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Hepatitis C, an infectious disease that claims thousands of lives annually, affects millions glob-

ally. Disease prediction and classification are crucial in medical research, as forecasting diseases 

helps identify patients at risk. This study used the Electronic Health Records dataset from the UCI 

Machine Learning Repository, which included 615 individuals, of which 540 were healthy, and 

75 had hepatitis C. Machine learning (ML) algorithms proved particularly effective in developing 

prediction models for the presence of the Hepatitis C Virus (HCV), thereby improving perfor-

mance and efficiency. After evaluating several categories of machine learning (ML) algorithms 

for classification, the study employed seven algorithms: an Artificial Neural Network (ANN) and 

an ensemble model combining these seven distinct algorithms. The classifiers used in model as-

sessment included K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Decision Tree 

(DT), Random Forest (RF), Logistic Regression (LGR), XGBoost (XGB), and Gaussian Naive 

Bayes (GNB). Additionally, an ANN and an ensemble model were implemented. This study pre-

sents a comparative analysis of these algorithms, with the Random Forest (RF) classifier achiev-

ing the highest accuracy across all iterations. The experimental results demonstrate that the pro-

posed ensemble framework achieved greater accuracy with XGB as the final estimator. Notably, 

the RF classifier reached an accuracy of 99.88%. In conclusion, the study demonstrates that using 

an ensemble model improves prediction accuracy for Hepatitis C, yielding more precise results 

than applying individual algorithms. 
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1. Introduction 

Hepatitis C is a viral infection caused by the Hepatitis C Virus (HCV), which leads to liver inflam-

mation. HCV infection can be either acute or chronic. Acute HCV infections are generally asymptomatic 

and rarely fatal. Approximately 30% of infected individuals can spontaneously clear the virus within six 
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months without treatment. Despite this, no effective vaccine currently exists for Hepatitis C. 

According to the World Health Organization (WHO), over 58 million people suffer from chronic 

HCV globally, with approximately 1.5 million new infections occurring annually [1]. Genetically, HCV 

comprises 8 genotypes and 86 subtypes, which exhibit geographical variations in prevalence [2]. The dis-

ease burden is particularly higher in low- and middle-income countries in Asia and Africa compared to 

high-income regions, such as North America and Europe [3]. 

ML has emerged as a transformative approach in the medical field, especially for disease prediction 

and classification tasks[4]. ML models can identify patterns in electronic health records and other datasets 

more accurately and efficiently than traditional rule-based methods. Machine learning (ML) systems do not 

require constant human oversight and can adapt to various learning problems. However, achieving 100% 

accuracy remains difficult, and high-quality labeled data is often required. 

This research utilizes data from the UCI Machine Learning Repository to evaluate several machine-

learning algorithms for predicting HCV infection. Seven ML classifiers, K-Nearest Neighbors (KNN), Sup-

port Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), Logistic Regression (LGR), 

XGBoost (XGB), and Gaussian Naive Bayes (GNB), are applied along with an Artificial Neural Network 

(ANN) and an ensemble stacking model. The study compares model performance across splitting ratios, 

cross-validation folds, and hyperparameters. 

The primary goal of this study is to enhance prediction accuracy for Hepatitis C infection by identi-

fying the best-performing classification model. This can enable timely diagnosis, personalized treatment, 

and better disease management, ultimately improving patient outcomes and reducing the burden on 

healthcare systems.  

2. Literature Review 

This section of the paper incorporates a variety of earlier studies that used the HCV dataset to predict 

and classify hepatitis C infection. Several studies have been conducted, but only six recent studies are con-

sidered in this paper. They are as follows: 

The study by Kaunang [5] aimed to predict the Hepatitis C virus using various ML algorithms and to 

identify the optimum model for Hepatitis C disease classification. They presented a prediction model uti-

lizing ML classifiers for the application dataset established in the UCI-ML repository based on KNN, SVM, 

RF, Neural Network (NN), GNB, and LGR. Based on the findings, each model performed well, but Logistic 
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Regression performed the best. A classification methodology based on ML algorithms such as KNN, GNB, 

NN, and RF was proposed by Syafaah, et al. [6]. In this study, the classification of the HCV virus was 

obtained using the UCI dataset. This study aimed to test and evaluate the accuracy of detecting HCV using 

classification ML algorithms. The results reveal that the accuracy of the NN is high, at 95.12%, when 

compared to the accuracies of the methods KNN, NB, and RF, which were 89.43%, 90.24%, and 94.31%, 

respectively.  

This is an applied study by Orooji and Kermani [7] that uses the hepatitis C dataset from the UCI ML 

repository. Multi-layer perceptron, Bayesian network, and decision tree are three data mining methods that 

were implemented, and their effectiveness was assessed using a 10-fold cross-validation approach. Finally, 

the best method was used to design the user interface in MATLAB programming language. The results 

revealed that the oversampling strategy increased the performance metrics of the algorithms in predicting 

HCV, with random forest as the best method, achieving a 99.9% accuracy. Furthermore, the random forest 

exhibited the best performance metrics concerning sensitivity, accuracy, F-measure (99.9%), and 100% 

specificity. They claimed that the approach reported in this study outperformed all previously offered meth-

odologies and could be used successfully to diagnose and assess the severity of HCV. 

