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Introduction
Hepatitis C Virus (HCV) is recognized as a major public health 
problem worldwide and is one of the most common causes of 
liver disease. Long-term complications include life-threatening 
conditions such as cirrhosis and hepatocellular carcinoma. 
Early diagnosis of HCV infection is crucial to improve 
treatment success and prevent progressive liver damage. 
However, the limitations of traditional diagnostic methods 
and the complex underlying biological processes make it 
difficult to accurately identify HCV infection [1-4]. HCV 
affects approximately 71 million people worldwide, with the 
highest prevalence in the Eastern Mediterranean and European 
regions [5]. Transmission is primarily through exposure to 
infected blood, with risk factors including injection drug use 
(accounting for the majority of new infections in high-income 
countries), inadequate infection control during healthcare 
procedures, unscreened blood transfusions (especially in low-

income countries), and, less commonly, sexual transmission 
and mother-to-child transmission [6]. The infection has a 
remarkable chronicity rate of 55–85%, with geographic 
variation in genotype distribution—genotype 1 predominates 
in North America and Europe, while genotypes 3 and 4 are 
more common in South Asia and Africa, respectively. Despite 
the availability of highly effective direct-acting antiviral 
therapies that provide cure rates exceeding 95%, significant 
public health challenges remain, including late diagnosis due 
to the asymptomatic nature of early infection, limited access 
to testing and treatment in many regions, and the lack of an 
effective vaccine. These factors contribute to HCV remaining 
a major cause of liver cirrhosis and hepatocellular carcinoma 
globally [5].

Machine Learning (ML) is increasingly used in the development 
of decision support systems in healthcare. In particular, for 
the diagnosis of complex diseases such as HCV, ML models 
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can provide highly accurate diagnostic models by utilizing 
large data sets. However, the interpretability of the decision 
processes of these so-called “black box” models is critical 
for reliability in medical applications. Clinicians want to 
understand how ML models that influence treatment decisions 
work, as this is essential to avoid misdiagnosis and maintain 
patient trust. Therefore, XAI methods are used to explain 
the complex decision processes of ML models and generate 
meaningful interpretations. XAI is a set of methods developed 
to make the decision processes of ML models transparent and 
understandable by humans. It reveals how traditional “black 
box” models generate predictions, which data features play a 
critical role in decisions, and how these features interact with 
each other [7-12].

In this study, Explainable Artificial Intelligence (XAI) 
techniques such as SHapley Additive Explanations (SHAP) 
and Accumulated Local Effects (ALE) are applied to reveal 
how Random Forest (RF) and Extreme Gradient Boosting 
(XGBoost) models make decisions. SHAP shows the degree 
of contribution of each feature to model predictions and 
the interactions between features, while ALE analyzes the 
local effects of individual features on the target variable and 
decomposes the “black box” structure of the model. With these 
approaches, medical experts have the tools to understand which 
biological parameters the model prioritizes and how they affect 
disease risk [13-15].

The aim of this study is to evaluate the performance of ML 
models in diagnosing liver diseases in the HCV dataset and 

to integrate XAI methods to explain the decision processes of 
these models. Within the scope of the study, the performance 
of the models built using RF and XGBoost algorithms 
were compared and the interpretability of the models was 
improved with SHAP and ALE analyses. The potential of 
ML-based approaches in the diagnosis of HCV infection and 
recommendations for their reliable integration in medical 
applications are presented.

