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Abstract

Artificial intelligence (AI) has emerged as a powerful tool in various fields, including medicine, offering the potential to
revolutionize the way diseases are diagnosed and treated. This scoping review explores the applications of AI in primary liver
cancer, focusing on screening and diagnosis. Liver cancer, particularly hepatocellular carcinoma (HCC) and intrahepatic
cholangiocarcinoma (ICC), presents significant challenges due to late-stage diagnoses and limited treatment options. AI-driven
models have been developed to enhance screening efforts, utilizing machine learning (ML) algorithms trained on clinical,
biochemical, and radiological data to identify high-risk patients. These models demonstrate promising results in early HCC
detection, especially in populations with chronic hepatitis B virus (HBV) infection or metabolic dysfunction-associated fatty
liver disease (MAFLD). Additionally, AI applications in liver imaging, utilizing deep learning (DL) algorithms such as
convolutional neural networks (CNN), have shown remarkable accuracy in segmenting and classifying liver lesions on CT and
MR images. However, challenges remain in model validation, standardization, and reproducibility, with many studies lacking
external validation and consistency in reporting performance metrics. Furthermore, the transition from model development to
real-world implementation poses significant hurdles, highlighting the need for a more rigorous and transparent approach in AI
model development. Despite these challenges, AI-driven models hold immense potential to improve early detection and
diagnosis of primary liver cancer, ultimately leading to better patient outcomes. Further research and collaboration are warranted
to address the current limitations and facilitate the integration of AI into clinical practice for liver cancer management.
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Abstract

Artificial  intelligence  (AI)  has  emerged  as  a  powerful  tool  in  various  fields,  including

medicine,  offering  the  potential  to  revolutionize  the  way  diseases  are  diagnosed  and

treated. This scoping review explores the applications of AI in primary liver cancer, focusing

on screening and diagnosis. Liver cancer, particularly hepatocellular carcinoma (HCC) and

intrahepatic cholangiocarcinoma (ICC), presents significant  challenges due to late-stage

diagnoses  and  limited  treatment  options.  AI-driven  models  have  been  developed  to

enhance screening efforts, utilizing machine learning (ML) algorithms trained on clinical,

biochemical, and radiological data to identify high-risk patients. These models demonstrate

promising results in early HCC detection, especially in populations with chronic hepatitis B

virus  (HBV)  infection  or  metabolic  dysfunction-associated  fatty  liver  disease  (MAFLD).

Additionally, AI applications in liver imaging, utilizing deep learning (DL) algorithms such as

convolutional neural networks (CNN), have shown remarkable accuracy in segmenting and

classifying  liver  lesions  on  CT and  MR images.  However,  challenges  remain  in  model

validation, standardization, and reproducibility, with many studies lacking external validation

and consistency in reporting performance metrics. Furthermore, the transition from model

development to real-world implementation poses significant hurdles, highlighting the need

for  a more rigorous and transparent  approach in AI  model  development.  Despite  these

challenges,  AI-driven  models  hold  immense  potential  to  improve  early  detection  and

diagnosis  of  primary liver  cancer,  ultimately  leading to  better  patient  outcomes.  Further

research and collaboration are warranted to address the current limitations and facilitate the

integration of AI into clinical practice for liver cancer management.
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Introduction

Artificial Intelligence (AI) is a discipline that aims at developing computer systems able to

perform  tasks  normally  requiring  human  intelligence  through  iterative  learning.  Its

application in a multiple of settings is increasing constantly and exponentially and medicine

is  deeply  affected  by  this  phenomenon.  AI  is  a  large  term  comprising  many  different

algorithms that can be deeply different in terms of structure, function, and application. The

most common form of AI exploited in medicine is machine learning (ML), a subset of AI that

allows making predictions once the model  is fed and trained with data.  Artificial  neural

networks (ANN) are a subset of ML, whose structure mimics how neurons interact in the

brain signal. ANN are composed by layers of nodes that receive an input and elaborate an

output which is sent to the next layer if the activation threshold value is reached. To furtherly

improve  their  abilities,  ANN have  been  implemented  with  multiple  layers  with  different

specific skills that make a specific neural network more suitable of doing a particular task.

When one ANN is composed of at least 3 layers it is defined as a deep learning (DL) neural

network.

