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Objective: To provide the current research progress, hotspots, and emerging
trends for Al in liver cancer, we have compiled a relative comprehensive and
quantitative report on the research of liver disease using artificial intelligence by
employing bibliometrics in this study.

Methods: In this study, the Web of Science Core Collection (WoSCC) database was
used to perform systematic searches using keywords and a manual screening
strategy, VOSviewer was used to analyze the degree of cooperation between
countries/regions and institutions, as well as the co-occurrence of cooperation
between authors and cited authors. Citespace was applied to generate a dual map
to analyze the relationship of citing journals and citied journals and conduct a
strong citation bursts ranking analysis of references. Online SRplot was used for in-
depth keyword analysis and Microsoft Excel 2019 was used to collect the targeted
variables from retrieved articles.

Results: 1724 papers were collected in this study, including 1547 original articles
and 177 reviews. The study of Al in liver cancer mostly began from 2003 and has
developed rapidly from 2017. China has the largest number of publications, and the
United States has the highest H-index and total citation counts. The top three most
productive institutions are the League of European Research Universities, Sun Yat
Sen University, and Zhejiang University. Jasjit S. Suri and Frontiers in Oncology are
the most published author and journal, respectively. Keyword analysis showed that
in addition to the research on liver cancer, research on liver cirrhosis, fatty liver
disease, and liver fibrosis were also common. Computed tomography was the
most used diagnostic tool, followed by ultrasound and magnetic resonance
imaging. The diagnosis and differential diagnosis of liver cancer are currently the
most widely adopted research goals, and comprehensive analyses of multi-type
data and postoperative analysis of patients with advanced liver cancer are rare. The
use of convolutional neural networks is the main technical method used in studies
of Al on liver cancer.

Conclusion: Al has undergone rapid development and has a wide application in the
diagnosis and treatment of liver diseases, especially in China. Imaging is an
indispensable tool in this filed. Mmulti-type data fusion analysis and
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development of multimodal treatment plans for liver cancer could become the
major trend of future research in Al in liver cancer.
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Introduction

Liver cancer is an extremely aggressive malignant tumor, ranking
7™ in incidence and 4™ in mortality worldwide. Studies have revealed
that liver cancer has a high recurrence rate and low recovery rate,
especially after the middle and late stages, and the 5-year survival rate
of liver cancer is only 5-30% (1, 2). Therefore, it has become a global
health problem. Despite advances in diagnosis and treatment of liver
cancer, including improved diagnostic imaging accuracy and
improved survival after neoadjuvant or conversion therapy, but it is
limited. Accurate screening of early-stage liver cancer patients and
high-risk patients, and rational treatment decisions for patients with
advanced stage liver cancer are of great significance for improving the
quality of life of patients.

With the development of medical big data and computer
technology, artificial intelligence (AI) based on machine learning
and deep learning has been widely used in current medical research
(3-6). Through self-learning, summary, and induction of data, it can
produce an intelligent reasoning system and choose the optimal
solution to guide clinical decision-making (7). Original AI was
based on traditional machine-learning methods, including support
vector machine and random forest models, which all relied on
human experience for learning and simple summary. As early as
2003, Hussain constructed a predictive system consisting of 12
genes, with Fisher’s linear classifier, for predicting early
recurrence in patients with hepatocellular carcinoma (HCC) (8).
During this period, most studies have focused on simple analyses of
data, such as genes and molecules (9-11). With the standardization
of imaging diagnosis and its important role in the clinical diagnosis
of liver cancer, AI research based on imaging has emerged by
extracting high-throughput features that cannot be detected and
defined by human eyes from large-scale image data to establish an
intelligent decision -making model to assist clinical decision-
making (12, 13). In particular, deep learning based on
convolutional neural networks (CNNs) has promoted progress in
liver cancer research (14-19).

As more and more researchers are interested in the use of Al in
liver cancer, a large number of related studies have started being
published. For example, reviews describing an overview of deep
learning, convolutional neural networks and other AI technologies
applications in liver cancer (20-22), reviews on the applications of Al
on assisted imaging in diagnosis, prognosis and detection of liver cancer
(23-25), and explained the latest research, on limitations and future
development trends of AI have all been recently published. However,
current reviews may be unable to explore grasp the latest research
trends and hotspots in this field because of lack of a large number of
publications. Meanwhile, there is a lack of quantitative analysis of all
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literature in this field. Additionally, a summary and quantitative
analyses of the global development trend and research hotspots of Al
in liver cancer is of great importance for future research. Bibliometrics
is a method of information visualization which can achieve quantitative
analysis of literature in a specific research field in a worldwide context
through statistical methods and visualizing the results with the help of
software (26-29). Bibliometrics plays an important role in sorting out
development trends and research hotspots of a given field and has been
widely used in many fields (26-29).

Therefore, we aimed to quantitatively analyze existing studies
involving Al in liver cancer using bibliometrics to provide the current
research progress, hotspots, and emerging trends for Al in liver cancer
which may help researchers better understand grasp future research
interest. Information was collated regarding countries/regions,
institutions, authors, and journals with the highest citations and
publications and keywords.

Methods
Data sources and search strategies

The Web of Science Core Collection (WoSCC), which is a
standardized and comprehensive dataset, was used to compile the
publication dataset in this study. Al is a branch of computer science
and a technology that uses machines to simulate human intelligence.
Al in this paper mainly includes traditional machine learning and the
most popular deep learning algorithms. Therefore, the searching
query string was described as follows: TS = (((liver OR hepatic)
NEAR/1 (cancer* OR tumor* OR tumor* OR disease OR lesion* OR
carcinoma*)) OR “hepatocellular carcinoma” OR “HCC”) AND TS =
(((automated OR intelligent) NEAR/1 (classification OR diagnosis
OR segment* OR detect*)) OR “artificial intelligence” OR “deep
learning” OR “convolutional neural network*” OR “machine
learning” OR “CNNs” OR “artificial neural network*” OR
“computer-aided” OR “Bayes* network*” OR “supervised learning”
OR “unsupervised clustering” OR “computer-assisted” OR (deep
NEAR/1 network*) OR “ensemble learning”). The retrieval was
carried out on January 18, 2022. Figure 1 shows the workflow of
the retrieval strategy in this research.

Strategy of manual screening
According to our research area, which focuses on the applications

of Al in liver cancer, we designed the following search items: the
papers for analysis were restricted to those that (1) were written in
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Research results from SCI-Expanded
N=2111

6 non-English articles
excluded:
German 4
French 1
Turkish 1

381 papers excluded:
Meeting Abstracts 98

Early Access 47
Proceedings Papers 23
Editorial Materials 16

Letters 9
Corrections 3
Book Chapters 1
Based on the manual screening criteria 193

Paper included in bibliometric analysis:N=1724
Articles:1547
Reviews:177

!