Material and Methods
Dataset and related factors

The purpose of this study is to look at the feasibility of 
predicting the characteristics and risk factors of HCV. The 
output variable (diagnosis) is classified into the following 
categories: Blood Donor (Healthy persons) 533 (86.7%), 
Suspect Blood Donor (persons with possible liver disease) 7 
(1.1%), Hepatitis 24 (3.9%), Fibrosis 21 (3.4%), and Cirrhosis 
30 (4.9%), for a total of 615 samples. The open-access dataset 
utilized in the research was acquired from the following source: 
https://archive.ics.uci.edu/dataset/571/hcv+data [16]. The 
variable's include Gender, Cholesterol (CHOL), Creatinine 
(CREA), Age, Alanine aminotransferase (ALT), Gamma-
glutamyl transferase (GGT), Alkaline phosphatase (ALP), 
Total protein (PROT), Cholinesterase (CHE), Bilirubin (BIL), 
Albumin (ALB), and Aspartate aminotransferase (AST). As 
this study was based exclusively on publicly available open-
access datasets, ethical committee approval was not required. 
RF and XGBoost black box algorithms from ML models were 

Table 1. Input and output characteristics of Hepatitis C Virus

Variable/Feature Description Type Role

Diagnosis Health status of the individual (0=Blood Donor,1=suspect 
Blood Donor, 2=Hepatitis, 3=Fibrosis, 4=Cirrhosis) Categorical Output

Age Individual's age Quantitative Input

Sex 1=Male, 2=Female Categorical Input

ALB Albumin Quantitative Input

ALP Alkaline phosphatase Quantitative Input

ALT Alanine aminotransferase Quantitative Input

AST Aspartate aminotransferase Quantitative Input

BIL Bilirubin Quantitative Input

CHE Cholinesterase Quantitative Input

CHOL Cholesterol Quantitative Input

CREA Creatinine Quantitative Input

GGT Gamma-glutamyl transferase Quantitative Input

PROT Total protein Quantitative Input
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employed with these variables, and SHAP, and ALE plots were 
constructed to assess the model's interpretability, as well as 
the contributions and interactions of the variables to model 
predictions. Table 1 displays the variables' inputs and outputs.

Biostatistical data analysis

Median and interquartile range were used to summarize 
quantitative variables. For variables not normally distributed, 
the Kruskal-Wallis H test was used to investigate associations 
between quantitative factors and HCV diagnosis. Bonferroni 
correction was used for multiple comparisons between groups 
with significant differences. Pearson Chi-Square test was used 
to examine the relationship between qualitative variables. 
The model performances of Random forest and XGBoost 
algorithms from machine learning models were calculated 
and the model was interpreted with explainable artificial 
intelligence methods. In all hypothesis test results, p < 0.05 
was considered statistically significant. Statistical analyses 
were performed with SPSS software version 27.0. Python 
version 3.12.6 was used for machine learning analysis and 
associated tables.

Machine Learning Methodologies

ML is a programming approach inspired by AI that allows 
computers to build and improve their learning capacities via 
data intake [17]. Arthur Samuel, who became famous for his 
work on the game of checkers, coined the phrase "ML" in 
1959 at IBM. He characterized ML as a vast scientific area 
of research in which computers may approach a problem 
in the same way that humans would, without having to be 
explicitly taught each time. ML is used to educate computers 
how to utilize data effectively and constructively, making 
the end findings simpler to understand. It is a collection 
of algorithms and statistical models that, when applied on 
computer systems, can do specified jobs automatically [18]. 
In this study, classification models were created using RF and 
XGBoost algorithms to distinguish HCV patients. A holdout 
approach with 100 separate random iterations was used to test 
the predictive models. The holdout approach is a methodology 
to determine the generalizability of an ML model to previously 
unknown data. It works by splitting the dataset into training 
and test sets, then training and testing the model on a portion 
of the data. The dataset was first split into training and test sets 
in a 4-1 ratio, and this process was repeated 100 times. Finally, 
the validation procedure was performed by splitting the dataset 
into 100 training and test sets using 100 different random 
seeds, and the model was trained and tested on each seed. 
The average values for these 100 iterations were calculated to 
produce a reliable prediction [19, 20].

