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Abstract

This study analyzed and compared the performance of three machine learning methods: Random Forest, Explainable
Boosting Machine, and a Stacking Ensemble method for Hepatitis C disease classification. The study evaluated the
effects of handling extreme values using the interquartile range method and applying class-balancing oversampling to
the training data. A dataset of 615 patient samples, categorized into five severity classes, was used. Experiments were
conducted across four scenarios: with and without outlier correction, and with and without class balancing. Model
performance was assessed using accuracy, precision, recall, Fl-score, and the area under the receiver operating
characteristic curve. Results showed that class balancing consistently improved all macro-averaged performance
metrics. The combination of Random Forest with oversampling prior to outlier correction achieved the highest F1-score
of 0.8086 and an area under the curve of 0.9710. These findings highlighted the importance of addressing class
imbalance to improve the recognition of minority classesin clinical datasets and demonstrated the potential of ensemble
methods for reliable severity classification in Hepatitis C.
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1 INTRODUCTION

Hepatitis C remains a significant global public health concern as a chronic liver disease. Infection by
the Hepatitis C virus (HCV) typically progresses slowly and is often asymptomatic in early stages, which
results in many patients being diagnosed only after the disease has advanced to fibrosis, cirrhosis, or
hepatocellular carcinoma [1]. Delayed diagnosis increases the risk of complications and mortality and
imposes substantial long-term healthcare costs [2].

The integration of information technology into healthcare has promoted the use of clinical and
laboratory data as the basis for computational decision support. Machine learning methods are widely
adopted because they can learn complex patterns and nonlinear relationships from medical data, often
yielding higher classification accuracy than conventional statistical approaches [3]. Machine learning
applications in healthcare have been shown to support clinical decision-making in an objective and consistent
manner [4]. In Hepatitis C cases, laboratory parameters such as liver enzyme levels, bilirubin, and
hematological indicators have been reported to contribute significantly to assessing disease severity [5].

A principa challenge in applying machine learning to Hepatitis C classification is class imbalance.
Patient data distributions are frequently dominated by healthy donors or early-stage cases, while advanced
disease categories such as fibrosis and cirrhosis contain comparatively few samples [6]. This imbalance can
cause models to favor majority classes, producing high overall accuracy but poor performance on clinically
critical minority classes [7]. Consequently, macro-averaged evaluation metrics (e.g., recall, Fl-score, and
AUC) are more appropriate for a comprehensive assessment of model performance [8].

Medical datasets also commonly contain extreme values or outliers, which may arise from data entry
errors, instrument faults, or atypical biological variation [9]. Unaddressed outliers can distort the data
distribution and reduce the stability and reliability of machine learning predictions [10]. Therefore, the
Interquartile Range (IQR) method is frequently employed in medical research to detect and mitigate the
influence of extreme values without discarding large amounts of data [11].
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Various machine learning algorithms have been applied to liver disease classification, including
Random Forest, which is noted for good generalization and robustness to noise [12]. Explainable Boosting
Machine (EBM) has been developed to balance predictive performance with model interpretability, a crucial
consideration in clinical contexts [13]. Advanced ensemble approaches such as Stacking have been used to
combine the strengths of multiple base learners to improve classification accuracy [14]. However, studies that
explicitly compare Random Forest, EBM, and Stacking Ensemble while accounting for outlier treatment and
class imbalance in Hepatitis C severity classification are still limited [15]. Accordingly, this research aims to
analyze and compare the performance of these three methods, applying IQR for outlier handling and SMOTE
to address classimbalance.

2. MATERIALSAND METHOD

This study employed a quantitative approach with an experimental machine learning framework to
classify the severity levels of Hepatitis C. All research stages, from data processing to model evaluation,
were implemented using Python programming language with widely used libraries for data analysis and
machine learning in medical research [16]. The research workflow included data preparation, preprocessing,
model training, and performance evaluation, asillustrated in Figure 1.

Figure 1. Research Methodology

2.1. Environment Setup and Library Import

The initia stage of the study involved preparing the working environment and importing the required
libraries. The pandas and numpy libraries were utilized for data manipulation and analysis, while scikit-learn
was employed for data splitting, training Random Forest and Logistic Regression models, and calculating
evauation metrics. The Explainable Boosting Machine was implemented using the interpret library, and class
imbalance handling was performed using the imbalanced-learn library through the Synthetic Minority Over-
sampling Technique [17].