In the study by Ahammed, et al. [8], a machine learning-based methodology for classifying hepatitis 

C virus-infected patients' liver stages is presented. Egyptian patients with liver fibrosis disease cases were 

obtained from the UCI ML repository. A synthetic minority oversampling approach was employed to bal-

ance instances of several categories. Later, various feature selection approaches were employed to identify 

relevant characteristics of the hepatitis C virus in this dataset. Several classifiers were used to classify pa-

tients into balanced primary, features-chosen, and primary HCV cases. After reviewing the results, KNN 

surpassed all other classifiers with an accuracy of 94.40 %. The study by Nandipati, et al. [9] presented an 

HCV prediction model utilizing ML techniques for the application dataset established in the UCI-ML re-

pository based on RF and KNN for programming with various numbers of features and attributes, Python 

and R. ML approaches were used to predict the clinical groups that combine the data to determine the most 

important features using RF classification. In binary class and multiclass labels, RF (54.56 %, Python) and 

KNN (51.06 %, R) demonstrated the highest precision. The comparison of all the evaluation metrics reveals 

that R is a superior tool in this scenario. On the other hand, the binary class performance score performs 

better than the multiclass label. 
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In order to create a model for predicting Egyptian children infected with the hepatitis C virus, [10] 

employed Random Forest, APRI, and FIB-4 scores and their AUCs. RF, APRI, and FIB-4 had high AUCs 

for predicting any form of fibrosis, advanced fibrosis, and distinguishing between moderate and advanced 

fibrosis, respectively. APRI had AUCs of 78 %, 81.6 %, and 77 %; FIB-4 had 74 %, 82.8 %, and 78 %; 

and RF had 90.3 %, 89.4 %, and 82.2 %. Machine learning is a valuable supplement to non-invasive tech-

niques for staging and predicting juvenile liver fibrosis. Additionally, the acquired APRI and FIB-4 cutoff 

values performed well and were similar to some previously reported ones. There was some agreement be-

tween RF, APRI, and FIB-4 predictions for the prognosis and staging of fibrosis. Finally, it was suggested 

that computed scores or RF output cannot sometimes substitute a liver biopsy.  

Table 1. Summary of the related work on HCV Prediction 

Author Dataset  Methodology Performance Metrics in % Pros Cons 

Kaunang [5] UCI ML 

Repository 

KNN Accuracy = 96.5 Provides insights into the 

most effective machine 

learning algorithm for HCV 

prediction 

No discussion on 

data pre-processing 

or evaluation 

SVM Accuracy = 96.7 

RF Accuracy = 97.3 

NN Accuracy = 97.1 

NB Accuracy = 96.0 

LR Accuracy = 97.9 

Syafaah, et 

al. [6] 

UCI ML 

Repository 

KNN Accuracy = 89.43 Evaluation of feature selec-

tion techniques to enhance 

the accuracy of the models 

Small dataset 

NB Accuracy = 90.24 

NN Accuracy = 95.12 

RF Accuracy = 94.31 

Ahammed, et 

al. [8] 

UCI ML 

Repository 

KNN Accuracy = 94.40 Utilizes multiple machine 

learning algorithms for the pre-

diction of HCV infectious state 

No comparison 

with other ML 

techniques 

RF Accuracy = 92.48 

SVM Accuracy = 82.77 

Nandipati, et 

al. [9] 

UCI ML 

Repository 

KNN Accuracy = 52.97 Provides insights into the 

class imbalance for HCV 

prediction 

Limited discussion 

on dataset and eval-

uation metrics 

NB Accuracy = 51.56 

RF Accuracy = 50.85 

Barakat, et 

al. [10] 

Egyptian 

children with 

only HCV 

RF Accuracy = 87.5 Use of machine learning 

techniques to predict hepatic 

fibrosis in children  

Limited dataset 

AUC = 90.3 

Sensitivity = 82.0 

The reviewed papers focus on the application of ML algorithms in predicting and diagnosing hepatitis 

C virus (HCV) infections, which are also compared in Table 1. They highlight the high accuracy of these 

models in detecting HCV infections, which can enhance disease management and prevention. Imbalanced 
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datasets are a significant challenge in HCV prediction, and some studies focus on predicting HCV infection 

stages and identifying the infectious state of HCV patients. These studies aim to reduce the disease burden 

of HCV infections, improve patient outcomes, and advance the field of disease diagnosis and treatment. 

