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ABSTRACT

Chronic liver disease (CLD) is a group of conditions for which up to half of the global population remains at risk
and causes serious complications, including liver cirrhosis and liver cancer. Therefore, early diagnosis and proper
treatment enhance the prognosis of patients suffering from CLD. This review explores how machine learning (ML)
techniques are used in practice to diagnose, prognose, and treat chronic liver diseases. Drawing on findings from
several studies, broader implementation of these methods is expected to improve disease management and enable
more accurate detection of liver disease. The review discusses supervised and unsupervised learning, neural networks,
and ensemble learning methods applied to patient risk estimation, treatment guidance, and disease-progression
assessment. Although ML technology in hepatology is progressing, issues such as model diversity, applicability, and
ethical concerns still pose challenges. This paper highlights the importance of multidisciplinary work to develop
suitable mechanisms for addressing these issues and for using ML adequately in clinics. Overall, the findings indicate
that ML can transform chronic liver disease management and support innovative treatment methods and better patient
care.
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1. INTRODUCTION

Chronic liver disease includes hepatitis B, hepatitis C, and
hepatocellular carcinoma (HCC), conditions that affect mil-
lions of people worldwide. These diseases create a substantial
burden in morbidity, mortality, and healthcare cost; conse-
quently, improving diagnosis and treatment is essential. Al-
though modern imaging, serological tests, and liver biopsy
support clinical decision-making, they can be costly, invasive,
or limited by resource availability. This has increased the
demand for early intervention, effective diagnosis, treatment
optimization, and efficient resource management [1].

Artificial intelligence in medicine, particularly machine learn-

ing (ML), has begun to reshape medical diagnostics and
healthcare delivery. ML systems learn patterns from data
and can reveal relationships that are difficult to detect using
traditional analysis. In liver diseases, ML has been used to
interpret serum biomarkers, clinical data, genetic material,
medical imaging, and other patient records. These capabili-
ties enable improved prediction of disease development, risk
factors, and patient-specific treatment pathways [2, 3].

During the last decade, researchers have examined ML meth-
ods for determining causes, improving diagnosis, and man-
aging liver diseases. Deep learning, support vector machines
(SVM), decision trees, and ensemble strategies have been
used to classify liver disease, even when imaging data are
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unclear. ML models trained on imaging data can detect sub-
tle liver changes that may precede HCC or fibrosis, while
biomarker-based models can estimate risk by combining ge-
netic markers with clinical variables [4, 5].

Despite encouraging outcomes, integrating ML into routine
liver-disease practice remains challenging. Key barriers in-
clude data completeness, model interpretability, and valida-
tion across different settings. The changing nature of liver
diseases, including differences in causes and progression
rates, also requires flexible and robust models. Addressing
these challenges requires collaboration among clinicians, data
scientists, engineers, and ethicists to ensure that ML systems
are accurate, explainable, and clinically useful [6, 7].

2. LITERATURE REVIEW

Several studies have demonstrated the potential of ML for
liver disease diagnosis, prognosis, and treatment planning.
Hashem et al. [8] compared ML approaches for predicting
advanced liver fibrosis in chronic hepatitis C patients. Using
serum biomarkers and clinical data, they evaluated decision
trees, genetic algorithms, and particle swarm optimization
with multi-linear regression. The study identified age, platelet
count, aspartate aminotransferase (AST), and albumin levels
as important predictors of advanced fibrosis.

Parisi et al. [9] proposed a hybrid algorithm for prognosis
prediction in patients with hepatitis. Their method used 19
biomarkers collected from 155 patients and combined least-
squares SVM (LSVM) with multilayer perceptron (MLP).
The hybrid model achieved strong classification performance,
demonstrating the value of combining multiple learning strate-
gies for clinical prognosis.

Xu et al. [10] developed personalized predictive models for
evaluating HCC risk in hepatitis B virus-related cirrhosis
patients with low alpha-fetoprotein levels. They used clini-
cal and pre-treatment laboratory information and compared
Gaussian naive Bayes, XGBoost, random forest, and LASSO
regression. XGBoost outperformed conventional approaches
in estimating HCC risk.

Shousha et al. [11] examined the influence of IL28B gene
polymorphism and biochemical markers in predicting ad-
vanced liver fibrosis in chronic hepatitis C. Their study used
decision trees and Auto-WEKA and compared the results
with APRI and FIB-4 scores. Auto-WEKA selected an MLP
neural network as the best-performing model, outperforming
traditional scoring systems.