RF and XGBoost were chosen as classification methods, while 
SHAP and ALE were selected as explainability methods, due 
to their mutually beneficial strengths in achieving the goals of 
the study. RF was utilized for the reasons of its strong ensemble 
learning system that combats overfitting through bagging and 

random feature selection, its  effectiveness in handling missing 
data, and its ability to identify important biomarkers. The 
chosen algorithm for the best possible predictive performance 
was XGBoost, a gradient-boosted decision  tree algorithm, 
which is capable of optimizing a sequence of weak learners, 
able to handle missing values, with high predictive accuracy 
on arbitrary datasets. To enable interpretability, we used 
SHAP in a model-agnostic manner, whereby the contribution 
of each clinical variable (e.g., ALT, AST) to HCV diagnosis 
draws  from cooperative game theory principles to ensure 
transparency in model predictions. ALE, in contrast,  provided 
concise, interaction-agnostic global explanations, showing 
how specific ranges of biomarkers had a direct influence on 
the models predictions. Collectively, these algorithms offered 
a balance between predictive power and explainability, 
matching  the aim of the study to develop reliable interpretable 
ML models for clinical settings.

Random Forest

RF is a popular ensemble learning method for regression and 
classification in ML. It increases the precision and reliability 
of predictions, improves the generalizability of the model, and 
reduces the risk of overfitting by training each tree with a randomly 
selected set of data points. RF is the solution to deal with missing 
data, find important features, and avoid outliers. Due to these 
features, it finds widespread application in evaluating large data 
sets and making predictions in various fields [21]. This method 
dramatically eliminates overfitting, a major issue with individual 
decision trees, while increasing overall prediction accuracy. This 
resilience is critical for trustworthy outcomes in medical datasets 
like HCV, which may include nuanced patterns.

Extreme Gradient Boosting

XGBoost is a decision tree-based ensemble approximation 
method. It sequentially trains multiple weak tree models to 
produce a robust learner by maximizing an objective function 
at each step. The XGBoost model builds a prediction model 
by combining multiple weak learners. Each model derives 
knowledge from its predecessor and builds a robust model 
by sequentially changing the weights. XGBoost provides the 
potential to automatically handle missing data which can be 
valuable for infrastructure health monitoring when large missing 
values are present [22, 23]. This work used XGBoost to construct 
a high-performance classification model using the HCV dataset 
and to elucidate the model's decision-making processes.

XAI Methodologies

ML has achieved extensive acceptance and has been used 
across several fields and applications. Nevertheless, certain 
procedures must be enacted to guarantee societal acceptance and 
confidence in ML powered systems. To establish this confidence, 
it is essential to elucidate and demonstrate the decision-making 
processes of ML models. XAI facilitates user comprehension of 
an algorithm's decision-making process and the training data used 
[10]. This research employs two explainable artificial intelligence 
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approaches, SHAP and ALE. SHAP analysis elucidated the 
contribution of each trait to the model's predictions, highlighting 
trait significance and interdependencies, while ALE analysis 
scrutinized the influence of characteristics on the diagnostic 
variable with more specificity. These techniques elucidated 
the model's "black box" structure, enabling us to understand 
and analyze the elements influencing the model's decision-
making process. Consequently, while enhancing the model's 
trustworthiness, it also furnished professionals with critical 
insights into its functionality [24-26].

Shapley Additive Explanations

We utilized ML-based feature importance approaches to 
determine the value of features and explain how the model 
predicts complicated models. We wish to discover which risk 
variables (features) have the strongest relationship with the result 
(diagnosis). Each input characteristic is assigned a significance 
value for a specific prediction using SHAP, a model-independent 
explanation. The foundation of SHAP is the important value 
derived by probabilistically estimating each player's contribution 
to the game's ultimate result using the Shapley value and the 
concepts of cooperative game theory [27].

Accumulated Local Effects

ALE was first established as a model-independent strategy for 
global explanations of black-box ML algorithm results [28]. 
ALE offers a significant advantage over other techniques such 

as partial dependence plots and SHAP: its results provide a clear 
functional decomposition of the model [29]. As a result, the 
presence or absence of interactions between variables in a mode 
has no impact on ALE results. Another plus is how fast it can be 
calculated [30].

