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Objective: Using visual bibliometric analysis, the application and
development of artificial intelligence in clinical esophageal cancer are
summarized, and the research progress, hotspots, and emerging trends of
artificial intelligence are elucidated.

Methods: On April 7th, 2022, articles and reviews regarding the application of
Al in esophageal cancer, published between 2000 and 2022 were chosen from
the Web of Science Core Collection. To conduct co-authorship, co-citation,
and co-occurrence analysis of countries, institutions, authors, references, and
keywords in this field, VOSviewer (version 1.6.18), CiteSpace (version 5.8.R3),
Microsoft Excel 2019, R 4.2, an online bibliometric platform (http://bibliometric.
com/) and an online browser plugin (https://www.altmetric.com/) were used.

Results: A total of 918 papers were included, with 23,490 citations. 5,979
authors, 39,962 co-cited authors, and 42,992 co-cited papers were identified
in the study. Most publications were from China (317). In terms of the H-index
(45) and citations (9925), the United States topped the list. The journal "New
England Journal of Medicine” of Medicine, General & Internal (IF = 91.25)
published the most studies on this topic. The University of Amsterdam had the
largest number of publications among all institutions. The past 22 years of
research can be broadly divided into two periods. The 2000 to 2016 research
period focused on the classification, identification and comparison of
esophageal cancer. Recently (2017-2022), the application of artificial
intelligence lies in endoscopy, diagnosis, and precision therapy, which have
become the frontiers of this field. It is expected that closely esophageal cancer
clinical measures based on big data analysis and related to precision will
become the research hotspot in the future.
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Conclusions: An increasing number of scholars are devoted to artificial
intelligence-related esophageal cancer research. The research field of
artificial intelligence in esophageal cancer has entered a new stage. In the
future, there is a need to continue to strengthen cooperation between
countries and institutions. Improving the diagnostic accuracy of esophageal
imaging, big data-based treatment and prognosis prediction through deep
learning technology will be the continuing focus of research. The application
of Al in esophageal cancer still has many challenges to overcome before it

can be utilized.

KEYWORDS

esophageal cancer, artificial intelligence, bibliometric, CiteSpace, VOSviewer

Introduction

Atypical hyperplasia and infiltration of the esophageal squid
epithelium or glandular epithelium leads to the emergence of
esophageal carcinoma (EC), which is mainly divided into two
types, esophageal adenocarcinoma (EAC) and esophageal
squamous cell carcinoma (ESCC), according to the
proliferation of different epithelia. Globally, ESCC accounts for
84% of esophageal cancer cases, while EAC accounts for 15% (1,
2). EC is the seventh most common cancer (by incidence) and
the sixth most lethal cancer (by mortality), with a fatality rate of
more than 50% for new patients (3, 4). In terms of esophageal
cancer incidence, industrialized and developing countries vary
markedly (5-7). Esophageal cancers have a particularly dismal
prognosis since they often generate no symptoms and are thus
detected late in their progression. Resection and definitive cure
are typically out of the question at this point. More than half of
patients with esophageal cancer have distant metastases or
unresectable illness (8). These factors result in a poor 5-year
survival rate that, while rising with time, remains at only
18% (9).

Artificial intelligence (AI) has been established and has
played a considerable role in the medical industry, owing to
the emergence of deep-learning algorithms, computer hardware
developments, and the exponential rise of data that is generated
and used for clinical decision-making (10, 11). Al is defined as
machine intelligence as opposed to genuine human intelligence.
It is a branch of computer science concerned with creating a
machine that can imitate human cognitive abilities such as
learning and problem solving (12, 13). The two primary
disciplines of AI in the medical profession are virtual and
physical. Machine learning (ML) and deep learning (DL) are
two fields of artificial intelligence (AI). Convolutional neural
networks (CNNG), a type of deep neural network, are multilayer
artificial neural networks (ANNs) that may be used to analyze
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images. Medical equipment and robotics are examples of
physical AI (14). As more multidimensional data are created
in normal esophageal cancer therapy and care, Al can assist
doctors in developing a customized image of a patient
throughout the progression of their care, eventually guiding
therapeutic decisions. These decisions are based on the
integration of different, complicated data streams, such as
clinical presentation, patient history, esophageal carcinoma
pathology, genetics, and endoscopic imaging, as well as the
marriage of these data to the results of an ever-growing body
of scientific literature. There is now a computational foundation
for integrating and synthesizing these data to forecast where the
patient’s treatment journey will lead and, eventually, enhance
management decisions.

While there are many reasons to be optimistic, there are
several obstacles to the successful integration of Al in clinical
esophageal cancer. In terms of EC detection of premalignant
and malignant lesions, while histopathologic examination is
the gold standard for establishing the diagnosis of EC and
determining the presence of dysplasia, endoscopists must
collect targeted biopsies from particular areas that host the
real lesion. AI can assist clinicians in performing directed
biopsies rather than depending on random samples by
detecting locations that may harbor Barrett’s esophagus with
or without dysplasia; this AI assisted method of biopsy has
been presented as a potential solution to the aforementioned
problem (15, 16). Some esophageal cancer studies employed
CNNs models as classifiers, while others used joint
diagonalization principal component analysis (JDPCA),
VGG16 Net, or Google Net. Although the values of accuracy,
sensitivity, and specificity in esophageal SCC identification
varied between studies, all models performed at least as well
as endoscopists in lesion recognition and characterization, if
not significantly better (17-21). Two studies by Nakagawa et al.
(22) and Shimamoto et al. (23) used separate validation

frontiersin.org


https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Tu et al.

datasets to create models that predicted esophageal malignancy
depth using a DL model based on a CNNs with a belief-
propagation decoder. These models predicted invasion depth
with an accuracy of 89.2% and 91%, respectively, with
sensitivities of 70.8% and 90.1% and specificities of 94.4%
and 95.8%. In terms of predictive ability, artificial neural
networks (ANNs) were used by Mofidi et al. (24) to predict
the survival rates of patients after surgical resection for the first
year and third year with an accuracy of 88% and 91.5%,
respectively as early as 2006. With the constant advancement
of machine learning algorithms, Moghtadaei et al. (25)
discovered in 2014 that early squamous dysplasia, a risk
factor for esophageal cancer, is important for predicting the
prognosis risk of postoperative patients and for clinical
screening of high-risk groups using the least squares’
technique based on an evolutionary algorithm. Subsequently,
a support vector machine (SVM)-based diagnostic model for
esophageal cancer lymph node metastases was presented. To
develop an SVM esophageal cancer lymph node metastasis
prediction model, preoperative basic information and different
index information on CT images of esophageal cancer patients
undergoing radical chemotherapy were gathered. The area
under the ROC curve was 0.887 (26). Chen et al. (27)
developed a new diagnosis approach for esophageal
squamous cell carcinoma (ESCC) in 2020, using a machine
learning system with plasma metabolomics. The study
combined plasma metabolomics with machine learning
methods. For the early detection of ESCC, this new ESCC
diagnostic approach can be applied.

Keeping up with the rapidly changing corpus of literature is
vital not just because new discoveries occur from a wide range of
fields, but also because new results may profoundly alter the
collective knowledge of everyone researching AI (28). As interest
in AT application research in the field of EC has grown rapidly,
and a significant number of relevant papers have been published,
it has become challenging for academics to identify the most
recent advancements and research hotspots in this subject.
According to current research, Al is still evolving quickly and
is only in its early stages of application in the field of EC. The
following research will benefit much from summarizing its
worldwide research trends and research hotspots. However, no
research on bibliometric analysis has been conducted to
synthesize the literature in this domain. Bibliometric analysis
(29-31), which has been widely used in many fields (32, 33), is
an information visualization method for comprehending the
knowledge structure and identifying the research frontiers or
hotspots of a specific field by summarizing all of the literature in
that field from around the world and quantitatively analyzing the
literature data and metrological characteristics using
mathematical and statistical methods. The data from the
database may also be used to analyze and compare the
research status of other nations, institutions, and authors, so
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that we can better comprehend scientific publications and better
illustrate the research patterns (34-36).

Here, we determine the countries, institutions, authors, or
journals with the highest citations/publications of Al in the field
of EC by collecting literature data in the database, and therein
describe the challenges faced in the EC clinical translation of AL
The aim of this study is to characterize the application and
progress of Al in EC from 2000 to 2022 utilizing bibliometric
analysis and to identify the current research progress, hotspots,
and emerging trends of AI in EC, which may assist new
researchers comprehending future research and identifying
areas of interest for further research.

Methods
Database

The data source was The Science Citation Index Expanded
(SCI-Expanded) of Clarivate Analytics’ Web of Science Core
Collection (WoSCC). Web of Science applies a strict screening
process. Bradford’s Law in bibliometrics states that only
prominent academic publications from many areas are
included. SCIE, as a journal citation subdatabase of WoSCC, is
a multidisciplinary comprehensive database covering the field of
natural science, with over 8,600 global authoritative journals
encompassing 176 topic categories.

Search strategy

To guarantee that no data updates were made, two
researchers from our organization examined the information
of papers concerning Al in the field of EC simultaneously and
finished the search in one day. The articles’ titles, keywords,
abstracts, authors, institutions, and reference data were obtained
and stored in plain text format. The following was the
search formula:

1#: esophag* (Topic) or oesophag* (Topic) or gullet (Topic)
and Article OR Review (Document Type) and English
(Language) [103,423results]

2#: cancer* (Topic) or tumor* (Topic) or tumor* (Topic) or
neoplas* (Topic) or onco* (Topic) or carcinoma* (Topic) and
Article OR Review (Document Type) and English (Language)
[3,272,272 results].