Bibliometric analysis:
Countries/Region
Institutions
Authors
Journals
Reference
Keywords

FIGURE 1
Flowchart of the search process in the study

English, (2) focused on the field of liver cancer, (3) involved Al
technologies. After the preliminary search, 2111 papers were
included, and then we conducted further manual screening. In the
manual screening process, all papers are divided into relevant,
uncertain and excluded categories. Papers marked as unsure were
screened by three of the authors (XH, LL, and MX) and discussed to
determine whether they should be included. Unlike a systematic
review, bibliometric analysis only requires screening of abstracts
and full texts are only screened when necessary. According to the
screening criteria, 193 papers were excluded because did not focus on
the relevant field. Finally, 1724 papers were included in our study.

Bibliometric analysis and visualization

The analysis of the global trend of publications and citations and
productive countries/regions is mainly to comprehensively
understand the development trends of AI on liver cancer from
beginning to end. The analysis of institutions, authors, and co-cited
authors can quantitatively describe the strength of the cooperation
between authors and institutions (30-32). Additionally, the analysis
of top journals can analyze the level of cooperation and relationships
in the concentrated fields of journals, which is beneficial to cross field
cooperation in research (32). In particular, cluster co-occurrence
analysis of keywords from different perspectives such as disease,
data type, clinical goals, and clinical methods can help us
understand the main topics and research trends in the current field
of Al in liver cancer field.

We used VOSviewer (version 1.6.18) (33) and Citespace (version
6.1.R1) (34, 35) to perform bibliometric visual analysis on the data.
VOSviewer was used to analyze the degree of cooperation between
countries/regions and institutions, as well as the co-occurrence of
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cooperation between authors and cited authors. We used Citespace to
generate a dual map, which showed the relationship between the main
distribution fields of citing journals and citied journals. At the same
time, we used Citespace to conduct a strong citation bursts ranking
analysis of references. Meanwhile, an online SRplot was used for in-
depth keyword analysis. In addition, we used Microsoft Excel 2019
(Microsoft, Redmond, WA) to analyze the targeted files. The top ten
of top-cited or productive authors, countries/regions, publications,
journals, and institutions were analyzed and tabulated.

In this study, five researchers (M.X., Y.X,, Y.Z.,, SH., and Q.Z.)
were invited to search, download and analyze the publications to
assure accuracy of data and repeatability of research.

Results
Global trend of publications and citations

A total of 1724 papers were collected from WoSCC database
inception according to our data searching strategy, including 1547
original articles and 177 reviews (Figure 1). Research on Al in liver
cancer started in 2003 and has increased every year (Figure 2). Research
has advanced especially rapidly from 2017, accounting for almost 70% of
all publications. As of the search date, all papers have been cited 27049
times, and the H-index and average citations per item are 67 and 15.69,
respectively. The H-index (36) is a mixed index which could be used as a
significant indicator of appraising both the number and level of academic
output of a scientific researcher, country, journal, or institution.

Analysis of productive countries/regions

A total of 75 countries/regions had published related articles in
this field, of which the top 10 in terms of publication count are China
(608), the USA (470), India (129), Germany (122), Japan (118), Italy
(105), England (75), South Korea (75), Canada (74), and France (73),
accounting for 35.33%, 27.31%, 7.49%, 7.09%, 6.86%, 6.10%, 4.36%,
4.36%, 4.30%, and 4.24% of total publications, respectively (Table 1).
The USA ranked first in H-index and total citations, with 49 and
10228 citations, respectively, which were both much higher than that
of China in second place (38, 7298 citations, respectively). Moreover,
the USA was first in terms of average citations per paper, followed by
France and Italy. Figure 3 shows the degree of cooperation between
countries when the minimum number of publications was set to at
least 5. The lines between nodes indicate co-authorships between
countries, where a thicker line indicates stronger cooperation (total
link strength [TLS]). The top 5 TLSs were associated with the USA,
China, India, Italy, and Canada.

Analysis of productive institutions

More than 2000 institutions have participated in research on Al in
liver cancer, and the top 10 institutions with the highest contribution
are shown in Table 2. The top three institutions were the League Of
European Research Universities, Sun Yat Sen University, and
Zhejiang University with a total of 109, 62, and 58 articles. Figure 4
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FIGURE 2

Global trend of publications and citations on artificial intelligence research in liver cancer from 2003 to 2022.

shows the TLS between institutions, and the top 3 TLSs were
associated with Sun Yat Sen University (TLS = 187), Zhejiang
University (TLS = 173), and the Mayo Clinic (TLS = 124).

Analysis of authors and co-cited authors

A total of 9916 authors and 37290 co-cited authors were included in
the study. Table 3 shows the top 10 most productive authors, including 4
Chinese, 3 American, 2 Singaporean, and 1 Italian author. Jasjit S. Suri,
Luca Saba, and Udyavara Rajendra Acharya were the top 3 authors, with
18,17, and 15 articles, respectively. VOSviewer was also used to visualize
the map of co-authorship of authors and co-citations (Figure 5). There
were 78 authors with more than 45 citations, among which the top 3
TLSs were associated with U.R. Acharya (TLS = 2274), L. Saba (TLS =
1299), and O. Ronneberger (TLS = 1102).

Analysis of top journals

All related studies have been published in 585 journals. Table 4
shows the top 10 most productive journals, including their paper
count, impact factor (IF), Journal Citation Ranking (JCR), H-index,
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and total count. The top 3 journals were Frontiers in Oncology (50,
2.90%), European Radiology (45, 2.61%), and Scientific Reports (41,
2.38%). Of the top 10 journals, there are 4 comprehensive medical
journals (Frontiers in Oncology, Scientific Reports, PLoS One,
International Journal of Computer Assisted Radiology and Surgery),
1 hepatobiliary professional journal (World Journal of
Gastroenterology), 1 medical imaging journal (European Radiology),
and 2 engineering journals (Medical Physics, IEEE Access). Forty
percent of journals had a JCR of Q1. Figure 6 shows the dual map of
journals and the relationship between citing journals and cited
journals. There were mainly four citation paths, and the citing
papers were mainly concentrated in three fields: (1) molecular,
biology, and immunology; (2) medicine, medical, clinical; and (3)
neurology, sports, ophthalmology. The cited papers were mainly
located in 3 fields: (1) molecular, biology, genetics; (2) health,
nursing, medicine; and (3) dermatology, dentistry, surgery.

Analysis of top cited references and co-
citation references

Figure 7 shows the top 25 references with the strongest citation
bursts. The explosion of citations in this field began in 2003, and a

TABLE 1 Top 10 productive countries/regions producing studies related to artificial intelligence in liver cancer.

Country Counts Percentage H-index Total citations Average citation per paper

1 China 608 3533 38 7298 12

2 USA 470 27.31 49 10228 21.76
3 India 129 7.49 21 1587 12.3
4 Germany 122 7.09 26 2169 17.78
5 Japan 118 6.86 25 2316 19.63
6 Italy 105 6.10 25 2171 20.68
7 England 75 436 20 1442 19.23
8 South Korea 75 4.36 15 655 8.73
9 Canada 74 430 18 1181 15.96
10 France 73 424 24 1541 21.11
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large number of co-citation references were focused on the period
from 2015 to 2019, indicating that research in this field was a hotspot
in these years.

