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Abstract

Hepatology encompasses various aspects, such as metabolic-associated fatty liver
disease, viral hepatitis, alcoholic liver disease, liver cirrhosis, liver failure, liver
tumors, and liver transplantation. The global epidemiological situation of liver
diseases is grave, posing a substantial threat to human health and quality of life.
Characterized by high incidence and mortality rates, liver diseases have emerged
as a prominent global public health concern. In recent years, the rapid advan-
cement of artificial intelligence (AI), deep learning, and radiomics has transfor-
med medical research and clinical practice, demonstrating considerable potential
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in hepatology. Al is capable of automatically detecting abnormal cells in liver tissue sections, enhancing the accu-
racy and efficiency of pathological diagnosis. Deep learning models are able to extract features from computed
tomography and magnetic resonance imaging images to facilitate liver disease classification. Machine learning
models are capable of integrating clinical data to forecast disease progression and treatment responses, thus
supporting clinical decision-making for personalized medicine. Through the analysis of imaging data, laboratory
results, and genomic information, Al can assist in diagnosis, forecast disease progression, and optimize treatment
plans, thereby improving clinical outcomes for liver disease patients. This minireview intends to comprehensively
summarize the state-of-the-art theories and applications of Al in hepatology, explore the opportunities and
challenges it presents in clinical practice, basic research, and translational medicine, and propose future research
directions to guide the advancement of hepatology and ultimately improve patient outcomes.

Key Words: Hepatology; Artificial intelligence; Deep learning; Convolutional neural network; Natural language processing;
Support vector machine; Graph neural network; Transformer model; Recurrent neural network
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Core Tip: This minireview highlights artificial intelligence innovations in hepatology. It develops multi-modal data fusion
strategies integrating imaging, genomics, lab results, and clinical records via transformer models and graph neural networks
to uncover latent associations and build disease knowledge graphs. Convolutional neural networks enable automated, high-
accuracy liver lesion detection and quantification in pathology/imaging. Artificial intelligence optimizes personalized
antiviral therapy and liver transplant outcomes through drug-response prediction and graft-recipient matching. Natural
language processing extracts critical insights from electronic health records. These approaches significantly advance
diagnosis, treatment personalization, and translational research in precision hepatology.
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INTRODUCTION

A conceptual framework (Figure 1) showing the interaction between artificial intelligence (AI) models and clinical
workflows in hepatology. Figure 2 shows the Al-assisted diagnostic pipeline.

Disease diagnosis and classification

In the field of disease diagnosis and classification, radiomics and deep learning (DL) techniques are widely utilized in
liver image analysis to evaluate liver steatosis and cirrhosis staging[1-5]. Radiomics extracts morphological, texture, and
advanced features from liver images, combining them with machine learning algorithms to construct classification
models. These models distinguish patients with metabolic-associated fatty liver diseases from healthy controls or assess
the severity of steatosis[1]. DL, particularly convolutional neural networks (CNNs), excels in image analysis by automat-
ically extracting more representative features, significantly improving diagnostic accuracy and robustness[5].

In terms of predicting disease progression and risk, machine learning models are employed to forecast the risk of non-
alcoholic steatohepatitis progressing to fibrosis and the prognosis of patients with acute liver failure[6]. Traditional
statistical methods struggle with complex data relationships and high-dimensional data, whereas machine learning
algorithms-such as least absolute shrinkage and selection operator regression, random forests, support vector machines
(SVMs), gradient-boosting trees (e.g., extreme gradient boosting, light gradient boosting machine), and DL models [e.g.,
multilayer perceptrons, recurrent neural networks (RNNs)]-effectively handle complex clinical data. These algorithms
construct predictive models, identify risk factors associated with disease progression, and predict patient outcomes[7-10].

Additionally, natural language processing (NLP) technology plays a significant role in analyzing electronic health
records (EHRs). EHRs contain vast amounts of unstructured text data, such as doctors’ diagnostic records, progress notes,
and medication histories. NLP extracts valuable information from this text to aid diagnosis and classification[11,12]. For
instance, named entity recognition identifies symptoms reported by patients (e.g., fatigue, jaundice) and laboratory test
results (e.g., elevated alanine aminotransferase, hepatitis B virus DNA positivity). Text classification algorithms differ-
entiate between types of viral hepatitis and assess the severity of liver function impairment[13]. Furthermore, NLP
integrates text information with structured data to build predictive models, evaluating the risk of progression to cirrhosis
or hepatocellular carcinoma and issuing early warnings[14].