Cancer is one of the leading cause of mortality worldwide, with 19.3 millions new cancer

diagnosis and 10 millions cancer-related deaths in 2020 (1). Among them, liver cancer is a

primary worldwide health issue. It is the seventh most common cancer diagnosed but it is

the second cause of cancer-related death after lung cancer  (1).  Primary liver cancer is

mainly  represented  by  two  different  histotypes:  hepatocellular  carcinoma  (HCC)  and

intrahepatic  cholangiocarcinoma  (ICC),  developing  respectively  from  hepatocytes  and

cholangiocytes  and  responsible  for  about  70%  and  15%  of  all  primary  liver  cancers,

respectively (2). Although many different interventions, procedures, and systemic therapies

exists and new ones are constantly developed to improve liver cancer treatment results,

https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]
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both HCC and ICC are still burdened by elevated mortality (3). This can be partly attributed

to several factors. Liver cancer is often underdiagnosed or diagnosed at a late stage due to

its indolent development and heterogeneity of  clinical  symptoms  (4).  Furthermore, once

liver cancer is diagnosed, it is hard to define a precise prognosis prediction as it is affected

by many variables, from cancer’s and patient’s characteristics to the choice of available and

performable treatments. In case of HCC, expected survival is affected by many variables

including the number of nodules, the size of the tumors, and liver function, and it is reported

to vary from > 5 years in case of single ≤ 2cm lesions to < 3 months in case of any tumor

burden associated with end stage liver function (5). For ICC, survival can also vary from > 5

years in case of limited, intra-hepatic, resectable cancer to a median of 16 months in case

of metastatic disease to the peritoneum; however, only 20-30% of patients have resectable

ICC at the time of diagnosis (6). In this context, there is an increasing interest to develop AI-

applications to improve screening and diagnostic tools to identify liver cancer at an early

stage, to guide the decision making and propose personalized care. 

This  scoping  review  aims  is  to  summarize  the  most  recent  findings  on  AI  applied  to

screening,  diagnosis,  treatment  planning,  treatment  efficacy  assessment,  prognosis

prediction, and follow-up for primary liver cancer. In this first part, we focus on how AI can

contribute to improve screening and diagnosis performances in primary liver cancer.

Screening

Primary liver cancer and especially HCC develops in well-known predisposing conditions.

Independently from the cause, liver cirrhosis with fibrosis and chronic inflammation, is the

principal  favoring  substrate  for  HCC.  However,  it  has  also  been  shown  that  chronic

inflammation secondary to  HBV infection and liver  steatosis  in  the  setting  of  metabolic

disfunction with insulin resistance associated fatty liver disease can favor HCC before the

https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]
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stage of liver cirrhosis is reached  (7). Concerning ICC, chronic hepatitis, cirrhosis, biliary

inflammatory disease, and hepatobiliary flukes are the most important risk factors although,

frequently, none of these conditions is identified when ICC is diagnosed (8).

Screening programs have been developed worldwide for different types of cancers in order

to identify suspect lesions at an early stage in patients with predisposing factors. This is

especially  the  case  of  patients  with  chronic  liver  disease  for  whom  biochemical  and

radiological tests are routinely and regularly performed to early detect liver cancer. 

          Recently, AI models have been used to exploit clinical, biochemical, and radiologic

data to identify liver cancer in asymptomatic patients. These models are essentially based

on different  ML algorithms that  are  trained on pre-existent  datasets  of  patients  with  or

without  liver  cancer  whose  characteristics  are  exploited  to  make  predictive  algorithms.

Table 1 summarizes the main studies that have reported the use of AI-driven models to

perform primary liver cancer screening. 

With the actual obesity epidemics in the Western countries and the associated increase in

the incidence of metabolic dysfunction-associated fatty liver disease (MAFLD) which are

well-known favoring substrates for liver cancer (9,10), Okanoue et al. (11) developed a DL

based  tool  to  precociously  identify  HCC  in  patients  with  MAFLD  at  the  stage  of

steatohepatitis  during  follow-up.  This  model  was  based  on  patients’  age,  sex,  height,

weight, AST, ALT, GGT, triglyceride, cholesterol levels, platelet count, diabetes status, and

IgM-free  apoptosis  inhibitor  of  macrophage level.  The  sensitivity  and specificity  for  the

presented algorithm were 95.2% and 100% respectively.

