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ABSTRACT

Hepatocellular carcinoma (HCC) is a leading cause of cancer-related deaths worldwide, with limited treatment 
options and poor prognosis. The use of artificial intelligence (AI) with clinical and omics data provides transform-
ative potential to design a drug that could improve patient outcomes and clinical trials in HCC. AI has emerged 
as a powerful tool in predicting drug responses, identifying biomarkers, and optimizing treatment strategies by 
using advanced techniques such as single-cell RNA sequencing (scRNA-seq), spatial transcriptomics, and pro-
teomics. This paper aims to explore the evolving role of AI in the drug discovery for clinical management of 
HCC, focusing on its application in predicting drug sensitivity, optimizing clinical trials. Additionally, we assess 
the challenges faced by AI models, such as limited explainability, data quality, and regulatory acceptance. Our 
analysis highlights several case studies where AI-driven models were employed to predict treatment responses 
and survival outcomes in HCC patients. AI has demonstrated efficacy in streamlining patient selection for clin-
ical trials, improving trial design, and identifying drug resistance mechanisms. Moreover, AI tools have been 
instrumental in drug repurposing efforts, identifying novel therapeutic candidates, and optimizing the efficacy of 
existing drugs such as immune checkpoint inhibitors and multikinase inhibitors like sorafenib and regorafenib. 
AI-driven advancements are significantly enhancing the understanding and treatment of HCC. 

However, challenges such as model explainability, data standardization, and the need for large prospective trials 
remain controversial. As AI technologies evolve and collaborations between academia and pharma companies 
increase day by day, these innovations hold immense potential for improving patient outcomes and reshaping 
the future of HCC treatment. Further research is essential to validate AI algorithms and ensure their integration 
into clinical practice.
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Introduction
Hepatocellular carcinoma (HCC) is the most prevalent form of liv-

er cancer, accounting for approximately 90% of primary liver tumors. 
Its ranks as the fifth most common cancer worldwide and is the sec-
ond leading cause of cancer-related deaths [1]. HCC represents about 

6% of all cancers with an estimated 500,000 to 1 million new cases 
diagnosed each year [2]. Its incidence is notably higher in Southeast 
Asia and sub-Saharan Africa, while it remains lower in resource-rich 
countries, although rates have been rising in places such as the Unit-
ed States, Japan, and parts of Europe. For instance, the incidence in 
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the United States has tripled over the past two decades, closely linked 
to the rise in obesity and metabolic syndrome, with current rates at 
approximately 4.8 per 100,000 people [3]. The disease is often associ-
ated with chronic liver conditions, especially cirrhosis, which affects 
about 80-90% of HCC patients [4]. Key risk factors for developing HCC 
include chronic infections with hepatitis B virus (HBV) and hepatitis C 
virus (HCV), alcoholic liver disease, and metabolic-associated steatot-
ic liver disease (MASLD) [5]. Treatment options for HCC vary based 
on the stage of the disease and the patient’s liver function [6]. Surgi-
cal resection and liver transplantation are recommended for patients 
with localized tumors and preserved liver function. Transplantation 
is considered particularly effective for patients with cirrhosis and 
small tumors [7]. Techniques include radiofrequency ablation (RFA) 
and microwave ablation are effective for small tumors and are per-
formed percutaneously. 

Transarterial chemoembolization (TACE) is recommended for 
intermediate-stage HCC, delivering chemotherapy directly to the tu-
mor while restricting its blood supply [8]. Targeted therapies and 
immunotherapies are increasingly used for advanced HCC. Notably 
advancements include the use of sorafenib, lenvatinib, and immune 
checkpoint inhibitors (ICIs), which have led to improved outcomes for 
patients with advanced disease [9]. HCC is characterized by a high de-
gree of intratumoral heterogeneity (ITH), meaning that within a sin-
gle tumor, there are diverse populations of cancer cells with distinct 
genetic and phenotypic profiles. This diversity complicates diagnosis 
and significantly affects treatment effectiveness. Different subpop-
ulations respond differently to therapies, which result in treatment 
failures and recurrence [10,11]. For instance, the presence of cancer 
stem cells (CSCs) within HCC contribute to intrinsic resistance to 
therapies, as these cells often exhibit enhanced survival capabilities 
and regenerate the tumor after treatment [12]. Mutations and epigen-
etic changes lead to the activation of alternative signaling pathways 
that bypass the effects of targeted therapies. Overexpression of drug 
efflux transporters diminishes the intracellular concentration of che-
motherapeutic drugs, rendering them less effective [13]. The tumor 
microenvironment (TME) create conditions that encourage resis-
tance, such as hypoxia and immune evasion, which further complicate 
treatment responses [12]. 

