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Abstract

Introduction: Hepatocellular Carcinoma (HCC) is the most common type of liver cancer, compromising about 75% of all
liver cancers. The advancement in artificial intelligence (Al) has paved the way in the field of liver cancers to help clinicians
with early diagnosis, treatment guidance and surveillance for HCC. The aim of this review was to summarize different
Al-assisted methods that could be used in the diagnosis, treatment, and surveillance of HCC throughout the literature.
Methods: PubMed and MEDLINE OVID databases were searched for primary studies involving Al and HCC published
from 2012 to February 2022. Data was obtained, including study characteristics and outcome measures: accuracy, area under
curve (AUC), specificity, sensitivity, and errors. A narrative synthesis was used to summarize the findings.

Results: The systematic search produced 340 studies, of which 36 met the pre-determined eligibility criteria. The studies
were published between 2012 to 2020. All the studies with their respective Al models/algorithms were described and
summarized in the tables according to their role in the diagnosis, treatment, or surveillance of HCC. All the studies included
used different Al algorithms, out of which, most were used for diagnostic purposes (44%), followed by treatment prediction
(38%) and then surveillance of HCC (18%). Among studies, 38% reported their results as AUC, 33% of the studies reported
accuracy, 19% reported sensitivity and specificity, 4% reported concordance indices (C-indices), 3% reported the mean errors
and 2% reported AUROC values for respective Al models used. The accuracy of the diagnostic, treatment and surveillance
tools range from 40% to 99%, 50% to 90% and 70% to 95% respectively.

Conclusion: Many Al models are available that show promising results for the different applications in diagnosis, treatment,
and surveillance of HCC. However, the demand for the generalization of these results remains. Future research should focus
on improving the results and accuracy of these algorithms used for HCC to reduce the risks in complicated procedures.

Keywords: hepatocellular carcinoma; artificial intelligence; diagnosis; treatment; surveillance

Introduction

Liver cancer was the third most common cause of
cancer death worldwide in 2020. Hepatocellular carcinoma
(HCC) is the most common primary tumour of the liver,
comprising 75-85% of liver cancer cases. HCC occurs
when the cells of the liver, known as hepatocytes, begin to
behave abnormally and become cancerous [1]. The most
common risk factors for HCC are chronic infection with
hepatitis B virus (HBV) or hepatitis C virus (HCV), a
history of smoking, heavy alcohol intake, and obesity.
Although HCC patients do not experience symptoms, most
people have an underlying chronic liver disease, which
causes cirrhosis of the liver leading to the development of
HCC [2]. The liver is the largest and the most complex
organ in the human body, which stresses the importance of
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caution with its treatment. Since HCC does not cause
symptoms early in the disease, getting a prompt diagnosis is
difficult [3]. Current methods of identifying liver cancer
include imaging from CT or MRI scans or performing a
biopsy. The best treatment options for liver cancer are
either surgical resection or a liver transplant [4].

Artificial Intelligence (Al) is gaining traction in cancer
management because of several recent advances. According
to research, Al exhibited a better accuracy in identifying
cancer from endoscopic images, when compared to experts.
Some examples of Al applications in clinical settings
include image interpretation using Whole Slide Images
(WSI) [5], surgical interventions [6], drug discovery [6],
surgical skills training and assessment [7], hospital-wide
data analysis [8], and personalized treatment [9]. In gastric
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cancer, for instance, reviews focused on Al-assisted
endoscopy, particularly used for identifying the disease in
its earliest stages. Al-assisted methods are also greatly
implemented in the early detection, treatment guidance, and
prognosis prediction for liver cancer.

Al models and techniques have been proved to be
particularly important for liver cancer treatment and
prognosis. 3D visualization, virtual reality, and Whole Slide
Images (WSI) are being used for the diagnosis of cancer
and identifying proper recipient-donor matches in liver
transplant  surgeries.  Additionally, Artificial neural
networks (ANNSs) models have been developed to improve
the predictability of progression-free survival in HCC
during clinical practice. This review article summarizes the
key Al models capable of improving accuracy, sensitivity
and precision or providing increased safety and ease in
procedures currently used for liver cancer. No
comprehensive review article exists that discusses these
three aspects of liver cancer. As such this review will
provide a comprehensive outline of the diagnosis,
treatment, and surveillance of HCC as well as potential
limitations and future directions of Al-assisted methods
implemented.
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Methods

We conducted a systematic literature search from
February 20th, 2012, to February 20th, 2020, using the
PubMed, and MEDLINE OVID databases. The terms
“artificial intelligence”, “liver”, and “cancer”, including
synonyms or equivalent terms, were used in certain
combinations to obtain the relevant literature. The full search
strategy can be found in Tables Al and A2 in Supplemental
Appendix A.

Article screening was conducted independently and in
duplicate by two reviewers using the Covidence software
[10]. Duplicates were excluded by reference manager
software using Covidence. Databases were searched using
the terms ‘liver or hepatopancreatobiliary or live* or
hepatic or hepat*’, ‘liver* and (cancer* or tumo?r* or
malignan® or carcinoma)’, ‘machine learning [MeSH] and
‘neural networks (computer)’. The manual inclusion
criteria also included ‘primary study (cohort, case-control,
case series, or RCT)’, ‘18+-year-old population’ and
‘population size of 5 patients. The manual exclusion criteria
included ‘non-English language’, ‘review articles, thesis,
conference abstracts, commentaries’, ‘no  full-text
availability’, and ‘publication older than 10 years.

Duplicates removed by

(n=199)

Papers excluded

Wrang patient population (n=7)
Wrang study design (n=4)

Mot primary studies (3)

Mot in English (n=1)

Figure 1. PRISMA diagram of research papers from identification to inclusion created using Covidence

The quality of each article was independently assessed
by two reviewers. The studies were assessed according to
Methodological Index for
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Non-Randomized Studies

(MINORS) [11], consisting of 12 questions for both
comparative and non-comparative studies. The studies
evaluated for risk of bias. The quality of reporting was
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assessed according to the MINORS statement with 0
representing ‘not reported’, 1 representing ‘reported but
inadequate’ and 2 representing ‘reported and adequate’.
Disagreement between the two reviewers in quality
assessment was resolved by discussions concluding in
consensus.

