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Abstract
Worldwide, the prevalence of the hepatitis C virus (HCV) is quite high, and the disease's progression can result 
in irreparable liver damage or even death. Because of this, machine learning techniques can be used to construct 
prediction models. Different classification algorithms were used in this study to classify HCV-infected patients. 
An analysis of the UCI Machine Learning Repository's dataset was carried out for this work. The synthetic 
minority oversampling technique (SMOTE) was used since the HCV dataset was uneven. To create six 
classification models, the dataset was separated into training and test data. The support vector machine (SVM), 
Gaussian Nave Bayes (NB), decision tree (DT), random forest (RF), logistic regression (LR), and K-nearest 
neighbours (KNN) method were all included in this set of six algorithms. The classifiers were developed in 
Python, a popular computer language. The performance of the proposed models was evaluated using measures 
such as the receiver operating characteristic curve (ROC) and others.

1. Introduction
Infection with the hepatitis C virus (HCV) is widespread, with an estimated 58 million persons infected [1]. 
Notably, Asian and European regions have a higher prevalence than any other regions in the world with this 
condition. Infectious hepatitis may be brought on by several different types of viruses, including the hepatitis A 
(HAV), B (HBV), C (HCV), D (HDV), and E viruses (HEV). Due to its high prevalence [2], HCV is a major 
public health issue around the world. Most cases of liver illness go unnoticed until irreparable to severe liver 
damage or death occurs[3], [4].

From 1990 to 2016, HCV's disability-adjusted life year (DALY) trends declined, according to Li et al. [5]. 
However, it is still a common problem around the globe. HCV has a greater incidence and mortality rate than 
HVB in the last several years [6]. Adults are more likely than children to be affected, however it can happen to 
anyone at any age. This is why the World Health Organization (WHO) has set 2030 as a target date to eliminate 
HCV infection as a public health issue.

Hospitals and online medical systems generate a vast amount of data that researchers can use AI approaches to 
construct advanced models from. Disease diagnosis, disease progression, medical wearables and hospitalisation 
are the key areas of medical computing research. Preventative measures can be taken early on in the illness 
process to encourage people to change their unhealthy behaviours. Patients who are diagnosed with a chronic 
condition earlier in life are more likely to benefit from early treatment (1). AI in the diagnosis of medical 
conditions is a hot research topic. Physicians benefit from the use of artificial intelligence techniques and 
algorithms. Medical lab tests and experiments are commonly used by health care professionals to determine if a 
patient has a certain condition or not. Artificial intelligence tools have made it easier to mine previously 
available data for new insights. Sensors, healthcare databases, social networks, and wearables all generate 
enormous amounts of data in today's electronic age (2).
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Patients' age, gender, drug use, body mass index (BMI), blood pressure (BP), hypertension, and dietary and 
exercise habits are the most common predictors of chronic diseases like diabetes, heart attack, hepatitis, and 
kidney disease aside from laboratory tests and experiments. These conditions include (3). Predicting disease 
using accessible patient data is now possible thanks to the application of artificial intelligence technology. 
Physicians and medical labs are required for testing, whereas artificial intelligence-based predictive algorithms 
are employed for disease detection in the early stages of development.

2. Literature Review
The literature evaluation provides a comprehensive picture of existing efforts and potential avenues for further 
research. The most recent research examines a variety of approaches to disease diagnosis that make use of
artificial intelligence and/or other methods of feature selection.

Diagnosing three major chronic diseases, including diabetes, kidney disease, and heart disease, has been made 
easier thanks to a machine learning-based predictive model. Selecting the most important attributes is done via 
an adaptive probabilistic divergence technique. The study concluded that the proposed method was the most 
accurate in disease identification since it focused on the most important traits (2). Three chronic diseases, 
namely diabetes, heart attack, and cancer, can be predicted using a machine learning algorithm based on feature 
selection. In order to predict the presence of disease, a Convolutional Neural Network (CNN) is used. With 
shorter calculation time, the proposed technique was able to achieve 93% accuracy in classification (18). 
Another investigation is being carried out to discover the essential characteristics of several common chronic 
disorders. Information Gain, Gain Ratio, and correlation-based techniques are used to choose features. The 
Random Forest prediction model is then built using several subsets of the top-ranked features. It demonstrated 
the importance of focusing on the most critical aspects of a patient's symptoms during the diagnostic procedure 
(19). The Stacked Generalization technique is utilised to improve the performance of classification algorithms in 
another study for chronic disease prediction (20). This study compares the performance of five chronic disease 
prediction models to five different classification algorithms: Decision Tree (DT), k-NN, SVM, Logistic 
Regression (LR), and Naive Bayes. Model performance is improved and model accuracy is increased with the 
Stacked Ensemble technique, which has been reported to be 90% accurate on average. Classification algorithms 
are used to predict diabetes, breast cancer, and kidney disease in (21). It is possible to identify and eliminate 
confusing objects in datasets using rough K-means clustering. Classification models using extracted features 
outperformed conventional models, as evidenced by the findings.