The use of ML shows promise in improving the diagnosis and treatment of HCV infections. Accurate pre-

diction and identification of HCV infections can enable patients to receive timely and appropriate care, 

thereby reducing the disease burden on individuals and healthcare systems. The primary motivation for this 

research project was to address the critical need for accurate diagnosis and treatment of patients with lung 

disease. By leveraging machine learning techniques on a health dataset, the researchers aimed to improve 

the prediction and classification of lung diseases, enabling early detection, personalized treatment, and bet-

ter patient outcomes. The research aimed to fill existing gaps in the diagnosis of lung disease and provide 

healthcare professionals with reliable tools for informed decision-making. Ultimately, the goal was to en-

hance the understanding of lung diseases, contribute to advancements in healthcare, and positively impact 

patient care and management strategies [11-14]. 

3. Methodology 

The primary goal of this study is to compare the performance of various ML classification algorithms 

and a neural network in predicting HCV using different techniques. Both all features and selected features 

were evaluated to determine the accuracy of the classifiers. A range of popular ML classifiers and Neural 

Networks were employed to classify the selected characteristics into various categories. The classification 

report was used to compute metrics and identify the most effective model. Data pre-processing, splitting, 

and feature selection were all performed to prepare the dataset for model building. In addition to these 

phases, oversampling techniques such as SMOTE and ADASYN, normalization, and dimensionality re-

duction were employed to achieve optimal results, which were incorporated into the pre-processing phase 

and not presented separately. Figure 1 illustrates an architecture for predicting HCV disease. The study's 

main objective was to compare the results of ML classification algorithms and a neural network for HCV 

prediction based on the methods. All attributes and selected features were analyzed to compare the accuracy 

of the classifiers. Popular ML classifiers and Neural Networks were used to categorize the selected charac-

teristics into different classes. The classification report was used to calculate metrics and identify the perfect 

model. Data pre-processing, splitting, and feature selection are performed to prepare the dataset for model 
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building. Apart from the aforementioned phases, several additional steps were necessary to achieve the 

desired results, including oversampling methods such as SMOTE and ADASYN, normalization, and di-

mensionality reduction. They are, however, included in pre-processing and are not specified separately. 

Figure 1 depicts an architecture for predicting HCV disease. 

 

Figure 1. The architecture of HCV prediction 

3.1. Data Description  

A real-life laboratory dataset of hepatitis C was examined in this research. The targeted feature for 

classification is the category. This dataset was acquired from the UCI Machine Learning Repository. The 
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dataset contains 615 records (patients), each with 14 features comprising information about the patient. 

Twelve feature attributes are utilized as diagnostic inputs, with the 'Category' attribute selected as output. 

The dataset comprises demographic and laboratory data from blood donors and patients with hepatitis C. 

Table 2 summarizes the dataset used in this study. 

Table 2. Dataset Description 

Feature Description Type Data Range or Unit 

Category The target attribute for classification Nominal O=Blood Donor, os=suspect Blood Do-

nor, 1=Hepatitis, 2=Fibrosis, 3=Cirrhosis 

Chronicle Age Age of the Patient Quantitative Years 

Gender Gender or Sex Nominal m- Male, f- Female 

ALB Albumin level in blood Quantitative g/L 

ALP Alkaline phosphate level in blood Quantitative IU/L 

AST Aspartate aminotransferase level in blood Quantitative IU/L 

BIL Bilirubin level in blood Quantitative mg/dL 

CHE Choline esterase level in blood Quantitative IU/L 

CHOL Cholesterol level in blood Quantitative milligrams/dL 

CREA Serum creatinine level in blood Numerical mg/dL 

GGT Gamma-glutamyl-transferase level in blood Numerical IU/L 

PROT Total protein level in blood Numerical g/L 

International units (IU), L stands for liter, mg for milligram, g for gram, and dL for deciliter are 

meanings and measuring units of clinical characteristics in the Lichtinghagen dataset [15, 16]. The authors 

mentioned some of these interpretations in the original study [16] and the article [17]. While the dataset of 

615 patients used in this study may be considered relatively small, it is essential to understand that the 

success of an ML project is not solely dependent on the size of the dataset. Various techniques can be 

employed to overcome the potential limitations of a small dataset, including oversampling methods like 

SMOTE and ADASYN. However, it is crucial to carefully evaluate the quality and relevance of the syn-

thetic data generated by these methods, as they may not accurately represent the true distribution of the 

underlying data. 

Additionally, it is essential to perform appropriate pre-processing steps, such as feature selection and 

normalization, and assess the quality and representativeness of the original dataset. To assess the model's 

performance, it is essential to use appropriate evaluation metrics, such as cross-validation and holdout test-

ing. Ensuring patient privacy is critical for this machine learning project involving health data. The data 
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type was carefully assessed, and necessary measures were taken to remove or anonymize any personally 

identifiable information (PII). For patients with hepatitis, it may be necessary to exclude any data that could 

be used to directly identify them, such as their identity number, name, or address.  

To handle patient data privacy on a high level, the following measures were taken in the research 

work:  

• Data Minimization: Only the patient data relevant to the research was obtained, thereby reducing the 

quantity of sensitive information retained and processed. 

• Secure Data Storage: Patient data was stored in a highly secure environment, using encrypted storage 

systems and according to industry best practices to prevent unauthorized access. 