2.2. Dataset

The dataset used in this study was obtained from Kaggle and contains clinical and laboratory data of
patients. It consists of 615 samples with 12 features, namely: Age, Sex, ALB, ALP, ALT, AST, BIL, CHE,
CHOL, CREA, GGT, and PROT, representing important laboratory parameters, along with one multiclass
target attribute indicating patient condition. The target classes are Blood Donor (Normal), Suspect Blood
Donor, Hepatitis, Fibrosis, and Cirrhosis. The class distribution is imbalanced, with the healthy donor class
dominating, while advanced disease classes such as Fibrosis and Cirrhosis contain fewer samples. This
imbalance necessitates special preprocessing techniques, such as oversampling, to improve the classification
model’s performance [18].

2.3. DataPreprocessing
Data preprocessing aimed to improve data quality and prepare it for model training. This stage
involved handling missing values, converting categorical features to numerical representations using label
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encoding, and standardizing numerical features with StandardScaler to ensure all features were on a
comparable scale. Additionally, outliers were identified using the Interquartile Range (IQR) method, which
uses quartile limits to define extreme values. This approach reduced the influence of outliers on model
training without significantly removing critical information from the dataset [19]. As the final step in the
preprocessing stage, the dataset was split into training and test sets at a 70:30 ratio. The training set was used
to learn patterns and relationships within the Hepatitis C data, while the testing set was reserved for
evaluating model performance on unseen data. The splitting process was performed randomly to maintain a
representative class distribution and to reduce potential bias, thereby supporting an objective assessment of
the model’s generalization capability and minimizing overfitting.

2.4. Handling Class Imbalance

Class imbalance was addressed using the Synthetic Minority Over-sampling Technique. This method
generated synthetic samples for minority classes based on feature-space proximity. In this study,
oversampling was applied exclusively to the training data after data splitting to prevent data leakage. This
approach effectively improved the model’s sensitivity to minority classes in medical datasets [20].

25. Classification Model Training
2.5.1. Random Forest

Random Forest is an ensemble tree-based method that constructs multiple decision trees using random
subsets of data and features. Final predictions are obtained through majority voting across al trees. This
model was selected for its strong generalization ability, robustness to overfitting, and capacity to capture
nonlinear relationships commonly found in medical data [21].

¥ = mode{h, (X), h,(X), ..., hp (X)} Q)

Description:

% : Thefinal predicted class (Hepatitis C severity level).

Mode : The function representing the majority voting mechanism.

h,(x) : The prediction generated by the individual decision tree for input vector (x)
T : The total number of decision treesin the ensemble.

) : Theinput feature vector containing patient |aboratory parameters.

2.5.2. Explainable Boosting Machine (EBM)

The Explainable Boosting Machine is an interpretable model belonging to the Generalized Additive
Model family. It combines boosting techniques with an additive structure to deliver competitive predictive
performance while providing feature-level interpretability. This interpretability is crucia in the context of
Hepatitis C severity classification, supporting clinical decision-making [22].

gED =B + X filxy) + Zfij(xi'xj) 2
Description:
g : The link function (typically the logit function for classification tasks).
E[y] : Theexpected value or probability of the target variable.
Bo : Theintercept or baseline constant.
fi(x;) : The shape function for a single feature x; representing the feature's individual contribution to
model.

fij (xi, x]-) : Theinteraction function that captures the joint effect of two features on the prediction.

2.5.3. Stacking Ensemble

The Stacking Ensemble approach combines the strengths of multiple base learners. In this study,
Random Forest and EBM served as base learners, while Logistic Regression acted as the meta-learner. The
probability predictions from each base learner were used as inputs for the meta-learner to generate the fina
prediction. This approach was expected to improve model stability and performance on complex and
imbalanced datasets [23].

yf/n;l = L(Pl(X),PZ(X),...,PM(X)) (3)
Description:
Yrmar - Thefinal class prediction produced by the ensemble system.
L The meta-learner function (Logistic Regression) optimizes the combination of base learner outputs.
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Py, (x) : The predicted probability or output generated by the base learner (Random Forest or EBM).
M : The total number of base learners utilized in the stacking architecture.