Results

The screening and inclusion process is outlined in
Figure 1. The database searches yielded 341 studies, of
which 215 were eliminated from the title and abstract
screening. A total of 126 full-text papers were evaluated,
and 36 met the eligibility requirements. These studies were
then assessed using MINORS criteria [11] and were ranked
out of 2 based on the information provided (Table A3 in
Supplemental Appendix A). We found that all the studies
reported a clear aim, the inclusion of consecutive patients,
prospective collection of data and had endpoints
appropriate to the aim of the study. However, only 5 studies
reported unbiased assessment including double-blinded
evaluation [13,24-26,32]. Similarly, only the studies using

Al for Diagnosis of HCC

Al for surveillance of HCC reported an appropriate follow-
up period with loss to follow less than 5% [41-45]. There
was only one comparative study which included a control
non-cancerous group [15].

Among the selected studies, we found that the mean
age of patients across the studies was 56 years, with the
study size ranging between 16 [12] and 7512 [13] subjects
with HCC. Many of the studies (n=24, 67%) used either
Computed Tomography (CT) or Magnetic Resonance
Imaging (MRI) scans as the basis of their algorithm
development [12-14,16,17,19-25,28-31,33-35,39,40,42-44].
A modest number of images (100 to 1000) were used for
these studies, except for Kim et. al., 2020, which used
54900 MRI images from 549 patients for classifying HCC
[14]. Among the studies, 42% of studies were conducted in
the United States, 22% in Germany, 22% in England, 8% in
Ireland, 3% in the Netherlands and 3% in Switzerland.
While Al tools showed accurate results for HCC (Table 1,
2, 3), larger study sizes may be incorporated for better
generalization of the results.

Table 1. Studies using different artificial intelligence techniques for the diagnosis of hepatocellular carcinoma

Reference Al Tool Used Study Size Techniques Studied Results Aim of the Study
Aatresh et. Liver net 141 slides Hematoxylin and 90.93% accuracy Automatic
al., 2021 [15] Eosin (H and E) diagnosis of sub-
stained liver types of HCC
histopathology images
Bousabarah DCNN 175 patients MRI images 75% accuracy with | Segment the liver
et. al.,2021 with 231 false positive of and HCC
[16] lesions 2.80 per patient automatically
Kim et. al., DL based 1350 CT scans 84.4% sensitivity Detection of
2021 [17] algorithm Multiphase CT with 4.80 per CT primary hepatic
scans from scan false positives | malignancies
1320 patients
Kim et. al., Fully automated | 54900 images | MRI images AUC of 0.97 Detects and
2020 [14] deep learning from 549 94% sensitivity and | classifies HCCs in
model using patients 99% specificity for | gadoxetic acid
fine-tuned CNN test data enhanced MRI
Leet. al., 3D Fast 25 tumors MR images Mean percentage Decreased time for
2016 [12] Marching from 16 volume error of liver tumor
Algorithm and patients 15.74% and mean segmentation
SLFN volumetric overlap
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Reference Al Tool Used Study Size Techniques Studied Results Aim of the Study
error of 27.43%
Liao et. al., Fully Automated | 1733 images Histopathological 98.8% accuracy Distinguish HCC
2020 [17] Pipeline based Slides from normal tissue
on Machine and prognosis of
learning HCC patients after
surgical resection
Song et. al., DL model 601 patients DCE-MRI AUC 0f 0.92 Non-invasive
2021 [18] approach to
evaluate MVI
before surgery
Thomaz et. Mahalanobis MDCT exams | MDCT exams AUC of 0.84 Classifying early
al., 2018 [19] | function
Vivanti et. al., | Baseline Scan 222 tumors Follow-up CT scan Average overlap Accurate tumor
2018 [20] tumor from 31 error of 17% and tracking and failure
delineation patients robustness of 100% | detection in CT
Wang et. al., NoduleNet and 7512 patients | CT scans Average AUROC of | Al system achieved
2021 [12] HCCNet 0.88 high performance
in detection of
Yamada et. TL using CNN 215 patients CT scans Average diagnostic | Reduced
al., 2019 [22] | and three phasic performance was misregistration of
DCE-CT 43.5% multiphasic images
and with DCE-CT,
it had comparable
results to
abdominal
radiologists
Yang et. al., Mask- R-CNN 10130 images | CT scans AUC of 0.95 with Help radiologists to
2021 [23] with 11,258 Dice coefficient of | identify abnormal
regions of 0.80 CT liver density
interest (ROIs)
Yang et. al., DNN 108 patients CT images Reproducibility Increases
2021 [24] features increased to | reproducibility of

90% for tumor ring
region

CT images features
in liver cancer
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Reference Al Tool Used Study Size Techniques Studied Results Aim of the Study
Yang et. al., MCF-3DCNN 55 HCCs from | DCE-MR Average accuracy of | Promising
2019 [25] 42 patients 0.74 for technology for
differentiating evaluating HCC
pathologic grade of | grade
HCC and accuracy
of 0.96 for
discriminating HCC
from others
Zhen et. al., ModelA-Model | 31,608 images | Just images AUC 0of 0.95 Accurate and time
2020 [26] G from 1210 saving assisted
patients diagnostic strategy
Zhou et. al, CNN 100 patients DWI Accuracy of 80% HCC grading
2019 [27]

Abbreviations: HCC- Hepatocellular Carcinoma; DCNN- Deep Convolutional Neural Network; DL- Deep Learning; MRI-
Magnetic Resonance Imaging; CT- Computed Tomography; SLFN- Single Hidden Layer Feedforward Neural Network;
MDCT- Multidetector CT; AUC- Area under curve; TL- Transfer Learning; CNN- Convolutional Neural Network; DCE-CT-
Dynamic Contrast-Enhanced Computed Tomography; Mask-R-CNN- Mask Region-based Convolutional Neural Network;
MCF-3DCNN- Multichannel Fusion three-dimensional Convolutional Neural Network; DCE-MR-Dynamic Contrast-
Enhanced Magnetic Resonance Imaging; MVI- Microvascular Invasion; DNN- Deep Neural Network; DWI- Diffusion-

Weighted Images

As seen in Table 1, 16 studies (44%) were extracted
that focused on different Al tools used for the diagnostic
purposes of HCC or liver tumors. Many of the studies
(n=12, 33%) used CT or MRI scans as the foundation of
their technique and developed an Al algorithm to improve
various characteristics of the images acquired [12-
14,16,17,20-25]. Among the studies, the Fully Automated
Pipeline based on Machine learning had the highest

Al for Treatment Response Prediction

accuracy of 98.8% for differentiating HCC from normal
tissue [18]). Al tools such as Convolutional Neural
Network (CNN) [26], Multichannel Fusion three-
dimensional Convolutional Neural Network (MCF-
3DCNN) [25], NoduleNet and HCCNet [13], were used for
grading, classification and detection of HCC also showed
an accuracy range between 73% - 90% (Table 1).