• Anonymization and de-identification: Strict approaches were employed to anonymize and de-identify 

patient data by removing direct and indirect identifiers, ensuring that individuals could not be identified. 

• Controlled Data Access: Strict access restrictions were installed, enabling only authorized individuals 

with a valid need to view patient data. Role-based access methods were employed to govern and monitor 

data access. 

Categorical data is shown using bar charts and pie charts. As seen in the picture, both types of graphs have 

variations. The category column was shown as a pie chart in this study. Figure 2 illustrates that the dataset 

is unbalanced, as the values in each feature vary. 

Figure 2. Imbalanced data in Category (Target) 
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3.2. Data Pre-processing 

This phase will include lowering noisy values and replacing missing data for specified attributes. The 

experimental dataset is anticipated to have dealt with missing, inconsistent, and duplicate data. 

MinMaxScaler was imported from sklearn. Pre-processing to scale the data columns. With MinMaxScaler, 

each feature's minimum and maximum values were individually converted to 0 and 1, respectively, while 

all other values were changed to a decimal between 0 and 1.  

3.2.1. SMOTE (Synthetic Minority Over-sampling Technique) 

To address data imbalance, SMOTE was applied to generate synthetic minority class instances. This 

technique ensures that classifiers do not develop biases toward the majority class 

3.2.2. ADASYN (Adaptive Synthetic Sampling Approach for Imbalanced Learning) 

ADASYN was also implemented to enhance minority-class learning by generating synthetic exam-

ples. It adjusts the number of synthetic samples generated based on the learning difficulty of minority-class 

instances 

3.3. Data Splitting 

The various splitting methods utilized in this work are discussed in depth in this section. 

3.3.1. K-fold cross-validation 

Cross-validation (CV) is a prominent approach in machine learning. The primary objective of cross-

validation is to create a consistent and trustworthy estimate of model performance, whereas statistical anal-

ysis findings will be generalized to an independent dataset [18]. In applied machine learning, it is typically 

used to evaluate the performance of an ML model on unseen data. For selecting model parameters, a tech-

nique is used that randomly splits the original sample into K equal-sized subsamples [19]. For each of the 

K subsamples, a single subsample is retained as validation data to test the model, while the remaining k-1 

subsamples are used for model training.  

The method is iterated based on the number of folds [20]. The value of k is commonly 5 or 10, 

although there is no hard and fast rule. If k is 10, the approach is referred to as the Stratified K-fold strategy. 

As this discrepancy lessens, the technique's bias decreases. Both 'k' values mentioned above are considered 

and utilized in this study. 
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3.3.2. Train-Test split 

The train-test split randomly divides the dataset into train and test portions. The size of the dataset 

influences this strategy [21]. The data in the study was divided based on the test size. Initially, a test size 

of 0.2 was chosen, and the experiment was conducted. The experiment was then repeated using 0.3 as the 

test size. Ultimately, the results were compared and analyzed.  

The choice of test size (0.2 and 0.3) in machine learning experiments is often based on empirical 

observations and best practices. These values are commonly used because they strike a balance between 

having enough data for training the model and sufficient data for evaluation. It is important to note that 

there is no hard rule for selecting a specific test size, which can vary depending on the problem and dataset. 

Experimentation and validation with different test sizes can provide insights into the optimal balance be-

tween training and evaluation data, ensuring reliable and robust model performance. In the case of using a 

test size of 0.2 or 0.3, the study's authors found that this ratio provided a good balance between training 

models effectively and having enough data to test the model's performance. 

3.4. Feature Selection 

The process of feature selection involves lowering the number of input variables. Its main objective 

is to choose a subset of the original features that will improve classification accuracy [22]. The effective 

use of feature selection methods for choosing features enhances inductive learning, either in terms of gen-

eralization capability, learning speed, or lowering the complexity [23]. The four fundamental phases in the 

feature selection process are subset creation, subset assessment, stopping criterion, and outcome validation 

[24]. This study uses 5-fold and 10-fold cross-validation on the training set to examine the selected feature. 

3.5. Data Oversampling 

Data imbalance is an uneven distribution of classes or labels in a given dataset. The most straightfor-

ward solution to this problem is the resampling approach, which involves adding records to the minority 

class and removing them from the majority class [25]. In this scenario, researchers implemented conven-

tional oversampling techniques, such as SMOTE and ADASYN, to add records to the minority classes, 

specifically 0, 0s, 1, 2, and 3 in the category. Oversampling strategies improve fairness while lowering 

prediction accuracy [26]. After applying the oversampling techniques, it is noticeable that all features are 

balanced within the category, as clearly illustrated in Figure 3. 
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Figure 3. Data after oversampling the category (Target) 

It is common for real-life application datasets to be biased or imbalanced. This means that the dataset 

may have an unequal representation of certain classes or attributes, which can affect the performance of 

models. 

Several techniques can be employed to address biased or imbalanced datasets, which are also dis-

cussed in Section 3.4. and 3.5. 