Results
Statistical information on quantitative variables is shown in Table 
2. Median values for variables are summarized with interquartile 
ranges (IQR). In the HCV dataset, there is a significant 
difference (p<0.001) in the means of quantitative variables 
(Age, ALB:Albumin, ALP: Alkaline phosphatase, ALT: Alanine 
aminotransferase, AST: Aspartate aminotransferase, BİL: 
Bilirubin, CHE: Cholinesterase, CHOL: Cholesterol, CREA: 
Creatinine, GGT: Gamma-glutamyltransferase, PROT: Total 
protein) between diagnostic groups (Blood Donor, Suspected 
Blood Donor, Hepatitis, Fibrosis, Cirrhosis, Blood Donor).

Table 3 shows descriptors for the diagnosis group according 
to gender. The percentage of women (59.70%) in the Blood 
Donor category was somewhat greater than that of males. The 
percentage of women in the Suspect Blood Donor and Hepatitis 
categories, however, was much higher (85.70% and 83.30%, 
respectively). In both the Fibrosis and Cirrhosis categories, 
women outnumbered males. The statistical study revealed 
no significant link between Gender (female and male) and 
Diagnosis categories (p>0.05; p=0.106).

Table 2. Descriptive statistics for quantitative variables 

Variables* Diagnosis

p
* Blood Donor Suspect Blood 

Donor Hepatitis Fibrosis Cirrhosis

Age 47abcd (14.5) 55b (23) 37cd (18.5) 51 (11) 56 (13) <0.001***

ALB 42.2ad (6.2) 21.6bc (5.6) 43.5d (5.5) 41d (6.5) 33 (7.75) <0.001***

ALP 66.7abc (24.55) 106bc (54.2) 36.95d (27.125) 45.2d (28.7) 67.9 (51.925) <0.001***

ALT 23.1d (15.15) 49.2bd (189.1) 18.3 (29.6) 34d (104.45) 5.65 (24.225) <0.001***

AST 24.8abcd (8.7) 46.7 (106.3) 47.2 (53.675) 70 (67.8) 92.9 (69.125) <0.001***

BIL 6.9abcd (5.1) 4.9bcd (4.6) 13d (9.5) 13 (5.5) 34 (53.5) <0.001***

CHE 8.35d (2.525) 5.33bd (9.55) 9.51d (3.008) 8.59d (2.355) 3.425 (4.11) <0.001***

CHOL 5.38acd (1.445) 4.3 (2.24) 5.06d (1.845) 4.64 (0.9) 3.925 (1.365) <0.001***

CREA 78ab (20) 52 (47) 72.25 (20.35) 71.4 (14.35) 68.5 (48.35) 0.00325***

GGT 21.4abcd (16.95) 83 (256.7) 45.55 (58.25) 72.2 (52.1) 96.35 (94.475) <0.001***

PROT 72.2ac (5.85) 47.8bcd (11.6) 73.65d (6.275) 76.1d (8.8) 70.25 (12.6) <0.001***

*: a: Suspect Blood Donor is different according to group, b: Hepatitis is different according to group, c: Fibrosis is different according to the group, d: Cirrhosis 
is different according to group.
**: Variables, ' summarized as median; ***: Kruskal Wallis H test
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Table 3. Descriptive statistics for quantitative variables

Gender

Variables Categories Female 
N(%)

Male 
N(%) P-value

D
ia

gn
os

is

Blood Donor 318 (59.70%) 215 (40.30%)

0.106*

Suspect Blood Donor 6 (85.70%) 1 (14.30%)

Hepatitis 20 (83.30%) 4 (16.70%)

Fibrosis 13 (61.90%) 8 (38.10%)

Cirrhosis 20 (66.70%) 10 (33.30%)