Table 2. Studies using different artificial intelligence techniques for the treatment or prediction of responses to different

treatments of hepatocellular carcinoma

Reference Al Tool Used Study Techniques Results Aim of the Study
Size Studied
Abajian et. al., | Logistic 36 patients [ MR imaging Accuracy of 78% Predicting trans arterial
2018 [28] regression (LR) with a specificity of | chemoembolization
and Random 82.1% and outcomes in HCC
Forest (RF) sensitivity of 62.5% | patients
models
Guet. al., 2021 | MS-Densenet 455 CT images AUC of 0.80 HCC histological grade
[29] patients
Liu et. al., 2021 | CT radiomics 185 1351 radiomic Average AUC of Predictive value for MVI
[30] patients features extracted | 0.73 in solitary HCC < 5cm
Liu et. al., 2021 | ResNet-18 309 CT images AUC of 0.84 Estimating MVI

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10
DOI Link: https://doi.org/10.26685/urncst.371

Page 5 of 13



https://www.urncst.com/
https://doi.org/10.26685/urncst.371

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

and specificity of
79% on training set

Reference Al Tool Used Study Techniques Results Aim of the Study
Size Studied
[31] patients
Liu et. al. 2020 | DL radiomics 130 Ultrasound AUC with CEUS Accurate and
[32] based CEUS patients examination was 0.93 and with personalized prediction
model (CEUS -B-mode) B-mode was 0.81 of response of HCC to
first TACE
Liet. al.,, 2022 | DCNN 1116 Preoperative AUC of 0.93 for Preoperative prediction
[33] patients CECT and curative | DCNN of MVI in HCC
hepatectomy
Mao et. al., CECT based 297 Multiphasic 0.53 Accuracy, 0.65 | Preoperative prediction
2020 [34] radiomics patients dynamic CECT sensitivity and 0.46 | of pathological grades of
specificity HCC
Peng et. al., Residual CNN 789 CECT images 84.3% accuracy Predicting response of
2020 [35] patients TACE therapy
Ren et. al., Ultrasonics 193 Ultrasound images | AUC of 0.80 on test | Non-invasive
2021 [36] patients set preoperative prediction
of pathological grading
of HCC
Saillard et.al., SCHMADER 522 WSI C indices of 0.78 Prediction of survival
2020 [37] and CHOWDER | patients and 0.75 for after curative resection
SCHMOWDER and | or ablation of HCC
CHOWDER
respectively
Wang et. al., CNN 97 Diffusion weight AUC of 0.79 with MV prediction
2021 [13] subjects imaging (DWI) ADC
with 100 and apparent
HCCS diffusion
coefficient (ADC)
Wei et. al., Registration 52 patients | 1035 clinical Average registration | Improve robustness and
2021 [38] Pipeline images errors of 11.6° and registration of
4.7 mm intraoperative patient
registration
Zhang et. al., Support vector 88 patients | CT scans Mean regeneration Predicting liver
2021 [39] machine with 90 index was 142.99 regeneration rate after
recursive method | HCCs with accuracy of liver hepatectomy after
and Naive Bayes 0.844 in test group HCC
Classifier
Zhang et. al., Fusion Model 237 MRI Images AUC of 0.81, MVI in HCC
2021 [40] patients sensitivity of 69%

Abbreviations: Al- Artificial Intelligence; HCC; Hepatocellular Carcinoma; MVI- Microvascular Invasion; DL- Deep
Learning; MRI- Magnetic Resonance Imaging; CT- Computed Tomography; CEUS- Contrast Enhanced Ultrasound; AUC-
Area under curve; TACE-Transarterial Chemoembolization; DCNN- Deep convolutional neural network; CECT- Contrast
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Enhanced Computed Tomography; MS-Densenet- Multiscale 2D dense connected convolutional neural network; WSI- Whole

Slide Images; CNN- Convolutional Neural Network.

Fourteen (39%) studies focused on different Al tools to
aid in the prediction of responses to various treatments
used for HCC (Table 2). Further analysis revealed that 5
(36%) studies were based on CT or MRI images
[28,29,31,39,40]. However, studies using Ultrasonics [36]
and DL radiomics based on Contrast-Enhanced
Ultrasound (CEUS) [32] were based on Ultrasound
images. Although all studies showed different Al models,
3 (21%) studies used CNN, Residual CNN and Deep
Convolutional Network (DCNN) that were based on a
common algorithm of CNN [13,33,35]. The fusion model,

Al for Surveillance of HCC

CNN and DCNN mainly helped to predict the post-
operative microvascular invasion of HCC with an AUC of
0.81, 0.79 and 0.92, respectively [13,35,40]. On the other
hand, the DL radiomics-based CEUS model and Residual
CNN  predicted the response to transarterial
chemoembolization treatment for HCC with an AUC of
0.93 and accuracy of 84.3%, respectively [32,33]. The
survival rate after curative resection or ablation was also
predicted using SCHMOWDER and CHOWDER models
with C indices of 0.78 and 0.75, respectively [37].

Table 3. Studies using different artificial intelligence techniques for the treatment or prediction of responses to different

treatments of hepatocellular carcinoma

Reference Al Tool Used Study Size | Techniques Results Aim of the Study
Studies

Bai et. al., 3D CEUS 60 patients | Examination 91.1 % sensitivity | RFA - radiofrequency

2021 [41] method ablation, sensitivity to
postoperative recurrence

Guo et. al., LASSO Cox 133 CT images Average C index Prediction of HCC

201 [42] Regression patients of 0.79 recurrence after liver

Model transplantation
Jiet. al.,, 2019 | Three feature 470 CECT images C index of 0.63 - Individual recurrence risk
[43] radiomics patients 0.70 of HCC
signature

Mai et. al., ANN 903 CT or MRI images | AUC of 0.73 Postoperative monitoring

2021 [44] patients without macroscopic
vascular invasion

Saito et. al., SVM 158 H and E stain Accuracy of Prediction of recurrence of

2021 [45] patients images 89.9% HCC

Yamashitaet. | HCC SurvNet 128222 H and E-stained Average Provide recurrence risk

al., 2021 [22] tiles from digital whole slide | concordance scores to help improve the

36 WSI images indices of 0.70 prognosis for the patients

undergoing surgical
resection or HCC

Al- Artificial Intelligence; HCC; Hepatocellular Carcinoma; CEUS- Contrast Enhanced Ultrasound; LASSO- Least Absolute
shrinkage and selection operator; ANN- Artificial Neural Network; MRI- Magnetic Resonance Imaging; CT- Computed
Tomography; CECT- Contrast Enhanced Computed Tomography; SVM- Support Vector Machine

The full-text analysis revealed 6 studies (17%) that
focused on the surveillance of post-operative recurrence of
HCC (Table 3). While 3 studies (50%) were based on CT
scans [42-44], 2 (33%) studies [21,44] focused on
Hematoxylin and Eosin-stained imaging for surveillance.
3D CEUS [41] had the highest accuracy of 96.2 percent in
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predicting  radiofrequency  ablation  post-operative
recurrence of HCC, while SVM (Support Vector Machine)
had the second-highest accuracy of 89.9 percent [45]. Post-
operative monitoring without macrovascular invasion was
also predicted by the Artificial Neural Network (ANN),
with an AUC of 0.733 [43].

