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Abstract. – OBJECTIVE: Coronary artery dis-
ease (CAD) is a major global cause of death, 
greatly affecting life expectancy and quality of 
life for populations. With the advent of artifi-
cial intelligence (AI), there is new hope for accu-
rately managing CAD. While recent studies have 
shown remarkable progress in AI and CAD re-
search, there is a gap in comprehensive biblio-
metric analysis in this field. Therefore, this study 
aims to provide a thorough analysis of trends 
and hotspots in AI and CAD-related research uti-
lizing bibliometrics.

MATERIALS AND METHODS: Publications on 
AI and CAD relevant research from 2009 to 2023 
were searched through the WoS core database 
(WoSCC). CiteSpace, VOSviewer and Excel 365 
were used to conduct the bibliometric analysis.

RESULTS: The bibliometric analysis includ-
ed 1,248 publications, indicating a steady in-
crease in AI and CAD-related publications annu-
ally. The United States of America (USA), China, 
and Germany were identified as the most influ-
ential countries in this field. Research institu-
tions such as Cedars Sinai Med Ctr, Med Univ 
South Carolina, Harvard Med Sch and Capi-
tal Med Univ were the main contributors to re-
search production. FRONT CARDIOVASC MED 
is the top-ranked journal, while J AM COLL CAR-
DIOL emerged as the most cited journal. Scho-
epf, U. Joseph, Slomka, Piotr J., Berman, Daniel 
S. and Dey, Damini were the most prolific au-
thors, while U. Rajendra Acharya was the most 
frequently co-cited author. Research related to 
the AI calculation of coronary flow reserve frac-
tion and coronary artery calcification, based on 
coronary CT to identify CAD and cardiovascular 
risk, was a key research topic in this field. The 
potential link between cardiovascular risk strat-
ification and radiomics is currently at the fore-
front of the field.

CONCLUSIONS: This study is the first to use a 
bibliometric approach to visualize and analyze AI 

and CAD-related research. The findings provide 
insights into recent research trends and hotspots 
in the field and can serve as a reference for schol-
ars to identify critical issues in this field.
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Abbreviations 
CAD: coronary artery disease; AI: artificial intelligence; 
WoSCC: WoS core database; USA: United States of 
America; FFR: fractional flow reserve; CT: computed 
tomography; XGBoost: the gradient boosting machine 
learning algorithm; ECG: electrocardiography; HRV: 
heart rate variability; MI: myocardial infarction; PCG: 
phonocardiogram; PPG: photoplethysmographic; OVG: 
orthogonal voltage gradient; MPI: myocardial perfusion 
imaging; PET: positron emission tomography; SPECT: 
single-photon emission computed tomography; CMR: 
cardiac magnetic resonance; WHMRA: whole-heart 
coronary magnetic resonance angiography; RF: random 
forest; CCN: convolutional neural network; CSAI: com-
pressed sensing artificial intelligence; CCTA: coronary 
computed tomography angiography; ANN: artificial 
neural networks; MACE: major adverse cardiac events; 
TPD: total perfusion defects; CAC: coronary artery calci-
um; EAT: epicardial adipose tissue; PVAT: perivascular 
adipose tissue; FAI: fat attenuation index; ROI: regions 
of interest; LDCT: low-dose CT; CACS: coronary artery 
calcification score; PCAT: pericoronary adipose tissue; 
IVUS: intravascular ultrasound; VH: virtual histology.

Introduction

Coronary artery disease (CAD) is one of the 
most common cardiovascular diseases and has 
been identified as the leading cause of death in 
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both developing and developed countries. The de-
velopment of CAD is characterized by athero-
sclerosis, a chronic progressive inflammation 
that begins with the accumulation of lipids in 
the vessel wall and local inflammatory stimu-
lation. This leads to hardening and thickening 
of the wall and plaque formation, which further 
results in the development of ischemic heart 
disease, stroke, and heart failure1-3. Current 
research on CAD encompasses a wide range 
of aspects, from exploring multiple molecular 
mechanisms4 to in-depth mining of genetic me-
tabolomics5,6, and evaluating efficacy in clini-
cal trials7. Furthermore, the emergence and ap-
plication of artificial intelligence (AI) provide 
potential solutions for further interpretation 
and intervention in CAD.

Artificial Intelligence (AI) is a novel com-
puter algorithm that simulates human thought 
and behavior patterns, allowing automatic pro-
cessing and analysis of data. Machine learn-
ing, a popular subset of AI, is commonly cat-
egorized into two main groups: supervised and 
unsupervised learning. Supervised learning 
algorithms frequently include support vector 
machine, regularized regression, and decision 
tree8, while unsupervised learning is embodied 
in deep learning, which produces automated 
predictions through artificial neural networks9. 
Recent research10 has widely applied AI in var-
ious healthcare settings, including disease di-
agnosis, medical data management, drug devel-
opment, health monitoring, and individualized 
treatment. The CAD research has garnered sub-
stantial attention due to the disease’s high-pro-
file status, and there has been a marked in-
crease in studies predicting CAD diagnosis11,12, 
accurate treatment13,14, and prognosis15,16 using 
machine learning approaches.

Bibliometrics is a valuable research tool uti-
lized to analyze existing literature and identi-
fy trends within a specific research area. This 
method has received considerable attention in 
the fields of cardiac arrhythmias17, prostate can-
cer18, and more recently, COVID-1919. However, 
bibliometric studies in the fields of AI and CAD 
remain relatively scarce. Thus, based on the in-
creasing number of studies within the field from 
2009 to 2023, we will use bibliometric analysis 
to provide a detailed and comprehensive over-
view of the current status and future prospects 
of AI applied to CAD. We aim to conduct in-
sightful discussions around potential research 
directions stemming from our analysis.

Materials and Methods

Data Source and Search Strategy
The study utilized data obtained from the 

WoSCC, which is highly regarded as one of the 
most authoritative literature databases for biblio-
metric visual analysis. Data retrieval was com-
pleted on 26 June 2023 to prevent any database 
updates that could pose a bias in the study’s re-
sults. Three independent authors processed and 
downloaded the data and saved it in a “down-
load_.txt” format. The search strategy used 
was as follows: TS=(“Coronary Vessel*”) OR 
TS=(“Coronary Arteries”) OR TS=(“Coronary 
Artery”) AND TS=(“machine learning”) OR 
TS=(“artificial intelligence”) OR TS=(“Neural 
Network Model”) OR TS=(“Deep learning”) 
AND LA=(English). The study literature se-
lection criteria were: (I) Document type: arti-
cles; (II) Time span: up to 26 June 2023; (III) 
Document format: plain text files; (IV) Record 
content: complete records and cited references. 
A total of 1,248 documents were searched. The 
screening process is shown in Figure 1.

Data Analysis and Visualization
Citespace (Chaomei Chen, Drexel University, 

Philadelphia, PA, USA) and Vosviewer (Leiden 
University’s Centre for Science and Technology 
Studies, Leiden, Netherlands) are powerful soft-
ware for visualizing trends in subject areas, and it is 
widely used in bibliometrics20,21. CiteSpace 6.2.R4 
and VoSviewer 1.6.19 were used to construct a vi-
sual bibliometric analysis based on collaborative 
network, co-occurrence analysis and co-citation 
analysis. Citespace is used in the co-occurrence 
analysis of country, institution and keyword, dual 
maps of journals, co-cited reference map, the bursts 
of keywords and co-cited references. Vosviewer 
is mainly used for co-citation and co-occurrence 
analysis of country, institution, journal, author and 
keyword22. The data used in this study were ob-
tained from public databases and, therefore, did 
not require the approval of an Ethics Committee or 
Institutional Review Boards.