Cancer cells adapt to therapeutic pressures through mechanisms 
including autophagy and enhanced DNA repair, allowing them to sur-
vive despite treatment [14]. The heterogeneous nature of HCC ne-
cessitates the development of more advanced therapeutic strategies. 
Current approaches, such as targeted therapies have demonstrated 
some effectiveness but are often met with resistance, highlighting the 
need for combination therapies that block the diverse mechanisms of 
resistance [11]. Artificial Intelligence (AI) is increasingly transform-
ing the landscape of biomedicine, particularly in drug discovery and 
development [15]. These technologies use vast amounts of data to 
improve various processes in biomedical research, leading to more 
efficient and innovative solutions. AI algorithms process and analyze 

large datasets from multiple sources, including genomic data, clini-
cal trials, and electronic health records. This potential enables re-
searchers to identify potential drug candidates and better understand 
disease mechanisms [16]. AI predict the efficacy and safety of drug 
compounds by modeling their interactions with biological systems. 
This predictive ability helps prioritize which compounds are advance 
through the drug development pipeline, significantly reducing the 
time and costs typically associated with traditional methods [17]. 
AI-driven virtual screening techniques enable researchers to evaluate 
thousands of compounds quickly, identifying those most likely to suc-
ceed in clinical trials. 

This process accelerates the identification of promising drug 
candidates and optimizes their chemical structures for better perfor-
mance [18]. By analyzing patient data, AI help in treatments to indi-
vidual patients based on their genetic profiles and other factors, aim-
ing to increase the effectiveness of therapies while minimizing their 
side effects [16]. This review explores that AI significantly enhance 
the drug discovery process and clinical management of HCC by in-
tegrating multi-omics data and advanced computational techniques. 
AI-driven models have the potential to predict drug responses, op-
timize treatment strategies, and improve clinical trial designs, ulti-
mately revealing the challenges of intratumoral heterogeneity and 
treatment resistance in HCC.

AI in the Early Phases of Drug Discovery
The use of AI in the early stages of drug discovery is revolutionizing 

the pharmaceutical industry by enhancing efficiency, reducing costs, 
and speeding up the identification of promising drug candidates [19]. 
This section explores how AI is utilized in the initial phases of drug 
discovery, highlighting its potency and the advantages they provide 
over traditional methods. AI-driven approaches including genomics, 
transcriptomics, and proteomics, are becoming increasingly import-
ant for discovering novel druggable targets in HCC. These advanced 
technologies use large datasets and complex biological networks to 
improve the drug discovery process. Genomic studies have mapped 
molecular alterations in HCC, revealing potentially actionable muta-
tions. AI tools analyze these alterations to discover novel targets for 
therapy. For instance, machine learning (ML) algorithms use exten-
sive genetic data to identify mutations critical for HCC progression, 
leading to the discovery innovative therapeutic targets. Proteomic 
analyses allow researchers to investigate protein expressions and in-
teractions within cancer cells. AI algorithms merge protein and gene 
data to discover essential targets for HCC cell survival and growth 
which might be unnoticed when examining each data type in isola-
tion. Additionally, deep learning (DL) techniques applied to medical 
imaging (radiomics) have shown potential in characterizing tumors 
and predicting patient outcomes. 

By extracting high-dimensional features from imaging data, AI 
help identify unique tumor characteristics associated with specific 
molecular targets, helping in the selection of personalized target-
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ed therapies for individual patients [20,21]. AI approaches that use 
network biology model to identify interactions between various bi-
ological components involved in HCC. By analyzing these networks, 
researchers identify key targets that play significant roles in tumori-
genesis, facilitating the exploration of relationships within biological 
systems and leading to the discovery of novel anticancer targets [22]. 
Integrating data from genomics, transcriptomics, and proteomics 
through AI-driven sources identify druggable targets. For instance, 
platforms such as PandaOmics utilize AI to analyze multimodal om-
ics data, facilitating the identification of therapeutic targets and bio-
markers relevant to HCC [23]. The identification of potential targets 
through AI must be followed by experimental validation. Recent stud-
ies have successfully validated AI-identified targets such as CDK20, 
demonstrating the efficacy of deep learning methods in discovering 
novel therapeutic options for HCC [24]. The discovery of lead com-
pounds in drug development has been significantly enhanced by the 
application of AI algorithms, particularly in virtual screening, struc-
ture-based drug design, and ligand-based models. Virtual screening 
is essential component of drug discovery, allowing researchers to 
discover potential lead compounds. AI algorithms, particularly ML 
and DL, have revolutionized this process by improving the speed and 
accuracy of screening methods. These algorithms learn from last data 
to predict the binding affinities of compounds to target proteins, sig-
nificantly reducing the time required for traditional screening meth-
ods [25-27]. 

