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H teyvmt) vonuootvn (Al) ko m emeepyacio ewoOvVag @EPVOVV EMOVAGTOCT OTN
dyveon kol TN dlayeipion Tov Kapkivov tov Mmatoc. Ot mpoceateg eEelifelg
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napéuPaocn. Ta tpoyvootikd poviélo fonbovdv v ekTiunon g Tpdyvmons Kot Tov
TPOCOOPIGUO TOL TPOTOHTOV VTOTPOTNG, OLELKOAVVOVTIOG TOV  EEATOMKEVUEVO
oxedlacpud Bepameiog. Ov teyvikés emefepyaciog €kdvog evioyvovy TNV avdivon
JedOUEVMV e OKPIPT KATATUNGT TOV SOUMV TOV NIATOG, GUYXDVELGT TANPOPOPIDV
amd TOAAUTAOVG TPOTOLG KOl EEQYMYY] YOPUKTNPICTIKMOV YO EVNUEPOUEVY] ANYN
aropdcewv. Ilapd tnv mpododo, ot mpokAnocelg e&okolovbodv vo veicTovTal,
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Abstract

Artificial Intelligence (AI) and image processing are revolutionizing the diagnosis and
management of liver cancer. Recent advancements showcase Al's ability to analyze
medical imaging data, like computed tomography scans and magnetic resonance
imaging, accurately detecting and classifying liver cancer lesions for -early
intervention. Predictive models aid prognosis estimation and recurrence pattern
identification, facilitating personalized treatment planning. Image processing
techniques enhance data analysis by precisely segmenting liver structures, fusion of
information from multiple modalities, and feature extraction for informed decision-
making. Despite progress, challenges persist, including the need for standardized
datasets and regulatory considerations.
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Preface

The integration of Al in liver cancer holds immense promise, offering advancements
in early detection, treatment stratification, and prognostic assessment. While
preliminary results are encouraging, standardizing Al methodologies is crucial.
Continued research is essential to validate and refine Al algorithms across diverse
patient populations. Integrating Al into routine clinical practice for liver cancer
requires comprehensive studies to establish efficacy, reliability, and adherence to
standardized protocols. Al promises a more individualized and secure approach to
patient care, and collaborative efforts in research and clinical validation will shape

the future landscape of Al-driven innovations in liver cancer management.
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1.Introduction

Hepatic neoplasms are broadly classified into two categories: primary tumors
originating within the liver and secondary tumors resulting from metastatic spread of
malignancies from other primary sites. Hepatocellular carcinoma (HCC) is the leading
primary liver cancer worldwide, with over half a million new cases diagnosed
annually. HCC stands as the most common liver malignancy and is the second leading
cause of cancer-related mortality globally. The development of HCC is closely
associated with chronic liver diseases, with risk factors including infection with
Hepatitis B (HBV) or Hepatitis C (HCV), exposure to aflatoxin-contaminated foods,
heavy alcohol consumption, obesity, type 2 diabetes, tobacco smoking, and
metabolic-associated fatty liver disease (MAFLD) (1-5). Geographic variation in HCC
incidence is marked, with significantly higher rates observed in regions endemic for
HBV infection. Cirrhosis, a common consequence of chronic liver disease, is present
in most HCC cases (2-6) Cholangiocarcinoma (CCA), the second most common
primary liver malignancy, originates from the epithelial cells of the intrahepatic and
extrahepatic bile ducts. This malignancy is classified based on its anatomical location
within the biliary tree (7-9). Combined hepatocellular-cholangiocarcinoma (cHCC-
CCA) is a rare primary liver tumor that exhibits characteristics of both hepatic and
biliary differentiation. As a "biphenotypic" neoplasm, it is a relatively uncommon
entity, accounting for fewer than 5% of all primary liver cancers (7). Other rare
primary hepatic tumors include epithelioid hemangioendothelioma (EH), which is a
low-grade malignancy that often remains asymptomatic at the time of diagnosis (10-
11), and liver angiosarcoma, a highly aggressive and exceedingly rare malignancy
originating from endothelial cells (12-14). Additionally, malignant fibrous
histiocytoma (MFH) is a rare liver tumor, though it is more frequently observed in
the extremities (12-13). Undifferentiated embryonal sarcoma (UES), a highly
malignant neoplasm, predominantly affects children between the ages of 6 and 10

years (12,13,15).
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Nested stromal epithelial tumor (NSET), a recently identified hepatic neoplasm,
remains exceptionally rare in the liver (16). Primary hepatic neuroendocrine tumors
(PHNT), which make up a mere 0.3% of all neuroendocrine tumors, are also
incredibly rare (17). The liver, with its unique cellular architecture and distinctive
metabolic characteristics, serves as a frequent site for metastatic dissemination. Due
to its rich blood supply and the propensity for tumor cells to infiltrate its vascular
structures, the liver becomes a common destination for metastases originating from
various primary sites. These include malignancies of the gastrointestinal tract,
breast, prostate, neuroendocrine system, and sarcomas, all of which have a
propensity to metastasize to the liver (18,19). Notably, liver metastases surpass
primary liver tumors in prevalence in regions like the United States (18,20,21).
Metastatic diseases, which account for over 90% of all solid tumor-related deaths,
pose a major burden on healthcare systems worldwide, leading to significantly
increased healthcare costs, elevated resource utilization, and greater demand for
medical interventions (22,23).While the majority of the existing literature primarily
focuses on specific cancer subtypes with a known tendency to metastasize to the
liver—particularly colorectal and lung cancers—there is a dearth of studies
examining other cancers with liver metastatic potential, such as those originating in
the pancreas, breast, or prostate (24-27). Historical data consistently suggest that
patients with liver metastases generally experience a poorer prognosis compared to
those without hepatic involvement. However, there remains a gap in directly
qguantifying this disparity and a lack of contemporary research offering robust
evidence to support or refine these earlier observations (27-28). More
comprehensive studies that explore the impact of liver metastases on prognosis
across a broader spectrum of cancer types are crucial to improving our
understanding of liver metastasis biology and optimizing clinical management

strategies.
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Figure 1: The variety of liver tumors
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Figure 1 visually depicts a variety of liver tumors, each with distinct characteristics

and clinical significance. It includes Hepatocellular carcinoma (HCC), the most

common primary liver cancer, often linked to chronic liver diseases such as hepatitis,

cirrhosis, and metabolic disorders.

Cholangiocarcinoma (CCA), originating from the bile ducts, presents diagnostic

challenges and poor prognosis, while combined hepatocellular-cholangiocarcinoma

(cHCC-CCA) is a rare biphenotypic neoplasm with features of both HCC and CCA.

Epithelioid hemangioendothelioma (EH) is a low-grade malignant tumor typically

asymptomatic at diagnosis, and Nested stromal epithelial tumors (NSET) are an

extremely rare liver neoplasm with a distinctive histological appearance.
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Primary hepatic neuroendocrine tumors (PHNT) are exceptionally rare, accounting
for just 0.3% of all neuroendocrine tumors, and Malignant fibrous histiocytoma
(MFH), although rare in the liver, is more common in the extremities. The image also
highlights liver metastasis, which is more common than primary liver tumors,
reflecting the liver’s role as a frequent site for metastatic spread from various

malignancies.

Table 1: Overview of various liver tumors, highlighting their origin, clinical

presentation, and treatment approaches.

Liver Cancer Abbreviation Clinical Treatment

Type

Hepatocellular
carcinoma

Cholangiocarcinoma

Combined
hepatocellular-
cholangiocarcinoma

Epitheloid
hemangioendothelloma

Nested stromal
epithelial tumors

Primary hepatic
neuroendocrine
tumors

Malignant fibrous
histiocytoma

Liver metastases

cHCCA-CCA

Hepatocytes
(liver cells)

