
(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 3, 2026 

95 | P a g e  
www.ijacsa.thesai.org 

Comparing Random Forest and Gradient Boosting for 

Monkeypox Diagnosis 

Fahlul Rizki, Widowati, Catur Edi Widodo 

Doctoral Program of Information System, Postgraduate School, Universitas Diponegoro, Semarang, Indonesia  
 
 

Abstract—Early and accurate diagnosis of Monkeypox is 

essential to limit transmission and support effective treatment. 

This study aims to compare the performance of Random Forest 

and Gradient Boosting models for classifying Monkeypox cases 

using clinical symptom data. A synthetic dataset from Kaggle 

containing 25,000 records with 11 symptom-based features was 

used to evaluate both models under imbalanced and SMOTE-

balanced conditions using stratified 5-fold cross-validation. 

Model performance was assessed using accuracy, precision, 

recall, F1-score, receiver operating characteristic (ROC) curves, 

and area under the curve (AUC). The experimental results 

indicate that both models achieve high recall values on 

imbalanced data, with Gradient Boosting slightly outperforming 

Random Forest in discriminative performance (AUC 0.6869 vs. 

0.6839). While the application of SMOTE improves precision, it 

reduces recall and provides only marginal improvements in 

AUC, indicating a trade-off between sensitivity and precision in 

symptom-based classification. These findings demonstrate the 

potential of ensemble learning models for symptom-based 

Monkeypox classification in synthetic tabular datasets. However, 

further validation using real-world clinical data is necessary 

before practical diagnostic deployment. 
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I. INTRODUCTION 

Monkeypox represents the largest outbreak in history, with 
over 55,000 cases reported in 103 countries [1], [2], 
highlighting the urgent need for reliable detection systems to 
control its spread and enable timely treatment [3], [4]. This 
study compares Random Forest (RF) and Gradient Boosting 
(GB) for Monkeypox diagnosis using clinical symptom data 
[5], [6]. 

RF is an ensemble learning method based on multiple 
decision trees and has been widely used in medical diagnosis 
due to its high predictive accuracy and robustness in handling 
complex clinical data [7], [8], [9]. 

Similarly, GB has gained substantial attention in disease 
classification tasks, as it constructs strong predictive models 
by combining multiple weak learners [10]. Modern 
implementations such as Extreme Gradient Boosting 
(XGBoost) further improve scalability and computational 
efficiency, enabling faster and more accurate disease detection 
in practical settings [11], [12]. 

Monkeypox diagnosis requires early detection to support 
timely treatment and outbreak control, supporting the need for 
reliable symptom-based prediction systems. Although 
machine learning has been widely applied to disease detection, 

research that specifically examines the effectiveness of RF and 
GB for Monkeypox detection using clinical symptom data 
remains limited. The presence of class-imbalanced datasets 
also motivates the use of methods such as Synthetic Minority 
Oversampling Technique (SMOTE) and stratified k-fold 
cross-validation to achieve fair and unbiased performance 
comparison. 

This study uses a Kaggle dataset with 25,000 samples and 
11 clinical features, labeled as Monkeypox-positive or 
negative. 

Model performance is assessed using multiple evaluation 
metrics, including accuracy, precision, recall, F1-score, 
receiver operating characteristic (ROC) curves, and the area 
under the curve (AUC), to provide a comprehensive 
comparison of predictive stability and practical screening 
relevance. In screening scenarios, false negatives are clinically 
costly, making recall (sensitivity) more relevant than 
accuracy. Therefore, recall provides a more meaningful 
indicator of clinical utility than accuracy, particularly in 
infectious disease screening scenarios. 

Most existing Monkeypox detection studies rely on image-
based deep learning models such as convolutional neural 
networks, particularly for skin lesion classification. However, 
symptom-based diagnostic modeling using classical machine 
learning on tabular clinical data remains limited, and 
comparative evaluations under class imbalance are largely 
unexplored. To the best of our knowledge, no prior work has 
systematically compared RF and GB for Monkeypox 
symptom data under class imbalance conditions, incorporating 
SMOTE + stratified cross-validation and multi-metric 
reporting, including clinically relevant recall-based evaluation. 

This study contributes by providing a novel comparative 
assessment of RF and GB for symptom-based Monkeypox 
prediction using both original imbalanced and SMOTE-
balanced datasets, employing stratified cross-validation and 
clinically relevant performance metrics to systematically 
evaluate model robustness under class imbalance conditions. 
However, due to limited access to real-world clinical datasets, 
publicly available datasets remain important for benchmarking 
ML-based screening models. However, due to limited access 
to real-world clinical datasets, publicly available datasets 
remain important for benchmarking ML-based screening 
models. 

While the dataset is synthetic and does not reflect clinical 
symptom prevalence or measurement noise, such publicly 
available resources remain important for benchmarking model 
behavior before real-world validation. Accordingly, this study 
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does not intend to provide clinically deployable diagnostic 
tools, but rather to benchmark classical ensemble methods 
under controlled synthetic conditions to understand their 
relative behavior, sensitivity to class imbalance, and metric 
variability. 

