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ABSTRACT

Hepatitis C is a viral infectious disease caused that
affects 58 million people globally making it a
public health crisis, and it is reported that 20-30%
of cases develop to severe liver disease. This
creates the need for data-driven based method that
such as Machine learning that depends on data
inputs in making accurate outputs with high
precision. This study explores the use of Machine
learning algorithms in optimizing the detection of
hepatitis C status of patients. This research utilizes
a publicly available dataset that contains 12
explanatory features and one target feature that
addresses the patient’s diagnosis status. Data
preprocessing techniques such as checking of
missing values, assessment for possible outliers and
Exploratory data analysis was carried on the dataset
to improve the quality of the dataset for predictive
analysis. The EDA results reviews that majority of
the features had significant relationship (p-value <
0.05) with the target variable. Also, we observed
the distribution of the disease diagnosis by gender
reviews that females showed higher prevalence,
and when we consider age, older people are more
likely to contract the HCV. This result aligns with
research findings from recent studies. The dataset
was scaled and separated using a ratio split of

80:20 (80% of data for training). We applied
SMOTE algorithm to the training data to balance
the diagnosis distribution of the target variable. The
model was trained using a wide parameter space
using a cross-validation fold of 10 to select the best
parameters. The ML models evaluated in this
research include Logistic Regression, Support
Vector Machine, Random Forest, XGBOOST,
Decision Tree, and Extra Trees. The model
performance metrics shows that XGBOOST was
superior with an accuracy score of 98%, followed
by Random Forest (97%), Decision Tree (94%),
Extra Trees (93%), SVM (92%), and Logistic
Regression (87%). The Kappa statistics for
XGBOOST which was estimated as 0.8827 shows
that difference between the predicted instances and
the actual instances was minimal. The performance
metrics of the XGBOOST was also contrast with
ML algorithms trained by recent researchers in
detecting HCV and it shows our model was more
precise underscoring the significance of data-
preprocessing,  feature-scalingg, SMOTE and
hyperparameter tuning in predictive analysis in
healthcare.

KEYWORD: Machine learning, Hepatitis C,
Imbalanced dataset
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l. INTRODUCTION

Sugerman (2014) described Hepatitis C as
a blood-borne viral infection that affects the liver
primarily and it was reported by Safioleas & Manti,
(2007) to be associated with diseases such as
cirrhosis, and hepatocellular carcinoma. According
to Sugerman (2014) study, 20-30% of the reported
cases of HCV develop into severe liver disease
over time. A reported population of 58 million
people is infected with Hepatitis C globally
(Mahdyeh et al., 2024). This high global prevalence
underscores the need to develop a vaccine for
hepatitis C, and based on our findings, there’s no
vaccine for controlling this disease (Halliday et al.,
2011). This creates a gap for early identification of
Hepatitis Virus to mitigate its spread and improve
patient outcomes. Recent studies highlight the
proficiency of Artificial intelligence algorithms in
detecting hepatitis C efficiently. Machine learning
algorithms have reported to be efficient in
predicting obesity risk, diabetes, and kidney related
diseases with high precision and accuracy (Sule. H
et al., 2025; KM, 2020; Afia et al. 2023). These
studies underscore the significance of integrating
ML algorithms in optimizing the detection of
infectious disease. The primary aim of this study is
to explore the efficiency of various ML algorithms
which includes Random Forest, XGBOOST,
Decision Tree, Extra Trees, Support Vector
Machine, and Logistic Regression in predicting the
HCV status of patients with high precision and
accuracy.

This research structure includes Section
2.0 which focuses on related studies that adopted
ML algorithms in optimizing the detection of HCV;
Section 3.0 focuses on the description of the
proposed research methodology and the metrics
used in evaluating the ML algorithms; Section 4.0
discusses the research findings of the EDA and ML
algorithms with relation to predicting HCV;
Section 5.0 and 6.0 focus on assessing the results
with results from recent studies and the research
conclusion.