Biliary epithelial
cells

Mixed
hepatocellular
biliary cells

Endothelial cells
of blood vessels

Stromal and
epithelial cells

Neuroendocrine
cells of liver

Fibrous and
hisiocytic cells

Metastastic
spread from
other cancers

Features

Most common
primary liver
cancer associated
with cirrhosis
and hep B/C

Jaundice,
abdominal pain,
weight loss, late

diagnosis

Features of both
HCC-CCA, poor
prognosis

Rare, often
asymptomatic,
tan metastasize

Rare, benign or
low grade
malignancy

Rare,
Hormonally
active

Rare, aggressive,
large masses,
poOr Prognosis

Jaundice, ascites,
weight loss

Options

Surgery
Chemotherapy
TACE

Surgery
Chemotherapy
Radiation

Surgery
Chemotherapy

Surgery
Radiation
Targeted therapy

Surgery
Chemotherapy
Radiation

Surgery
Chemotherapy
Somatostatin
analogos

Surgery
Chemotherapy
Radiation

Chemotherapy
Targeted therapy
Paliative care
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Hepatocellular carcinoma (HCC), the most common primary liver cancer, arises from
hepatocytes and is typically treated with a combination of surgery, liver
transplantation, and chemotherapy, depending on the tumor stage and liver
function. Cholangiocarcinoma (CCA), which originates from the epithelial cells of the
bile ducts, is managed similarly to HCC but often presents at a more advanced stage,
requiring a combination of surgical resection, liver transplantation, and
chemotherapy or radiation therapy. Combined hepatocellular-cholangiocarcinoma
(cHCC-CCA), a rare biphenotypic neoplasm that exhibits both hepatocellular and
cholangiocarcinomatous features, requires a tailored treatment strategy that blends
those used for both HCC and CCA, including surgery, chemotherapy, and sometimes
liver transplantation. Epithelioid hemangioendothelioma (EH), a rare malignancy
arising from endothelial cells, often presents with nonspecific symptoms such as
abdominal pain, weight loss, and jaundice, and is typically treated with surgery and
chemotherapy, though some cases may respond to targeted therapies. Nested
stromal epithelial tumors (NSET), which arise from stromal-epithelial cells, are
extremely rare and are usually managed with surgical resection and chemotherapy,
depending on the tumor's size and aggressiveness. Primary hepatic neuroendocrine
tumors (PHNT), originating from neuroendocrine cells within the liver, require a
multidisciplinary treatment approach, including surgery, chemotherapy, and
somatostatin analogs, with the latter proving effective in managing hormone-
secreting tumors. Malignant fibrous histiocytoma (MFH), a mesenchymal-derived
tumor, is treated with surgical resection and chemotherapy, though its rarity in the
liver makes treatment approaches less standardized. Liver metastasis, which
frequently occurs from cancers of the colon, breast, lung, and other organs, requires
a treatment regimen tailored to the primary tumor type, involving systemic
chemotherapy, surgery, targeted therapies, and occasionally liver-directed therapies
like radiofrequency ablation (RFA) or transarterial chemoembolization (TACE). Each
of these liver tumors presents with distinct clinical features such as jaundice,
abdominal pain, weight loss, and hepatomegaly, which guide diagnosis and influence
the choice of treatment strategies. Early detection and an individualized,
multidisciplinary approach are critical in optimizing outcomes for these diverse and

often challenging malignancies.
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2.Materials and Methods

We performed a thorough and systematic literature review to evaluate the role and
application of Artificial Intelligence (Al) in the management and diagnosis of liver
cancer. The review encompassed a wide range of sources, including case reports,
observational studies, and interventional trials, with a particular focus on Al-driven
approaches in the detection, classification, and treatment of liver malignancies. Our
inclusion criteria targeted studies published between January 1990 and December
2023, ensuring that the review covered a broad spectrum of advancements in Al
applications over more than three decades. Only studies published in English were
considered to ensure language accessibility and consistency. A comprehensive
search was conducted across two major databases—PubMed and the Cochrane
Database of Systematic Reviews—with the final search performed on December 30,
2023, to capture the most up-to-date research. The search strategy employed a
combination of relevant keywords and Medical Subject Headings (MeSH) terms,
including "Artificial Intelligence," "Al," "Liver cancer," "Hepatocellular carcinoma,"

"Deep learning," "Image processing," "Hepatic neoplasm," "Liver malignancy,"
"Radiomics," and "Medical application." Studies were selected based on their
relevance to the application of Al in liver cancer, with a focus on diagnostic tools,
predictive modeling, and therapeutic interventions. The data were extracted from
studies evaluating Al techniques such as machine learning, neural networks,
radiomics, and computer-aided diagnosis (CAD) in the context of liver malignancies.
We also prioritized studies that investigated the integration of Al with imaging
modalities like CT, MRI, and ultrasound, as well as its role in enhancing precision
medicine and treatment outcomes in liver cancer management. This structured
approach aimed to provide a comprehensive and evidence-based assessment of Al’s

current and potential impact in on the diagnosis, prognosis, and treatment of liver

cancer.
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3.Results

A systematic screening of titles and abstracts was conducted for each search result,
leading to the exclusion of non-relevant papers. Out of the initial pool, 456 studies
were retrieved following the applied search strategy. A total of 211 studies were
excluded due to their lack of relevance to the specific scope of this review.
Subsequently, from the remaining 245 studies, a subset of 123 was selected as being
more representative of the comprehensive spectrum of currently employed
techniques. Notably, the predominant study designs within this subset were

retrospective case series or case reports.
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4.Discussion

4.1 Al and Medical Applications

Artificial Intelligence (Al) refers to the development of computer algorithms
designed to perform tasks traditionally associated with human intelligence. This
broad and evolving field encompasses a variety of technological innovations aimed
at simulating human cognitive abilities in machines, including robots and computers
(29,30). Al is a comprehensive term that integrates various forms of learning, such as
machine learning, representation learning, deep learning, natural language
processing (NLP), and the development of large language models (LLMs). These
technologies enable machines to learn from data, recognize patterns, and make

predictions with minimal human intervention.

One of the most promising areas for LLM technology in medicine lies in its ability to
process and understand vast amounts of medical text, from electronic health records
(EHRs) to research literature, enabling more efficient knowledge extraction, clinical
decision support, and patient interaction (31). The application of Al technologies in
medicine is diverse, with the primary goal of improving both clinical outcomes and
the efficiency of healthcare delivery. These technologies are designed to extract
relevant, actionable information from well-organized and large-scale medical
databases, which in turn can inform decision-making processes, support diagnosis,
and recommend optimal treatment options (32). Al has a wide array of medical
applications, including diagnostic assistance, where algorithms help identify disease
patterns in medical images (such as X-rays, CT scans, and MRI scans); predictive
analytics, which enables the forecasting of disease progression or patient outcomes;
and risk stratification, where Al helps classify patients based on their likelihood of
developing specific conditions (33,34). Furthermore, Al can play a significant role in
minimizing medical errors by providing decision support systems that flag potential
discrepancies in patient data, medication prescriptions, or treatment plans. By
automating routine tasks and streamlining complex workflows, Al technologies can
also enhance productivity within healthcare systems, enabling clinicians to allocate
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more time for direct patient care. Overall, the integration of Al into medical practice
has the potential to revolutionize personalized care, improving both the accuracy of
diagnoses and the effectiveness of treatments, ultimately leading to better patient

outcomes and more efficient healthcare systems.

Figure 2: Visual representation of integration of Artificial Intelligence (Al) in healthcare.

Figure 2 provides a comprehensive visual representation of the integration of
Artificial Intelligence (Al) with key technologies such as Deep Learning (DL), Machine
Learning (ML), Natural Language Processing (NLP), and Large Language Models (LLM)
within the healthcare domain. It demonstrates how these Al-driven technologies
collaborate to revolutionize medical practice by enhancing the accuracy, efficiency,
and effectiveness of patient care. Deep Learning and Machine Learning models play
a critical role in processing and analyzing vast quantities of medical data—ranging
from medical images to electronic health records—allowing for the identification of
complex patterns and the generation of highly accurate predictions that can aid in

early diagnosis and treatment planning. Natural Language Processing (NLP) and
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Large Language Models (LLMs) are depicted as indispensable tools in extracting
valuable insights from unstructured medical texts, such as clinical notes, radiology
reports, and scientific literature. By converting this often chaotic and voluminous
information into structured, actionable knowledge, these Al technologies enable
clinicians to make more informed decisions, select the most appropriate therapies,

and craft highly personalized treatment plans tailored to individual patients' needs.

Figure 2 also highlights the role of Al in predicting patient risks by analyzing historical
and real-time patient data, thus identifying potential health issues before they fully
manifest. This proactive approach can significantly improve early detection and
preventative care. Additionally, disease stratification is emphasized, where Al
systems help categorize patients into specific risk groups, allowing for more targeted
and effective interventions. Overall, the image conveys a powerful message about
how these Al technologies synergize to optimize decision-making, reduce human
error, and enhance clinical productivity. By automating data processing and
augmenting the capabilities of healthcare professionals, Al systems ultimately pave
the way for more efficient, accurate, and tailored healthcare solutions, leading to

better patient outcomes and a more streamlined healthcare system.

AurmAwpatikn Atatpt8r MVIS uéow Epsuvac «Evpur Suothuata [MAnpo@opLkic» tou 21
poutnti ANTMIP MOYAITA

The role of artificial intelligence in the diagnosis and treatment

=~

e



% MANEITIETHMIO The role of artificial intelligence in the diagnosis and treatment

{“ ;‘G AIF AI()Y of hepatocellular carcinoma

. Admir Mulita

4.2 Radiomics in Liver Lesion Diagnosis

The radiological diagnosis of focal liver lesions traditionally relies on the subjective
visual assessment of imaging modalities such as ultrasound (US), CT, or MRI.
However, the inherent heterogeneity of these lesions presents significant challenges
in accurately classifying them. As a result, radiomics — the extraction of quantitative
features from medical images—has gained significant attention in the field of hepatic
lesion diagnosis. Radiomics has emerged as a promising approach, offering an
objective and data-driven method to enhance the accuracy and reproducibility of
liver tumor classification across various imaging platforms (35-42). Several studies
have demonstrated the feasibility of using radiomics for liver tumor classification.
For instance, Zhao et al. developed a computer-aided approach based on radiomics
features extracted from unenhanced CT scans to differentiate six types of hepatic
lesions. Their model achieved high performance, with an overall accuracy of 88% and
76% in the training and testing sets, respectively (35). Similarly, Oyama et al.
employed texture analysis and topological data analysis on T1-weighted MRI images
to differentiate between Hepatocellular carcinoma (HCC), metastatic tumors, and

hemangiomas (HHs), achieving an impressive 92% accuracy (36).

