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ABSTRACT 

The problem of hepatitis C is worldwide, with many potential health issues 

associated with this serious disease (e.g., hepatitis C may lead to liver cirrhosis 

in some patients). Accurate and early diagnosis of Hepatitis C will improve 

patient care and possibly lower the death rate from this virus. This paper 

examined the use of machine learning models to classify patients' hepatitis C 

stage using laboratory-based clinical data from the hepatitis C dataset on 

Kaggle, with n=615 subjects. The data was split with 80% for training and 20% 

for testing. A preprocessing methodology was implemented on the dataset to 

obtain the best fit for multiple models. For example, missing data were imputed 

using KNN; categorical variables were encoded as numbers (label encoding); 

and each feature was scaled (standard scaler). To address class imbalance, we 

used the Synthetic Minority Over-sampling Technique (SMOTE). The models we 

implemented were: XGBoost, Random Forest, Decision Tree, Logistic 

Regression, and Gaussian Naïve Bayes. Our results show that the 

XGBoost/Synthetic Minority Over-sampling Technique performed best, 

achieving 95% classification accuracy and a macro F1 score of 0.95, compared 

to the other models we tested. The results provide additional evidence that 

combining SMOTE with ensemble learning offers a robust decision-support 

solution for classifying patients with Hepatitis C in a multiclass setting and an 

efficient means for early clinical diagnosis. 

1. INTRODUCTION  

Hepatitis C is a hepatitis virus (Hepatitis C virus (HCV)) infection of the liver, and is a significant 

public health problem because of its high prevalence and potential for numerous long-term 

complications [1]. Often, the disease lies dormant, and many patients do not have symptoms in the 

early stages. This means that many patients are diagnosed with advanced liver damage, such as 

fibrosis, cirrhosis, and hepatocellular carcinoma[2]. The late diagnosis also limits the effectiveness 

of treatment and increases mortality, underscoring the need for more accurate and prompt 

diagnostic methods [3]. The most common diagnostic approaches for Hepatitis C are biochemical 

and serological blood tests in the laboratory, including liver enzyme levels and viral RNA[4]. The 

methods used are clinically reliable but can be time-consuming, resource-intensive, and sometimes 

inadequate to represent complex relationships among many clinical variables [5]. In addition, even 

when data like this exists, it can only be interpreted by an expert, and that may not always be 

available, especially in resource-limited settings[6]. As a result, there is increased interest in 

developing intelligent systems that can help clinicians make decisions and render diagnoses more 

efficiently. Over the years, machine learning (ML) has become a game-changer in the health care 

industry, enabling advanced predictive modeling and pattern recognition [7].  

ML algorithms can analyze vast amounts of clinical and biochemical data to identify patterns 

and relationships that are difficult to detect with traditional statistical methods [8]. While machine 

learning shows promise for medical data, several challenges arise in building reliable predictive 
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models. In practice, clinical datasets can be incomplete, noisy, and imbalanced, leading to problems 

in modeling and generalization [9]. For instance, in the context of disease progression, there may 

be fewer observations at certain disease stages, leading models to predict only for the majority class 

[9]. Thus, appropriate data preprocessing methods (imputation, normalization, resampling) are 

essential for developing unbiased and valid models. [10] 

There has been considerable progress made in past studies; however, limitations do still exist. 

Most existing studies are binary classification studies that do not use balanced datasets. 

Additionally, they generally evaluate only a small number of algorithms (machine learning models) 

and focus solely on accuracy, without adequately assessing the impact of combining all 

preprocessing strategies — KNN imputation, feature scaling, and SMOTE — on predictive accuracy. 