Page 7 of 13


https://www.urncst.com/
https://doi.org/10.26685/urncst.371

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

Discussion

This systematic review summarizes the different Al
models and algorithms which can be used for the diagnosis,
treatment, and surveillance of HCC. The 36 studies
included in this article provide insight into the accuracy and
the aim of different algorithms used. Among the extracted
studies, 16 (44%) studies were focused on the Al
algorithms such as CNN, DCNN and Fully automated
pipelines based on machine learning that helped in the
diagnosis by grading, classification and detection of HCC
based on CT or MRI imaging. Similarly, 14 (39%) studies
focused on predicting the response to different treatments
for the HCC including transarterial chemoembolization
(TACE) therapy, tumour ablation and microvascular
invasion (MVI) of HCC using Residual CNN and DL
radiomics-based CEUS. The rest of the studies aimed to
provide insight into the Al tools such as HCC SurvNet,
ANN, and 3D-CEUS for the surveillance of post-operative
recurrence of HCC. Larger study sizes account for greater
generalizability, while a higher accuracy represents
confidence in Al model techniques. Both characteristics
were found to be important when analysing extracted
studies; 5 studies were selected that best aligned with these
parameters.

A recent systematic review examined the use of Al in
the diagnosis and treatment of HCC [46]. In comparison to
our review, Pérez & Grande (2020) detailed the capabilities
of Al in current diagnosis and treatment procedures [46].
Their study discussed the incorporation of abdominal
ultrasounds, MRI, PET, histology, and CT scans with IV
contrast for the diagnosis mechanisms of HCC. The
treatment techniques included radiomics, surgical resection,
arterial chemoembolization, and radiofrequency ablation.
However, unlike this study, which offers insights on all the
Al tools available for the diagnosis, surveillance, and
therapy of HCC, their analysis was restricted to the
application of the listed Al techniques. Common findings
included the use of CT and MRI scans for the development
of CNN, DL and ML algorithms with AUC range of 67% -
97% for the interpretation and analysis of resulting images.
These algorithms are currently being used in the medical
field because they are cost-effective and time efficient
compared to traditional medical practices. Although Al
techniques reviewed in this study show great capabilities
for the diagnosis and prognosis of HCC, there is a need for
improvement before integrating them into the medical field.

Among diagnostic studies, Liao et. al., 2020 [18]
achieved the highest accuracy of 98.8% by developing a
fully automated pipeline based on machine learning. Their
findings suggest that ML models built upon image features
can be used to assist clinicians in HCC diagnosis by
distinguishing it from the normal tissue and predicting
prognosis after surgical resection. However, the study
analysed only 1733 images based on histopathological
slides, which debates the generalizability of the results. A
similar contrast between the study size and accuracy results
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has been found in another study involved in the surveillance
of HCC. Mai et. al., 2021 [43] developed an ANN model to
predict post-hepatectomy early recurrence (PHER) of HCC
in people treated with liver resection, using a study size of
903 patients. They conducted a multivariable analysis to
identify characteristics associated with PHER and used the
criteria for their ANN model development. Their Al had
greater discriminatory abilities than pre-existing recurrence
models. This development can have a large impact on the
efficiency of healthcare by improving PHER surveillance.
However, this study achieved an AUC of 0.73. Due to the
non-generalizability of the results from both studies, these
Al technologies need to be improved along with larger
study sizes to allow for their scope in the medical field. In
contrast, Li et. al., 2022 [32] had both characteristics of
large study size and high AUC. The study developed a
DCNN model to predict perioperative MVI in HCC and
used a CECT to assess clinical outcomes. With a study size
of 1116 patients, the DCNN model acquired an AUC of
0.93 alone, while a radiology and DCNN combined model
had an AUC of 0.94 in the training cohort. This
combination approach proposes potential avenues of
medical treatment concerning MVI detection of HCC
before liver surgery. This Al technology provides a future
scope of expansion in the medical field.

Despite AIl’s great capabilities discussed in this article,
the question of its performance quality when compared
with physicians still remains. To investigate this, Niikura et
al. [47] performed a primary study to test expert diagnosis
against Al-assisted diagnosis of gastric cancer. In the study,
expert endoscopists and Al were both assigned upper
gastrointestinal endoscopic images and asked to identify
gastric cancer within 500 subjects, 100 of which had
cancer. The CNN Al was able to detect cancer in 49 of the
49 subjects (100%), while the experts were able to detect
cancer in 48 of the 51 subjects (94.12%). In addition, the Al
per-image rate of cancer diagnosis was 13.3% higher than
the expert group. The study results suggest that Al has a
greater advantage in diagnosing gastric cancer than experts;
however, the study only evaluated two experts, impacting
the generalizability of the data. Although the proposed
question is still unanswered, the study offers an opportunity
to further test the capabilities of Al compared to physicians.

This review had several strengths, including an
evidence-based systematic search through two databases
and multiple screeners, which reduced the potential of
single reviewer bias. Additionally, the broad eligibility
criteria allowed for a variety of studies to be reviewed and
included, thus the study is generalizable. However, there
were limitations to this study. Firstly, the review was
limited to English, introducing language bias. Furthermore,
this study only focused on HCC in adult populations and
excluded articles detailing other liver tumours and
metastases commonly related to liver cancers. As such,
results may not be generalizable to other liver conditions
and may not be suitable for the diagnosis, management, or
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surveillance of other diseases. In conjugation with the
review, we believe that future studies may choose to focus
on the Al classification of other liver lesions. Additional
areas of interest may be the detection of HCC in a
paediatric population, research on the prognosis and
treatment of HCC using Al techniques in cirrhotic vs non-
cirrhotic patients, as well as the differentiation of primary
and metastatic liver lesions.

In recent years, the development in computational
methods has offered promising possibilities for accurate
diagnosis and prognosis of hepatocellular carcinoma. Al
technologies such as WSI, machine learning and deep
learning have shown application in clinical cancer research.
Studies reviewed in this article highlight the numerous
achievements Al technologies have made in cancer
research. These studies can translate into an effective tool
as they continue to evaluate the Al software for accuracy
and precision and suggest improvements.