Radiomics has shown considerable promise in differentiating benign from malignant
hypervascular lesions, including HCC and focal nodular hyperplasia (FNH) (37). The
integration of radiomics with clinical factors through tools like nomograms has
further improved preoperative diagnostic capabilities, allowing for better
differentiation between FNH, HCC, and hepatocellular adenoma (HCA) (37-38).
Recent advancements in radiomics have focused on improving diagnostic precision.
A study by Wang et al. utilized PyRadiomics to extract over 1300 features from MRI
scans, aiming to distinguish between combined hepatocellular-cholangiocarcinoma
(cHCC-CCA), HCC, and cholangiocarcinoma (CCA). The inclusion of high-order
radiomic features demonstrated a 10% improvement in classification accuracy
compared to models using only low-order features, underscoring the potential of
radiomics to refine liver lesion diagnosis (41). Chu et al. analyzed 203 intrahepatic

cholangiocarcinomas (ICCs) and developed a radiomic predictive model for avoiding
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unnecessary resections. Their model outperformed conventional clinical models,
achieving a sensitivity of 0.846 and specificity of 0.771 in the validation cohort,
highlighting radiomics' potential in surgical decision-making (43). In another study,
Quin et al. developed a multilevel model combining clinicopathological, molecular,
and radiological data to predict early recurrence after curative surgery for liver
cancer. By analyzing over 18,000 radiomic features from CT scans and 48 clinical
factors, the radiomics-based model significantly outperformed traditional staging
systems, offering valuable prognostic information for post-operative management
(44). Hao et al. devised a CT-based radiomics model for predicting early recurrence in
177 ICC patients, employing techniques such as Max-Relevance Min-Redundancy
(MRMR) and Gradient Boosting Machine (GBM). This model demonstrated robust
performance, with AUCs of 0.802 and 0.781 in the training and testing sets,
respectively, reinforcing the utility of radiomics in predicting disease recurrence (45).
Overall, radiomics has become an increasingly prominent field in radiology, offering
a powerful method for analyzing medical images to extract quantitative features that
can guide diagnostic and prognostic decisions (46). When combined with Artificial
Intelligence (Al), radiomics can further enhance diagnostic accuracy by automating
the selection of relevant features, building predictive models, and improving
personalized treatment plans (47). The past decade has witnessed significant
advancements in the development of computerized tools that convert medical
images into quantitative, mineable data, which can then be analyzed using Al to

predict clinical outcomes (48).

Despite its promise, challenges remain in the standardization and generalization of
radiomic results, which hinder the widespread clinical application of this approach.
Issues such as data quality control, repeatability, reproducibility, and model
overfitting have limited the translation of radiomics into clinical practice. To address
these limitations, Hu et al. (49) have recommended the use of the radiomics quality
score (RQS), established by Lambin et al. (50), to assess the methodological rigor of
radiomics studies. Raising awareness of the potential of radiomics and improving
research standards will be crucial for fostering its adoption within the scientific

community and enhancing its clinical utility (51).
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Figure 3: Process of feature extraction in medical images.

Figure 3 provides a detailed overview of the essential steps involved in the radiomics
process for medical image analysis, illustrating how each stage contributes to clinical

applications and decision-making.

The process begins with Image Acquisition, where advanced imaging modalities such
as CT scans, MRI, or PET scans are employed to capture high-resolution, detailed
images of the body's internal structures. These imaging techniques provide
comprehensive visual representations of organs, tissues, and potential
abnormalities, laying the groundwork for further analysis. The next step is Image
Segmentation, which involves isolating regions of interest (ROls)—such as tumors,
lesions, or organs—from the surrounding healthy tissue in the acquired images. This
step can be achieved using specialized algorithms or manual techniques, ensuring
that only the relevant areas of the image are analyzed. Accurate segmentation is
crucial, as it defines the boundaries of the lesions or abnormalities and directly
impacts the quality of subsequent analysis. Following segmentation, Feature

Extraction takes place, where quantitative information about the isolated regions is
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extracted from the segmented images. These features include texture, shape, size,
intensity, and other higher-order patterns that may reveal underlying biological
characteristics of the tissue. For example, the texture of a tumor could indicate its
level of malignancy or aggressiveness. The extracted features form the foundation of
the radiomic profile and offer critical insights into the tumor’s or organ’s phenotypic
characteristics, which may not be immediately visible through traditional visual
inspection. Next, the Analysis phase is shown, where the extracted features undergo
rigorous processing and evaluation using statistical methods or machine learning
algorithms. These methods identify patterns, correlations, and trends in the data,
linking the radiomic features to clinical outcomes such as disease progression,
treatment response, and patient prognosis. Machine learning techniques like
supervised learning and deep learning can further enhance the model’s ability to
predict clinical outcomes with high accuracy, thus providing powerful diagnostic
support. Finally, the Clinical Application phase is illustrated, where the results from
the radiomic analysis are directly applied to inform medical decision-making. This
could involve predicting a patient’s prognosis, identifying the most effective
treatment options, or aiding in surgical planning by determining the location, size,
and characteristics of tumors or lesions. In some cases, radiomics can guide
personalized treatment, enabling doctors to tailor interventions based on the
specific biological features of the disease, improving treatment outcomes and

minimizing unnecessary procedures.

Overall, figure 3 emphasizes how radiomics transforms raw medical imaging data
into actionable insights. By extracting and analyzing quantifiable information from
images, radiomics enhances the understanding of disease characteristics, empowers
more precise diagnoses, and ultimately supports personalized treatment strategies.
Through its integration with advanced machine learning techniques, radiomics offers
the potential to revolutionize clinical practice, ensuring more accurate, efficient, and

tailored healthcare delivery.
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Figure 4: Comparison of contribution of traditional imaging modalities and

radiomics.

Figure 4 provides a compelling comparison between traditional imaging modalities—
Ultrasound (US), Computed Tomography (CT), and Magnetic Resonance Imaging
(MRIl)—and the emerging field of Radiomics, highlighting how each contributes to
the diagnostic process and how Radiomics enhances these techniques for more

precise, data-driven clinical decision-making.

On one side of the image, traditional imaging modalities are depicted as capturing
high-quality, visual representations of anatomical structures. Ultrasound (US) is
shown to offer real-time, dynamic imaging that is particularly effective for visualizing
soft tissues and guiding procedures like biopsies. CT scans are represented as
providing detailed, cross-sectional images with high spatial resolution, offering
critical insights into the internal organs and enabling the identification of structural
abnormalities or lesions. MRI is depicted as a powerful imaging modality capable of

delivering detailed soft tissue images without ionizing radiation, ideal for evaluating
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complex anatomical areas such as the brain, liver, and joints. While these traditional
imaging techniques are powerful diagnostic tools, they are limited in their ability to
extract comprehensive, quantitative data directly from the images themselves, often

relying on subjective interpretation of visual features.

On the other side, Radiomics is presented as a groundbreaking approach that goes
beyond simple visual inspection of images by utilizing sophisticated algorithms to
extract a wealth of quantitative data—such as texture, shape, size, and intensity—
from medical images. These extracted features provide deep, granular insights into
the biological characteristics of tissues, particularly tumors or lesions, that may not
be discernible through conventional visual methods. The image underscores how the
data from radiomic analysis is subsequently processed using machine learning and
statistical methods to uncover hidden patterns that are closely linked to tumor

biology, disease progression, and response to treatment.

By capturing and analyzing these intricate features, Radiomics enables clinicians to
detect subtler variations in tissue characteristics, facilitating earlier detection of
diseases, improving risk stratification, and enabling more personalized treatment
plans. The visual contrast highlights how Radiomics extends the utility of traditional
imaging by transforming static, qualitative images into a rich, dynamic source of
quantitative information that provides a deeper understanding of the underlying
pathophysiology of diseases. As a result, Radiomics enhances the clinical value of
traditional imaging techniques, making them more powerful for guiding diagnostic,

therapeutic, and prognostic decisions.
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Figure 4 ultimately emphasizes that while traditional imaging modalities like US, CT,
and MRI serve as foundational tools in medical diagnostics, Radiomics leverages the
vast potential of computational analysis to refine and augment these techniques,
enabling clinicians to make more informed, precise, and data-driven decisions for

improved patient outcomes.

This integration of Radiomics with traditional imaging modalities represents a
significant leap forward in personalized medicine, providing healthcare providers
with the tools needed to better understand and manage complex diseases at the

molecular and cellular level.
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4.3 The Role of Image Processing and Machine Learning in Liver Cancer

Machine learning (ML), a key subfield of artificial intelligence (Al), refers to the
ability of machines to learn from data, continuously refining and improving their
models and patterns for more accurate analysis and prediction (52,53). In the
context of image processing for liver cancer, ML plays a vital role in extracting
valuable features from medical images, enhancing diagnostic accuracy and clinical
decision-making. One crucial step in image processing is image smoothing, which
involves reducing noise and distortions to improve image quality. This process is
essential for facilitating the accurate extraction and classification of image features,
ensuring that subsequent analyses are based on clearer, more reliable data. In the
analysis of liver tumor images, appropriate filtering methodologies are crucial for
enhancing the quality of images, allowing for better identification of subtle features

that might otherwise be overlooked.