Another setting where AI algorithms can be useful for early HCC detection is patients with

chronic HBV infection. HBV and HCV infections still represent the most frequent cause of

HCC worldwide  and  in  Eastern  countries  in  particular,  even  though  the  vaccination  is

changing HBV epidemiology in young adults  (12). Many clinical-biochemical models have

https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]
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been developed to predict HCC in both patients with treated and untreated HBV infection

(13), but only a few are based on AI techniques. Lee et al. (14) used a retrospective dataset

of treatment-naïve HBV patients who started Entecavir or Tenofovir and were followed for 5

years for HCC surveillance to build such a model. Different algorithms (Random Forest,

XGBoost,  and  logistic  regression)  were  exploited  and  the  model  was  validated  on  an

external  cohort  of  patients.  The included variables were age,  sex,  cirrhosis,  HBV DNA

levels, ALT levels, total  and serum bilirubin levels, AFP levels, HBeAg positivity, platelet

count,  and INR, and the area under the receiver operator curve was 0.9,  indicating an

excellent  predictive  value.  However,  the  main  limitation  of  this  model  is  that  it  was

developed and validated on Korean patients followed in academic centers, thus possibly

affecting the generalization of the model’s performance on other populations. To overcome

this  limitation,  Kim  et  al.  (15) developed  a  HCC predictive  model  using  the  Gradient-

Boosting Machine algorithm on Korean treatment-naïve HBV patients who started Entecavir

or Tenofovir that was then externally validated firstly on Korean and then on Caucasian

patients from 11 Western institutions. Including 10 parameters (presence of cirrhosis, age,

platelet count, antiviral agent used, sex, ALT levels, baseline serum levels of HBV DNA,

serum levels of albumin and bilirubin, and HBeAg status) in the model, the Authors obtained

a model with a C-index (i.e., a goodness of fit measure to evaluate risk models in survival

analysis) of 0.79 for the Korean population and 0.81 for the Caucasian population, which

was better than the predictive performance of some non-AI developed models validated

and used worldwide (16–18).

Concerning  ICC prediction,  Hu  et  al.  realized  a  model  for  patients  with  primary

sclerosing cholangitis, which is a well-known risk factor for bile ducts cancer  (19). Cox’s

regression, Random Forest, and Gradient-Boosting algorithms were used to produce three

separate predictive models. The variables exploited in the models were the presence and

https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]
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the duration of inflammatory bowel disease (commonly but not perpetually associated with

primary sclerosing cholangitis), the duration of primary sclerosing cholangitis, total bilirubin

and CA19.9 levels, and age. The proposed models showed a C-index of 0.69, 0.68, and

0.71 in predicting ICC at baseline,  2 years,  and 5 years respectively.  Nonetheless,  the

absence of an external validation of the proposed models represents an important limitation

to the actual applicability of the models in clinical practice.

https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]
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Author Country Data Patients (n) Model Setting Outcome
Se
(%)

Sp (%) AUC c-index

Okanoue, 20239 Japan clinical, biochemical 230 DL HCC, NASH 95.2 100
Lee, 202312 Korea clinical, biochemical 2897 ML HCC, HBV 0.872
Kim, 202213 International clinical, biochemical 6051 ML HCC, HBV 0.79/0.81
Hu, 202317 US clinical, biochemical 1459 ML ICC, PSC 0.67

Table 1: characteristics of the studied describing AI-driven models to perform primary liver cancer screening. DL: deep learning; ML:
machine learning; HCC: hepatocellular carcinoma; ICC: intrahepatic cholangiocarcinoma; NASH: non-alcoholic steatohepatitis; HBV:
hepatitis B virus; PSC: primary sclerosing cholangitis; Se: sensitivity; Sp: specificity; AUC: area under the curve.

8
https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Chierici et al

9
https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Chierici et al

Liver cancer diagnosis

The  diagnosis  of  liver  primary  cancer  is  based  on  the  combination  of  different

clinical,  biochemical,  radiological,  and  pathological  features  that  combined  allow  to

correctly detect and classify one or more liver mass(es). Many different instruments based

on AI  have been recently  developed in  order  to  exploit  a different  combination of this

information  to  identify  liver  cancer  with  elevated  accuracy.  Table  2  reports  the

characteristics of the models used to perform primary liver cancer diagnosis based either

on medical images or  pathological and omics data. 