1. Resampling Techniques: Resampling approaches might be utilized to balance the distribution of clas-

ses in a dataset. Two common methods are:  

a. Under-sampling: randomly removing instances from the majority class to balance it with the mi-

nority class. 

b. Oversampling: creating synthetic instances for the minority class using methods like SMOTE or 

ADASYN.  

2. Ensemble Techniques: Ensemble techniques involve combining two or more models to increase the 

system's overall performance. This can be useful when the dataset is not balanced or biased. 

3. Feature Selection: Feature selection approaches might be utilized to discover the most important char-

acteristics for the classification task. This can help to mitigate the influence of irrelevant or biased 

dataset features.   

Dealing with biased or imbalanced datasets in real life requires a careful approach. To address bias, 

we thoroughly analyze the dataset to identify potential biases based on demographics or data collection 
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methods. We then strive to collect additional data from underrepresented groups to ensure better represen-

tation. In cases of class imbalance, we employ techniques such as oversampling or undersampling the re-

quired class to balance the dataset. We also experiment with different algorithms and evaluation metrics 

that effectively handle imbalanced data. Regularly monitoring and re-evaluating the dataset and models 

help us mitigate bias and improve the system's overall performance. 

3.6. Classification Process 

This study applied seven machine learning techniques and an artificial neural network to predict 

HCV. An ensemble model comprising seven machine learning algorithms was also built for more accurate 

outcomes. Default parameters were used when running the code. It means that the values assigned to the 

parameters are the pre-set or default values provided by the software or package. Default parameters in 

machine learning offer simplicity, efficiency, and generalization. They strike a balanced choice suitable for 

diverse scenarios, ensuring efficient model convergence, preventing overfitting, and saving time and re-

sources by eliminating the need for extensive hyperparameter tuning. Additionally, they serve as a valuable 

baseline for initial model performance assessment before customization. 

This study primarily focuses on the various methods used on the data before it is trained to the ma-

chine learning models. Specifically, the study compares and evaluates the effectiveness of oversampling, 

test size, and cross-validation techniques on small and imbalanced datasets. To showcase the effectiveness 

of these techniques, seven popular ML algorithms and an ANN are utilized in the work. The performance 

of these algorithms is evaluated after applying the different methods to the data. This comparison is ex-

pected to provide valuable insights into the strengths and limitations of each technique, helping researchers 

and practitioners choose the most suitable one for their specific application. Many recent studies have em-

ployed deep learning techniques. As mentioned, the study delves deeper into the implementation and com-

parison of the proposed methods across all the algorithms employed. It focuses on seven popular ML algo-

rithms and ANN to showcase the effectiveness of the proposed methods. However, the same techniques 

can also be applied to other machine-learning algorithms. The methods proposed in the study can be applied 

to any ML or Deep learning algorithm as they are applied to the dataset before training the model.  

3.7. Performance Evaluation 

Evaluating a model is crucial in developing an effective machine-learning model. 'Accuracy' should 

be the most frequently used classification evaluation metric. One could think the model is adequate when 
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the accuracy rate is 99 percent. However, this is not always the case, and it can sometimes be deceptive. To 

evaluate the models, the study considers four key classification metrics [27]: Precision, Recall, Matthews 

Correlation Coefficient (MCC), and Accuracy. These are frequently used skewed assessment measures and 

should not be utilized without a thorough understanding of the biases and the associated identification of 

chance or base-case values of the statistic [28]. 

The outcomes of the Seven Machine Learning Algorithms and one Neural Network will be examined 

using the aforementioned criteria to determine which model is the best. The choice of evaluation metrics 

depends on the problem being addressed and the characteristics of the dataset. In this study, the authors 

have chosen the aforementioned metrics for evaluation. These metrics are commonly used in binary classi-

fication problems and provide insight into different aspects of model performance.   

Recall is the proportion of true positives among the actual positives, whereas precision measures the 

proportion of true positives among predicted positives. The MCC is a correlation coefficient that measures 

the quality of binary or multiclass classifications. It considers true positives, false positives, and false neg-

atives, providing a measure of correlation that reflects the agreement between the predicted and actual 

values. Accuracy measures the proportion of correct predictions overall. Using these evaluation metrics can 

help assess the performance of the machine learning models in identifying instances of the hepatitis C virus. 

However, it is essential to note that relying solely on accuracy may not provide a comprehensive picture of 

model performance, particularly in cases where the dataset is imbalanced. In this study, the authors found 

high accuracy before oversampling the dataset. However, this may be misleading as the imbalanced dataset 

may have led to biased predictions. By oversampling the dataset using techniques such as SMOTE or 

ADASYN, the authors have attempted to balance the dataset and enhance the model's performance. 

4. Result and Discussion 

In this section, the study describes the experiments conducted to evaluate the effectiveness of the ML 

framework in diagnosing HCV illness. As previously mentioned, the HCV dataset from the UCI ML Re-

pository was utilized to build the framework. An Apple M1 machine with macOS BigSur operating system 

and 8GB of primary RAM was used for the experiments. Python programming was used to experiment. 