An important aspect of liver tumor image processing is the denoising of images. The
effectiveness of a liver tumor image denoising algorithm can significantly impact the
outcomes of diagnostic processes. The use of advanced segmentation algorithms is
also fundamental, as they help isolate the tumor or area of interest from
surrounding healthy tissue, effectively removing unwanted elements and improving
the clarity of the tumor's features. Accurate segmentation allows for better feature
extraction, which can then be used for classification and prediction tasks. Therefore,
the optimization of denoising, segmentation, feature selection, and prediction
algorithms is essential to improve the overall accuracy and reliability of liver cancer
diagnosis through image processing. These advancements are critical in transforming
raw imaging data into actionable insights for clinicians (54). In a notable study by
Chlebus et al., the team performed feature extraction on CT imaging data of liver

cancer, identifying key characteristics from the images that could assist in diagnosis.

These features were then used as training parameters for developing an artificial
neural network (ANN)--assisted diagnostic model. This ANN model was specifically
designed for liver cancer diagnosis based on CT images. The results were promising,
showing significant improvements in both sensitivity and specificity when applied to
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liver cancer detection. This study highlights the potential of combining traditional
image processing techniques, such as feature extraction, with advanced ML
algorithms like ANN to create diagnostic models that outperform conventional
methods, enhancing the overall accuracy and efficiency of liver cancer detection

(55).

Ultimately, the integration of image processing with machine learning techniques is
poised to revolutionize the diagnosis and management of liver cancer. However,
continued research and innovation in areas such as denoising, segmentation, feature
selection, and prediction algorithm development are essential to fully realize the
potential of these technologies and ensure that they provide the most accurate and

reliable results in clinical practice.

Image Acquisition Image Prepocessing

Classification Feature Extraction Liver Segmentation

Shape
Texture
Size
Intensity
Location
Margins

Figure 5: The role of advanced medical imaging and deep learning techniques in liver

cancer.
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Figure 5 provides a detailed, step-by-step visual representation of the process
involved in liver cancer analysis using advanced medical imaging and deep learning
techniques. The journey begins with Image Acquisition, where a CT scan of the liver
is shown, offering high-resolution, cross-sectional images that reveal detailed
structures of the liver and surrounding tissues. This stage is critical for capturing the
full scope of anatomical features and potential abnormalities, setting the foundation
for further analysis. The subsequent step, Image Preprocessing, involves the
application of a variety of image enhancement techniques, such as noise reduction,
smoothing, and artifact removal, aimed at improving the quality of the CT images.
These preprocessing steps ensure that the images are free from distortions and
artifacts, which could interfere with accurate tumor detection and analysis.
Following preprocessing, the Liver Segmentation step is illustrated, where advanced
algorithms are used to isolate the liver and its surrounding tissues, as well as
delineate tumor regions. The liver is carefully segmented into its individual
anatomical sections, and the tumor margins are precisely outlined. This
segmentation is an essential step because it allows for the accurate identification of
the tumor’s location and ensures that the tumor boundaries are clearly defined,
laying the groundwork for precise tumor characterization. Next, Feature Extraction is
shown, where key tumor characteristics are extracted from the segmented images.
This includes a range of quantitative features such as shape, with a focus on
irregularities or asymmetry; texture, which reflects heterogeneity within the tumor
and can provide insights into its aggressiveness; size, which is often measured as the
tumor volume or diameter; intensity, indicating the level of brightness or contrast
within the tumor areas (often associated with vascularity or necrosis); location,
pinpointing where the tumor resides within the liver; and margins, which describe
the sharpness or fuzziness of the tumor boundaries. These features are crucial as
they provide a comprehensive view of the tumor's biological properties, helping to
differentiate between benign and malignant lesions. Finally, the Classification phase
is depicted, where machine learning (ML) algorithms are employed to analyze the
extracted features and classify the tumor as either benign or malignant. These
algorithms use the tumor’s characteristics to make an informed decision, effectively

distinguishing between the two types of tumors. This classification step is essential
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not only for providing an accurate diagnosis but also for informing treatment
planning, as the nature of the tumor significantly impacts the choice of therapeutic

approaches—whether surgery, chemotherapy, or targeted therapies.

Figure 5 emphasizes the interconnectedness of each phase, from image acquisition
through to classification, highlighting how each step builds upon the previous one to
provide a comprehensive, data-driven approach to liver cancer diagnosis. By
integrating medical imaging with deep learning techniques, this process enables a
more precise, efficient, and personalized approach to liver cancer diagnosis and
treatment planning, offering significant potential for improving patient outcomes.
The flowchart underscores the importance of each step in the process, from
preprocessing and segmentation to feature extraction and classification, all of which

play pivotal roles in ensuring accurate and effective clinical decision-making.
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4.4 Al and Histopathological Applications in Liver Specimens

In recent years, advancements in artificial intelligence (Al), particularly deep
learning, have significantly impacted the medical domain, revolutionizing the way
medical professionals analyze complex data. Deep learning algorithms, a subset of
machine learning (ML), have demonstrated tremendous potential, leveraging deep
neural network (DNN) architectures to process and analyze intricate datasets
(56,57). These neural networks have been successfully applied to various domains,
such as computer vision and natural language processing, with particularly
transformative applications in medical image analysis, including the detection and
diagnosis of a wide range of diseases (59-62). This has led to an accelerated use of Al
in histopathology, where Al-powered systems assist pathologists in analyzing liver

specimens, particularly in diagnosing hepatocellular carcinoma (HCC).

A notable study by Yu-Shiang et al. utilized a binary classifier based on GooglLeNet
(Inception-V1) to classify HCC histopathology images. This deep learning-based
model achieved remarkable performance, with an accuracy of 91.37% (+2.49), a
sensitivity of 92.16% (+4.93), and a specificity of 90.57% (+2.54) in identifying and
classifying HCC, underscoring its potential as a powerful diagnostic tool (62).
Additionally, Liangqun Lu et al. explored the use of pre-trained Convolutional Neural
Networks (CNNs)—namely VGG16, Inception V3, and ResNet 50—for differentiating

normal and cancerous liver tissue samples based on histopathological images of HCC.

While these models performed well, the study faced limitations in terms of sample
category diversity, with only a binary classification approach, potentially restricting

their broader clinical applicability (63).

Another breakthrough in this field involved the integration of multiphoton
microscopy with deep learning algorithms for enhanced HCC differentiation. This
novel approach has shown promising results in categorizing HCC based on its degree
of differentiation, paving the way for more precise computer-aided diagnostic
systems (64). The study investigated the performance of five specific deep learning

models—VGG16, ResNet50, ResNet CBAM, SENet, and SKNet—in classification
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experiments, further validating the power of deep learning in histopathological
applications (65,66). Each of these models has distinct characteristics that contribute
to their effectiveness in liver cancer diagnosis. VGG16, for example, is a relatively
simple network with fewer hyperparameters, focusing on constructing convolutional
layers with 3x3 filters and a stride of 1. While its architecture is straightforward, one
drawback is the large number of parameters, which can result in high computational
resource consumption during training, making it less efficient for large datasets
(67,68). CBAM (Convolutional Block Attention Module) is a modular and efficient
addition to CNNs that improves the representation ability of intermediate feature
maps within the network. This module can be seamlessly integrated into various
neural network architectures, boosting performance without a significant increase in
computational burden (69). SENet (Squeeze-and-Excitation Network) introduces a
novel SE block, which uses a squeeze-compression model to capture feature channel
dependencies via excitation. The simplicity of this design allows easy integration into
existing network structures, enhancing feature representation and improving the
overall network performance for histopathological image analysis (70,71). SKNet
(Selective Kernel Network) further optimizes feature extraction by incorporating a
soft attention mechanism into its architecture. This mechanism allows the network
to focus on more relevant information gathered from varying receptive fields. By
enhancing the generalization ability of the network, SKNet improves model
performance across multiple tasks and datasets, making it particularly suitable for
diverse histopathological image types (72,73). These advancements highlight how
deep learning models, combined with histopathological imaging techniques, offer

substantial improvements in diagnosing liver cancer and other related diseases.

Al-powered systems are becoming invaluable tools for pathologists, offering more
accurate, efficient, and scalable methods of diagnosing HCC and assessing tumor
differentiation. However, challenges remain, such as the generalizability of models
to diverse datasets and standardization of approaches across clinical settings. As
research progresses, the integration of Al and deep learning will likely continue to
enhance diagnostic accuracy, optimize treatment planning, and ultimately improve

patient outcomes in liver cancer care.
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Table 2: Comparison of several deep learning models that are commonly used in

image analysis.

Key Components

GoogleNet Inception Modules: Each module has multiple filters (1x1, 3x3, 5x5) running in parallel
to capture different features,

VGG16 Convolutional Layers: Stacked layers of 3x3 convolutions with small receptive fields.
Fully Connected Layers: After convolutional layers, three fully connected layers for
final classification.

ResNet50 Residual Blocks: Skip connections to ease the flow of gradients and enable deeper
networks.
Global Average Pooling: Reducesthe size of the feature maps.
50 Layers: Deep architecture designed for strong feature learning.

ResNet_CBAM Residual Blocks: Same as ResNet50, with skip connections.
CBAM : Adds attention mechanisms to enhance feature representation.

SENet Attention Mechanism: Focuses on the most relevant features by learning which
channels areimportant.

Integrated with Existing Architectures: Canbe added to other networks like ResNet
or Inception for improved performance.

SKNet Multi-scale Feature Learning: The network uses attention across different scales to
improve generalization and performance.
Adaptive Feature Fusion: Combines features from multiple receptive fields
dynamically based on learned weights.
Table 2 provides a detailed comparison of several deep learning models that are
commonly employed in image analysis tasks, each distinguished by unique
architectural components designed to enhance feature extraction, classification

accuracy, and overall model performance.