3#: 1# AND 2# [54,077 results]

4#: artificial intelligent* (Topic) or computational NEAR/5
intelligence (Topic) or expert* system* (Topic) or intelligent
learning (Topic) or feature* extraction (Topic) or feature*
mining (Topic) or feature* learning (Topic) or machine
learning (Topic) or feature* selection (Topic) or unsupervised
clustering (Topic) or image* segmentation (Topic) or supervised

frontiersin.org


https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Tu et al.

learning (Topic) or semantic segmentation (Topic) or deep
network* (Topic) or bayes* network (Topic) or deep learning
(Topic) or neural network* (Topic) or neural learning (Topic) or
neural nets model (Topic) or artificial neural network (Topic) or
data mining (Topic) or graph mining (Topic) or data clustering
(Topic) or big data (Topic) or knowledge graph (Topic) or AI
(Topic) and Article OR Review (Document Type) and English
(Language) [1,068,667 results].
5#: 3% AND 4# [1,074 results].

Data analysis and visualization

Two researchers independently analyzed the data to ensure
the accuracy of the data and the repeatability of the research.
Microsoft Excel 2019 was used to analyze and export the files of
top-cited or productive authors, countries/regions, publications,
journals, and institutions. H-index was a hybrid index proposed
by Hirsch that can be used to evaluate academic achievements
(37). Altmetrics, which was introduced in 2012, is a
supplemental statistic used to monitor reader behaviors as well
as interactions with content and social media (38, 39).

CiteSpace is a popular information visualization method in
the field of knowledge graphs (40). This review uses CiteSpace
5.8.R3 (64-bit) to accomplish visualization to obtain insights into
the application of AI on EC and identify the research horizon
and knowledge base of the field in large amounts of data. The
most often employed metrics in bibliometric analysis are co-
authorship, co-citation, and co-occurrence analysis (41-43). The
purpose of co-authorship analysis is to examine the link between
authors, nations, or organizations based on the number of
articles produced together. Co-occurrence analysis is a
quantitative tool for analyzing the connection between several
objects based on whether they appear together. Co-citation
analysis demonstrates the degree of the association between
cited things based on the number of citing items (44-46).
Significantly, when the clustering function was activated, the
Modularity Q and Mean Silhouette scores had a significant
influence on visualization, indicating an overall structural
feature of the network. Overall, Q > 0.3 revealed a strong
structure. If S was more than 0.5, the cluster considered
logical (47).

The VOSviewer is a scientific knowledge graph application
that can depict the structure, progression, coordination, and
other aspects of knowledge fields by constructing linkages and
visually analyzing literary knowledge items (48). In this research,
citation/co-citation and keyword cooccurrence analyses were
performed. In addition, for country/region co-authorship and
publication analyses, an online analytic platform (http://
bibliometric.com/) and the bibliometrix R package for
bibliometric analysis were used. The calculation of the
almetrics is performed as “Almetric Attention Scores” through
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a free browser plugin provided by Almetric (https://www.
altmetric.com/).

Research ethics

The data used in this study were acquired from an open
source and do not require approval by any ethical committee.

Results
Basic statistical analysis

Global trends of publication and citation

As per the study strategy flowchart, we eventually gathered
918 publications from the Web of Science (SCI-E) panning the
previous 22 years, comprising 769 articles and 149 reviews
(Figure 1). Figure 2 shows that since 2000, AI research in EC
has continuously expanded year after year. The number of
published papers was small during the earlier years that were
analyzed. Meanwhile, the average number of citations each year
per document was not stable, and the range of variation was
spacious. Over the last decade, research has advanced quickly,
accounting for more than 80% of all publications. The growth
rate over the last 6 years has resembled exponential growth,
whereas average citations have remained approximately 30. The
phenomena demonstrate that the application of artificial
intelligence in esophageal cancer research is gaining traction,
and the quality of papers in the field has been improved. As of
the search date (April 10, 2022), all papers have been cited
23,490 times, with an H-index of 74 and an average citation
count of 25.37.

Contributions of top productive
countries/regions

In this category, 53 countries/regions have published
relevant publications. According to the global map in
Figure 3A, nations that have produced more than 200 papers
included the United States and China. Figure 3B depicts the
publishing tendencies of the top ten nations over the last 22
years. Supplementary Table 1 shows that China is placed at the
top (with 317 articles). However, the United States ranked top in
overall citations (9,927 times), outnumbering China, which
ranks second (4,153 times). We applied VOSviewer to
examine the collaboration (Figure 3C). When the minimum
number of articles was set at higher than 5, 31 nations were
included. The lines connecting nodes represent co-authorship
between countries, and the thicker the line is, the stronger the
collaboration. This co-authorship visualization map revealed
that the top five TLS (total link strength) countries were the
United States, the United Kingdom, the Netherlands, Germany,
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® Meeting Abstract/papers: 11
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® Article: 769
® Review: 149
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FIGURE 1
Flowchart of the study strategy.
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FIGURE 2
Global trend of publications and average citation on artificial intelligence research in esophageal carcinoma (2020-2022).

and China. As seen in Figure 3D, the United States had the Contributions of top journals

closest collaboration with numerous nations, the most All of the papers were published in a total of 638 journals, with
significant of which were China, the Netherlands, and the 378 of the journals publishing at least 10 articles. Table 1 shows that
United Kingdom. Other countries” collaboration, on the other the top three most productive journals were the New England
hand, was fragile. Journal of Medicine (324, 30.29%), Gastroenterology (300, 32.68%),
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(A) World map based on the total publications of different countries/regions. (B) The changing consistence of the annual publication quantity in
the top 10 countries/regions from 2000 to 2022. (C) The countries/regions’ citation networkvisualization map generated by using VOSviewer.
The thickness of the lines reflected the citation strength. (D) The international collaborations' visualization map of countries/regions. The
thickness of the line between countries reflects the frequency of the cooperation.

TABLE 1 Top 10 journal published analysis concerning the research of Al on EC (2000 - 2022).

Rank Journal Title Country Count IF (2020) JCR (2020) Research Area H-index
1 New England Journal of Medicine USA 324 91.25 Q1 Medicine, General & Internal 1,030
2 Gastroenterology UK 300 22.68 Q1 Gastroenterology & Hepatology 402
3 Gut UK 269 23.05 Q1 Gastroenterology & Hepatology 293
4 Gastrointestinal Endoscopy USA 244 9.43 Q1 Gastroenterology & Hepatology 200
5 PloS One USA 240 3.24 Q2 Multidisciplinary Sciences 332
6 Ca-A Cancer Journal for Clinicians USA 235 508.7 Q1 Oncology 168
7 Journal Of Clinical Oncology USA 234 24.01 Q1 Oncology 548
8 International Journal of Cancer Switzerland 222 7.396 Q1 Oncology 234
9 Technology In Cancer Research & Treatment — USA 215 3.34 Q4 Oncology 63
10 Nature UK 211 49.962 Q1 Multidisciplinary Sciences 1,226

and Gut (269, 29.30%). Furthermore, the total number of citations
in the New England Journal of Medicine was 464,376, which was
much higher than in other publications. Table 1 represents the best
ten journals that published the most articles on AI on EC between
2010 and 2022. The New England Journal of Medicine ranked
highest with approximately 1,030 publications. In general, the topic
scope includes Gastroenterology, Hepatology, Oncology, Medicine,
General & Internal Medicine, Multidisciplinary Sciences, and so on.
Ca-A Cancer Journal for Clinicians has the greatest impact factor
among the top ten journals, with approximately 508.7. Eight of the
top ten journals listed in Table 1 were located in Q1. Figure 4 shows
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the link between citing and cited journals using a dual map of
journals. It was clear that there were primarily three citation paths
(1): Molecular, Biology and Immunology—Molecular, Biology,
Genetics; (2) Medicine, Medical, Clinical—Molecular, Biology and
Immunology; (3) Medicine, Medical, Clinical—Health, Nursing,
Medicine. The citing papers are mainly concentrated in 3 circles
including 3 fields (1) Molecular, Biology and Immunology; (2)
Neurology, Sports, Ophthalmology; and (3) Medicine, Medical,
Clinical. The cited papers were mainly located in 4 circles
containing 6 fields (1) Health, Nursing, Medicine; (2)
Dermatology, Dentistry, Surgery; (3) Molecular, Biology, Genetics;
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5. PHYSICS, MATERIALS, CHEMISTRY

ATMATHEMATICS, SYSTEMS, MATHEMATICAL

FIGURE 4

10.3389/fonc.2022.972357

A dual-map overlap of journals on Al research in EC carried out by Citespace.

(4) Chemistry, Materia, Physics (5) Mathematical, Mathematics,
Mechanics; and (6) Systems, Computing, Computer.

Analysis of institution and co-institution

More than 118 universities played an active role in Al
application research at the European Commission, with the top
three TLSs being the University of Amsterdam (TLS = 72),
Catharina Hospital (TLS = 64), and Eindhoven University of
Technology (TLS = 53). Table 2 outlines the top ten institutions
with the largest contribution, with the leading three being the
University of Amsterdam, Memorial Sloan Kettering Cancer
Center, Catharina Hospital, and Chinese Academy of Sciences,
with 25, 22, and 20 papers, respectively. Nevertheless, most
institutions were dispersed and there was insufficient partnership,
with most partnerships having performed at American and Chinese
universities (Figure 5A). We launched Cite Space and generated a
network as usual: 2000-2022, 1 year slice length Node Choose a
node type: Institution, g-index (k = 25), Pathfinder selection, slice
time pruning, and combined network pruning. Other parameters
were set to their default values.