A new field of artificial intelligence research is focused on predicting breast cancer at an early stage. Predicting 
breast cancer in its earliest stages has been the subject of numerous studies involving online approaches and 
prediction algorithms. Online breast cancer prediction is based on fuzzy rule-based classification, whereas fuzzy 
temporal rules are utilised to identify the most significant risk factors. Classifiers are more accurate when they 
use feature selection and fuzzy rule-based classification (22). Using feature filtering techniques, researchers 
were able to detect breast cancer in its earliest stages. Patients' files are mined frequently to identify the most 
important aspects. As models for classification are examined, it is revealed that the Support Vector Machine 
(SVM) outperformed the other models (23). False positive and false negative prediction results were the focus 
of a research report. It is used to rank the most important features in a dataset using the Genetic Algorithm 
technique. SVM is used to classify positive and negative outcomes. The accuracy of the predictions and the cost 
of the predictions were both improved and reduced using this method on two separate datasets (24). SVM, K-
NN, ANN, random forest, and logistic regression are used to predict early breast cancer in another research 
study (25). At first, the most influential features are extracted using Pearson correlation, then the ANN model 
achieves an accuracy of 98% following feature selection. In (26), two breast cancer datasets are utilised to 
distinguish between cancer patients and healthy individuals. ' We utilise a genetic algorithm to pick out the most 
important aspects of datasets to analyse.

3. Methods
This section explains how to compare the performance of different models. Figure 1 depicts a schematic 
representation of the investigation's many stages. This approach was made easier by using Google Colab as a 
computational tool. The suggested framework and the machine learning algorithms employed in this study were 
both programmed in Python. Pre-processing was done using Numpy and Pandas, and supervised classifier 
algorithms were developed using sci-kit learn (NumPy is an open-source Python package that supports efficient 
numerical operations on huge amounts of data). Using the NumPy library, Pandas is a high-level data 
manipulation tool
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Fig. 1. Schematic diagram of the proposed method.
3.1. Data source
Using the UCI Machine Learning Repository's HCV dataset [28], this research was carried out. A total of 615 
hepatitis C patients and blood donors were included in this study. Each patient's record had a total of 13 
variables. Among the tests that were performed were albumin (ALB), alkaline phosphatase (ALP), bilirubin, 
cholesterol (CHOL), creatinine blood test (CREA), choline esterase (CHE), -glutamyl-transferase (GGT), 
aspartate aminotransferase (AST), and total aminotransferase (ALT) (PROT). Age and gender were included in 
the breakdown of the sample. A total of five outcomes of interest were included in this dataset: blood donors, 
suspected blood donors, the hepatitis C virus, fibrosis, and cirrhosis. Patients were found to have HCV in a 
variety of stages of liver disease, ranging from mild chronic hepatitis C infection to advanced liver cirrhosis 
requiring LTx.

3.2. Data Pre-processing
Often, the information gathered from a patient's medical records is not clear. As a result, cleaning up the data 
prior to using it to train machine learning models is a critical step. Processing raw data into a comprehensible 
format to guarantee the range of values and features are similar is called preprocessing. Thus, the raw data was 
first standardised and translated into formats that were better suited for the various machine learning estimators. 
To begin, we eliminated the ID column. The mean value of each variable was used to fill in the blanks in our 
dataset. Using the StandardScaler function, which standardises variables by scaling to unit variance, the data 
normalisation process was completed.

Most of the records were in the same category because of an unbalanced dataset. The classification of data that 
is unbalanced is skewed in favour of the large groups. For the HCV dataset, symmetric minority over-sampling 
(SMOTE) was used to improve the performance of various classification algorithms. A new batch of synthetic 
samples is generated using the KNN algorithm in order to maintain an even distribution across classes in the 
dataset [29].
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3.3. Applied Classification Algorithms
To classify existing data, classification models known as supervised approaches were used in this study. A 
training set (80%) and a test set (20%) were created from the dataset (20 percent ). After that, each classifier 
model was trained using the balanced training data.. The classifier was able to classify patients based on the data 
in the test set following the training phase. Data from the real world was used to evaluate the classifiers' 
performance, which was then broken down into other metrics. A variety of classifiers were used to create the 
models mentioned below, all of which were written in Python v.3.5.

Conclusion
There was no specific grant from a public, commercial, or non-profit funding agency for this research. There 
were a number of drawbacks to the research we conducted. First and foremost, the dataset was small. Because 
the model was built using data from a specific dataset, there may have been overlooked variables that could 
have had a significant impact on the results. It is also possible that the models produced in our study cannot be 
used to predict or diagnose a different disease condition because they were constructed using specific datasets. 
A fourth issue is that the most prevalent machine learning methods were utilised, and more research utilising 
different algorithms is needed to increase prediction accuracy even further. For this reason, we should be 
cautious about extrapolating our findings outside of our study area, as a single center's data may not be typical 
of the entire study population. This means that other centres may come to different conclusions. Further research 
could focus on developing prediction models using deep learning approaches and big datasets.
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