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Abstract – The Hepatitis C Virus (HCV) is a serious 

problem in public health that leads to various life-threatening 

conditions, including liver fibrosis, cirrhosis, and 

hepatocellular carcinoma. It is crucial to detect HCV in order 

to timely avoid further complications. The conventional ways 

of diagnosing HCV include laboratory tests and professional 

analysis conducted by medical experts. However, these 

procedures require both time and money. Thus, considering 

the growing capabilities of machine learning algorithms, 

there is a possibility to develop a tool capable of supporting 

healthcare specialists in their decision-making process. The 

present study focuses on developing a machine learning 

algorithm for predicting HCV based on patients' data. First, it 

is necessary to pre-process the obtained data and balance it 

using the Synthetic Minority Oversampling Technique. In 

addition, it is important to perform the feature selection for 

building a Random Forest classifier, which will allow 

detecting HCV infection. Using a public database of HCV 

patients, one can train the proposed model that will have the 

accuracy of nearly 96.6%. 
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1. INTRODUCTION 

The Hepatitis C virus is a viral infection that targets the liver. 

The virus, which causes the disease, is called Hepatitis C Virus 

(HCV). One reason why HCV is referred to as the silent 

infection is that there are no clear signs of infection among 

many patients during the early stages of the illness. However, 

when left untreated, HCV can cause several complications 

such as chronic liver disease, liver cirrhosis, liver failure, and 

even liver cancer. Millions of individuals 

have been affected by HCV annually, according to global 

health organizations. 

The conventional diagnosis for Hepatitis C involves 

conducting a series of tests on the patient's blood in a 

laboratory set-up. Although the procedure yields accurate 

results, it may take some amount of time, effort, and skills 

from health experts. Over the past decade, several machine 

learning approaches have been introduced in the healthcare 

industry to diagnose diseases using the information gathered 

from patients' records. 

Machine learning models can detect trends in patient records 

and predict their status accurately through historical analysis. 

Using variables such as age, sex, albumin, bilirubin, 

cholesterol, and biochemical measurements among others, the 

algorithm can diagnose patients for the infection. 

 

2. Methodology 

The Hepatitis C prediction process consists of a systematic 
approach to machine learning comprising several processes. 

 

2.1 Data Acquisition 

The dataset utilized in the current research consists of 

biochemical and medical data taken from the patients. The set 

comprises such attributes as Age, Gender, Albumin (ALB), 

Alkaline phosphatase (ALP), Alanine transaminase (ALT), 

Aspartate transaminase (AST), Bilirubin (BIL), 

Cholinesterase (CHE), Cholesterol (CHOL), Creatinine 

(CREA), Gamma-glutamyl transferase (GGT), and Protein 

(PROT). These attributes provide key indicators of liver 

functionality. 

2.2 Data Preprocessing 

Data preprocessing is an essential phase aimed at preparing 

data for the next processing stage. Such preprocessing 

activities as removal of unnecessary columns, handling of 

missing or incomplete data, data transformation, and other 

actions are implemented during the data preprocessing stage. 
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2.3 Addressing Class Imbalance Problem 

Class imbalance is one of the problems associated with 

medical datasets. The HCV dataset consists of many healthy 

patients as compared to the patients who are infected. Class 

imbalance can adversely affect the prediction result. The 

Synthetic Minority Oversampling Technique (SMOTE) is 

used to tackle this problem by generating synthetic instances 

for the underrepresented class so that the datasets become 

balanced. 

2.4 Feature Extraction 

Feature extraction refers to choosing features or input 

attributes that play a role in predicting the status of patients. 

The extracted features are separated from the target variable 

that denotes healthy or infection of the patients. 

 

2.5 Model Training 

The dataset is partitioned into training and testing sets. A 

Random Forest classifier is used as a machine learning 

technique to build a disease prediction model. Random Forest 

is preferred as it ensures accurate predictions as well as is 

robust and resistant to overfitting. 

The algorithm learns how to predict the status of patients 

according to their attributes. 

2.6 Prediction and Model Evaluation 

After training, the model is tested to predict its accuracy rate. 

For prediction purposes, testing is conducted to know how 

well the algorithm predicts outcomes according to the 

attributes of patients 

 

Results: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig-1: System Interface 
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Fig-2: Prediction Normal Case 
 

 

 

 

 

 

 

Fig-3: Prediction Risk Case 

 

 

3. DISCUSSION 

The system was successfully developed by employing Python 

along with machine learning libraries. The initial dataset had a 
severe problem with class imbalance, as it had 

526 patients' records representing the "no-disease" category 

and 63 patients' records from the "with-disease" category. 

After SMOTE implementation, the balanced dataset had 427 

patients' records in each class. 
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In terms of prediction power, the Random Forest classifier 

was able to provide good results. The overall accuracy was 

about 96.6%. This shows that the model is capable of 

accurately classifying the vast majority of patients' records. 

Experiments were conducted on normal and abnormal patient 

datasets. 

When presented with records of normal patients 

containing no abnormalities in liver biochemical function 

values, the system would make the prediction "HCV 

Negative." On the other hand, when provided with records of

 abnormal patients containing liver function 

abnormalities, the system would predict "HCV Positive." 

Overall, the obtained high accuracy of prediction proves 

that the Random Forest model can be employed effectively in 

predicting various diseases in patients. In addition, the 

application of SMOTE helped solve the problem with class 

imbalance. Thus, the developed model can become a useful 

tool for medical practice. 

4. CONCLUSIONS 

 
The current paper managed to develop an efficient machine 

learning algorithm for HCV disease predictions. The designed 

framework considers the implementation of data pre-

processing, feature extraction, class balancing with SMOTE 

approach, and the use of the Random Forest algorithm for the 

development of the final classification model. It was possible 

to reach an accuracy level of approximately 96.6% in the 

process. Several advantages are associated with the usage of 

the proposed framework. Among such benefits, there should 

be mentioned faster diagnostics, reduced labor costs, 

increased prediction accuracy, as well as assistance in clinical 

decisions. As a result, the early identification of HCV patients 

is going to be possible. As for future developments, it is 

necessary to mention that in the future it will be possible to 

integrate big data approaches, the use of deep learning 

algorithms, cloud deployment opportunities, as well as real-

time healthcare management systems. 
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