GoogleNet (Inception-V1) stands out due to its innovative use of parallel Inception
modules that apply multiple filter sizes at each layer, allowing the model to capture a
wider range of features simultaneously. This approach is complemented by auxiliary
classifiers that aid in training, particularly when dealing with complex datasets, by
providing intermediate supervision and reducing overfitting. The network’s ability to
handle varying feature scales makes it well-suited for tasks that involve complex

visual patterns.

VGG16, on the other hand, is recognized for its straightforward design and ease of
implementation. By using stacked 3x3 convolutional layers followed by max-pooling
layers, VGG16 simplifies the feature extraction process, focusing on building deep

layers with minimal hyperparameters. This architecture’s simplicity, while not as
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sophisticated as more modern models, makes it highly effective for image
recognition tasks and easy to adapt for various applications, although it requires a

substantial amount of computational power due to its depth.

ResNet50 introduces residual blocks with skip connections, a revolutionary design
that helps mitigate the vanishing gradient problem in deep networks. This allows the
model to train very deep architectures without performance degradation, as the skip
connections enable the network to bypass certain layers and directly learn residual
functions. The bottleneck architecture of ResNet50, combined with global average
pooling, further reduces computational complexity while maintaining accuracy,
making it ideal for applications where both depth and efficiency are critical. Building
upon ResNet50, ResNet_CBAM enhances feature learning through the integration of
CBAM (Convolutional Block Attention Module). CBAM introduces spatial and
channel-wise attention mechanisms, which enable the network to focus on the most
relevant parts of the input data and improve the representation of crucial features.
By applying attention mechanisms, ResNet_CBAM can better prioritize important
features across different regions of the image, improving both feature extraction and

classification performance.

SENet (Squeeze-and-Excitation Network) further refines feature extraction by using
squeeze-and-excitation blocks, which adaptively recalibrate feature channels. This
allows the network to focus more effectively on relevant features by assigning
different levels of importance to each channel. SENet can be integrated seamlessly
into other architectures, like ResNet, providing an additional layer of feature
refinement that boosts classification accuracy without a significant increase in

computational cost.

Finally, SKNet (Selective Kernel Network) employs a soft attention mechanism for
multi-scale feature learning. By enabling the model to select the most relevant
features from various receptive fields, SKNet improves the network’s ability to adapt
to different types of input and generalize better to new data. This mechanism
enhances adaptive feature fusion, allowing the network to combine the most
informative features from different scales, making it highly effective in tasks that

require the integration of fine-grained details with global context. Each of these
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models, with their specialized architectural components, contributes uniquely to the
advancement of deep learning in image analysis. Whether through parallel
convolutional paths, attention mechanisms, or adaptive feature recalibration, these
models are optimized for handling the complexities of medical image processing,
object recognition, and other tasks requiring high accuracy and efficiency. Their
continued development and refinement hold great promise for improving
classification accuracy, diagnostic capabilities, and the overall performance of Al-

based systems in image-based medical applications.

Histopathological Images Histopathological Images

Disease
Classification

Figure 6: Workflow of Artificial Intelligence in histopathological image analysis

Figure 6 illustrates a comprehensive workflow that integrates histopathological
image analysis with cutting-edge Artificial Intelligence (Al), specifically Deep Learning
techniques like Convolutional Neural Networks (CNNs), to streamline the process of
disease classification. The workflow begins with histopathological image acquisition,
where high-resolution tissue slides are carefully scanned under a microscope. These
high-definition images capture fine details of the cellular structure and tissue
architecture, which are essential for accurate diagnostic analysis. Following image
acquisition, the next step is image preprocessing, which involves techniques to

enhance image quality and reduce noise, ensuring that the structures within the
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tissue are visible and well-defined. This is crucial, as noise and distortion can obscure
key features that are vital for accurate diagnosis. Preprocessing can include tasks
such as contrast adjustment, artifact removal, and normalization, all of which
improve the effectiveness of the subsequent analysis. The core of this workflow lies
in the application of Deep Learning, where Convolutional Neural Networks (CNNs)
are employed for automated feature extraction. CNNs, a type of Al model specifically
designed for image recognition tasks, automatically detect intricate patterns within
histopathological images. The network identifies and analyzes critical features such
as cell shapes, sizes, textures, arrangements, and spatial relationships between cells.
These features are instrumental in differentiating between normal and abnormal
tissue, helping the model discern subtle nuances that may indicate the presence of
disease. Once key features are extracted, the disease classification phase begins. The
CNN processes these features through multiple layers, progressively learning and
refining its ability to classify tissue samples into categories such as malignant
(cancerous) or benign (non-cancerous). Furthermore, advanced CNN models may
also be capable of identifying specific subtypes of diseases, such as different types of
cancer or tumor differentiation, based on learned patterns from large datasets of
annotated histopathological images. This enables the model to provide a highly
accurate, automated diagnosis that can often match or surpass human expert
performance. The image also emphasizes how the integration of Al and Deep
Learning enhances diagnostic accuracy, speed, and efficiency in histopathological
analysis. By automating the complex process of disease detection and classification,
CNNs can significantly reduce diagnostic errors, improve early detection, and provide

insights that contribute to personalized treatment plans.

This ultimately leads to better patient outcomes and supports clinical decision-
making by providing pathologists and oncologists with reliable, Al-driven diagnostic
tools. This workflow represents a game-changing advancement in the field of digital

pathology, facilitating precise, timely, and data-driven healthcare delivery.
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Feature Extraction J Classification || Differentiation

Figure 7: Artificial Intelligence on Multiphoton Microscope.

Figure 7 effectively illustrates the powerful integration of multi-photon microscopy
with Artificial Intelligence (Al) algorithms to analyze tissue samples and classify them
as either malignant (cancerous) or healthy (non-cancerous). The workflow begins
with multi-photon microscopy, an advanced imaging technique that captures high-
resolution, three-dimensional images of tissue at the microscopic level. This cutting-
edge method allows for deeper tissue penetration and enables detailed visualization
of cellular structures without the need for traditional staining procedures. As a
result, it provides rich, high-fidelity data on tissue morphology, offering a non-

invasive way to explore cellular behavior in its natural state.

Once the imaging data is collected, Al algorithms, particularly Deep Learning models
such as Convolutional Neural Networks (CNNs), are employed to analyze the
complex data. The image illustrates how these Al models automatically extract
relevant features from the multi-photon images, focusing on characteristics such as
cell shapes, sizes, textures, arrangements, and spatial relationships within the tissue.
These features are crucial for identifying subtle differences between healthy and
malignant tissue, such as irregularities in cell morphology, abnormal cell clustering,
or variations in tissue texture—all indicators that may point to cancerous changes.

The next step in the workflow is classification, where the Al model processes the
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extracted features and classifies the tissue as either malignant or healthy. The deep
learning model can be trained to distinguish not only between benign and malignant
tissues but also between different types of cancer. By analyzing the specific patterns
of feature variation in the tissue samples, the Al can pinpoint the type of malignancy
and even assess the degree of tumor differentiation, providing more precise
diagnostic information. This can be particularly valuable for identifying subtypes of
cancer and informing treatment strategies. Furthermore, this image underscores the
synergy between the multi-photon microscope and Al algorithms, offering a
powerful, non-invasive tool for tissue analysis. The combination of high-resolution
imaging and Al-driven analysis improves diagnostic accuracy, enhances early
detection, and allows for a deeper understanding of tissue pathology. This approach
not only accelerates the diagnostic process but also helps in personalized treatment
planning by providing detailed insights into the biological characteristics of the
tissue. Ultimately, this seamless integration of imaging technology with Al represents
a game-changing advancement in medical diagnostics, delivering faster, more
accurate, and more reliable results crucial for precise diagnosis and targeted

treatment interventions.
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4.5 Al in the Treatment of Liver Cancer

In the pursuit of overcoming the limitations associated with liver resections, several
strategies and technologies have emerged to optimize surgical procedures and
improve patient outcomes. One of the primary challenges in performing liver
resections, particularly laparoscopic ones, is the accurate assessment of the tumor's
complexity and the precise execution of the surgery. Various definitions and risk
scores are employed to evaluate the complexity of laparoscopic liver resections, with
the IWATE criteria currently being the most widely used standard in clinical practice
(74). Tumors larger than 10 cm present significant surgical challenges, often pushing
the boundaries of what is technically feasible for resection. Key intraoperative
difficulties in these cases include trocar placement, liver lobe mobilization, and the

risk of tumor perforation due to shear forces during dissection (75).

In addition to the technical challenges, the mortality rate following liver resection
tends to rise progressively with the extent of the procedure and the need for
complex biliary reconstruction. The mortality risk can reach as high as 25% in some
cases, underscoring the importance of precision and planning in liver resection
surgeries (76). To address these issues, Augmented Reality (AR) technology has
emerged as a valuable tool in enhancing the precision of liver resections, particularly
in complex anatomical locations. AR improves depth perception, 3D visualization,
and video resolution during surgery, providing surgeons with a more detailed view of
the liver and its surrounding structures. However, despite its advantages, AR still
faces limitations inherent to minimally invasive surgery compared to open
hepatectomy, such as reduced tactile feedback and possible difficulty in reaching
certain anatomical structures (77-78). From an oncological perspective, AR
technology plays a pivotal role in improving the localization of tumors and guiding
parenchymal transection during liver cancer surgery. In preoperative planning, AR
enables the creation of a 3D model of the liver and its surrounding vasculature,
offering a clearer representation of tumor location and proximity to critical
structures. This model aids in targeting lesions and ensuring adequate resection

margins during surgery, improving the precision of tumor removal. Intraoperatively,
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AR assists in visualizing structures such as biliary ducts, vessels, and the tumor itself,
making it easier to perform precise resections with fewer complications (77-82).
Furthermore, tactile feedback remains an important element in liver surgery,
particularly when dealing with vital structures such as pedicles, arteries, veins, and

biliary networks.

