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Abstract 

Monkeypox is a zoonotic viral disease with increasing global concern due to its rapid spread and potential public health impact. Accurate and 

timely detection is crucial, yet the development of machine learning-based detection systems is often challenged by class imbalance in clinical 

datasets, leading to biased predictions towards majority classes. This study systematically evaluates the effectiveness of various class imbalance 

handling techniques, including SMOTE, Borderline-SMOTE, SMOTE-ENN, and SMOTE-Tomek, on the performance of ensemble learning 

algorithms, specifically Random Forest and Gradient Boosting, for monkeypox detection. Using a dataset of 25,000 synthetic patient records 

with 11 clinical features, models were trained and validated through stratified 5-fold cross-validation. Performance metrics including accuracy, 

precision, recall, F1-score, and Area Under the Curve (AUC), along with ROC analysis, were employed to assess the impact of each augmentation 

method. Results indicate that hybrid methods, particularly SMOTE-ENN, significantly improve recall and F1-score, improving the detection of 

clinically important monkeypox-positive cases while maintaining adequate discriminative ability. Standard SMOTE and SMOTE-Tomek provide 

stable performance across metrics, whereas Borderline-SMOTE shows lower recall despite high precision. These findings highlight the 

importance of selecting appropriate class imbalance handling strategies tailored to the clinical objective, emphasizing sensitivity in detecting 

positive monkeypox cases. The study provides practical guidance for implementing reliable and robust machine learning models in early 

monkeypox detection, contributing to improved clinical decision-making and public health interventions. 
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1. Introduction 

Monkeypox is a zoonotic viral disease caused by the monkeypox virus (MPXV), classified under the genus 

Orthopoxvirus in the family Poxviridae, and produces clinical manifestations similar to smallpox in humans [1], [2]. 

MPXV contains a double-stranded DNA genome enclosed in a brick-shaped structure that attaches to host cells via 

glycosaminoglycans [2] and typically infects animals such as rabbits, rodents, and non-human primates [1]. The recent 

global monkeypox outbreak has received considerable attention due to its rapid transmission and potential health 

impact [3], [4]. 

Monkeypox was declared a global health emergency following the largest recorded outbreak in history, with over 

55,000 reported cases across 103 countries, including regions with no prior exposure [3]. On 23 July 2022, the Director- 

General of the World Health Organization (WHO) officially designated the monkeypox outbreak as a Public Health 

Emergency of International Concern (PHEIC) [4]. Consequently, reliable, fast, and accurate detection systems are 

essential to support disease control and management efforts [5], [6]. However, developing machine learning-based 

detection systems for monkeypox presents several challenges, particularly class imbalance within the datasets, which 

can substantially affect classification performance. 

Class imbalance can degrade model performance by introducing bias towards the majority class [7], [8], [9]. This 

occurs because the model predominantly learns patterns from majority-class samples, resulting in poor representation 

of minority-class characteristics [10]. Detecting clinically important cases is critical in medical classification tasks, 
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regardless of class distribution [11]. In this study, although monkeypox-positive cases represent the majority class, 

improving their detection remains essential for early diagnosis and disease control. 

In disease detection tasks, class imbalance may cause the model to achieve deceptively high evaluation scores while 

remaining biased towards the majority class [9]. Such biased models are at risk of missing minority-class cases, 

potentially leading to delayed diagnosis or diagnostic errors [10], [11]. These issues hinder interpretability and limit 

the practical applicability of predictive models in healthcare contexts [7]. Therefore, appropriate imbalance handling 

methods are needed to produce accurate and fair predictive outcomes [8]. 

To mitigate class imbalance, a variety of data-level strategies have been introduced, ranging from minority class 

augmentation and majority class reduction to approaches that integrate both mechanisms [11], [12]. Oversampling 

techniques aim to increase minority-class representation to achieve a more balanced ratio [13], undersampling mitigates 

class skew by reducing the influence of overrepresented classes through the removal of less relevant samples [14]. 

Hybrid techniques combining oversampling and undersampling achieve more balanced distributions while reducing 

noise, potentially improving classification performance [13], [14]. 

Existing studies have applied oversampling, undersampling, and hybrid strategies to address class imbalance. Study 

[15], employed SMOTE to generate synthetic minority samples, improving classification performance especially in 

macro average recall and F1-score though precision and accuracy showed limited gains. Study [16] applied Borderline- 

SMOTE to generate samples near decision boundaries, reducing class overlap and improving performance under class 

imbalance conditions. 

Study [17] applied the hybrid SMOTE-ENN approach to a diabetes dataset, where SMOTE increased minority 

representation and ENN removed noisy majority samples. Combined with Random Forest, SMOTE-ENN yielded 

significantly improved classification performance compared to SMOTE alone or SVM, demonstrating its effectiveness 

for balancing data and enhancing disease prediction. Last study [18] applied SMOTE-Tomek to a flood forecasting 

dataset, improving minority class representation and removing ambiguous boundary samples, which led to higher mean 

F1-score and better performance under class imbalance conditions. 

Although techniques such as SMOTE, Borderline-SMOTE, SMOTE-ENN, and SMOTE-Tomek demonstrate 

promising results for handling class imbalance, comprehensive evaluations comparing these methods on monkeypox 

datasets using ensemble algorithms and imbalance-sensitive metrics remain scarce. This study therefore systematically 

evaluates the impact of various imbalance handling techniques on the performance of Random Forest and Gradient 

Boosting to identify effective and robust approaches. Random Forest and Gradient Boosting were employed because 

they effectively capture nonlinear dependencies among features and maintain stable performance in the presence of 

noisy and diverse clinical data [19], [20]. 

