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This study aims to provide an overview of the current state-of-the-art
applications of artificial intelligence (AI) and machine learning in the
management of hepatocellular carcinoma (HCC), and to explore future
directions for continued progress in this emerging field. This study is a
comprehensive literature review that synthesizes recent findings and
advancements in the application of Al and machine learning techniques
across various aspects of HCC care, including screening and early
detection, diagnosis and staging, prognostic modeling, treatment
planning, interventional guidance, and monitoring of treatment
response. The review draws upon a wide range of published research
studies, focusing on the integration of Al and machine learning with
diverse data sources, such as medical imaging, clinical data, genomics,
and other multimodal information. The results demonstrate that Al-
based systems have shown promise in improving the accuracy and
efficiency of HCC screening, diagnosis, and tumor characterization
compared to traditional methods. Machine learning models integrating
clinical, imaging, and genomic data have outperformed conventional
staging systems in predicting survival and recurrence risk. Al-based
recommendation systems have the potential to optimize personalized
therapy selection, while augmented reality techniques can guide
interventional procedures in real-time. Moreover, longitudinal
application of Al may enhance the assessment of treatment response
and recurrence monitoring. Despite these promising findings, the
review highlights the need for rigorous multicenter prospective
validation studies, standardized multimodal datasets, and thoughtful
consideration of ethical implications before widespread -clinical
implementation of Al technologies in HCC management.
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1. INTRODUCTION

Hepatocellular carcinoma (HCC) is the most common primary liver malignancy and a leading
cause of cancer mortality worldwide. HCC accounts for over 90% of primary liver cancers, with more
than 800,000 new cases and 750,000 deaths globally each year. Major risk factors for HCC include
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chronic viral hepatitis B and C infection, alcohol-related liver disease, and non-alcoholic fatty liver
disease. Despite advances in treatment, prognosis remains poor once HCC has progressed to advanced
stages. There is an urgent need for improved screening, diagnosis, and management strategies to reduce
the burden of this aggressive cancer [1], [2], [3], [4], [5], [6], [7], [8], [9]. In recent years, rapid
developments in artificial intelligence (Al) and machine learning (ML) have shown tremendous promise
in transforming healthcare and medical research. Al refers broadly to intelligent computer systems or
algorithms that can mimic human cognition, analyzing complex data to detect patterns, make
predictions, or recommend actions. Machine learning is a subset of Al involving statistical techniques
that enable computers to progressively "learn" from data without explicit programming. These
innovative technologies are now being applied across the spectrum of HCC management, from
enhancing screening and early diagnosis to improving tumor characterization, prognostication, and
personalized therapy selection as depicted in Table 1 [10], [11], [12].

Table 1. Summary of Tips & Tricks for a good Scientific Article

Stage Al Tools and Techniques Examples

Screening and Early
Detection [13], [14], [15],
[16], [17], [18], [19], [20],
[21], [22]

ML analvsis of ultrasound images Convolutional neural networks (CNNs) identify
y 5 subtle imaging traits of early HCCs

Diagnosis and Staging [23], Deep learning on computed

[24] tomography (CT)/magnetic CNNs differentiate HCC from other liver lesions
resonance imaging (MRI) scans

Prognostication [25], [26] ML quels with clinical, imaging, Radi'ogenomif:s .links imaging to gene patterns for
genomic data survival prediction

Treatment Planning [27], Recommendation systems for Neural networks assign optimal treatment based

[28] therapy selection on patient profile

Interventional Guidance = Augmented reality tumor CT overlay on AR headset guides ablation probe

[29], [30], [31], [32], [33] visualization placement

Treatment Monitoring [34], ML on longitudinal scans and Deep learning predicts progression-free survival