In addition, the Co-institutions knowledge mapping was
constructed, with N = 530 and E = 745. (Density was 0.053).
Figure 5B reveals which universities have the most research
strengths. The outermost purple circle indicates that Chinese
Academic Science, University of Amsterdam, Memorial Sloan
Kettering Cancer Center, Saint Antonius Hospital, Catharina
Hospital, Cambridge University Hospitals NHS Foundation
Trust, University of Texas MD Anderson Cancer Center, Univ
Maryland, Duke University, and University of North Carolina
play a major role in the study of Al in EC. Their centrality values
are 0.19, 0.18, 0.17, 0.16, 0.14, 0.14, 0.12, 0.11, 0.10, and 0.10.

Analysis of author and co-author

The research includes 5 979 authors and 39,962 co-cited
writers. Table 3 displays the top ten most prolific writers as well
as the top ten co-cited authors with the most citations. Tewari
Ashutosh K, Menon Mani, and Patel Vipul R were in the top
three, with 66, 54, and 51 articles, respectively. Figure 6A
demonstrates that the author’s centrality was less than 0.1 and
that only a few interconnections were visible in the author’s

TABLE 2 Top 10 institutes in the publications concerning the research of Al on EC.

Rank Institutions

—

University of Amsterdam

Catharina Hospital

Chinese Academy of Sciences

The University of Texas MD Anderson Cancer Center
University of Chinese Academy of Sciences

University of Tokyo

National Cancer Centre Singapore

Zhengzhou University

MBI - L I YU R S

Chinese Academy Medical Science & Peking Union Medical College

—_
(=}

Eindhoven University of Technology

Frontiers in Oncology

Countries/regions Counts TLS Total citations
Netherlands 25 72 879
Netherlands 22 64 581
China 20 29 714
USA 18 39 536
China 15 14 373
Japan 15 53 756
Singapore 14 9 450
Zhengzhou 13 12 544
Beijing 13 7 2
Netherlands 13 53 238
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line between the nodes, the closer the two institutions work together. The
strong intermediary role in the field (centrality>0.1).

cooperation network map. The betweenness centrality (BC) of a
node is an indication of its centrality that can show the
importance of nodes in networks. In general, nodes with BC
values greater than 0.1 hold important places linking a
significant number of nodes and are typically characterized as
hub nodes, which are depicted in purple rings (49).

Mani Menon, Ficarra V, and Tewari Ashutosh K had the
most citations in a co-cited author network study. Tewari A’s
and Kattan MW’s BC were as high as 0.4 and 0.35, respectively,
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showing that their contributions had a significant impact in this
sector. The modularity Q value was used to assess the network’s
clustering impact. The higher the value is, the better the
network’s clustering performance. The silhouette value, which
was used to quantify network homogeneity, was another
indication. The modular Q value was 0.7218, and the mean
silhouette S value was as high as 0.9248, as shown in Figure 6B,
showing that the clustering effect and network homogeneity
were reliable.
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TABLE 3 The 10 most productive authors and the top 10 co-cited authors with the highest citations.

10.3389/fonc.2022.972357

Rank Author Country Count Total citations Co-cited author Country Count Total citations Centrality
1 Jacques ] G H M Bergman Netherlands 16 459 Freddie Ian Bray France 89 304 0.00
2 Tomohiro Tada Japan 12 384 Prateek Sharma USA 87 1907 0.04
3 Fons Van Der Sommen Netherlands 12 203 Yoshimasa Horie Japan 56 691 0.04
4 Wouter L Curvers Netherlands 10 403 Jacques Ferlay France 53 748 0.01
5 Prateek Sharma United States 10 303 Jesper Lagergren Sweden 52 1591 0.15
6 Ryu Ishihara Japan 8 94 Lambin Philippe Belgium 46 562 0.04
7 Sybren L Meijer Netherlands 7 140 Rebecca L Siegel USA 46 417 0.00
8 Erik J Schoon Netherlands 7 195 Hirasawa Toshiaki Japan 45 1025 0.06
9 Alanna Ebigbo Germany 7 53 Nicholas J Shaheen USA 45 136 0.04
10 Raf Bisschops Belgium 6 189 Thomas William Rice USA 43 1107 0.12
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Analysis of cited references

This analysis included a total of 918 publications, 80 of
which were cited at least ten times. Horie Y et al. (50) had the
highest total citation frequency, as stated in Table 4, with 61
citations (Local). Guo L] et al. (51) came in second place with
41 citations. Since an article’s almetrics are mostly determined
by its network exposure. Greater network influence is indicated
by higher scores. With Almetric Attention scores of 57, the
article by the author of De Groof AJ et al. (52) is the most
influential in social media and other networks, having been
referenced by 6 news sites, 17 tweeters, and 2 Facebook pages.
The co-citation network analysis of references is depicted
graphically in Figure 7A. According to the analysis results,
the Modularity Q was 0.9469, and the mean Silhouette S was
0.8448, indicating an outstanding clustering effect and strong
network homogeneity. Given that the majority of the included
papers were published within the previous 6 years, we used co-
cited reference clustering based on the most recent publications
to better identify the research fronts in Figure 7B. The
Modularity Q and mean Silhouette S both demonstrated a
great clustering effect and network homogeneity. Finally, we
obtained 11 clusters that clearly demonstrate the hotspots and
cutting-edge content of artificial intelligence in the area of
esophageal cancer in recent years. More than half of the
clusters “treatment response” (#4), “CTV segmentation” (#6),
“positron-emission tomography” (#7), “radiomics” (#8),
“radiotherapy” (#9), and “neoadjuvant chemotherapy” (#10)
are relevant for the accurate diagnosis and treatment of
esophageal cancer. Figure 7C also depicts a timeline view of
the co-citation references, which reflects the evolution of
research hotspots through time. The clustering findings
revealed that it could be classified into 38 groups, yet only
the top 14 were shown in Figure 7A. The largest cluster was
“radiomics” (#0) (53-56), while “tumor segmentation”(#6)
(57-61)was the earliest research in this field. “Endoscopy”

TABLE 4 Top 10 local cited documents concerning the research of Al
Rank Author Journals

1 Horie Y; et al. 2019 Gastrointestinal Endoscopy
2 Guo LJ; et al. 2020 Gastrointestinal Endoscopy
3 De Groof AJ; et al. 2020 Gastrointestinal Endoscopy
4 Ohmori M; et al. 2020 Gastrointestinal Endoscopy
5 Van Der Sommen F; et al. 2016 Endoscopy

6 Cai SL; et al. 2019 Gastrointestinal Endoscopy
7 Zhao YY; et al. 2019 Endoscopy

8 Nkagawa K; et al. 2019 Gastrointestinal Endoscopy
9 Hashimoto R; et al. 2020 Gastrointestinal Endoscopy
10 Tokai Y; et al. 2020 Esophagus-Tokyo

Frontiers in Oncology

10.3389/fonc.2022.972357

(#9) (62-65) and “deep learning” (#2) (66-70) were the latest
research hotspots. Figure 7D exhibits the top 25 references with
the strongest citation bursts. The citation eruption in this
discipline began in 2009.

Analysis of keywords

Keyword frequency analysis clarifies the research patterns in
this study. As seen in Figure 8A by the VOSviewer, cancer,
esophageal cancer, and adenocarcinoma had frequencies of
more than 100 times, and squamous-cell carcinoma,
diagnostic, survival, Barrettes-esophagus, classification, deep
learning, risk, artificial intelligence, expression, and other
related terms were reasonably high with frequencies of over 50
times. We practiced CiteSpace to create a network. The nodes
were revised based on the co-occurrence of keywords, and the
log-likelihood (LLR) algorithm was used to calculate clustering.
That can be seen in Figure 8B, the Modularity Q score was
0.7682 and the Mean Silhouette score was 0.8941. There were a
total of 22 clusters, as listed in Supplementary Table 2.

Clusters are characterized along a horizontal timeline in a
timeline visualization. Figure 8C illustrates the 22 clusters.
Each one may show the progress of Al research on EC from
2000 to 2022. The most recent hotspots in this area were “deep
learning” (#5) (71). Citation bursts are terms that occur
abruptly in a short period of time or whose usage frequency
dramatically increases.

Generally, citation bursts indicates the evolution of the study
issue over time, just as shown in Figure 8D. The term eruption in
this field began in 2001, showing that the use of artificial
intelligence in the field of esophageal cancer has been drawing
interest for more than 20 years. It can be seen from the figure
that the salient intensity of deep learning is the highest,
suggesting that future research on artificial intelligence in
esophageal cancer will be carried out with deep learning.

on EC.