Analysis of keywords

An in-depth analysis of keywords from the diseases, data types,
clinical goals, and methods (Figure 8) were conducted. Most articles
focused on liver cancer, and HCC was widely studied as a single type
of disease, followed by cirrhosis, fatty liver disease, liver fibrosis,
liver transplantation, and hepatectomy, accounting for 30.76%,
33.52%, 11.10%, 9.45%, 8.39%, 4.41%, and 2.37%, respectively
(Figure 8A). In terms of the data type, computed tomography
(CT, 46.79%) was the most used, followed by ultrasound
(23.58%), magnetic resonance imaging (MRI, 22.83%), and biopsy
(6.79%) (Figure 8B). Figure 8E shows that in the study of liver

cancer, including HCC, CT was the most used, followed by
ultrasound and MRI. In addition, CT was mainly used for the
research of liver fibrosis, ultrasound was mainly used for the
research of fatty liver disease, and biopsy was mainly used for
liver fibrosis research (Figure 8E). The differential diagnosis of
HCC, are the key points, followed by the diagnosis of liver
cirrhosis, liver fibrosis and fatty liver disease, are key points
among the specific diagnosis, classification, and treatment of liver
diseases. In terms of the prognosis of liver disease, the prognosis of
HCC is a key focus, and the surgical methods for its treatment
mainly include radiofrequency ablation and transarterial
chemoembolization (Figure 8F). Three quarters of these papers
were about diagnosis, classification, segmentation, or prediction,
with relatively less attention to prognosis. Moreover, most liver
cancer studies used CNNs, with a minority exclusively using more
traditional techniques like support vector machine and decision
trees (Figure 8D).

TABLE 2 Top 10 institutes with publications researching the use of artificial intelligence in liver cancer.

Institutions Countries/regions Average per item
1 League Of European Research Universities Belgium 109 25 2746 25.49
2 Sun Yat Sen University China 62 11 704 11.61
3 Zhejiang University China 58 10 349 6.19
4 University Of Texas System USA 57 17 1000 17.93
5 Chinese Academy Of Sciences China 55 15 799 14.65
6 Fudan University China 49 10 997 20.45
7 Udice French Research Universities France 45 20 1103 24.62
8 Harvard University USA 42 14 766 18.31
9 Stanford University USA 40 19 791 20.25
10 University Of California System USA 36 14 795 2225
NP, number of publications; NC, number of citations.
Frontiers in Oncology 05 frontiersin.org
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TABLE 3 The 10 most productive authors of publications researching the use of artificial intelligence in liver cancer.

Country Total citations H-index Average per item
1 Suri, Jasjit S. USA 18 456 11 25.33
2 Saba, Luca Ttaly 17 371 10 21.82
3 Acharya, Udyavara Rajendra ingapore 15 519 11 34.6
4 Kuang, Ming China 14 214 6 15.29
5 Chapiro, Julius USA 12 237 6 19.75
6 Xing, Lei USA 11 318 7 2891
7 Hagiwara, Yuki Singapore 11 207 6 18.82
8 Tian, Jie China 11 191 7 17.36
9 Wang, Wei China 11 177 5 16.09
10 Fan, Jiahao China 9 56 5 6.22
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FIGURE 5
Visualization map of co-authorship (A) and co-citation (B) analyses of authors. The thickness of the lines reflects the citation strength.
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TABLE 4 Top 10 journals related to research on artificial intelligence in liver cancer.

Rank Journal IF (2020) JCR (2020)
1 50 Q

Frontiers in Oncology

2 European Radiology

3 Scientific Reports

4 Medical Physics

5 PLoS One

6 World Journal of Gastroenterology

7 International Journal of Computer Assisted Radiology and Surgery
8 Cancers

9 Computers in Biology and Medicine

10 IEEE Access

IF, impact factor; JCR, Journal Citation Ranking.

Discussion

In this quantitative study, in order to systematically and
quantitatively analyze the research status of Al in liver cancer, and
explore the future research trends and hotspots in this field, we used a
bibliometrics method to analyze the current research status of Al in
liver cancer in terms of publication and citation trends, countries/
regions and institutions, authors and co-cited authors, journals, cited
references and co-citation references, and keywords. Ultimately, 1724
articles focusing on Al in liver cancer were collected from the WoSCC
database and analyzed.

Research on Al in liver cancer mainly started in 2003 and
entered a stage of rapid development in 2017. China is the most
productive country with 35.33% of total publications; however, the
USA ranked first according to the H-index, citations, and average
citations per paper. It is notable that China, as a country with a high
incidence of liver cancer, has a high number of studies on Al in liver
cancer. However, most studies in China have limited impact, which
may need further improvement from topic selection and research
implementation. The League Of European Research Universities is
the most productive institution, followed by Sun Yat Sen University
and Zhejiang University. This is consistent with the conclusion of
the most productive country above. We also found that cooperation

L MATHEMATICS SYSTEMS, MATHEMATICAL

H-index  Total citations

6.244 8 236
45 5315 Q1 16 840
41 438 Q1 12 539
35 4071 Q1 13 549
35 324 Q2 15 675
31 5.742 Q2 10 286
26 2.924 Q2/Q3 11 312
23 6.639 Q1 5 74
23 4.589 Q1/Q2 11 370
22 3367 Q 7 139

between medical and industrial universities contributes to better
research. For example, Sun Yat Sen University and the Chinese
Academy Of Sciences (the second and fifth most productive
institutions, respectively) have a strong TLS. Fu Dan University
and Shanghai Jiaotong University also have a strong TLS. This
indicated that the combination of medicine with engineering is
helpful for the development of AI in medicine. It also suggested that
studies should pay attention to the reasonable allocation of
research teams.

The top three most productive journals had JCR scores of at least
Q2. This shows that the field of Al in liver cancer is relatively mature
and has a high level of concern and recognition. Moreover, most of
the top 10 journals in this field are medical journals and include a
small number of engineering journals, showing that the medical field
pays more attention to Al in liver cancer. This suggests that we can
consider and design studies from both medical and engineering
aspects when conducting research, especially in medicine.

In the in-depth analysis of keywords, we found that most studies
focused on liver cancer, especially HCC, showing that this is a
research priority of liver disease. The second most common area of
research was chronic hepatitis diseases such as liver cirrhosis, liver
fibrosis, and fatty liver disease, which are more important for the
prevention of liver cancer.

FIGURE 6

A dual-map overlap of journals with studies researching artificial intelligence in liver cancer
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Visualization map of top 25 references with the strongest citation bursts from 2003 to 2022.