Furthermore, for multiclass classification of Hepatitis C, there are too few shared comparisons 

between classical statistical techniques and ensemble machine learning approaches. As such, there 

remains a need for an integrated framework that combines appropriate preprocessing methods 

with strong ML estimation/classification techniques to achieve optimal multiclass prediction 

performance. This paper addresses these issues by designing a machine learning model for 

classifying Hepatitis C disease stages. This framework combines several preprocessing methods, 

including handling missing data with K-Nearest Neighbors (KNN) imputation, balancing class 

distributions with Synthetic Minority Over-sampling Technique (SMOTE), and feature scaling for 

data normalization. Moreover, various machine learning approaches, from traditional models to 

ensemble techniques, are used to assess and compare predictive performance in this study, creating 

an accurate, reliable, and scalable predictive system that could assist clinical decision-making and 

improve early disease detection. The main contributions of this study are as follows: 

• An integrated machine learning framework for multiclass Hepatitis C classification is 
presented. 

• KNN imputation, feature scaling, and SMOTE are combined during data preprocessing. 

• The performance of classical and ensemble machine learning models is compared using 
multiple evaluation metrics. 

2. RELATED WORK 

In[11], Ali et al. developed an explainable machine learning (XAI) framework for diagnosing 

hepatitis C (HCV) using Sequential Forward Selection (SFS) and SHapley Additive exPlanations 

(SHAP) to enhance the interpretability of predictions. A real-world dataset taken from Jordan 

University Hospital was used, including 1801 patients and 13 clinical features. In this study, several 

machine learning algorithms were tested across different scenarios, including Logistic Regression 

(LR), K-Nearest Neighbors (KNN), Decision Tree (DT), Random Forest (RF), and Neural Networks 

(NN), both with and without the Synthetic Minority Oversampling Technique (SMOTE). The 

experimental results indicate that the accuracy of KNN is 83.1%, and it is the best overall 

performance. In [12], Edeh et al. proposed an ensemble learning approach based on artificial 

intelligence to predict Hepatitis C disease from clinical and laboratory parameters. The study 

integrated an MLP, a Bayesian Network, and a QUEST decision tree to enhance classification 

accuracy compared to the individual models. The results revealed that each of the individual models 

obtained 94.10%, 94.47%, and 94.63%, respectively, in the accuracy of the classification based on 

the use of the publicly available dataset without any preprocessing, such as removing the missing 

values and outliers from the dataset. The best ensemble model achieved the highest accuracy of 

95.59%. The authors concluded that ensemble learning is more effective at detecting Hepatitis C 

and advanced liver fibrosis than single classifiers, as it further enhances predictive accuracy, 

reduces model bias, and improves generalization.  

In[13], Khatun et al. suggested a machine learning model for the prognosis of survival 

outcomes in hepatitis based on the UCI hepatitis data set containing 155 patients and 20 clinical 

features. With the help of Boruta, this study aimed to find important predictors such as Ascites, 

Varices, Bilirubin, Age, Spiders, and Alkaline Phosphate. Different classification algorithms were 

tested, including Logistic Regression (LR), Support Vector Machine (SVM), K-Nearest Neighbors 

(KNN), Artificial Neural Network (ANN), Random Forest (RF), AdaBoost, and XGBoost. The 
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experiments showed that the best-performing model was the Random Forest model, with 92.42% 

accuracy, 96.77% precision, 95.24% sensitivity, and 96.00% F1-score. The study has demonstrated 

that incorporating the Boruta-based feature selection method with ensemble learning approaches 

can improve hepatitis prognosis prediction and support early diagnosis and healthcare decision-

making. The study in [14] aimed to use machine learning (ML) and explainable AI (XAI) to enhance 

the diagnosis of Hepatitis C Virus (HCV) based on 615 patient records. The accuracy of the Random 

Forest (RF) and XGBoost models was 93.75% and 92.38%, respectively. To increase interpretability, 

important clinical biomarkers, including ALT, AST, bilirubin, albumin, and age, were selected and 

analyzed using SHAP and ALE methods. The findings indicated that the accuracy of prediction and 

the transparency of the models were significantly improved when using both ML and XAI, 

facilitating rapid, accurate, and interpretable HCV screening and ultimately aiding early diagnosis 

and improved clinical decision-making. In [15], the suggested study presents an Adaptive 

Preprocessing Technique that uses Mean Imputation, Outlier Removal, Log Normalization, Feature 