Kukkar and Sandhu [12] proposed an automatic diagno-
sis system using electronic health records from 615 clients.
The study considered categories such as blood donors, sus-
pected donors, hepatitis patients, fibrosis patients, and cirrho-
sis patients. SVM, multivariate adaptive regression splines,
Bayesian generalized linear models, random forests, and de-
cision trees were tested, showing the usefulness of ML for
early hepatitis C detection.

Fayaz et al. [13] investigated liver disease diagnosis using the
Indian Liver Patients Dataset. Their preprocessing pipeline
included sampling, normalization, and particle swarm op-
timization. The J48 algorithm performed better than other
algorithms for distinguishing patients from non-patients, re-
inforcing the role of preprocessing and feature selection in

liver disease diagnosis.

Sartakhti et al. [14] presented a hybrid hepatitis diagnosis ap-
proach combining SVM with simulated annealing. The UCI
machine learning repository dataset was used, and classifica-
tion accuracy was evaluated using 10-fold cross-validation.
The method achieved 96.25% accuracy, indicating the fea-
sibility of hybrid optimization-based classifiers for hepatitis
diagnosis.

Jin et al. [15] developed a deep-learning radiomics model
for predicting HCC occurrence in chronic hepatitis B pa-
tients over a five-year follow-up. Their model used two-
dimensional shear wave elastography and B-mode ultrasound
images, combined with clinical data. The HCC-R model
achieved high area-under-the-curve values in training, vali-
dation, and testing cohorts and outperformed liver stiffness
measurement and conventional clinical scores.

Lukáčová et al. [16] focused on improving hepatitis B and C
diagnostics using questionnaire data from patients in Slovakia.
Their work used exploratory data analysis and predictive data
mining to identify relationships among attributes such as age,
gender, and diagnosis, while also producing decision rules
useful in clinical settings.

Kayvanjoo et al. [17] studied prediction of hepatitis C inter-
feron/ribavirin therapy outcomes based on viral nucleotide
attributes. Using Gini index, chi-squared analysis, and ML al-
gorithms, they identified nucleotide features associated with
treatment response and achieved useful predictive perfor-
mance for distinguishing responders from non-responders.

Vijayalakshmi and Mohideen [18] proposed a survival pre-
diction model for hepatitis B patients using supervised and
unsupervised learning with lion optimization. Their study
compared the efficiency of multiple algorithms for survival
prediction and emphasized the importance of optimized mod-
els in patient-risk evaluation.

Qiu et al. [19] built a 28-day prognosis model for acute-
on-chronic liver failure patients using clinical data, LASSO
regression, and XGBoost. Their model outperformed conven-
tional scoring systems for mortality prediction, demonstrating
the value of ML in short-term clinical risk assessment.

Anyin et al. [20, 21] integrated bioinformatics and ML to
analyze diagnostic biomarkers for HBV-induced HCC. Using
the GEO database, weighted gene co-expression network
analysis, LASSO, random forest, and SVM, they identified
RACGAP1, ECT2, and NDC80 as essential genes associated
with HBV-HCC and as potential diagnostic and therapeutic
targets.

Babu et al. [22] developed classification and prediction mod-
els for hepatitis C using multimodal data sources. Decision
trees, support vectors, and an unconventional consensus clas-
sifier were used to stratify patients according to disease sever-
ity and hepatitis C stage, improving predictive power through
preprocessing and feature engineering.

Machine learning in hepatology is a valuable addition to early
diagnosis, risk stratification, and treatment management. The
reviewed studies show that ML can reveal patterns and risk
factors that may be missed by conventional methods, ranging
from non-invasive fibrosis prediction to hybrid prognosis al-
gorithms for hepatitis and HCC. However, these advances are
accompanied by challenges involving data quality, model in-
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Table 1. Summary of Literature Review
Study Objective Methodology Key Findings
[8] Assess ML algorithms for advanced liver fibrosis

prediction.
Serum biomarkers and clinical data with deci-
sion tree, genetic algorithm, and particle-swarm-
optimized multi-linear regression.

Age, platelet count, AST, and albumin were signifi-
cant predictors of advanced fibrosis.

[9] Assess a hybrid AI classifier for chronic hepatitis
prognosis.

Nineteen biomarkers from 155 patients with LSVM
and MLP.

The hybrid method achieved excellent accuracy
and AUROC.

[10] Develop individualized predictive models of HCC
risk.

Clinical and laboratory information with Gaussian
naive Bayes, XGBoost, random forest, and LASSO
regression.

XGBoost outperformed conventional methods in
predicting HCC risk.

[11] Assess IL28B polymorphism and compare ML
with traditional scores.

Decision tree and Auto-WEKA compared with
APRI, FIB-4, and MLP.