Regarding data type, studies of Al in liver cancer started from the
simple data modeling of genetic or molecular data (9-11). With the
development of medical imaging, research on medical imaging has
been gradually increasing. CT, ultrasound, and MRI are the top three
most used data types. First, this may because CT and MRI can be used
as the basis for clinical treatment strategies for patients with liver
cancer based on guidelines for liver cancer diagnosis. Moreover,
ultrasound, as a screening method for patients at high risk of liver
cancer, needs to be checked every six months. Therefore, the data
volume of these three imaging methods has greatly increased, which
has promoted the development of Al in liver cancer (37-39). Second,
compared with MRI, CT has the advantages of fast inspection speed
and cost-effectiveness, and is an indispensable and important imaging
method in the diagnosis and treatment of liver cancer. Finally,
although ultrasound is widely used in clinical practice, its image
acquisition is seriously affected by the doctor’s operation technique
and machine model, the resolution is low, and the processing is
difficult. Therefore, it is used less often than CT. However, it is worth
noting that contrast-enhanced ultrasound has now been included as a
recommended imaging modality for the diagnosis of liver cancer (40,
41) and is also widely used in the development and prognostic
evaluation of ultrasound-guided radiofrequency ablation. This
suggests that we could pay attention to the important role of
ultrasound in liver cancer clinics in future research. At the same
time, few studies used pathological, genetic, and other clinical data
(42-44). The main reason may be that the medical cost of genetic
examination is high and the realization of AI in multiomics research
is difficult.

In the cross-analysis of data types and diseases, we found that
biopsy was used as an important data type in studies of Al in liver
fibrosis. This is mainly because the histopathological examination of
liver biopsy is still the gold standard for the diagnosis of liver fibrosis
(45). Conventional CT/MRI examinations can observe morphological
changes of the liver; however, quantitative assessment of early-stage
liver fibrosis is still difficult and is therefore less used. Although
ultrasound elastography and magnetic resonance elastography (MRE)
are highly effective non-invasive assessment methods in the diagnosis
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of liver fibrosis, a unified MRE liver elasticity value for liver fibrosis
with different etiologies has not been established (46-48). This also
indicates that the use of Al to quantitatively analyze liver fibrosis by
imaging is a problem worthy of further study. In studies of Al in fatty
liver disease, ultrasound is the first choice, mainly because of its high
sensitivity in the diagnosis of diffuse fatty liver, convenience, cost-
effectiveness, and safety, and plays an important role in judging the
status of liver parenchyma.

In terms of clinical goals, the diagnosis and differential diagnosis
of liver cancer on medical imaging are still major research priorities
(19, 49-53). However, the clinical diagnosis of liver cancer is a
comprehensive process, especially because of the variety and
atypical characteristics of focal liver lesions. For example, dysplastic
nodules in the state of liver cirrhosis have strong malignant potential,
especially high-grade dysplastic nodules, and they are difficult to
distinguish from early liver cancer in imaging. A comprehensive
evaluation of the clinical indicators of the patient is usually required,
including alpha-fetoprotein and abnormal prothrombin (54-58).
However, there are still few studies that combine multiple types of
data such as genetic data, molecular data, imaging data, and clinical
indicators, and lack the support of large data and multi-center studies.

Studies on the treatment and prognosis of liver cancer mainly
focused on the survival of a specific surgical method (59-66), such as
radiofrequency ablation, transarterial chemoembolization and etc.
Reports have proven that the modern therapies integrate a variety
of neoadjuvant and adjuvant strategies have achieved dramatic
improvements in survival, especially for patients with advanced
HCC (66, 67). But the division of the patient population, the choice
of potentially disclosing novel biomarkers still are controversies and
the decision-making of precision treatment methods adapted to the
specific patients, Al can play a role in this, but related research has not
yet been seen.

In terms of methods used, some studies used traditional
algorithms (51-53), such as support vector machine and random
forests models, which were mainly concentrated in the early research
stage. Since 2012, deep learning with CNNs has been widely used in
the field, involving common tasks in the field of machine learning

frontiersin.org


https://doi.org/10.3389/fonc.2023.990306
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Xiong et al. 10.3389/fonc.2023.990306
A Diseases B Data Types
Liver cancer Cirrhosis
cT
‘ Liver fibrosis MRI
i Ultrasound
atty liver-disease
\ Hepatectomy H Biopsy
Hepatocel lular carcinoma Liver transplantation
Clinical |
c inical Goals D AI/ML Methods
- Diagnosis SVM
Classificatio
Segmentation CNN Texture analysis
W Prediction
® Prognosis '
\ Ensemble
E . Decision Trees
Disease By Data Type
450
Hepatocellular Carcinoma - -
400
Liver Gancor -
Cirrhosis - w0
Laso
Liver Fibrosis -
- 200
Fatty Liver-disease - | 150
Hepatectomy - - 100
- 50
Liver Transplantation -
. I 0 0 -0
= > =
g o
E
F Disease By Clinical Goal
400
C— m- ---
350
pherenee - ---
300
-~ |-
e s - --- w0
fltrliverdisse - --- HO
ety - --- "
50
Liver transplantation - ---
A
[+ A
FIGURE 8
(A) Distribution of publications by disease category. (B) Distribution of publications by data modality. (C) Distribution of publications by goal.
(D) Distribution of publications by Al/ML method. (E) Distribution of publications by disease by data type. (F) Distribution of publications by disease by
clinical goal. MRI, magnetic resonance imaging; CNN, Convolutional Neural Network; SVM, support vector machine; CT, computed tomography.

such as diagnosis, prediction, and segmentation, and achieved good
results (9, 49, 50, 68-70). Most tumor segmentation tasks use a U-Net
method with a good effect, showing that U-Net has a good effect in the
segmentation task in the medical field, especially for tasks with small
amount of medical data (71, 72). It is estimated that the main research
methods in later stages of research are still concentrated in the field of
deep learning, which also indicates that future research aims to
achieve better results and has higher technical requirements,
especially for fusion modeling of multimodal data.

Previous meta-analyses and literature reviews focused on the
applications of specific technologies in liver cancer or the
development status of specific liver disease (22-29), such as
reviewing studies on AI on assisted imaging in the diagnosis,
prognosis and detection of liver cancer, or explaining the latest
research, limitations, and future development trends of Al in a
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certain direction. However, they lack a quantitative analysis based
on the available literatures. Therefore, a bibliometrics analysis was
conducted in our study to summary the research status of Al in liver
cancer. Bibliometrics analysis uses mathematical and statistical
methods to study the literature system and bibliometric
characteristics in a given field to mine the distribution structure,
quantitative relationships, and changes of literature in this field.
Visual display with the help of special software plays an important
role in understanding the current development status and
development trend of the field. However, our research also has
limitations. First, we only included English articles in the WoSCC
database and did not include articles in other databases or
languages, which could lead to the omission of many studies.
Second, keyword screening may not be perfect and could lead to
omission of literature.
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Conclusion

This study used bibliometrics to conduct an in-depth analysis of
the published literature on Al in liver cancer. The results showed that
AT has undergone rapid development and has a wide application in
the diagnosis and treatment of liver diseases, especially in China,
which has one of the highest incidences of liver cancer compared to
other countries the world. In addition, intelligent analysis of imaging
data is the hotspot and focus of current research in this field.
However, combined with the current clinical difficulties such as
accurate screening of early-stage liver cancer patients and high-risk
patients, and selection of reasonable treatment decisions for advanced
liver cancer patients, the use of Al for the fusion analysis of multiple
types data in the process of diagnosis and treatment of liver cancer
and multi-modal treatment decision-making for liver cancer are still
relatively rare, and may become a future research trend.