Structure-based virtual screening involve the use of three-dimen-
sional structures of target proteins to predict how small molecules 
(ligands) interact with them. AI-enhanced platforms, such as the deep 
docking (DD) system speed up the docking process by focusing com-
putational resources on a subset of the chemical library, allowing for 
the efficient screening of billions of compounds. This approach has 
proven effective to retrieve a high percentage of promising candidates 
while extremely reducing the number of compounds that require 
physical docking [28,29]. In contrast, ligand-based methods depend 
on the known activity of active compounds to predict the potential 
activity of new ones. AI tools like PyRMD power the training of mod-
els using bioactivity data, facilitating the rapid screening of extensive 
compound libraries. These tools classify compounds as active or inac-
tive and utilize this information to efficiently identify new lead candi-
dates [30]. AI algorithms also perform a vital role in structure-based 
drug design, where the focus is on optimizing the interaction between 
a drug and its target. AI techniques enhance traditional docking sim-
ulations by employing ML models to predict binding affinities more 
accurately. This provide information about better prioritization of 
compounds for experimental validation, saving time and resources 
during the drug development process [28,31]. Active learning tech-
niques are employed to successively improve the selection of com-
pounds for screening, assuring that the most promising candidates 
are prioritized based on existing results. This approach enhance the 
efficiency of the screening process by focusing efforts on areas of the 
chemical space that are more likely to yield successful leads [29].

The application of AI in the discovery of natural compounds and 
the repurposing of existing drugs for HCC is a rapidly evolving area 
of research. ML algorithms are particularly effective in analyzing ex-
tensive datasets of natural compounds. Through cheminformatics, 
researchers identify potential bioactive compounds from natural 
sources. These algorithms predict the biological activity of these com-
pounds based on their chemical structures, helping in the discovery 
of new therapeutic agents for HCC [32]. The integration of multi-om-
ics data (genomics, proteomics, metabolomics) with AI allows for a 
comprehensive analysis of how natural compounds interact with 
biological systems. This approach leads to the identification of nov-
el targets and pathways relevant to HCC, enhancing the understand-
ing of disease mechanisms and potential therapeutic strategies [33]. 
AI-driven network pharmacology methods further clarify the inter-
actions between natural compounds and their biological targets. By 
mapping these interactions within biological networks, researchers 
better understand the complex mechanisms of action of natural prod-
ucts and their potential applications in HCC treatment [22].AI en-
hances the repurposing of existing drugs by utilizing computational 
methods to screen extensive libraries of approved medications. Tech-
niques such as molecular docking, ligand similarity analysis, and deep 
learning models are used to predict new therapeutic applications for 
these drugs in HCC. This strategies significantly reduce the time and 
cost associated with traditional drug development [34]. 

AI algorithms analyze electronic health records and clinical tri-
al data to identify correlations between existing medications and 
patient outcomes. For instance, AI has revealed that certain drugs 
initially developed for other conditions have positive effects on HCC 
patients, thereby creating opportunities for repurposing these agents 
[35]. Advanced ML models integrate diverse data types, including 
drug response data and molecular profiles, to predict the efficacy of 
existing drugs against HCC. For example, AI models trained on large 
datasets identify drugs that may be effective against specific HCC sub-
types, guiding personalized treatment approaches [27,33]. While AI 
predict potential repurposing candidates, experimental validation 
remains essential. AI-driven predictions streamline the selection of 
compounds for further testing, enabling researchers to focus on the 
most promising candidates for HCC treatment [22,34]. Table 1 sum-
marizes various AI, DL and ML approaches used for detecting and 
characterizing focal liver lesions (FLLs) and HCC using imaging tech-
niques such as ultrasound, CT, MRI, and histopathology slides. Each 
study employs different models, including CNNs, SVMs, and ANNs, to 
improve diagnostic accuracy. The models demonstrated high preci-
sion in distinguishing benign from malignant lesions, with mean area 
under the receiver operating characteristic curve (ROC-AUC) scores 
often exceeding 0.9, reflecting their strong diagnostic potential. For 
instance, the CNN model used for HCC detection from histopathology 
slides achieved a mean ROC-AUC score of 0.949, while a deep convolu-
tional dense network (CDN) attained 0.925 for FLL characterization.
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Table 1: The application of various AI models in detecting and diagnosing HCC.
S. No Objective Input Data and AI Model Precision

1 To detect and describe focal liver le-
sions (FLL) using DL simultaneously

Supervised attention model. Training set – 367 
two-dimensional ultrasound images Test set – 177 

ultrasound images

Mean ROC-AUC score 0.935 for FLL detec-
tion and 0.916 for FLL characterization

2 To aid radiologists to detect benign and 
malignant FLL

Deep convolutional neural network (DCNN). Total 
cohort – 24,343 ultrasound images Training: inter-

nal validation – 4:1

AUC for FLLs - 0.924 Diagnostic sensitivity 
– 86.5% Specificity – 85.5%

3
To establish a multi-view, two-stage 
learning framework for the diagnosis 

of CEUS focusing on lungs cancer

Deep canonical correlation analysis (DCCA) and 
multiple kernel learning (MKL) model. Total cohort 

– 93 CEUS dataset (22 HCC, 5 CCA, 10 metastatic 
liver cancer)

Mean ROC-AUC score – 0.974 Accuracy 
– 90.41% Sensitivity – 93.56% Specificity – 

86.89%

4
To identify the dominant ultrasonogra-
phy characteristics for the classification 

of malignant versus benign FLLs

Artificial neural network (ANN) and support 
vector machine (SVM). Total cohort – 106 ultraso-

nography 3- minute cine clips.