Synonym Replacement
Throughout the process of visualizing and an-

alyzing our data, we identified some synonymous 
phrases that were expressed differently, such as 
“computed tomography angiography” and “CT 
angiography”. To accurately describe the hotspots 
of AI research in CAD without affecting the over-
all analysis results, we optimized certain keyword 
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Figure 1. Flowchart of the screening process.

terms, such as converting computed tomography 
to CT.

Results

Publications Analysis
Figure 2 shows an overall trend of a steady in-

crease in the number of articles published since 
2009, which can be divided into two time periods. 
The first period, from 2009 to 2016, saw a prelim-
inary stage of research on CAD through AI, de-
spite extensive research on CAD during the same 
period. The second period, from 2017 to 2023, 
witnessed an exponential increase in the number 
of publications, reaching a peak of 356 publica-
tions in 2022. This remarkable growth showcas-
es the dynamic and transformative capabilities 
of AI in CAD, indicating that a vast number of 
high-quality studies and articles can be produced 
in the future.

Visual Analysis of Countries/Regions and 
Institutions

As of 26 June 2023, a total of 1,592 papers 
have been searched through WoS. After import-

ing CiteSpace 6.2.R4, 1,248 documents were 
extracted after data de-duplication and cleaning 
from 5,774 research institutions in 349 countries/
regions, published in 399 journals.

Countries/Regions
Table I presents the top 10 countries in terms 

of the number of publications and their citation 
frequency. The United States (451) has the most 
publications and the highest number of citations, 
followed by China (340) and Germany (120). It is 
critical to underscore that although China ranked 
second in the number of publications, its citation 
frequency was considerably lower than the Unit-
ed States or even Germany. Centrality reveals 
the cooperation relationship between nodes, with 
higher centrality indicating closer cooperation 
between nodes. In the diagram, nodes with higher 
centrality are represented by the purple outer cir-
cle. Among the top ten publishing countries, Ger-
many, England, and India exhibit high centrality, 
highlighting their crucial role in the collaborative 
network (Figure 3A). Figure 3B demonstrates the 
cooperation between countries and regions. The 
size of the nodes signifies the number of publica-
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tions, while the thickness of the connecting lines 
reflects the intensity of the cooperation. The Unit-
ed States showed the highest total link strength, 
demonstrating strong ties between the USA and 
other countries. This aligns with recent studies 
showing that globalized cooperation is becoming 
more prevalent, with developed countries such as 
the USA, Germany, and England playing a domi-
nant role while developing countries such as China 
and India are also making significant contributions.

Institutions
Table I also presents the top 10 institutions in 

terms of publication frequency, along with their 
corresponding citation frequency. Among the in-
stitutional research collaboration networks, Ce-
dars Sinai Med Ctr (48), Med Univ South Caroli-
na (40), Harvard Med Sch (36), Capital Med Univ 
(34), and Yonsei Univ (34) constitute the research 

echelon with the highest contribution intensi-
ty. Notably, among the top ten institutions, four 
are located in the United States, three in China, 
two in Korea and one in the Netherlands, thereby 
highlighting the authority of the US in the field. In 
terms of centrality, 8 institutions, including Lund-
quist Institute (0.32), Harvard University (0.26), 
Cedars Sinai Medical Center (0.26), and German 
Heart Centre Munich (0.26), displayed high cen-
trality values (Figure 3C), indicating a significant 
prominence in CAD and AI research.

According to VoSviewer analysis, Cedars Sinai 
Med Ctr (1,722) was cited most frequently, followed 
by Ngee Ann Polytechnic (1,108) and Med Univ 
South Carolina (842). All institutions were grouped 
into four closely related clusters (Figure 3D). With 
Cedars Sinai Med Ctr ranked highest in overall link 
strength, followed by Med Univ South Carolina and 
Stanford Univ. This indicates that institutions from 

Table I. The Richmond Agitation-Sedation Scale (RASS).

Rank	 Country/Region	 Counts	 Citations	 Institution	 Counts	 Citations	
					     		
1	 Usa	 451	 9,594	 Cedars Sinai Med Ctr	 48	 1,722
2	 China	 340	 2,617	 Med Univ South Carolina	 40	 942
3	 Germany	 120	 3,022	 Harvard Med Sch	 36	 519
4	 South Korea	 111	 2,277	 Capital Med Univ	 34	 444
5	 Netherlands	 104	 2,831	 Yonsei Univ	 34	 407
6	 England	 95	 1,604	 Shanghai Jiao Tong Univ	 32	 255
7	 Italy	 91	 2,104	 Stanford Univ	 23	 332
8	 India	 89	 1,589	 Univ Groningen	 25	 382
9	 Canada	 88	 2,377	 Univ Ulsan	 25	 529
10	 Japan	 75	 1,613	 Chinese Acad Med Sci & Peking	 24	 227
				     Union Med Coll

Figure 2. Trends in the number of publications.
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including Circulation, Jacc Cardiovasc Imag, Eur 
Heart J, and New Engl J Med.

The dual-map overlay of journals reveals the ci-
tation relationship between citing and co-cited jour-
nals. The citing journals are marked on the left, while 
the cited journals are marked on the right, with the 
three main paths indicating the citation relationships 
(in green). As shown in Figure 4C, published arti-
cles related to CAD and AI are concentrated in the 
journals Medicine/Medical/Clinical, while most of 
the cited articles are published in the journals Heath/
Nursing/Medicine, Molecular/Biology/Genetics and 
Systems/Computing/Computer.

Visual Analysis of Authors and Co-cited 
Authors

A total of 7,871 authors have participated in 
CAD and AI research. Table III displays the top 
ten authors in terms of publications and co-ci-
tations. Schoepf, U. Joseph (34) has the highest 
number of publications, followed by Slomka, 
Piotr J. (34), Berman, Daniel S (33) and Dey, 
Damini (33). Among these authors, four have a 
total citation count exceeding 1,000, with Slom-
ka, Piotr J. leading at 1,400. The other three with 
more than 1,000 citations are Berman, Daniel S. 

the US are more focused on enhancing communica-
tion and collaboration with each other.

Visual Analysis of Journals and Co-cited 
Journals

Publications on CAD and AI research are avail-
able in 399 journals. Table II highlights the top 
ten journals in terms of publication frequency and 
the top ten co-cited journals. Front Cardiovasc 
Med (45, IF=3.6) published the highest number of 
articles, followed by Eur Radiol (39, IF=5.9) and 
Comput Biol Med (31, IF=7.7). Among the top ten 
journals, five are in JCR Q1. We performed a net-
work mapping of journals based on the number 
of journal publications. Figure 4A displays the ci-
tation links between Front Cardiovasc Med And 
Eur Radiol, Comput Biol Med, And Diagnostics.

