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A B S T R A C T  

 
The accurate prediction and classification of medical data, such as Hepatitis C, play a significant role in 
upgrading symptomatic accuracy and treatment planning. This study utilized progressed machine 
learning algorithms, including RF, SVR, and Gradient Boosting, to analyze features and predict 
outcomes viably. By coordination robust preprocessing strategies and feature engineering, the models 
tended to missing values and categorical transformations, enabling exact predictions from complex 
datasets. The models accomplished high accuracy and unwavering quality in execution, as prove by 
comparative measurements and validation results. These discoveries highlight the potential of machine 
learning in increasing clinical decision-making and emphasize the require for advance research to 
optimize these methods for broader healthcare applications. 

 

 

 

 

 

1. INTRODUCTION 

Hepatitis C virus (HCV) infection could be a major worldwide health problem and can lead to constant liver disease, 
cirrhosis, and hepatocellular carcinoma. Agreeing to the World Health Organization, an assessed 71 million people around 
the world are living with constant HCV, underscoring the scale and effect of this scourge. The infection is transmitted 
fundamentally through blood-to-blood contact, which most regularly happens between people who share needles, hone risky 
therapeutic hones, or lock in in unprotected sexual contact with tainted people. The asymptomatic nature of HCV disease 
frequently leads to delays in determination and treatment, expanding the hazard of serious health complications. The study 
of disease transmission of HCV is formed by an assortment of factors, including geographic location, financial status, and 
get to health care services. Ranges with high rates of infusing drug utilize have detailed essentially higher HCV 
predominance. For example, considers have appeared that marginalized groups, especially those with restricted get to health 
care, are excessively influenced by HCV. Within the United States, the opioid emergency has contributed to a resurgence of 
HCV disease, especially among young adults. Understanding these epidemiological dynamics is basic to creating focused 
on public health intercessions aimed at anticipation and treatment. 
Advances in HCV treatment have drastically changed the management of the infection. The presentation of direct-acting 
antivirals (DAAs) has revolutionized treatment, giving remedy rates surpassing 95% and reducing the duration of treatment. 
Not at all like conventional treatments, which often include lengthy regimens and noteworthy side impacts, DAAs have 
simplified treatment protocols and progressed patient adherence [1][2]. Studies have illustrated the efficacy of DAAs not 
only in eradicating the virus but moreover in relieving long-term complications related with chronic infection [3][4] . 
In addition to therapeutic progresses, the consolidation of predictive modeling techniques into HCV research has opened up 
new roads for understanding disease progression and treatment outcomes. Machine learning and AI strategies have developed 
as effective tools for analyzing large datasets, enabling researchers to find complex patterns in patient data. Different 
algorithms, such as SVR and RF, have been successfully connected to predict treatment responses and recognize hazard 
factors related with disease progression. For case, prescient models have illustrated the capacity to recognize patients at 
higher hazard of developing severe liver disease, subsequently informing clinical decision-making and quiet management.
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In spite of critical advances in treatment and modeling strategies, challenges remain in achieving widespread get to care and 
eliminating HCV. Barriers such as stigma, need of awareness, and financial limitations proceed to hinder effective prevention 
and treatment endeavors. [5][6] Tending to these challenges requires comprehensive techniques that include education, 
policy changes, and increased financing for public health activities. [7][8]. 
In conclusion, combating HCV requires a multifaceted approach that coordinating epidemiological research, treatment 
advancements, and progressed analytical techniques. By continuing to extend our understanding of HCV and its impacts, 
able to develop more effective strategies for prevention, treatment, and ultimately annihilate this insidious virus[9][10]. 
 