1. RELATED STUDIES

Heba et al. (2023) investigated the
performance of four ML algorithms which includes
as Naive Bayes, Logistic Regression, Random
Forest (RF), and K-nearest neighbor (KNN)
predicting HCV. The study results reviews that
Random Forest yielded the highest accuracy of
94.06%, Logistic Regression & Naive Bayes
93.01%, and KNN 92.66%.Hashem et al. (2020)
developed a ML-based framework for predicting
hepatocellular carcinoma status of patients. The

study utilized Logistic Regression, Decision Tree,
and Classification and Regression Tree (CART).
The study reported Decision Tree has the best
model with an accuracy of 99%. KayvanJoo et al.
(2014) applied Decision Tree, Support Vector
Machine, Naive Bayes, and Neural Network on
viral nucleotides results in predicting HCV. The
authors utilized various feature selection techniques
which includes Chi-square, Gini-index, Deviation,
Info-Gain, Info-Gain  Ratio, SVM, PCA,
Uncertainty, Relief, and Rule. The study results
reported an average accuracy of 85%. Satish et al.
(2020) investigated the efficiency of KNN, NN,
SVM, GNB and RF in handling both binary and
multiclass prediction of HCV. The study results
conclude that KNN attained the highest accuracy of
54.56% in both the multi and binary classification
cases.Nahla et al. (2019) applied ML in optimizing
the prediction of liver fibrosis. The study observed
that Random Forest attained the best prediction
results with an AUC score 0.903 (fibrosis), 0.894
(advanced fibrosis) and 0.822 (mild/advanced
fibrosis). Mahdyeh et al. (2024) applied SMOTE
and feature selection in improving the performance
ML models in predicting HCV. The study utilizes
ML models like Random Forest, Decision Tree,
XGBoost, AdaBoost, and logistic regression. The
study results indicated that AdaBoost attained the
best performance combining an ANOVA feature
selection strategy. Azadeh et al. (2023) applied data
mining technique in combination with ML
algorithms which includes Support Vector Machine
(SVM), K-nearest Neighbors (KNN), Logistic
Regression, decision tree, extreme gradient
boosting (XGBoost), and Artificial Neural
Networks (ANN). The researchers highlighted that
SVM and XGBOOST attained the best accuracy. A
comparative  analysis which integrated ML
algorithms Logistic Regression, Random Forest,
Decision Tree, C4.5 and Multilayer perceptron
classifiers in predicting HCV (N Komal Kumar &
D Vigneswari; 2019). The study results shows that
Random Forest had the highest predictive accuracy
of 90.32%. Umesh et al. (2023) integrated a hybrid
RF and SVM in predicting HCV using SVM, DT,
RF, BGLM, and MARS. The study assessed the
performance ML algorithms using two cross-
validation split 5 and 10 to train these models. The
proposed method attained its best performance
using k=10 of 96.29%.

1. METHODOLOGY
3.1 Data Description

The dataset used in this study is a publicly
available dataset on the Kaggle database. The
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dataset contains 615 patient records made up of
both demographics of the patients, which are age &
sex, and the physiological factors Albumin,
Alkaline Phosphatase, Alanine Aminotransferase,
Aspartate Aminotransferase, Bilirubin,
Cholinesterase, Cholesterol, Creatinine, Gamma-
Glutamyl Transferase, and Protein. The target
variable of the dataset is the hepatitis C diagnosis

status, which is distributed into the following
categories: Blood Donor, Suspect Blood Donor,
Hepatitis, Fibrosis, and Cirrhosis. We recalibrated
this hepatitis C diagnosis status into negative and
hepatitis C (positive) diagnosis by encoding Blood-
Donor and Suspected Blood Donor as negative
outcomes, and others were tagged as positive cases.