Imaging models

Liver  imaging  has  a  key  role  in  the  detection  of  hepatic  masses  and  their

characterization in order to establish the most adapted workup and treatment. Depending

on the nature of the liver mass, specific findings on a multiphasic CT-scan or MR can be

enough to diagnose liver cancer. In case of HCC, the Liver Imaging Reporting and Data

System (LI-RADS) Management Working Group has defined an algorithm based on fixed

characteristics permitting to discriminate benign and malignant lesions in patients at risk

for HCC  (20) without need for invasive procedures to confirm diagnosis as reported in

international liver cancer management guidelines  (21,22).  However,  it  has been shown

that the sensitivity and specificity of both multiphasic CT-scan and MR is not optimal, and

can be affected by many patients-, lesion-, technical-, and operator-related factors. For

example, a meta-analysis by Chen et al. (23) showed that MR and CT-scan sensitivity is

respectively 77% and 63% and that their specificity is 93% and 94% in patients at risk for

HCC, but that sensitivity decreases to 69% and 60% when considering ≤ 20mm diameter

liver lesions only.

Furthermore,  when  it  comes  to  consider  ICC,  which  is  the  second  most  frequent

intrahepatic  liver  cancer  after  HCC  (24),  a  pathological  evidence  is  still  considered

mandatory although CT-scan and MR have elevated accuracy in identifying this specific

10
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histotype of liver cancer (25).

There are examples of  several  applications of  AI  in  liver  imaging,  exploiting the three

principal  imaging  techniques  routinely  used  for  the  diagnosis  of  liver  cancer:

ultrasonography (US), CT-scan, and MR. We can resume it at five main tasks, alone or

combined,  that  contribute  to  improve  diagnostic  accuracy:  1)  enhancement  of  liver

abnormalities through imaging noise reduction; 2) Segmentation (organ and bounderies

location and definition) of liver lesions, anatomy, and vascular structures; 3) Classification

of  liver  lesions;  4)  Measurement  of  liver  and  tumor  volume;  5)  3-dimensional  (3D)

rendering of the liver and its anatomical  and pathological  structures.  Nowadays, these

assignments are mainly fulfilled through the application of DL, a subset of ML based on

ANN consisting of 3 or more layers, groups of nodes that represent the basic unit of a

network receiving inputs that are elaborated in order to produce an output that will be used

by the following layer.  The most common subtypes of neural  networks adopted in this

setting are convolutional neural  network (CNN), fully convolutional  network (FCN), and

recurrent neural network (RNN). CNN has been specifically developed to analyze image

and audio inputs with a dramatic reduction of computational work and a reduced need for

image enhancement through convolution compared to other non-convolutional algorithms.

When a network is exclusively based on convolution it is called FCN. Finally, a RNN is a

subtype of neural network, in contrast with feedforward neural network, whose layers are

connected  bi-directionally,  so  that  one-layer’s  output  can  be  used  as  an  input  for  a

previous layer in the network, whose output will be elaborated by the following layer in a

circular system. 

One recent example of the power of DL-mediated diagnosis is the one by Midya et al. (26)

based on the utilization of CNN on a dataset of 814 preoperative portal venous phase CT-

scans of  patients  undergoing surgery  for  liver  tumor.  The accuracy of  the  model  was

95.83% for ICC, 93.94% for HCC, and 85.71% for benign lesions compared to the result of

11
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histological  analysis  on surgical  specimens.  Moreover,  when compared to experienced

radiologists  diagnosis,  the  CNN  algorithm seems  to  perform  better  (overall  accuracy:

96.27% vs.  92.55%)  without  being  significantly  demonstrated.  However,  the  described

algorithm  functions  in  a  semiautomated  manner,  needing  for  the  intervention  of  a

radiologist to perform the initial manual pre-processing. Instead, Wang et al. (27) described

a fully-automated CNN-based algorithm focused on CT-scan HCC detection using a large

institutional  and  different  public  datasets  made  of  normal  and  pathologic  (HCC,  ICC,

metastases,  benign  lesions)  images.  Although  this  method  permits  to  avoid  human

intervention, HCC diagnosis overall accuracy resulted to be 81.3%, with a predictive power

that decreased in case of single lesions, lesion’s diameter < 5 cm, low-grade liver fibrosis.

This did not differ from the accuracy (80-84%) of segmentation provided by the radiologists

and used as gold standard for comparison. Similar results are reported by Gao et al. (28)

whose proposed model is based on a CNN and RNN architecture. Tumor segmentation

was performed with 86.2% accuracy and distinction between ICC and HCC was correctly

outlined in 82.9% of cases, better than what was reported for radiologists (70.8%). Far

better  results  in  terms  of  diagnosis  concordance  between  CT-scan  images  and

postoperative  pathology  were  obtained  by  Zhang  et  al.  (29) who  reported  a  96.55%

accuracy for their reverse-CNN algorithm. However, the author described the accuracy of

the  model  to  distinguish  between  different  benign  and  malignant  liver  lesions  but  no

distinction  between ICC and HCC was reported.  High accuracy for  segmentation  and

classification of liver lesions were also reported (30,31). In the study by Othman et al. (30),

the authors developed two models integrating several pre-trained DL models for tumor

segmentation in order to take advantage of the characteristics of the different methods.