The remainder of this study is organized as follows: 
Section II reviews related works. Section III describes the 
dataset and methodology. Section IV presents the 
experimental results. Section V presents the discussion, 
conclusion, and future work. 

II. RELATED WORK 

A. Monkeypox Outbreaks and Diagnostic Challenges 

Monkeypox is a zoonotic viral disease caused by the 
Monkeypox virus (MPXV), originally endemic to Central and 
West Africa, but which has experienced significant global 
spread since 2022, affecting over 50 countries worldwide [13]. 
Clinical presentation typically begins with non-specific 
symptoms such as fever and lymphadenopathy, followed by a 
characteristic but variable rash [14]. The heterogeneous nature 
of symptoms ranging from rash, headache, and oral lesions to 
flu-like conditions complicates differential diagnosis, as these 
features overlap with other infectious diseases [15]. 

Given the variability in symptom presentation and the 
possibility of misdiagnosis when relying solely on clinical 
examination, there has been growing interest in computational 
methods to support symptom-based classification. In 
situations where access to real clinical datasets is limited, 
researchers have turned to publicly available and synthetic 
tabular data as alternative resources for developing and 
evaluating machine learning models for Monkeypox symptom 
classification. 

B. Synthetic Datasets for Infectious Disease Modeling 

Synthetic datasets allow researchers to simulate clinical 
scenarios that are difficult to capture in real-world data due to 
limited case availability [16], providing a proxy for model 
development and validation when real clinical data are scarce 
[17]. 

For example, synthetic datasets have been used to model 
clinical characteristics and disease progression in COVID-19 
[17] and in rare diseases such as Sickle Cell Disease, Cystic 
Fibrosis, and Duchenne Muscular Dystrophy [18]. 
Nevertheless, synthetic healthcare datasets pose challenges 
related to realism, generalizability, and ethics that must be 
considered when interpreting model performance [19]. 

In the case of Monkeypox, publicly released synthetic 
tabular datasets offer a practical surrogate in regions where 
clinical datasets are inaccessible, motivating their use in this 
study as an initial evaluation step for symptom-based MPXV 
classification. 

C. Machine Learning Approaches for Monkeypox Prediction 

Machine learning within the healthcare domain utilizes 
artificial intelligence to autonomously interpret medical data, 
thereby aiding diagnostic processes and clinical decisions 
[20], [21]. In the context of infectious diseases, its use 

increases the accuracy of diagnostic assessments and 
strengthens preventive healthcare measures [21], [22]. 

Research has shown that machine learning models can 
accurately identify infectious diseases from clinical symptom 
data, such as Monkeypox [20], tuberculosis, COVID-19, HIV, 
meningitis, malaria, and various bacterial infections [23]. 
Predictive models may draw on inputs such as radiological 
imagery, clinical records, and biological markers that hold 
diagnostic or prognostic value [5], [6], [20]. 

Recent studies have explored advanced machine learning 
techniques for symptom-based Monkeypox detection. For 
example, a stacked ensemble framework combining XGBoost, 
LightGBM, and Long Short-Term Memory (LSTM) was 
proposed together with Conditional Tabular GAN (CTGAN) 
to generate synthetic data for addressing class imbalance, 
achieving an accuracy of 87.29% and an F1-score of 87.89% 
in predicting Monkeypox cases based on clinical symptoms 
[4]. In addition, deep learning approaches have also been 
widely applied to Monkeypox detection using medical image 
analysis. A recent study employed GAN-based image 
augmentation and compared several convolutional neural 
network architectures, including EfficientNetB3, VGG19, 
ResNet50, MobileNetV2, VGG16, and InceptionV3, where 
EfficientNetB3 achieved the best performance with an 
accuracy of 98.46% for Monkeypox image classification [24]. 
To provide a clearer overview of recent research on 
Monkeypox detection, Table I summarizes several previous 
studies, including the data type, machine learning methods, 
and reported performance results. 

TABLE I.  SUMMARY OF RECENT MONKEYPOX DETECTION STUDIES 

Study 

Performance Metrics 

Data Type Method 
Key 

Technique 
Result 

[4] 

Clinical 

symptom 

tabular data  

Stacking 

ensemble 

XGBoost, 

LightGBM, 

LSTM with 

CTGAN for 

synthetic 

data 

generation 

Accuracy 

87.29%, F1-

score 87.89% 

[24] 
Skin lesion 

images 

Deep 

learning 

GAN-based 

image 

augmentation 

with CNN 

architectures. 

Best accuracy 

98.46% using 

EfficientNetB3 

Machine learning algorithms are able to uncover intricate 
symptom patterns that are not easily discernible through 
manual assessment, which in turn enhances diagnostic 
accuracy for infectious diseases [23]. 

D. Random Forest, Gradient Boosting, and Class Imbalance 

Handling in Medical Tabular Data 

RF and GB are frequently used to process medical tabular 
data because both are ensemble algorithms capable of 
handling complex feature interactions. For example, study 
[25] on cardiovascular disease prediction reported that GB 
achieved superior evaluation metrics including accuracy, 
precision, recall, and F1-score while RF produced more 
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balanced and stable performance. Similarly, study [26] on 
thyroid disease prediction demonstrated that both GB and RF 
were highly effective, confirming the potential of ensemble 
methods to support early diagnosis and clinical decision-
making. In Alzheimer’s disease classification, study  [27] 
reported strong performance for both models, with GB 
achieving an evaluation score of 0.95 and RF achieving 0.93. 
Furthermore, study [28] on coronary heart disease showed that 
GB handled data complexity more effectively and produced 
more accurate predictions compared to RF. Collectively, these 
studies indicate that ensemble learning methods such as RF 
and GB are consistently applied to medical tabular data due to 
their stability and high predictive performance. 