Table 1.0: Dataset description

Features Type Missing Values
Category (Diagnosis) Categorical No
Age Integer No
Sex Binary No
ALB(Albumin) Continuous Yes
ALP(Alkaline Phosphatase) Continuous Yes
ALT(Alanine Aminotransferase) Continuous Yes
AST (Aspartate Aminotransferase) Continuous No
BIL(Bilirubin) Continuous No
CHE(Cholinesterase) Continuous No
CHOL (Cholesterol) Continuous Yes
CREA(Creatinine) Continuous No
GGT(Gamma-Glutamyl Continuous No
Transferase)

PROT (Total Protein) Continuous Yes

3.2 Data Preprocessing

Data preprocessing can be described as a
strategy used to improve the quality of the dataset
S0 as to extract credible insight from the dataset. It
encompasses data handling, missing values,
treating outliers, and addressing dataset imbalance
(Kommareddy, 2022). In this study, we examined
the dataset for missing values and replaced these
values using median values. The dataset was
reviewed for possible outliers, and the features with
outliers were treated by replacing these values with
their median values. This was done to improve the
quality of the predictive model (Kalisch et al.,

2015). The cleaned dataset was analyzed using an
exploratory approach, using charts to visualize the
trends and relationships between the input features
and the target variable. The distribution of
diagnosis classes was examined for data imbalance
as it poses significant challenges to the model
prediction (Altalhan et al., 2025). This issue was
addressed using the SMOTE strategy. The predictor
variables were scaled using Standardization, and
the data set was separated using a split ratio of
80:20 to evaluate the performance level of the ML
algorithms selected in this study.

Counts of Hepatitis € Diagnosis Status

nao

Status

Figure 1.0: Distribution of Hepatitis C diagnosis status
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3.3 Feature Scaling

Feature scaling can be defined as a
method used in ML which involves normalization
of explanatory variables to improve the outcome of
the predictive process (Islam, 2024; Ozsahin et al.,
2022). This study utilizes the Standard Scaler
Python method in normalizing the input features of
the ML algorithms selected. The method utilizes
the feature mean and standard deviation in scaling.
The mathematical representation of the formula is
shown below.

X— |
x =—— (1.0)

Wherex is the observations,u is the
average value of a given feature, and o is the
standard deviation of the feature and x' is the scaled
data point.

3.4 Smote Strategy for Class Imbalance

In this study, we utilize SMOTE in
addressing the data imbalance of the output feature.
This is achieved through a process of linear
interpolation based on k-nearest neighbor algorithm
(Hairani et al. 2024).This strategy was

. R S i

Figure2.0: Boxﬁlot for the continuous features
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implemented in this study using the Python
imblearn library on the train dataset to prevent
issues of data linkage.

3.5 Train-Test Split

Train-Test split is strategy used in ML
development process to separate the data of interest
into train and test sections for training and
evaluating of the generalization of the model (Tan
et al. 2021). This study applied an 80:20 train-test
split in building the proposed ML algorithms.

3.6 Cross-Validation

Lei Tang (2008) described Cross-
validation as statistical method used in
development of ML algorithms in separating the
data into train and validation sections or folds.
Bhagat & Brijesh Bakariya, (2025) stated that the
significance of the process helps in ensuring
reliability and addresses overfitting. This study
applied a cross-validation fold of 10 in developing
the proposed ML algorithms.
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3.7 Machine Learning Algorithms

Table 2.0: Description of the Machine learning algorithms

Algorithm(s) | Model Description

Logistic Logistic regression can be described as a supervised ML algorithms used specifically

Regression for classification related task. This model has been reported to show in good
predictive performance in the field of medical research according to Boateng &
Abaye (2019) and Makalic & Schmidt (2010).

XGBOOST This model can be described as a gradient boosting-based model that uses a sparsity
aware algorithm, tree learning, and data compression in modelling the output of
processes using selected inputs (Fafalios et al., 2020; Chen & Guestrin, 2016).

Random Random Forest can be defined as a tree-based model that combines the predictive

Forest capacity of multiple decision trees using a bootstrapping approach in both regression

and classification related task (Liu et al., 2012; Gislason et al., 2004)

Decision Tree

Decision Tree is a tree-based that uses hierarchical structure of nodes and
partitioning of data into subspace to create structures to reach the final outcomes at
leaf nodes (Babar, 2024).