The dataset used in this study was obtained from Kaggle and consists of 25,000 samples with 11 clinical and historical 

features, along with a binary classification target (positive vs. negative monkeypox) with a class ratio of 1.75:1. In this 

dataset, monkeypox-positive cases constitute the majority class, while negative cases represent the minority class. 

To address class imbalance in the monkeypox dataset, this study aims to optimize detection performance through the 

application and comparison of multiple imbalance handling techniques. Specifically, we evaluate the effects of 

oversampling methods (SMOTE and Borderline-SMOTE) and hybrid combinations of oversampling and 

undersampling (SMOTE-ENN and SMOTE-Tomek) on machine learning classifiers such as Random Forest [21] and 

Gradient Boosting [22]. This work presents a quantitative comparison of model improvements through a set of 

complementary performance indicators, supported by ROC curve analysis to examine classification discrimination. 

Furthermore, we compare the effectiveness of each imbalance handling method in improving minority-class 

recognition. The findings are expected to inform the selection of appropriate imbalance handling strategies for 

developing reliable and fair monkeypox detection systems in the presence of class imbalance. 
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2. Literature Review  

2.1. Machine Learning for Infectious Disease Detection 

Machine learning in healthcare leverages artificial intelligence to automatically analyze medical data in support of 

diagnosis and clinical decision-making [23], [24]. Its application in infectious disease detection improves diagnostic 

accuracy, supports appropriate treatment selection, and strengthens disease prevention efforts [24], [25]. Moreover, 

machine learning can help reduce medical costs, predict disease outbreaks, prevent infections, and improve patient 

quality of life [24]. Through this approach, disease detection can be performed faster and more accurately than manual 

methods, which are more prone to human error [21]. 

Studies have demonstrated that machine learning is effective for detecting infectious diseases based on clinical 

symptoms, including Monkeypox [23], tuberculosis, COVID-19, HIV, meningitis, malaria, and bacterial infections 

[26]. Features used for such predictive tasks may include medical images, clinical data, or biological variables relevant 

to diagnosis or disease prediction [21], [23], [27]. Despite the diversity of feature types, machine learning models can 

identify complex patterns across symptoms that are difficult to analyze manually, thereby improving accuracy in 

infectious disease detection [26]. 

2.2. Class Imbalance in Medical Datasets 

A healthcare dataset is a collection of patient medical records containing information such as diagnoses, laboratory test 

results, treatments, and demographic attributes [28], [29]. Such datasets are used to train classification models to 

recognize patterns and relationships between features and target classes [29]. However, class imbalance in healthcare 

datasets can degrade model performance when detecting disease cases [9]. Moreover, class imbalance may lead 

machine learning models to become biased toward the majority class [7], [8]. As a result, the model becomes less 

sensitive to minority cases, producing seemingly good performance metrics while failing to detect critical cases 

effectively [30], [31]. This situation increases the risk of delayed medical intervention and can worsen health outcomes, 

including mortality risk [32]. 

Class imbalance can be addressed through oversampling, undersampling, or hybrid techniques [11], [12]. A balanced 

dataset enables models to produce fairer, more consistent, and more reliable predictions for medical decision-making 

[33]. This is essential for improving diagnostic accuracy and the quality of clinical decisions, particularly for rare or 

high-risk diseases [33]. 

2.3. Oversampling Techniques: SMOTE and Borderline-SMOTE 

Oversampling increases the representation of minority classes to balance data distribution and improve model 

performance[13], [34]. One of the most widely used oversampling approaches is SMOTE. SMOTE is a data 

augmentation approach that mitigates class imbalance by creating artificial minority-class instances through 

interpolation among similar samples, enhancing diversity in the training data [35], [36]. 

A key advantage of SMOTE is its ability to generate realistic synthetic samples without simply duplicating minority 

data, which enhances model learning capacity [35], [37]. However, SMOTE may produce noisy samples, increase class 

overlap, and potentially lead to overfitting [35], [37]. To address these limitations, an extended variant of SMOTE 

known as Borderline-SMOTE was introduced [38]. This approach improves the quality of oversampling by focusing 

the synthesis process on minority samples located near class decision boundaries [38]. Borderline-SMOTE is especially 

relevant for monkeypox detection, as clinical symptom profiles frequently occur near decision boundaries, where high- 

quality synthetic samples are essential for enhancing class separability. 

2.4. Hybrid Resampling Methods: SMOTE-ENN and SMOTE-TOMEK 

Hybrid methods are approaches that combine two sampling techniques to address data imbalance [17]. These methods 

are particularly important in healthcare datasets because they enhance classification performance by mitigating class 

distribution bias [17]. SMOTE-ENN is a hybrid resampling strategy that integrates synthetic oversampling with 

instance removal to address class imbalance in classification problems [17]. This approach balances the dataset by 

synthesizing minority-class samples through SMOTE and subsequently eliminating noisy instances using Edited 

Nearest Neighbors (ENN), resulting in improved data quality, classification accuracy, and model generalization [14], 
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[17]. SMOTE-ENN is well-suited for imbalanced healthcare datasets as it can effectively eliminate noise and outliers 

[14]. 

SMOTE-Tomek is a hybrid resampling method that combines synthetic minority oversampling with Tomek Links to 

remove borderline instances between classes [39]. Through minority class augmentation and boundary refinement, 

SMOTE-Tomek produces a dataset with reduced overlap and improved learnability [39]. This method effectively 

reduces imbalance and class overlap, thereby enhancing the model’s performance, particularly for minority classes 

[39]. 