Conclusions

While most of the algorithms showed accuracy ranging
between 70% and 98%, Al has the potential to improve the
diagnosis and prognosis of HCC by enhancing the grading,
detection, and treatment prediction for microvascular
invasion. Future studies may choose to include larger study
sizes for HCC trials to generalize their results. Further
research is required to improve the accuracy of Al used for
HCC to mirror its risk in complicated procedures.
Moreover, the predictions generated by Al may require
further evaluation and interpretation from professional
physicians due to ethical and safety issues. Although Al
technologies will not completely replace physicians in
clinical practice, equipping physicians with Al can achieve
higher efficiency. While the Al investigated in this review
is not superior to current guidelines for HCC diagnosis,
treatment and surveillance, the emerging use of Al in
several health sectors is inevitable.

List of Abbreviations Used

Al artificial intelligence

HCC: hepatocellular carcinoma

DCNN: deep convolutional neural network

DL: deep learning

MRI: magnetic resonance imaging

CT: computed tomography

SLFN: single hidden layer feedforward neural network
MDCT: multidetector CT

AUC: area under curve

TL: transfer learning

CNN: convolutional neural network

DCE-CT: dynamic contrast-enhanced computed
tomography

Mask-R-CNN: mask region-based convolutional neural
network

MCF-3DCNN: multichannel fusion three-dimensional
convolutional neural network

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10

DOI Link: https://doi.org/10.26685/urncst.371

DCE-MR: dynamic contrast-enhanced magnetic resonance
imaging

MVI: microvascular invasion

DNN: deep neural network

DWI: diffusion-weighted images

CEUS: contrast enhanced ultrasound

TACE: transarterial chemoembolization

CECT: contrast enhanced computed tomography
MS-Densenet: multiscale 2D dense connected
convolutional neural network

WSI: whole slide images

LASSO: least absolute shrinkage and selection operator
ANN: artificial neural network

CECT: contrast enhanced computed tomography

SVM: support vector machine

Conflicts of Interest
The authors declare that they have no conflict of interests

Ethics Approval and/or Participant Consent
This literature review did not require ethics approval and/or
participant consent as it is a literature review.

Authors' Contributions

D: made contributions to the design of the study, collected
and analysed data, drafted the manuscript, and gave final
approval of the version to be published.

ZA: contributed to study design and planning, assisted with
the collection and analysis of data, and gave final approval
of the version to be published.

Acknowledgements

The authors would like to thank their mentor, Isabella
Churchill for her continuous assistance, guidance, and
feedback.

Funding
This study was not funded.

References

[1] Cancer [Internet]. World Health Organization. [cited
2022 Feb 3]. Available from: https://www.who.int/
news-room/fact-sheets/detail/cancer

[2] Clark T, Maximin S, Meier J, Pokharel S, Bhargava P.
Hepatocellular carcinoma: Review of epidemiology,
screening, imaging diagnosis, response assessment,
and treatment. Current Problems in Diagnostic
Radiology. 2015 Nov;44(6):479-86. https://doi.org/
10.1067/j.cpradiol.2015.04.004

[3] Hepatocellular carcinoma - NORD (national
organization for Rare disorders) [Internet]. NORD
(National Organization for Rare Disorders). NORD -
National Organization for Rare Disorders; 2017 [cited
2022 Feb 3]. Available from: https://rarediseases.org/
rare-diseases/hepatocellular-carcinoma/

Page 9 of 13


https://www.urncst.com/
https://doi.org/10.26685/urncst.371
https://www.who.int/news-room/fact-sheets/detail/cancer
https://www.who.int/news-room/fact-sheets/detail/cancer
https://doi.org/10.1067/j.cpradiol.2015.04.004
https://doi.org/10.1067/j.cpradiol.2015.04.004
https://rarediseases.org/rare-diseases/hepatocellular-carcinoma/
https://rarediseases.org/rare-diseases/hepatocellular-carcinoma/

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

[4] Surgery for liver cancer [Internet]. Cancer.org. [cited
2022 Jun 27]. Available from: https://www.cancer.org/
cancer/liver-cancer/treating/surgery.html

[5] LiL, ChenY, Shen Z, Zhang X, Sang J, Ding Y, et al.
Convolutional neural network for the diagnosis of early
gastric cancer based on magnifying narrow band
imaging. Gastric Cancer [Internet]. 2020;23(1):126-32.
Auvailable from: https://doi.org/10.1007/s10120-019-
00992-2

[6] Hashimoto DA, Rosman G, Rus D, Meireles OR.
Artificial intelligence in surgery: Promises and perils.
Annals of Surgery. 2018;268(1):70-6.
http://doi.org/10.1097/SL.A.0000000000002693

[7]1 Fard MJ, Ameri S, Darin Ellis R, Chinnam RB, Pandya
AK, Klein MD. Automated robot-assisted surgical skill
evaluation: Predictive analytics approach. The
International Journal of Medical Robotics and
Computer Assisted Surgery. 2018;14(1):e1850.
https://doi.org/10.1002/rcs.1850

[8] Biglarian A, Hajizadeh E, Kazemnejad A, Zayeri F.
Determining of prognostic factors in gastric cancer
patients using artificial neural networks. Asian Pacific
Journal of Cancer Prevention. 2010;11(2):533-6.
Available from:
https://pubmed.ncbi.nlm.nih.qov/20843146/

[9] LeeJ, AnJY, Choi MG, Park SH, Kim ST, Lee JH,
Sohn TS, Bae JM, Kim S, Lee H, Min K-H, Kim JJ,
Jeong WK, Choi DI, Kim K-M, Kang WK, Kim M,
Seo SW. Deep learning-based survival analysis
identified associations between molecular subtype and
optimal adjuvant treatment of patients with gastric
cancer. JCO Clinical Cancer Informatics. 2018;2(2):1-
14. http://doi.org/10.1200/CCl.17.00065

[10] Covidence systematic review software, Veritas Health
Innovation, Melbourne, Australia. Available at:
www.covidence.org

[11] Slim K, Nini E, Forestier D, Kwiatkowski F, Panis Y,
Chipponi J. Methodological index for non-randomized
studies (minors): Development and validation of a new
instrument. Australia and New Zealand Journal of
Surgery. 2003;2. https://doi.org/10.1046/j.1445-
2197.2003.02748.x

[12] Le T-N, Bao PT, Huynh HT. Liver tumor segmentation
from MR images using 3D fast marching algorithm and
single hidden layer feedforward neural network.
BioMed Research International. 2016; 2016:3219068.
https://doi.org/10.1155/2016/3219068