Selection, Feature Scaling, and Data Balancing techniques. Moreover, several ensemble models were 

created by combining basic ML algorithms, and subsequently, hyperparameter optimization was 

conducted. The performance of the proposed hyper-tuned ensemble Logistic Regression (LR) model 

was excellent, achieving 99.87% training and 99.80% testing accuracy. In [16], a proposed 

framework for early detection of hepatitis C virus (HCV) was presented. The study introduced a 

Cascade RF–LR model that combines Random Forest (RF) and Logistic Regression (LR) algorithms 

to improve multiclass HCV classification, particularly for imbalanced clinical datasets. The Synthetic 

Minority Oversampling Technique (SMOTE) was applied during preprocessing, while the Artificial 

Bee Colony (ABC) algorithm was utilized to optimize the threshold between the two classification 

stages. The model achieved strong results in terms of accuracy, Precision, Recall, F1-score, and 

Matthews Correlation Coefficient (MCC). The study in [17] compared the performance of different 

machine learning algorithms to predict Hepatitis C virus using the best accuracy for binary 

classification; Random Forest outperformed all the other algorithms with 75.05%, and for 

multiclass classification, SVM had the best performance with 28.45%. The results showed that 

binary classification performed better than multiclass classification. The study also emphasized the 

significance of feature selection, normalization, and data scaling in enhancing the model's accuracy 

and efficiency.  

Further, to ensure the interpretability of the model, Bayesian Networks and SHAP were 

employed to explain the factors that lead to the model's predictions, highlighting the importance of 

explainable AI in healthcare applications. The proposed study in[[18]] aimed to predict the 

presence of Hepatitis C Virus (HCV) in real-world medical datasets with machine learning, with a 

particular focus on the problem of highly imbalanced datasets. To enhance performance, it used 

feature selection techniques like RFE, ANOVA, and correlation-based selection, and balancing 

techniques like SMOTE, Borderline-SMOTE, SVMSMOTE, and ADASYN. Random Forest, Decision 

Tree, XGBoost, AdaBoost, and Logistic Regression were used for several classifiers. The results 

demonstrated the feasibility of using ensemble methods; the highest Recall was obtained (0.86) by 

AdaBoost with ADASYN. In general, it was found that using ensemble learning with the effective 

sampling methods greatly improves the prediction of HCV and facilitates more accurate clinical 

decision-making. In [19], machine learning techniques have been employed to perform early 

detection and diagnosis of Hepatitis C Virus. A model was created using the UCI Hepatitis C dataset 

to classify five outcomes: (1) Blood Donor (2) Hepatitis (3) Fibrosis (4) Cirrhosis (5) suspected 

blood donor. The Random Forest classifier showed that the best results are obtained for multiclass 

prediction, with an accuracy of 93.5%, which could be used for early diagnosis and clinical decision-

making.  Sharma et al. [20] proposed a machine learning framework for Hepatitis C detection using 

a cross-dataset meta-model with a multi-dimensional pre-clustering approach. The study combined 

two publicly available datasets and evaluated several machine learning models, including XGBoost, 

Random Forest, K-Nearest Neighbors, and Support Vector Classifier. In addition, explainable 

artificial intelligence techniques were employed to improve model interpretation. The proposed 

meta-model achieved a prediction accuracy of 94.82%, slightly outperforming the baseline Random 

Forest model. The authors concluded that combining multiple datasets and pre-clustering can 

improve prediction performance and model generalization. Sunori et al. [21] developed a machine 
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learning technique for predicting multiclass outcomes of Hepatitis C using clinical lab tests in 

conjunction with PCA (principal component analysis). They successfully reduced the number of 

features for 615 patients in the HCV study and applied multiple machine learning classifiers to the 

data, thereby supporting effective multiclass classification of hepatitis C. The literature review has 

shown that many aspects of predicting Hepatitis C have been studied, including explainable 

AI/ensemble learning/feature selection. However, limited research has compared the performance 

of classical and ensemble machine learning algorithms for multiclass Hepatitis C classification, using 

a common preprocessing approach combining KNN imputation, feature scaling, and SMOTE. 