Patient monitoring, early warning, and real-time clinical decision support

Al plays a critical role in patient monitoring by analyzing real-time physiological indicators such as heart rate, blood
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Figure 1 A conceptual framework showing the interaction between artificial intelligence models and clinical workflows in hepatology.
Real-time processes contents patient monitoring, early warning, and real-time clinical decision support. Offline processes include model training and validation,
medical image analysis, omics data analysis, and electronic health record analysis. CT: Computerized tomography; MRI: Magnetic resonance imaging; EHR:
Electronic health record; Al: Artificial intelligence; CNN: Convolutional neural network; ViT: Vision transformer; NLP: Natural language processing; HCC: Hepa-
tocellular carcinoma.
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Figure 2 A figure showing artificial intelligence-assisted diagnostic pipeline. Data preprocessing step includes radiomics, natural language
processing and data integration. Feature extraction step includes convolutional neural network and machine learning algorithms. Prediction step includes
classification, forecasting and assessment. Feedback step contents issuing early warnings, providing real-time decision support, enabling personalized treatment
plans, providing objective evidence and non-invasive, efficient tools for clinical decision-making. Al: Artificial intelligence; CT: Computerized tomography; MRI:
Magnetic resonance imaging; US: Ultrasonography; NGS: Next-generation sequencing; SNP: Single nucleotide polymorphism; EHR: Electronic health records; CNN:
Convolutional neural network; HCC: Hepatocellular carcinoma; BCLC: Barcelona Clinic Liver Cancer.

pressure, and oxygen saturation levels. These Al systems are capable of predicting changes in a patient’s condition and
issuing early warnings, which is particularly vital in resource-constrained settings where comprehensive monitoring and
timely interventions may be limited. The predictive capabilities of Al systems enable timely interventions by healthcare
providers, helping to prevent deterioration of conditions and improve patient outcomes.

In the realm of real-time clinical decision-making, Al systems provide valuable support by rapidly analyzing the latest
patient data, including lab results, medication records, and physiological metrics. For instance, Al can predict a patient’s
response to a specific treatment or identify potential risks of complications, such as in liver disease patients. This real-time
decision support enhances diagnostic and therapeutic efficiency while minimizing the likelihood of human error. In
resource-limited environments, where healthcare providers often face dual pressures of time and resource constraints, Al-
driven support becomes especially critical.

The integration of Al with EHR systems is a pivotal strategy for improving healthcare efficiency and patient care
quality. By seamlessly connecting with EHRs, Al systems can extract and consolidate historical patient data, lab results,
and medication records, providing clinicians with a more comprehensive foundation for decision-making. This integra-
tion not only enhances data utilization but also addresses the issue of information silos, particularly in resource-limited
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settings where healthcare systems may be fragmented and lack efficient mechanisms for data sharing. The synergy
between Al and EHR systems helps overcome these challenges, thereby optimizing the overall performance of healthcare
systems.

Treatment optimization

Al significantly contributes to optimizing antiviral and liver transplant treatment regimens. In antiviral therapy, Al
predicts patients’ responses to different antiviral drugs by analyzing clinical characteristics, viral features, and treatment
histories using machine learning models such as SVMs, random forests, and DL. By integrating genomic data (e.g., single
nucleotide polymorphisms) and proteomics data, researchers identify genetic variations associated with drug meta-
bolism, toxicity, and efficacy, providing targets for novel drug development[15]. To ensure model accuracy and reliabi-
lity, researchers validate models using multi-center, large-sample datasets. Techniques such as ensemble learning and
hyperparameter optimization further enhance model performance[16]. Al enables personalized treatment plans based on
drug response predictions and genomic and clinical data, improving therapeutic outcomes, reducing side effects, and
optimizing treatment regimens.

In liver transplantation, Al assesses graft quality by analyzing imaging and genomic data. Machine learning models
integrate patients’ clinical features, laboratory indices, and graft characteristics to predict the likelihood of postoperative
complications and identify genetic risk factors[17,18]. Al also optimizes recipient matching by predicting the success
probability of donor-recipient pairs based on clinical features, graft characteristics, and postoperative outcomes. Post-
transplantation, Al monitors patients’ recovery in real time, predicts potential risks, and tailors’ treatment plans based on
genomic data[17].