The automated CNN model issued was tested on the public image datasets LiTS17 (32)

and IRCADb-01 (33), with a 99.5% accuracy in diagnosing benignant and HCC lesions. In

the  second  study  (31),  the  authors  produced  an  automated  CNN  model  focused  on

12
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analyzing the changes in Hounsfield Unit on liver lesions in the different contrast-enhanced

phasis of a CT-scan. Tumor segmentation process resulted to have 100% accuracy while

tumor classification accuracy was 95.1%. Despite presenting impressive accuracy results,

these methods reliability is affected by the absence of an external validation and by the

lack of information regarding the characteristics of the training and testing dataset used. 

Although most  of  the literature  concerning  AI  algorithms to  segment  and classify  liver

lesions is based on CT-scan images, some authors also focused on US images. A meta-

analysis by Campello et al.  (34) explored the accuracy of AI applied to US to classify

benignant and malignant liver lesions. Overall, sensitivity and specificity of US to identify

malignant liver lesions were 81.7% and 84.8% respectively, while they increased to 87.1%

and  87%  with  contrast-enhanced  US.  Interestingly,  when  the  meta-analysis  focused

exclusively  on  ML  and  DL  applied  to  contrast-enhanced  US,  pooled  sensitivity  and

specificity  increased  to  92.4%  and  88.2%  respectively.  However,  the  only  recent

randomized  controlled  study  analyzing  the  benefit  of  AI  associated  to  US  in  the

surveillance for HCC in patients affected by liver cirrhosis,  chronic HBV infection, or ≥

stage  3  fibrosis,  has  given  less  encouraging  results  (35).  A CNN model  based  on  a

supervised learning method and trained on a dataset of 8510 US images of liver lesions

was  used  by  expert  and  non-expert  radiologist  in  order  to  implement  liver  lesions

diagnosis.  While  AI  significantly  increased  the  lesion  detection  rate  for  non-expert

operators (36.9% vs. 21.4%), no significant difference was found for expert radiologists

(66.7% vs. 66.3%) overall and for HCC specifically (70.5% vs. 70.5%). 

The association of AI and MR, despite the fact that MR is known to perform better than CT-

scan  at  least  for  HCC detection  (36),  has  been  less  explored.  Stollmayer  et  al.  (37)

elaborated  a  CNN  model  to  perform  differential  diagnosis  among  focal  nodular

hyperplasia,  HCC,  and  liver  metastases  from  gadoxetate  disodium-enhanced  arterial,

portal, and hepatobiliary phase 2D and 3D MR images. Combining the different sequences
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https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Chierici et al

in multi-channel images, sensitivity and specificity performance for detecting and correctly

classifying HCC were 80% and 100%, respectively, using the 2D images, which was better

than what was obtained with the correspondent 3D images (75% and 95%, respectively).

Thus, with this research the Author highlighted how exploiting multiple phases of the MR

permits  to  obtain  elevated  accuracy  results  with  2D  images  whose  use  is  less

computational demanding compared to 3D ones. Another example of the good use of the

different  phases of  liver  MR images is  the one reported by Takenaga et  al.  (38).  The

proposed FCN algorithm detects and classifies liver lesions from 5 different MR phases

included in the dataset. Among others benign and malignant lesions, the model permitted

to correctly predict  the presence of a HCC in 27/40 cases, while in the other 13/40 it

mistakenly classified the lesion as a colorectal  liver  metastasis.  No details  concerning

possible images’ or  lesions’ characteristics that  possibly affected the model’s  accuracy

were provided. Liu et al.  (39) also developed a DL algorithm for the diagnosis of intra-

parenchymal liver masses using 2D MR images. In this case, no multiphasic approach

was used; instead, a preprocessing method based on a radiologist manual definition of the

region of interest was adopted in order to permit the algorithm to classify between HCC

and ICC. The reported overall accuracy of this method was 92.26%. 