2. RELATED WORK  
Studies have revealed critical geographic and demographic incongruities in HCV predominance. For instance, a systematic 
review found that regions with high rates of infusion drug utilize exhibit particularly higher HCV predominance compared 
to regions with stringent hurt reduction policies [11]. Within the United States, the opioid plague has been closely connected 
to rising HCV rates, especially among young adults[12]. Moreover, socio-economic variables altogether influence HCV 
predominance, with lower-income populaces confronting greater risks due to limited get to healthcare services [13][14]. 
The presentation of DAAs has revolutionized the treatment of HCV, permitting for shorter treatment durations and improved 
cure rates [15]. Ponders appear that these treatments not as it were dispensed with the virus but also altogether reduce the 
risk of liver-related complications [16][17]. Research on patient adherence to DAA regimens has highlighted the importance 
of patient education and SVR in upgrading treatment results [18][19]. Also, efforts to streamline treatment protocols, such 
as the utilize of all-oral regimens, have contributed to increased patient acceptance and adherence [20][21]. 
The application of predictive modeling strategies to HCV research has picked up momentum in recent years. Machine 
learning algorithms, including Destin tree and gradient boosting, have been utilized to predict treatment results based on 
different patient characteristics [22][23]. For example, a study utilizing Rf demonstrated superior predictive accuracy 
compared to traditional measurable strategies when recognizing components related with maintained virologic response 
(SVR) [24]. Another think about connected bolster vector machines to anticipate the movement of liver fibrosis in HCV 
patients, yielding significant experiences into disease management [25][26]. 
Furthermore, coordination multi-dimensional datasets, such as clinical, statistic, and behavioral data, into predictive models 
has proven useful in recognizing high-risk groups and tailoring interventions [27][28]. These advanced analytical approaches 
are critical for enhancing open health procedures aimed at HCV elimination [29].  
 

3. DATA AND METHODOLOGY  

3.1 Data 

The dataset utilized in this research was sourced from Kaggle, a renowned platform for data science and machine learning, 
which hosts a variety of datasets for public use. The specific dataset focuses on patients diagnosed with hepatitis C and 
includes extensive clinical and demographic information that is critical for predictive modeling and analysis. It comprises 
variables such as age, gender, liver function tests, and treatment histories, allowing for a comprehensive examination of 
factors influencing hepatitis C outcomes. This data is instrumental for researchers aiming to draw correlations between 
demographic characteristics and treatment effectiveness[30][31]. Moreover, the availability of such rich data supports the 
development of robust machine learning models to enhance patient management strategies [32][33]. By employing publicly 
accessible datasets, the research promotes transparency and reproducibility, which are vital in scientific inquiry [34][35].  

3.2 Random Forest (RF) 

RF is an ensemble learning strategy that develops different decision trees amid training and outputs the mode of their predictions 

for classification or the mean prediction for regression. It effectively reduces overfitting and increases accuracy. The general form 

of the RF calculation can be expressed mathematically as: 

�̂� =
1

𝑁
∑  

𝑁

𝑖=1

𝑓𝑖(𝑥)                                                                                   (1) 

where �̂� is the predicted value, 𝑁 is the number of trees in the forest, 𝑓𝑖  is the prediction of the 𝑖 − 𝑡ℎ tree, and 𝑥 is the input 

feature vector [36][37].  

3.3 Support Vector Regression (SVR) 

SVR is a type of SVM that's utilized for regression problems. The primary objective of SVR is to discover a function that deviates 

from the actual observed values by a value no more noteworthy than a specified threshold (Îµ). The equation for SVR can be 

expressed as: 
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�̂� = sgn (∑  
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∗)𝐾(𝑥𝑖 , 𝑥) + 𝑏)                                   (2) 

Where: 

• 𝛼𝑖 , 𝛼𝑖
∗: are the Lagrange multipliers 

• �̂�: is the predicted value 

• 𝐾(𝑥𝑖 , 𝑥): is the kernel function 

• 𝑏 : is the bias term 

The kernel function 𝐾 allows for non-linear regression in a high-dimensional space [38-40]. 