From a technical perspective, RF relies on ensemble 
learning to improve accuracy and reduce overfitting, whereas 
GB incrementally boosts model performance by minimizing 
residual errors, making both methods suitable for aggregated 
and complex medical feature sets [25], [26]. However, 
medical tabular datasets often suffer from class imbalance. 

Class imbalance is a critical issue in healthcare data 
because minority classes are frequently clinically important 
but underrepresented [29]. When an imbalance is present, 
machine learning models may become biased toward the 
majority class and fail to detect minority cases, reducing the 
overall diagnostic utility [30]. To address this issue, a widely 
adopted strategy involves the use of SMOTE. 

SMOTE generates synthetic samples for the minority class 
through interpolation, improving minority representation 
without simple duplication [30]. This technique has been 
widely used to handle imbalanced medical tabular data, such 
as in stroke prediction [30], thyroid disease detection [26], and 
diabetes and breast cancer classification [29]. As a result, 
SMOTE increases model sensitivity to minority cases, which 
is crucial in healthcare contexts where rare conditions or high-
risk outcomes must be accurately identified [30]. 

Although RF and GB have been applied across various 
medical tabular prediction tasks, there is currently no 
systematic evaluation of their performance for symptom-based 
Monkeypox diagnosis under class imbalance conditions. 

E. Summary and Research Gap 

Existing studies on Monkeypox predominantly focus on 
image-based diagnosis using convolutional neural networks 
for skin lesion analysis, while research on symptom-based 
diagnosis using tabular clinical data remains limited. 
Moreover, for non-Monkeypox diseases, ensemble learning 
methods such as RF and GB have been widely adopted in 
medical tabular data due to their strong predictive 
performance, model robustness, and suitability for complex 
clinical features. In parallel, class imbalance is a common 
challenge in medical datasets, and techniques such as SMOTE 
have been shown to improve the detection of minority cases in 
various clinical applications. 

Despite these advances, several research gaps remain. 
First, to the best of our knowledge, no prior work has 
systematically compared RF and GB for symptom-based 
Monkeypox diagnosis using tabular datasets. Second, existing 
Monkeypox studies rarely address model performance under 

class-imbalanced conditions, even though imbalance is 
common in clinical screening scenarios. Third, recall or 
sensitivity an important metric in infectious disease screening 
to avoid false negatives has not been emphasized in previous 
comparisons. Finally, synthetic tabular Monkeypox datasets 
have not been utilized to assess method behavior prior to real-
world clinical validation. 

To address these gaps, this study provides a comparative 
evaluation of RF and GB for Monkeypox symptom 
classification under both original imbalanced and SMOTE-
balanced conditions, using stratified validation and clinically 
relevant performance metrics to assess model robustness in 
early screening contexts. 

III. DATASET AND METHODOLOGY 

This section outlines the methodological framework 
adopted in this study to compare RF and GB models for 
symptom-based Monkeypox diagnosis. The methodology 
encompasses data preprocessing, optional class balancing 
using SMOTE, model training with hyperparameter 
optimization, and performance evaluation to ensure a 
systematic, reproducible, and reliable assessment of the 
proposed models. 

 The proposed framework evaluates two ensemble learning 
algorithms, RF and GB, for symptom-based Monkeypox 
classification. The workflow consists of data preprocessing, 
optional class balancing using SMOTE, model training with 
hyperparameter optimization, and performance evaluation 
using multiple metrics, including accuracy, precision, recall, 
F1-score, and AUC. This framework enables a systematic 
comparison between RF and GB under both imbalanced and 
balanced data conditions to assess their effectiveness in 
Monkeypox detection. 

 

Fig. 1. Research methodology framework. 

As illustrated in Fig. 1, each stage of the workflow is 
described in detail to facilitate a clear understanding of the 
procedures applied throughout this research. 

A. Dataset 

This study employs the Monkey-Pox PATIENTS Dataset, 
published on Kaggle in 2023 [31]. The dataset contains 25,000 
synthetic tabular records, of which 15,909 (63.64%) represent 
confirmed Monkeypox cases and 9,091 (36.36%) represent 
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non-cases. Each record corresponds to a single patient and 
comprises 11 features, including one identifier (Patient_ID), 
one categorical feature (Systemic Illness with categories such 
as None, Fever, Swollen Lymph Nodes, and Muscle Aches 
and Pain), and eight binary clinical features (Rectal Pain, Sore 
Throat, Penile Oedema, Oral Lesions, Solitary Lesion, 
Swollen Tonsils, HIV Infection, and Sexually Transmitted 
Infection). The binary target variable, MonkeyPox, indicates 
disease presence (1) or absence (0). 