As diagnosis  is  not  only  based on imaging techniques,  research based on AI  is  also

developing  in  the  direction  of  using  multiple  sources  of  data  to  identify  with  the  best

possible precision cancer, although very few has been published concerning liver cancer

till now. Khan et al. (40) recently made a step in this direction producing a multi-modal DL

network implementing portal-phase CT-scan images and pathological data in order to train

a model capable of recognizing HCC and colorectal liver metastases. For HCC, model’s

precision was 96.47% and 95.23% whether  the patient  had single or  multiple  lesions,

respectively.

Despite the fact that current literature on liver cancer and AI is almost exclusively centered
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on DL methods, other AI methods have been used to improve the diagnostic accuracy of

imaging tests. This is mainly based on the concept of radiomics, a field of quantitative

imaging that  uses imaging features to  describe tumor phenotypes.  An example of  the

application of AI to liver cancer radiomics is represented by the research by Mahmoudi et

al. (41) and Lysdahlgaard (42). In the first case, cluster analysis and different ML models

are applied to a dataset  of  liver CT-scans of  patients with either  HCC or ICC. Before

analysis, an expert radiologist performs manual segmentation of the tumor to focus the

analysis for the research of radiomics features only on the tumor region of interest. The

best results were obtained with a logistic regression model that presented 84.6% precision

in tumor classification. With an equivalent process but selecting radiomics features with

principal component analysis, Lysdahlgaard  (42) reported 100% accuracy in liver cancer

classification between primary liver cancer and healthy liver when using ML models as

support vector machine and logistic regression on 131 portal phase CT-scans. Although

these  examples  show  an  elevated  reliability  of  these  methods  for  the  classification

problem, compared to DL, they often demand a more important manual intervention to

preprocess  the  input  images.  Moreover,  they  cannot  be  used  for  preemptive  tumor

identification and segmentation that remain a completely human-dependent task. Finally, it

is  worth  to  say  that  radiomics  has  some important  intrinsic  limitations  that  can  affect

models’ performances (43): 1) radiomic feature quantification is sensitive to a number of

technical  factors  such  as  modalities,  acquisition  modes,  reconstruction  parameters,

smoothing,  and  segmentation  thresholds;  2)  many  radiomic  features  are  unstable;  3)

images voxel intensity has to be discretized to improve computation, thus modifying the

quantification  of  radiomic  features;  4)  the  same  radiomic  feature  can  be  differently

computed  in  different  studies;  5)  some radiomics  features  depend  on  the  size  fo  the

segmentation which  may affect  the quantification and generate  heterogeneity  between

different size lesions.

15
https://preprints.jmir.org/preprint/57617 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Chierici et al

Ultimately, a totally different application of AI in liver imaging for cancer diagnosis is

described by Bae et al (44) and Cao et al. (45). Through DL models, the Authors obtained

a  significantly  reduced  liver  image  noise  in  low  radiation  dose  images  compared  to

standard dose ones without affecting images’ quality and clinical usability. These results

show the important benefits of AI on the possibility to reduce patients’ radiation exposure

which could be extremely advantageous for those patients requiring repeated exams for

cancer screening.

Pathological and omics models

The advances  in  biomedical  science  of  the  last  decades  have  highlighted  how

cancer  occurrence  is  the  combination  not  only  of  genes  modifications,  but  also  of

posttranslational  and  epigenetics  protein  modifications  and  the  consequent  metabolic

changes involved. The relative biomedical sciences genomic, proteomic, and metabolomic

are reunited in the wider term omics. Several studies have highlighted the interest of AI to

analyze  omics  data  and  identify  patterns  that  can  be  useful  for  cancer  diagnosis,

prognosis, and treatment (46).

Pathological images can be digitalized and used as an input to train AI models to build

tools capable of identifying liver cancer. Dievernich et al. (47), for example, used digitalized

sections stained with hemaotxylin and eosin or with immunofluorescence to train a feed

forward neural network and a CNN to identify HCC area on sections. The characteristics

used  as  input  for  the  CNN  model  were  the  marker  expression  pattern  from

immunofluorescence, the cell densities, the area of the cell nuclei, and the lengths of the

minor and major axes of the nuclei. This model showed 75% accuracy with low sensitivity