Robotic surgery systems have made strides in overcoming these limitations by
providing haptic feedback to assist in positioning the instruments accurately during
dissection, although challenges persist, particularly in complex regions like the
hepatic confluence (81). In addition to traditional surgical methods, heat-based
procedures like microwave ablation (MWA) and radiofrequency ablation (RFA) are
considered alternative treatment options for small hepatic lesions (less than 3 cm),
offering similar oncological outcomes to liver resections with fewer postoperative
complications (83-84). However, these procedures rely heavily on intraoperative
ultrasound (US) guidance to localize lesions. While US is beneficial for real-time
imaging, it suffers from the limitation of lacking three-dimensional perception, which
can hinder the accuracy of needle placement and treatment effectiveness. To
address these limitations, augmented reality (AR) has been proposed as a solution to
improve preoperative planning and needle placement guidance during ablation
procedures. In preclinical studies, AR has demonstrated the potential to create more
precise surgical workflows by integrating robotic systems to assist with needle
placement and lesion targeting (85-86). Over the last two decades, there has been
significant progress in robotic-guided interventions for liver cancer treatment, with
systems evolving from neurosurgery applications in the late 1980s to interventional
radiology and liver procedures (87-90). These systems are particularly valuable in
tasks such as biopsy, tumor ablation, and needle-guided interventions, which would
otherwise require high levels of expertise. In 2023, a systematic review of robot-
guided liver interventions, including 429 percutaneous thermal ablations and 57
biopsies, Bodard et al. demonstrated a 30% reduction in probe deviation and a 40%
reduction in readjustments during robot-assisted procedures. Furthermore, the use
of robotic systems significantly decreased operating time (by 15-25%) and radiation

exposure to both patients and operators by up to 50% (93). These advancements are
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particularly relevant in liver interventions, given the prevalence of liver diseases, the
complex anatomy of the liver, and the increasing demand for minimally invasive
procedures (94-95). Ensuring a secure trajectory to reach the target lesion without
damaging critical structures is crucial in interventions such as microwave ablation
(MWA), radiofrequency ablation (RFA), and irreversible electroporation (IRE). These
procedures require a precise workflow to ensure safety and efficacy, as the number
of needle insertions, depth, and tumor location directly influence the risk of

complications and impact treatment outcomes (96-98).

Advanced software and Al models are now being used to improve post-operative
ablation margins, thereby reducing the likelihood of residual tumor cells and
enhancing long-term patient outcomes. In the context of liver transplantation, the
limited availability of organs remains one of the most significant challenges facing
transplant programs. The United Network for Organ Sharing (UNOS) reported a 20%
reduction in the number of eligible patients for liver transplantation, primarily due to
the growing demand and insufficient donor organs (99). The introduction of the
qguantitative donor risk index by Feng et al. marked the beginning of efforts to
optimize organ allocation based on donor characteristics, which has now been
extended through machine learning approaches to address this imbalance (100).
Studies like that of Pérez-Ortiz et al., who used ordinal regression and support vector
machines (SVM) to enhance organ allocation strategies alongside the Model for End-
Stage Liver Disease (MELD) score, aim to predict survival outcomes and prioritize
liver transplants more effectively (101). These efforts represent a promising direction
in addressing the organ shortage crisis, ensuring that those who would benefit the
most from a transplant are prioritized for donor organs. In conclusion, Al and robotic
systems are making significant strides in enhancing the diagnosis, treatment, and
management of liver cancer. With augmented reality, deep learning models, and
robotic surgery becoming more integrated into clinical practice, these technologies
are revolutionizing liver cancer care, leading to more precise, minimally invasive, and

personalized treatment strategies.
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Figure 8: Artificial intelligence (Al) in liver resection

Figure 8 provides a detailed illustration of how artificial intelligence (Al) enhances
liver resection procedures at each critical stage, ultimately leading to more accurate,
efficient, and personalized treatments for patients. The process begins with Image
Acquisition, where high-resolution imaging technologies such as CT scans or MRI are
employed to capture detailed, cross-sectional images of the liver and any associated
tumors. These images are not only vital for visualization but also serve as the

foundation for subsequent Al-driven analyses.

The advanced imaging techniques provide crucial anatomical data, which can be
processed by Al algorithms to highlight tumors, blood vessels, and other key
structures, ensuring no detail is overlooked. Following image acquisition, the next
key phase is Risk Assessment. At this stage, Al tools evaluate the complexity of the
liver resection based on a variety of parameters, such as the size, location, and
proximity of the tumor to critical structures. Al-powered risk scoring systems, such as
the IWATE criteria, take into account these factors, providing clinicians with an
objective risk score that helps them anticipate potential challenges. This enables a
more comprehensive preoperative assessment, empowering surgeons with the
insights needed to strategize the most effective approach to resection and to

determine the likelihood of complications, including bleeding or damage to vital
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structures like bile ducts. In the Surgical Planning phase, Al tools play a pivotal role in
localizing the tumor within the liver, enhancing preoperative planning accuracy. By
processing the image data, Al can generate 3D reconstructions of the liver and
tumor, providing a clearer understanding of the liver’s anatomy and facilitating
precise planning of the resection. These visualizations help surgeons to plan the
most optimal surgical approach, identifying critical structures to avoid and ensuring
that margins around the tumor are adequate for safe removal. As surgery
progresses, Robotic Surgery Assistance comes into play. Al and augmented reality
(AR) technologies work synergistically to assist the surgeon in real-time navigation.
Augmented reality overlays critical anatomical information onto the surgeon's field
of view, enhancing their ability to identify key structures and monitor tumor margins
with unparalleled precision. Additionally, Al-driven robotic systems offer real-time
guidance, improving the surgeon’s accuracy in performing the resection, especially in
complex cases where precision is paramount. This integration of Al allows for
minimally invasive approaches, reduced human error, and potentially shorter
recovery times for the patient. The final phase, Outcome Prediction, leverages
advanced Al models trained on vast datasets of patient outcomes to predict the
likelihood of complications after surgery. These models analyze real-time data during
the procedure, taking into account factors such as the patient's medical history, the
complexity of the resection, and real-time intraoperative variables. Al tools can
predict the risk of complications like bile duct injury, the need for biliary
reconstruction, or even post-surgical mortality. This information provides the
surgical team with actionable insights that allow them to take proactive measures

during or after the surgery to mitigate these risks.

By seamlessly integrating Al at every stage—from preoperative planning to post-
surgical predictions—this workflow significantly enhances the overall effectiveness
of liver resection procedures. The use of Al not only helps streamline the surgical
process but also ensures that patients benefit from more tailored, data-driven care.
As a result, the combination of improved surgical precision, better risk management,
and personalized outcome predictions leads to optimized patient outcomes, with

reduced complications and faster recovery times. This multi-faceted application of Al

AurmAwpatikn Atatpt8r MVIS uéow Epsuvac «Evpur Suothuata [MAnpo@opLkic» tou 45
poutnti ANTMIP MOYAITA



The role of artificial intelligence in the diagnosis and treatment
of hepatocellular carcinoma

Admir Mulita

in liver surgery exemplifies the transformative potential of artificial intelligence in
modern healthcare, paving the way for more sophisticated and individualized

treatment options.

Figure 9: Artificial Intelligence (Al) in thermal ablation process for liver tumors.

Figure 9 provides a comprehensive overview of the thermal ablation process for liver
tumors, showcasing how Artificial Intelligence (Al) significantly enhances both the

precision and safety of this minimally invasive treatment.

Figure 9 depicts a liver with a localized tumor, where a needle is carefully inserted to
perform the ablation, a technique that uses heat-based methods—such as
microwave or radiofrequency energy—to destroy the tumor. Al's role in this
procedure is multi-faceted, helping to ensure that the treatment is as effective and
safe as possible for the patient. At the outset, Al-powered tumor detection aids in
the accurate identification and localization of the tumor within the liver. Using
advanced image processing algorithms, Al analyzes high-resolution imaging data
(such as CT scans, MRI, or ultrasound) to highlight the tumor’s precise location, size,
and shape. This step is crucial in avoiding any ambiguity during the procedure,
ensuring that the right tumor is targeted while minimizing the risk of affecting

surrounding healthy liver tissue.
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Once the tumor is detected, Al-guided needle placement becomes a key component
of the procedure. Using real-time imaging data, Al systems help guide the insertion
of the ablation needle, ensuring that it reaches the tumor with exceptional accuracy.
Al-assisted guidance can account for complex liver anatomy, blood vessels, and
other critical structures, ensuring the needle is placed optimally for the ablation
process. The precision of Al minimizes the risk of misplacement, which could lead to
ineffective treatment or damage to surrounding tissues. During the ablative process,
Al continues to play a pivotal role by visualizing the ablation zone in real-time. As
heat is applied to the tumor via microwave or radiofrequency energy, Al systems
continuously monitor and update the size and extent of the treatment zone. This
dynamic adjustment ensures that the entire tumor is sufficiently treated while
avoiding unnecessary damage to healthy liver tissue. Real-time visualization also
allows clinicians to observe and confirm the effectiveness of the treatment, ensuring
that the ablation area covers the tumor completely and consistently. One of the
most significant advantages of incorporating Al in thermal ablation is its ability to
provide real-time procedural adjustments. By continuously monitoring the ablation
process and analyzing data from the procedure, Al can detect subtle changes or
variations that may require immediate modification of the treatment parameters.
For instance, if the ablation zone begins to overheat or if certain areas are under-
treated, Al can alert the surgical team and suggest adjustments to the energy levels
or ablation technique. This responsive, adaptive approach helps to optimize
outcomes and reduce the risk of complications such as collateral tissue damage or

incomplete tumor destruction.