Extra Trees Extra Trees can be described as tree-based model which have speed and memory
efficiency and as been reported to suitable for dealing with streaming data and
medical data (Mastelini et al., 2022; Paul et al., 2024).
Support Support Vector Machine can define as supervised ML algorithms that uses decision
Vector boundaries and planes by maximizing the margins between classes to make
Machine predictions (Bharadwaj et al., 2021).
Table 3.0: Machine learning algorithms Hyperparameters space
Model(s) Hyperparameters and  Their | Optimal parameters
Value Ranges
Support Vector Machine C: [0.0001, 0.001, 0.01, 0.1], | C: 0.1, gamma: 'scale’, kernel:
kernel: ['linear’, 'rbf], gamma: | 'rbf

['scale’, 'auto']

Random Forest

n_estimators: [100, 150, 200, 250],
max depth: [None, 5, 6, 8, 10],

min samples split: [2, 5, 8], min
samples leaf: [1, 2], max_features:
['sqrt, 'log2"

max depth: 10, max features:
'sgrt’, min samples_leaf: 2,
min_samples split": 2,
n_estimators: 250

XGBOOST

n_estimators: [50, 100, 150, 200],
max depth: [3, 5, 8, 10], learning
rate: [0.0001, 0.001, 0.01, 0.1],
subsample: [0.8, 1.0], colsample
bytree": [0.8, 1.0]

colsample bytree: 0.8, learning
rate: 0.1, max depth: 3,
n_estimators: 100, subsample’:
0.8

Decision Tree

criterion: ['gini’, ‘entropy'], max
depth: [None, 5, 10, 20], min
samples split: [2, 5, 10], min

samples leaf: [1, 2, 4]

criterion:  'gini',  maxdepth:
None, min samples leaf': 1, min
samples split: 5

Logistic Regression

penalty: ['11', '127, C: [0.00001,
0.0001, 0.001, 0.01, 0.1, 1, 10, 50]

C: 0.1, penalty: '12'

Extra Tree

n_estimators: [100, 150, 200, 250],
criterion: ['gini’, ‘entropy’], max
depth: [None, 10, 20], min samples
split: [2, 5], min samples leaf: [1,
2]

criterion: 'entropy’, max depth:
20, min samples leaf: 2, min
samples split: 2, n_estimators:
200
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3.8 Model Evaluation
Table4.0: Model performance metrics

Metrics Description Formula

Accuracy Accuracy can be defined as the TP + TN

fraction of instances (both positive TP + FP + TN + FN

and negative) captured correctly by

model.

Precision Precision can be defined as the TP

ratio of positive instances retrieved TP + FP

by the model.

Recall Recall can be described as the ratio TP

of positive instances captured TP + FN

accurately by the system.

F1-score F1-score can be described as the Precision * Recall

harmonic mean of the precision * (Precision + Recall)

and recall.

Kappa Kappa statistic is used to measure

the chance agreement between the

predicted outcome and the actual

outcome.

Data Pre-processing

.

Exploratory Data
Analysis (EDA) on
Claned Dataset

'

Feature Scaling
SMOTE for Class Balancing

!

Train-Test Split (80;20)

perparameter Tuni
using Cross-Validation
Split {cv=10)

Model Evaluation

v

Model Prediction

Figure 3.0:Machine Learning Model Development Workflow

V. RESULT FINDINGS target variable and the predictive performance
This section focuses on the demographic metrics of the ML algorithms evaluated in this
distribution of hepatitis C status of patients, study.

relationship between the input features and the
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Figure 4.0: Distribution of Hepatitis C Status by Demographlc -Characteristics and Correlation analysis