3. METHODS 

The proposed methodology for Hepatitis C classification outlines the main stages of the paper's 

framework, including data preprocessing. It incorporates imbalance handling techniques and 

machine learning classification models to improve predictive performance. Fig. 1 presents the 

overall proposed methodology and the sequence of processes followed in this study. 

 

Figure 1. Proposed Methodology 

3.1. Dataset Description 

The dataset for this research includes laboratory and clinical parameters related to hepatitis C 

diagnosis. Basic demographic information, as well as a patient's age and sex, provides the basis for 

some contextual characteristics. The dataset also contains several laboratory values (ALB, ALP, ALT, 

AST, BIL, CHE, CHOL, CRE, GGT, PROT) related to liver function and other associated biochemical 

processes. The target variable in this study is a multiclass label indicating different stages of 

hepatitis C disease [22][23]. Table 1 includes the major parameters from the hepatitis C dataset 

used in this research study. 

 



 

Omar Shakir Hasan., Hepatitis C Disease Prediction Using Machine Learning Models With ... 

48 

Table 1. Characteristics of the Hepatitis C Dataset 

Characteristic Description 

Dataset source UCI Machine Learning Repository (Hepatitis C Dataset) 

Number of instances 615 

Number of features 12 input features + 1 target variable 

Feature types 10 numerical features, 2 categorical variables (Age and laboratory    

biomarkers are numerical; Sex and Category are categorical) 

Target classes Blood Donor, Suspect Blood Donor, Hepatitis, Fibrosis, Cirrhosis 

Missing values Present in several laboratory variables 

Laboratory biomarkers ALB, ALP, ALT, AST, BIL, CHE, CHOL, CREA, GGT, PROT 

 

3.2.Data Preprocessing 

To guarantee quality and enhance performance, data preprocessing has been performed. Label 

encoding has been applied to categorical features (e.g., sex and category, the target variable) by 

converting them to numeric values. KNN imputation has been used to handle missing values with k 

= 5. Each missing value will be estimated from the average of the five nearest neighbors. 

Standardization was applied using StandardScaler, which set the data to zero mean and unit 

variance for uniformity across features of different scales. It was also done to ensure there were no 

class imbalances in the training set by using the Synthetic Minority Over-sampling Technique 

(SMOTE), which generated synthetic samples for minority classes to enhance the model's 

generalization. The dataset was divided into training and testing sets using an 80:20 stratified split. 

A random seed of 42 was used to ensure the reproducibility of the experimental results.  The 

hyperparameter settings used for the evaluated machine learning models are summarized in Table 

2. Unless otherwise specified, the remaining hyperparameters were kept at their default values. 

Table 2. Hyperparameter settings of the evaluated machine learning models 

Model Hyperparameter settings 

Logistic Regression Solver = lbfgs, Max iterations = 1000, Random state = 42 

Decision Tree Criterion = gini, Random state = 42 

Random Forest n_estimators = 100, Criterion = gini, Random state = 42 

Gaussian Naïve Bayes Default parameters 

XGBoost n_estimators = 100, Learning rate = 0.3, Max depth = 6, Random state = 42 

All remaining hyperparameters were kept at their default values. 
 

3.3 Machine Learning Models 

In this study, a series of classical and ensemble machine learning models were evaluated, such 

as Logistic Regression (LR), Decision Tree (DT), Random Forest (RF), Gaussian Naïve Bayes (GNB), 

and Extreme Gradient Boosting (XGBoost). These models were chosen to give a wide range of 

comparisons of learning mechanisms and predictive performance. Logistic Regression is a linear 

baseline model, and Decision Tree is an interpretable rule-based classification model. Random 

Forest and XGBoost are ensembles of learners, which minimize overfitting. Gaussian Naïve Bayes is 

a probabilistic model suitable for continuous data. This combination enables a thorough analysis of 

both simple and advanced methods for classifying Hepatitis C. 