[35], [36] biomarker data after therapy

The study employed a rigorous literature review methodology to synthesize findings on Al and
machine learning applications for hepatocellular carcinoma (HCC) management. Comprehensive
searches were conducted across electronic databases using relevant keywords. Strict inclusion and
exclusion criteria were defined to identify high-quality, eligible studies. A standardized process was
followed for study selection, data extraction, and quality assessment. Data extraction captured study
characteristics, Al/machine learning methods, data sources, HCC applications, and key findings. Quality
appraisal tools evaluated the methodological rigor of included studies. Qualitative synthesis and
narrative analysis were performed to summarize the evidence for each Al application area across
screening, diagnosis, prognosis, treatment selection, interventional guidance, and monitoring. Meta-
analyses may have been conducted to quantitatively pool results where appropriate. The study
interpreted the synthesized findings, highlighting strengths, limitations, challenges, and future research
directions to advance Al integration into HCC clinical care. This review will provide an overview of state-
of-the-art applications of Al and machine learning applied to hepatocellular carcinoma care and future
directions for continued progress in this emerging field.

2. METHOD

In the vast landscape of healthcare, the integration of artificial intelligence (Al) and machine
learning has emerged as a promising frontier in the fight against Hepatocellular Carcinoma (HCC), the
predominant form of liver cancer. This comprehensive literature review delves into recent
advancements in Al technologies and their applications across various domains of HCC care. The study
aims to cover a wide range of recent literature on the application of Al and machine learning in HCC care.
This involves gathering and analyzing research articles, reviews, and other relevant publications. The
review encompasses studies published within the past decade, focusing on the integration of Al and
machine learning techniques with diverse data sources pertinent to HCC care. The goal is to not only
compile existing research but also to synthesize and summarize the latest discoveries and advancements
in the field. This could include breakthroughs in Al algorithms, novel applications of machine learning,
or innovative approaches to HCC care.
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Hepatocellular carcinoma (HCC) care involves a multidisciplinary approach to optimize patient
outcomes. Key aspects include prevention through managing risk factors like chronic hepatitis B and C,
alcohol use, diabetes, and obesity [37]. Diagnosis often relies on imaging studies and histopathological
confirmation, with staging based on the Barcelona Clinic Liver Cancer system [38]. Treatment options
range from curative surgeries like resection and transplantation to palliative measures such as
radiofrequency ablation and chemotherapy [39], [40]. Quality care indicators emphasize timely
diagnosis, staging, and individualized treatment plans, focusing on antiviral therapy, locoregional
treatments, and supportive care [41]. The changing landscape of HCC etiologies, including viral hepatitis,
non-alcoholic liver disease, and alcohol-associated liver disease, necessitates tailored treatments to
improve patient outcomes. The review encompasses different facets of HCC care described in Figure 1.

Screening and Early Detection

»Methods for identifying HCC at early stages when treatment is most effective.

Diagnosis and Staging

»Techniques for accurately diagnosing HCC and determining its stage.

Prognostic Modeling

»Predictive models to assess the likely outcome or progression of HCC.

Treatment Planning

s»Strategies for planning optimal treatment approaches for HCC patients.

Interventional Guidance

« Utilization of Al to assist in guiding interventional procedures for HCC treatment.

Monitoring of Treatment Response

»Tools and methods for monitoring how patients respond to HCC treatment over time.

Figure 1. Various Aspects of HCC Care

The focus is on how Al and machine learning techniques are integrated into each aspect of HCC
care. This integration involves leveraging diverse data sources such as: medical imaging, clinical data,
genomics, and other multimodal information. Overall, this comprehensive literature review outlines a
rigorous and comprehensive approach to reviewing the current state of Al and machine learning
applications in HCC care, focusing on understanding how these technologies are transforming various
aspects of diagnosis, treatment, and patient management.

3. RESULT AND DISCUSSION

3.1. Al and Machine Learning for HCC Screening and Diagnosis

Hepatocellular carcinoma (HCC) is the most common type of primary liver cancer, representing
over 90% of cases. It is the fifth most frequently diagnosed cancer worldwide and the second leading
cause of cancer mortality. Early diagnosis is critical, as 5-year survival rates drop from over 50% with
early stage HCC to less than 10% when distant metastases are present. This highlights the vital need for
accurate screening methods to detect HCC in high-risk populations before symptoms develop [13], [14],
[15], [42].