2.6. Model Evaluation
Model performance was evaluated using accuracy, macro-averaged precision, macro-averaged recall,
macro-averaged F1-score, and the area under the receiver operating characteristic curve (AUC) using a
macro averaging approach. Macro-averaged metrics were employed to provide fair evaluation across all
classes, particularly for minority classes that are clinically significant [24].
1. Accuracy

TP+TN

Accuracy = ——— 4
TP+TN+FP+FN

2. Precision (Macro)

TP;

. . 1
Precisionacro = EZ{; TP;+FP; ©)
3. Recal (Macro)
1 TP;
Recallmacro = 3 i1 1 ©)
4. F1-Score (Macro)
Flnacro = KZi:l Precision;+Recall; (7)
5. AUC (Macro)
1
AUChacro = % £<=1 AUCG; ®

3. RESULTSAND DISCUSSION
3.1. Outlier Visualization and Data Distribution

Outlier analysis was conducted using the Interquartile Range (IQR) method. The boxplots before and
after outlier correction (Figure 2) show extreme-value concentrations in several clinical features, affecting the
range of variance. Out of atotal of 615 samples, 168 rows were identified as containing at least one extreme
value. However, in the applied handling procedure, no rows were removed, and al extreme values were
corrected so that the total number of samples remained 615. This adjustment approach preserves class
representation and enables a fair comparison between scenarios (before vs. after outlier handling). The
distributional changes observed in the post-handling boxplot indicate reduced skewness and diminished
influence of extreme values in several features, which is expected to contribute to improved stability during
the model training process.

Figure 2. Boxplot of Data Before and After Outlier Handling
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As a complement to the boxplot, an additional visualization outlier (Figure 3) was included. This
figure presents the indices of rows containing outliers along with the number of outliers per row and per
feature, facilitating identification of whether extreme values are concentrated in specific samples or
distributed more evenly across the dataset. The visualization shows that a small subset of samples contains
multiple extreme values, while many other samples contain only one or two values outside the IQR bounds.
This pattern supports the decision to correct extreme values rather than remove entire rows, as row deletion
could reduce minority class representation.

3.2 SMOTE Visualization and Class Distribution After Oversampling

The Synthetic Minority Over-sampling Technique was applied exclusively to the training data to
prevent data leakage. Class distribution visualization before and after oversampling (Figure 4) showed
significant transformation. The training set increased from 430 to 1,860 samples, with 1,430 synthetic
samples generated by SMOTE. The increased representation of minority classes provided the model with
improved opportunities to learn their characteristic patterns. The post-SMOTE bar chart demonstrated more
balanced class representation, conceptually supporting improvements in macro-averaged metrics such as
precision, recall, and F1-score.

Figure 3. Visuaization Outliersin Data Rows
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Figure 4. Class Distribution Before and After SMOTE
3.3. Resultsof Model Evaluation

Table 1. Before Outlier Handling

Precison  Recall F1-Score AUC
(Macro)  (Macro) (Macro) (Macro)

SMOTE MODEL Accuracy

No EBM 0.9351 0.5673 0.5079 0.5255 0.9729
No RandomForest ~ 0.9297 0.6185 0.4746 0.4866 0.9863
No Stacking 0.9351 0.6507 0.6460 0.6246 0.9345
Yes EBM 0.9459 0.7575 0.7610 0.7582 0.9422
Yes RandomForest  0.9568 0.8274 0.7956 0.8086 0.9710
Yes Stacking 0.9405 0.5873 0.5302 0.5466 0.9848
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Table 2. After Outlier Handling

Precison  Recall F1-Score AUC
(Macro)  (Macro) (Macro) (Macro)

SMOTE MODEL Accuracy

No EBM 0.9297 0.5595 0.4857 0.5109 0.9770
No RandomForest ~ 0.9405 0.6061 0.5302 0.5537 0.9856
No Stacking 0.9297 0.5584 0.6384 0.5717 0.9344
Yes EBM 0.9459 0.7648 0.6413 0.6812 0.9456
Yes RandomForest ~ 0.9405 0.7106 0.6721 0.6896 0.9680
Yes Stacking 0.9459 0.7763 0.6413 0.6879 0.9890

Tables 1 and 2 present the evaluation results of three classification models. Explainable Boosting
Machine (EBM), Random Forest, and Stacking, under two data conditions (before and after outlier handling),
with and without the application of SMOTE. Bold values indicate the best performance for each metric and
serve as the primary basis for model performance analysis.