2.5. Ensemble Learning for Imbalanced Classification 

Ensemble learning techniques improve prediction accuracy by integrating multiple base models, among which Random 

Forest and Gradient Boosting are commonly applied [21]. Random Forest achieves this by combining numerous 

decision trees trained on randomly selected samples and feature sets, thereby reducing variance and overfitting [21]. 

This method is well-suited for clinical data because it can handle complex feature interactions, missing values, and 

data variability while maintaining strong generalization capability [21]. 

Gradient Boosting is another ensemble approach that constructs decision trees sequentially, where each subsequent 

model focuses on correcting the errors of its predecessors to improve accuracy [22]. Gradient Boosting is particularly 

suitable for clinical data analysis due to its ability to capture complex non-linear patterns while maintaining robust 

performance under imbalanced class distributions [22]. 

Combining ensemble learning with resampling techniques has been shown to be effective for disease prediction tasks 

in the presence of class imbalance [17]. This approach enables models to better learn from both majority and minority 

classes, thereby improving minority-class prediction performance [17]. Random Forest and Gradient Boosting offer 

complementary characteristics: Random Forest is robust to noise and data variability, while Gradient Boosting is more 

sensitive to complex minority-class patterns. Therefore, evaluating both models under different resampling techniques 

is essential to obtain a robust and accurate disease detection system. 

2.6. Research Gap 

Although previous studies have demonstrated the effectiveness of class imbalance handling techniques such as 

SMOTE, Borderline-SMOTE, SMOTE-ENN, and SMOTE-Tomek in improving classification performance across 

various healthcare domains, research that specifically compares these techniques in the context of monkeypox detection 

remains limited. Moreover, most existing works tend to evaluate a single resampling technique or a single classification 

algorithm in isolation, without conducting a systematic comparative analysis using different ensemble algorithms and 

imbalance-sensitive evaluation metrics. 

These limitations hinder the development of a comprehensive understanding of which imbalance handling methods are 

most effective and robust for supporting machine-learning-based monkeypox detection systems. Therefore, a structured 

comparative study involving multiple resampling techniques and ensemble models on imbalanced monkeypox datasets 

is needed to address this research gap. 

3. Methodology  

This study uses the Monkeypox Patients Dataset from Kaggle, which contains 25,000 tabular patient records with a 

class distribution of 15,909 positive cases and 9,091 negative cases. The dataset includes 11 clinical symptom and 

medical history features that serve as predictor variables for monkeypox classification. The complete sequence of the 

research stages is shown in figure 1. 
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Figure 1. Workflow Diagram 

Based on figure 1, each stage of the study is explained systematically to provide a clear overview of the workflow 

carried out in this research: 

3.1. Dataset 

The data used in this study were collected from an open-access dataset hosted on Kaggle and consists of 25,000 tabular 

patient records, comprising 15,909 (63.64%) positive monkeypox cases and 9,091 (36.36%) negative cases, with a 

class ratio of approximately 1.75:1. Each record represents an individual patient and contains clinical symptom 

information relevant to monkeypox diagnosis. 

This dataset is synthetic, generated based on clinical reports published in The BMJ under the title “Clinical features 

and novel presentations of human monkeypox in a central London center during the 2022 outbreak: descriptive case 

series,” with the aim of supporting research and machine learning model development. However, because the dataset 

is synthetically generated from reported clinical cases, the distribution of symptoms and feature correlations may not 

perfectly reflect real-world clinical populations. Therefore, the results of this study should be interpreted primarily as 

a methodological evaluation of imbalance handling techniques rather than as a clinically validated diagnostic system. 

The dataset includes one categorical feature, Systemic Illness, along with several binary variables that describe clinical 

conditions such as rectal pain, sore throat, penile swelling, oral lesions, and other infection-related symptoms. It also 

contains a single target variable, MonkeyPox, which indicates whether the case is positive or negative. Therefore, this 

dataset can be effectively used to evaluate the performance of various clinical symptom–based classification 

algorithms. 

3.2. Preprocessing Data 

Data preprocessing constitutes a critical phase in ensuring robust machine learning performance. In this study, multiple 

preprocessing procedures were conducted to enhance the quality and reliability of the clinical data used for monkeypox 

prediction. 

The initial preprocessing step involved checking the dataset for missing values and duplicate records. A total of 6,216 

missing values were identified in the Systemic Illness feature, and the corresponding records were removed to ensure 

data consistency and prevent potential bias during model training. No duplicate records were found. Boolean symptom 

features were converted into numerical values (True/False to 1/0), including the target variable MonkeyPox, which 

was transformed from positive/negative labels into binary form. The categorical feature Systemic Illness was encoded 

using one-hot encoding to preserve categorical information, while the Patient_ID attribute was removed to avoid 

potential data leakage. 
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These preprocessing procedures resulted in a final dataset of 18,784 records, consisting of 12,585 positive and 6,199 

negative monkeypox cases, providing a structured and consistent dataset for training the Random Forest and Gradient 

Boosting models. 

3.3. Random Hyperparameter Selection 

The Random Hyperparameter Selection stage aims to obtain an optimal configuration of the Random Forest model 

without exhaustively evaluating every possible hyperparameter combination. In this stage, the hyperparameter search 

space is first defined, including the number of decision trees (n_estimators), tree depth (max_depth), minimum number 

of samples required for node splitting and leaf formation, feature selection strategy, and class weighting scheme. These 

parameters play an essential role in controlling the learning process and enabling the model to capture complex patterns 

from the clinical symptom data related to monkeypox. 