3.4. Evaluation Metrics 

To evaluate the performance of the classification models, we used several standard metrics, 

including accuracy, Precision, Recall, and F1-score [24][25].  

• Accuracy: the number of correctly classified samples/Total number of samples. It is an 
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efficient indicator of overall performance but can be misleading when class imbalance is 

present. 

Accuracy =  
TP+TN

Total
    ... (1) 

• True Positive (TP): Correctly predicted positive cases (when the actual case is positive). 

• TN (True Negative): Negative cases that were correctly predicted. 

• TP: True Positive (Correct positive): number of samples with positive results that are 

actually positive 

• Precision: is the percentage of the correctly predicted positive cases that have been 

predicted as positive. It evaluates the model's ability to avoid false positive errors.  

Precision =  
TP

TP+FP
   … (2) 

• Recall: Recall (sensitivity) is the number of positive instances correctly identified by the 

model. A high recall value means that there are fewer false negatives. 

Recall =  
TP

TP+FN
    … (3) 

• F1-Score: It is the harmonic average of Precision and Recall. It provides a balanced measure 

that accounts for false positives and false negatives. 

F1 − score =  
Precision ∗ Recall

Precision + Recall
… (4) 

• Recall and F1-score are used as measures of the model's effectiveness in this case because 

it is a classification problem with imbalanced classes. 

In addition to the class-wise evaluation metrics, Macro Precision, Macro Recall, and Macro F1-

score were calculated. These metrics are obtained by computing the arithmetic mean of the 

corresponding metric across all classes, assigning equal importance to each class regardless of its 

size. Macro-averaged metrics provide a balanced evaluation for multiclass and imbalanced 

classification problems. 

Macro Precision =
1

𝐶
∑ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝐶

𝑖=1 𝑛𝑖………………………(5) 

 

Macro Recall =
1

𝐶
∑ 𝑅𝑒𝑐𝑎𝑙𝐶

𝑖=1 𝑙𝑖………………..(6) 

 

Macro F1 =
1

𝐶
∑ 𝐹𝐶

𝑖=1 1𝑖……………..(7) 

Where: C is the number of classes. 

 
Figure 2. Feature importance 
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3.5.Feature Importance Analysis 

Feature importance analysis was conducted on the XGBoost model to elucidate the importance 

of each feature in the classification process. The most important features are shown in Fig. 2, ranked 

by importance. The results indicate that a few features were most important for the model's 

performance; namely, those with importance scores greater than 500. Overall, the distribution 

suggests that XGBoost heavily weights the most important features and less so the less important 

ones. This underlines the model's capacity to zero in on the most pertinent clinical features. 

 
3.6 Experimental Design and Reproducibility 

The experiments were conducted using Python 3.11 with the Scikit-learn and XGBoost 

libraries on a personal computer running Windows 11. A stratified 80:20 train-test split was 

adopted to preserve the class distribution in both subsets. A random seed of 42 was used to ensure 

reproducibility, and SMOTE was applied only to the training data to prevent data leakage. 

4. RESULTS 

4.1. Model Performance Without SMOTE. 

Table 3 shows the performance of five machine learning models on the Hepatitis C dataset 

before applying SMOTE to the Hepatitis C dataset.  

Table 3. Performance of machine learning models before SMOTE. 

Model Class Precision Recall F1-Score Accuracy 

Gaussian Naïve Bayes 

0 0.97 0.98 0.98 

0.93 

1 0.33 1.00 0.50 

2 0.67 0.40 0.50 

3 0.50 0.50 0.50 

4 1.00 0.83 0.91 

      

Logistic Regression 

0 0.97 1.00 0.99 

0.96 

1 0.09 0.08 0.06 

2 0.75 0.60 0.67 

3 0.75 0.75 0.75 

4 1.00 0.83 0.91 

      

Decision Tree 

0 0.95 0.98 0.97 

0.90 

1 0.15 0.16 0.15 

2 0.20 0.20 0.20 

3 0.50 0.25 0.33 

4 0.80 0.67 0.73 

      