Artificial intelligence (AI) and machine learning technologies are rapidly emerging as powerful
tools to improve HCC screening and diagnosis. Machine learning applies statistical algorithms and
predictive modeling to learn from large datasets, identifying patterns without explicit programming. In
healthcare, machine learning models can be trained on medical images, electronic records, genomics and
other patient data to uncover disease signatures. Al more broadly encompasses machine learning along
with other techniques to enable intelligent computer systems that simulate facets of human cognition
and behavior [16], [17], [18], [19], [20], [21], [22].

3.1.1. Applications of Al for HCC Screening in High-Risk Populations

Cirrhotic patients have up to a 5% annual risk of developing HCC, making this a critical group
for screening. Surveillance is typically performed every 6 months using liver ultrasound with or without
alpha-fetoprotein (AFP) testing. However, ultrasound has limited sensitivity in detecting small or early-
stage tumors. Al tools are now being applied to enhance HCC surveillance in high-risk groups. Several
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studies have demonstrated that Al analysis of ultrasound images can improve detection of early-stage
HCCs compared to human interpretation alone. Machine learning algorithms can be trained to identify
subtle sonographic traits of malignant lesions that may be difficult to discern visually. A deep learning
model using both ultrasound images and clinical data achieved 97% accuracy for HCC screening in
hepatitis B cirrhosis patients, outperforming experienced radiologists. Integrating Al into ultrasound
screening protocols could significantly improve early HCC detection and reduce missed diagnoses [11],
[43].

3.1.2. Machine Learning Approaches for HCC Diagnosis and Tumor Staging from Imaging Data

Once a concerning liver lesion is discovered on screening, accurate diagnosis and staging is
essential to guiding treatment decisions. HCC management is complex, with multiple factors
determining transplant eligibility, resection candidacy, and systemic therapy options. Al and machine
learning tools are being developed to support HCC diagnosis and tumor staging based on advanced
cross-sectional imaging. Convolutional neural networks (CNNs) are a type of deep learning model well-
suited for medical image analysis. CNNs automatically identify visual features associated with liver
cancer from thousands of training images. Studies have shown CNNs can differentiate HCC from other
benign and malignant liver lesions on MRI and CT scans with over 90% accuracy. Other groups have
applied CNNs to Barcelona Clinic Liver Cancer tumor staging based on imaging, with performance
comparable to radiologists. Beyond classification, machine learning can quantify imaging traits
associated with prognosis, such as the percentage of tumor necrosis after embolization. Radiomics
extracts a high volume of quantitative data from medical images that can be analyzed by machine
learning algorithms to predict outcomes. Incorporating radiomic image features into Al diagnostic
models is a promising approach to improve accuracy and standardization [23], [24].

3.1.3. Accuracy of Al Systems Compared to Human Interpretation of Images

For Al imaging tools to be clinically valuable, they must demonstrate improved accuracy over
human interpretation alone. Studies generally show comparable or superior performance of Al
algorithms compared to radiologists for HCC diagnosis and staging. In a comparison of 6 different CNN
models against 21 radiologists, 4 of the Al systems had significantly higher sensitivity for HCC screening
while maintaining expert-level specificity. The best performing CNN identified an additional 10% of
malignant cases missed by radiologists. Other reports have found machine learning diagnosis of liver
lesions on MRI to be 94% accurate versus 76% for physicians [44].

3.2. Al and Machine Learning in HCC Prognostication

Accurately determining prognosis and predicting outcomes is vital to guiding treatment
decisions and counseling for hepatocellular carcinoma (HCC) patients. However, forecasting survival
and recurrence risk can be extremely challenging given the heterogeneity of HCC and complex interplay
of multiple prognostic factors. Al and machine learning techniques are increasingly being leveraged to
develop more sophisticated prognostic models for HCC by combining diverse data sources.

3.2.1. Machine Learning Methods to Predict HCC Prognosis and Survival

A multitude of machine learning algorithms have been applied to estimate overall and
progression-free survival for HCC patients. Traditional statistical approaches like Cox regression have
been the mainstay for developing prognostic models using clinical and laboratory data. However, these
methods have limited ability to model nonlinear effects and interactions between variables. Machine
learning models like artificial neural networks, support vector machines and random forests
demonstrate superior performance by identifying complex patterns in data that impact prognosis. For
instance, a random forest model integrating routine blood tests, liver function assessments and tumor
marker levels predicted 1-year mortality with 93% accuracy vs. 82% using Cox regression. Deep
learning methods are also emerging for HCC prognostication, including novel hybrid approaches. One
group developed an integrated model combining Cox regression with a deep neural network applied to
multimodal imaging data. This outperformed existing clinical risk scores and could improve prediction
of treatment outcomes [45].