J Am Coll Cardiol (2,262, IF=24.0) topped the 
list of co-cited journals, with Circulation (1,667, 
IF=37.8) and Eur Heart J (1,273, IF=39.3) follow-
ing closely. Among the top ten co-cited journals, 
nine are in JCR Q1. We constructed a co-citation 
network for the journals that met the criteria with 
a co-citation threshold of 70. Figure 4B displays 
a positive co-citation relationship between J Am 
Coll Cardiol and several other influential journals, 

Table II. The top 10 journals and co-cited journals related to CAD and AI.

			   IF	 JCR	 Co-cited journal		  IF	 JCR 	
Rank	 Journal	 Counts	 (2022)	 (2022)	 (2022)	 Citations	 (2022)	 (2022)	
		  			 
1	 Front Cardiovasc Med	 45	 3.6	 Q2	 J Am Coll Cardiol	 2,262	 24.0	 Q1
2	 Eur Radiol	 39	 5.9	 Q1	 Circulation	 1,667	 37.8	 Q1
3	 Comput Biol Med	 31	 7.7	 Q1	 Eur Heart J	 1,273	 39.3	 Q1
4	 Comput Meth Prog Bio	 30	 6.1	 Q1	 Jacc Cardiovasc Imag	 980	 14.0	 Q1
5	 Ieee Access	 29	 3.9	 Q2	 New Engl J Med	 907	 158.5	 Q1
6	 Sci. Rep	 28	 4.6	 Q2	 Ieee T Med Imaging	 737	 10.6	 Q1
7	 J Nucl Cardiol	 24	 2.4	 Q1	 Radiology	 686	 19.7	 Q1
8	 Appl Sci-Basel	 22	 2.7	 Q2	 J Cardiovasc Comput	 662	 5.4	 Q1
9	 Plos One	 22	 3.7	 Q2	 Comput Meth Prog Bio	 588	 6.1	 Q1
10	 Ieee T Med Imaging	 20	 10.6	 Q1	 Am J Cardiol	 517	 2.8	 Q3

Table III. The top 10 authors and co-cited authors of CAD and AI research.

				    Total Link			   Total Link 	
Rank	 Authors	 Counts	 Citations	 Strength	 Co-cited author	 Citations	 Strength
			   			 
1	 Schoepf, U. Joseph	 34	 865	 24,446	 Acharya, U.Rajendra	 305	 2,685
2	 Slomka, Piotr J.	 34	 1,400	 35,258	 Alizadehsani, Roohallah	 215	 1,862
3	 Berman, Daniel S.	 33	 1,363	 34,167	 Budoff, Matthew J.	 131	 1,157
4	 Dey, Damini	 33	 1,300	 33,790	 Ronneberger, Olaf	 130	 601
5	 Acharya, U.Rajendra	 22	 1,108	 2,413	 Wolterink, Jelmer M.	 130	 1,201
6	 Isgum, Ivana	 21	 877	 9,912	 Tesche,Christian	 129	 1,412
7	 Kim, Young-hak	 20	 523	 9,680	 Coenen, Adriaan	 115	 1,486
8	 Tesche, Christian	 20	 535	 18,210	 Breiman, Leo	 99	 307
9	 Leiner, Tim	 17	 686	 7,483	 Dey, Damini	 94	 1,083
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Figure 3. A network of national/regional and institutional cooperation in the field of CAD and AI (A) The collaboration network of countries/regions (Citesapce). B, Mapping of cooperation net-
works in countries/regions (VosViewer). C, The collaboration network of institutions (Citesapce). D, Collaborative network mapping of institutions (VosViewer).
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(1,363), Dey, Damini (1,300) and Acharya, U. Ra-
jendra (1,108), respectively. Co-citation data helps 
to identify influential researchers that attract in-
terest among scholars. In this study, 7 scholars 
were co-cited more than 100 times, with Acharya, 
U. Rajendra (305), Alizadehsani, Roohallah (215), 
and Budoff, Matthew J. (131) being the top three. 
It is noteworthy that, although ranked only 5th in 
terms of the number of publications (22), Acha-
rya, U. Rajendra still ranks first in terms of cita-
tions, highlighting the significance of this author 
in the CAD and AI field.

VoSviewer analysis revealed the collaborative 
networks among authors (Figure 5A). Slomka, Pi-
otr J., Dey, Damini, Schoepf, U. Joseph, and Ber-
man, Daniel S. were at the center of these networks. 
The co-cited author network (Figure 5B) indicated 
some active collaboration between authors, such 
as Acharya, U. Rajendra and Saba, Luca, Aliza-
dehsani, Roohallah. However, we observed limited 
authorship overlap in neighboring clusters. There-
fore, there may be a need for enhanced communi-
cation and collaboration in the future.

Visual Analysis of Articles and Co-cited 
References

We conducted a query for highly cited articles 
in CAD and AI research. The paper titled “Pre-
diction of cardiovascular risk factors from reti-
nal fundus photographs via deep learning”23 has 

the highest total number of citations, but its link 
strength is not as great as desired, indicating poor 
relevance to research in CAD and AI.

A co-citation relationship in the literature re-
fers to when two articles are cited by a third arti-
cle at the same time. Table IV illustrates the top 
ten co-cited literature citations. The most cited 
study is a conference paper published in MAC-
CAI 2015 by Olaf Ronneberger et al24. They 
trained an efficient medical image segmentation 
algorithm U-Net, which has been widely used in 
the identification of diseased coronary arteries. In 
addition, the study published in BIOMETRICS ti-
tled “Comparing the areas under two or more cor-
related receiver operating characteristic curves: 
a nonparametric approach”25 showed the highest 
centrality (0.85) and provided methodological 
support for the comparison of diagnostic perfor-
mance of multiple models.

We used Citespace to construct a map of the 
co-cited literature and its clusters (Figure 6A, 
B). The top 7 clusters, according to the LLR al-
gorithm, are quantitative coronary angiography 
(Cluster #0), fractional flow reserve (Cluster #1), 
feature selection (Cluster #2), ivus (Cluster #3), 
x-ray computed (Cluster #4), invasive coronary 
angiography (Cluster #5), deep learning (Cluster 
#6). Additionally, to reveal the association with 
time, we performed a timeline view of the co-cit-
ed literature after clustering (Figure 6C). Cluster 

Table IV. The top 10 co-cited references of CAD and AI research.