*: Pearson-Chi-Squired

The classification performance of the ML models used in the study 
is presented in Table 4. The RF and XGBoost models achieved 
an accuracy of 93.75% and 92.38%, respectively, indicating that 
HCV virus can be successfully detected in general. In addition, 
F1 scores (RF: 92.59% and XGBoost: 92.26%) reveal that 

the model exhibits a balanced performance in terms of both 
sensitivity and specificity. Area Under the Curve(AUC) values 
(RF: 98.6% and XGBoost: 98.07%) emphasize that the models 
can distinguish positive and negative samples well even with 
different threshold settings. While the sensitivity metrics (RF: 
93.75% and XGBoost: 92.38%) indicate that a small number 
of HCV positive cases are missed, the low specificity rates 
(RF: 63.44% and XGBoost: 60.15%) indicate that the models 
falsely classify some negative samples as positive. RF slightly 
outperformed XGBoost in terms of accuracy, F1-score, AUC, 
and sensitivity, but both models exhibited similar weaknesses in 
specificity. These results highlight the limitations of “black box” 
models such as RF and XGBoost, despite their general success in 
detecting HCV, in terms of false-positive predictions. While high 
sensitivity provides an advantage in preventing virus jumps, low 
specificity highlights the need for additional validation steps in 
clinical applications.

Table 4. Evaluating the classification performance of two different ML models for HCV virus using various criteria

Model Accuracy F1 Score AUC Sensitivity Specificity

Random Forest 93.75 92.59 98.6 93.75 63.44

XGBoost 92.38 92.26 98.07 92.38 60.15

*: Pearson-Chi-Squired

Figure 1. Examining the influence of factors on model predictions using ALE graphs
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When the ALE graphs in Figure 1 are examined, it is seen that 
the model prioritizes factors such as liver function tests (ALT, 
AST, Bilirubin, Fibrosis, Albumin and Age) in HCV diagnostic 
decisions. These variables, which represent liver damage, 
dysfunction and fibrosis, play an important role in the model's 
diagnostic choices. For example, reaching a certain threshold 
(i.e. the upper limit of the normal range) in ALT and AST levels 
increases the likelihood of the model predicting HCV positivity. 
This suggests that the model associate’s liver damage with 
HCV infection and places a high value on these tests. Similarly, 
we found that low Albumin levels (i.e. the lower end of the 
normal range) increased the likelihood of the model making a 
positive prediction. As albumin is an important marker for liver 
dysfunction and fibrosis, the model's link between HCV infection 
and liver damage and fibrosis is supported. Furthermore, age 
appears to have a significant impact on the model's predictions 
within a certain range. This suggests that the model believes 
that age may be linked to HCV risk. These thresholds are very 
important in the model's decision-making procedures. This is 
because they predict that if these parameters are exceeded or 
reduced, the chances of the model producing a positive HCV 
prediction increase significantly.

Figure 2. The magnitude of the impact of the SHAP mean plot on model outputs

Figure 2 shows the SHAP bar chart generated using the mean 
absolute SHAP value. Here, when all performance metrics were 
examined, the RF model was selected as the optimal prediction 
model and the optimal model descriptions were analyzed using 
the RF model. The SHAP chart helped us understand how the RF 
“black box” model works. According to the SHAP chart, it was 
determined that liver function tests such as AST, ALP, ALB, BIL, 
and GGT made the most significant contributions to the HCV 
prediction performance of the model. These results indicate 
that the model associates HCV infection with liver damage and 
function and is sensitive to these factors. The high accuracy and 
AUC values in Table 4 further confirm the strong performance of 
the model in general, while the SHAP chart shows which factors 

are more relevant in the decision-making processes of the model.

Discussion
HCV infection is becoming a major worldwide health concern. 
HCV is widespread in many nations, posing a growing burden 
on society and healthcare systems. Long-term complications 
including cirrhosis and hepatocellular carcinoma are a significant 
issue [31]. Treatment providers for hepatitis HCV infections 
are realistically hoping that new therapeutic approaches will 
be more successful, more tolerated, and shorter in length than 
existing treatments due to the fast development of direct-acting 
antiviral medicines. [32,33]. Therefore, there is a need for rapid 
diagnostic tools for HCV.