DOI Year Local Almetric
Citations  Attention Scores
10.1016/}.gie.2018.07.037 2019 61 12
10.1016/j.gie.2019.08.018 2020 41 12
10.1053/j.gastro0.2019.11.030 2020 36 57
10.1016/j.gie.2019.09.034 2020 35 5
10.1055/5-0042-105284 2016 34 51
10.1016/j.gie.2019.06.044 2019 34 16
10.1055/a-0756-8754 2019 32 1
10.1016/j.gie.2019.04.245 2019 31 17
10.1016/j.gie.2019.12.049 2020 30 29
10.1007/510388-020-00716-x 2020 29 0
10 frontiersin.org
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D Top 25 References with the Strongest Citation Bursts
References Year Strength Begin End 2000 - 2022
Singh R, 2008, ENDOSCOPY, V40, P457, DOI 10.1055/5-2007-995741, DOL 2008 5.03 2000 2013 ——
‘Wang KK, 2008, AM J GASTROENTEROL, V103, P788, DOI 10.1111/).1572-0241.2008.01835.x, DOI 2008 4.4 2000 2013 —.
Jemal A, 2011, CA-CANCER J CLIN, V61, P134 2011 8.64 2012 2015 e —
van Hagen P, 2012, NEW ENGL J MED, V366, P2074, DOI 10.1056/NEJMoal112088, DOI 2012 844 2013 2017 e—
‘Sharma P, 2013, GUT, V62, P15, DOI 10.1136/gutjnl-2011-300962, DOl 2013 4.86 2013 2016 a—
Pennathur A, 2013, LANCET, V381, P400, DOI 10.1016/S0140-6736(12)60643-6, DOI 2013 6.56 2015 2018 e — .
Tan S, 2013, INT J RADIAT ONCOL, V85, P1375, DOI 10.1016/j.ijrobp.2012.10.017, DOL 2013 6.01 2015 2018 J—
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Orlhac F, 2014, J NUCL MED, V55, P414, DOI 10.2967/jnumed. 113.129858, DOL 2014 437 2005 2018 a—
‘Napier KJ, 2014, WORLD J GASTRO ONCOL, V6, P112, DOI 10.4251/wjgo.v6.i5.112, DOL 2014 4.43 2006 2019 —
Torre LA, 2015, CA-CANCER J CLIN, V65, P87, DOI 10.3322/caac.21262, DOL 2015 822017 2019 a—
Yip C, 2015, DIS ESOPHAGUS, V28, P172, DOI 10.1111/dote.12170, DOL 2015 7.17 2017 2019 e — .
Aerts HIWL, 2014, NAT COMMUN, V5, P0, DOI 10.1038/ncomms3006, DO 2014 6.14 2017 2019 —
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LeCun Y, 2015, NATURE, V521, P436, DOI 10.1038/nature14539, DOl 2015 571 2009 2020 pa—
Esteva A, 2017, NATURE, V542, P115, DOI 10.1038/nature21056, DOL 2017 4.8 2019 2020 e ——
van der Sommen F, 2016, ENDOSCOPY, V48, P617, DOI 10.1055/5-0042-105284, DOI 2016 441 2009 2020 pa—
Bray F, 2018, CA-CANCER J CLIN, V68, P304, DOI 10.3322/caac.21492, DOL 2018 6.61 2020 2022 e —
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FIGURE 7
(A) Citespace visualization map of cluster view (cited references) (B) A landscape view of co-cited reference cluster analysis from 2017 to 2022.
(C) CiteSpace visualization map of timeline view. The time evolution is indicated with different colored lines, and the nodes on the lines indicate
the references cited. (D) CiteSpace visualization map of top 25 references with the strongest citation bursts from 2000 to 2022.
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FIGURE 8

(A) The network visualization map of the 96 keywords with a frequency of no less than 15 times generated by using VOSviewer. (A) All the
keywords could be clustered into 3 main clusters: #Cluster 1 (Cancer-Al-related study, red nodes), #Cluster 2 (Esophageal cancer Al-related
study, blue nodes), and #Cluster 3 (Adenocarcinoma Al-related study, green nodes). (B) A landscape view of keyword cluster analysis generated
by g-index (K = 25) per slice from 2000 to 20222. (LRF = 3.0, L/N = 10, LBY = 5, and e = 1.0). (C) CiteSpace visualization map of timeline view.
The time evolution is indicated with different colored lines, and the nodes on the lines indicate the keyword clusters appearance. (D) CiteSpace
visualization map of keywords with the strongest citation bursts from 2000 to 2022.
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Discussion

Artificial intelligence (AI) research has accelerated in the
previous 22 years, with clinical applications being examined for
the majority of medical professions. The discipline of EC, which is
highly dependent on imaging studies, is no exception.
Bibliometric analysis, as opposed to systematic review, uses
visual tools to completely examine the current literature to
intuitively comprehend the development pattern of research and
identify future research hotspots. This is the first studies to use
bibliometric analysis to summarize the contemporary use of Al in
EC and intuitively illustrate the development trend and future
research hotspots by applying two commonly used literature
measurement software tools: VOSviewer and CiteSpace.

The trajectory of the average citations of each article every
year over the last 22 years allows us to see changes in the volume
and quality of Al research in the field of esophageal cancer. The
instability of the average citations per paper per year in the early
days has developed into a relatively stable fluctuation range in
the past 6 years, which suggests that the development of the
entire discipline is maturing. China contributed the most to total
publishing volume of any country (Supplementary Table 1). The
number of contributions worldwide is growing year by year,
indicating that China places a significant importance on
scientific research in this domain (Figure 3B). Although China
ranks first in terms of the number of publications, the H-index of
China was only 29, with total citations of 4,425, even lower than
that of France (H-index=12, 1,665 cited), indicating that, while
the amount of literature in China has increased, it still lacks
high-quality articles, and the main reason for this may be that Al
research in China started late, with an average publication of
2018.68. Publication volume is followed by the United States, it
has the highest H-index, which shows that United States
publication has a greater impact around the world. According
to the nation contact map based on WOSCC data, the United
States has relations with numerous countries that are engaged in
this domain, including China and the Netherlands (Figure 3D).

The top 3 publishing journals (Table 1) were the New
England Journal of Medicine (IF = 91.25, Ql),
Gastroenterology (IF = 22.68, Q1), and Gut (IF = 23.05, QI).
The impact factor (IF), JCR category, and total citations are
useful indices of journal quality. Furthermore, the overall
citations of the New England Journal of Medicine greatly
outnumber those of other publications, confirming the
journal’s significant importance in this field. More studies on
the application of Al in EC are expected to be preferentially
published in the aforementioned journals in the future.
Furthermore, Gastroenterology, Gut, and Gastrointestinal
Endoscopy were high-yield journals with the potential to
produce additional high-quality papers in the future to
increase their academic reputation and impact factor. The
citing papers are mostly concentrated in three circles with
three fields, whereas the cited papers are mostly concentrated
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in four circles with six fields. This finding implies that
advancement in the field will require cross-disciplinary
collaboration. Furthermore, scholarly interest has
steadily increased.

The findings of research collaborations were also
considerably impacted by nation. The Netherlands had 3 of
the top 10 institutions (Table 2). This finding conveys that the
Netherlands’ research in this subject is becoming increasingly
relevant, and that it has emerged as a key research center. TLS is
a measure of the closeness of collaboration. The top 3 strongest
TLSs are held by the University of Tokyo and Eindhoven
University of Technology. With the exception of China, the
top ten most productive nations were developed countries,
indicating that research on the use of AI in EC in developing
countries was clearly falling behind that in developed countries.
As a result, we believe that China should aggressively maintain
strong cooperative contacts with other nations, and benefit from
the superior technology and research techniques of other
developed countries, in order to increase its impact in this
field. Additionally, the majority of institutions were distributed
with a density of 0.0001 (Figure 5B), indicating a lack of
international coordination among institutions.

Furthermore, co-authorship analysis revealed that the BC
value of each author was essentially less than 0.1, indicating that
even though a large number of scholars participated in the study,
they were relatively separated. In terms of co-cited authors,
Jesper Lagergren has a BC value of 0.14, indicating the relevance
of nodes within research networks. He was mainly engaged in
the causes, prevention and treatment of esophageal and gastric
cancer and related disorders, inputting data from multicenter for
modelling to predict cancer-specific mortality and published a
vast number of publications, demonstrating his significant
influence in this subject (72). Thomas William Rice was
another with a high BC value of 0.12 who was mostly involved
in his primary research interests in clinical thoracic surgery
(esophagus). It was discovered that staging esophageal and
esophagogastric junction tumors for clinical use is quite
significant (73).

The top 10 most cited publications reflect research hotspots
and priorities in the field of artificial intelligence applied in EC.
The majority of papers are concerned with the diagnosis of
premalignant or malignant lesions (esophageal cancer in
Barrett’s esophagus), the creation of objective scoring systems
for risk stratification, forecasting disease prognosis, or
therapeutic response. Co-citation analysis is frequently used to
assess an author’s academic influence. As shown in Table 4, the
most cited Chinese article in this study was Guo LJ et al. (51),
who primarily introduced a specially developed system for
computer-assisted diagnosis (CAD) for real-time automated
diagnosis of precancerous lesions and early esophageal
squamous cell carcinomas (ESCCs) to assist in the diagnosis of
esophageal cancer. At the same time, we cannot disregard a
paper’s review by networks such as social media. It is also
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commonly known that news spreads quickly on social media.
The Almetric Attention Scores can be used to analyse this
impact. De Groof AJ et al. (52) is the most influential in the
network of these ten papers. This article, with the appealing title
“With Higher Accuracy Than Endoscopists...... ” may be the
explanation for its high Almetric Attention scores. It should be
highlighted that public interaction or trends might be
contentious in regard to establishing scientific merit or making
policy changes.