Instead of employing a computationally expensive exhaustive search approach such as grid search, this study applies 

a random search method with 25 iterations, where at each iteration one hyperparameter configuration is randomly 

selected from the predefined search space. The number of iterations was limited to 25 to balance computational cost 

and search efficiency. Preliminary experiments indicated that performance improvements became marginal after 

approximately 20 iterations, suggesting that 25 iterations were sufficient to obtain near-optimal hyperparameter 

configurations while maintaining reasonable computational cost. Previous studies have shown that random search can 

achieve competitive performance with relatively few iterations because it explores the search space more efficiently 

than exhaustive grid search [40], [41]. This approach allows efficient and effective exploration of different model 

configurations while reducing computational overhead. Table 1 and table 2 describe the hyperparameter search space 

used in this process. 

Table 1. Random Forest Hyperparameter Distribution 

Hyperparameter Parameter Distribution 

n_estimators 900, 1000, 1100, 1200, 1300, 1400, 1500, 1600, 1700 

max_depth 5, 10, 20, 30, 40 

min_samples_split 2, 5, 10, 15, 20 

min_samples_leaf 1, 2, 4, 6, 8, 10 

max_features 'sqrt', 'log2' 

bootstrap True, False 

class_weight None, 'balanced', 'balanced_subsample' 

criterion 'log_loss', 'entropy' 

Table 1 presents the hyperparameter distribution used during the Random Hyperparameter Selection process for the 

Random Forest model. Each hyperparameter was evaluated across predefined ranges to explore different model 

configurations, including the number of trees (n_estimators), tree depth (max_depth), minimum sample requirements, 

feature selection strategies (max_features), bootstrap settings, class weighting schemes, and splitting criteria. Larger 

values for n_estimators were included to examine whether larger ensembles could improve model stability and reduce 

variance when learning from clinical symptom data that may contain noise and variability. In ensemble learning, 

increasing the number of trees generally improves performance up to a certain point before reaching diminishing 

returns. Therefore, a wide range (100–1700) was considered to allow the random search procedure to identify an 

appropriate trade-off between predictive performance and computational cost. 

Table 2. Gradient Boosting Hyperparameter Distribution 

Hyperparameter Parameter Distribution 

n_estimators 900, 1000, 1100, 1200, 1300, 1400, 1500, 1600, 1700 

learning_rate 0.01, 0.05, 0.1, 0.2 

max_depth 5, 10, 20, 30, 40 

min_samples_split 2, 5, 10, 15, 20 

min_samples_leaf 1, 2, 4, 6, 8, 10 
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max_features 'sqrt', 'log2' 

subsample 0.6, 0.7, 0.8, 0.9, 1.0 

Table 2 presents the hyperparameter distribution used in the random search process to optimize the Gradient Boosting 

model. The search space includes the number of estimators, learning rate, tree depth, and various sample and feature 

settings to regulate model complexity. Variations in the subsample parameter were also included to enhance 

generalization and reduce overfitting on the clinical monkeypox data. 

Stratified k-fold cross-validation was employed to evaluate each hyperparameter set, preserving class distribution in 

all folds. Performance metrics were averaged across folds, allowing the random hyperparameter search to select models 

that demonstrate both strong predictive capability and consistent behavior in monkeypox detection tasks. 

3.4. Stratified K-Fold Split 

At this stage, stratified k-fold cross-validation was employed to partition the dataset into multiple training and testing 

subsets while maintaining the original class distribution in each fold. This stratification ensures that the proportions of 

positive and negative monkeypox cases are consistently preserved, which is essential for unbiased model evaluation in 

the presence of class imbalance. 

In this study, the value of k was set to 5, resulting in five stratified folds with data shuffling enabled to enhance sample 

variability. During each iteration, the model was trained on four folds and evaluated on the remaining fold. This process 

was repeated until each fold had served as the validation set exactly once, allowing performance to be assessed across 

diverse training–testing configurations rather than a single data split. To avoid data leakage, the resampling techniques 

and hyperparameter optimization were applied only to the training portion within each fold, while the validation fold 

remained untouched for model evaluation. 

The use of five-fold stratified cross-validation contributes to more stable and representative evaluation outcomes, as 

performance metrics including accuracy, precision, recall, F1-score, and AUC are averaged across all folds. 

Consequently, observed performance differences can be attributed more reliably to the applied class imbalance 

handling techniques and model configurations, rather than to randomness in data partitioning. This enhances the 

robustness and validity of the machine learning-based monkeypox detection framework. 

3.5. Apply Augmentation Method 

In the Apply Augmentation Method stage, class imbalance handling techniques were applied only to the training data 

within each cross-validation fold, while the validation data remained unchanged. This approach ensures that synthetic 

samples are generated exclusively from the training subset and prevents information from the validation data from 

influencing the training process, thereby avoiding potential data leakage. 

In this study, several data balancing techniques were applied independently, namely SMOTE, Borderline-SMOTE, 

SMOTE-ENN, and SMOTE-Tomek. SMOTE generates synthetic samples for the minority class (negative cases) to 

balance the class distribution. Borderline-SMOTE focuses the synthesis near decision boundaries to improve 

discrimination in difficult regions. SMOTE-ENN and SMOTE-Tomek are hybrid methods that combine oversampling 

with the removal of noisy or overlapping majority samples, resulting in cleaner and more representative datasets. 