The dataset is synthetic and was generated based on 
clinical findings reported by Adler et al. in The BMJ (2022), 
titled “Clinical features and novel presentations of human 
Monkeypox in a central London center during the 2022 
outbreak: descriptive case series”. It was developed to support 
research and benchmarking of machine learning models for 
Monkeypox diagnosis using symptom-based data. 

It is important to emphasize that the dataset used in this 
study is synthetic and was originally generated for research 
and benchmarking purposes. While synthetic datasets enable 
controlled experimentation and reproducibility, they may not 
fully represent real-world clinical distributions, measurement 
noise, or complex symptom correlations observed in real 
patient data. Consequently, the results of this study should be 
interpreted primarily as methodological performance 
comparisons rather than clinically validated diagnostic 
outcomes. Future studies should validate the proposed 
approaches using real-world clinical datasets to ensure 
practical applicability. 

B. Preprocessing and Class Balancing 

Data preprocessing and class balancing were conducted to 
ensure reliable and unbiased model training. Boolean clinical 
features were converted into binary numerical values (0 and 
1), while the categorical feature Systemic Illness was encoded 
using one-hot encoding. The target label MonkeyPox was 
transformed into a binary format, and the patient identifier 
(Patient_ID) was removed to prevent potential data leakage. 

To preserve the original class distribution during 
evaluation, a stratified splitting strategy was applied within a 
5-fold cross-validation framework. Class imbalance observed 
after preprocessing was addressed using SMOTE, which 
generates synthetic samples for the minority class to reduce 
bias toward the majority class. Although the dataset imbalance 
(approximately 63:37) is moderate rather than extreme, such 
an imbalance may still influence model predictions by biasing 
classifiers toward the majority class. In medical screening 
scenarios, even a moderate imbalance can reduce sensitivity 
for minority disease cases, motivating the evaluation of 
resampling techniques such as SMOTE. 

To avoid data leakage, SMOTE was applied exclusively to 
the training data within each cross-validation fold, while 
validation data remained unchanged. Class balancing is 
particularly important in medical diagnosis tasks, as 
imbalanced data may lead to misleading performance 
estimates and reduced sensitivity to minority-class cases. By 
integrating SMOTE within the training folds, the proposed 
approach enables a fair and robust comparison of RF and GB 
Boosting models for Monkeypox diagnosis. 

C. Models 

This study evaluates two tree-based machine learning 
classifiers, RF and GB, for monkeypox diagnosis using tabular 
clinical symptom data. RF constructs an ensemble of decision 
trees using bootstrap sampling and feature randomness to 
reduce variance, while GB builds trees sequentially, with each 
model correcting the errors of its predecessor to improve 
predictive performance. 

Model optimization was performed using a randomized 
hyperparameter search strategy implemented through manual 
random sampling of parameter combinations. In this 
procedure, candidate hyperparameters were randomly selected 
from a predefined search space and evaluated across multiple 
iterations. A total of 10 random search iterations were 
conducted to explore different model configurations while 
maintaining computational efficiency. Each configuration was 
evaluated using stratified 5-fold cross-validation to ensure 
robust and unbiased performance estimation. In addition to 
mean performance values, the standard deviation across cross-
validation folds was also recorded to provide a more reliable 
estimation of model stability and performance variability. 

The hyperparameter ranges were selected based on 
commonly used configurations in ensemble learning literature 
and preliminary experiments to balance predictive 
performance and computational efficiency. Table II presents 
the hyperparameter search space used for RF and GB during 
the optimization process. 

TABLE II.  HYPERPARAMETER SEARCH SPACE FOR RF AND GB 

Parameter 
Hyperparameter Search 

Candidate Values 

n_estimators 100, 200, 300, 500 

max_depth 5, 10, 20, 30, None 

min_samples_split 2, 5, 10 

min_samples_leaf 1, 2, 4 

max_features sqrt, log2 

class_weight None, balanced, balanced_subsample 

criterion (RF) entropy, log_loss 

learning_rate 

(GB) 
0.01, 0.05, 0.1 

Each model configuration was evaluated using multiple 
performance metrics, including accuracy, precision, recall, F1-
score, ROC curve, and AUC. These metrics were averaged 
across cross-validation folds to obtain stable performance 
estimates. 

To ensure a fair comparison, both RF and GB were trained 
and evaluated under identical experimental settings using both 
the original imbalanced dataset and the SMOTE-balanced 
dataset. These models were selected due to their robustness, 
interpretability, and proven effectiveness in handling 
heterogeneous tabular clinical data, making them well-suited 
for symptom-based disease classification tasks such as 
Monkeypox diagnosis. 
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The best-performing model was selected based on cross-
validation performance, with primary emphasis on recall to 
reflect its clinical importance in screening scenarios, while 
accuracy and other metrics were used as supporting indicators. 
A detailed multi-metric evaluation is presented in the 
Evaluation Metrics section. 

D. Experimental Setup 

In this study, RF and GB classifiers were trained and 
evaluated using an identical experimental protocol to ensure a 
fair comparison. Model performance was assessed using 
stratified 5-fold cross-validation, which preserves the original 
class distribution in each fold and reduces bias caused by data 
imbalance. For each configuration, the model was trained and 
validated across the five folds, and the averaged cross-
validation results were used to determine the optimal model. 