Imaging and pathology analysis

Traditional liver imaging and histopathological analysis rely heavily on clinicians” experience and visual judgment,
leading to subjectivity and inefficiency. Al has revolutionized liver image analysis, particularly in lesion detection, classi-
fication, and diagnosis. In liver imaging, CNNs are widely used for detecting and classifying hepatocellular carcinoma,
hepatic cysts, and vascular tumors. Radiomics technology analyzes computed tomography (CT) or magnetic resonance
imaging (MRI) images to extract features associated with fibrosis and cirrhosis, constructing machine learning models to
predict fibrosis and cirrhosis staging. Radiomics provides non-invasive, efficient tools for clinical decision-making[19]. In
histopathological image analysis, DL techniques, such as CNNs, are used to identify fibrosis, inflammation, and other
pathological features. DL models automatically quantify collagen deposition and inflammatory cell infiltration, offering
objective evidence for fibrosis diagnosis and staging[5]. Transformer models also demonstrate exceptional performance in
histopathological image analysis.

Prediction and risk assessment

Traditional prediction methods rely on clinical experience and statistical models, such as the Cox proportional hazards
model, which face limitations in handling complex, dynamic clinical data. Al provides innovative solutions for liver
disease prediction and risk assessment, particularly in analyzing time-series data and constructing personalized
predictive models. RNNs are widely applied in predicting the progression of liver diseases. RNNs, capable of processing
time-series data, utilize memory mechanisms to capture temporal dependencies. Liver disease patients’ clinical data, such
as laboratory results, imaging features, and treatment responses, are often represented as time-series data. RNNs
effectively analyze these data to predict future disease progression. For example, RNNs can predict the risk of chronic
hepatitis B progressing to cirrhosis by analyzing viral load, liver function indicators, and treatment responses[6].
Additionally, RNNs integrate multimodal clinical data (e.g., laboratory results and gene expression data) to provide
comprehensive predictions. RNNs’ advantages include capturing temporal dependencies, constructing personalized
models, and fusing multimodal data, significantly improving prediction accuracy[20].

SVMs are widely used in predicting mortality risks in liver diseases. SVMs analyze patients’ clinical data (e.g., age,
gender, liver function indicators, and comorbidities) to construct mortality risk prediction models[21]. By mapping data
to high-dimensional spaces using kernel functions (e.g., radial basis function kernels), SVMs handle non-linear
relationships in clinical data, enhancing model performance. For instance, SVMs can predict mortality risks in cirrhotic
patients by integrating laboratory results, imaging features, and treatment responses[15]. SVMs excel in classification
tasks, handling non-linear relationships, and synthesizing multifactorial data, though their performance depends on
kernel function selection and parameter tuning, and they are sensitive to noisy data.

Basic research and translational medicine

Basic research in hepatology and translational medicine aim to elucidate disease mechanisms and apply research findings
to clinical treatment. Traditional methods, relying on experimental techniques and statistical analyses, face limitations in
data processing and complexity. Al provides innovative solutions, particularly in integrating multi-omics data and
identifying therapeutic targets. Al integrates genomics, proteomics, and metabolomics data to uncover interconnections
across data layers, offering comprehensive insights into disease mechanisms. Genomics focuses on the structure, function,
and expression of the entire genome. Al, particularly DL, processes large genomic datasets to identify mutations or
expression abnormalities associated with liver diseases[15]. For example, CNNs identify gene mutations linked to fibrosis
and hepatocellular carcinoma, while long short-term memory networks analyze time-series gene expression data to
reveal dynamic changes in liver diseases[15,22]. Graph neural networks (GNNs) construct gene interaction networks to
identify key genes and modules. Proteomics investigates protein expression, function, and interactions, with Al aiding in
analyzing proteomic data to discover critical protein nodes and pathways[23]. For instance, GNNs analyze protein
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interaction networks to identify modules associated with liver diseases, while SVMs classify proteomic data from patients
and healthy controls. Metabolomics examines metabolite types, concentrations, and changes, with Al identifying
metabolic pathways and biomarkers linked to liver diseases[24,25]. For example, random forests classify metabolomic
biomarkers in patients and healthy controls, while GNNs analyze metabolic networks to discover disease-related
modules[25].