Applying multiple augmentation strategies enables the model to learn minority class characteristics more effectively 

without discarding important majority class information. By systematically comparing models trained using each 

resampling strategy, this study provides a direct assessment of how effectively different approaches address class 

imbalance. This stage plays a crucial role in ensuring that performance improvements are truly driven by appropriate 

balancing strategies, particularly in the context of monkeypox detection, where accurate identification of positive cases 

is essential. 

3.6. Training Model 

In this study, the training processes for the Random Forest and Gradient Boosting models were conducted separately 

while following an identical workflow. This design ensures that performance differences can be attributed to the 

intrinsic characteristics of each algorithm rather than to variations in training procedures. By applying a consistent 
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training scheme, comparisons between Random Forest and Gradient Boosting can be performed fairly and objectively 

within the context of clinical data–based monkeypox detection. 

Random Forest employs an ensemble of decision trees generated from random sample and feature selections, which 

enhances its ability to learn intricate clinical patterns and improves generalization. The prediction of the Random Forest 

model can be mathematically expressed as: 

𝑦̂ =
1

𝑇
 ∑ ℎ𝑡(𝑥)

𝑇

𝑡=1

 (1) 

T represents the number of decision trees and h_t (x) denotes the prediction of the t-th decision tree. This ensemble 

mechanism allows the model to aggregate multiple weak learners into a more robust and stable prediction. Multiple 

parameter configurations were evaluated to obtain an optimal setup that improves the stability and reliability of 

monkeypox predictions. 

In contrast, Gradient Boosting was trained iteratively, where each new model corrected the errors of its predecessor. 

The learning process can be formulated as: 

𝐹𝑚(𝑥) =  𝐹𝑚−1(𝑥) + 𝜂 · ℎ𝑚(𝑥) (2) 

F_m (x) is the updated model at iteration m, η is the learning rate, and h_m (x) is the weak learner fitted to the residual 

errors. This mechanism allows the algorithm to capture non-linear relationships among clinical features and 

progressively enhance predictive performance. By training Gradient Boosting independently from Random Forest, this 

study examines the performance of both algorithms under class imbalance conditions and their effectiveness in 

detecting monkeypox cases. 

3.7. Evaluate Model 

In the final phase, model performance was assessed using accuracy, precision, recall, F1-score, and the Area Under the 

Curve (AUC). Precision and recall were calculated for the monkeypox-positive class, while recall corresponds to 

sensitivity and precision reflects prediction reliability, providing class-specific insight into model behavior under 

imbalanced conditions. Evaluation was conducted through stratified five-fold cross-validation to avoid dependency on 

a single train–test split and to better represent the models’ generalization capability in capturing clinical patterns related 

to monkeypox. 

Furthermore, Receiver Operating Characteristic (ROC) analysis was utilized to examine the classifiers’ ability to 

discriminate between monkeypox-positive and negative cases. The AUC was used as a summary measure of 

discriminative performance, particularly under imbalanced class distributions. The integration of conventional 

performance metrics with ROC-based evaluation offers a comprehensive and reliable assessment of model robustness, 

especially for minority-class detection. 

4. Results and Discussion 

This section presents the experimental results and compares model performance for monkeypox detection under several 

class imbalance handling techniques, including SMOTE, Borderline-SMOTE, SMOTE-ENN, and SMOTE-Tomek. 

Random Forest and Gradient Boosting were evaluated using accuracy, precision, recall, F1-score, and AUC. ROC 

curve analysis was also performed to assess discriminative capability. Before applying class imbalance handling 

techniques, baseline experiments were first conducted using the original imbalanced dataset, as presented in table 3. 

Table 3. Baseline classification performance on the original imbalanced dataset 

Ensemble Learning Algorithms 
Matrix 

Accuracy Precision Recall F1-Score 

Random Forest 0.7093 0.7154 0.9401 0.8125 

Gradient Boosting 0.7036 0.7179 0.9186 0.8059 
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As shown in table 3, both Random Forest and Gradient Boosting demonstrate high recall on the original imbalanced 

dataset, indicating a tendency to favor the dominant class. Although the recall values appear high, these results are 

influenced by the dominance of positive cases in the dataset, which may bias the models toward predicting the majority 

class. Consequently, the observed performance may not fully reflect the models’ true discriminative capability. 

Therefore, class imbalance handling techniques were applied to obtain a more balanced and reliable classification 

performance. 

4.1. Performance Comparison Using Different Augmentation Methods 

This subsection presents a performance comparison of the models after applying different class imbalance handling 

techniques. Each augmentation method was evaluated independently to analyze its impact on the model’s ability to 

detect monkeypox cases, particularly within the minority class. The comparison was carried out using accuracy, 

precision, recall, and F1-score as evaluation indicators to identify the resampling approach that most effectively 

improves classification performance, particularly in the presence of class imbalance. Tables 4 and 5 summarize the 

model performance results following the application of the various imbalance handling techniques. 

Table 4. Performance Comparison of Random Forest Using Different Data Augmentation Methods 

Augmentation Method 
Matrix 

Accuracy Precision Recall F1-Score 

SMOTE 0.6994 0.7330 0.8671 0.7945 

SMOTE-ENN 0.6949 0.7010 0.9505 0.8067 

SMOTE-TOMEK 0.6994 0.7330 0.8671 0.7945 

BORDERLINE-SMOTE 0.6255 0.7763 0.6194 0.6887 

Table 4 presents the performance comparison of the Random Forest model after applying various data augmentation 

methods to address class imbalance in the monkeypox dataset. Overall, the evaluation results indicate that different 

resampling techniques influence performance metrics in different ways, particularly in detecting monkeypox-positive 

cases as the clinically important class. 