Data availability statement

The raw data supporting the conclusions of this article will be
made available by the authors, without undue reservation.

Author contributions

LL, XH, and YW conceived the study. MX, YX, YZ, SH, and QZ
collected and analyzed the data. MX, YX, XH, and LL wrote the

References

1. International Agency for Research on Cancer and World Health Organization.
Cancer today (2022). Available at: https:/gco.iarc.fr/today/home (Accessed June 10,
2022).

2. Allemani C, Matsuda T, Di Carlo V, Harewood R, Matz M, Niksic M, et al. Global
surveillance of trends in cancer survival 2000-14 (CONCORD-3): analysis of individual
records for 37 513 025 patients diagnosed with one of 18 cancers from 322
population-based registries in 71 countries. Lancet (2018) 391(10125):1023-75.
doi: 10.1016/S0140-6736(17)33326-3

3. Zhang BH, Yang BH, Tang ZY. Randomized controlled trial of screening for
hepatocellular carcinoma. J Cancer Res Clin Oncol (2004) 130(7):417-22. doi: 10.1007/
500432-004-0552-0

4. Shin HC, Roth HR, Gao M, Lu L, Xu Z, Nogues I, et al. Deep convolutional neural
networks for computer-aided detection: CNN architectures, dataset characteristics and
transfer learning. IEEE Trans Med Imaging (2016) 35(5):1285-98. doi: 10.1109/
TMI.2016.2528162

5. Tran KA, Kondrashova O, Bradley A, Williams ED, Pearson JV, Waddell N. Deep
learning in cancer diagnosis, prognosis and treatment selection. Genome Med (2021) 13
(1):152. doi: 10.1186/s13073-021-00968-x

6. Hosny A, Parmar C, Quackenbush J, Schwartz LH, Aerts HJWL. Artificial
intelligence in radiology. Nat Rev Cancer (2018) 18(8):500-10. doi: 10.1038/s41568-
018-0016-5

7. Schmidt-Erfurth U, Sadeghipour A, Gerendas BS, Waldstein SM, Bogunovi¢ H.
Artificial intelligence in retina. Prog Retin Eye Res (2018) 67:1-29. doi: 10.1016/
j.preteyeres.2018.07.004

8. Hussain HK, Londy FJ, Francis IR, Nghiem HV, Weadock W], Gebremariam A,
et al. Hepatic arterial phase MR imaging with automated bolus-detection three-
dimensional fast gradient-recalled-echo sequence: comparison with test-bolus method.
Radiology (2003) 226(2):558-66. doi: 10.1148/radiol.2262011593

9. lizuka N, Oka M, Yamada-Okabe H, Nishida M, Maeda Y, Mori N, et al.
Oligonucleotide microarray for prediction of early intrahepatic recurrence of

Frontiers in Oncology

10.3389/fonc.2023.990306

manuscript. LL, XH, and YW revised and reviewed the manuscript. All
authors contributed to the article and approved the submitted version.

Funding

This work was supported by the National Natural Science
Foundation of Chongqing (Grant No. cstc2021jcyj-msxmX0965),
Joint Medical Research Project of Chongqing Science and
Technology Commission and Health Commission
(2021MSXM262), the National Natural Science Project (31771324
and 31671251), and Chongqing science and technology talent
project (No.CQYC201905037).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

hepatocellular carcinoma after curative resection. Lancet (2003) 361(9361):923-9.
doi: 10.1016/50140-6736(03)12775-4

10. Ye QH, Qin LX, Forgues M, He P, Kim JW, Peng AC, et al. Predicting hepatitis b
virus-positive metastatic hepatocellular carcinomas using gene expression profiling and
supervised machine learning. Nat Med (2003) 9(4):416-23. doi: 10.1038/nm843

11. Lee JS, Chu IS, Heo J, Calvisi DF, Sun Z, Roskams T, et al. Classification and
prediction of survival in hepatocellular carcinoma by gene expression profiling.
Hepatology (2004) 40(3):667-76. doi: 10.1002/hep.20375

12. Kermany DS, Goldbaum M, Cai W, Valentim CCS, Liang H, Baxter SL, et al.
Identifying medical diagnoses and treatable diseases by image-based deep learning. Cell
(2018) 172(5):1122-1131.€9. doi: 10.1016/.cell.2018.02.010

13. Campanella G, Hanna MG, Geneslaw L, Miraflor A, Werneck Krauss Silva V,
Busam K], et al. Clinical-grade computational pathology using weakly supervised deep
learning on whole slide images. Nat Med (2019) 25(8):1301-9. doi: 10.1038/s41591-019-
0508-1

14. Saillard C, Schmauch B, Laifa O, Moarii M, Toldo S, Zaslavskiy M, et al. Predicting
survival after hepatocellular carcinoma resection using deep learning on histological
slides. Hepatology (2020) 72(6):2000-13. doi: 10.1002/hep.31207

15. Shi JY, Wang X, Ding GY, Dong Z, Han ], Guan Z, et al. Exploring prognostic
indicators in the pathological images of hepatocellular carcinoma based on deep learning.
Gut (2021) 70(5):951-61. doi: 10.1136/gutjnl-2020-320930

16. Cucchetti A, Piscaglia F, Grigioni AD, Ravaioli M, Cescon M, Zanello M, et al.
Preoperative prediction of hepatocellular carcinoma tumour grade and micro-vascular
invasion by means of artificial neural network: a pilot study. ] Hepatol (2010) 52(6):880-8.
doi: 10.1016/j,jhep.2009.12.037

17. Chaudhary K, Poirion OB, Lu L, Garmire LX. Deep learning-based multi-omics
integration robustly predicts survival in liver cancer. Clin Cancer Res (2018) 24(6):1248-
59. doi: 10.1158/1078-0432.CCR-17-0853