Experiments were performed on both the original 
imbalanced dataset and a SMOTE-balanced version to analyze 
model behavior under different class distribution scenarios. 
The same training, validation, and evaluation procedures were 
applied consistently across both datasets. 

To ensure reproducibility, a fixed random seed was 
applied during data splitting, resampling, and model training. 
All experiments were implemented in Python using the scikit-
learn library, with imbalanced-learn for SMOTE-based 
resampling and pandas and NumPy for data preprocessing. 
Detailed performance metrics are reported separately in the 
Evaluation Metrics section. 

E. Evaluation Metrics 

Model performance was evaluated to assess the predictive 
capability of RF and GB for monkeypox diagnosis based on 
clinical symptom data. Evaluation was conducted under two 
data scenarios: the original imbalanced dataset and the 
SMOTE-balanced dataset, allowing analysis of model 
robustness under class imbalance conditions. 

Multiple performance metrics were employed, including 
accuracy, precision, recall, F1-score, ROC curve, and AUC 
values. These metrics provide complementary perspectives on 
classification performance and are commonly used in medical 
decision-support systems. 

Accuracy represents the ratio of correctly predicted 
instances to the overall number of samples evaluated [32]. The 
accuracy calculation formula is shown in Formula (1): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                   (1) 

In this formula, TP denotes true positives, TN true 
negatives, FP false positives, and FN false negatives. 

The precision metric reflects the percentage of correctly 
identified positive cases among all predicted positives [32]. 
The formula for calculating precision is presented in 
Formula (2): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                          (2) 

In this formula, TP indicates the number of true positives, 
whereas FP indicates the number of false positives. 

The recall metric indicates the fraction of real positive 
cases that are successfully recognized by the model [32]. The 
calculation formula for recall is presented in Formula (3): 

𝑅𝑒𝑐𝑎𝑙𝑙 = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                 (3) 

In this formula, TP indicates the number of true positives, 
whereas FN indicates the number of false negatives. 

F1-score serves as a combined indicator of precision and 
recall, derived from their harmonic mean [32]. The calculation 
formula for F1-score is presented in Formula (4): 

F1 = 2 𝑥 
𝑃𝑟𝑒𝑠𝑖𝑠𝑖 x 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑠𝑖𝑠𝑖+ 𝑅𝑒𝑐𝑎𝑙𝑙
                     (4) 

In this formula, the F1-score is obtained using the 
calculated values of precision and recall. 

The ROC curve evaluates the model’s ability to classify 
positive and negative outcomes by analyzing the interaction 
between TPR and FPR under changing thresholds [33]. The 
formulas for calculating TPR and FPR are presented in the 
following Formula (5) and Formula (6): 

TPR =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
                          (5) 

FPR =  
𝐹𝑃

𝐹𝑃+𝑇𝑁
                          (6) 

Based on these formulas, the ROC curve can be created 
using the values of TPR and FPR. 

The AUC metric measures the total area beneath the ROC 
curve, indicating the model’s capability to correctly 
distinguish positive cases from negative ones [33]. An AUC 
score approaching 1 signifies better model performance, 
whereas a score closer to 0 reflects poorer predictive ability 
[33]. The formula for calculating AUC is shown in 
Formula (7): 

AUC =  ∑ (𝐹𝑃𝑅𝑖+1 + 𝐹𝑃𝑅𝑖) 𝑥 
(𝑇𝑃𝑅𝑖+1+𝑇𝑃𝑅𝑖)

2
𝑛−1
𝑖=1  (7) 

Using this formula, the ROC metric indicates how 
effectively the model separates positive from negative classes. 

This multi-metric evaluation framework enables a 
comprehensive and clinically meaningful comparison of RF 
and GB models for symptom-based Monkeypox screening. 

IV. EXPERIMENTAL RESULTS 

This section presents the experimental results obtained 
from evaluating RF and GB models for Monkeypox diagnosis 
using symptom-based clinical features. The experiments were 
conducted under two dataset configurations, namely the 
original imbalanced dataset and a SMOTE-balanced dataset, 
in order to assess the impact of class distribution on model 
behavior and evaluation metrics. Performance was analyzed 
across multiple dimensions, including cross-validation metrics 
(accuracy, precision, recall, and F1-score) as well as 
threshold-independent measures based on ROC and AUC. The 
results aim to provide a comprehensive understanding of 
classifier behavior under different class distribution scenarios 
and to identify performance trade-offs relevant to early 
screening and diagnostic support applications. 
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A. Cross-Validation Performance (Imbalanced Dataset) 

This subsection presents the cross-validation performance 
of RF and GB models when trained on the original imbalanced 
dataset. The results reflect the baseline behavior of both 
models under real class distribution conditions, prior to the 
application of resampling techniques. 

TABLE III.  CROSS-VALIDATION PERFORMANCE METRICS ON AN 

IMBALANCED DATASET. 