[13]Wang G, Jian W, Cen X, Zhang L, Guo H, Liu Z,
Liang C, Wang G. Prediction of microvascular
invasion of hepatocellular carcinoma based on
preoperative diffusion-weighted MR using deep
learning. Frontiers in Oncology. 2021 Mar
4;28:Suppl 1: S118-27.
https://doi.org/10.3389/fonc.2021.588010

[14]1Kim J, Min JH, Kim SK, Shin S-Y, Lee MW.
Detection of hepatocellular carcinoma in contrast-

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10

DOI Link: https://doi.org/10.26685/urncst.371

enhanced magnetic resonance imaging using deep
learning classifier: A multi-center retrospective study.
Scientific Reports. 2020;10(1):9458.
http://doi.org/10.1038/s41598-020-65875-4

[15] Aatresh AA, Alabhya K, Lal S, Kini J, Saxena PUP.
LiverNet: Efficient and robust deep learning model for
automatic diagnosis of sub-types of liver hepatocellular
carcinoma cancer from H&E stained liver
histopathology images. International Journal of
Computer Assisted Radiology and Surgery.
2021;16(9):1549-63. https://doi.org/10.1007/s11548-
021-02410-4

[16] Bousabarah K, Letzen B, Tefera J, Savic L, Schobert I,
Schlachter T, Staib LH, Kocher M, Chapiro J, Lin M.
Automated detection and delineation of hepatocellular
carcinoma on multiphasic contrast-enhanced MRI
using deep learning. Abdominal Radiology.
2021;46(1):216-25. https://doi.org/10.1007/s00261-
020-02604-5

[17]Kim DW, Lee G, Kim SY, Ahn G, Lee J-G, Lee SS,
Kim KW, Park SH, Lee YJ, Kim N. Deep learning-
based algorithm to detect primary hepatic malignancy
in multiphase CT of patients at high risk for HCC.
European Radiology. 2021;31(9):7047-57.
https://doi.org/10.1007/s00330-021-07803-2

[18] Liao H, Xiong T, Peng J, Xu L, Liao M, Zhang Z, Wu
Z, Yuam K, Zeng Y. Classification and
prognosis prediction from histopathological images of
hepatocellular carcinoma by a fully automated pipeline
based on machine learning. Annals of Surgical
Oncology. 2020 Jul;27(7):2359-69.
https://doi.org/10.1245/s10434-019-08190-1

[19]Song D, Wang Y, Wang W, Wang Y, Cai J, Zhu K,
Ly, M, Gao Q, Zhou J, Fan J, Rao S, Wang M, Wang
X. Using deep learning to predict microvascular
invasion in hepatocellular carcinoma based on
dynamic contrast-enhanced MRI combined with
clinical parameters. Journal of Cancer Research and
Clinical Oncology. 2021;147(12):3757—
67. https://doi.org/10.1007/s00432-021-03617-3

[20] Thomaz R de L, Carneiro PC, Bonin JE, Macedo TAA,
Patrocinio AC, Soares AB. Novel Mahalanobis-based
feature selection improves one-class classification of
early hepatocellular carcinoma. Medical & Biological
Engineering & Computing. 2018;56(5):817-32.
https://doi.org/10.1007/s11517-017-1736-5

[21] Vivanti R, Joskowicz L, Lev-Cohain N, Ephrat A,
Sosna J. Patient-specific and global convolutional
neural networks for robust automatic liver tumor
delineation in follow-up CT studies. Medical &
Biological Engineering & Computing.
2018;56(9):1699-713. https://doi.org/10.1007/s11517-
018-1803-6

[22] Yamada A, Oyama K, Fujita S, Yoshizawa E, Ichinohe
F, Komatsu D, Fujinaga Y. Dynamic contrast-
enhanced computed tomography diagnosis of primary

Page 10 of 13


https://www.urncst.com/
https://doi.org/10.26685/urncst.371
https://www.cancer.org/cancer/liver-cancer/treating/surgery.html
https://www.cancer.org/cancer/liver-cancer/treating/surgery.html
https://doi.org/10.1007/s10120-019-00992-2
https://doi.org/10.1007/s10120-019-00992-2
http://doi.org/10.1097/SLA.0000000000002693
https://doi.org/10.1002/rcs.1850
https://pubmed.ncbi.nlm.nih.gov/20843146/
http://doi.org/10.1200/CCI.17.00065
http://www.covidence.or/
https://doi.org/10.1046/j.1445-2197.2003.02748.x 
https://doi.org/10.1046/j.1445-2197.2003.02748.x 
https://doi.org/10.1155/2016/3219068
https://doi.org/10.3389/fonc.2021.588010
http://doi.org/10.1038/s41598-020-65875-4
https://doi.org/10.1007/s11548-021-02410-4%20%09
https://doi.org/10.1007/s11548-021-02410-4%20%09
https://doi.org/10.1007/s00261-020-02604-5
https://doi.org/10.1007/s00261-020-02604-5
https://doi.org/10.1007/s00330-021-07803-2 
https://doi.org/10.1245/s10434-019-08190-1
https://doi.org/10.1007/s00432-021-03617-3
https://doi.org/10.1007/s11517-017-1736-5 
https://doi.org/10.1007/s11517-018-1803-6
https://doi.org/10.1007/s11517-018-1803-6

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

liver cancers using transfer learning of pretrained
convolutional neural networks: Is registration of
multiphasic images necessary? International Journal of
Computer Assisted Radiology and Surgery.
2019;14(8):1295-301. https://doi.org/10.1007/s11548-
019-01987-1

[23] Yang C-J, Wang C-K, Fang Y-HD, Wang J-Y, Su F-C,
Tsai H-M, Lin Y-J, Tsaid H-W, Yeh L-R.
Clinical application of mask region-based
convolutional neural network for the automatic
detection and segmentation of abnormal liver density
based on hepatocellular carcinoma computed
tomography datasets. Public Library of Science One.
2021;16(8): e0255605.
https://doi.org/10.1371/journal.pone.0255605

[24]Yang P, Xu L, Wan Y, Yang J, Xue Y, Jiang Y, Luo C,
Wang J, Niu T. Deep neural network-based approach
to improving radiomics analysis reproducibility in liver
cancer: effect on image resampling. Physics in
Medicine & Biology. 2021;66(16).
https://doi.org/10.1088/1361-6560/ac16e8

[25] Yang D-W, Jia X-B, Xiao Y-J, Wang X-P, Wang Z-C,
Yang Z-H. Noninvasive evaluation of the pathologic
grade of hepatocellular carcinoma using MCF-

3DCNN: A pilot study. Biomed Research International.