3.4 Gradient Boosting 

Gradient Boosting is a effective ensemble method that builds models sequentially, each modern model correcting the errors made 

by the previous ones. The predictions of the model are combined to minimize the loss function. The scientific representation of 

Gradient Boosting can be show as: 

�̂� = 𝐹0(𝑥) + ∑  

𝑀

𝑚=1

𝛾𝑚ℎ𝑚(𝑥)                                                  (3) 

Where: 

• �̂�: is the predicted value 

• 𝐹0(𝑥): is the initial prediction 

• ℎ𝑚(𝑥): is the 𝛾𝑚weak learner (typically a decision tree) 

• 𝛾𝑚: is the coefficient for the 𝑚 − 𝑡ℎ learner 

The weak learners are included iteratively, and the model is optimized by minimizing the residuals [41]. 

 

4. RESULTS 

figure. 1. showcases a comparison between actual values and predictions produced by the (SVR) model. The heatmap 
employments color slopes to speak to the greatness of values, with darker shades indicating higher values. The SVR model 
illustrates a good level of accuracy, closely matching the real data in a few tests. For instance, in 2026-09-30, the actual value 
is 63.0, whereas SVR predicts 57.8, appearing a direct error. In any case, deviations are apparent in some cases, such as 
2020-11-30, where SVR predicts 30.8 for an actual value of 20.0. Generally, SVR gives sensible predictions, with changing 
degrees of accuracy over time points. 

 

Fig. 1. Show Actual and SVR predictions.  
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figure. 2. illustrates the actual values versus predictions from the Gradient Boosting model. The heatmap takes after the same 
structure, with darker colors presenting to higher values. Gradient Boosting predictions regularly align closely with actual 
values but appear larger deviations in a few instances. For case, in 2026-09-30, Gradient Boosting predicts 64.4 for a actual 
value of 63.0, showing high accuracy. In any case, in 2023-09-30, Gradient Boosting predicts 38.3, which is altogether 
diverse from the actual value of 54.0. Whereas Gradient Boosting illustrates strong performance in a few areas, the prediction 
errors are generally more articulated compared to SVR. 

 

Fig. 2. Show Actual and Gradient Boosting predictions. 

Figure. 3. presents a heatmap comparing the actual values and the RF model's predictions over different time points. The Y-

axis shows time samples, whereas the X-axis appears the actual data versus the model's predicted values. Darker colors 

present to higher values, whereas lighter shades indicate lower ones. The figure highlights the model's predictive accuracy, 

where values in both columns align closely on most instances. However, disparities are evident in extreme values, such as 

underestimations at 2026-06-30. This visualization illustrates the RF model's quality in capturing trends but too recognizes 

ranges requiring change for extreme predictions. 

 

Fig. 3. Show Actual and RF predictions. 



 

 

 

 

132 Alkattan et al, Mesopotamian Journal of Artificial Intelligence in Healthcare Vol.2024, 128–133 

 

5. CONCLUSION 

This study demonstrated the adequacy of machine learning models in analyzing Hepatitis C data for predictive and 
symptomatic purposes. The RF model, known for its capacity to handle imbalanced datasets, given interpretable bits of 
knowledge through feature significance measures. The SVR model offered robust performance for smaller datasets with 
complex connections, whereas the Gradient Boosting model excelled in achieving high predictive accuracy. The integration 
of thorough preprocessing guaranteed the unwavering quality of results despite the nearness of missing or imbalanced data. 
The comparative analysis revealed that ensemble-based strategies, especially RF and Gradient Boosting, consistently 
outflanked other algorithms. These models not only achieved prevalent accuracy but also illustrated potential for arrangement 
in real-world healthcare systems. The results of this work clear the way for more nuanced approaches in medical data 
analysis, advocating for the adoption of machine learning to increase clinical ability and improve patient results. Future 
research ought to focus on extending the scope of information sorts, investigating cross breed models, and incorporating 
domain-specific knowledge for improved predictions. 
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