Model 
Performance Metrics 

Accuracy Precision Recall F1-Score 

RF 0.7083 0.7142 0.9414 0.8122 

GB 0.7102 0.7200 0.9286 0.8111 

Based on Table III, RF trained on the imbalanced dataset 
achieved the highest recall value (0.9414), indicating a strong 
ability to correctly identify Monkeypox-positive cases. This is 
particularly relevant in screening scenarios, where minimizing 
false negatives is clinically important. However, the model 
exhibits moderate precision (0.7142), implying a higher 
tendency to misclassify negative cases as positive. 

Similarly, GB obtained a recall of 0.9286 and a precision 
of 0.7200, demonstrating comparable screening capability 
with a slightly more balanced trade-off between recall and 
precision. Both models achieved similar accuracy (RF: 
0.7083, GB: 0.7102) and F1-scores (RF: 0.8122, GB: 0.8111), 
suggesting no substantial performance difference under 
imbalanced conditions. 

These baseline results indicate that both ensemble models 
are sensitive to the minority class (positive cases), but 
precision-related errors remain present due to class imbalance, 
motivating the use of class-balancing techniques in subsequent 
experiments. 

B. Cross-Validation Performance (SMOTE-Balanced 

Dataset) 

This subsection reports the cross-validation performance 
of both classifiers when trained on the SMOTE-balanced 
dataset. The results allow us to examine how class balancing 
affects predictive behavior compared to the original 
imbalanced scenario, particularly with respect to minority-
class sensitivity and metric stability. 

TABLE IV.  CROSS-VALIDATION PERFORMANCE METRICS ON SMOTE-
BALANCED DATASET. 

Model 
Performance Metrics 

Accuracy Precision Recall F1-Score 

RF 0.6556 0.7639 0.7033 0.7323 

GB 0.6609 0.7620 0.7182 0.7395 

Based on the results in Table IV, data balancing via 
SMOTE leads to notable changes in model behavior compared 
to the original imbalanced scenario. For both classifiers, 
accuracy decreases slightly after balancing (from 0.7083 to 
0.6556 for RF, and from 0.7102 to 0.6609 for GB), indicating 
that oversampling reduces the strong bias toward the majority 
class that previously inflated accuracy. In contrast, precision 

increases for both models (0.7639 for RF and 0.7620 for GB), 
suggesting that balanced training improves the reliability of 
positive predictions by reducing false positives. 

Recall values show a more substantial shift. For RF, recall 
decreases from 0.9414 to 0.7033, while GB decreases from 
0.9286 to 0.7182 after balancing. This pattern is expected, as 
imbalanced training tends to inflate recall by encouraging the 
model to classify a large proportion of samples as positive. 
After balancing, predictions become more conservative, 
yielding a more realistic trade-off between precision and recall 
in screening scenarios. The F1-scores for both models (0.7323 
for RF and 0.7395 for GB) reflect this improved balance 
between sensitivity and specificity under the SMOTE 
condition. 

Overall, these results indicate that class balancing 
mitigates overfitting tendencies observed under the 
imbalanced condition, producing more stable performance 
across metrics. While both models exhibit reduced recall post-
balancing, the improvement in precision and the more 
balanced F1-scores suggest enhanced generalization capability 
rather than deteriorating performance. Among the two models, 
GB shows slightly higher recall and F1-score on the balanced 
dataset, implying better adaptation to the adjusted class 
distribution. These findings highlight that SMOTE contributes 
to fairer evaluation and more clinically meaningful 
performance estimation for symptom-based Monkeypox 
prediction tasks. 

C. Comparative Performance Across Metrics 

This subsection provides a comparative analysis of RF and 
GB models across multiple evaluation metrics under both 
imbalanced and SMOTE-balanced conditions. The 
comparison highlights performance trade-offs across accuracy, 
precision, recall, and F1-score, enabling a more 
comprehensive interpretation of each model’s suitability for 
symptom-based Monkeypox diagnosis. 

Table III and Table IV collectively reveal the performance 
trade-offs between RF and GB across both imbalanced and 
SMOTE-balanced conditions. Under the imbalanced scenario, 
both models achieve similar accuracy (~0.71) and F1-scores 
(~0.81), while recall values are notably high for both 
classifiers (RF: 0.9414, GB: 0.9286). This indicates a strong 
emphasis on identifying Monkeypox-positive cases, which is 
desirable for early screening; however, the relatively moderate 
precision (RF: 0.7142, GB: 0.7200) suggests a higher 
proportion of false positives, reflecting limited specificity 
under skewed class distribution. The relatively small 
performance differences between RF and GB suggest that both 
models exhibit comparable predictive capability on the 
evaluated dataset. 

Following class balancing, changes occur across all 
metrics. Accuracy decreases for both models (a reduction of 
approximately 5% for RF and 4% for GB), suggesting that 
imbalanced data inflated accuracy by biasing predictions 
toward the majority class. Conversely, precision increases for 
both models (RF: from 0.7142 to 0.7639; GB: from 0.7200 to 
0.7620), indicating improved reliability of positive 
predictions. Meanwhile, recall drops substantially for both 
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models (RF: −23.8%, GB: −21.6%), reflecting a shift from 
over-sensitive screening to more conservative prediction 
behavior. 