2019;2019:9783106.
https://doi.org/10.1155/2019/9783106

[26] Zhen S-H, Cheng M, Tao Y-B, Wang Y-F,
Juengpanich S, Jiang Z-Y, Jiang Y-K, Yan Y-Y, Lu W,
Lue J, Qian J-H, Wu Z-Y, Sun J-H, Lin H, Cai X-J.
Deep learning for accurate diagnosis of liver tumor

based on magnetic resonance imaging and clinical data.

Frontiers of Oncology. 2020;10:680.
https://doi.org/10.3389/fonc.2020.00680

[27] Zhou W, Wang G, Xie G, Zhang L. Grading of
hepatocellular carcinoma based on diffusion weighted
images with multiple b-values using convolutional
neural networks. Medical Physics. 2019;46(9):3951—
60. https://doi.org/10.1002/mp.13642

[28] Abajian A, Murali N, Savic LJ, Laage-Gaupp FM,
Nezami N, Duncan JS, Schlachter T, Lin M,
Geschwind J-F, Chapiro J. Predicting treatment
response to intra-arterial therapies for hepatocellular
carcinoma with the use of supervised machine learning
- An artificial intelligence concept. Journal of Vascular
and Interventional Radiology. 2018;29(6):850-
857.E1. https://doi.org/10.1016/j.jvir.2018.01.769

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10

DOI Link: https://doi.org/10.26685/urncst.371

[29]1Gu D, Guo D, Yuan C, Wei J, Wang Z, Zheng H, Tian
J. Multi-scale patches convolutional neural network
predicting the histological grade of hepatocellular
carcinoma. Annual International Conference of the
IEEE Engineering in Medicine and Biology Society.
2021; 2021:2584-7.
https://doi.org/10.1109/EMBC46164.2021.9630413

[30]Liu P, Tan X-Z, Zhang T, Gu Q-B, Mao X-H, Li Y-C,
He Y-Q. Prediction of microvascular invasion in
solitary hepatocellular carcinoma < 5 cm based on
computed tomography radiomics. World Journal of
Gastroenterology. 2021;27(17):2015-

24. https://doi.org/10.3748/wjg.v27.i17.2015

[31] Liu S-C, Lai J, Huang J-Y, Cho C-F, Lee PH, Lu M-H,
Yeh,C-C, Yu J, Lin W-C. Predicting
microvascular invasion in hepatocellular carcinoma: A
deep learning model validated across hospitals. Cancer
Imaging. 2021 Dec;21(1):56.
https://doi.org/10.1186/s40644-021-00425-3

[32]Liu D, Liu F, Xie X, Su L, Liu M, Xie X, Kuang M,
Huang G, Wang Y, Zhou H, Wang K, Lin M, Tian J.
Accurate prediction of responses to transarterial
chemoembolization for patients with hepatocellular
carcinoma by using artificial intelligence in contrast-
enhanced ultrasound. European Radiology.
2020;30(4):2365-76. https://doi.org/10.1007/s00330-
019-06553-6

[33]Li X, Qi Z, DuH, Geng Z, Li Z, Qin S, Zhang X,
Liang J, Zhang X, Liang W, Yang W, Xie C, Quan X.
Deep convolutional neural network for preoperative
prediction of microvascular invasion and clinical
outcomes in patients with HCCs. European Radiology.
2022;32(2):771-82. https://doi.org/10.1007/s00330-
021-08198-w

[34] Mao B, Zhang L, Ning P, Ding F, Wu F, Lu G, Geng
Y, Ma J. Preoperative prediction for pathological grade
of hepatocellular carcinoma via machine learning-
based radiomics. European Radiology.
2020;30(12):6924-32. https://doi.org/10.1007/s00330-
020-07056-5

[35]Peng J, Kang S, Ning Z, Deng H, Shen J, Xu Y, Zhang
J, Zhao W, Li X, Gong W, Huang J, Liu L. Residual
convolutional neural network for predicting response
of transarterial chemoembolization in
hepatocellular carcinoma from CT imaging. European
Radiology. 2020;30(1):413-24.
https://doi.org/10.1007/s00330-019-06318-1

[36]Ren S, Qi Q, Liu S, Duan S, Mao B, Chang Z, Zhang
Y, Wang S, Zhang L. Preoperative prediction
of pathological grading of hepatocellular carcinoma
using machine learning-based ultrasomics: A
multicenter study. European Journal of Radiology.
2021;143(109891):109891.
https://doi.org/10.1016/j.ejrad.2021.109891

Page 11 of 13


https://www.urncst.com/
https://doi.org/10.26685/urncst.371
https://doi.org/10.1007/s11548-019-01987-1
https://doi.org/10.1007/s11548-019-01987-1
https://doi.org/10.1371/journal.pone.0255605 
https://doi.org/10.1088/1361-6560/ac16e8 
https://doi.org/10.1155/2019/9783106
https://doi.org/10.3389/fonc.2020.00680
https://doi.org/10.1002/mp.13642 
https://doi.org/10.1016/j.jvir.2018.01.769 
https://doi.org/10.1109/EMBC46164.2021.9630413
https://doi.org/10.3748/wjg.v27.i17.2015
https://doi.org/10.1186/s40644-021-00425-3
https://doi.org/10.1007/s00330-019-06553-6
https://doi.org/10.1007/s00330-019-06553-6
https://doi.org/10.1007/s00330-021-08198-w 
https://doi.org/10.1007/s00330-021-08198-w 
https://doi.org/10.1007/s00330-020-07056-5 
https://doi.org/10.1007/s00330-020-07056-5 
https://doi.org/10.1007/s00330-019-06318-1 
https://doi.org/10.1016/j.ejrad.2021.109891

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

[37] Saillard C, Schmauch B, Laifa O, Moarii M, Toldo S,
Zaslavskiy M, Pronier E, Laurent A, Amaddeo G,
Regnault H, Sommacale D, Ziol M, Pawlotsky J-M,
Mule S, Luciani A, Wainrib G, Clozel T, Courtiol P,
Calderaro J. Predicting survival after hepatocellular
carcinoma resection using deep learning on
histological slides. Hepatology. 2020;72(6):2000-13.
https://doi.org/10.1002/hep.31207

[38] Wei W, Haishan X, Alpers J, Rak M, Hansen C. A
deep learning approach for 2D ultrasound and 3D
CT/MR image registration in liver tumor ablation.
Computer Methods and Programs in Biomedicine.
2021;206(106117):106117. https://doi.org/10.1016/j.c
mpb.2021.106117

[39] Zhang T, Wei Y, He X, Yuan Y, Yuan F, Ye Z, Li X,
Tang H, Song B. Prediction of remnant
liver regeneration after right hepatectomy in patients
with hepatocellular carcinoma using preoperative CT
texture analysis and clinical features. Contrast Media &
Molecular Imaging. 2021; 2021:5572470.
https://doi.org/10.1155/2021/5572470