(62%) and elevated specificity  (87%).  Similarly,  Diao et  al.  (48) used hematoxylin and

eosin stained whole-slide images with  non-tumoral/tumoral  annotations to  feed a CNN

capable to automatically identify HCC area. Dice’s coefficient , which is a spatial overlap

index and reproducibility validation metric, was 0.861 for this model, which was greater
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than the classification manually made by a junior and an intermediate pathologist,  and

slightly  inferior  to  the  one  performed  by  a  senior  pathologist.  However,  one  tile’s

classification took an average of 7 seconds for the model compared to 10 minutes for the

pathologists,  thus  permitting  an  important  gain  in  time.  The  same  objective  was  also

pursued by Aatresh et al. (49) whose proposed CNN called LiverNet is intended not only to

identify HCC on hematoxylin and eosin stained slides, but also to classify it in subtypes

following the Edmondson and Steiner classification which predict recurrence and survival

rate (50). Trained and tested on two public liver pathologic datasets, the proposed model

showed 91%  and 97% accuracy depending on the dataset used for test. However, as

declared by the authors, the datasets exploited are restricted in size and variance which

can  affect  the  performance  of  the  model  in  a  clinical  situation  with  increased  tumor-

characteristics variance. 

While  the  previous research  focused on cells  features  alone or  combined with  omics

characteristics,  Zhang  et  al.  (51) exclusively  recurred  to  RNA-sequencing,  DNA

methylation, and copy number variation data to build a patient similarity network in order to

identify omics patterns associated to liver cancer. Then, after pre-processing, these data

are used as input of a graph convolutional network, a variety of CNN that can be fed with

data represented as graphs,  that classic CNN cannot handle.  The graph convolutional

network  finally  classifies  patients  as  having  or  not  liver  cancer.  The  proposed  model

performance was compared on the same dataset to other similar networks produced to

identify other cancers based on omics data and to some ML algorithms resulting to be

superior with an accuracy of 98.57%. This result with multi-omics data was also superior

compared to the same model applied to single omics features. Another highly performing

model based, in this case, only on genomics features has been realized by Cheng et al.

(52) using ML. Seven hundred and forty-two genetic pathways were used to establish a

diagnostic model for HCC. The area under the curve of the model was 0.987 and 0.992 in
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the internal and external validation, respectively. The algorithm also allowed to identify 12

genes differentially expressed between HCC and non-cancer tissue related to prognosis

whose analysis results are reported in the related section.

Regarding ICC, less literature is available on this subject. One of the most challenging

issues  in  ICC  diagnosis  is  to  discern  it  from  colorectal  metastases.  For  this  reason,

Albrecht et al.  (53) developed a CNN model fed with hematoxylin and eosin whole-slide

images of patients with either ICC or colorectal metastases. The model was initially trained

and tested on a  clinical  dataset  of  456 patients and then externally  validated on 159

patients from another institution. The authors reported impressive model accuracy values

(96.5% and 98,9% at the internal  and external  validation respectively) enriched by the

adjunct  value  of  the  external  validation  and the  comparison of  the  model  to  6  expert

pathologists whose accuracy was surpassed.
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Author Country Data Patients (n) Model Setting Outcome

Se (%) Sp
(%)

Accuracy (%) AUC DSC F1

Imaging models

Midya, 202324 USA CT-scan, portal 814 CNN, semiautomatic Liver nodules 96 98 96.3
Wang, 202125 China CT-scan, triphasic 7512 CNN, automatic Liver nodules (HCC) 89.4 74 81.3 0.883
Gao, 202126 China CT-scan, multiphasic 723 CNN, RNN HCC, ICC, CRLM 82.9
Zhang, 202227 China CT-scan, delayed 58 CNN, automatic Liver nodules (PLC) 96.5
Othman, 202228 Saudi Arabia CT-scan, multiphasic 150 CNN, automatic Liver nodules (HCC) 99.5 0.561
Phan, 202229 Vietnam CT-scan, multiphasic 2000 CNN, automatic Liver nodules (HCC) 95.1
Campello, 202332 Brazil CEUS - ML, DL Liver nodules (HCC) 87.1 87
Tiyarattanachai, 202333 Thailand US 504 CNN HCC 70.5
Stollmayer, 202135 Hungary MR, multiphasic 69 CNN FNH, HCC, Met 100 89
Takenaga, 202136 Japan MR, multiphasic 184 FCN Liver nodules (HCC) 67.5
Liu, 202337 China MR, T2WI 112 SFFNet HCC, ICC 92.3 0.968
Khan, 202338 Canada CT-scan, portal/pathology 68 CNN, automatic HCC, Met 96.8 97.8 0.966
Mahmoudi, 202339 Germany CT-scan radiomics/clinical 94 ML HCC, ICC 0.819 0.786
Lysdahlgaard, 202240 Denmark CT-scan radiomics 131 ML PLC 100 100 100