Machine learning models identify potential therapeutic targets by analyzing multi-omics data. For instance, SVMs
classify genes and proteins associated with liver diseases to screen for therapeutic targets. Additionally, machine learning
optimizes drug design, enhancing efficacy and safety. For example, generative adversarial networks design novel drug
molecules with optimized pharmacological properties[26]. Furthermore, machine learning discovers new therapeutic
applications for existing drugs. Random forests analyze drug databases to identify compounds with potential hepato-
logical applications, facilitating drug repurposing[27,28].

FRONTIER TECHNOLOGIES OF Al IN HEPATOLOGY

The frontier technologies of Al in hepatology primarily encompass DL models, radiomics, NLP, and multi-modal data
fusion (Table 1).

DL models

CNNs: CNNs play a significant role in liver image analysis. By analyzing MRI, CT, and ultrasound images, CNNs extract
morphological and texture features for precise lesion identification[5,29]. Additionally, CNNs can integrate imaging
features, such as measuring lesion size and signal intensity, with clinical data to stage liver cancer or liver fibrosis and
assess patient prognosis, providing objective diagnostic metrics and evidence for personalized treatment[30]. The ad-
vantages of CNNss lie in their efficient feature extraction capabilities and rapid processing of large datasets. Compared to
traditional methods, CNNs offer high accuracy, automation, and the ability to integrate multimodal data, significantly
enhancing workflow efficiency and diagnostic comprehensiveness.

Transformer models: Transformer models demonstrate immense potential in multi-modal data fusion. By integrating
liver imaging data, laboratory test results, genomics data, and clinical records, Transformer models can uncover latent
associations among diverse datasets. For example, these models can combine imaging features with laboratory data to
predict the survival outcomes of liver cancer patients or integrate genomics and imaging data to reveal gene-imaging
associations[31,32]. Transformer models also demonstrate exceptional performance in histopathological image analysis,
leveraging self-attention mechanisms to extract global features and fuse multiscale features for identifying fibrosis distri-
bution patterns and classifying histopathological images. While transformers excel in global feature extraction and
multiscale analysis, challenges such as high computational complexity and limited adaptability to small datasets require
further optimization. The multi-task processing capabilities and powerful sequence modeling abilities of transformer
models make them highly promising for applications in hepatology.

GNNs: GNNSs are pivotal in the construction of knowledge graphs for liver diseases. By integrating multi-source data,
such as genes, proteins, metabolites, diseases, and drugs, GNNSs can build complex knowledge graphs to reveal associ-
ations among genes, proteins, and metabolites. These models enable reasoning and predictions based on knowledge
graphs, identifying potential therapeutic targets and mechanisms of drug action[23,33,34]. The strengths of GNNs lie in
their ability to model complex graph structures and dynamically update knowledge graphs.

Radiomics

Radiomics is a technique that extracts high-dimensional features from medical images, with a focus on quantifying tissue
structure and functional characteristics. Radiomics has shown remarkable advantages in the diagnosis and classification
of liver cancer, enabling the extraction of tumor morphological and texture features to distinguish liver cancer from
benign liver lesions[35,36]. Furthermore, radiomics can be applied to the staging of liver cirrhosis and the prediction of
survival outcomes for liver cancer patients[19,37]. The integration of DL techniques has significantly enhanced the
performance of radiomics models, making them more precise and efficient in hepatology applications.

NLP

NLP technologies provide innovative solutions for extracting valuable information from unstructured medical texts, such
as patient records and research papers[11,12]. NLP-based knowledge graph construction techniques can extract liver
disease-related knowledge from medical texts and integrate multi-source medical information to build knowledge
graphs, thereby supporting clinical decision-making[13,14].

Multi-modal data fusion

By integrating imaging, laboratory examinations, genomics, and clinical data, multi-modal data fusion significantly
enhances model predictive capabilities and provides robust support for the diagnosis and optimization of treatment plans
for liver diseases[38]. Multi-modal data fusion methods primarily include feature-level fusion, decision-level fusion, and
model-level fusion. For instance, multi-modal fusion models based on transformer can simultaneously process imaging,
laboratory, and genomic data to deliver more comprehensive predictive results[39]. Additionally, multi-modal data
fusion technology can be utilized for precise diagnosis, severity assessment, and the development of personalized
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Table 1 Comparison of artificial intelligence models in hepatology