[40]Zzhang Y, Lv X, Qiu J, Zhang B, Zhang L, Fang J, Li
M, Chen L, Wang F, Liu S, Zhang S. Deep learning
with 3D convolutional neural network for noninvasive
prediction of microvascular invasion in hepatocellular
carcinoma. Journal of Magnetic Resonance Imaging.
2021;54(1):134-43. https://doi.org/10.1002/jmri.27538

[41]Bai L, Wang X, Shi S, Gao J, Li X, Wang Y, Jiang M,
Zheng C, Liu H. Evaluation of 3D-CEUS in
the recurrence of liver cancer after radiofrequency
ablation. Journal of Healthcare Engineering.
2021;2021:3123553.
https://doi.org/10.1155/2021/3123553

[42] Guo D, Gu D, Wang H, Wei J, Wang Z, Hao X, Ji Q,
Cao S, Song Z, Jiang J, Shen Z, Tian J, Zheng H.
Radiomics analysis enables recurrence prediction for
hepatocellular carcinoma after liver transplantation.
European Journal of Radiology. 2019;117:33-40.
https://doi.org/10.1016/j.ejrad.2019.05.010

[43]Ji G-W, Zhu F-P, Xu Q, Wang K, Wu M-Y, Tang W-
W, Li X-C. Machine-learning analysis of contrast-
enhanced CT radiomics predicts recurrence of
hepatocellular carcinoma after resection: A multi-
institutional study. eBioMedicine. 2019; 50:156-65.
https://doi.org/10.1016/j.ebiom.2019.10.057

[44]Mai R-Y, Zeng J, Meng W, Lu H-Z, Liang R, Lin Y,
Wu G-B, Li L-Q, Ma L, Ye J-Z, Bai T. Artificial
neural network model to predict post-hepatectomy
early recurrence of hepatocellular carcinoma
without macroscopic vascular invasion. BMC Cancer.
2021;21(1):283.https://doi.org/10.1186/s12885-021-
07969-4

[45] Saito A, Toyoda H, Kobayashi M, Koiwa Y, Fujii H,
Fujita K, Maeda A, Kaneoka Y, Hazama S, Nagano H,
Mirza AH, Graf H-P, Cosatto E, Murakami Y, Kuroda
M. Prediction of early recurrence of hepatocellular
carcinoma after resection using digital pathology
images assessed by machine learning. Modern
Pathology. 2021;34(2):417-25.
https://doi.org/10.1038/s41379-020-00671-z

[46]Jiménez Pérez M, Grande RG. Application of artificial
intelligence in the diagnosis and treatment of
hepatocellular carcinoma: A review. World Journal of
Gastroenterology. 2020;26(37):5617-28.
https://doi.org/10.3748/wjg.v26.i37.5617

[47]Niikura R, Aoki T, Shichijo S, Yamada A, Kawahara
T, Kato Y, Hirata Y, Hayakawa Y, Suzuki N, Ochi M,
Hirasawa T, Tada T, Kawai T, Koike K.

Acrtificial intelligence versus expert endoscopists for
diagnosis of gastric cancer in patients who have
undergone upper gastrointestinal endoscopy.
Endoscopy. 2022;54:780-784. http://doi.org/10.1055/a-
1660-6500

Article Information
Managing Editor: Jeremy Y. Ng

Peer Reviewers: Isabella Churchill, Ya Ning Zhao, Andy Tali

Article Dates: Received Apr 04 22; Accepted Jul 29 22; Published Oct 03 22

Citation
Please cite this article as follows:

Deepshikha, Ahsan Z. Artificial intelligence used for the diagnosis, treatment and surveillance of hepatocellular carcinoma:
A systematic review. URNCST Journal. 2022 Oct 03: 6(10). https://urncst.com/index.php/urncst/article/view/371

DOI Link: https://doi.org/10.26685/urncst.371

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10

DOI Link: https://doi.org/10.26685/urncst.371

Page 12 of 13


https://www.urncst.com/
https://doi.org/10.26685/urncst.371
https://doi.org/10.1002/hep.31207 
https://doi.org/10.1016/j.cmpb.2021.106117
https://doi.org/10.1016/j.cmpb.2021.106117
https://doi.org/10.1155/2021/5572470 
https://doi.org/10.1002/jmri.27538
https://doi.org/10.1155/2021/3123553
https://doi.org/10.1016/j.ejrad.2019.05.010
https://doi.org/10.1016/j.ebiom.2019.10.057
https://doi.org/10.1186/s12885-021-07969-4 
https://doi.org/10.1186/s12885-021-07969-4 
https://doi.org/10.1038/s41379-020-00671-z 
https://doi.org/10.3748/wjg.v26.i37.5617
http://doi.org/10.1055/a-1660-6500
http://doi.org/10.1055/a-1660-6500
https://urncst.com/index.php/urncst/article/view/371
https://doi.org/10.26685/urncst.371

UNDERGRADUATE RESEARCH IN NATURAL AND CLINICAL SCIENCE AND TECHNOLOGY (URNCST) JOURNAL
Read more URNCST Journal articles and submit your own today at: https://www.urncst.com

Copyright

© Deepshikha, Zarish Ahsan. (2022). Published first in the Undergraduate Research in Natural and Clinical Science and
Technology (URNCST) Journal. This is an open access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Undergraduate Research in Natural and
Clinical Science and Technology (URNCST) Journal, is properly cited. The complete bibliographic information, a link to the
original publication on http://www.urncst.com, as well as this copyright and license information must be included.

URNCST Journal ~ "'Goed oY 1he C dm
*Research in Earnest” of Canada ana a

Do you research in earnest? Submit your next undergraduate research article to the URNCST Journal!
| Open Access | Peer-Reviewed | Rapid Turnaround Time | International |
| Broad and Multidisciplinary | Indexed | Innovative | Social Media Promoted |
Pre-submission inquiries? Send us an email at info@urncst.com | Facebook, Twitter and LinkedIn: @URNCST
Submit YOUR manuscript today at https://www.urncst.com!

Deepshikha et al. | URNCST Journal (2022): Volume 6, Issue 10 Page 13 of 13
DOI Link: https://doi.org/10.26685/urncst.371



https://www.urncst.com/
https://doi.org/10.26685/urncst.371
https://creativecommons.org/licenses/by/4.0/
http://www.urncst.com/
mailto:info@urncst.com
https://www.facebook.com/urncst
https://twitter.com/urncst
https://www.linkedin.com/company/urncst
https://www.urncst.com/