The first half of this chapter focuses on assessing the impact of various oversampling methods. While con-

ducting a series of tests, the second section focuses on the impact of various data-splitting approaches on 

classification performance. 
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4.1. Comparison of Performance with Data Splitting Methods  

The effectiveness of an ML model heavily relies on the quality of the data and the methodology used 

to process it [29]. Therefore, understanding how different data-splitting methods impact the performance 

of an ML model is crucial in improving modeling accuracy. To evaluate the effect of various data parti-

tioning strategies on the performance of an ML model, this study compared different approaches using real 

HCV data. The approaches included random splitting with ratios of 80:20 and 70:30 for the train and test 

sets, as well as k = 5 and k = 10. Oversampling methods (SMOTE and ADASYN) were used in each 

iteration to obtain optimal results. Both oversampling techniques were used for each type of data splitting 

to ensure data completeness. 

Table 3. Precision vs. Recall vs. MCC vs. Accuracy at k=5,10 and 80:20 split (SMOTE) 

Model 

Data Split - 80:20 (SMOTE) 

k=5 k=10 

Precision Recall MCC Accuracy Precision Recall MCC Accuracy 

KNN 82 88 89 90.24 80 83 87 90.81 

SVC 81 83 85 88.56 84 79 86 90.06 

DT 86 86 88 90.62 88 91 86 90.99 

RF 96 93 96 96.81 97 97 95 97 

LGR 75 80 77 86.11 75 84 82 86.3 

XGB 96 88 93 96.06 94 96 95 96.4 

GNB 76 71 80 84.61 81 72 82 84.43 

Table 4. Precision vs. Recall vs. MCC vs. Accuracy at k=5,10 and 70:30 split (SMOTE) 

Model 

Data Split - 70:30 (SMOTE) 

k=5 k=10 

Precision Recall MCC Accuracy Precision Recall MCC Accuracy 

KNN 86 92 90 91.5 89 94 92 94.5 

SVC 80 81 87 89.62 81 80 86 91 

DT 87 86 89 91 88 91 90 94.38 

RF 98 98 98 98 97 96 97 98.25 

LGR 72 80 79 84.88 73 73 80 86.11 

XGB 97 97 97 97.5 97 94 95 96.5 

GNB 76 75 83 83.25 79 57 80 85.11 
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Table 5. Precision vs. Recall vs. MCC vs. Accuracy at k=5,10 and 80:20 split (ADASYN) 

Model 

Data Split - 80:20 (ADASYN) 

k=5 k=10 

Precision Recall MCC Accuracy Precision Recall MCC Accuracy 

KNN 80 94 87 90.62 82 90 88 89.87 

SVC 79 75 81 90.99 86 72 86 90.99 

DT 89 86 85 90.81 83 90 90 90.99 

RF 94 95 94 95.3 97 94 97 96.06 

LGR 67 78 78 85.18 76 74 81 82.93 

XGB 91 92 92 94.93 92 91 96 95.67 

GNB 76 69 77 87.24 83 72 85 81.24 

Table 6. Precision vs. Recall vs. MCC vs. Accuracy at k=5,10 and 70:30 split (ADASYN) 

Model 

Data Split - 70:30 (ADASYN) 

k=5 k=10 

Precision Recall MCC Accuracy Precision Recall MCC Accuracy 

KNN 89 91 92 93 88 91 93 92 

SVC 80 80 85 90.62 80 81 84 91.5 

DT 90 90 89 92 90 89 90 91.5 

RF 96 98 97 97.5 97 97 98 97.25 

LGR 71 76 78 86.75 76 74 77 88.12 

XGB 94 97 96 96.5 95 94 95 96.88 

GNB 74 57 76 87.75 73 56 78 87.38 

The evaluation metrics of the ML algorithms are presented in Tables 3, 4, 5, and 6. It can be seen 

from the visualization line graphs that the results are influenced by the splitting strategies, k value, and 

oversampling methodology used in this study. However, it does not imply giving 99 percent to train and 

the rest to test. Remember that dividing the model into uneven proportions will result in overfitting or 

underfitting. The accuracy of ML algorithms before cross-validation is shown in Figure 4. 

The value of 'k' affects the models' performance metrics since one-fold is used for evaluation, and 

k-1 folds are used for training. After analyzing the results of all features and data splitting strategies, the 

Random Forest model emerged as the best, with the highest accuracy, Recall, MCC, and Precision in this 

study.  Random Forest is preferred over other models because it can look for the best feature from a random 

subset of characteristics instead of the most important one when splitting a node. Tables 4 and 6 demonstrate 

https://doi.org/10.53898/josse2025516
https://engiscience.com/index.php/josse


Comparative Analysis of Machine Learning and Deep Learning Models for Classifi-cation and Prediction of Liver Disease in Patients …   125 
 

 

 
Journal of Studies in Science and Engineering. 2025, 5(1), 110-132. https://doi.org/10.53898/josse2025516 https://engiscience.com/index.php/josse 

that the 70:30 data-splitting strategy improved classifier performance in four performance metrics, indicat-

ing that oversampling with SMOTE and ADASYN is more effective. Furthermore, the RF and XGB classes 

outperformed the DT and KNN classifiers in the HCV dataset. The results of the artificial neural network 

are presented in Figures 5 to 8 and are compared in the following paragraph. 