				    Local 
Rank	 Year	 First Author	 Title	 citations 

1	 2015	 Olaf Ronneberger	 U-Net: Convolutional Networks for Biomedical Image Segmentation	 110
2	 1990	 A S Agatston	 Quantification of coronary artery calcium using ultrafast computed tomography	 93
3	 1988	 E R DeLong	 Comparing the areas under two or more correlated receiver operating characteristic 
			    curves: a nonparametric approach	 84
4	 2020	 Juhani Knuuti	 2019 ESC Guidelines for the diagnosis and management of chronic 
			    coronary syndromes	 77
5	 2017	 Manish Motwani	 Machine learning for prediction of all-cause mortality in patients with suspected 
			    coronary artery disease: a 5-year multicentre prospective registry analysis	 77
6	 2018	 Adriaan Coenen	 Diagnostic Accuracy of a Machine-Learning Approach to Coronary Computed 
			     Tomographic Angiography-Based Fractional Flow Reserve: Result From the
			     MACHINE Consortium	 64
7	 2014	 Bjarne L Nørgaard	 Diagnostic performance of noninvasive fractional flow reserve derived from 
			     coronary computed tomography angiography in suspected coronary artery disease: 
			     the NXT trial (Analysis of Coronary Blood Flow Using CT Angiography: 
			     Next Steps)	 64
8	 2009	 Pim A L Tonino	 Fractional flow reserve versus angiography for guiding percutaneous coronary 
			     intervention	 57
9	 2016	 Lucian Itu	 A machine-learning approach for computation of fractional flow reserve from 
			     coronary computed tomography	 56
10	 2014	 Jonathon Leipsic	 SCCT guidelines for the interpretation and reporting of coronary CT angiography: 
			     a report of the Society of Cardiovascular Computed Tomography Guidelines 
			     Committee	 55
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Figure 4. Visual analysis of journals. A, The network of article sources journals. B, The network of co-cited journals. C, The dual-map overlay of journals. 
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Figure 5. Visual analysis of authors. A, The collaboration network of scholars. B, The network of co-cited authors.
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Figure 6. Visual analysis of co-cited references. A-B, Cluster analysis of co-cited references. C, The clustering timeline map of co-cited references.
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#0 is currently the most studied class, and Cluster 
#0 and Cluster #4 are currently the most popular 
classes. Future research is probably more focused 
on quantitative coronary angiography and com-
puted X-rays. 

Figure 7 depicts the top 25 references with the 
strongest citation bursts. Citation burst refers to 
a reference that has been frequently cited over a 
period. James K Min’s article “Diagnostic accu-
racy of fractional flow reserve from anatomic CT 
angiography”, published in 2012, demonstrated 
the highest explosive intensity and highlighted 
the excellent performance of noninvasive frac-
tional flow reserve (FFR) computed from CT plus 
CT in the diagnosis of coronary artery lesions26. 
The longest bursts were published by Chang and 
Lin27, running from 2011 to 2019, and somewhat 
normalizing the application of support vector ma-
chine algorithm in cardiovascular diseases. The 
article published by Al’Aref et al28 still displays 
burst up to now. They scored the coronary artery 
calcification score (CACS) of coronary comput-
ed tomography angiography (CCTA) following 
the Agatston method and showed high accuracy 
in predicting obstructive CAD using the gradient 
boosting machine learning algorithm (XGBoost) 
combined with clinical features.

Visual Analysis of Keywords
Analyzing the co-occurrence of keywords can 

assist researchers in understanding the current 
state of AI in the CAD field. Table V presents the 
top 20 keywords in terms of frequency, with “cor-
onary artery disease” being the most commonly 
occurring one (403), followed by “machine learn-
ing” (331), “deep learning” (216) and “artificial 
intelligence” (159). The keywords were catego-
rized into four groups using VoSviewer’s co-oc-
currence analysis prompts (Figure 8A). The green 
cluster represents research centered around devel-
oping CAD diagnostic models. The red clusters 
focus on CAD prognostic models characterized 
by CCTA and coronary artery calcium. The yel-
low cluster investigates radiomics based on deep 
learning and image segmentation. Lastly, the blue 
cluster explores the application of different ma-
chine-learning classification algorithms in CAD.

Figures 8B and 8C illustrate the timeline view 
of keyword clustering constructed by Citespace. 
Cluster #0 (ct angiography) is the largest currently 
researched topic, with the earliest studies artery 
disease and angiographic severity dating back to 
2010. Ischemic heart disease is currently at the 
forefront of this area’s research. The latest clus-
ters being studied belong to two categories: #6 

Figure 7. Citation burst mapping of references.
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Table V. The top 20 keywords of CAD and AI research. 

Rank	 Keywords	 Centrality	 Counts	 Year 

1	 coronary artery disease	 0.46	 403	 2009
2	 machine learning	 0.13	 331	 2011
3	 deep learning	 0.06	 216	 2018
4	 artificial intelligence	 0.15	 159	 2009
5	 risk	 0	 126	 2015
6	 classification	 0.14	 118	 2012
7	 disease	 0.22	 104	 2009
8	 fractional flow reserve	 0.05	 103	 2015
9	 computed tomography angiography	 0	 102	 2019
10	 diagnosis	 0.09	 89	 2014
11	 artery disease	 0.52	 88	 2010
12	 prediction	 0.03	 88	 2018
13	 association	 0.15	 86	 2015
14	 angiography	 0.38	 79	 2009
15	 cardiovascular disease	 0.09	 76	 2016
16	 quantification	 0.11	 76	 2015
17	 heart disease	 0.13	 71	 2011
18	 computed tomography	 0	 66	 2016
19	 coronary computed tomography angiography	 0.08	 64	 2019
20	 guidelines	 0.13	 62	 2018

Figure 8. Visual analysis of keywords. A-B, Cluster analysis of keywords. C, The clustering timeline map of 
keywords.
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(stress echocardiography), with research focusing 
on myocardial perfusion SPECT and deep neural 
network, and #8 (coronary CT angiography), with 
research centered around vessel segmentation. 

We conducted a burst test on the keywords, and 
Figure 9 lists the top 25 burst-intensity keywords. 
The highest burst was experienced by “comput-
ed tomography angiography”. The longest-last-
ing bursts were observed in “neural networks”, 
spanning up to eight years. “acute coronary syn-
drome”, “iterative reconstruction” and “emission 
computed tomography” are currently undergoing 
bursts, with a greater focus on radiomics.

Discussion 

Global Research Distribution
The study retrieved 1,248 articles on AI in CAD 

from the WoSCC database from 1 January 2009 
to 26 June 2023, from 5,774 research institutions 

in 349 countries/regions, published in 399 jour-
nals, while a total of 7,871 authors participated in 
the study. Our analysis reveals that the number of 
relevant articles published has increased signifi-
cantly year by year over the last 15 years and that 
the interest of researchers in the field continues to 
rise. The explosive growth of publications from 
2017 to date is closely linked to the rapid devel-
opment of AI, and the continuous optimization of 
several algorithmic models in the field of artificial 
intelligence has facilitated further CAD research 
under the AI label.

Analysis of countries/regions enables visualiza-
tion of global collaboration trends in a particular 
area. As we can observe from the above results, 
the authoritative position of the United States is 
evident, with China and Germany also occupy-
ing important positions. The higher centrality of 
Germany, England, and India has recently shown 
a central bridging role in this field. Although the 
USA and China have the highest number of publi-

Figure 9. Citation burst mapping of keywords.
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cations, their centrality does not match the volume 
of publications. As shown in Table I, four of the top 
ten institutions in terms of number of publications 
are from the USA, with Lundquist Institute being 
more prominently central. Overall, the USA is the 
absolute dominant player in AI and CAD research 
and collaborates extensively with countries/regions 
such as China, South Korea and Italy.

The analysis of journals provides an accurate 
picture of the core key journals in a particular 
field. As shown in Table II, the top ten journals 
and co-cited journals are all high-quality jour-
nals, with FRONT CARDIOVASC MED having 
the highest number of publications, which has 
contributed significantly to the development of 
the field. J AM COLL CARDIOL is not only the 
most co-cited but also leads in the number of ar-
ticles published, and it has profoundly influenced 
the course of the field.