Model Advantages Disadvantages/limitations Primary applications in hepatology

CNNs Efficient feature extraction; rapid May require large labeled datasets; Liver image analysis (magnetic resonance
processing of large datasets; high limited interpretability imaging/computed tomography/ultrasonography); lesion
accuracy and automation; detection and classification; fibrosis staging; integration
integrates multimodal data with clinical data for prognosis

Transformer Powerful sequence modeling; High computational complexity; limited Multi-modal data fusion (imaging + genomics + clinical
multi-task processing; excels at adaptability to small datasets records); prediction of survival outcomes; gene-imaging
global feature extraction and association analysis

multiscale analysis

GNNs Models complex graph Requires well-structured graph data; Construction of disease knowledge graphs; identification of
structures; dynamically updates  computational cost may be high for therapeutic targets; analysis of gene-protein-metabolite
knowledge graphs; enables large networks interactions
reasoning across multi-source
data

Radiomics Extracts high-dimensional Dependent on image quality and Diagnosis and classification of liver cancer; cirrhosis
features from images; non- standardization; requires validation in staging; prediction of survival outcomes

invasive and efficient; improves  multi-center settings
diagnostic and prognostic

performance
NLP Extracts valuable information Limited by data quality and hetero- Analysis of electronic health records; construction of
from unstructured text; integrates geneity; may require domain-specific knowledge graphs for clinical decision support

multi-source medical information tuning

Multi-modal  Enhances predictive performance Complexity in aligning and fusing Precise diagnosis; severity assessment; personalized
fusion by integrating imaging, genomic, heterogeneous data sources treatment planning; comprehensive predictive modeling
lab, and clinical data

CNN: Convolutional neural networks; GNN: Graph neural networks; NLP: Natural language processing.

treatment plans for liver diseases.

OPPORTUNITIES AND CHALLENGES OF Al IN HEPATOLOGY
Opportunities

The application of Al technology in hepatology is primarily evident in the domains of diagnosis, treatment, and basic
research. In terms of diagnosis, Al models based on DL are highly efficient in analyzing medical imaging (such as
ultrasound, CT, and MRI), significantly improving the accuracy and efficiency of diagnosing liver diseases, including
cirrhosis, liver cancer, and fatty liver disease. Al excels particularly in identifying early-stage lesions and detecting small
lesions, providing clinicians with reliable auxiliary tools. In the realm of treatment, Al has driven the development of
precision medicine by integrating patient omics and clinical data, enabling the optimization of treatment plans and the
prediction of patients” responses to different drugs, thus facilitating personalized therapy. Additionally, in the field of
basic research, Al technology has played a crucial role in analyzing complex genomic and proteomic data, uncovering the
molecular mechanisms of liver diseases and providing new directions for drug development.

Challenges

Despite the promising prospects of Al in hepatology, its implementation faces numerous challenges. In terms of data
dependency and limitations, the reliance of Al technology on large labeled datasets represents a major bottleneck in
hepatology. Liver disease data are often scarce, isolated, and highly heterogeneous, posing significant challenges for the
training and validation of Al models. Specifically, issues such as overfitting, inadequate generalization capability, biases
in training data, and problems related to data heterogeneity and standardization are particularly prominent. These
challenges limit the effectiveness of Al models in real-world clinical scenarios.

Furthermore, the translation of Al prototypes into clinically validated tools remains a significant hurdle. Unlike
radiology or dermatology, where several Al-based devices have received Food and Drug Administration clearance,
hepatology-specific Al tools are notably scarce in regulatory-approved clinical use. This gap underscores the challenges in
validating AI models for diverse patient populations and integrating them into routine clinical workflows, beyond
academic proof-of-concept studies. Regarding model interpretability and clinical acceptance, the “black-box” nature of Al
models constitutes another major challenge in their clinical application. While DL models perform exceptionally well in
diagnosing liver diseases, their complex decision-making processes are difficult for clinicians to understand. This lack of
transparency reduces trust in Al technology among healthcare providers, limiting its widespread adoption in clinical
practice.