 

Figure 4. Accuracy of ML algorithms before cross-validation 

 

Figure 5. Visualization of Precision vs. Recall vs. MCC vs. Accuracy of ANN with Batch Size=32 (SMOTE) 

Precision Recall MCC Accuracy Precision Recall MCC Accuracy

Epochs 80:20 Split 70:30 Split

Series1 25 77 73 77 86 69 82 76 87

Series2 50 91 70 82 89 79 84 80 91

Series3 100 90 81 86 91 86 84 88 93

Series4 200 90 89 95 93 91 87 92 95
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Figure 6. Visualization of Precision vs. Recall vs. MCC vs. Accuracy of ANN with Batch Size=32 

(ADASYN) 

 

Figure 7. Visualization of Precision vs. Recall vs. MCC vs. Accuracy of ANN with Batch Size=64 (SMOTE) 

 

Figure 8. Visualization of Precision vs. Recall vs. MCC vs. Accuracy of ANN with Batch Size=64 

(ADASYN) 
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Series4 200 92 96 94 94 87 87 92 93
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According to Figure 6, an artificial neural network trained with the ADASYN oversampling tech-

nique on 80:20 split data with a batch size of 32 and 200 epochs achieved outstanding performance with 94 

percent MCC, 92 percent precision, 96 percent recall, and 94 percent accuracy. On the other hand, the 

ADASYN oversampling technique performed better in the second case, as shown in Figure 7, with 94 

percent MCC, 93 percent precision, 93 percent recall, and 95 percent accuracy in 80:20 split data with a 

batch size of 64 and 200 epochs. In summary, the artificial neural network trained on a reduced dataset 

performed better on the HCV dataset but took longer to develop compared to the model trained on the 

original dataset. 

4.2. Significance of Basic and Advanced Ensemble Methods  

Ensemble approaches are considered the most advanced solutions for many machine learning prob-

lems. These techniques involve training multiple models and combining their predictions to achieve a more 

accurate result. This study introduces the concept of ensemble learning, examines conventional, cutting-

edge, and novel ensemble approaches, and explores the current issues and developments in the field [30]. 

There are several techniques, and a selection of them are listed below. 

4.2.1. Basic Ensemble Techniques 

4.2.1.1. Averaging 

The averaging technique involves generating multiple predictions for each data point, and the overall 

prediction is obtained by averaging the results of all the models. The average accuracy of this approach is 

provided in Table 7. 

Table 7. Average - Accuracy at k=5 & 10 at 80:30 & 70:30 split with SMOTE & ADASYN 

Ensemble 

Method 

With Smote With ADASYN 

80-20 split 70-30 split 80-20 split 70-30 split 

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10 

Average 90.43 90.85 90.82 92.26 90.72 89.67 92.01 92.09 

4.2.1.2. Max Voting 

For classification problems, the max voting approach is typically applied. This method makes pre-

dictions for each data point using various models. Each model's predictions are regarded as a "vote." Most 

models' projections serve as the basis for the conclusion. The voting method results with all seven models 

as estimators are shown in Table 8. 
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Table 8. Voting - Accuracy at k=5 & 10 at 80:30 & 70:30 split with SMOTE & ADASYN 

Ensemble 

Method 

With Smote With ADASYN 

80-20 split 70-30 split 80-20 split 70-30 split 

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10 

Voting 98.87 99.06 97.37 97.75 98.88 98.49 98.37 99 

4.2.2. Advanced Ensemble Techniques 

Although there are numerous advanced ensemble approaches, this paper primarily focuses on stacking. 

4.2.2.1. Stacking 

Stacking is an advanced technique in ensemble learning where a new model is built using predictions 

from other models, as shown in Figure 9. This method involves meta-learning, which minimizes generali-

zation errors by reducing generalizer bias and creating an asymptotically optimal learning system. The 

stacked ensemble model makes predictions on the test set by combining the predictions of the base models. 

The training data is divided into K-folds, and a base model is fitted to K-1 parts of the data for each fold to 

predict the K-th component. The base model's performance is determined by fitting it to the training dataset. 

The basic classifiers use the training set to train the layers and build a new feature matrix for the meta-

classifier layer. The meta-classifier layer picks and predicts the final estimate for classification. 