In this study, we evaluated the performance of ML models (RF 
and XGBoost) in the diagnosis of HCV infection and used the 
XAI approaches SHAP and ALE to interpret their decision 
processes. The results showed that both RF and XGBoost 
models performed effectively in HCV diagnosis with high 
accuracy (RF: 93.75% and XGBoost: 92.38%), F1 score (RF: 
92.59% and XGBoost: 92.26%) and AUC (RF: 98.6% and 
XGBoost: 98.07%). In particular, the high sensitivity values 
(RF: 93.75% and XGBoost: 92.38%) indicated that the models 
were successful in correctly identifying HCV positive cases, but 
the relatively low specificity rates (RF: 63.44% and XGBoost: 
60.15%) revealed the risk of false positive diagnosis. This 
finding emphasizes the clinical criticality of preventing “false 
negatives” in serious health problems such as HCV. When 
comprehensive performance metrics were evaluated, the RF 
model performed better compared to XGBoost. 

Analyses with XAI methods revealed that model decisions 
were based on biologically meaningful factors. SHAP and 
ALE plots showed that liver function tests such as ALT, AST, 
bilirubin, albumin, and age played a decisive role in model 
predictions. The most important contribution of this study is 
to make the decision processes of “black box” ML models 
interpretable for clinical experts. SHAP analysis quantified the 
contribution of each feature to the model, allowing clinicians 
to see which parameters are prioritized in the diagnosis. ALE 
plots guided the setting of clinical thresholds by showing how 
a given value (e.g. ALT ≥ 40 U/L) affected the model output. 
The explainability is critical for ML models to be used reliably 
in medical decisions.

HCV significantly affects liver function as evidenced by changes 
in liver enzymes and bilirubin levels. Basic liver function tests, 
including ALT, AST, bilirubin and albumin, serve as critical 
indicators of liver health in HCV patients. Elevated ALT and 
AST levels have been reported in HCV patients in the literature, 
with 85% of patients in the relevant study showing elevated 
ALT and 100% showing elevated AST. Total bilirubin was also 
elevated in 35% of HCV patients [34]. Another study applied 
treatment regimens such as interferon and ribavirin in HCV 
patients and reported significant reductions in ALT levels and 
improved liver function after treatment [35].
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The albumin-bilirubin (ALBI) score has been proposed as a 
useful indicator of liver function improvement after treatment 
[36]. Although elevated liver enzymes and bilirubin levels 
are indicative of liver damage in HCV, normalization of 
these parameters after treatment suggests the potential for 
improvement. However, some patients may still experience 
persistent liver dysfunction despite achieving sustained viral 
response, highlighting the complexity of HCV management 
[37]. When the literature was reviewed, the results of our SHAP 
and ALE-based XAI methodology were consistent with the 
literature. 

This study shows that ML models, along with XAI methods 
such  as SHAP and ALE, can provide a meaningful and 
accessible framework for diagnosing HCV infection. These 
models showed high accuracy (93.75% for RF; 92.38% for 
XGBoost) and sensitivity (>92%), indicating that they may 
have the potential to reduce false negative diagnoses which 
is particularly important for a virus  associated with serious 
long-term complications such as cirrhosis and hepatocellular 
carcinoma. But the low specificity (60–63%) highlights the 
need to further refine model calibration to reduce false-positive 
classification, which can cause unnecessary  anxiety, invasive 
testing, or overtreatment.

To mitigate this limitation, future work  should:

Threshold Validation: Validation of model-derived thresholds 
(e.g., ALT ≥40 U/L, albumin ≤35 g/L) to established clinical 
guidelines to ensure  that the diagnostic performance of 
thresholds, are not too unique to this population but rather 
aligned with real-world clinical thresholds already used in 
practice Working in conjunction with hepatologists would 
improve these cutoffs for  various patient subgroups (ie, cohorts 
stratified according to age or comorbid conditions).