Current Status of AI Research in CAD
CAD, as a traditional risk factor for death in 

the population, has been favored by many schol-
ars, and AI-oriented CAD research has shown 
great vigor in the modern era, along with the new 
iteration of AI technology. Firstly, in the era of 
precision medicine, the high incidence of CAD in 
the population provides a prerequisite for the ap-
plication of artificial intelligence. For patients un-
der different physiological conditions, multi-di-
mensional analysis based on big data is carried 
out to explore new ideas for CAD personalized 
treatment and drug development. Secondly, the 
diagnosis and treatment of CAD are inseparable 
from cardiovascular multimodal images. The re-
sults of electrocardiogram, echocardiography, and 
CTTA are closely related to images. The iterative 
reconstruction and image segmentation brought 
by artificial intelligence undoubtedly simplify the 
workload of cardiologists. Moreover, natural lan-
guage processing (NLP) in the analysis of elec-
tronic health records and phone recordings also 
highlighted the characteristics associated with 
CAD29. Finally, due to different regional popula-
tions, large-scale epidemiological data can deter-
mine the key factors influencing CAD and guide 
CAD prevention in different areas.

The continuous improvement of AI technolo-
gy and the innovation of CAD researchers have 
led to the diversification of research directions, 
and the current frontiers are more focused on 
three major directions: the construction and val-
idation of models for early diagnosis of coronary 
artery disease, the study of prognostic models of 

coronary artery disease characterized by plaque, 
and the study of imaging histological features in 
CAD risk stratification. The second is the study 
of prognostic models for coronary artery disease 
characterized by plaque, and the third is the study 
of imaging radiomics features in CAD risk strat-
ification.

Learning large amounts of data to automatical-
ly diagnose diseases is a major direction for AI 
applications in medicine. Diagnosis of CAD by 
coronary angiography is necessary, but due to its 
invasiveness, a non-invasive, economical and reli-
able way to identify CAD early is more respected 
by researchers. On the other hand, there is still 
some variation between diagnostic models due to 
differences in the content and sample size of the 
analyzed data sets. Currently, multiple types of di-
mensional data are being used for CAD diagnosis, 
with a more prominent trend toward non-invasive 
imaging as a key target, in addition to traditional 
demographic characteristics, social life factors, 
and clinical laboratory indicators. Electrocardi-
ography (ECG) is widely promoted as a screen-
ing test for cardiac function in admitted patients 
and can accurately and rapidly predict obstructive 
vessels by learning 12-lead ECG alone30-32, in ad-
dition, ECG-based heart rate variability (HRV) 
has been shown33 to predict CAD and myocardial 
infarction (MI). Previous studies in the literature 
have shown the presence of abnormal heart sounds 
in patients with coronary stenosis, and Pathak et 
al34 explored the use of phonocardiogram (PCG) 
in the diagnosis of CAD disease through multi-
nuclear learning. In particular, the dual dimen-
sional analysis of ECG and PCG showed superior 
performance for the detection of CAD35. Patients 
with CAD are often accompanied by hemody-
namic alterations, and the elastic network mod-
el construction of photoplethysmographic (PPG) 
with a three-dimensional orthogonal voltage gra-
dient (OVG) can accurately identify CAD36. Stress 
echocardiography shows localized regions of ab-
normal ventricular wall motion in patients with 
CAD, and artificial intelligence helps clinicians 
diagnose CAD effectively and quickly by identi-
fying abnormal regions before and after motion37. 
The deep learning model of coronary artery cal-
cification identified by echocardiography also 
realizes the risk stratification of coronary artery 
disease38. Nuclear imaging (SPECT, PET/CT) 
myocardial perfusion imaging (MPI) has become 
the gold standard for non-invasive detection of 
CAD, single-photon emission computed tomogra-
phy (SPECT) MPI is dominant in the diagnosis of 
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CAD, and deep learning-based MPI models can 
classify CAD patients in a short time39. The lat-
est research40 proposes that the polar map-free 3D 
deep learning algorithm eliminates the previous 
steps of axis and manual correction, simplifies the 
process of data processing, and demonstrates an 
efficient ability to predict CAD. In addition, the 
inclusion of low-risk populations has increased 
the sensitivity of MPI models to more accurately 
guide clinical CAD patient stratification41. Posi-
tron emission tomography/computed tomography 
(PET/CT) MPI has shown42 advantages for the de-
tection of myocardial ischemia due to its higher 
image resolution. The CT attenuation correction 
scan during PET reduces the radiation dose to the 
patient, and the automatic coronary artery calci-
fication (CAC) score trained by the CNN model 
reduces the time required for visual evaluation, 
which is more suitable for clinical application43. 
Cardiac magnetic resonance (CMR) allows accu-
rate assessment of cardiac structure and function, 
myocardial perfusion and ischemic infarct areas, 
and analysis of CMR 2D images based on ran-
dom forest (RF)-convolutional neural network 
(CNN)-F accurately assesses CAD44. For patients 
with renal failure suspected of MI, a deep learn-
ing framework based on non-contrast-enhanced 
cardiac cine MRI also outlines the location and 
area of MI satisfactorily45. Whole-heart coronary 
magnetic resonance angiography (WHCMRA) 
often cannot be applied on a large scale because 
of image quality, and the CNN model proposed 
by Prof. Kobayashi et al46 improves this situation, 
and a compressed sensing artificial intelligence 
(CSAI) framework was introduced to bring a 
better future for MRA diagnostic CAD47. Nota-
bly, the deep CNN model based on retrospective 
analysis of chest radiographs of patients who sus-
pected angina pectoris shows a good prior proba-
bility of CAD prediction, but it still needs further 
external validation48. In addition to the imaging 
examinations mentioned above, CCTA49, a hot 
topic of interest in the last decade, has seen vig-
orous progress in cross-integration with artificial 
intelligence. Deep CNN, as the most prominent 
focus, has played a crucial role in coronary image 
segmentation and CAD-RADS classification50-55. 
A novel CCTA image segmentation algorithm, 
CAS-Net, brings new ideas for the determination 
of coronary artery lesions56. Moreover, Yoneyama 
et al57 used a hybrid image of SPECT MPI and 
CCTA CAD models constructed based on artifi-
cial neural networks (ANN) also showed excellent 
performance. The FFR reflects the hemodynamic 

status of the coronary artery branches to the sup-
plied myocardial region, and the CT-FFR obtained 
based on CCTA calculations achieved a judgment 
power consistent with CCTA for CAD classifica-
tion58,59, and the combined application of CT-FFR 
and CCTA further enhanced the performance of 
the CCTA-based models alone60,61. Surprisingly, 
in patients with moderate coronary stenosis (50-
90%), the combined application of CT-FFR and 
CCTA even outperformed the diagnostic potential 
of invasive coronary angiography (ICA)62.

Due to the unique nature of CAD, not only does 
it require early diagnosis, long-term detection, 
and timely treatment, but it also requires accurate 
prediction of adverse cardiovascular events to 
better guide clinical intervention. Previous stud-
ies63 have shown that several blood biochemical 
parameters can predict the occurrence of major 
adverse cardiac events (MACE), but the rapid de-
velopment of clinical imaging and the continuous 
improvement of imaging technology has greatly 
contributed to the interest of investigators in im-
age analysis, so it has become a recent research 
hotspot to determine the occurrence of MACE 
in CAD patients by mining the parameters of 
medical imaging, such as plaque characteristics, 
hemodynamics, etc. Two-dimensional echocardi-
ography can provide many variables that reflect 
cardiac structure and ventricular function. 