The changes in research fronts can be seen through the
timeline view of clustering results of co-cited references
(Figures 7A, C). The earliest research laid emphasized on
“tumor segmentation”, diagnosis, and then turned to the use of

» o«

“deep learning”,

» o«

endoscope
other technologies. This change indicates that the early-stages of

gastrointestinal endoscope” and

research in this field mainly focused on the classification and
segmentation of esophageal tumor categories, then turned to the
use of new techniques to improve the accuracy and efficiency of
diagnosis and achieve early diagnosis. According to the citation
analysis in this field (Figure 7C), it first burst in 2009, which
suggests that the application of AT in esophageal cancer has just
begun in the last decade and a large number of co-citation
references are still being frequently cited. This indicates that Al
research on esophageal cancer will be a hot spot in the future,
especially in the area of esophageal endoscopic research (74). We
may learn about the specific study contents during the last 6 years
from the results of extensive analysis (Figure 7B). It mostly
consists of two directions. On the one hand, endoscopic
imaging or special endoscopy was utilized in these studies to
determine dysplasia. The most common analytical models
currently are neural networks and support vector machines.
Cross-validation has been widely used as a validation strategy in
these studies. Deep learning, as a rising star, obtained a
discriminating accuracy of approximately 90% in the research of
De Groof AJ et al. (52). They trialled a deep-learning computer-
aided detection (CAD) system for boosting endoscopic detection
of early neoplasia in patients having Barrett’s esophagus (BE). In
general, such models outperformed nonprofessional endoscopists
in distinguishing between normal and dysplastic/tumor images.
On the other hand, as diagnostic technology advances, the
discussion over precision therapy has improved. The creation of
the first treatment approach has a direct impact on the
management of esophageal cancer patients. A typical dilemma
is determining which combination of systemic medicine, radiation
therapy, and surgery is optimal for patients with various stages of
esophageal cancer. Predicting radiation sensitivity will help in the
development of this method. Suitably, deep learning has been
demonstrated to be capable of analysing multidimensional data
streams in the genomics area and making effective radiation
sensitivity predictions on data incorporating radiometric
indications. This finding marks the main direction of the
current research on the application of artificial intelligence in
esophageal cancer.
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The study of the frequency of keywords may reflect the
development tendency of research hotspots from another point
of view, which further confirms the findings of this study. As
shown in Figure 8A, we classified all keywords into three

» o«

clusters, named “cancer”, “adenocarcinoma” and “esophageal
cancer”. Based on the number of articles published in each year
(Figure 2), we divided the keywords into two periods for analysis
(1).2000-2016 The early stage of field development was a period
of delay. At this time, research was mainly concerned with about
the analysis of total cancer types (a part of it, gastrointestinal
tumor), which paid more attention to biological markers (75),
outcome (76), and risk factor (77) among others. However, the
analytical techniques used were limited, and data analysis was
still at a small-scale and superficial level. This scope of research
was different from the Al research in the field of other cancers
such as prostate cancer, which mainly focused on cancer
screening methods and surgical treatment methods (78) (2).
2017-2022 These six years represent a period of explosive growth
in the number of published articles. Computer-aided diagnosis
(79) and computer-aided therapy (80) have become the main
application directions, and deep learning (#5) has emerged as the
name of specific methods of artificial intelligence with the
highest word frequencyl3.89 (Figure 8D). Specifically, deep
learning plays a role in early detection (81), accurate
differentiation of precancerous lesions from tumor lesions
(82), determination of invasive tumor margins during surgical
treatment (83), monitoring of disease progression and acquired
drug resistance (84), and prediction of tumor aggressiveness
(85), metastasis pattern (86) and recurrence risk (87). The
innovation of esophageal imaging recognition and cancer
marker screening technology provides the possibility for
esophageal cancer detection, treatment and monitoring.
Deeper technical levels of AI at this stage come into play. The
application of AI in the field of esophageal cancer shows an
overall delay. After a delay of at least 10 years, the exploration of
the application of Al in EC has been carried out in the same way
as in other cancers. The reason for this phenomenon may be
related to the overall application and transformation of Al in the
field of cancer. It is in the initial stage and the effect of promotion
and application is limited (88).

Comparing the application in esophageal cancer with other
fields, modern research on the prognosis, survival and risk
factors for esophageal cancer is bound to become a hot spot in
the future. In particular, the word “database” appeared for the
first time in 2018. Obviously, with the emergence of big data, the
processing and application of large amounts of data has become
an important research method. Through big data, we can apply
artificial intelligence to conduct comprehensive analysis and
extensive research on clinical esophageal cancer. However, at
the same time, data require many human and financial
resources, making data collection very difficult and valuable,
which may be one of the reasons for the lack of cooperation in
most studies.
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Looking at the entire study, the application of artificial
intelligence in esophageal cancer has gone through two
significant stages. The early emphasis was on esophageal
oncogenes such as p53, classification/identification, and
comparison of esophageal cancer. Meanwhile, the risk factors
and prognosis of esophageal cancer were intermingled. Recently,
the database was coupled with deep learning, convolutional
neural networks, and machine learning. These areas are
considered is hotspots which are the recent frontier in the
examination, diagnosis, and therapy combination choices for
esophageal cancer. The subject of artificial intelligence research
for esophageal cancer is now approaching a new stage that will
lead to the term “precision”. As a result, it will undoubtedly
influence preoperative and postoperative nursing and clinical
procedures for patients with esophageal cancer.

AT currently appears to have indisputable potential, and in
laboratory settings it has shown good enough performance and
high enough precision to enhance the care of cancer patients and
impact the cancer field more broadly. With the further
development of artificial intelligence, the overall development
of esophageal cancer toward precise inspection, diagnosis and
treatment appears promising. The challenges of applying Al to
esophageal cancer in the future may mainly lie in individualized
data collection of esophageal cancer (such as information other
than clinical indicators, such as genetic information), data
quality (such as ethnic differences in data differences), and
data processing specifications (electronic health record
structure). Inconsistency), Al code reproduction (it is not
possible to share code now, it is difficult to reproduce and
promote existing results), and auxiliary diagnosis credibility
decision-making (results can only be truly credible after being
tested in practice.

Limitation

The study still has certain limitations. Since it takes an article
a certain amount of time to reach a certain number of citations,
high-quality articles from the last few years have not reached an
ideal number of citations, which can cause research deviation.
This delay, may also because a delay in the investigation of new
scientific frontier. Nonetheless, we added a new metric “Almetric
Attention scores” to minimize this limitation. Altmetrics
continues to face the issue of not being able to include the
continuously expanding media channels in a timely way (e.g.,
TikTok). Finally, in terms of retrieval time, it may result in the
loss of research hotspots in 2022. Only records before April were
included this year. Last but not least, our study in WoSCC only
contains English literature, which may result in the absence of
essential literature in other languages. In addition, future
research, databases such as Scopus and Google Scholar might
be incorporated and compared for more thorough results.
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Conclusion

In conclusion, artificial intelligence is steadily taking over
esophageal cancer research. Although China has the most
published articles in this discipline, the United States, the
Netherlands, and the United Kingdom have a greater
influence and involvement in this field. The frequency of
national research collaboration must be increased,
particularly for emerging nations. Nations should work hard
to retain strong ties with industrialized countries such as the
United States. The use of Al in the field of esophageal cancer is
generally behind, and the focus of this area will shift to
increasing diagnosis accuracy via deep learning technology,
therapy and prognosis prediction based on big data. The
difficulties of AI application in esophageal cancer may be
mostly found in personalized data collection, data quality,
data processing requirements, Al code reproduction, and
helped diagnosis decision-making dependability.

Data availability statement

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

Author contributions

The study was created by LW and X-QZ. J-XT gathered the
data and prepared the paper. The data were examined by X-TL,
H-QY, S-LY, L-FD, and R-LZ. The manuscript was revised and
reviewed by LW, X-QZ, and J-XT. The essay was written by all of
the writers, and the final version was approved by all of them.

Funding

This study was supported by the Economic Evaluation
Project of Early Diagnosis and Early Treatment of Urban
Cancer in Jiangxi Province (No. JXTC2020040486), the
National Natural Science Foundation of China (Grant
Nos.81960611, and 81960620), and the Nanchang University
Students’ innovation and entrepreneurship training
program (2022).

Acknowledgments

The authors would like to express their gratitude to Dr. Jie
KUANG and Dr. Yong LIU for their assistance in polishing the
English content of this publication.

frontiersin.org


https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Tu et al.

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

References

1. Bray F, Ferlay ], Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global
cancer statistics 2018: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries (vol 68, pg 394, 2018). CA Cancer ]
Clin (2020) 70(4):313. doi: 10.3322/caac.21609

2. Arnold M, Ferlay J, van Berge Henegouwen MI, Soerjomataram I. Global
burden of oesophageal and gastric cancer by histology and subsite in 2018. Gut
(2020) 69(9):1564-71. doi: 10.1136/gutjnl-2020-321600

3. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality
worldwide for 36 cancers in 185 countries. CA: Cancer J Clin (2021) 71(3):209-49.
doi: 10.3322/caac.21660

4. Arnold M, Soerjomataram I, Ferlay J, Forman D. Global incidence of
oesophageal cancer by histological subtype in 2012. Gut (2015) 64(3):381-7.
doi: 10.1136/gutjnl-2014-308124

5. Uhlenhopp DJ, Then EO, Sunkara T, Gaduputi V. Epidemiology of
esophageal cancer: update in global trends, etiology and risk factors. Clin J
Gastroenterol (2020) 13(6):1010-21. doi: 10.1007/s12328-020-01237-x

6. Yang S, Lin S, Li N, Deng Y, Wang M, Xiang D, et al. Burden, trends, and risk
factors of esophageal cancer in China from 1990 to 2017: an up-to-date overview
and comparison with those in Japan and south Korea. ] Hematol Oncol (2020) 13
(1):146. doi: 10.1186/s13045-020-00981-4

7. Salehiniya H, Hassanipour S, Mansour-ghanaei F, Mohseni S, Joukar F,
Abdzadeh E, et al. The incidence of esophageal cancer in Iran: A systematic review
and meta-analysis. Biomed Res Ther (2018) 5:2493-503. doi: 10.15419/
bmrat.v5i7.459

8. Enzinger PC, Mayer R]. Esophageal cancer. New Engl ] Med (2003) 349
(23):2241-52. doi: 10.1056/NEJMra035010

9. Peery AF, Crockett SD, Murphy CC, Jensen ET, Kim HP, Egberg MD, et al.
Burden and cost of gastrointestinal, liver, and pancreatic diseases in the united
states: Update 2021. Gastroenterology (2022) 162(2):621-44. doi: 10.1053/
j.gastro.2021.10.017

10. Esteva A, Robicquet A, Ramsundar B, Kuleshov V, DePristo M, Chou K,
et al. A guide to deep learning in healthcare. Nat Med (2019) 25(1):24-29.
doi: 10.1038/s41591-018-0316-z