MLP outperformed APRI, FIB-4, and REP Tree in
assessing advanced fibrosis.

[12] Use ML to improve hepatitis C diagnosis and prog-
nosis.

EHR data with SVM, MARS, BGLM, RF, and DT. ML supported early hepatitis C detection.

[13] Improve liver disease diagnosis accuracy. ILPD dataset with J48 and other algorithms. J48 gave better results for distinguishing patients
from non-patients.

[14] Diagnose hepatitis using hybrid SVM-SA. Machine-learning repository data with SVM and
simulated annealing.

The method achieved 96.25% diagnostic accuracy.

[15] Predict HCC using ML. 2D-SWE and B-mode ultrasound with deep-
learning radiomics.

HCC-R achieved high accuracy in predicting HCC
occurrence.

[16] Improve hepatitis B and C diagnostics. Questionnaire data with exploratory analysis and
predictive data mining.

The study identified useful diagnostic relations and
decision rules.

[17] Identify genetic determinants of HCV therapy out-
comes.

Complete HCV nucleotide sequences with Gini
index, chi-squared analysis, and ML.

Nucleotide features correlated with treatment out-
comes.

[18] Evaluate survival rate among hepatitis patients. Serum hepatitis dataset with multiple ML algo-
rithms.

The study compared algorithm efficiency for sur-
vival prediction.

[19] Build a 28-day mortality model for ACLF patients. Clinical data with LASSO regression and XG-
Boost.

XGBoost outperformed conventional scoring sys-
tems.

[20, 21] Analyze HBV-induced HCC biomarkers. GEO data with WGCNA, LASSO, random forest,
and SVM.

RACGAP1, ECT2, and NDC80 were identified as
diagnostic and therapeutic candidates.

[22] Classify and predict liver disease severity. Multimodal data with decision trees, support vec-
tors, and unconventional consensus classifier.

Patients were stratified by severity and hepatitis C
stage.

terpretability, and clinical validation. Future research should
improve algorithms, increase database size, and develop flex-
ible ML solutions that can be integrated into clinical practice.

3. DISCUSSION

The reviewed literature demonstrates that ML models can
support liver disease care across several stages: early detec-
tion, classification, prognosis, and therapy-response predic-
tion. Supervised learning algorithms such as SVM, decision
trees, random forests, and XGBoost are commonly used when
labeled clinical data are available. Neural networks and deep-
learning radiomics are especially useful for high-dimensional
medical imaging, while feature-selection techniques such as
LASSO and bioinformatics workflows help identify compact
diagnostic markers.

The general prediction task in many reviewed studies can be
expressed as learning a mapping from patient features to a
clinical outcome:

ŷ = f (x;θ), (1)

where x denotes clinical, laboratory, genetic, or imaging fea-
tures, θ represents model parameters, and ŷ is the predicted
diagnosis, prognosis, or risk category.

For regularized feature selection, several studies employ
sparse modeling principles similar to LASSO:

min
β

∥y−Xβ∥2
2 +λ ∥β∥1 , (2)

where λ controls sparsity. This is clinically important because
compact feature sets are easier to interpret and can reduce
unnecessary measurements.

For classification models, performance is commonly evalu-
ated using accuracy, sensitivity, specificity, and area under
the receiver operating characteristic curve (AUC). Accuracy

is computed as:

Accuracy =
T P+T N

T P+T N +FP+FN
, (3)

where T P, T N, FP, and FN denote true positives, true nega-
tives, false positives, and false negatives, respectively.

Although ML performance is promising, clinical deployment
requires careful external validation. Models trained on lim-
ited or single-center datasets may not generalize to other
populations. Ethical issues also remain important, including
privacy, bias, transparency, and accountability. Consequently,
ML systems should support clinicians rather than replace
clinical judgment.

4. CONCLUSION

This review examined innovations in machine learning mod-
els for hepatitis diagnosis and disease progression prediction.
The reviewed studies show that ML can improve early diag-
nosis, risk stratification, treatment planning, and prognosis
assessment for chronic liver diseases. Methods such as SVM,
decision trees, random forests, XGBoost, neural networks,
LASSO, and deep-learning radiomics have achieved strong
results across fibrosis prediction, hepatitis diagnosis, HCC
risk estimation, and survival analysis.

Despite these benefits, successful clinical translation depends
on high-quality data, model interpretability, external valida-
tion, and multidisciplinary collaboration. Future work should
focus on larger and more diverse datasets, explainable algo-
rithms, and clinically integrated systems that provide reliable
decision support. Overall, machine learning has substantial
potential to improve prevention, diagnosis, and management
of chronic liver diseases at early stages and to enhance patient
outcomes.
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