When comparing classifiers, GB consistently achieves 
slightly higher precision and F1-scores under both scenarios, 
while RF exhibits higher recall in the imbalanced condition 
but becomes less sensitive once balanced. This suggests that 
GB better adapts to balanced data and maintains a more 
favorable sensitivity-precision trade-off, whereas RF benefits 
more from class imbalance at the cost of specificity. 

From a clinical perspective, high recall is advantageous in 
screening to minimize missed infections, while precision and 
F1-score become more relevant in confirmatory settings. 
Therefore, imbalanced training favors early detection 
workflows, whereas balanced training provides a fairer 
evaluation of generalization capability for downstream 
diagnostic scenarios. 

D. ROC and AUC Analysis 

This subsection analyzes the ROC curves and AUC scores 
for both RF and GB models. ROC-AUC provides threshold-
independent insight into the discriminative ability of each 
classifier, allowing a more robust comparison beyond fixed 
operating points and class distribution effects. 

 

Fig. 2. ROC curve for RF (Imbalanced dataset). 

 

Fig. 3. ROC curve for GB (Imbalanced dataset). 

 

Fig. 4. ROC curve for RF (Balanced dataset). 

 

Fig. 5. ROC curve for GB (Balanced dataset). 

Fig. 2 to Fig. 5 illustrate the ROC curves for RF and GB 
under both imbalanced and SMOTE-balanced conditions. 
Across all scenarios, the ROC curves lie above the diagonal 
reference line, indicating performance better than random 
classification. However, notable differences in curve shape 
and steepness are observed, reflecting how class distribution 
affects classifier sensitivity-specificity trade-offs. 

For the imbalanced dataset, the ROC curves of RF (Fig. 2) 
and GB (Fig. 3) exhibit moderately steep initial slopes, 
indicating the ability to achieve relatively high true positive 
rates (TPR) at low false positive rates (FPR). Between the two 
classifiers, GB demonstrates a slightly smoother curve, which 
aligns with its more stable performance across the imbalanced 
evaluation metrics reported earlier. The overall shape suggests 
that the imbalanced condition inflates sensitivity (recall), 
consistent with the high recall values observed in Table III. 

After balancing with SMOTE, the ROC curves of RF 
(Fig. 4) and GB (Fig. 5) become less steep in the early region 
and more uniformly distributed toward the diagonal-upper 
region of the plot. This indicates that balancing reduces 
aggressive positive classification behavior by distributing 
decision boundaries more evenly across classes. The resulting 
curves suggest more conservative decision thresholds, 
consistent with the reduction in recall and improvement in 
precision reported in Table IV. 
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When comparing the two classifiers across both 
conditions, GB consistently yields slightly smoother ROC 
curves, indicating better probability ranking ability across 
thresholds. Meanwhile, RF shows a sharper sensitivity shift 
under imbalance followed by noticeable stabilization after 
SMOTE balancing, which aligns with its larger recall 
reduction reported previously. 

To provide a quantitative assessment, Table V compares 
the AUC scores across all configurations. The AUC values 
show minimal variation between imbalanced and balanced 
settings, confirming that SMOTE does not substantially 
degrade overall discriminative capacity, but instead mitigates 
sensitivity-driven inflation observed in the imbalanced 
scenario. 

TABLE V.  AUC SCORES UNDER IMBALANCED AND BALANCED 

CONDITIONS. 

Model 
Performance Metrics 

AUC Score 

RF (Imbalance) 0.6839 

GB (Imbalance) 0.6831 

RF (Balanced) 0.6869 

GB (Balanced) 0.6859 

As shown in Table V, GB achieves slightly higher AUC 
values than RF under both imbalanced and SMOTE-balanced 
conditions, indicating superior probability ranking 
performance. The difference in AUC scores between 
imbalanced and balanced configurations is very small for both 
models (a reduction of 0.0008 for RF and 0.0010 for GB), 
confirming that SMOTE predominantly affects threshold-
dependent metrics such as precision and recall rather than 
threshold-independent metrics like AUC. Overall, these 
findings demonstrate that imbalanced training favors 
sensitivity at the cost of specificity, whereas SMOTE-
balanced training promotes more stable and clinically 
meaningful discrimination. This supports earlier metric-based 
observations that GB adapts better to balanced class 
distributions, while RF benefits more from skewed prevalence 
in early screening scenarios. 

E. Feature Importance Analysis 

To improve interpretability and understand how clinical 
symptoms influence model predictions, feature importance 
analysis was conducted using SHAP (SHapley Additive 
exPlanations) on the best-performing model. SHAP provides a 
unified framework for explaining machine learning 
predictions by quantifying the contribution of each feature to 
the model output [9]. 

Fig. 6 presents the SHAP summary plot for the Gradient 
Boosting model trained on the SMOTE-balanced dataset. The 
plot illustrates the relative importance of clinical symptoms in 
determining the predicted probability of Monkeypox infection. 
Features appearing at the top of the plot have the greatest 
influence on the model's predictions. In this study, symptoms 
related to systemic illness and comorbidity indicators, such as 
muscle aches and pain, HIV infection, and sexually 

transmitted infections, exhibit relatively higher contributions 
to the classification outcome. 

 

Fig. 6. SHAP summary plot for the Gradient Boosting Model. 