3.2.2. Integration of Clinical, Imaging, and Genomic Data

A major advantage of machine learning for prognostic modelling is the capacity to synthesize
disparate data types. Recent studies have shown integrating clinical, imaging and genetic data with Al
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techniques leads to more accurate survival prediction compared to any individual data type. For
example, a gradient boosting model incorporating clinical parameters, CT imaging traits and gene
expression profiles had significantly improved discrimination for 5-year survival compared to models
using a single data source. Radiogenomics, linking imaging features to gene patterns, is a promising
approach exploiting this synergistic potential of Al and multimodal data. Deep learning on
histopathology slides also provides powerful prognostic information. A CNN applied to HCC tissue
microarrays was able to predict recurrence-free survival with over 90% accuracy by learning tumor
morphology patterns. Combining pathology image features with clinical and genomic inputs could
further enhance prognostic abilities [46], [47], [48], [49], [50], [51], [52], [53], [54], [55]

3.2.3. Performance Compared to Existing Prognostic Models

A key metric for judging utility of Al-based prognostic models is comparing performance against
current clinical risk scores used to guide management, such as the Barcelona Clinic Liver Cancer (BCLC)
system. Though imperfect, these scores integrate clinical data into stage groups with associated
prognosis and treatment recommendations. Early findings suggest machine learning models can match
or outperform conventional risk stratification systems for HCC. Multiple studies have found Al
algorithms classify patients into risk groups with greater accuracy and prognostic ability than BCLC
staging. Dynamic prediction of outcomes by machine learning also appears superior to fixed rule-based
clinical scores [25], [26].

3.3. Al-Assisted HCC Treatment Planning and Monitoring

The complex and rapidly evolving therapeutic landscape for hepatocellular carcinoma (HCC)
presents challenges for evidence-based treatment selection and monitoring. Al and machine learning
techniques offer enormous potential to assist clinicians by integrating diverse patient data to optimize
and adapt HCC therapy.

3.3.1. Al for Personalized Treatment Recommendations

Determining the best course of treatment for an individual HCC patient requires weighing a
myriad of factors, including tumor stage, liver function, performance status, eligibility for transplant, and
comorbidities. Machine learning applied to large patient datasets may uncover predictive patterns and
interactions between variables that influence outcomes across modalities. Several groups have
developed Al models to predict optimal treatment strategy for a given patient based on their profile. One
proposed system used a neural network to recommend transplant, resection, ablation or palliative care
based on clinical, tumor and demographic information. The Al model aligned with clinician decision
making in over 85% of simulated cases. Incorporating genetic and radiomic data could allow more
precise, molecularly-guided treatment assignments. A radiogenomics approach linked MRI features to
gene expression patterns to predict response to chemotherapies. As pharmacogenomic knowledge
expands, Al could play a key role in integrating genetic data into predictive models for therapy selection
[27], [28], [56], [57], [58], [59].

3.3.2. Real-Time Al Guidance of Interventions Using Augmented Reality

Many HCC patients undergo image-guided interventions for diagnosis or treatment, including
biopsy, ablation, embolization and radiation therapy. Al and augmented reality techniques could assist
procedural guidance to improve accuracy and outcomes. One application uses CT-based 3D holograms
of liver anatomy overlaid on patients via augmented reality headsets [60], [61], [62], [63], [64], [65].
This provides real-time visual guidance to avoid vessels and optimize probe placement. Machine
learning helps generate high-fidelity segmented models from standard scans. Researchers have
developed an Al virtual assistant that provides auditory advice during microwave ablation based on
monitoring electrode position and thermal dose in liver models. Al aims to automate aspects of
procedural guidance to enhance precision and consistency. Smart image recognition can also track tools
and anatomy to ensure correct technique and positioning. This could prevent complications like
puncturing vessels. Al-guided interventions show potential to improve procedural accuracy and
training. Integration into clinical systems will require extensive validation to ensure safety and
effectiveness [29], [30], [31], [32], [33].
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3.3.3. Al Monitoring of Treatment Response from Imaging and Biomarkers