11. Mitsala A, Tsalikidis C, Pitiakoudis M, Simopoulos C, Tsaroucha AK.
Artificial intelligence in colorectal cancer screening, diagnosis and treatment. A
New Era Curr Oncol (Toronto Ont) (2021) 28(3):1581-607. doi: 10.3390/
curroncol28030149

12. Russell, Norvig S. Artificial intelligence: A modern approach. Englewood
Cliffs, NJ: Prentice Hall (2010).

13. Abaimov S, Martellini M. Understanding machine learning. In: S Abaimov
and M Martellini, editors. Machine learning for cyber agents: Attack and defence.
Cham: Springer International Publishing (2022). p. 17-85. doi: 10.1007/978-3-030-
91585-8_2

14. Kudou M, Kosuga T, Otsuji E. Artificial intelligence in gastrointestinal
cancer: Recent advances and future perspectives. Artif Intell Gastroenterol (2020)
1:71-85. doi: 10.35712/aig.v1.i4.71

15. Hashimoto R, Requa J, Dao T, Ninh A, Tran E, Mai D, et al. Artificial
intelligence using convolutional neural networks for real-time detection of early
esophageal neoplasia in barrett’s esophagus (with video). Gastrointestinal
Endoscopy (2020) 91(6):1264-71.el. doi: 10.1016/j.gie.2019.12.049

Frontiers in Oncology

16

10.3389/fonc.2022.972357

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.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2022.972357/full#supplementary-material

16. van der Sommen F, Zinger S, Curvers WL, Bisschops R, Pech O, Weusten
BL, et al. Computer-aided detection of early neoplastic lesions in barrett's
esophagus. Endoscopy (2016) 48(7):617-24. doi: 10.1055/s-0042-105284

17. Cai SL, Li B, Tan WM, Niu XJ, Yu HH, Yao LQ, et al. Using a deep learning
system in endoscopy for screening of early esophageal squamous cell carcinoma
(with video). Gastrointestinal Endoscopy (2019) 90(5):745-53.2. doi: 10.1016/
j.gie.2019.06.044

18. Fukuda H, Ishihara R, Kato Y, Matsunaga T, Nishida T, Yamada T, et al.
Comparison of performances of artificial intelligence versus expert endoscopists
for real-time assisted diagnosis of esophageal squamous cell carcinoma (with
video). Gastrointestinal Endoscopy (2020) 92(4):848-55. doi: 10.1016/
j.gie.2020.05.043

19. Liu G, Hua J, Wu Z, Meng T, Sun M, Huang P, et al. Automatic classification
of esophageal lesions in endoscopic images using a convolutional neural network.
Ann Transl Med (2020) 8(7):486. doi: 10.21037/atm.2020.03.24

20. 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

21. Zhao YY, Xue DX, Wang YL, Zhang R, Sun B, Cai YP, et al. Computer-
assisted diagnosis of early esophageal squamous cell carcinoma using narrow-band
imaging magnifying endoscopy. Endoscopy (2019) 51(4):333-41. doi: 10.1055/a-
0756-8754

22. Nakagawa K, Ishihara R, Aoyama K, Ohmori M, Nakahira H, Matsuura N,
et al. Classification for invasion depth of esophageal squamous cell carcinoma using
a deep neural network compared with experienced endoscopists. Gastrointestinal
Endoscopy (2019) 90(3):407-14. doi: 10.1016/}.gie.2019.04.245

23. Shimamoto Y, Ishihara R, Kato Y, Shoji A, Inoue T, Matsueda K, et al. Real-
time assessment of video images for esophageal squamous cell carcinoma invasion
depth using artificial intelligence. J Gastroenterol (2020) 55(11):1037-45.
doi: 10.1007/s00535-020-01716-5

24. Mofidi R, Deans C, Duff MD, de Beaux AC, Paterson Brown S. Prediction of
survival from carcinoma of oesophagus and oesophago-gastric junction following
surgical resection using an artificial neural network. Eur J Surg Oncol (2006) 32
(5):533-9. doi: 10.1016/j.¢js0.2006.02.020

25. Moghtadaei M, Hashemi Golpayegani MR, Almasganj F, Etemadi A, Akbari
MR, Malekzadeh R. Predicting the risk of squamous dysplasia and esophageal
squamous cell carcinoma using minimum classification error method. Comput Biol
Med (2014) 45:51-7. doi: 10.1016/j.compbiomed.2013.11.011

26. Wang ZL, Zhou ZG, Chen Y, Li XT, Sun YS. Support vector machines model
of computed tomography for assessing lymph node metastasis in esophageal cancer
with neoadjuvant chemotherapy. ] Comput Assisted Tomography (2017) 41(3):455-
60. doi: 10.1097/rct.0000000000000555

27. Chen Z, Huang X, Gao Y, Zeng S, Mao W. Plasma-metabolite-based
machine learning is a promising diagnostic approach for esophageal squamous
cell carcinoma investigation. ] Pharm Analysis (2021) 11(4):505-14. doi: 10.1016/
1.jpha.2020.11.009

28. Chen C. Predictive effects of structural variation on citation counts. ] Am Soc
Inf Sci Technol (2012) 63:431-49. doi: 10.1002/asi.21694

29. 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

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2022.972357/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2022.972357/full#supplementary-material
https://doi.org/10.3322/caac.21609
https://doi.org/10.1136/gutjnl-2020-321600
https://doi.org/10.3322/caac.21660
https://doi.org/10.1136/gutjnl-2014-308124
https://doi.org/10.1007/s12328-020-01237-x
https://doi.org/10.1186/s13045-020-00981-4
https://doi.org/10.15419/bmrat.v5i7.459
https://doi.org/10.15419/bmrat.v5i7.459
https://doi.org/10.1056/NEJMra035010
https://doi.org/10.1053/j.gastro.2021.10.017
https://doi.org/10.1053/j.gastro.2021.10.017
https://doi.org/10.1038/s41591-018-0316-z
https://doi.org/10.3390/curroncol28030149
https://doi.org/10.3390/curroncol28030149
https://doi.org/10.1007/978-3-030-91585-8_2
https://doi.org/10.1007/978-3-030-91585-8_2
https://doi.org/10.35712/aig.v1.i4.71
https://doi.org/10.1016/j.gie.2019.12.049
https://doi.org/10.1055/s-0042-105284
https://doi.org/10.1016/j.gie.2019.06.044
https://doi.org/10.1016/j.gie.2019.06.044
https://doi.org/10.1016/j.gie.2020.05.043
https://doi.org/10.1016/j.gie.2020.05.043
https://doi.org/10.21037/atm.2020.03.24
https://doi.org/10.1186/s13073-021-00968-x
https://doi.org/10.1055/a-0756-8754
https://doi.org/10.1055/a-0756-8754
https://doi.org/10.1016/j.gie.2019.04.245
https://doi.org/10.1007/s00535-020-01716-5
https://doi.org/10.1016/j.ejso.2006.02.020
https://doi.org/10.1016/j.compbiomed.2013.11.011
https://doi.org/10.1097/rct.0000000000000555
https://doi.org/10.1016/j.jpha.2020.11.009
https://doi.org/10.1016/j.jpha.2020.11.009
https://doi.org/10.1002/asi.21694
https://doi.org/10.1517/14712598.2014.920813
https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Tu et al.

30. Wang Y, LiX, Liu Y, Shi B. Mapping the research hotspots and theme trends
of simulation in nursing education: A bibliometric analysis from 2005 to 2019.
Nurse Educ Today (2022) 116:105426. doi: 10.1016/j.nedt.2022.105426

31. Martinez-Heredia N, Corral-Robles S, Gonzalez-Gijon G, Sanchez-Martin
M. Exploring inequality through service learning in higher education: A
bibliometric review study. Front Psychol (2022) 13:826341. doi: 10.3389/
fpsyg.2022.826341

32. Chu PL, Wang T, Zheng JL, Xu CQ, Yan YJ, Ma QS, et al. Global and
current research trends of unilateral biportal Endoscopy/Biportal endoscopic
spinal surgery in the treatment of lumbar degenerative diseases: A bibliometric
and visualization study. Orthopaedic Surg (2022) 14(4):635-43. doi: 10.1111/
0s.13216

33. Yin MC, Wang HS, Yang X, Xu CQ, Wang T, Yan YJ, et al. A bibliometric
analysis and visualization of current research trends in Chinese medicine for
osteosarcoma. Chin ] Integr Med (2022) 28(5):445-52. doi: 10.1007/s11655-020-
3429-4

34. Merig6 JM, Muller C, Modak NM, Laengle S. Research in production and
operations management: A university-based bibliometric analysis. Global ] Flexible
Syst Management (2019) 20(1):1-29. doi: 10.1007/s40171-018-0201-0

35. Ma C, Su H, Li H. Global research trends on prostate diseases and erectile
dysfunction: A bibliometric and visualized study. Front Oncol (2020) 10:627891.
doi: 10.3389/fonc.2020.627891

36. Yeung AWK, Tzvetkov NT, Balacheva AA, Georgieva MG, Gan RY, Jozwik
A, et al. Lignans: Quantitative analysis of the research literature. Front Pharmacol
(2020) 11:37. doi: 10.3389/fphar.2020.00037

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

38. James A, Raux M. Altmetrics scores: What are they? Anaesthesia Crit Care
Pain Med (2020) 39(3):443-5. doi: 10.1016/j.accpm.2020.03.015

39. Saud S, Traboco L, Gupta L. Harnessing the true power of altmetrics to
track engagement. | Korean Med Sci (2021) 36(48):e330. doi: 10.3346/
jkms.2021.36.e330

