of 89% for the heart 

disease class, as well as a macro-average F1-score of 92%. In addition, the ROC curve AUC value of 

90.2% indicates a very strong discriminative ability in distinguishing between patients with and without 

heart disease. In contrast, although the Decision Tree algorithm with oversampling shows an 

improvement in performance compared to the model without oversampling, its overall performance 

remains lower than that of KNN, with an accuracy of 80% and an AUC value of 81.5%. Therefore, it 
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can be concluded that KNN with random oversampling provides the most optimal, balanced, and reliable 

classification performance, and is thus recommended as the best algorithm for heart disease risk 

classification in this study. 

4. DISCUSSIONS 

 

Table 2. Comparison of Related Studies on Heart Disease Classification 

Researcher Dataset Model 
Performance Evaluation 

Accuracy Precision Recall F1-Score 

Ref [4] UCI – 294 

Data 

XGBoost 92% 92% 92% 92% 

Ref [25] CDC C4.5 70% 70% N/A N/A 

Random 

Forest 

87% 87% N/A N/A 

SVM 52% 56% N/A N/A 

Logistic 

Regression 

73% 73% N/A N/A 

KNN 86% 87% N/A N/A 

Naïve Bayes 70% 70% N/A N/A 

Ref [26] CDC 

BRFSS 

2015 survey 

XGBoost 94% 98% 99% 90% 

KNN 87% 80% 98% 88% 

SVM 79% 76% 84% 80% 

Our Kaggle – 

10.000 Data 

KNN 94% 96% 90% 92% 

Decision Tree 80% 78% 81% 79% 

 

Based on the model performance comparison table 2, it is evident that the performance of heart 

disease classification algorithms is strongly influenced by the type of dataset, data size, and the class 

imbalance handling approach employed. In Ref. [4], which used a relatively small UCI dataset (294 

records), the XGBoost model achieved an accuracy of 92% with balanced precision, recall, and F1-score 

values. These results highlight the strength of ensemble models in maximizing performance on small 

and well-controlled datasets; however, they do not sufficiently address model complexity and practical 

limitations for deployment in real-world clinical environments.  

Furthermore [25], which utilized the CDC dataset, reported considerable performance variation 

among conventional algorithms such as C4.5, Random Forest, SVM, Logistic Regression, KNN, and 

Naïve Bayes. Random Forest and KNN achieved relatively higher accuracies (87% and 86%, 

respectively), whereas SVM exhibited the lowest accuracy at 52%. A major limitation of this study is 

the absence of recall and F1-score reporting, which prevents a thorough evaluation of the models’ ability 

to detect the minority class (patients with heart disease). This omission represents a critical weakness, 

as failing to detect high-risk patients (false negatives) can have serious clinical consequences. 

In [26], which employed the CDC BRFSS 2015 survey dataset, XGBoost again demonstrated 

superior performance, achieving an accuracy of 94% and a recall of 99%, followed by KNN with an 

accuracy of 87% and a very high recall of 98%. These findings indicate that KNN possesses strong 

sensitivity toward the minority class, although its accuracy remains slightly lower than that of XGBoost. 

Nevertheless, the use of ensemble models such as XGBoost introduces challenges related to 

interpretability and higher computational requirements.  

In contrast to previous studies, the present research employs a larger and more representative 

Kaggle dataset consisting of 10,000 records, reflecting real-world medical data conditions. Experimental 

results show that after applying random oversampling, the KNN algorithm achieved an accuracy of 94%, 

precision of 96%, recall of 90%, and an F1-score of 92%. This improvement demonstrates that KNN 

benefits significantly from a more balanced data distribution, as the algorithm is distance-based and 
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relatively robust to duplicated samples generated through oversampling. By increasing the 

representation of the minority class, KNN is able to form more balanced and less biased classification 

decisions.  

Meanwhile, the Decision Tree algorithm in this study exhibited lower performance compared to 

KNN, with an accuracy of 80%. Nevertheless, the performance of Decision Tree remained relatively 

stable and did not experience a drastic decline after oversampling. This behavior can be attributed to the 

inherent characteristics of Decision Tree models, which rely on selecting the most informative attributes 

at each node; thus, the addition of oversampled data does not necessarily alter the tree structure 

significantly. This stability indicates that Decision Tree remains a reliable and highly interpretable 

model, although it is less optimal than KNN in exploiting the balanced data distribution produced by 

oversampling.  

When compared with [25], which reported inconsistent or degraded performance after 

oversampling for certain algorithms, the findings of this study indicate that oversampling does not 

inherently have a negative impact. This difference suggests that the effectiveness of oversampling is 

highly dependent on both the algorithm characteristics and the data structure. In the case of KNN, 

oversampling improves minority class representation without substantially increasing noise, leading to 

positive gains in accuracy and, more importantly, recall.  

From a clinical and health informatics perspective, these findings highlight that simple random 

oversampling is a practical solution for handling class imbalance in real-world medical datasets. The 

use of interpretable non-ensemble models such as KNN and Decision Tree enhances clinician trust while 

maintaining computational efficiency. This study demonstrates that improving minority-class recall—

critical for heart disease prediction—can be achieved without complex models, supporting the 

development of lightweight and applicable clinical decision support systems in resource-limited 

healthcare settings. 

5. CONCLUSION 

This study concludes that the K-Nearest Neighbors (KNN) algorithm outperforms the Decision 

Tree model in heart disease classification when combined with random oversampling. KNN achieves 

superior performance, with an accuracy of 94%, precision of 96%, recall of 90%, F1-score of 92%, and 

a ROC–AUC of 90.2%, indicating strong discriminative capability. In contrast, the Decision Tree model 

attains lower results, with an accuracy of 80%, F1-score of 79%, and ROC–AUC of 81.5%. These 

findings confirm that class imbalance significantly impacts medical classification tasks and that simple 

random oversampling can effectively enhance minority class detection without complex ensemble 

models. From an Informatics perspective, this study demonstrates that lightweight and interpretable 

algorithms can deliver high predictive performance on large imbalanced medical datasets, supporting 

the development of accessible and efficient AI-based diagnostic systems. 
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