Before outlier handling, without SMOTE, Random Forest achieved the highest Macro AUC of
0.9863, indicating excellent class discrimination. However, the relatively low Macro Recall and F1-Score
suggest that the model was unable to classify all classes evenly due to data imbalance. After applying
SMOTE under the same conditions, Random Forest demonstrated the most significant improvement,
achieving an accuracy of 0.9568, Macro Precision of 0.8274, Macro Recall of 0.7956, and the highest Macro
F1-Score of 0.8086. These results confirm that SMOTE effectively improved class-balanced predictions,
particularly for minority classes, making this configuration the best-performing overall.

Under the condition of after outlier handling with SMOTE, EBM, and Random Forest maintained
relatively stable performance, although the Macro F1-Score dlightly decreased compared to the scenario
before outlier handling. Meanwhile, the Stacking model achieved the highest Macro AUC of 0.9890,
indicating very strong class separation; however, this was not accompanied by improved class-balanced
classification.

Overdl, the results indicate that the application of SMOTE had a more significant impact on
improving classification performance compared to outlier handling. Random Forest combined with SMOTE
before outlier handling represented the most optimal configuration, producing the most balanced
performance, particularly in terms of Macro F1-Score.

3.4. Effect of Outlier Handling on Model Performance

Figure5. Outlier Handling Effect

Figure 5 shows the comparison of the average performance of the Explainable Boosting Machine
(EBM), Random Forest, and Stacking models before and after outlier handling. The reported values represent
macro-averaged evaluation metrics, thereby reflecting the models’ balanced classification performance
across all classes.

Based on the visualization, the impact of outlier handling varies across models. For EBM and Random
Forest, performance after outlier treatment appears slightly lower compared to the condition without outlier
correction. This finding suggests that extreme value correction does not necessarily enhance classification
performance and, in certain cases, may remove informative signals that contribute to effective class
discrimination.

In contrast, the Stacking model demonstrates a tendency toward improved performance following
outlier handling. This indicates that the ensemble-based Stacking approach may exhibit greater adaptability
to changes in data distribution, enabling it to leverage normalized data more effectively. Overal, the
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visualization suggests that outlier treatment does not yield uniformly positive effects across all models;
rather, its impact is contingent upon the underlying characteristics and learning mechanisms of each
algorithm.

Overal, outlier handling strategies should be applied selectively and with consideration of model-
specific behavior. A study conducted by Khan et a. (2024) in Expert Systems with Applications reported
that, within classification contexts, outliers are not invariably detrimental [25]. In some scenarios, extreme
observations may contain discriminative information essential for class separation. The study further
indicated that indiscriminate removal or global correction of outliers can degrade performance in certain
models due to the loss of relevant structural information. These findings are consistent with the present study,
where EBM and Random Forest experienced a slight decrease in performance after outlier treatment, while
the ensemble-based Stacking model demonstrated greater robustness to distributional changes.

35 Effect of SMOTE on Model Performance

In Figure 6, the application of SMOTE had a more pronounced impact on model performance
compared to outlier handling. Under conditions without SMOTE, all three models tended to exhibit lower
Macro Recall and Macro F1-Score, despite relatively high Accuracy and AUC values. This indicates that the
models were biased toward predicting majority classes. After applying SMOTE, al models demonstrated
improvements in Macro Precision, Macro Recall, and Macro F1-Score, both before and after outlier handling.
This improvement indicates that SMOTE effectively helps the models recognize minority classes more
evenly. Random Forest exhibited the most stable performance, achieving relatively high Macro F1-Score
values, while Stacking excelled in Macro AUC under certain scenarios. Overall, these results suggest that
data balancing through SMOTE contributes more significantly to improving classification performance than
outlier handling.