Random Forest 

0 0.96 1.00 0.98 

0.94 

1 0.17 0.15 0.12 

2 0.50 0.20 0.29 

3 0.75 0.75 0.75 

4 1.00 0.83 0.91 

      

XGBoost 

0 0.97 1.00 0.99 

0.95 

1 0.18 0.19 0.16 

2 0.60 0.60 0.60 

3 0.67 0.50 0.57 

4 1.00 0.83 0.91 

The results show a difference in model performance for various classes. All models had good 

performance with the majority class (Class 0), but inconsistent and weak performance with 

minority classes (Class 1-4). High accuracy for Class 0, but low Precision, Recall, and F1 scores for 

minority classes in all the models, especially Class 1 and Class 2 – Gaussian Naïve Bayes, Logistic 

Regression, Decision Tree, Random Forest, and XGBoost. Logistic Regression had the best overall 

accuracy (0.96); however, it was incorrect in some instances, with some belonging to the minority 

class. Models that performed relatively well and best across the folds, with relatively little bias, were 

Random Forest and XGBoost, especially for Class 4. Overall, the Macro F1-Score indicates that the 
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model's performance decreases, leaving it imbalanced. The results are quite clear: Class 1, Class 2, 

and Class 3 are the most difficult to classify, with Class 4 doing slightly better but still not as good 

as Class 0. 

4.2. Model Performance With SMOTE 

The performance of the same models is presented in Table 4 after applying SMOTE to balance 

the dataset. The findings show improvements across all evaluation metrics. 

Table 4. Performance of machine learning models after SMOTE. 

Model Class Precision Recall F1-Score Accuracy 

Gaussian Naïve Bayes 

0 0.75 0.93 0.83 

0.82 

1 0.98 0.97 0.99 

2 0.76 0.63 0.69 

3 0.72 0.74 0.73 

4 0.91 0.81 0.86 

      

Logistic Regression 

0 0.92 0.90 0.91 

0.88 

1 0.97 0.97 0.98 

2 0.81 0.78 0.79 

3 0.76 0.80 0.78 

4 0.93 0.92 0.92 

      

Decision Tree 

0 0.99 0.87 0.93 

0.90 

1 0.98 0.98 0.97 

2 0.92 0.78 0.84 

3 0.70 0.96 0.81 

4 0.98 0.88 0.93 

      

Random Forest 

0 0.96 0.86 0.91 

0.91 

1 0.97 0.98 0.99 

2 0.89 0.86 0.88 

3 0.80 0.96 0.87 

4 0.97 0.89 0.93 

      

XGBoost 

0 0.96 0.93 0.95 

0.95 

1 0.98 0.98 0.99 

2 0.87 0.88 0.87 

3 0.89 0.91 0.90 

4 0.97 0.94 0.96 

As shown in the results, the overall performance of evaluation metrics such as Precision, Recall, 

F1 score, and Accuracy has improved, indicating the effectiveness of SMOTE in reducing class 

imbalance and improving the learning ability of all models. While for the imbalanced dataset all 

models showed excellent performance, the performance of the models has weakened in Class 0. 

However, the models still performed well, with Precision ranging from 0.75 to 0.99, Recall from 0.86 

to 0.93, and F1-score from 0.83 to 0.95; the dominance of the models in Class 0 has decreased 

compared to the imbalanced dataset, leading to more balanced decision boundaries. In Class 1, all 

models show very high Precision, Recall, and F1 score, almost 0.97 for most models and up to 0.99 

for Gaussian Naïve Bayes, Random Forest, and XGBoost, which indicates that SMOTE is very 

effective in correctly labeling previously underrepresented samples. For Class 2, moderate to strong 

improvements are observed, with Decision Tree and Random Forest having the highest Precision 

(0.76 to 0.92) and Recall (0.63 to 0.88). At the same time, Gaussian Naïve Bayes also shows relatively 

lower Recall (0.63 to 0.88), which suggests that these classes are not as easy as Class 1. In the Class 

3 category, Precision scores range from 0.70 to 0.89, Recall scores range from 0.74 to 0.96, and F1-

score values range from 0.73 to 0.90, with Decision Tree and Random Forest having the highest 

