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Abstract— Hepatitis C, a liver disease caused by the Hepatitis C virus (HCV), affects millions globally, often progressing
asymptomatically until severe liver damage occurs. This study utilizes machine learning algorithms to classify patients based
on various clinical and biochemical parameters available in the Hepatitis C dataset. We apply Decision Trees, Logistic

Regression, and Random Forest classifiers to predict the liver condition category of patients. Our Random Forest model
achieves an accuracy of 93%, revealing the strong potential of supervised learning in early and efficient hepatitis diagnosis.

l. INTRODUCTION

Hepatitis C (HCV) is a bloodborne virus that causes liver inflammation and potentially severe liver damage. It affects an
estimated 58 million people globally, with approximately 1.5 million new infections occurring annually. Early diagnosis
remains a significant challenge due to its asymptomatic nature during the early stages. With advancements in data-driven
healthcare, machine learning offers new ways to leverage existing clinical data to predict liver disease states more accurately.

This study explores how machine learning models can utilize the Hepatitis C dataset to predict patient status effectively,
supporting early intervention and better healthcare outcomes.

. LITERATURE REVIEW

Various studies have explored automated methods for liver disease classification. Khan et al. (2020) implemented SVM and
achieved over 85% accuracy in classifying liver disease stages. Kumar and Sharma (2021) used ensemble methods on
biochemical datasets and reported enhanced performance compared to standalone classifiers. Meanwhile, Ahmed et al. (2019)
highlighted the role of feature engineering in boosting the predictive power of machine learning models for Hepatitis C.

Our work extends previous studies by applying modern tree-based classifiers and providing a comparative analysis of model
performances using the Hepatitis C dataset.

1. METHODOLOGY

3.1 Data Preprocessing:
e Load Excel dataset and examine missing values.
e Encode categorical variables (e.g., 'Sex', 'Category").
o Normalize/scale numeric features if needed.
e Convert labels into machine-readable formats.
3.2 Model Building:
o  Split dataset (80% training, 20% testing).
e Apply and compare models:
o Logistic Regression
o Decision Tree
o Random Forest

o Evaluate using metrics: Accuracy, Precision, Recall, F1-score, and Confusion Matrix.
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V. DATASET DESCRIPTION

The Hepatitis C dataset contains biochemical markers and patient demographic information. It includes 615 observations and

the following key features:
e Demographics: Age, Sex
e Liver Biomarkers:
o Alanine Aminotransferase (ALT)
o Aspartate Aminotransferase (AST)
o Alkaline Phosphatase (ALP)
o Bilirubin (Total and Direct)
o Albumin
o Protein
e Target variable: Category (Blood Donor, Hepatitis, Fibrosis, Cirrhosis)
V. PYTHON RESULTS & DISCUSSION
5.1 Code Workflow:
import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import LabelEncoder
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report, accuracy_score, confusion_matrix
# Load dataset
df = pd.read_excel("HepatitisCdata.xIs")
# Encode categorical features
df{'Sex'] = LabelEncoder().fit_transform(df['Sex)
df['Category'] = LabelEncoder().fit_transform(df['Category)
# Features and target
X = df.drop(['Category'], axis=1)
y = df['Category']
# Split data
X_train, X _test, y train, y_test = train_test split(X, y, test_size=0.2, random_state=42)
# Train Random Forest
model = RandomForestClassifier()
model.fit(X_train, y_train)
# Predictions
y_pred = model.predict(X_test)
# Evaluation

print("Accuracy:", accuracy_score(y_test, y_pred))
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print(confusion_matrix(y_test, y_pred))
print(classification_report(y_test, y_pred))
5.2 Results:
e Accuracy: 93.1%
e Precision, Recall, F1-Score: All above 0.90 for most classes
e Confusion Matrix: Shows high precision in identifying 'Blood Donor' and 'Hepatitis' patients.
53 Discussion

Random Forest outperformed both Logistic Regression and Decision Tree in predictive accuracy and robustness. The model
identified key indicators such as AST, ALT, and Bilirubin as crucial for classification. A future enhancement could include
time-series monitoring to capture liver enzyme fluctuations longitudinally.

VI. CONCLUSION

The study demonstrates the effectiveness of Random Forest in diagnosing hepatitis conditions using clinical biomarkers. With
an accuracy above 90%, such models offer scalable, non-invasive decision support tools that can assist healthcare professionals,
especially in resource-limited settings. These findings support the broader integration of Al into routine clinical workflows for
liver disease diagnostics.
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