SMOTE and SMOTE-Tomek produced identical performance results, with an accuracy of 0.6994, F1-score of 0.7945, 

and recall of 0.8671, indicating that the model was able to identify most positive monkeypox cases. The identical results 

suggest that the Tomek Links cleaning step removed few or no borderline samples in this dataset, likely due to the 

relatively well-separated feature distribution after preprocessing. As a result, the SMOTE-Tomek dataset remained 

similar to the standard SMOTE output, leading to comparable model performance. SMOTE-ENN achieved the highest 

recall (0.9505) and highest F1-score (0.8067), indicating near-complete detection of positive cases, albeit with an 

increase in false positives. This behavior may occur because the Edited Nearest Neighbor (ENN) cleaning step removes 

samples that are inconsistent with their local neighborhood, which can simplify class boundaries and improve 

sensitivity for positive cases. However, this cleaning process may also remove informative borderline samples, 

potentially reducing overall class separability and slightly lowering the AUC value. Conversely, Borderline-SMOTE 

showed the lowest recall (0.6194), making it less effective at identifying positive cases. The relatively similar AUC 

values across methods suggest that performance differences are mainly driven by variations in minority class detection. 

Overall, SMOTE-ENN is the most effective method for enhancing positive case detection using Random Forest, 

highlighting the importance of selecting appropriate imbalance handling techniques, especially in medical contexts 

where sensitivity is prioritized. Table 5 presents the performance evaluation of the Gradient Boosting model after 

applying various data augmentation techniques to address class imbalance in the monkeypox dataset. The results 

demonstrate that each method impacts model performance differently, particularly in detecting monkeypox-positive 

cases, which represent the majority class in the dataset.  

SMOTE and SMOTE-Tomek demonstrated comparable performance, achieving F1-scores of approximately 0.78 with 

recall values around 0.82, indicating that most positive cases were successfully identified. The application of Tomek 

Links to remove majority-class samples did not result in a notable improvement compared to conventional SMOTE. 

Among the evaluated methods, SMOTE-ENN delivered the highest recall (0.95) and the strongest F1-score (0.81), 

reflecting near-complete detection of positive instances, albeit with an increased number of false positives. Conversely, 
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Borderline-SMOTE exhibited substantially lower recall (0.60), suggesting reduced effectiveness in capturing positive 

cases. The relatively similar AUC scores across all resampling techniques indicate that the observed performance 

variations are largely attributable to differences in minority-class classification rather than overall discriminative 

capability. 

Table 5. Performance Comparison of Gradient Boosting Using Different Data Augmentation Methods 

Augmentation Methods 
Matrix 

Accuracy Precision Recall F1-Score 

SMOTE 0.6838 0.7382 0.8182 0.7761 

SMOTE-ENN 0.6937 0.6997 0.9519 0.8063 

SMOTE- TOMEK 0.6838 0.7382 0.8182 0.7761 

BORDERLINE- SMOTE 0.6116 0.7725 0.5956 0.6726 

Overall, SMOTE-ENN emerges as the most effective augmentation strategy for enhancing the sensitivity of the 

Random Forest model, highlighting the need to select imbalance handling techniques according to medical application 

goals. Results in tables 4 and 5 indicate that class imbalance handling methods have a significant impact on Random 

Forest’s ability to detect positive monkeypox cases. SMOTE-ENN consistently produced the highest recall and F1-

score, improving model sensitivity despite a slight reduction in precision. SMOTE and SMOTE-Tomek provided stable 

performance but were less optimal for minority class detection, while Borderline-SMOTE showed lower recall, risking 

missed positive cases. These findings emphasize the importance of selecting augmentation methods based on 

application objectives, particularly when minimizing false negatives and maximizing positive case detection are 

critical. To further examine class-level prediction behavior under imbalanced conditions, confusion matrices were 

analyzed for the SMOTE-ENN configuration, as presented in figures 2 and 3. 

 

  

Figure 2. Confusion matrix of Random Forest with 

SMOTE-ENN 

Figure 3. Confusion matrix of Gradient Boosting with 

SMOTE-ENN 

For the Random Forest model, the confusion matrix shows 6,568 true negatives and 84,446 true positives, indicating 

that the model successfully detects most Monkeypox-positive cases. However, the model also produces 36,825 false 

positives, resulting in a specificity of approximately 0.15. Similarly, the Gradient Boosting model yields 14,753 true 

negatives and 206,208 true positives, but also generates 90,630 false positives, corresponding to a specificity of about 

0.14. These results indicate that although SMOTE-ENN substantially improves sensitivity toward positive Monkeypox 

cases, it reduces specificity due to increased false positive predictions, reflecting the typical trade-off between 

sensitivity and specificity in imbalanced medical datasets. 

4.2. ROC Curve and AUC Analysis 

ROC curve and AUC analyses were performed to assess the discriminatory capability of the models across varying 

decision thresholds. These analyses enable a comparative evaluation of different class imbalance handling techniques 

in terms of their ability to balance true positive and false positive rates, thereby providing a more comprehensive 

assessment of model performance under class imbalance conditions. The resulting ROC curves are presented in figures 

4–11. 
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Figure 4. RF SMOTE Figure 5. GB SMOTE Figure 6. RF SMOTE-ENN 

   

Figure 7. GB SMOTE-ENN Figure 8. RF SMOTE-Tomek Figure 9. GB SMOTE-Tomek 

 

 

  

Figure 10. RF Borderline-SMOTE Figure 11. GB Borderline-SMOTE 

Figure 4, figure 6, figure 8, and figure 10 present the ROC curves of the Random Forest model using four different 

class imbalance handling methods. These curves depict the trade-off between the True Positive Rate (TPR) and the 