Pathological and omics models

Dievernich, 202345 Germany Pathology, clinical 12 CNN, automatic HCC 62 87 75
Diao, 202146 China Pathology 100 CNN, semiautomatic HCC 0.861
Aatresh, 202147 India Pathology - CNN, automatic HCC 91-97
Zhang, 202249 China Omics 1613 CNN, automatic HCC 98.6 0.986 0.986
Cheng, 202250 China Omics - ML HCC 84.9 86.8 0.992 0.918
Albrecht, 202351 Germany Omics 615 CNN, automatic ICC, Met 98.9

Table  2:  Characteristics  of  the  studied  describing  AI-driven  models  to  perform  primary  liver  cancer  diagnosis.  CT:  computed
tomography; MR: magnetic resonance; CEUS: contrast-enhanced ultrasonography; DL: deep learning; ML: machine learning; CNN:
convolutional neural network; RNN: recurrent neural network; FCN: fully convolutional network; SFFNet: spatial field fusion network;
HCC: hepatocellular carcinoma; ICC: intrahepatic cholangiocarcinoma; PLC: primary liver cancer; CRLM: colorectal liver metastases;
Met:  liver  metastases;  FNH:  focal  nodular  hyperplasia;  Se:  sensitivity;  Sp:  specificity;  AUC:  area under  the  curve;  DSC:  Dice’s
coefficient.
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Conclusion

AI-driven  models,  from  ML  to  DL,  represent  one  major  subject  of  research

development in many medical fields at the moment. The applications of AI in the setting of

primary liver  cancer  are multiple  and authors are constantly developing tools that  can

assist or even substitute clinicians in their daily practice. The results reported concerning

models’ performance are impressive and it is hard to imagine that future clinical practice

could not rely on this technology.

However, this review also highlights many limitations that need to be overcome. 

First, there is still a gap between model development and real-life implementation. Many

publications  on AI  and liver  cancer  simply  focus  on  the  performance  of  AI  models  in

executing tasks (i.e.: liver and tumor segmentation) but applicability and clinical benefits

need to be evaluated. For example, this issue becomes manifest in screening models that

are developed on a selected cohort of patients with excellent performance, but that can

lack of accuracy and reproducibility when applied to different populations.

Conversely, in other situations such as the development of models based on imaging data

to  discern  from  benign  and  malignant  liver  lesions,  the  inclusion  of  an  excessively

heterogeneous population affects model applicability. Diagnostic imaging of patients with

different grade and causes of chronic liver disease are very different and training a model

on these populations can reduce performances when focusing only  on  a subgroup of

patients. Bias related to patients selection and inclusion are quite common in AI-models for

screening and diagnosis (54).

Secondly, most of the models’ performance characteristics are reported without a

complete validation. One of the commonest weaknesses identified is the absence of an

external validation, which permits to overcome bias associated to patients’ selection and

practice standardization. Furthermore, to assess one’s model superiority, authors tend to

compare  their  proposed model’s  performance to  other  published algorithms that  were
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initially  developed  for  other  settings  (i.e.:  different  type  of  cancer,  patients  with  other

characteristics) and that frequently did not undergo correct validation in turn.

Thirdly,  with  this  review  we  pointed  out  the  absence  of  consensus  on  how  models’

performance should be reported. Different research with similar aims tend to use plenty of

different  performance  measures  to  describe  their  model,  thus  making  it  impossible  to

simply compare their capacities (55). Moreover, many models present wide discrepancies

between  sensitivity  and  specificity,  when  reported.  The  different  role  of  these  two

measures is of primary importance and their relevance changes depending on the aim of

the proposed tool (i.e.:  elevated sensitivity is auspicable for screening tests while high

specificity distinguish accured diagnostic tests) and this is rarely discussed when models’

performance is presented.

Finally, it is rare to find research outlining a full and detailed model development process

from  patients’  selection  and  algorithm  choice  and  application  to  final  validation  and

practical implementation. When the report focuses on model development frequently few

or no detail is given on how it can be used in daily practice; on the other hand, when it

points on implementation, little information is given on how the model was produced. This

makes this research non-reproducible and slow further developments.

AI-driven models will surely become the basis of the management of liver cancer

but a more rigorous model development practice is needed to achieve this objective.
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