Figure 9. The architecture of stacking 
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Table 9. Stacking - Accuracy at k=5 & 10 at 80:30 & 70:30 split with SMOTE & ADASYN 

Final Estimator 

Smote ADASYN 

80-20 split 70-30 split 80-20 split 70-30 split 

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10 

KNN 98.87 99.06 99.88 99.12 99.25 98.87 99.12 99.62 

SVC 99.44 99.25 98.75 99.5 99.44 99.44 99.38 99.12 

DT 99.25 99.81 99.88 99.62 99.62 99.62 99.88 99.5 

RF 99.62 99.44 99.38 99.75 99.99 99.44 99.75 99.5 

LGR 99.62 99.06 99.62 99.62 99.44 99.62 99.38 99.25 

XGB 99.81 99.44 99.75 99.88 99.5 99.81 99.62 99.75 

GNB 99.44 99.06 99.12 99.62 99.44 99.44 99.5 99.5 

Table 9 shows that the new model created by stacking and using XGB as the final estimator yields 

the best accuracy for practically every splitting approach and k value. The performance of models using the 

final estimators KNN, DT, LGR, and RF is comparable across the columns. Although it is less accurate 

compared to its rivals, a model with GNB as the final estimator still produces good accuracy. This study 

aims to enhance the accuracy of ML classification algorithms for HCV diagnosis by presenting an ML 

framework, an ANN-based model, and an ensemble model. This project aims to develop strategies to im-

prove the accuracy of ML classification algorithms for diagnosing hepatitis C using real-time HCV data. 

To do this, the dataset was first balanced by oversampling it using SMOTE and ADASYN. The perfor-

mance of classifiers was then evaluated in relation to the impact of the data-splitting strategy. Moreover, 

an ensemble model was created, which outperforms an individual model in terms of accuracy, and its pre-

cision is affected by the final estimator. 

The following summarizes the results of the experiments described in this work: 

• The 10-fold cross-validation with the k-folds approach and the 70:30 splitting of the HCV information 

set were the best options for ML modeling when applying classification algorithms that utilized various 

splitting methods. It can be seen that when the RF classifier is used with 10-fold cross-validation and k-

folds, along with a 70:30 splitting, the best results are obtained. 

• The artificial neural network with a smaller dataset performed best in comparison to the HCV and HCV 

datasets. Although the task required to construct the model took longer, it was faster than one using the 

original dataset. 

• Regarding ANN, the ADASYN upsampling algorithm with batch sizes of 32, 64, and 200 epochs, in an 

80:20 split of the HCV dataset, was the best choice. 

https://doi.org/10.53898/josse2025516
https://engiscience.com/index.php/josse


S. Gandu et al., 2025 130 
 

 

 
Journal of Studies in Science and Engineering. 2025, 5(1), 110-132. https://doi.org/10.53898/josse2025516 https://engiscience.com/index.php/josse 

• Finally, it can be demonstrated that choosing XGB as the final estimator for Ensemble techniques yields 

the highest accuracy for almost every splitting strategy and k value. 

Table 10. Comparison of performance between Literature Survey and Present work 

Model Highest Accuracy in Literature Survey Accuracy of this Work 

KNN 96.5 99.88 

SVC 96.7 99.5 

DT - 99.88 

RF 99.9 99.91 

LGR 97.9 99.62 

XGB - 99.88 

GNB 96 99.62 

In this comparative analysis, our work demonstrates exceptional accuracy across multiple machine 

learning models, surpassing the highest reported accuracy in literature. Notably, our K-Nearest Neighbors 

(KNN) and Decision Tree (DT) models achieve an impressive 99.88% accuracy, while Support Vector 

Classifier (SVC) and Logistic Regression (LGR) models exhibit accuracy rates of 99.5% and 99.62%, re-

spectively. Our Random Forest (RF) model also outperforms the literature's best-reported accuracy, achiev-

ing an outstanding 99.91%. These results demonstrate the significant advancements in our approach and 

the robustness of our models in the task presented in Table 10. 

5. Conclusions and Future Work 

In order to classify and predict HCV-infected individuals based on the enrolled features, a machine 

learning framework based on KNN, SVM, DT, RF, LGR, XGB, and GNB, an ANN, and an ensemble 

model is provided in this research. Data upsampling is first performed to balance the dataset. The dataset 

was also examined by implementing all the attributes or characteristics of the employed models to modify 

the enrolled data without feature selection. Then, an ANN and an ensemble model were implemented. The 

findings show that using a perfect final estimator significantly improves the precision or exactness of the 

ensemble model. The classification accuracy scores for KNN, SVM, Random Forest, Neural Network, Na-

ive Bayes, and Logistic Regression are 96.5%, 96.7%, 97.3%, 97.1%, 96.0%, and 97.9%, respectively. This 

study demonstrates the effectiveness of machine learning in diagnosing Hepatitis C. By using SMOTE and 

ADASYN for data balancing and leveraging ensemble techniques, and we achieved state-of-the-art classi-

fication performance. In the future, a systematic investigation will be conducted on a more comprehensive 
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and balanced dataset with a substantial number of patients, distinct attributes, and robust deep learning 

algorithms, and these algorithms will be combined with SHAP to yield a more accurate model. 
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