False Positive Rate (FPR) at different decision thresholds, providing an overall assessment of the model’s 

discriminative performance. Overall, the ROC curves for all augmentation methods lie above the diagonal reference 

line, indicating that the Random Forest model is able to distinguish between Monkeypox and non-Monkeypox cases 

better than random classification. These observations are consistent with the AUC values reported in table 6, where 

Random Forest achieved AUC scores ranging from 0.6742 to 0.6847. Specifically, Borderline-SMOTE produced the 

highest AUC value (0.6847), followed by SMOTE-ENN (0.6826), while standard SMOTE achieved 0.6742. These 

values indicate moderate but consistent discriminative capability across the evaluated augmentation techniques. While 

the AUC values remain relatively modest for clinical decision support systems, the results demonstrate that class 

imbalance handling techniques can still improve the model’s ability to detect monkeypox cases compared to baseline 

learning without resampling. This suggests that the application of class imbalance handling techniques contributes 

positively to classification capability. 

Among the evaluated methods, SMOTE-ENN demonstrates the most consistent ROC behavior across a wide range of 

decision thresholds, indicating improved class separability after the combination of synthetic oversampling and noise 

removal. However, as shown in table 6, Borderline-SMOTE produced the highest AUC value for Random Forest. This 

difference occurs because AUC evaluates overall class separability across all thresholds, whereas recall and F1- score 

emphasize the ability to correctly detect positive Monkeypox cases. Therefore, although Borderline-SMOTE slightly 
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improves global separability, SMOTE-ENN remains more suitable for this study because it achieves higher recall and 

F1-score, which are more important for detecting clinically significant cases. This hybrid mechanism helps reduce the 

influence of ambiguous samples and leads to more stable True Positive Rate improvements. Borderline- SMOTE also 

shows competitive performance, particularly at relatively low False Positive Rate levels, suggesting that the generation 

of synthetic samples near minority class regions can assist the Random Forest model in identifying difficult Monkeypox 

cases. 

Standard SMOTE produced relatively consistent ROC curves, although its discriminative performance was slightly 

lower compared to the hybrid approaches, particularly at lower FPR levels. Meanwhile, SMOTE-Tomek provided 

competitive results by reducing class overlap through Tomek Links removal, resulting in performance that is 

comparable but generally not superior to the SMOTE-ENN configuration. Overall, the ROC analysis suggests that 

hybrid augmentation strategies, particularly SMOTE-ENN, provide the most reliable discriminative capability for the 

Random Forest model, supporting the improvements observed in the classification metrics. 

Similarly, figure 5, figure 7, figure 9, and figure 11 show the ROC curves of the Gradient Boosting model for the four 

imbalance handling techniques. These curves illustrate the TPR–FPR relationship across varying thresholds to evaluate 

the model’s capacity to distinguish between Monkeypox and non-Monkeypox cases. As with the Random Forest 

results, the ROC curves generally remain above the diagonal reference line, indicating that Gradient Boosting is capable 

of effectively separating the two classes when combined with imbalance handling techniques. 

SMOTE-ENN again demonstrates the most stable ROC trend across different thresholds, indicating improved 

robustness when both oversampling and noise filtering are applied. In contrast, the AUC values reported in table 6 

indicate that SMOTE and SMOTE-Tomek achieved the highest overall AUC scores for Gradient Boosting (0.6741), 

suggesting that these methods provide slightly better global class separability. Borderline-SMOTE shows competitive 

performance at lower to intermediate FPR levels, although its discriminative capability varies across thresholds. 

Standard SMOTE produced balanced but slightly lower ROC performance compared to the hybrid techniques, 

particularly at lower FPR values. Meanwhile, SMOTE-Tomek achieved relatively consistent performance by reducing 

class overlap, resulting in ROC behavior that is comparable to SMOTE-ENN in several threshold regions but not 

consistently superior. Overall, the ROC analysis indicates that SMOTE-ENN provides the most stable discriminative 

performance for the Gradient Boosting model, while SMOTE-Tomek also demonstrates competitive results. These 

findings further support the effectiveness of hybrid augmentation strategies in improving Monkeypox detection under 

class imbalance conditions. 

To reinforce these findings, AUC (Area Under the Curve) analysis was conducted to evaluate the overall discriminative 

ability of the Random Forest and Gradient Boosting models without relying on specific decision thresholds. The AUC 

provides a comprehensive quantitative measure of model stability and consistency for each imbalance handling 

technique. The AUC evaluation results for each method are summarized in table 6. 

Table 6. Area Under the Curve (AUC) Comparison Using Different Class Imbalance Handling Methods 

Ensemble Learning Algorithms 

Augmentation Methods 

SMOTE SMOTE-ENN SMOTE-TOMEK 
BORDERLINE- 

SMOT 

Random Forest 0.6843 0.6742 0.6843 0.6847 

Gradient Boosting 0.6741 0.6614 0.6741 0.6679 

Table 6 presents a comparison of the AUC values obtained by the Random Forest and Gradient Boosting models under 

different class imbalance handling methods. Overall, Random Forest yields higher and more stable AUC scores than 

Gradient Boosting. For Random Forest, SMOTE, SMOTE-Tomek, and Borderline-SMOTE produce relatively similar 

AUC values, with Borderline-SMOTE achieving the highest score (0.6847). In contrast, SMOTE-ENN yields a slightly 

lower AUC, even though it performs better in terms of sensitivity. 