Pengaruh Penerapan SMOTE terhadap Kinerja Madel

EBM
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Figure 6. SMOTE Effect
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Figure 7. Model Performance Comparison

Based on the evaluation results and average performance comparison among models in Figure 7,
Explainable Boosting Machine (EBM), Random Forest, and Stacking Ensemble exhibited relatively high and
stable Accuracy and Macro AUC vaues. This indicates that all three models possess strong class
discrimination capabilities in distinguishing positive and negative classes overall. However, performance
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differences among the models become more apparent when analyzed using macro-averaged metrics, namely
Precision, Recall, and F1-Score, which better represent the balance of performance across all classes.

Random Forest demonstrated the most consistent performance, achieving higher Macro Precision,
Recall, and F1-Score than EBM and Stacking in most testing scenarios, particularly after SMOTE
application. This suggests that Random Forest is more effective in producing balanced classification across
al classes. EBM showed moderately stable performance with intermediate macro-metric values, while the
Stacking model tended to excel in Macro AUC but had a relatively lower Macro F1-Score. This indicates that
athough Stacking exhibits strong class separation, its class-balanced classification is not yet optimal.
Overal, Random Forest is the most balanced and stable model in this study.

3.7 Discussion of Results

The results indicate that class imbalance is a primary factor influencing the performance of
classification models on the Hepatitis C dataset. This is evident in the baseline condition without SMOTE,
where Accuracy and AUC values are relatively high, while macro-based metrics such as Recall and F1-score
are comparatively lower. This pattern suggests that the models tend to be biased toward the magjority class
and are less effective in recognizing minority classes, despite demonstrating generally strong discriminative
ability.

The implementation of SMOTE produced the most substantial improvement in classification
performance. After applying oversampling to the training data, all models exhibited consistent increases in
Macro Precision, Recall, and F1-score. These results confirm that a more balanced class distribution enables
models to learn minority class patterns more effectively. This finding aligns with the study by Salmi et al.
(2024), which reported that applying SMOTE to imbalanced medical datasets significantly improved recall-
and F1-based metrics due to enhanced minority class representation [26]. Compared with outlier handling,
SMOTE contributed more substantially to improving classification balance, particularly for the Random
Forest model, which demonstrated the most stable and balanced performance.

In contrast, outlier treatment through extreme value correction did not consistently improve
performance. In several scenarios, model performance slightly declined after outlier handling, indicating that
certain extreme values in clinical data may ill contain meaningful information. This observation is
supported by Yang et a. (2024), who demonstrated that outliers in classification tasks can carry informative
signals related to class structure; thus, indiscriminate removal or correction may reduce a model’s ability to
distinguish between classes [27]. In this study, the Stacking model exhibited greater robustness to
distributional changes, as reflected by its consistently high AUC values.

Overall, these findings emphasize that preprocessing strategies should be tailored to the characteristics
of both the dataset and the applied models. The combination of data balancing techniques and appropriate
model selection yields a more significant improvement in classification performance than outlier handling
applied in isolation.

4. CONCLUSION

This study compared the performance of Random Forest, Explainable Boosting Machine (EBM), and
Stacking Ensemblein classifying the severity levels of Hepatitis C, considering the effects of outlier handling
and class balancing using the Synthetic Minority Over-sampling Technique (SMOTE). Experiments were
conducted on a clinical dataset comprising 615 samples across five diagnostic classes, with four testing
scenarios based on combinations of SMOTE application and outlier handling. The results indicate that class
balancing using SMOTE consistently improved macro-averaged evaluation metrics, particularly Macro
Recall and Macro F1-Score, reflecting the models’ enhanced ability to recognize minority classes more
evenly. In contrast, outlier handling using the Interquartile Range (IQR) method did not consistently enhance
performance across all models. The configuration of Random Forest with SMOTE applied prior to outlier
handling achieved the best overall performance, with a Macro F1-Score of 0.8086 and a Macro AUC of
0.9710. These findings emphasize that data balancing plays a crucia role in improving classification
performance on clinical datasets with imbalanced class distributions.
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