The integration of Al in thermal ablation techniques leads to more precise, safer, and
effective treatments for liver cancer patients. By improving tumor detection, needle
placement, and dynamic treatment monitoring, Al enhances the overall procedure,
reducing the potential for human error and improving the likelihood of complete
tumor ablation. Additionally, because the procedure is minimally invasive, patients
benefit from reduced recovery times, less post-operative pain, and fewer
complications compared to traditional surgical approaches. Ultimately, the

combination of advanced Al technology and thermal ablation techniques offers a
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promising, highly effective treatment option for liver cancer patients, providing
better outcomes with less risk and a more streamlined, patient-centric experience.
This approach exemplifies how Al can transform the landscape of cancer care,

improving precision and outcomes in ways that were previously unattainable.
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4.6 Al's Predictability of Treatment Response

Surgical resection remains a cornerstone of curative treatment for patients with
synchronous or metachronous colorectal liver metastases (CLM), offering significant
long-term survival benefits. However, only a small proportion of newly diagnosed
patients (approximately 20%) are considered suitable candidates for surgery. For
those who are not eligible for resection, ablative therapies have emerged as a viable
and effective alternative, demonstrating an acceptable balance of safety and efficacy
in treating these patients (103-105). Despite the progress in these treatment
modalities, recurrence after CLM treatment remains a significant challenge, with a
high overall risk of both local and distant tumor recurrence after either surgical
resection or ablation. Notably, studies have shown that surgical resection provides
superior outcomes in terms of local tumor progression (LTP), liver progression-free
survival (LPFS), and overall survival (OS) compared to ablative therapies (106,107).
However, these studies have often overlooked critical factors, such as ablation
margins, which play a crucial role in determining the success of ablation-based
interventions. A recent meta-analysis has emphasized that achieving a thermal
ablation margin of at least 10 mm is crucial for optimal outcomes in patients with
CLM. This ensures complete treatment of the tumor while reducing the likelihood of
recurrence. However, it is also noted that a minimum margin of 5 mm is necessary to
achieve effective local tumor control (108). The timing of recurrences significantly
affects prognosis, with early recurrences often leading to poorer overall survival
outcomes. In such cases, chemotherapy plays a critical role in determining the
ultimate treatment strategy for both resectable and unresectable CRLM.
Chemotherapy has the potential to convert up to one-third of patients with initially
unresectable tumors into candidates for potentially curative surgery (109).
Therefore, accurate evaluation of chemotherapy response is crucial for personalized
treatment decision-making, particularly in determining whether patients are suitable

for surgical intervention or whether second-line therapies should be considered.
A notable study conducted by Wei et al. (111) utilized deep learning (DL) and

radiomics models to predict the response of CLM patients to different chemotherapy
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regimens, including CAPEOX, mFOLFOX6, FOLFIRI, and XELIRI, based on contrast-

enhanced CT scans.

These predictions were made according to Response Evaluation Criteria in Solid
Tumors (RECIST), and the validation cohort yielded an impressive area under the
curve (AUC) of 0.820 (95% Cl: 0.681-0.959). Furthermore, when the DL-based model
was combined with carcinoembryonic antigen (CEA) serum levels, the AUC improved
to 0.830 (95% Cl: 0.688-0.973), showcasing the added benefit of integrating clinical
biomarkers with Al-driven imaging techniques. In the context of metastatic disease,
treatments such as trastuzumab and lapatinib have been shown to benefit around
70% of patients with HER2-positive tumors (112). Furthermore, Taghavi et al.
developed a machine learning (ML)--based radiomics analysis of pretreatment CT
scans, combining these with patients’ clinical features to predict early local tumor
progression after ablation therapy. Their study, which included up to five nodules
per patient with a maximum diameter of 30 mm, reported a high concordance index
(C-index) of 0.79 (95% Cl: 0.78-0.80) in the validation cohort, demonstrating the
strong predictive ability of their model for local recurrence after ablation (113). For
patients with wild-type RAS status, anti-epidermal growth factor receptor (EGFR)
therapies have shown promise in treating colorectal liver metastases (CRLM).
However, the need for reliable biomarkers to assess the risk-benefit ratio of these
therapies on an individual basis remains urgent. In this regard, Dercle et al.
developed an Al-based model using machine learning (ML) techniques to assess
changes in tumor phenotype based on interval CT scans, comparing baseline and 8-
week follow-up images. The model successfully predicted sensitivity to anti-EGFR
therapy, with a sensitivity value of 0.80 (95% Cl: 0.69-0.94) and a statistically
significant association with overall survival (P < 0.05), highlighting its potential
clinical utility in tailoring EGFR-targeted therapies to individual patient profiles (115).
Another valuable contribution comes from Spelt et al., who used an artificial neural
network (ANN) model to retrospectively analyze a cohort of 241 patients who
underwent liver resection for CLM at a single center. By assessing 28 potential risk
variables, the ANN model identified six key predictors of survival: age, preoperative

chemotherapy, size of the largest metastasis, hemorrhagic complications,
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preoperative CEA level, and number of metastases. The C-index of 0.72 achieved by
the ANN model indicated a significant improvement in survival prediction accuracy
when compared to the Cox regression model, which had a C-index of 0.66 (116). This
demonstrated that Al-based models can outperform traditional methods by
incorporating more nuanced, multifactorial variables that better capture individual

patient risk profiles.

The integration of Al-driven approaches in predicting treatment response for CLM is
proving to be a transformative advancement in the management of colorectal liver
metastases. By combining deep learning, machine learning, and radiomics models
with clinical data such as biomarkers, imaging, and tumor phenotyping, these models
offer the potential to significantly improve personalized treatment strategies. The
ability to predict treatment outcomes—whether for chemotherapy, ablation, or
surgical resection—enables clinicians to make more informed decisions, enhancing
both the effectiveness of treatments and the overall survival rates of patients with
colorectal liver metastases. The promising results from these studies underscore the
growing importance of Al in oncology, providing new opportunities to optimize care

for patients with complex, metastatic disease.

Figure 10: The contribution of Al-based tools in the management, diagnosis,

treatment, and prognosis of liver cancer.
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Figure 10 illustrates the role of Al-based tools in the comprehensive management of
liver cancer, spanning diagnosis, treatment, and prognosis. In diagnosis, Al analyzes
medical imaging (e.g., CT, MRI) to accurately detect liver tumors and identify
abnormalities with high precision. For treatment, Al-driven decision support systems
recommend personalized therapies, such as chemotherapy or surgery, by analyzing
patient data and predicting the most effective approach. In the prognosis phase, Al
models predict treatment outcomes and patient survival rates by processing
historical data, genetics, and clinical factors, enabling more informed, data-driven

decisions for long-term care and management.
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4.7 Future Perspectives of Al in Liver Cancer

As artificial intelligence (Al) continues to evolve, its transformative potential in liver
cancer management becomes increasingly evident, offering exciting possibilities in
precision diagnostics, personalized treatment strategies, and revolutionizing
healthcare innovations. Looking ahead, Al holds significant promise in enhancing
every facet of liver cancer care, from early detection to post-treatment monitoring.
This evolving landscape suggests a future where Al works seamlessly alongside
clinicians, improving both clinical outcomes and patient experience. One of the most
immediate applications of Al in liver cancer management is in the realm of medical
imaging. Al can significantly aid radiologists in the detection and diagnosis of
colorectal liver metastases (CLM) by analyzing complex medical images with
unparalleled speed and accuracy. Advanced Al algorithms can automatically segment
the liver from CT scans or MRI images, providing highly detailed, consistent, and
accurate visualizations that allow clinicians to assess liver anatomy and tumor
characteristics more efficiently. This capability is especially crucial for the
preoperative evaluation of the future liver volume and the planning of liver
resections, as it enables the surgical team to assess how much liver tissue can be
safely removed while preserving vital liver function. By automating these complex
tasks, Al not only saves time but also enhances the precision of treatment strategies,
ultimately leading to more successful surgeries and fewer complications (117-119).
Additionally, Al's role extends into education and training within the medical field.
The use of Al-based simulations and educational tools is a promising development
for the training of young healthcare professionals specializing in oncology and
surgery. These tools can simulate various clinical scenarios, from accurate tumor
localization to decision-making during complex liver surgeries, providing real-time
feedback to trainees. By enhancing their understanding of anatomical structures,
surgical techniques, and treatment protocols, Al-powered educational platforms can
improve diagnostic and therapeutic decision-making, thereby accelerating skill
acquisition and fostering clinical competence. This not only prepares the next
generation of healthcare providers but also helps reduce errors and improves
patient outcomes (117-119). For patients who are not suitable candidates for
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traditional surgical interventions, Al-driven therapeutic interventions could provide

new hope.