AUC for SVM 0.883 AUC for ANN – 0.829 
Accuracy to classify FLLs – 99.0%

5 To evaluate an ANN’s performance 
liver PET imaging ANN model Total cohort – 98 PET scans Mean ROC-AUC score 0.905 for ANN with 

lesion datasets

6 To enhance decision-making for the di-
agnosis of HCC while using CT images

K-nearest neighbor (KNN), SVM and random forest 
(RF) Total cohort – 178 (HCC – 138, CCA – 11, 

metastasis – 3) HCC Training set – 106 Calibration 
set - 36

Mean ROC-AUC scores: KNN – 0.810, SVM 
– 0.778, RF – 0.785

7

To examine the effectiveness of diag-
nostics in identifying liver masses in 

the context of HCC diagnosis using DL 
model

CNN model Training set – 55,536 CT image sets 
Testing set – 100 liver mass image sets

Mean AUC-ROC score – 0.92 Median accu-
racy of differentiating liver masses as per 

tumor grade – 84%

8 To appropriately distinguish HCC 
from other FLLs

Convolutional dense network (CDN) model Total 
cohort – 449 FLLs categorized as HCC and non-

HCC using four-phase CT images

Mean AUC-ROC score – 0.925 Diagnostic 
accuracy – 83.3%

9
The formation of a completely auto-
matic liver tumor CT segmentation 

scans

U-net convolutional network architecture and RF 
Total cohort – 131 CT scans Testing set – 93 CT 

images Validation set – 6 CT scans Testing set – 30 
CT scans

Median accuracy – 72%

10
To create an automated tool for the 
characterization of FLLs from MRI 

pictures

Randomized tree classifier model Total cohort – 125 
benign and 88 malignant datasets

Sensitivity – 92% (benign lesions) and 86% 
(malignant lesions) Specificity – 91% (be-
nign lesions) and 88% (malignant lesions) 

Overall accuracy –

11
Creating and verifying a CNN proof 

–of-concept model for the classification 
of hepatic lesions by using MRI

CNN DL model Total cohort – 494 hepatic lesions 
Training set – 434 Testing set – 60 Monte-carlo cross 

validation was done

77% Accuracy to differentiate benign vs 
malignant – 90% Mean AUC-ROC score – 
0.94 for benign vs malignant classification 

Accuracy – 92% Sensitivity – 92% Specificity 
– 98% Sensitivity for classifying HCC – 90% 
Mean AUC-ROC score – 0.992 Computation 

time per lesion – 5.6 ms

12 To categorize liver cancers according to 
clinical data and MRI scans

CNN Training set – 31,608 MRI images Validation 
set – 6816 MRI images Mean AUC-ROC score – 0.946

13
Automating histopathology analysis 

for the prediction of somatic mutations 
and HCC diagnosis

CNN Total cohort – 393 HCC slides and 88 adjacent 
normal tissue slides Training set – 408 slides Test 

set – 73 slides

Mean AUC-ROC score – 0.949 for distin-
guishing HCC from adjacent normal tissue

14
To distinguish between CCA and HCC 
by hematoxylin and eosin dyed whole 

slide images

CCN with a DenseNet architecture Total cohort 
– 25,000 non-overlapping image patches from 35 

HCC and 35 CCA slides Training set – 20,000 patch-
es Tuning set – 2400 patches Validation set – 2600 

patches

Diagnostic accuracy – 88.5%

15

To classify well, moderately and poorly 
differentiated tumors as well as to 

distinguish benign versus malignant 
HCC tumors

CNN Total cohort – 377 patients Training: Valida-
tion cohort: 3:1

Mean AUC-ROC score – 0.961 for differen-
tiating tumor from normal tissues Benign 
vs malignant accuracy – 82% Histological 

grade accuracy – 73.8%
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These AI and DL models are also used to assist radiologists in 
real-time decision-making by automating the classification and seg-
mentation of liver tumors from different imaging modalities. In par-
ticular, models like U-net convolutional architecture showed signifi-
cant progress in automating CT scan segmentation, while CNN-based 
models for MRI analysis demonstrated robust performance with high 
accuracy, sensitivity, and specificity values. Such automated tools not 
only enhance diagnostic efficiency but also reduce the variability as-
sociated with manual interpretation, offering a promising avenue for 
improving the early detection and prognosis of liver cancer, particu-
larly in complex cases involving HCC.

AI for Drug Optimization and Development
AI is transforming drug optimization and development by im-

proving various stages of the pharmaceutical process, from drug dis-
covery to clinical trials. AI models are showing an essential role in 
predicting the efficacy, toxicity, and pharmacokinetics of drug candi-
dates, enabling researchers to prioritize safer and more efficient com-
pounds for future development. ML algorithms analyze large datasets 
of drug structures, biological assays, and clinical outcomes to discover 
patterns and predict the efficacy of new compounds [36]. Web-based 
tools including Lim Tox, pk CSM, ad met SAR, and Tox tree use AI to 
predict toxicity and reduce the need for costly in vitro and animal 
studies [37]. The Tox21 Data Challenge evaluated various computa-
tional approaches to estimate the toxicity of thousands of compounds 
[38]. ML models have been developed to discover drug absorption, 
distribution, metabolism, and excretion (ADME) properties [39]. 