40. Chen C, Hu Z, Liu S, Tseng H. Emerging trends in regenerative medicine: a
scientometric analysis in CiteSpace. Expert Opin Biol Ther (2012) 12(5):593-608.
doi: 10.1517/14712598.2012.674507

41. Musa IH, Afolabi LO, Zamit I, Musa TH, Musa HH, Tassang A, et al.
Artificial intelligence and machine learning in cancer research: A systematic and
thematic analysis of the top 100 cited articles indexed in scopus database. Cancer
Control: ] Moffitt Cancer Center (2022) 29:10732748221095946. doi: 10.1177/
10732748221095946

42. Yao S, Zhu ], Li S, Zhang R, Zhao ], Yang X, et al. Bibliometric analysis of
quantitative electroencephalogram research in neuropsychiatric disorders from
2000 to 2021. Front Psychiatry (2022) 13:830819. doi: 10.3389/fpsyt.2022.830819

43. Yin M, Wang H, Sun Y, Xu C, Ye J, Ma J, et al. Global trends of researches
on lumbar spinal stenosis: A bibliometric and visualization study. Clin Spine Surg
(2022) 35(1):E259-€66. doi: 10.1097/bsd.0000000000001160

44. Trujillo CM, Long TM. Document co-citation analysis to enhance
transdisciplinary research. Sci Adv (2018) 4(1):e1701130. doi: 10.1126/
sciadv.1701130

45. Xiong W, Wang S, Wei Z, Cai Y, Li B, Lin F, et al. Knowledge domain and
hotspots predict concerning electroactive biomaterials applied in tissue
engineering: A bibliometric and visualized analysis from 2011 to 2021. Front
Bioengineer Biotechnol (2022) 10:904629. doi: 10.3389/fbioe.2022.904629

46. Yin M, Xu C, MaJ, Ye J, Mo W. A bibliometric analysis and visualization of
current research trends in the treatment of cervical spondylotic myelopathy. Global
Spine J (2021) 11(6):988-98. doi: 10.1177/2192568220948832

47. Schneider JW. Mapping scientific frontiers: The quest for knowledge
visualization. ] Am Soc Inf Sci Technol (2004) 55(4):363-5. doi: 10.1002/
asi.10383

48. van Eck NJ, Waltman L. Citation-based clustering of publications using
CitNetExplorer and VOSviewer. Scientometrics (2017) 111(2):1053-70.
doi: 10.1007/s11192-017-2300-7

49. Wu H, Cheng K, Tong L, Wang Y, Yang W, Sun Z. Knowledge structure and
emerging trends on osteonecrosis of the femoral head: a bibliometric and visualized
study. J Orthopaedic Surg Res (2022) 17(1):194. doi: 10.1186/s13018-022-03068-7

50. Horie Y, Yoshio T, Aoyama K, Yoshimizu S, Horiuchi Y, Ishiyama A, et al.
Diagnostic outcomes of esophageal cancer by artificial intelligence using
convolutional neural networks. Gastrointestinal Endoscopy (2019) 89(1):25-32.
doi: 10.1016/j.gie.2018.07.037

51. Guo L, Xiao X, Wu C, Zeng X, Zhang Y, Du J, et al. Real-time automated
diagnosis of precancerous lesions and early esophageal squamous cell carcinoma
using a deep learning model (with videos). Gastrointestinal Endoscopy (2020) 91
(1):41-51. doi: 10.1016/j.gie.2019.08.018

Frontiers in Oncology

17

10.3389/fonc.2022.972357

52. de Groof AJ, Struyvenberg MR, van der Putten J, van der Sommen F,
Fockens KN, Curvers WL, et al. Deep-learning system detects neoplasia in patients
with barrett's esophagus with higher accuracy than endoscopists in a multistep
training and validation study with benchmarking. Gastroenterology (2020) 158
(4):915-29.e4. doi: 10.1053/j.gastro.2019.11.030

53. Malone ER, Sim HW, Stundzia A, Pierre S, Metser U, O'Malley M, et al.
Predictive radiomics signature for treatment response to nivolumab in patients
with advanced renal cell carcinoma. CUAJ-Canadian Urol Assoc ] (2022) 16(2):
E94-E101. doi: 10.5489/cuaj.7467

54. Peng H, Yang QX, Xue T, Chen QL, Li MM, Duan SF, et al. Computed
tomography-based radiomics analysis to predict lymph vascular invasion in
esophageal squamous cell carcinoma. Br ] Radiol (1130) 2022:95. doi: 10.1259/
bjr.20210918

55. Wang SX, Chen YQ, Zhang H, Liang ZP, Bu J. The value of predicting
human epidermal growth factor receptor 2 status in adenocarcinoma of the
esophagogastric junction on CT-based radiomics nomogram. Front Oncol (2021)
11:707686. doi: 10.3389/fonc.2021.707686

56. Yang MW, Hu PP, Li ML, Ding R, Wang YC, Pan SH, et al. Computed
tomography-based radiomics in predicting T stage and length of esophageal
squamous cell carcinoma. Front Oncol (2021) 11:722961. doi: 10.3389/
fonc.2021.722961

57. Baak JPA, ten Kate FJW, Offerhaus GJA, van Lanschot JJ, Meijer GA.
Routine morphometrical analysis can improve reproducibility of dysplasia grade in
barrett's oesophagus surveilrance biopsies. J Clin Pathol (2002) 55(12):910-6.
doi: 10.1136/jcp.55.12.910

58. Feith M, Werner M, Rosenberg R, Roder JD, Stein HJ. Lymph node
‘micrometastases' and 'microinvolvement' in esophageal carcinoma. Onkologie
(2000) 23(4):330-3. doi: 10.1159/000027165

59. Kato H, Miyazaki T, Yoshikawa M, Nakajima M, Fukai Y, Masuda N, et al.
Expression of nitrotyrosine is associated with angiogenesis in esophageal squamous
cell carcinoma. Anticancer Res (2001) 21(5):3323-9.

60. Koide N, Nishio A, Hiraguri M, Hanazaki K, Adachi W, Amano J.
Coexpression of vascular endothelial growth factor and p53 protein in squamous
cell carcinoma of the esophagus. Am ] Gastroenterol (2001) 96(6):1733-40.
doi: 10.1016/s0002-9270(01)02429-7

61. XuY, Selaru FM, Yin J, Zou TT, Shustova V, Mori Y, et al. Artificial neural
networks and gene filtering distinguish between global gene expression profiles of
barrett's esophagus and esophageal cancer. Cancer Res (2002) 62(12):3493-7.

62. Chang YY, Yen HH, Li PC, Chang RF, Yang CW, Chen YY, et al. Upper
endoscopy photo documentation quality evaluation with novel deep learning
system. Digest Endoscopy (2022) 34(5):994-1001. doi: 10.1111/den.14179

63. Wang L, Song H, Wang M, Wang H, Ge R, Shen Y, et al. Utilization of
ultrasonic image characteristics combined with endoscopic detection on the basis
of artificial intelligence algorithm in diagnosis of early upper gastrointestinal
cancer. ] Healthcare Engineer (2021) 2021:2773022. doi: 10.1155/2021/2773022

64. Waterhouse DJ, Bano S, Januszewicz W, Stoyanov D, Fitzgerald RC, di
Pietro M, et al. First-in-human pilot study of snapshot multispectral endoscopy for
early detection of barrett's-related neoplasia. ] Biomed Optics (2021) 26(10):106002.
doi: 10.1117/1.Jb0.26.10.106002

65. Wu LL, He XQ, Liu M, Xie HP, An P, Zhang J, et al. Evaluation of the effects
of an artificial intelligence system on endoscopy quality and preliminary testing of
its performance in detecting early gastric cancer: a randomized controlled trial.
Endoscopy (2021) 53(12):1199-207. doi: 10.1055/a-1350-5583

66. Cao RF, Pei X, Ge N, Zheng CH. Clinical target volume auto-segmentation
of esophageal cancer for radiotherapy after radical surgery based on deep learning.
Technol Cancer Res Treat (2021) 20(2):153303382110342. doi: 10.1177/
15330338211034284

67. Sui H, Ma RH, Liu L, Gao YZ, Zhang WH, Mo ZH. Detection of incidental
esophageal cancers on chest CT by deep learning. Front Oncol (2021) 11:700210.
doi: 10.3389/fonc.2021.700210

68. Tang SG, Yu XY, Cheang CF, Hu ZM, Fang T, Choi IC, et al. Diagnosis of
esophageal lesions by multi-classification and segmentation using an improved
multi-task deep learning model. Sensors (2022) 22(4):1492. doi: 10.3390/522041492

69. Ye XH, Guo DZ, Tseng CK, Ge J, Hung TM, Pai PC, et al. Multi-
institutional validation of two-streamed deep learning method for automated
delineation of esophageal gross tumor volume using planning CT and FDG-
PET/CT. Front Oncol (2022) 11:785788. doi: 10.3389/fonc.2021.785788

70. Zhao YH, Xu JK, Chen QS. Analysis of curative effect and prognostic factors
of radiotherapy for esophageal cancer based on the CNN. J Healthcare Engineer
(2021) 2021:9350677. doi: 10.1155/2021/9350677

71. Moore M, Sharma P. Updates in artificial intelligence in gastroenterology
endoscopy in 2020. Curr Opin Gastroenterol (2021) 37(5):428-33. doi: 10.1097/
mog.0000000000000774