Figure 4.0 shows the Distribution of
Hepatitis C Status by patients’ demographic
characteristics and the correlation analysis between
the predictor variables and the target variable. The
plot shows that the distribution of hepatitis C by
gender indicated a higher prevalence in females
compared to males (Female (53) vs male (22)),
indicating that female patients surveyed in this
dataset showed higher prevalence. The distribution
of hepatitis C by age suggested that hepatitis C has
a higher prevalence in older patients compared to
younger patients. However, the correlation analysis
reveals that only gender had a significant
relationship (p-value < 0.05) with the target

variable. Also, the physiological factors utilized in
this study which includes Albumin (0.46), Alanine
Amino transferase (0.22), Bilirubin (0.16),
Cholinesterase (0.23), Cholesterol (0.09), Creatinin
(0.12), Gamma-Glutamyl Transferase (0.23), and
Total Protein (0.09) all had a significant (p-value <
0.05) positive relationship with the target variable.
Albumin had the strongest relationship with the
target, suggesting it has the highest contributory
role in determining the patient’s hepatitis C
diagnosis status. It was also observed that ALP
(0.03, p-value > 0.05) was the only predictor
variable, alongside age, that did not show a
significant relationship with the target variable.

Table5.0: Machine Learning algorithms performance metrics

Model(s) Accuracy | Recall Precision F1-score Kappa
Statistic

SVM 0.92 0.87 0.80 0.83 0.6595
XGBOOST 0.98 0.93 0.96 0.94 0.8827
Random Forest 0.97 0.90 0.95 0.92 0.8389
Decision Tree 0.94 0.88 0.86 0.87 0.7417
Logistic 0.87 0.84 0.72 0.76 0.5281
Regression

Extra Trees 0.93 0.81 0.83 0.82 0.6482
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Figure 5.0: ROC-AUC plot

Table 5.0 shows the performance metrics
of the Machine learning algorithms considered in
this study. The results show that XGBOOST was
the optimal model with an accuracy of 0.98, a

recall of 0.93, a precision of 0.96, an F1-score of

0.94, and a kappa statistic of 0.8827. The high
kappa statistic of the model shows minimal
deviation between the predicted diagnosis outcome
and the actual outcome. The Random Forest model
also showed a significant accuracy of 0.97, a recall
of 0.90, a precision of 0.95, an fl-score of 0.92,
and a kappa statistic of 0.8389. This result reflects
the strong predictive capacity of XGBOOST and
Random Forest in determining the Hepatitis
Disease status of patients. Decision Tree and
Support Vector Machine (SVM) both attained an

accuracy of (0.94, 0.92), recall of (0.88, 0.87), and
precision of (0.86, 0.80). However, the Decision
Tree outperforms the Support Vector Machine in
terms of Kappa statistics (0.7417 vs 0.6595). The
Extra Trees model outperformed the Support Vector
Machine and Logistic Regression models in terms
of a higher accuracy (0.93) and Kappa statistic
(0.6482). Figure 5.0 shows the ROC-AUC plots,
and it indicates the superiority of XGBOOST over
the other algorithms based on the model AUC
value (0.99). Figure 3.0 shows the confusion matrix
over the test dataset of the Machine learning
algorithms, and it shows that XGBOOST and the
Random Forest model dominate in capturing the
actual instances with minimal error.

Table6.0: Best Model (XGBOOST) performance metrics

Recall Precision F1-score
0 0.98 0.99 0.99
1 0.93 0.87 0.90

Table 6.0 shows the performance metrics
of the best-performing model (XGBOOST). The
results shows that the negative cases had a strong
recall = 0.98, precision = 0.99, fl-score = 0.99,
while the prediction of the hepatitis C cases had a
recall score of 0.93, precision of 0.87 and f1-score
of 0.90. These results suggested a reduced

precision in detecting the positive cases while
minimizing false negative which crucial in health
predictive analysis (Ahamd et al. 2019; Liu et al.
2019). In summary, these results show the
superiority of ensemble-based model in predicting
Hepatitis C status with high accuracy and
reliability.
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Figure 6.0: Confusion Matrix of the Machine learning algorithms