Random forest and deep neural network models have demonstrated 
high accuracy in predicting human intestinal absorption of chemical 
compounds [40]. AI-driven PBPK (physiologically based pharmacoki-
netic) models learn the governing equations directly from data min-
imizing the need of extensive existing knowledge [41]. AI involve in 
revolutionizing personalized drug discovery by incorporating a vari-
ety of patient data to develop targeted treatments depends on tumor 
properties. AI algorithms process and analyze extensive patient data 
from various source. AI helps identify genetic variations that affect 
disease susceptibility or drug response [37]. 

AI integrate electronic medical records, lab tests, and other clin-
ical information to develop comprehensive patient profiles [42]. AI 
considers environmental exposures and lifestyle choices that influ-
ence health and treatment outcomes [43]. AI reveal a crucial role in 
discovering and validating biomarkers linked to HCC progression, 
prognosis, and treatment response. By analyzing genomic, proteomic, 
and clinical data, AI helps identify potential drug targets and evalu-
ate their feasibility [44]. AI-powered tools further the drug discov-
ery process by rapidly screening large chemical libraries to identify 
promising drug candidates. AI algorithms also optimize drug struc-
tures and predict their effectiveness and toxicity [37]. AI enhance 
the design and achievement of clinical trials by identifying suitable 
patient populations based on their genetic and clinical characteris-
tics, ensuring participants are more likely to benefit from the inter-
ventions being tested which leads to more efficient and effective trials 
[15] (Figure 1). 

Figure 1: AI is used in HCC drug development across several areas: predicting toxic effects, virtual screening for drug candidates, repurposing 
approved drugs, refining molecular target identification, and analyzing genomic/proteomic data. These approaches enhance drug discovery, 
safety, and precision in targeting cancer pathways.
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AI-Driven Biomarker Discovery for Drug Response
AI-based optimization techniques are enables physicians to en-

hance drug delivery systems, dosage forms, and bioavailability, espe-
cially for treatments related to HCC. ML and artificial neural networks 
(ANN), are facilitate to predict the physicochemical properties of ac-
tive pharmaceutical ingredients (APIs) and formulation strategies. 
This predictive capability enables researchers to discover a vast for-
mulation space efficiently, developing optimal combinations of drugs 
and improve bioavailability and stability [39]. Bayesian optimization 
techniques are used to optimize the formulation process. Starting 
with a limited number of experiments, AI models recommend new 
formulations based on previous outcomes, significantly reducing the 
number of experiments needed compared to traditional methods. 
This strategy improves the efficiency of developing formulations that 
align with specific therapeutic goals [45]. AI tools are predominant-
ly effective in resolving solubility issues, which are mostly found in 
drug development. For instance, AI predict compatible co-formers for 
crystallization processes that increases the solubility of poorly solu-
ble drugs, enabling their formulation to be effective in suitable dosage 
forms [39]. AI systems evaluate real-time data from manufacturing 
processes to categorize trends and variations that influence product 
quality. Historical data and current process parameters are integrat-
ed, these systems predict potential deviations and recommend cor-
rective actions, assuring consistent quality in drug production [37].

AI modifies drug delivery systems to individual patient profiles by 
analyzing genomic and clinical data, particularly in HCC treatments. 
This approach optimizes dosage forms and improves therapeutic 
potential while reducing side effects [15]. MaL models involve in the 
simulation and optimization of drug release kinetics from various 
formulations, allowing for the development of controlled-release sys-
tems that improve patient adherence and treatment outcomes [45].AI 
is rapidly being utilized to identify biomarkers from various sources 
such as HCC biopsies, circulating tumor DNA (ctDNA), and liquid bi-
opsies, significantly advancing precision medicine for HCC. AI tools, 
especially ML and DL, are utilized to evaluate multi-omics data, in-
cluding genomic, transcriptomic, and epigenomic information. This 
integrative strategy enables the identification of specific biomarkers 
that indicate the presence and progression of HCC. For instance, re-
searchers have successfully utilized AI to evaluate RNA-seq and miR-
NA-seq data to categorize HCC subpopulations with unpredictable 
survival results [46]. ctDNA from blood samples evaluate through AI 
techniques, providing a non-invasive method to detect genetic alter-
ations related to HCC. AI identify mutations and other genomic signa-
tures through extensive datasets that serve as biomarkers for prelim-
inary detection and monitoring of therapeutic responses [47]. Liquid 
biopsies allow researchers to collect biomarkers from body fluids, 
which AI evaluate to detect HCC earlier as compared to traditional 
methods. AI-driven techniques enhance the sensitivity and specifici-
ty of identifying tumor-derived markers in plasma samples, enabling 
appropriate interventions [48]. 