Multi-organ Biomarker Integration: Widening the data 
set to include indicators of renal function (eg, creatinine), 
inflammation (eg,  CRP), and metabolic health (eg, HbA1c) may 
improve specificity. For example, incorporating hepatorenal 
indices (e.g., albumin-creatinine ratios) may capture  systemic 
consequences of advanced HCV more appropriately.

Prospective Multicenter Validation: Furthering these analyses 
from a retrospective UCI dataset to a prospective, multicenter 
trials would further enhance  generalizability. This measurement 
is essential to adjust for  variation in HCV epidemiology 
according to demographic, genetic, and regional differences.

Insights gleaned from the study’s XAI-driven modeling 
approach—prioritization of AST, ALP and bilirubin—are 
consistent with known clinical  aspects of HCV pathophysiology, 
supporting biological validity of the models. These results 
have the potential to serve as a basis for developing automated 
decision-support tools for clinicians in providing rapid 
interpretation of liver function tests, thus limiting  diagnostic 

delays. For instance, integrating ALE-based thresholds into 
electronic health  records (EHRs) will facilitate flagging of 
patients at risk of developing disease for confirmatory RNA 
measurement.

Furthermore, the identification of age as a stray predictive 
factor (>50 year) is in concordance with the  known data on 
immune senescence and delayed clearance of the virus, thus 
proposing age-stratified strategies to favor early detection. 
Although integrating  omics data (e.g., genomic, proteomic) is 
a new scope for future research, this work lays the groundwork 
for interpretable ML for hepatology. Tools such as these enable 
the bridge from  “black box” predictions to clinical decision 
making, likely to expedite the integration of precision medicine 
into HCV management, and reducing the global burden of liver 
disease.

Limitations
The study has some limitations. First, the dataset was obtained 
from a single source (UCI) and analyzed retrospectively. The 
results need to be validated with prospective studies and larger 
patient populations. Second, the low specificity of the model 
requires careful interpretation of false positive results in clinical 
practice. In the future, the performance and interpretability of 
the model can be improved by adding more clinical parameters 
(genetic factors, lifestyle information) to the dataset. Furthermore, 
integrating omics data will enable significant advances in HCV 
diagnosis, monitoring and treatment for more comprehensive 
biomarker discovery.

Conclusion
The study clearly shows the great potential of ML models in 
the diagnosis  of the HCV. ML approaches have the potential to 
overcome the limitations of traditional diagnostic approaches, 
providing more rapid and  potentially more accurate results 
through their ability to analyze large and complex datasets. 
Here, timely intervention and treatment initiation could give 
a significant advantage, especially  in asymptomatic disease 
stages. ML different models  like classification algorithms can be 
trained up to predict HCV patients that are positive and negative 
with high accuracy. This  can enable healthcare professionals to 
conduct faster and more effective screenings helping to control 
HCV spread.

One more description of  the study is that XAI contributes to the 
clinical applications of these ML models. The black box nature 
of AI systems’ decision-making processes remains a significant 
barrier to the  wider adoption of such systems in healthcare. 
SHAP, and ALE are examples of XAI techniques that help solve 
this problem by explaining how and why high-performance ML 
models make some decisions. SHAP explains the  contribution 
of each feature to the model’s output at the level of individual 
predictions, while ALE displays the average effect of a feature for 
an output. In this way, clinicians can transparently see and trust 
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the factors upon which the model  settled to reach a diagnosis. 
These clear answers for the “why” and “how” questions also 
enable physicians to better assess the model’s recommendations, 
identify potential errors, and biases, and ultimately make better-
informed patient management  decisions. These findings not 
only provide important details for HCV diagnosis but could  also 
serve as a promising tool to be used for early diagnosis and 
personalized-treatment planning for other liver diseases. A timely 
and correct diagnosis in the initial phase of liver cancer  or other 
chronic liver diseases can enhance the chance of its response to 
treatments. However, the proper integration of ML and XAI can 
lead to innovations in future management of such diseases. 
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