Composite Variables 
The derivation of the transthoracic echocar-

diographic heart failure index (HFI) constructed 
by left ventricular mass index (LVMI), left atrial 
volume index (LAVI), mitral regurgitation (MR), 
and left ventricular outflow tract velocity-time 
integral (VTILVOT) and diastolic dysfunction 
(DD) performs well in the prediction of heart fail-
ure in CAD patients64. The advantages of SPECT 
MPI in CAD prognosis have been extensively 
studied65, and the prediction of per-vessel revas-
cularization within 90 days in patients with sus-
pected CAD by machine learning of SPECT MPI 
imaging radiomics features is even better than 
clinical nuclear cardiologists. The model, after 
simplifying several imaging radiomics variables, 
had mildly reduced accuracy for MACE, but its 
predictive interpretation and clinical utility were 
more prominent66, and the deep learning model 
showed better accuracy and calibration than tra-
ditional logistic regression models in predicting 
death and MI67. The semi-quantitative assessment 
of myocardial perfusion defects after SPECT 
has been proven to predict MACE. IPTD as the 
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difference between stress-total perfusion defects 
(TPD) and rest-TPD is different in men and wom-
en, and women with moderate to severe myocardial 
ischemia (IPTD > 5%) show a worse prognosis68. 
The prediction of CAD prognosis by CMR has 
been accepted by the general public, and Pezel et 
al69 showed high predictive value in predicting 10-
year mortality in CAD patients based on a machine 
learning model of 5 parameters of stress CMR and 
11 clinical data. The newly proposed fully automat-
ed MRI parameter analysis software did not differ 
from manual segmentation in predicting MACE 
within 1 year due to the time-bound nature of MRI 
image segmentation and simplifies the workflow70. 
Non-invasive FFR obtained by CCTA is consid-
ered to have more excellent diagnostic performance 
compared to CCTA and ICA, and several studies by 
Qiao et al14,71 showed that machine learning-based 
FFRCT has better predictive potential for adverse 
events compared to CCTA. Machine learning CT-
FFR has also shown72 a certain prognostic value in 
the occurrence of MACE and in-stent restenosis af-
ter coronary stent implantation. Previous studies73,74 
have shown that CAC score and epicardial adipose 
tissue (EAT) have some predictive value in cardio-
vascular risk stratification, and EAT quantification 
based on deep learning models integrating fully au-
tomated analysis of non-enhanced cardiac CT data 
can adequately predict MACE. Perivascular adipose 
tissue (PVAT) is closely associated with its perivas-
cular structural alterations, and coronary PVAT ra-
diomic features outperform the conventional CCTA 
model in predicting MACE within 5 years of CAD15. 
It is worth mentioning that another indicator associ-
ated with adipose tissue, fat attenuation index (FAI), 
reflects coronary inflammation, and the results ob-
tained from unsupervised cluster analysis suggest 
that high FAI is associated with high-risk plaques 
and represents a higher risk of MACE75.

Over the past decade, there has been a significant 
shift in risk stratification and therapeutic manage-
ment of coronary artery stenosis, where the focus is 
no longer limited to the severity of intraluminal ste-
nosis, but where the intrinsic characteristics of plaque 
morphology are also of concern. Although clinical 
indicators and blood biochemical markers have per-
formed well in CAD stratification76,77, decisions about 
the risk of adverse coronary events still have some 
shortcomings. Therefore, how to accurately identify 
plaque has become the frontier of research to explore 
the prognosis of patients with CAD. With the rapid 
development of accurate quantitative medical imag-
ing technology, image recognition technology, and 
data algorithm updates, the mining and analysis of big 

medical image data can be realized. The combination 
of plaque identification and image radiomics is criti-
cal. Traditional image radiomics analysis is reflected 
in the extraction and modeling of high-throughput 
features of regions of interest (ROI) in CT, PET and 
MRI. Automatic Cardiac CT CAC score based on the 
convolutional neural network shows the height of the 
artificial measurement consistency and significantly 
reduces the analysis time78. Low-dose CT (LDCT) for 
lung cancer screening can identify arterial calcifica-
tion. Homayounieh et al79 completed cardiac image 
segmentation and radiomic feature extraction using 
existing models and found that whole-heart imaging 
radiomics of LDCT can diagnose coronary stenosis 
and predict cardiovascular disease risk. Similarly, 
semi-quantitative coronary artery calcium volume 
(CACV) based on LDCT artificial intelligence CNN 
prototype also showed similar results80. Recently, 
the fully automatic CAC score comparison between 
ECG-gated cardiac CT and non-ECG-gated LDCT 
has shown81 good reliability, but the results in differ-
ent institutions show evident heterogeneity, so it may 
need further verification. Assessment of the coronary 
artery calcification degree is usually measured using 
the coronary artery calcification score (CACS), and 
the XGBoost model combining CACS with clinical 
features accurately reflects CAD risk stratification28.

The application of imaging radiomics in CAD 
is mostly focused on CCTA images. Several previ-
ous studies82-84 have shown that the use of radiom-
ic features of CCTA plaque regions can accurately 
and rapidly identify unstable plaques in coronary 
arteries. At the same time, the radiomics features 
associated with unstable plaques are associated with 
the occurrence of adverse cardiovascular events85. 
In addition to coronary plaque studies, the radiom-
ic features of pericoronary adipose tissue (PCAT) 
have also been extensively studied86,87 in the last 
two years, whether it is of certain significance in 
the evaluation of coronary artery stenosis or acute 
coronary syndromes such as myocardial ischemia 
and myocardial infarction88-91. In addition, PCAT is 
more advantageous in predicting the occurrence of 
MACE within 3 years compared with EAT92. In re-
cent years, new imaging techniques have been grad-
ually applied in radiomics, such as intravascular ul-
trasound (IVUS) and virtual histology (VH), which 
can also diagnose unstable plaques and thus prevent 
MACE occurrence93. IVPA, as a new type of intra-
vascular imaging, has been confirmed to detect ath-
erosclerotic plaque, but the cardiac motion artifact 
limits the use of CAD. Motion and Artifact Correc-
tion (MAC) - Net, as a new type of deep learning 
algorithm, has been used to correct coronary IVPA 
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artifacts. It provides a prerequisite for the applica-
tion of IVPA in the diagnosis of CAD94.

The Future Vision of AI in CAD
In the nearly 100 years in which clinical re-

searchers have been studying coronary artery dis-
ease, our understanding of coronary artery disease 
has become clearer. With the advent of the era of 
artificial intelligence, we are acutely aware that 
the next research boom in coronary artery disease 
is about to take off. In recent years, researchers 
have moved away from focusing solely on the di-
agnosis of CAD and instead have focused more 
on the issue of cardiovascular risk stratification 
after CAD. In terms of research methods, the rise 
of radiomics has placed higher demands on the 
quality of medical images while also promoting 
the use of medical images for the comprehensive 
management of CAD. With the rapid development 
of radiomics, the orientation of clinical medical 
images to predict the occurrence of cardiovas-
cular risk will be at the forefront of research on 
artificial intelligence in CAD in the next decade.