AI tools automate the screening of main databases to expose 
potential biomarker candidates. This capability identifies the novel 
biomarkers by incorporating results across various studies and data-
sets [47].AI excels in processing large volumes of data from imaging 
modalities and clinical records, leading to enhanced detection rates 
of HCC. For example, convolutional neural networks (CNNs) have 
demonstrated high efficacy in differentiating between benign and 
malignant liver lesions based on imaging data [48]. Imaging studies 
and pathology reports are analyzed through which AI minimizes vari-
ability among different observers, thus improving diagnostic consis-
tency and reliability in identifying biomarkers related to HCC. AI tools 
have been developed to predict patient outcomes based on identified 
biomarkers. These tools evaluate overall survival rates and treatment 
responses, administrating clinical decision-making for personalized 
therapy in HCC patients [46]. Incorporation of AI with clinical and 
omics data, especially in the context of HCC, is a rapidly developing 
field that holds potential for improving drug response predictions 
and patient conditions. This incorporation involves the use of high-di-
mensional data sources such as single-cell RNA sequencing (scRNA-
seq), spatial transcriptomics, and proteomics. Current studies have 
demonstrated that ML models efficiently predict treatment responses 
in HCC patients [49]. AI strategies are being used to integrate various 
omics data, such as genomic, transcriptomic, and proteomic profiles, 
to predict drug sensitivity. 

For example, researchers have utilized the TIDE algorithm to eval-
uate immune checkpoint blockade responses in HCC samples and em-
ployed the pRRophetic package in R to predict drug sensitivity based 
on gene expression profiles [50]. AI models have also been developed 
to predict overall survival in HCC patients by evaluating clinical data 
over extended follow-up periods. These models utilize various algo-
rithms, such as gradient boosting, achieving high predictive accuracy 
across different survival time intervals [51]. Many AI models, particu-
larly DL systems, suffer from limited explainability, which stops their 
acceptance in clinical settings. Enhancing the interpretability of these 
models is crucial for clinician trust and adoption [47]. Ongoing re-
search is necessary to validate AI-driven predictions against conven-
tional clinical staging systems and to conduct large prospective trials 
that assure the efficacy of these technologies in real-world settings 
[46].

AI in Clinical Trials for HCC Drugs
AI-Driven Trial Design

AI-driven trial design is transforming the landscape of clinical re-
search by optimizing patient selection and enhancing trial methodol-
ogies. Incorporation of real-world data (RWD) and predictive analyt-
ics through AI technologies is proving to changee in improving clinical 
trial efficiency and success rates. 

Patient Selection and Recruitment: AI is transforming patient 
selection and recruitment in clinical trials. Automated matching sys-
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tems exploit AI tools, particularly those employing natural language 
processing (NLP), to evaluate clinical trial protocols in conjunction 
with RWD. These systems efficiently match patients to suitable trials 
based on their eligibility criteria, significantly streamlining the re-
cruitment process. This approach not only improves the effectiveness 
of trial enrollment but also assures that patients are matched with the 
most appropriate trials for their specific conditions [52]. Moreover, 
AI involve in enhancing the diversity of clinical trials. Data based on 
patient’s tumor are analyzed through which AI tools identify under-
represented populations and ensure their inclusion in clinical trials. 
This improved representation plays a vital role in the generalizability 
of trial outcomes, as it helps to ensure that findings are applicable 
across a broader spectrum of the population. Like this, AI not only 
optimizes patient recruitment but also contributes to more inclusive 
and equitable research practices [53].

Trial Design Optimization: AI is transforming trial design op-
timization through protocol simplification and predictive analytics. 
Protocol simplification includes using AI to improve eligibility crite-
ria and streamline trial protocols, thereby reducing complexity and 
making trials less troublesome for both participants and research 
sites. This minimization in complexity lead to shorter enrollment 
periods and improved participant retention, as simplified protocols 
often require fewer procedural hurdles and minimize participant fa-
tigue [54]. Furthermore, predictive analytics powered by AI is utilized 
in optimizing trial designs. By analyzing historical data from existing 
trials, AI tools estimate potential outcomes and help refine trial meth-
odologies [55]. These AI-driven insights enable more informed deci-
sion-making, ultimately leading to more effective and efficient trial 
designs [56].

Real-World Data Utilization: AI is advancing the use of RWD in 
clinical trials through innovative approaches such as external control 
arms and data integration. AI generate external control arms that en-
hance the statistical power of trials while reducing the requirement 
of large patient cohorts through RWD. More patient-centric trial de-
signs are available that better reflect real-world conditions and en-
hance the significance of trial results [52]. Furthermore, trial designs 
are improved by utilizing generative AI, capable of incorporating 
massive volumes of both public and proprietary data. Efficacy of HCC 
treatments can be enhanced through the identification of relevant 
biomarkers and patient characteristics with the help of AI. This com-
prehensive data incorporation assures that trial designs are informed 
by a broader understanding of real-world factors, potentially leading 
to more precise and actionable outcomes [57].