The analysis indicates that several symptoms contribute 
more strongly to the prediction process, suggesting that the 
model captures meaningful symptom patterns within the 
dataset. Since the dataset used in this study is synthetic, these 
importance scores should be interpreted as model-level 
insights rather than clinically validated associations. 

V. DISCUSSION, CONCLUSION, AND FUTURE WORK 

This section synthesizes the experimental findings, 
summarizes the key conclusions, and outlines directions for 
future research. The discussion interprets the results in the 
context of class imbalance effects on ensemble learning 
performance for Monkeypox detection, while the conclusion 
highlights the principal contributions and implications of this 
study. Finally, the future work subsection identifies research 
extensions aimed at improving model robustness, clinical 
relevance, and real-world applicability. 

A. Discussion 

The experimental results provide insight into the influence 
of class imbalance on the performance of ensemble learning 
models for symptom-based Monkeypox detection. Under the 
original imbalanced dataset, both RF and GB achieved 
relatively high recall and F1-scores, indicating strong 
sensitivity toward minority-class (positive) samples. This 
behavior is desirable in early screening contexts, where 
minimizing false negatives is a priority. However, the 
moderate precision observed in both classifiers reflects a 
tendency to produce false positives due to skewed class 
distribution, highlighting limited specificity in the absence of 
resampling. 

After applying SMOTE balancing, meaningful shifts 
occurred across all evaluation metrics. Accuracy decreased for 
both models, suggesting that the imbalanced setting initially 
inflated accuracy by biasing predictions toward the majority 
class. In contrast, precision increased while recall decreased, 
indicating that SMOTE reduced aggressive positive 
classification and resulted in more conservative and balanced 
decision boundaries. This trade-off manifests in a more 
realistic precision-recall balance, which may be preferable in 
diagnostic follow-up scenarios rather than broad screening. 
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ROC-AUC results complemented these findings by 
revealing minimal variations between imbalanced and 
balanced configurations. Since AUC is threshold-independent, 
its stability indicates that class balancing primarily influences 
threshold-dependent metrics rather than the fundamental 
discriminative capacity of the classifiers. Across both 
conditions, GB demonstrated slightly higher AUC values and 
smoother ROC curves, suggesting better ranking ability across 
decision thresholds and stronger adaptation to balanced 
distributions. Meanwhile, RF and GB exhibited higher recall 
under imbalance but experienced a more pronounced 
reduction after balancing, indicating sensitivity to class 
distribution shifts. 

Overall, these findings demonstrate that the suitability of a 
given classifier depends on the operational context: 
imbalanced conditions may be more suitable for early-stage 
screening pipelines where sensitivity is prioritized, while 
balanced conditions provide a fairer assessment for 
downstream diagnostic settings where both sensitivity and 
specificity are relevant. An advantage of this study lies in its 
systematic comparison of two widely used ensemble learning 
algorithms under both imbalanced and SMOTE-balanced 
conditions using stratified cross-validation and multiple 
evaluation metrics. This approach provides a more 
comprehensive understanding of model behavior in symptom-
based Monkeypox prediction. However, several limitations 
should be acknowledged. First, the dataset used in this study is 
synthetic and may not fully represent real-world clinical 
variability or symptom prevalence. Second, the study focuses 
on classical ensemble methods and does not include deep 
learning models or multimodal medical data such as medical 
images. Therefore, future work should evaluate these models 
on real clinical datasets and explore hybrid or deep learning 
approaches to improve predictive performance and clinical 
applicability. 

B. Conclusion 

This study compared RF and GB for Monkeypox diagnosis 
using a synthetic clinical symptom dataset under imbalanced 
and SMOTE-balanced conditions. The results show that class 
imbalance significantly affects classifier behavior, particularly 
in threshold-dependent metrics. Both models achieved high 
recall under the imbalanced condition but exhibited lower 
precision, indicating limited specificity. After balancing, 
precision improved and recall decreased, yielding more stable 
and clinically interpretable outcomes. GB consistently 
produced slightly higher precision, F1-scores, and AUC 
values across both conditions, indicating better probability 
ranking performance and adaptability to balanced class 
distributions. In contrast, RF benefited more from class 
imbalance due to its higher recall in the imbalanced scenario. 
These results highlight the importance of considering class 
distribution and clinical objectives when deploying symptom-
based machine learning models for infectious disease 
detection. 

C. Future Work 

While this study demonstrates the effect of SMOTE-based 
balancing on ensemble model performance, several directions 
remain for future research. First, the dataset used in this study 

is synthetic and symptom-based; therefore, validation using 
real-world clinical datasets is necessary to assess 
generalizability and practical applicability. Second, only one 
resampling technique (SMOTE) was evaluated. Future studies 
may investigate hybrid imbalance handling methods such as 
SMOTE-ENN, SMOTE-Tomek, and Borderline-SMOTE, 
which combine oversampling and noise reduction to improve 
class boundary learning. Third, extending the model 
comparison to additional ensemble approaches such as 
XGBoost or LightGBM may further enhance predictive 
performance. Finally, integrating explainability frameworks 
such as SHAP or LIME could provide deeper insight into 
symptom contributions and support interpretable clinical 
decision systems. 
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