Recall values of 0.96, indicating good detection capability. At the same time, XGBoost gives more 

balanced and stable scores. Finally, Class 4 has impressive and consistent performance across all 

models, with Precision of 0.91–0.98, Recall of 0.81–0.94, and F1-score of 0.86–0.96, with XGBoost 

and Decision Tree being the top-performing models, and some models performing at levels 

approaching that of Class 0, implying that Class 4 is now very distinct and well classified after 
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SMOTE. These results demonstrate overall the effectiveness of SMOTE to improve the classification 

performance on all classes and its ability to better balance Precision and Recall, with XGBoost and 

Random Forest giving the best and most stable performance. For a comparison, Table 5 summarizes 

the overall performance of the evaluated machine learning models before and after applying SMOTE. 

Table 5. Overall comparison of the evaluated machine learning models before and after applying    
                 SMOTE 

Model Accuracy (Before SMOTE) Accuracy (After SMOTE) 

Gaussian Naïve Bayes 0.93 0.82 

Logistic Regression 0.96 0.88 

Decision Tree 0.90 0.90 

Random Forest 0.94 0.91 

XGBoost 0.95 0.95 

As shown in Table 5, applying SMOTE improved classification performance for the minority classes 

across all evaluated models. Among the evaluated classifiers, XGBoost achieved the highest overall 

performance and provided more balanced predictions across all classes. 

4.3.Confusion Matrix Analysis of SMOTE_ XGBoost   Model 

The confusion matrix analysis for the SMOTE_XGBoost model is presented in Fig. 3. 

 

Figure 3: Confusion Matrix of XGBoost Model 

The confusion matrix illustrates classification performance, with most predictions along the 

diagonal, indicating high accuracy for XGBoost. Class 1 is correctly classified, and Class 0 is also quite 

accurate, with a few misclassifications. Classes 2, 3, and 4 have good performance, with low 

confusion with neighboring classes, primarily because of the proximity of disease stages. In general, 

the findings indicate that XGBoost is a suitable machine learning algorithm for multiclass 

classification tasks, even when there is only a slight overlap between classes 

4.4. Statistical Analysis 

McNemar's test was used to assess the statistical significance of the XGBoost model's 

performance. This test quantifies the difference between two classifiers: b are cases classified 

correctly by XGBoost and incorrectly by the compared model, and c are cases the other way around, 

as defined in Table 6. 

Table 6. Results of  McNemar's Test - comparison of XGBoost with the other models 

No Model Comparison b (XGB) 

Better) 

c (Other) 

)Better) 

p-value 

1 XGBoost vs Random Forest 53 33 3.99 × 10⁻² 

2 XGBoost vs Decision Tree 84 48 2.19 × 10⁻³ 

3 XGBoost vs Logistic 

Regression 

96 41 2.95 × 10⁻⁶ 

4 XGBoost vs Naïve Bayes 149 31 1.05 × 10⁻¹⁹ 
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The results show that all p-values are less than 0.05, indicating that the observed differences 

are significant. The performance of XGBoost is consistently better than Random Forest (p = 0.039), 

Decision Tree (p = 0.002), Logistic Regression (p < 0.001), and Naïve Bayes (p ≈ 0), with the largest 

gap against Naïve Bayes. 

5. DISCUSSION 

Table 7 compares the proposed framework with representative studies on Hepatitis C 

prediction. Although previous studies reported competitive classification performance, direct 

comparison should be interpreted with caution because the studies differ in terms of datasets, 

preprocessing procedures, classification tasks, and evaluation protocols. 