AI for Adaptive Clinical Trials in HCC

Incorporation of AI in clinical trials for HCC utilizes real-time data 
monitoring and advanced endpoint analysis to enhance trial efficien-
cy and outcomes. AI tools continuously evaluate data collected during 
trials, allowing for dynamic adjustments to trial protocols based on 

interim results. This capability enables researchers to modify treat-
ment regimens, patient cohorts, or endpoints as new information 
becomes available, thereby optimizing trial outcomes and resource 
allocation [58]. AI-driven clinical trial matching systems have shown 
the capacity to improve patient recruitment by automatically extract-
ing relevant medical data from electronic health records (EHRs). 
These systems coordinate patients to appropriate trials based on pre-
defined eligibility criteria, significantly minimizing the time required 
for manual reviews. For instance, a study demonstrated that an AI-
based matching system achieved high accuracy (92.9% to 98.0%) in 
identifying eligible patients for HCC trials, while also minimizing the 
workload of clinical staff [59].

ML models are utilized to predict treatment responses and sur-
vival outcomes in HCC patients. These models evaluate complex re-
lationships among imaging features, clinical data, and treatment re-
sponses, providing information that inform endpoint selection and 
evaluation. For example, AI can help determine which endpoints are 
most likely to reflect meaningful clinical benefits based on historical 
data and predictive analytics [60]. AI facilitates are used for the im-
plementation of adaptive trial designs, which allow for modifications 
based on collecting data without trailing the integrity of the study. 
This adaptability is significantly beneficial in oncology, where patient 
responses vary widely. AI models guide decisions regarding dose ad-
justments or changes in treatment arms based on real-time efficacy 
and safety data [52]. While the potential for AI in adaptive clinical tri-
als for HCC is substantial, several challenges must be addressed. Data 
quality and standardization are paramount, as inconsistencies in data 
collection methods across different sites introduce biases and impact 
the reliability of AI predictions. Additionally, the integration of AI into 
clinical trials presents regulatory challenges, including issues related 
to validation, transparency, and ethical considerations, necessitating 
the development of clear guidelines to facilitate the acceptance and 
use of AI tools in research. Furthermore, the successful deployment 
of AI solutions requires interdisciplinary collaboration among clini-
cians, data scientists, and regulatory bodies to assure that AI applica-
tions are clinically relevant and aligned with patient care objectives.

Predicting Drug Resistance

Tumors are mostly resistant to treatments due to increasing ge-
nomic heterogeneity over time, arises from both the clonal evolution 
of cancer cells and the selective pressures exerted by therapies, such 
as immunotherapy [61]. As tumors progress, they develop mecha-
nisms to evade immune detection, includes alterations in the TME, 
such as reduced T cell recruitment and defects in antigen presentation 
machinery. These changes contribute to a less effective immune re-
sponse against the tumor [62]. The interactions between tumor cells 
and the immune system are not static, they evolve as the disease pro-
gresses. This dynamic nature necessitates continuous monitoring of 
both tumor and immune cell properties for the better comprehension 
of resistance mechanisms [63]. Advanced techniques such as scRNA-
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seq have provided information into the cellular heterogeneity of the 
TME at various stages of tumor development. This high-resolution 
profiling helps evaluate specific immune cell populations and their 
roles in tumor progression and response to therapy [64]. Integrating 
multi-omic data through ML enhances the prediction of treatment 
responses and resistance patterns. By analyzing genomic, transcrip-
tomic, and immunological data together, researchers develop more 
precise models for patient stratification and treatment planning [62].

Case Studies and Current Applications
AI has emerged as a powerful tool in drug repurposing efforts 

for HCC, particularly in identifying new therapeutic uses for existing 
drugs such as ICIs and kinase inhibitors. Nivolumab and pembroli-
zumab are PD-1 inhibitors have shown promise in clinical trials for 
HCC. AI techniques evaluate extensive datasets to identify patient 
subgroups that respond better to these therapies, optimizing treat-
ment strategies. For instance, AI help to identify biomarkers that 
predict responses to these ICIs, enhancing personalized treatment 
approaches. Sorafenib and regorafenib are initially developed for oth-
er cancers, these multikinase inhibitors are now standard treatments 
for advanced HCC. AI models evaluate the efficacy of these drugs 
in HCC by using genomic data from patients, potentially leading to 
the identification of new indications or combinations that improve 
outcomes [33]. AI has been utilized to identify small molecules that 
inhibit fibroblast growth factor receptor (FGFR), which are implicat-
ed in various malignancies, including HCC. Drugs like AZD4547 and 
BGJ398 are being explored through AI-driven drug repurposing strat-
egies to assess their potential in treating HCC [35]. The convergence 
of multi-omics data (genomics, transcriptomics, proteomics) with AI 
methodologies allows researchers to explore novel drug targets and 
therapeutic pathways. This integration facilitates the identification of 
existing drugs that could be effective against HCC by analyzing their 
interactions within biological networks. Various machine learning 
algorithms are employed to predict drug interactions and efficacy 
based on historical data and biological pathways associated with HCC.