72. Moore JL, Kumar S, Santaolalla A, Patel PH, Kapiris M, Van Hemelrijck M,
et al. Effect of peri-operative chemotherapy regimen on survival in the treatment of

frontiersin.org


https://doi.org/10.1016/j.nedt.2022.105426
https://doi.org/10.3389/fpsyg.2022.826341
https://doi.org/10.3389/fpsyg.2022.826341
https://doi.org/10.1111/os.13216
https://doi.org/10.1111/os.13216
https://doi.org/10.1007/s11655-020-3429-4
https://doi.org/10.1007/s11655-020-3429-4
https://doi.org/10.1007/s40171-018-0201-0
https://doi.org/10.3389/fonc.2020.627891
https://doi.org/10.3389/fphar.2020.00037
https://doi.org/10.1371/journal.pbio.3000384
https://doi.org/10.1016/j.accpm.2020.03.015
https://doi.org/10.3346/jkms.2021.36.e330
https://doi.org/10.3346/jkms.2021.36.e330
https://doi.org/10.1517/14712598.2012.674507
https://doi.org/10.1177/10732748221095946
https://doi.org/10.1177/10732748221095946
https://doi.org/10.3389/fpsyt.2022.830819
https://doi.org/10.1097/bsd.0000000000001160
https://doi.org/10.1126/sciadv.1701130
https://doi.org/10.1126/sciadv.1701130
https://doi.org/10.3389/fbioe.2022.904629
https://doi.org/10.1177/2192568220948832
https://doi.org/10.1002/asi.10383
https://doi.org/10.1002/asi.10383
https://doi.org/10.1007/s11192-017-2300-7
https://doi.org/10.1186/s13018-022-03068-7
https://doi.org/10.1016/j.gie.2018.07.037
https://doi.org/10.1016/j.gie.2019.08.018
https://doi.org/10.1053/j.gastro.2019.11.030
https://doi.org/10.5489/cuaj.7467
https://doi.org/10.1259/bjr.20210918
https://doi.org/10.1259/bjr.20210918
https://doi.org/10.3389/fonc.2021.707686
https://doi.org/10.3389/fonc.2021.722961
https://doi.org/10.3389/fonc.2021.722961
https://doi.org/10.1136/jcp.55.12.910
https://doi.org/10.1159/000027165
https://doi.org/10.1016/s0002-9270(01)02429-7
https://doi.org/10.1111/den.14179
https://doi.org/10.1155/2021/2773022
https://doi.org/10.1117/1.Jbo.26.10.106002
https://doi.org/10.1055/a-1350-5583
https://doi.org/10.1177/15330338211034284
https://doi.org/10.1177/15330338211034284
https://doi.org/10.3389/fonc.2021.700210
https://doi.org/10.3390/s22041492
https://doi.org/10.3389/fonc.2021.785788
https://doi.org/10.1155/2021/9350677
https://doi.org/10.1097/mog.0000000000000774
https://doi.org/10.1097/mog.0000000000000774
https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Tu et al.

locally advanced oesophago-gastric adenocarcinoma - a comparison of the FLOT
and 'MAGIC' regimens. Eur ] Cancer (Oxford England: 1990) (2022) 163:180-8.
doi: 10.1016/j.ejca.2021.12.021

73. Rice TW, Patil DT, Blackstone EH. 8th edition AJCC/UICC staging of
cancers of the esophagus and esophagogastric junction: application to clinical
practice. Ann Cardiothoracic Surg (2017) 6(2):119-30. doi: 10.21037/
acs.2017.03.14

74. Minchenberg SB, Walradt T, Glissen Brown JR. Scoping out the future:
The application of artificial intelligence to gastrointestinal endoscopy. World
] Gastrointestinal Oncol (2022) 14(5):989-1001. doi: 10.4251/
wjgo.v14.i5.989

75. Luthra R, Wu TT, Luthra MG, Izzo ], Lopez-Alvarez E, Zhang L, et al. Gene
expression profiling of locali/zed esophageal carcinomas: Association with
pathologic response to preoperative chemoradiation. J Clin Oncol (2006) 24
(2):259-67. doi: 10.1200/jc0.2005.03.3688

76. Beg MS, Navaneethan U, Atiq M, Komrokji R, Safa M. Outcome of
esophageal carcinoma in the veteran affairs population: a comparative analysis
from the veteran affairs central cancer registry. Am J Clin Oncol (2009) 32(3):286—
90. doi: 10.1097/COC.0b013e31818af0d8

77. Saadi A, Shannon NB, Lao-Sirieix P, O'Donovan M, Walker E, Clemons NJ,
et al. Stromal genes discriminate preinvasive from invasive disease, predict
outcome, and highlight inflammatory pathways in digestive cancers. Proc Natl
Acad Sci USA (2010) 107(5):2177-82. doi: 10.1073/pnas.0909797107

78. Shen Z, Wu H, Chen Z, Hu J, Pan ], Kong J, et al. The global research of
artificial intelligence on prostate cancer: A 22-year bibliometric analysis. Front
Oncol (2022) 12:843735. doi: 10.3389/fonc.2022.843735

79. Spadaccini M, Vespa E, Chandrasekar VT, Desai M, Patel HK, Maselli R,
et al. Advanced imaging and artificial intelligence for barrett's esophagus: What we
should and soon will do. World ] Gastroenterol (2022) 28(11):1113-22.
doi: 10.3748/wjg.v28.i11.1113

Frontiers in Oncology

18

10.3389/fonc.2022.972357

80. Yang H, Hu B. Recent advances in early esophageal cancer: diagnosis and
treatment based on endoscopy. Postgrad Med (2021) 133(6):665-73. doi: 10.1080/
00325481.2021.1934495

81. Visaggi P, de Bortoli N, Barberio B, Savarino V, Oleas R, Rosi EM, et al.
Artificial intelligence in the diagnosis of upper gastrointestinal diseases. J Clin
Gastroenterol (2022) 56(1):23-35. doi: 10.1097/mcg.0000000000001629

82. Ebigbo A, Mendel R, Ruckert T, Schuster L, Probst A, Manzeneder J, et al.
Endoscopic prediction of submucosal invasion in barrett's cancer with the use of artificial
intelligence: a pilot study. Endoscopy (2021) 53(9):878-83. doi: 10.1055/a-1311-8570

83. Rice TW, Lu M, Ishwaran H, Blackstone EHWorldwide Esophageal Canc C.
Precision surgical therapy for adenocarcinoma of the esophagus and esophagogastric
junction. J Thorac Oncol (2019) 14(12):2164-75. doi: 10.1016/j.jth0.2019.08.004

84. Xie F, Zhang DL, Qian XQ, Wei HB, Zhou LH, Ding CY, et al. Analysis of
cancer-promoting genes related to chemotherapy resistance in esophageal
squamous cell carcinoma. Ann Trans Med (2022) 10(2):9-104. doi: 10.21037/
atm-21-7032

85. Fassan M, Realdon S, Vianello L, Quarta S, Ruol A, Castoro C, et al.
Squamous cell carcinoma antigen (SCCA) is up-regulated during barrett's
carcinogenesis and predicts esophageal adenocarcinoma resistance to
neoadjuvant chemotherapy. Oncotarget (2017) 8(15):24372-9. doi: 10.18632/
oncotarget.14108

86. Chen H, Zhou XY, Tang XY, Li S, Zhang GX. Prediction of lymph node
metastasis in superficial esophageal cancer using a pattern recognition neural
network. Cancer Manage Res (2020) 12:12249-58. doi: 10.2147/cmar.S270316

87. Rahman SA, Walker RC, Lloyd MA, Grace BL, van Boxel GI, Kingma BF,
et al. Machine learning to predict early recurrence after oesophageal cancer surgery.
Br J Surg (2020) 107(8):1042-52. doi: 10.1002/bjs.11461

88. Nagendran M, Chen Y, Lovejoy CA, Gordon AC, Komorowski M, Harvey
H, et al. Artificial intelligence versus clinicians: systematic review of design,
reporting standards, and claims of deep learning studies. BMJ (Clin Res ed)
(2020) 368:m689. doi: 10.1136/bmj.m689

frontiersin.org


https://doi.org/10.1016/j.ejca.2021.12.021
https://doi.org/10.21037/acs.2017.03.14
https://doi.org/10.21037/acs.2017.03.14
https://doi.org/10.4251/wjgo.v14.i5.989
https://doi.org/10.4251/wjgo.v14.i5.989
https://doi.org/10.1200/jco.2005.03.3688
https://doi.org/10.1097/COC.0b013e31818af0d8
https://doi.org/10.1073/pnas.0909797107
https://doi.org/10.3389/fonc.2022.843735
https://doi.org/10.3748/wjg.v28.i11.1113
https://doi.org/10.1080/00325481.2021.1934495
https://doi.org/10.1080/00325481.2021.1934495
https://doi.org/10.1097/mcg.0000000000001629
https://doi.org/10.1055/a-1311-8570
https://doi.org/10.1016/j.jtho.2019.08.004
https://doi.org/10.21037/atm-21-7032
https://doi.org/10.21037/atm-21-7032
https://doi.org/10.18632/oncotarget.14108
https://doi.org/10.18632/oncotarget.14108
https://doi.org/10.2147/cmar.S270316
https://doi.org/10.1002/bjs.11461
https://doi.org/10.1136/bmj.m689
https://doi.org/10.3389/fonc.2022.972357
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Global research trends of artificial intelligence applied in esophageal carcinoma: A bibliometric analysis (2000-2022) via CiteSpace and VOSviewer
	Introduction
	Methods
	Database
	Search strategy
	Data analysis and visualization
	Research ethics

	Results
	Basic statistical analysis
	Global trends of publication and citation
	Contributions of top productive countries/regions
	Contributions of top journals
	Analysis of institution and co-institution
	Analysis of author and co-author

	Analysis of cited references
	Analysis of keywords

	Discussion
	Limitation
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	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 /LeaveColorUnchanged
  /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