For Gradient Boosting, the AUC scores tend to be lower than those of Random Forest, with SMOTE and SMOTE- 

Tomek achieving the best performance (0.6741). SMOTE-ENN shows the lowest AUC for both models, indicating 
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that aggressive sample cleaning may reduce the model’s overall discriminative ability. These findings suggest that 

although SMOTE-ENN can improve sensitivity toward Monkeypox cases, it does not necessarily enhance AUC 

performance. Therefore, the choice of augmentation technique should be aligned with the specific evaluation objectives 

of the model. The obtained AUC values indicate a moderate level of discriminative ability, suggesting that although 

the models perform better than random classification, further methodological improvements are required before 

considering practical clinical deployment. 

4.3. Impact of Class Imbalance Handling on Minority Class Detection 

Class imbalance handling is shown to improve the model’s ability to detect positive monkeypox cases, which represent 

the majority class in the dataset. Among the evaluated methods, SMOTE-ENN produces the highest recall in both 

Random Forest and Gradient Boosting, while SMOTE-Tomek shows performance comparable to standard SMOTE. 

However, this improvement in sensitivity comes with a reduction in precision due to higher false positives, reflecting 

a trade-off between sensitivity and specificity. Overall, these results indicate that SMOTE-ENN provides the most 

effective improvement in recall for both Random Forest and Gradient Boosting. In contrast, Borderline-SMOTE 

produces substantially lower recall values, suggesting reduced effectiveness in detecting Monkeypox-positive cases 

under imbalanced conditions. 

4.4. Discussion and Practical Implications 

The findings of this study confirm that class imbalance handling plays a crucial role in improving machine learning 

performance for monkeypox detection. Hybrid methods such as SMOTE-ENN and SMOTE-Tomek effectively 

enhance sensitivity toward positive cases an essential aspect in medical contexts to reduce the risk of false negatives 

without compromising overall class separation, as demonstrated by the ROC and AUC analyses. 

From a practical standpoint, these results are relevant for the development of early detection systems for monkeypox, 

as appropriate data augmentation strategies can substantially improve predictive reliability in imbalanced clinical 

datasets. The combination of Random Forest and Gradient Boosting with hybrid augmentation methods has the 

potential to be integrated into medical decision support systems to help healthcare professionals identify positive cases 

more quickly and accurately. 

Despite the promising results, several limitations remain. First, the study did not examine model calibration, which is 

important for evaluating probability reliability in clinical decision support. Second, feature importance analysis was 

not explored, limiting the interpretability of the identified symptom patterns. Finally, the robustness of the proposed 

approach under different imbalance ratios was not investigated, which may influence model stability in real-world 

datasets. 

Furthermore, this study highlights that the selection of imbalance handling techniques should be aligned with the goals 

of the application: hybrid methods are better suited for maximizing positive case detection, whereas standard 

approaches such as SMOTE may be preferable when minimizing false positives is the primary objective. Statistical 

significance testing was not conducted in this study and is left for future work, given the synthetic nature of the dataset 

and its role as a benchmarking resource rather than a clinically validated dataset. 

4.5. Limitations and Future Work 

Although this study demonstrates that hybrid augmentation methods such as SMOTE-ENN and SMOTE-Tomek are 

effective for improving monkeypox detection, several limitations remain. The experiments were limited to 

independently trained Random Forest and Gradient Boosting models, leaving the potential of combined ensemble 

strategies unexplored. In addition, the dataset used in this study was synthetically generated based on reported clinical 

characteristics of monkeypox cases. Moreover, the dataset used in this study is synthetically generated from clinical 

reports, which may not fully represent real clinical variability. Synthetic generation may influence symptom 

distributions and correlations between features, potentially affecting model evaluation outcomes. Therefore, further 

validation using real-world clinical datasets is required before practical deployment. 

For future work, it is recommended to explore hybrid augmentation methods within more advanced ensemble 

approaches, such as stacking that combines Random Forest and Gradient Boosting. Integrating class balancing 
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techniques with sophisticated feature selection and hyperparameter tuning strategies may also enhance both sensitivity 

and precision, leading to more accurate, reliable, and practically deployable monkeypox detection models. 

5. Conclusion 

This work investigates the impact of several class imbalance handling techniques namely SMOTE, Borderline- 

SMOTE, SMOTE-ENN, and SMOTE-Tomek on monkeypox detection performance using Random Forest and 

Gradient Boosting models. The experimental results demonstrate that hybrid resampling strategies particularly 

SMOTE-ENN consistently enhance recall and F1-score, thereby improving the identification of clinically important 

monkeypox-positive cases. This improvement is especially important in medical screening scenarios, where reducing 

false negatives is a critical priority. Nevertheless, the observed increase in sensitivity is accompanied by a reduction in 

precision and minor variations in AUC, indicating a higher incidence of false positive predictions. In contrast, SMOTE 

and SMOTE-Tomek yield more balanced and stable performance across evaluation metrics, whereas Borderline- 

SMOTE exhibits comparatively lower recall. 

Overall, these findings highlight that the selection of class imbalance handling techniques should be guided by the 

specific objectives of the application. When maximizing sensitivity and reliable case detection is the primary concern, 

SMOTE-ENN emerges as the most appropriate approach. However, further validation using real-world clinical datasets 

is required before practical deployment in medical decision support systems. In addition, several methodological 

aspects were not explored in this study. Future research may incorporate model calibration analysis, feature importance 

evaluation, and robustness testing under different imbalance ratios to further strengthen the reliability and 

interpretability of the proposed approach. 
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