Table 7. Comparison of the proposed study with representative Hepatitis C prediction studies 

Study Dataset Method Accuracy 

[11] 1801 clinical records KNN + SHAP + SFS 83.1% 

[12] 
Public HCV dataset Ensemble learning (MLP, Bayesian 

Network, QUEST) 
95.59% 

[13] UCI Hepatitis dataset Random Forest + Boruta 92.42% 

[20] 
Combined public HCV 
datasets 

Meta-model with pre-clustering 94.82% 

Proposed 
study 

UCI HCV dataset KNN imputation + Standard Scaler + 
SMOTE + XGBoost 

95.00%, Macro F1 
= 0.95 

 

The experimental results indicate that class imbalance affected the performance of all 

evaluated machine learning models. Before applying SMOTE, the classifiers achieved high 

performance on the majority class, whereas lower Precision, Recall, and F1 scores were observed 

for the minority classes. After applying SMOTE, the classification performance of the minority 

classes improved across all evaluated models, indicating that data balancing reduced the effect of 

class imbalance and provided more representative decision boundaries. Out of the various 

classifiers that were tested, XGBoost had the best overall classification abilities as a result of adding 

SMOTE, while Random Forest had fairly consistent performance levels across the different disease 

classes. Previous studies have also indicated that ensemble-based models tend to be competitive 

for predicting Hepatitis C [12], [13], [20]. However, caution must be taken when comparing 

performance results due to differences between datasets, preprocessing methods, and 

experimental conditions. XGBoost was able to achieve such good prediction performance because 

it employs a gradient boosting technique, which creates multiple decision trees in order to minimize 

prediction error. This is done by fitting multiple decision trees in an iterative fashion to reduce the 

prediction errors from all of the trees combined. Gradient boosting can effectively capture complex 

nonlinear relationships among clinical variables while maintaining high generalization. Logistic 

Regression and Gaussian Naïve Bayes use simpler methods to describe the relationships between 

clinical laboratory tests in the dataset and therefore will likely not explain the many complex 

relationships within it. Before using SMOTE, the results indicate that the minority class of diseases 

was much more difficult to classify, due to the fact that there were very few training instances for 

these classes. Once the data was balanced by SMOTE, Precision, Recall, and F1-score were improved 

for most of the minority classes. 

This proposed framework integrates KNN, imputation, feature standardization, SMOTE, and a 

comparative evaluation of both classical and ensemble machine learning models into a single 

preprocessing pipeline. This provides a unified experimental setting so that the influence of data 

preprocessing on multiclass Hepatitis C classification can be assessed through controlled 

comparisons of classifiers. 

Study Limitations and Future Work. This study, however, has several limitations. First, the 

proposed framework was tested on a single publicly available dataset, and external validation was 

not performed. Although SMOTE positively influenced the classification of some minority classes, it 

may not be able to represent the distribution of real clinical data completely through synthetic 
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oversampling. Future work might include assessing the proposed framework on increasingly larger 

and more heterogeneous clinical datasets, incorporating explainable AI techniques, and exploring 

alternative data-balancing methods to assess the robustness and generalizability of the proposed 

approach. 

6. CONCLUSION 

In this research, we present a machine-learning framework for classifying multiclass Hepatitis 

C disease using appropriate clinical and laboratory data. Experimental findings demonstrate that 

data preprocessing, including class imbalance correction with SMOTE, enhances the classification 

performance of the evaluated machine learning models for minority classes. Results indicate that 

among the evaluated machine learning models, XGBoost achieves the best overall performance 

across all evaluations, while Random Forest also performs consistently across all assessed disease 

categories. In essence, appropriate preprocessing combined with ensemble learning has been 

established as a method to improve classification reliability for multiclass Hepatitis C disease. The 

proposed machine learning framework may also assist in clinical decision-making by distinguishing 

various stages of Hepatitis C disease. This framework is intended to support working with clinical 

evaluations and medical decision-making. 
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  Accuracy   =     TP + TN Total


  .   ( 1 )


    =    TP  TP + FP


  Recall =    TP  TP + FN


  F 1 − score =     Precision ∗ Recall  Precision + Recall …    ( 4 )


  Macro Precision =  1  C   ∑  i = 1  C  P r e c i s i o   n  i


  Macro Recall =  1  C   ∑  i = 1  C  R e c a l   l  i


  Macro F1 =  1  C   ∑  i = 1  C  F  1  i