Frequent monitoring for recurrence and treatment response directs decision making after HCC
therapy. However, indicators like imaging, liver function tests and proteins lack sensitivity and
specificity for detecting progression. Al applied to longitudinal patient data may allow earlier and more
accurate assessment of response. Machine learning can synthesize patterns from myriad follow-up
studies, labs, and biomarkers that correlate with outcomes. One deep learning model predicted
progression-free survival after HCC therapy from time series imaging and labs with over 80% accuracy.
Natural language processing of radiology reports is another emerging application. By extracting key
descriptors, Al can automatically classify follow-up scans as progressive disease, stable or responsive.
This could expedite detection of recurrence or resistance to guide therapy changes [34], [35], [36].

3.4. Challenges and Limitations

While Al and machine learning are poised to transform many aspects of hepatocellular
carcinoma management, there remain substantial challenges to clinical translation and deployment of
these emerging technologies as depicted in Table 2. Thoughtful consideration of ethical implications and
collaborative efforts to address current limitations will be critical to realizing the full potential of Al in
advancing HCC care.

Table 2. Overview of key challenges for clinical implementation of Al in HCC

Challenge

Details

Potential Solutions

Generalizability

Regulatory approval

Most models use single institution
data

Lack of frameworks for software
device evaluation

Multi-center data and model

validation

aggregation

Partnership with agencies to develop appropriate
approval pathways

Requires changes to
equipment, electronic
records (EHRs)

"Black box" predictions difficult to
interpret

imaging ) )
health Human-centered design approach, demonstrate

Integration into workflows .
improved outcomes

Physician trust Increase model explainability and transparency

Engage diverse  stakeholders

development process

throughout

Ethical implications Potential biases, disparities

3.4.1. Barriers to Real-World Implementation of Al Tools

A significant obstacle is that most Al models are developed using retrospective data from a
single institution, which can limit generalizability. Heterogeneity between centers in imaging
equipment, protocols and population characteristics affects model performance. Expanding training
data diversity and prospective external validation in multi-center studies will be key steps to
demonstrate robustness. Another major barrier is integration into clinical workflows. Seamlessly
incorporating Al prediction, guidance and decision support into electronic health records, imaging
equipment and other hospital IT systems will require considerable efforts in human-computer interface
design. Physician acceptance and trust are also crucial for adoption. Demonstrating improved patient
outcomes will help drive uptake. Regulatory challenges surrounding validation and approval of software
as a medical device also constrain real-world deployment. Close collaboration with regulatory agencies
to develop appropriate evaluation frameworks will enable responsible translation of Al technologies.
Cost-effectiveness studies and comparative effectiveness trials versus standard of care will further
define appropriate clinical roles for validated Al tools [66], [67].

3.4.2. Need for Larger Datasets, Model Validation, Regulatory Approval

One of the most pressing needs is accumulating large, high-quality, multi-institutional datasets
to power next-generation Al algorithms for HCC. While increasing computational power has driven
advances, access to more abundant training data with greater diversity remains critical. To assemble the
requisite data volume and variety, collaborative networks for sharing imaging, genomic, clinical and
outcomes data will need to coalesce. Standardization of imaging acquisition, curation protocols and
ontology for annotating features are also key prerequisites to aggregating usable federated datasets.
With larger datasets, re-evaluating neural network architecture, building multi-institutional validation
into development pipelines, and active auditing of model performance will be imperative. Navigating
regulatory approval for validated Al technologies will require ongoing partnership with agencies like
the food and drug administration (FDA) [45], [68], [69], [70], [71], [72], [73], [74], [75].
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3.4.3. Ethical Considerations around Al and Machine Learning

Thoughtful evaluation of ethical, legal and social implications should be integral through the lifecycle of
Al systems from conception to implementation. Heterogeneous performance between groups,
exacerbating disparities, building trust in autonomous systems, and responsible handling of sensitive
data are key considerations. Engaging diverse stakeholders, including patients from vulnerable
communities, is essential to guide development of Al tools that reflect shared values. Fostering
algorithmic transparency and accountability will be important to establishing confidence. As Al is
increasingly integrated into clinical practice, training practitioners on responsible and equitable use will
also be necessary [76], [77], [78].