In the domain of ethical and regulatory issues, the application of Al technology in hepatology also raises ethical and
regulatory concerns. Al algorithms may produce unfair predictive outcomes due to biases in training data, potentially
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leading to discrimination against specific patient groups. Furthermore, the clinical application of Al requires clear
attribution of responsibility, particularly in cases of erroneous Al diagnoses or flawed treatment recommendations.
Determining accountability between physicians and Al systems remains an unresolved issue. Lastly, the preparedness of
healthcare systems for Al integration is another critical concern. Many healthcare institutions lack adequate preparation
in terms of technical infrastructure, human resources, and financial investment to support the stable operation and
widespread use of Al systems. Additionally, the acceptance and skill levels of healthcare professionals regarding Al
technology can significantly impact its implementation in clinical practice.

Solutions to address the challenges
In response to the aforementioned challenges, the following potential solutions are proposed.

Federated learning and domain adaptation: Federated learning can enhance model generalization while safeguarding
patient privacy. Domain adaptation techniques can address data heterogeneity, enabling Al models to better accom-
modate data distributions across different institutions or patient populations.

Data sharing and standardization: Establishing multi-institutional collaborative platforms for data sharing is crucial for
advancing the standardization and interoperability of liver disease data, thereby addressing issues of data heterogeneity
and scarcity.

Enhanced model explainability: Developing more transparent Al models, such as explainable Al, is essential for im-
proving clinical acceptance and trust in Al technologies.

Ethical frameworks and regulatory policies: The establishment of robust ethical frameworks and regulatory policies is
paramount to ensuring the safe, fair, and transparent application of Al in hepatology. Moreover, particular attention must
be paid to potential biases embedded in genomic and clinical data, which could perpetuate health disparities if
unaddressed. Ethical Al deployment also necessitates updated informed consent protocols that encompass data usage in
Al training and inference, especially in federated learning settings where data governance and ownership remain
complex and context-dependent.

Capacity building in healthcare systems: Strengthening healthcare institutions’ technical infrastructure and enhancing
healthcare professionals’” Al proficiency are vital for the widespread adoption and successful implementation of Al
technologies in the field of hepatology.

FUTURE RESEARCH DIRECTIONS

Future research directions primarily focus on data standardization and sharing, model interpretability and clinical
application, multi-modal data fusion, and precision medicine (Figure 3). In terms of data standardization and sharing, the
establishment of multi-center databases is critical. By integrating imaging, laboratory, genomic, and clinical data from
various healthcare institutions, standardized datasets can be constructed to provide comprehensive support for Al
models. Additionally, promoting the development of data-sharing platforms ensures privacy protection and ethical
compliance while enhancing data utilization efficiency.

Model interpretability and clinical application are essential for the practical implementation of Al technologies.
Developing transparent and interpretable Al models, such as explainable machine learning methods and visualization
techniques, can enhance clinicians’ trust in these models. Moreover, strengthening interdisciplinary collaboration,
developing user-friendly Al tools, and formulating relevant policies and regulations are key to advancing Al applications
in clinical settings. Multi-modal data fusion is a crucial direction for improving Al model performance. By employing
cross-modal alignment, attention mechanisms, and hierarchical fusion strategies, imaging, genomic, and laboratory data
can be effectively integrated to enhance diagnostic and predictive accuracy. Additionally, the application of Al in liver
disease basic research and translational medicine can uncover disease mechanisms, identify potential therapeutic targets,
and accelerate clinical translation.

Precision medicine represents a key future development direction. By integrating patients’ genomic, phenotypic, and
environmental data, Al technologies can enable precise diagnosis, predict disease progression, and develop personalized
treatment plans. Furthermore, Al holds promising potential in precision medicine for liver diseases, including early
prediction, optimized drug administration, and novel drug development, offering new possibilities for liver disease
treatment. Future research must continue to break new ground in data standardization, model interpretability, multi-
modal fusion, and precision medicine to drive the widespread application and clinical implementation of Al technologies
in hepatology.

CONCLUSION

The application of Al in hepatology holds promising potential, but it also encounters multiple challenges, including data
dependency, model generalization, ethical regulation, and systemic societal issues. Only through coordinated efforts
across technology, ethics, policy, and society can Al achieve efficient, safe, and sustainable application in hepatology,
thereby enhancing patient care and treatment outcomes.
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Figure 3 A timeline outlining historical evolution and future projections of artificial intelligence in liver medicine. CAD: Computer-aided
diagnosis; CT: Computed tomography; CNN: Convolutional neural network; HCC: Hepatocellular carcinoma; MAFLD: Metabolic-associated fatty liver disease; FDA:
Food and Drug Administration; Al: Artificial intelligence.
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