Limitations
This study is the first visual review and analy-

sis of AI applications in coronary artery disease 
through bibliometrics in the last 15 years, but there 
are still some limitations. First, we tried to refine the 
search strategy as much as possible, so it is inevita-
ble that there are certain articles with low relevance. 
Second, we only selected the WOSCC to complete 
the literature search and collection; Pubmed, Goo-
gle Scholar, and other databases were not included 
in our study, so there may be some articles missing. 
Finally, there may be some bias in the results of this 
study due to problems such as changes in institu-
tional names or unidentifiable author ranking.

Conclusions

In this study, we searched for AI and CAD-re-
lated research over the last 15 years through bib-
liometric analysis. FRONT CARDIOVASC MED, 
EUR RADIOL and J AM COLL CARDIOL are 
the influential journals in this field. Schoepf, U. 
Joseph and Acharya, U. Rajendra are the leading 
authors in this field. Future research may be more 
towards the potential link between cardiovascular 
risk stratification and radiomics. Our study illus-
trates the full range of applications of AI in CAD 
and the relationship between them, providing 
important clues to current trends and future di-

rections of their research. The visualization study 
based on Citespace and VoSviewer software will 
hopefully provide researchers with a comprehen-
sive view of the current general trends in the field.

Conflict of Interest 
The authors declare that they have no conflict of interests.

Data Availability  
The original contribution presented in this study is included 
in the article. Further inquiries can be directed to the corre-
sponding author.

Authors’ Contribution  
H.-L. Dong: Presentation of the study concept. X.-T. Qi, H. 
Wang, and R.-J. Zhang: Study design. X.-T. Qi: Data analysis. 
X.-T. Qi, H. Wang, and D.-G. Zhu: completed the download-
ing and saving of all data and was responsible for the integrity 
of the data as well as the accuracy of the data analysis, data 
interpretation, and manuscript drafting. X.-T. Qi, H. Wang, 
R.-J. Zhang, D.-G. Zhu, L. Zheng, X. Cheng, and H.-L. Dong 
critically revised the manuscript. All authors contributed to 
the article and approved the submitted version.

Informed Consent
Not applicable.

Ethics Approval
Not applicable.

Funding
None.

Acknowledgements
We thank Dr. X.-Y. Yue and Dr. Z.-C. Lu for their assis-
tance in data analysis and acquisition.

ORCID ID
X.-T. Qi: 0000-0002-2486-8045
H. Wang: 0000-0001-7408-0398
D.-G. Zhu: 0000-0003-2459-8222
L. Zheng: 0000-0002-5755-7470
X. Cheng:0009-0002-9539-899X
R.-J. Zhang: 0000-0003-0697-2217
H.-L. Dong: 0000-0002-5924-7003

References

  1)	 Björkegren JLM, Lusis AJ. Atherosclerosis: Re-
cent developments. Cell 2022; 185: 1630-1645.

  2)	 Marzilli M, Merz CN, Boden WE, Bonow RO, Ca-
pozza PG, Chilian WM, DeMaria AN, Guarini G, 
Huqi A, Morrone D, Patel MR, Weintraub WS. Ob-



X.-T. Qi, H. Wang, D.-G. Zhu, L. Zheng, X. Cheng, R.-J. Zhang, H.-L. Dong

18

structive coronary atherosclerosis and ischemic 
heart disease: an elusive link! J Am Coll Cardiol 
2012; 60: 951-956.

  3)	 Lala A, Desai AS. The role of coronary artery di-
sease in heart failure. Heart Fail Clin 2014; 10: 
353-365.

  4)	 Frąk W, Wojtasińska A, Lisińska W, Młynarska E, 
Franczyk B, Rysz J. Pathophysiology of Cardio-
vascular Diseases: New Insights into Molecular 
Mechanisms of Atherosclerosis, Arterial Hyper-
tension, and Coronary Artery Disease. Biomedi-
cines 2022; 10: 1938.

  5)	 Talmor-Barkan Y, Bar N, Shaul AA, Shahaf N, Go-
dneva A, Bussi Y, Lotan-Pompan M, Weinberger 
A, Shechter A, Chezar-Azerrad C, Arow Z, Ham-
mer Y, Chechi K, Forslund SK, Fromentin S, Du-
mas ME, Ehrlich SD, Pedersen O, Kornowski R, 
Segal E. Metabolomic and microbiome profiling 
reveals personalized risk factors for coronary ar-
tery disease. Nat Med 2022; 28: 295-302.

  6)	 Tcheandjieu C, Zhu X, Hilliard AT, Clarke SL, Napo-
lioni V, Ma S, Lee KM, Fang H, Chen F, Lu Y, Tsao 
NL, Raghavan S, Koyama S, Gorman BR, Vujkovic 
M, Klarin D, Levin MG, Sinnott-Armstrong N, Wojcik 
GL, Plomondon ME, Maddox TM, Waldo SW, Bick 
AG, Pyarajan S, Huang J, Song R, Ho YL, Buyske 
S, Kooperberg C, Haessler J, Loos RJF, Do R, Ver-
banck M, Chaudhary K, North KE, Avery CL, Graff 
M, Haiman CA, Le Marchand L, Wilkens LR, Bis JC, 
Leonard H, Shen B, Lange LA, Giri A, Dikilitas O, 
Kullo IJ, Stanaway IB, Jarvik GP, Gordon AS, Heb-
bring S, Namjou B, Kaufman KM, Ito K, Ishigaki K, 
Kamatani Y, Verma SS, Ritchie MD, Kember RL, 
Baras A, Lotta LA, Kathiresan S, Hauser ER, Miller 
DR, Lee JS, Saleheen D, Reaven PD, Cho K, Ga-
ziano JM, Natarajan P, Huffman JE, Voight BF, Ra-
der DJ, Chang KM, Lynch JA, Damrauer SM, Wil-
son PWF, Tang H, Sun YV, Tsao PS, O’Donnell CJ, 
Assimes TL. Large-scale genome-wide association 
study of coronary artery disease in genetically diver-
se populations. Nat Med 2022; 28: 1679-1692.

  7)	 Reed JL, Terada T, Cotie LM, Tulloch HE, Leenen 
FH, Mistura M, Hans H, Wang HW, Vidal-Almela S, 
Reid RD, Pipe AL. The effects of high-intensity in-
terval training, Nordic walking and moderate-to-vi-
gorous intensity continuous training on functional 
capacity, depression and quality of life in patients 
with coronary artery disease enrolled in cardiac 
rehabilitation: A randomized controlled trial (CRX 
study). Prog Cardiovasc Dis 2022; 70: 73-83.

  8)	 Johnson KW, Torres Soto J, Glicksberg BS, Sha-
meer K, Miotto R, Ali M, Ashley E, Dudley JT. Arti-
ficial Intelligence in Cardiology. J Am Coll Cardiol 
2018; 71: 2668-2679.

  9)	 Noorbakhsh-Sabet N, Zand R, Zhang Y, Abedi V. 
Artificial Intelligence Transforms the Future of He-
alth Care. Am J Med 2019; 132: 795-801.

10)	 Amisha, Malik P, Pathania M, Rathaur VK. Over-
view of artificial intelligence in medicine. J Family 
Med Prim Care 2019; 8: 2328-2331.