By leveraging advanced computational analysis of genetic and molecular data, Al has
the potential to identify and recommend pharmaceutical interventions tailored to an
individual patient's unique genetic makeup. This precision approach could
significantly improve the effectiveness of treatments for inoperable or advanced
liver cancers, providing personalized therapies that were previously unavailable
(120). One of the most exciting advancements in the integration of Al into precision
medicine is the growing understanding of spatially varying perfusion coefficients.
This key concept, derived from advanced imaging modalities, enables a more
detailed understanding of how blood flow varies across different areas of liver tissue.
Incorporating this knowledge into Al-powered image analysis techniques can
significantly enhance the ability to assess tissue heterogeneity—a crucial factor in
evaluating tumor response to treatments and tailoring therapeutic strategies. By
mapping the perfusion characteristics of liver tissue, Al can help detect areas of poor
perfusion, which may indicate metastatic lesions or tumor resistance to certain
therapies. Such breakthroughs have the potential to transform diagnostic accuracy
and optimize treatment regimens, ushering in a new era of highly individualized care
(121,122). Moreover, early detection of these metastatic lesions within the hepatic
parenchyma offers the potential for earlier interventions, significantly improving

patient prognosis and survival rates (122,123).

Another promising avenue is the adoption of robotic systems in liver cancer
treatment, which addresses key challenges such as procedural planning, instrument
manipulation, precise probe placement, and margin assessment during liver ablation
or resection. The integration of Al-driven robotic systems holds the potential to
improve accuracy in surgical procedures by providing real-time guidance, reducing
human error, and enhancing precision in both tumor targeting and the evaluation of
resection margins. These systems can utilize Al algorithms to predict optimal probe
placement, adjust for patient-specific anatomical variations, and evaluate the
adequacy of ablation margins to ensure complete treatment while minimizing
damage to healthy tissue. The synergy of Al and robotic assistance could enhance

AurmAwpatikn Atatpt8r MVIS uéow Epsuvac «Evpur Suothuata [MAnpo@opLkic» tou 54
poutnti ANTMIP MOYAITA



e e 1 . . . . treatment
MANEIIETHMIO The role of artificial intelligence in the diagnosis and treatmen

AIr AIOY of hepatocellular carcinoma

Admir Mulita

procedural precision, reduce recovery time, and improve long-term patient

outcomes, making robotic surgery a cornerstone of future liver cancer care.

In summary, the future of Al in liver cancer treatment holds transformative promise.
Al's ability to aid in precision diagnostics, personalized treatment plans, and
innovative surgical techniques will lead to more effective, safer, and less invasive
interventions for patients with colorectal liver metastases and other liver

malignancies.

As the Al-driven revolution in medicine continues to unfold, it is likely that the
integration of these advanced technologies will redefine the standards of care for
liver cancer patients, improving outcomes and quality of life on a global scale. The
combination of Al-powered imaging, targeted therapies, and robotic precision
represents a leap forward in liver cancer treatment, offering hope for better survival

rates and improved patient prognoses in the years to come.

Liver Cancers Clinical Diagnosis Alin Liver Cancers
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l
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Figure 11: Future perspectives of Artificial Intelligence (Al) in liver cancer diagnosis and

management.
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Figure 11 visually represents the future perspectives of Artificial Intelligence (Al) in
liver cancer diagnosis and management, showcasing a range of liver tumors,
including Hepatocellular carcinoma (HCC), Cholangiocarcinoma (CCA), Combined
hepatocellular-cholangiocarcinoma (cHCC-CCA), Epithelioid hemangioendothelioma
(EH), Nested stromal epithelial tumors (NSET), Primary hepatic neuroendocrine

tumors (PHNT), Malignant fibrous histiocytoma (MFH), and liver metastasis.

These diverse tumor types are depicted alongside clinical diagnostic modalities such
as MRI, CT, Ultrasound (US), and Pathology, highlighting the critical role each plays in
liver cancer detection. Al's integration is visualized through its ability to analyze
these diagnostic images, facilitating faster and more accurate tumor identification,
segmentation, and characterization. The image emphasizes how Al could
revolutionize early diagnosis, treatment stratification, and prognostic assessment for
each of these tumor types by integrating data from various sources. Al models are
shown enhancing the interpretability of diagnostic images, predicting tumor
behavior, and optimizing personalized treatment plans, especially in cases of
complex or rare liver tumors like cHCC-CCA, NSET, and PHNT. The future of liver
cancer management is represented with an optimistic view, where Al assists not only
in imaging analysis but also in predicting treatment responses based on genomic,
pathological, and clinical data. Additionally, the image highlights the role of Al in
overcoming challenges such as class imbalance in datasets, limited labeled data, and
generalizability of models across diverse populations. Progression towards Al-driven,
precision medicine is illustrated as the ultimate goal, offering more accurate
diagnoses, targeted treatments, and improved patient outcomes in the battle

against liver cancer.
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5. Conclusion

In conclusion, the integration of artificial intelligence (Al) in the management of liver
cancer presents a transformative opportunity for advancing clinical outcomes,
particularly in areas such as early detection, treatment stratification, and prognostic
assessment. Al's potential to revolutionize the landscape of liver cancer care is vast,
ranging from its ability to enhance medical imaging for more precise tumor detection
to its role in personalized treatment planning, and even predicting long-term survival
outcomes. Early studies and preliminary results underscore the considerable promise
of Al in improving diagnostic accuracy, streamlining therapeutic interventions, and
optimizing post-treatment monitoring, ultimately leading to better patient
outcomes. However, for Al to achieve its full potential in routine clinical practice,
standardization of Al methodologies remains a crucial step. Variability in the
algorithms and their application across different clinical settings, imaging modalities,
and patient populations presents a challenge that needs to be addressed. Rigorous
efforts toward standardizing Al models, ensuring that they are trained on diverse
datasets, and incorporating real-world clinical validation are essential for
overcoming this hurdle. This includes the development of universal protocols that
align Al systems with clinical workflows and regulatory standards. Such
standardization will be critical in ensuring that Al algorithms are not only accurate
but also reliable, scalable, and clinically relevant in diverse healthcare settings
worldwide. Continued research endeavors will be fundamental in refining these Al
technologies. Studies focusing on improving the precision, robustness, and
generalizability of Al models will enable clinicians to confidently integrate these
systems into routine care. This involves exploring the nuances of genomic data,
molecular profiling, and immunological factors alongside imaging and clinical data,
fostering truly personalized medicine approaches that are tailored to each patient's
unique characteristics. Moreover, multidisciplinary collaboration between
researchers, clinicians, bioinformaticians, and Al developers will be pivotal in

accelerating the adoption of Al in liver cancer care. This collaborative approach will
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help ensure that the development of Al tools alighs with the practical needs of

clinicians and the preferences of patients.

The clinical validation of Al algorithms, through large-scale studies and longitudinal
data, will be crucial for establishing evidence-based guidelines for their use, ensuring
efficacy, reliability, and safety in real-world clinical environments. As we continue to
push the boundaries of Al innovation, the trajectory towards its integration into
routine clinical practice will be shaped by these concerted efforts. The future of Al-
driven advancements in liver cancer management holds immense potential, not only
in improving the precision and efficiency of treatments but also in making liver
cancer care more accessible and cost-effective for patients globally. With a clear
focus on collaborative research, rigorous validation, and standardization, Al is poised
to play a key role in the next generation of liver cancer therapies, offering hope for

more effective, personalized, and life-saving interventions.

Figure 12: Roles of Artificial Intelligence (Al), Machine Learning (ML), and Deep Learning (DL)

in advancing the diagnosis, treatment, and management of liver cancer.
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Figure 12 illustrates the pivotal roles of Artificial Intelligence (Al), Machine Learning
(ML), and Deep Learning (DL) in advancing the diagnosis, treatment, and
management of liver cancer. At the core of the image is a visual representation of Al
systems processing medical imaging data, including CT scans, MRI, and Ultrasound
images of the liver. Al algorithms, powered by machine learning, are shown
automatically analyzing these images to identify and classify various liver tumors,
such as Hepatocellular carcinoma (HCC), Cholangiocarcinoma (CCA), and liver
metastases, with high accuracy and efficiency. The image also highlights the use of
deep learning networks, which further enhance the Al’s ability to identify subtle
patterns and anomalies within the liver tissue that may not be visible to the human

eye, allowing for early detection of tumors.

In addition to imaging analysis, Al is depicted as contributing to predicting treatment
responses and personalizing treatment strategies. The integration of machine
learning allows for continuous adaptation of the Al models, improving their
predictive capabilities over time by learning from vast datasets of clinical outcomes.
Deep learning models are particularly emphasized for their ability to handle large
volumes of data, including genomic, pathological, and clinical information, to predict
patient prognosis and treatment efficacy. The image also shows how Al can aid in
clinical decision-making, enabling clinicians to choose the most appropriate
interventions—be it surgical resection, ablation therapies, or chemotherapy—based
on a patient's tumor characteristics. Finally, the image conveys the potential of these
Al-driven technologies to streamline liver cancer care, from accurate early diagnosis
to post-treatment monitoring, offering a future where Al plays an indispensable role

in improving patient outcomes and facilitating more efficient, targeted treatments.
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