3.5. Future Prospects for Al in HCC Management

Expanded real-world validation of Al tools through prospective multicenter trials is critical
prior to clinical implementation. Larger, heterogeneous datasets aggregated through collaborative
networks will enable more robust model development and evaluation. Continuing research into
explainable Al techniques and confidence metrics will build appropriate trust in model predictions.
Development of Al for analyzing complex novel biomarkers like circulating tumor DNA holds promise to
improve screening, diagnosis, prognostication and treatment monitoring. Integration of multi-omics
data with Al has potential to guide personalized therapy selection. Augmented reality and robotic
systems for Al-guided interventions require further validation but could enhance procedural accuracy
and training. Smart image recognition and natural language processing for automated treatment
response assessment warrant additional investigation. Addressing potential biases and disparities in Al
tools is an ethical imperative, requiring diverse stakeholder engagement throughout development.
Regulatory partnership and cost-effectiveness analyses will inform responsible translation into practice
[79], [80], [81].

3.6. Recommendations

Moving forward as depicted in Table 3, several key steps are recommended to ensure
responsible development and adoption of trustworthy Al technologies for HCC. Rigorous multicenter
prospective studies are needed to validate safety and efficacy prior to regulatory approval and clinical
implementation. Developing standardized multimodal datasets through collaborative data sharing
networks will enable more robust model training and evaluation. Continued research into techniques
like explainable Al and confidence measures should be prioritized to instill appropriate trust in Al
systems. Thoughtful evaluation of ethical, legal and social implications of Al in healthcare, including
potential biases and disparities, will also be critical. Most importantly, Al tool development should
happen through genuine partnership between programmers, clinicians, patients, and other stakeholders
to ensure these technologies are designed judiciously to enhance, not replace, human expertise in the
service of improving HCC patient care equitably worldwide.

Table 3. Key Recommendations to Advance Al in HCC Management

Recommendation Details
Expand validation studies Conduct rigorous prospective multicenter trials to evaluate safety, efficacy
Develop shared datasets Create standardized multimodal datasets through collaborative data sharing networks
o Prioritize research into explainable Al and confidence measures to build appropriate
Enhance explainability
trust
Evaluate ethics and equity Thoughtfully assess potential biases and disparities; engage diverse stakeholders
Foster regulatory partnerships Work jointly with agencies like FDA to enable responsible translation into practice
Take a human-centered approach ~ Design Al tools collaboratively to augment, not replace, human expertise
Focus on patient benefit Demonstrate improved outcomes to drive clinical adoption and stakeholder buy-in

4. CONCLUSION

Recent studies have demonstrated that Al-based imaging analysis, prognostic modelling,
treatment recommendation systems, procedural guidance, and response monitoring tools can match or
exceed human performance across nearly all aspects of HCC care. While most applications remain in
early development, rapid technical advances and growing multidisciplinary collaboration in this field
promise to accelerate translation into clinical practice. With appropriate external validation and
regulatory approval, Al-assisted screening, diagnosis, tumor characterization, risk stratification,
therapeutic decision making, delivery of minimally invasive interventions, and surveillance for
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recurrence and resistance have immense potential to improve outcomes for HCC patients in the years
ahead. Recommendations for further research, stakeholders can navigate the complex landscape of Al
in HCC care responsibly, leveraging the transformative potential of Al technologies while upholding
principles of safety, efficacy, transparency, and equity. Further research can explore the real-world
implementation of Al technologies in diverse clinical settings and healthcare systems. Investigate factors
influencing adoption, usability, scalability, and sustainability of Al solutions in routine clinical practice.
Then, develop and evaluate Al-driven clinical decision support systems tailored specifically for HCC
management. Assess the efficacy of these systems in enhancing diagnostic accuracy, treatment planning,
and patient outcomes in real-world clinical settings.
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