Table 7.0: Comparative performance with Recent Studies

Author(s) Algorithm(s) Best-Accuracy
Ali MohdAli et al. (2023) (Artificial Neural Network, K- | KNN (83.1%)
Nearest Neighbor, Random Forest,
Decision Tree, Logistic
Regression) + SMOTE
Anjuman et al. (2024) Logistic  Regression,  Support | SVM (RBF Kernel) 92%
Vector Machine (RBF Kernel),
Decision Tree
Dritsas and Trigka (2023) \oting classifier with 10-fold 80.1%
cross-validation and SMOTE
Umesh et al. (2023) SVM, DT, RF, BGLM, MARS+ | 96.29%
SMOTE
Proposed Method Data preprocessing + feature- | XGBOOST (98%)
scaling + SMOTE+
hyperparameter  tuning+ ML
algorithms

V. DISCUSSION

This study's main focus was to investigate
the significance of integrating ML algorithms in the
optimization of HCV diagnosis. The study's
statistical analysis reveals a higher prevalence of
HCV in females compared to males. This outcome
aligns with findings that attribute this to female
who inject drugs into their system being more
likely to contract HCV. HCV distribution by age
shows higher prevalence in older patients,
indicating that older patients are prone to liver-
related diseases that younger patients (Van Dooren
et al., 2014; Alvarez et al., 2016). The causes of

diseases in older patients could be attributed to
factors such as hepatic and extrahepatic
comorbidities, including diabetes, cardiovascular
diseases, and neurocognitive impairment (Reid et
al., 2017). The correlational analysis reveals that all
the predictor variables had a significant
relationship (p-value < 0.05) with the hepatitis C
disease outcome, except age and ALP. Albumin
was observed as the variable that showed the
contributory effect in determining the outcome of
the hepatitis C status of patients, making it a
significant predictor of liver-related complications
and death in chronic hepatitis C patients (Bonis et
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al., 1999). The Machine learning algorithms were
trained using a ratio split of 80:20 using SMOTE to
balance the target variable and a cross-validation
split fold of 10 to train the model and select the
optimal parameters. The table shows the optimal
parameter attained for each model using a CV of
10. The performance metrics of the ML algorithms
show that XGBOOST and Random Forest yielded
the best performance based on the accuracy (98%,
97%) and kappa statistics (0.8827, 0.8827).
Decision tree, Extra Trees, and SVM had an
accuracy of (94%, 93%, 92%) with a precision
score of (86%, 83%, 80%). The model's kappa
statistic was estimated as (0.7417, 0.6482, 0.6595).
The Logistic Regression model had the lowest
accuracy score of 86% with a kappa statistic lower
than 0.6. Table 6.0 shows the XGBOOST model
summary report, and it indicates that the model
prediction is robust and generalized well over the
unseen dataset. The model performance in this
study was compared with that of recent studies.
The results indicate that our proposed model
performed well with an accuracy score of 98%.
This shows the effectiveness of both tree-based
algorithms, particularly XGBOOST, in bridging the
gap of optimizing early detection of hepatitis C
with high precision and accuracy.

VI. CONCLUSION

This study evaluates the proficiency levels
of different ML algorithms in predicting Hepatitis
C. The study results review that hepatitis C
diagnosis distribution by sex shows that females
have higher chances of contracting the disease,
while the diagnosis distribution by age shows that
older people have higher prevalence levels. The
proposed method used in this study underscores the
significance of addressing data preprocessing, class
imbalance using SMOTE, and hyperparameter
tuning selection of the optimal parameters for
improving the outcomes of predictive models. The
proposed models yielded an accuracy score within
the range of 88%-98% with XGBOOST having the
highest accuracy score of 98%, recall of 93%,
precision of 96%, and fl-score of 94%. Also, the
model kappa statistics further ascertain the
robustness of XGBOOST over the other models,
with a value of 0.8827 showing minimal deviation
between the predicted values and the actual values.
This model, when compared with those of recent
studies by Ali M. et al. (2023), Anjuman et al.
(2024)& Umesh et al. (2023), shows our model
superiority in terms of accuracy. This further shows
XGBOOST's superiority over models like SVM,
Decision Trees, Logistic Regression, Extra Trees,

Acrtificial Neural Network, K-Nearest Neighbor,
and Random Forest. We recommend that future
studies explore the use of Generative Atrtificial
Intelligence models in bridging the gap in
developing personalized systems for addressing
patients with hepatitis C.
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