18. Vo VT, Yang HJ, Lee GS, Kang SR, Kim SH. Effects of multiple filters on liver
tumor segmentation from CT images. Front Oncol (2021) 11:697178. doi: 10.3389/

frontiersin.org


https://gco.iarc.fr/today/home
https://doi.org/10.1016/S0140-6736(17)33326-3
https://doi.org/10.1007/s00432-004-0552-0
https://doi.org/10.1007/s00432-004-0552-0
https://doi.org/10.1109/TMI.2016.2528162
https://doi.org/10.1109/TMI.2016.2528162
https://doi.org/10.1186/s13073-021-00968-x
https://doi.org/10.1038/s41568-018-0016-5
https://doi.org/10.1038/s41568-018-0016-5
https://doi.org/10.1016/j.preteyeres.2018.07.004
https://doi.org/10.1016/j.preteyeres.2018.07.004
https://doi.org/10.1148/radiol.2262011593
https://doi.org/10.1016/S0140-6736(03)12775-4
https://doi.org/10.1038/nm843
https://doi.org/10.1002/hep.20375
https://doi.org/10.1016/j.cell.2018.02.010
https://doi.org/10.1038/s41591-019-0508-1
https://doi.org/10.1038/s41591-019-0508-1
https://doi.org/10.1002/hep.31207
https://doi.org/10.1136/gutjnl-2020-320930
https://doi.org/10.1016/j.jhep.2009.12.037
https://doi.org/10.1158/1078-0432.CCR-17-0853
https://doi.org/10.3389/fonc.2021.697178
https://doi.org/10.3389/fonc.2023.990306
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Xiong et al.

fonc.2021.697178

19. Giordano S, Takeda S, Donadon M, Saiki H, Brunelli L, Pastorelli R, et al. Rapid
automated diagnosis of primary hepatic tumour by mass spectrometry and artificial
intelligence. Liver Int (2020) 40(12):3117-24. doi: 10.1111/liv.14604

20. Xiang K, Jiang B, Shang D. The overview of the deep learning integrated into the
medical imaging of liver: a review. Hepatol Int (2021) 15(4):868-80. doi: 10.1007/s12072-
021-10229-z

21. Nishida N, Yamakawa M, Shiina T, Kudo M. Current status and perspectives for
computer-aided ultrasonic diagnosis of liver lesions using deep learning technology.
Hepatol Int (2019) 13(4):416-21. doi: 10.1007/s12072-019-09937-4

22. Saba L, Biswas M, Kuppili V, Cuadrado Godia E, Suri HS, Edla DR, et al. The
present and future of deep learning in radiology. Eur ] Radiol (2019) 114:14-24.
doi: 10.1016/j.ejrad.2019.02.038

23. Khan RA, Luo Y, Wu F-X. Machine learning based liver disease diagnosis: A
systematic review. Neurocomputing (2022) 468(2022):492-509. doi: 10.1016/
j-neucom.2021.08.138

24. Bharti P, Mittal D, Ananthasivan R. Computer-aided characterization and
diagnosis of diffuse liver diseases based on ultrasound imaging: A review. Ultrason
Imaging (2017) 39(1):33-61. doi: 10.1177/0161734616639875

25. Xu J, Jing M, Wang S, Yang C, Chen X. A review of medical image detection for
cancers in digestive system based on artificial intelligence. Expert Rev Med Devices (2019)
16(10):877-89. doi: 10.1080/17434440.2019.1669447

26. Chen C, Dubin R, Kim MC. Emerging trends and new developments in
regenerative medicine: a scientometric update (2000 - 2014). Expert Opin Biol Ther
(2014) 14(9):1295-317. doi: 10.1517/14712598.2014.920813

27. Brandt ]S, Hadaya O, Schuster M, Rosen T, Sauer MV, Ananth CV. A bibliometric
analysis of top-cited journal articles in obstetrics and gynecology. JAMA Netw Open
(2019) 2(12):21918007. doi: 10.1001/jamanetworkopen.2019.18007

28. Ahmad P, Slots J. A bibliometric analysis of periodontology. Periodontol (2021) 85
(1):237-40. doi: 10.1111/prd.12376

29. Wilson M, Sampson M, Barrowman N, Doja A. Bibliometric analysis of neurology
articles published in general medicine journals. JAMA Netw Open (2021) 4(4):€215840.
doi: 10.1001/jamanetworkopen.2021.5840

30. Hassan W, Zafar M, Duarte AE, Kamdem JP, Teixeira da Rocha JB.
Pharmacological research: A bibliometric analysis from 1989 to 2019. Pharmacol Res
(2021) 169:105645. doi: 10.1016/j.phrs.2021.105645

31. Higaki A, Uetani T, Ikeda S, Yamaguchi O. Co-Authorship network analysis in
cardiovascular research utilizing machine learning (2009-2019). Int ] Med Inform (2020)
143:104274. doi: 10.1016/j.ijmedinf.2020.104274

32. Trujillo CM, Long TM. Document co-citation analysis to enhance
transdisciplinary research. Sci Adv (2018) 4(1):1701130. doi: 10.1126/sciadv.1701130

33. van Eck NJ, Waltman L. Software survey: VOSviewer, a computer program for
bibliometric mapping. Scientometrics (2010) 84(2):523-38. doi: 10.1007/s11192-009-
0146-3

34. Synnestvedt MB, Chen C, Holmes JH. CiteSpace II: visualization and knowledge
discovery in bibliographic databases. AMIA Annu Symp Proc (2005) 2005:724-8.

35. Chen C. Searching for intellectual turning points: Progressive knowledge domain
visualization. Proc Natl Acad Sci USA (2004) 101 Suppl 1(Suppl 1):5303-10. doi: 10.1073/
pnas.0307513100

36. Ioannidis JPA, Baas J, Klavans R, Boyack KW. A standardized citation metrics
author database annotated for scientific field. PloS Biol (2019) 17(8):e3000384.
doi: 10.1371/journal.pbio.3000384

37. Heimbach JK, Kulik LM, Finn RS, Sirlin CB, Abecassis MM, Roberts LR, et al.
AASLD guidelines for the treatment of hepatocellular carcinoma. Hepatology (2018) 67
(1):358-80. doi: 10.1002/hep.29086

38. European Association for the Study of the Liver. EASL clinical practice guidelines:
Management of hepatocellular carcinoma. J Hepatol (2018) 69(1):182-236. doi: 10.1016/
j.jhep.2018.03.019

39. Kokudo N, Hasegawa K, Akahane M, Igaki H, Izumi N, Ichida T, et al. Evidence-
based clinical practice guidelines for hepatocellular carcinoma: The Japan society of
hepatology 2013 update (3rd JSH-HCC guidelines). Hepatol Res (2015) 45(2):123-7.
doi: 10.1111/hepr.12464

40. European Association for the Study of the Liver. EASL clinical practice guidelines:
Management of hepatocellular carcinoma. J Hepatol (2019) 70(4):817. doi: 10.1016/
j.jhep.2018.03.019

41. National Health Commission of the People's Republic of China. Guidelines for the
diagnosis and treatment of primary liver cancer(V2019). J Clin Hepatob Dis (2022) 38
(2):288-303. doi: 10.3969/j.issn.1001-5256.2022.02.009

42. Zhang S, Liu Y, Chen J, Shu H, Shen S, Li Y, et al. Autoantibody signature in
hepatocellular carcinoma using seromics. ] Hematol Oncol (2020) 13(1):85. doi: 10.1186/
513045-020-00918-x