 These models significantly reduce the time and cost associated 
with traditional drug discovery processes by utilizing existing clini-
cal data [22]. Recent advancements in AI-driven drug development 
for HCC have demonstrated significant collaborations and success-
ful applications. Insilico medicine has been at the lead of using AI in 
drug discovery [65]. Various academic institutions are increasingly 
collaborating with biotech companies to improve AI applications in 
drug discovery. These partnerships objective to coordinate academic 
research capabilities with industry resources to accelerate the devel-
opment of new treatments for HCC [66]. While specific recent FDA 
approvals directly led to AI-driven discoveries in HCC are currently 
limited, the following highlights demonstrate the ongoing efforts. Po-
tential drug candidates are novel small molecule inhibitor identified 
by insilico medicine and the University of Toronto is currently in early 
stages but shows promise as a candidate for further development in 
clinical trials [67]. AI techniques are also being explored to optimize 

clinical trial designs, improving patient stratification and treatment 
regimens based on predictive modeling. This leads to more effective 
trials for drugs targeting HCC. Companies like insilico medicine are 
actively working on multiple candidates within their pipelines that 
utilize AI for various stages of drug discovery, including target identi-
fication and lead optimization [22]. 

Limitations and Future Directions
AI algorithms prescribe accurate predictions with the help of 

high-quality data. However, obtaining comprehensive and reliable 
datasets from clinical trials, genomics, and other sources is complex. 
Many datasets suffer from poor quality, which lead to misleading out-
comes when used to train AI models. The lack of standardized data 
formats further complicates integration efforts across different plat-
forms. The “black box” nature of many AI models poses a challenge 
for interpretability. Understanding the reasoning behind AI-gener-
ated predictions is crucial for regulatory approval and gaining trust 
from stakeholders. Without clear information into how decisions are 
made, it becomes difficult to validate models and ensure their reliabil-
ity. There is a lack of established protocols for validating AI-driven ap-
proaches in drug discovery. Regulatory agencies have yet to provide 
clear guidelines for the approval of AI applications in this field, lead-
ing to uncertainty in adoption and implementation. Additionally, the 
scarcity of negative data (failures) in published literature limits the 
training of robust machine learning models. Implementing AI tech-
nologies is financially demanding, particularly for smaller pharma-
ceutical companies and research institutions that lack the necessary 
resources or expertise. This economic barrier hinders widespread 
adoption and innovation within the industry. Continued advance-
ments in deep learning techniques are expected to enhance predictive 
modeling capabilities, allowing for better identification of drug-target 
interactions and optimization of lead compounds. 

The reinforcement learning approach is utilized to improve deci-
sion-making processes in drug design by learning from trial-and-er-
ror interactions with complex biological systems, potentially leading 
to more effective drug candidates. The potential integration of quan-
tum computing with AI revolutionize drug discovery by enabling the 
simulation of molecular interactions at unprecedented speeds and ac-
curacy, thereby expanding the scope of possible drug candidates. Au-
tomation through robotics streamline experimental processes, allow-
ing for faster validation of AI-generated hypotheses and accelerating 
the overall drug development timeline. Future trends will likely focus 
on improving data management practices, including better data cura-
tion, validation, and interoperability across platforms, facilitate more 
effective use of AI tools by ensuring that high-quality data is avail-
able for model training. The establishment of collaborative networks 
among academia, industry, and regulatory bodies will be vital step for 
addressing current challenges. Such partnerships foster innovation 
while ensuring compliance with regulatory standards, ultimately en-
hancing the efficiency of drug discovery processes.
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Conclusion
The integration of AI with clinical and omics data, particularly in 

HCC, is renewing the landscape of drug development, clinical trials, 
and patient care. AI-driven models significantly predict drug respons-
es, optimize patient selection, and improve trial design by integrating 
high-dimensional data such as scRNA-seq and spatial transcriptom-
ics. These approaches involve in advancing precision medicine for 
HCC, allowing for better identification of patient subgroups, enhanced 
drug repurposing, and the development of targeted therapies. How-
ever, challenges such as limited explainability and data standardiza-
tion remain. In clinical trials, AI is revolutionizing patient recruitment 
and optimizing trial protocols by consuming real-world data and 
predictive analytics. The use of adaptive trial designs, where AI dy-
namically adjusts parameters based on real-time data, is particularly 
beneficial in HCC. Furthermore, AI models demonstrate to involve in 
predicting drug resistance by incorporating genomic, transcriptom-
ic, and immunological data. While the application of AI in HCC drug 
discovery is still evolving, current associations between academic in-
stitutions and biotech companies are quickening the identification of 
novel therapeutic targets. As AI continues to advance, further valida-
tion and large-scale studies are needed to fully integrate these tech-
nologies into clinical practice and realize their potential in improving 
HCC patient outcomes.
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