43. Ma L, Wang L, Khatib SA, Chang CW, Heinrich S, Dominguez DA, et al. Single-
cell atlas of tumor cell evolution in response to therapy in hepatocellular carcinoma and
intrahepatic cholangiocarcinoma. J Hepatol (2021) 75(6):1397-408. doi: 10.1016/
j.jhep.2021.06.028

Frontiers in Oncology

1

10.3389/fonc.2023.990306

44. Zongyi Y, Xiaowu L. Immunotherapy for hepatocellular carcinoma. Cancer Lett
(2020) 470:8-17. doi: 10.1016/j.canlet.2019.12.002

45. Di Tommaso L, Spadaccini M, Donadon M, Personeni N, Elamin A, Aghemo A,
et al. Role of liver biopsy in hepatocellular carcinoma. World J Gastroenterol (2019) 25
(40):6041-52. doi: 10.3748/wjg.v25.i40.6041

46. Qayyum A, Hwang KP, Stafford J, Verma A, Maru DM, Sandesh S, et al.
Immunotherapy response evaluation with magnetic resonance elastography (MRE) in
advanced HCC. ] Immunother Cancer (2019) 7(1):329. doi: 10.1186/s40425-019-0766-y

47. Pepin KM, Ehman RL, McGee KP. Magnetic resonance elastography (MRE) in
cancer: Technique, analysis, and applications. Prog Nucl Magn Reson Spectrosc (2015) 90-
91:32-48. doi: 10.1016/j.pnmrs.2015.06.001

48. Zhang T, Zhang G, Deng X, Zeng J, Jin ], Zeping H, et al. APS (Age, platelets, 2D
shear-wave elastography) score predicts hepatocellular carcinoma in chronic hepatitis b.
Radiology (2021) 301(2):350-9. doi: 10.1148/radiol.2021204700

49. Gao R, Zhao S, Aishanjiang K, Cai H, Wei T, Zhang Y, et al. Deep learning for
differential diagnosis of malignant hepatic tumors based on multi-phase contrast-
enhanced CT and clinical data. ] Hematol Oncol (2021) 14(1):154. doi: 10.1186/s13045-
021-01167-2

50. Cheng N, Chen D, Lou B, Fu J, Wang H. A biosensing method for the direct
serological detection of liver diseases by integrating a SERS-based sensor and a CNN
classifier. Biosens Bioelectron (2021) 186:113246. doi: 10.1016/j.bios.2021.113246

51. Shi J, Liu J, Tu X, Li B, Tong Z, Wang T, et al. Single-cell immune signature for
detecting early-stage HCC and early assessing anti-PD-1 immunotherapy efficacy. J
Immunother Cancer (2022) 10(1):¢003133. doi: 10.1136/jitc-2021-003133

52. Ta CN, Kono Y, Eghtedari M, Oh YT, Robbin ML, Barr RG, et al. Focal liver
lesions: Computer-aided diagnosis by using contrast-enhanced US cine recordings.
Radiology (2018) 286(3):1062-71. doi: 10.1148/radiol.2017170365

53. Yang C, Huang X, Li Y, Chen J, Lv Y, Dai S. Prognosis and personalized treatment
prediction in TP53-mutant hepatocellular carcinoma: an in silico strategy towards
precision oncology. Brief Bioinform (2021) 22(3):bbaal64. doi: 10.1093/bib/bbaal64

54. Oestmann PM, Wang CJ, Savic L], Hamm CA, Stark S, Schobert I, et al. Deep
learning-assisted differentiation of pathologically proven atypical and typical
hepatocellular carcinoma (HCC) versus non-HCC on contrast-enhanced MRI of the
liver. Eur Radiol (2021) 31(7):4981-90. doi: 10.1007/500330-020-07559-1

55. Tzartzeva K, Obi J, Rich NE, Parikh ND, Marrero JA, Yopp A, et al. Surveillance
imaging and alpha fetoprotein for early detection of hepatocellular carcinoma in patients
with cirrhosis: A meta-analysis. Gastroenterology (2018) 154(6):1706-1718.el.
doi: 10.1053/j.gastro.2018.01.064

56. Wong RJ, Ahmed A, Gish RG. Elevated alpha-fetoprotein: differential diagnosis -
hepatocellular carcinoma and other disorders. Clin Liver Dis (2015) 19(2):309-23.
doi: 10.1016/j.c1d.2015.01.005

57. Okuda H, Obata H, Nakanishi T, Furukawa R, Hashimoto E. Production of
abnormal prothrombin (des-gamma-carboxy prothrombin) by hepatocellular carcinoma.
a clinical and experimental study. ] Hepatol (1987) 4(3):357-63. doi: 10.1016/s0168-8278
(87)80546-9

58. Fujiyama S, Izuno K, Gohshi K, Shibata J, Sato T. Clinical usefulness of des-
gamma-carboxy prothrombin assay in early diagnosis of hepatocellular carcinoma. Dig
Dis Sci (1991) 36(12):1787-92. doi: 10.1007/BF01296626

59. WuJP, Ding WZ, Wang YL, Liu S, Zhang XQ, Yang Q, et al. Radiomics analysis of
ultrasound to predict recurrence of hepatocellular carcinoma after microwave ablation.
Int ] Hyperthermia (2022) 39(1):595-604. doi: 10.1080/02656736.2022.2062463

60. Yang Y, Zhou Y, Zhou C, Ma X. Deep learning radiomics based on contrast
enhanced computed tomography predicts microvascular invasion and survival outcome
in early stage hepatocellular carcinoma. Eur ]| Surg Oncol (2022) 48(5):1068-77.
doi: 10.1016/j.¢js0.2021.11.120

61. Zhang L, Jiang Y, Jin Z, Jiang W, Zhang B, Wang C, et al. Real-time automatic
prediction of treatment response to transcatheter arterial chemoembolization in patients
with hepatocellular carcinoma using deep learning based on digital subtraction
angiography videos. Cancer Imaging (2022) 22(1):23. doi: 10.1186/s40644-022-00457-3

62. Li Q, Luo G, Li J. Evaluation of therapeutic effects of computed tomography
imaging classification algorithm-based transcatheter arterial chemoembolization on
primary hepatocellular carcinoma. Comput Intell Neurosci (2022) 2022:5639820.
doi: 10.1155/2022/5639820

63. Miiller L, Kloeckner R, Mahringer-Kunz A, Stoehr F, Diiber C, Arnhold G, et al.
Fully automated AI-based splenic segmentation for predicting survival and estimating the
risk of hepatic decompensation in TACE patients with HCC. Eur Radiol (2022) 32
(9):6302-13. doi: 10.1007/s00330-022-08737-z

64. LiuZ, LiuY, Zhang W, Hong Y, Meng J, WangJ, et al. Deep learning for prediction
of hepatocellular carcinoma recurrence after resection or liver transplantation: a discovery
and validation study. Hepatol Int (2022) 16(3):577-89. doi: 10.1007/s12072-022-10321-y

65. Liu F, Liu D, Wang K, Xie X, Su L, Kuang M, et al. Deep learning radiomics based
on contrast-enhanced ultrasound might optimize curative treatments for very-early or
early-stage hepatocellular carcinoma patients. Liver Cancer (2020) 9(4):397-413.
doi: 10.1159/000505694

66. Petrowsky H, Fritsch R, Guckenberger M, De Oliveira ML, Dutkowski P, Clavien
PA. Modern therapeutic approaches for the treatment of malignant liver tumours. Nat
Rev Gastroenterol Hepatol (2020) 17(12):755-72. doi: 10.1038/s41575-020-0314-8

frontiersin.org


https://doi.org/10.3389/fonc.2021.697178
https://doi.org/10.1111/liv.14604
https://doi.org/10.1007/s12072-021-10229-z
https://doi.org/10.1007/s12072-021-10229-z
https://doi.org/10.1007/s12072-019-09937-4
https://doi.org/10.1016/j.ejrad.2019.02.038
https://doi.org/10.1016/j.neucom.2021.08.138
https://doi.org/10.1016/j.neucom.2021.08.138
https://doi.org/10.1177/0161734616639875
https://doi.org/10.1080/17434440.2019.1669447
https://doi.org/10.1517/14712598.2014.920813
https://doi.org/10.1001/jamanetworkopen.2019.18007
https://doi.org/10.1111/prd.12376
https://doi.org/10.1001/jamanetworkopen.2021.5840
https://doi.org/10.1016/j.phrs.2021.105645
https://doi.org/10.1016/j.ijmedinf.2020.104274
https://doi.org/10.1126/sciadv.1701130
https://doi.org/10.1007/s11192-009-0146-3
https://doi.org/10.1007/s11192-009-0146-3
https://doi.org/10.1073/pnas.0307513100
https://doi.org/10.1073/pnas.0307513100
https://doi.org/10.1371/journal.pbio.3000384
https://doi.org/10.1002/hep.29086
https://doi.org/10.1016/j.jhep.2018.03.019
https://doi.org/10.1016/j.jhep.2018.03.019
https://doi.org/10.1111/hepr.12464
https://doi.org/10.1016/j.jhep.2018.03.019
https://doi.org/10.1016/j.jhep.2018.03.019
https://doi.org/10.3969/j.issn.1001-5256.2022.02.009
https://doi.org/10.1186/s13045-020-00918-x
https://doi.org/10.1186/s13045-020-00918-x
https://doi.org/10.1016/j.jhep.2021.06.028
https://doi.org/10.1016/j.jhep.2021.06.028
https://doi.org/10.1016/j.canlet.2019.12.002
https://doi.org/10.3748/wjg.v25.i40.6041
https://doi.org/10.1186/s40425-019-0766-y
https://doi.org/10.1016/j.pnmrs.2015.06.001
https://doi.org/10.1148/radiol.2021204700
https://doi.org/10.1186/s13045-021-01167-2
https://doi.org/10.1186/s13045-021-01167-2
https://doi.org/10.1016/j.bios.2021.113246
https://doi.org/10.1136/jitc-2021-003133
https://doi.org/10.1148/radiol.2017170365
https://doi.org/10.1093/bib/bbaa164
https://doi.org/10.1007/s00330-020-07559-1
https://doi.org/10.1053/j.gastro.2018.01.064
https://doi.org/10.1016/j.cld.2015.01.005
https://doi.org/10.1016/s0168-8278(87)80546-9
https://doi.org/10.1016/s0168-8278(87)80546-9
https://doi.org/10.1007/BF01296626
https://doi.org/10.1080/02656736.2022.2062463
https://doi.org/10.1016/j.ejso.2021.11.120
https://doi.org/10.1186/s40644-022-00457-3
https://doi.org/10.1155/2022/5639820
https://doi.org/10.1007/s00330-022-08737-z
https://doi.org/10.1007/s12072-022-10321-y
https://doi.org/10.1159/000505694
https://doi.org/10.1038/s41575-020-0314-8
https://doi.org/10.3389/fonc.2023.990306
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Xiong et al.

67. Gao Q, Wang ZC, Duan M, Lin YH, Zhou XY, Worthley DL, et al. Cell culture system
for analysis of genetic heterogeneity within hepatocellular carcinomas and response to
pharmacologic agents. Gastroenterology (2017) 152(1):232-242.e4. doi: 10.1053/
j.gastr0.2016.09.008

68. Phan DV, Chan CL, Li AA, Chien TY, Nguyen VC. Liver cancer prediction in a
viral hepatitis cohort: A deep learning approach. Int J Cancer (2020) 147(10):2871-8.
doi: 10.1002/ijc.33245

69. Chaichana A, Frey EC, Teyateeti A, Rhoongsittichai K, Tocharoenchai C, Pusuwan
P, et al. Automated segmentation of lung, liver, and liver tumors from Tc-99m MAA
SPECT/CT images for y-90 radioembolization using convolutional neural networks. Med
Phys (2021) 48(12):7877-90. doi: 10.1002/mp.15303

Frontiers in Oncology

12

10.3389/fonc.2023.990306

70. Tsujimura K, Asamoto M, Suzuki S, Hokaiwado N, Ogawa K, Shirai T. Prediction
of carcinogenic potential by a toxicogenomic approach using rat hepatoma cells. Cancer
Sci (2006) 97(10):1002-10. doi: 10.1111/j.1349-7006.2006.00280.x

71. Seo H, Huang C, Bassenne M, Xiao R, Xing L. Modified U-net (mU-net) with
incorporation of object-dependent high level features for improved liver and liver-tumor
segmentation in CT images. IEEE Trans Med Imaging (2020) 39(5):1316-25. doi: 10.1109/
TMI.2019.2948320

72. Wang J, Lv P, Wang H, Shi C. SAR-U-Net: Squeeze-and-excitation block and
atrous spatial pyramid pooling based residual U-net for automatic liver segmentation in
computed tomography. Comput Methods Programs BioMed (2021) 208:106268.
doi: 10.1016/j.cmpb.2021.106268

frontiersin.org


https://doi.org/10.1053/j.gastro.2016.09.008
https://doi.org/10.1053/j.gastro.2016.09.008
https://doi.org/10.1002/ijc.33245
https://doi.org/10.1002/mp.15303
https://doi.org/10.1111/j.1349-7006.2006.00280.x
https://doi.org/10.1109/TMI.2019.2948320
https://doi.org/10.1109/TMI.2019.2948320
https://doi.org/10.1016/j.cmpb.2021.106268
https://doi.org/10.3389/fonc.2023.990306
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Quantitative analysis of artificial intelligence on liver cancer: A bibliometric analysis
	Introduction
	Methods
	Data sources and search strategies
	Strategy of manual screening
	Bibliometric analysis and visualization

	Results
	Global trend of publications and citations
	Analysis of productive countries/regions
	Analysis of productive institutions
	Analysis of authors and co-cited authors
	Analysis of top journals
	Analysis of top cited references and co-citation references
	Analysis of keywords

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