11)	 Stuckey T, Meine F, McMinn T, Depta JP, Bennett 
B, McGarry T, Carroll W, Suh D, Steuter JA, Ro-

berts M, Gillins HR, Lange E, Fathieh F, Burton T, 
Khosousi A, Shadforth I, Sanders WE, Jr., Rabbat 
MG. Development and validation of a machine 
learned algorithm to IDENTIFY functionally signi-
ficant coronary artery disease. Front Cardiovasc 
Med 2022; 9: 956147.

12)	 Lin S, Li Z, Fu B, Chen S, Li X, Wang Y, Wang X, 
Lv B, Xu B, Song X, Zhang YJ, Cheng X, Huang 
W, Pu J, Zhang Q, Xia Y, Du B, Ji X, Zheng Z. Fe-
asibility of using deep learning to detect coronary 
artery disease based on facial photo. Eur Heart J 
2020; 41: 4400-4411.

13)	 Bertsimas D, Orfanoudaki A, Weiner RB. Perso-
nalized treatment for coronary artery disease pa-
tients: a machine learning approach. Health Care 
Manag Sci 2020; 23: 482-506.

14)	 Qiao HY, Tang CX, Schoepf UJ, Tesche C, Bayer 
RR, 2nd, Giovagnoli DA, Todd Hudson H, Jr., Zhou 
CS, Yan J, Lu MJ, Zhou F, Lu GM, Jiang JW, Zhang 
LJ. Impact of machine learning-based coronary 
computed tomography angiography fractional flow 
reserve on treatment decisions and clinical outco-
mes in patients with suspected coronary artery di-
sease. Eur Radiol 2020; 30: 5841-5851.

15)	 Oikonomou EK, Williams MC, Kotanidis CP, Desai 
MY, Marwan M, Antonopoulos AS, Thomas KE, 
Thomas S, Akoumianakis I, Fan LM, Kesavan S, 
Herdman L, Alashi A, Centeno EH, Lyasheva M, 
Griffin BP, Flamm SD, Shirodaria C, Sabharwal 
N, Kelion A, Dweck MR, Van Beek EJR, Dean-
field J, Hopewell JC, Neubauer S, Channon KM, 
Achenbach S, Newby DE, Antoniades C. A novel 
machine learning-derived radiotranscriptomic si-
gnature of perivascular fat improves cardiac risk 
prediction using coronary CT angiography. Eur 
Heart J 2019; 40: 3529-3543.

16)	 Motwani M, Dey D, Berman DS, Germano G, 
Achenbach S, Al-Mallah MH, Andreini D, Budoff 
MJ, Cademartiri F, Callister TQ, Chang HJ, Chin-
naiyan K, Chow BJ, Cury RC, Delago A, Gomez 
M, Gransar H, Hadamitzky M, Hausleiter J, Hin-
doyan N, Feuchtner G, Kaufmann PA, Kim YJ, 
Leipsic J, Lin FY, Maffei E, Marques H, Pontone 
G, Raff G, Rubinshtein R, Shaw LJ, Stehli J, Villi-
nes TC, Dunning A, Min JK, Slomka PJ. Machine 
learning for prediction of all-cause mortality in pa-
tients with suspected coronary artery disease: a 
5-year multicentre prospective registry analysis. 
Eur Heart J 2017; 38: 500-507.

17)	 Huang J, Liu Y, Huang S, Ke G, Chen X, Gong B, Wei 
W, Xue Y, Deng H, Wu S. Research output of artificial 
intelligence in arrhythmia from 2004 to 2021: a biblio-
metric analysis. J Thorac Dis 2022; 14: 1411-1427.

18)	 Shen Z, Wu H, Chen Z, Hu J, Pan J, Kong J, Lin T. 
The Global Research of Artificial Intelligence on 
Prostate Cancer: A 22-Year Bibliometric Analysis. 
Front Oncol 2022; 12: 843735.

19)	 Zhao J, Zhu J, Huang C, Zhu X, Zhu Z, Wu Q, 
Yuan R. Uncovering the information immunology 
journals transmitted for COVID-19: A bibliometric 
and visualization analysis. Front Immunol 2022; 
13: 1035151.



Global trends in coronary artery disease and artificial intelligence relevant studies

19

20)	 Chen C. Searching for intellectual turning poin-
ts: progressive knowledge domain visualization. 
Proc Natl Acad Sci U S A 2004; 101: 5303-5310.

21)	 van Eck NJ, Waltman L. Software survey: VO-
Sviewer, a computer program for bibliometric 
mapping. Scientometrics 2010; 84: 523-538.

22)	 Xu YD, Lin M, Xu ZY, Kang H, Li ZT, Luo ZZ, Lin 
SY. Holter electrocardiogram research trends and 
hotspots: bibliometrics and visual analysis. Eur 
Rev Med Pharmacol Sci 2022; 26: 6027-6039.

23)	 Poplin R, Varadarajan AV, Blumer K, Liu Y, Mc-
Connell MV, Corrado GS, Peng L, Webster DR. 
Prediction of cardiovascular risk factors from re-
tinal fundus photographs via deep learning. Nat 
Biomed Eng 2018; 2: 158-164.

24)	 Ronneberger O, Fischer P, Brox T. U-Net: Convo-
lutional Networks for Biomedical Image Segmen-
tation. In. Cham: Springer International Publishing 
2015. pp. 234-241.

25)	 DeLong ER, DeLong DM, Clarke-Pearson DL. 
Comparing the areas under two or more correlated 
receiver operating characteristic curves: a nonpa-
rametric approach. Biometrics 1988; 44: 837-845.

26)	 Min JK, Leipsic J, Pencina MJ, Berman DS, Koo 
BK, van Mieghem C, Erglis A, Lin FY, Dunning 
AM, Apruzzese P, Budoff MJ, Cole JH, Jaffer 
FA, Leon MB, Malpeso J, Mancini GB, Park SJ, 
Schwartz RS, Shaw LJ, Mauri L. Diagnostic accu-
racy of fractional flow reserve from anatomic CT 
angiography. JAMA 2012; 308: 1237-1245.

27)	 Chang CC, Lin CJ. LIBSVM: A library for support 
vector machines. ACM Trans Intell Syst Technol 
2011; 2: 1-27.

28)	 Al’Aref SJ, Maliakal G, Singh G, van Rosendael 
AR, Ma X, Xu Z, Alawamlh OAH, Lee B, Pandey 
M, Achenbach S, Al-Mallah MH, Andreini D, Bax 
JJ, Berman DS, Budoff MJ, Cademartiri F, Callister 
TQ, Chang HJ, Chinnaiyan K, Chow BJW, Cury 
RC, DeLago A, Feuchtner G, Hadamitzky M, Hau-
sleiter J, Kaufmann PA, Kim YJ, Leipsic JA, Maffei 
E, Marques H, Gonçalves PA, Pontone G, Raff GL, 
Rubinshtein R, Villines TC, Gransar H, Lu Y, Jones 
EC, Peña JM, Lin FY, Min JK, Shaw LJ. Machine 
learning of clinical variables and coronary artery 
calcium scoring for the prediction of obstructive 
coronary artery disease on coronary computed 
tomography angiography: analysis from the CON-
FIRM registry. Eur Heart J 2020; 41: 359-367.

29)	 Maor E, Sara JD, Orbelo DM, Lerman LO, Leva-
non Y, Lerman A. Voice Signal Characteristics 
Are Independently Associated With Coronary Ar-
tery Disease. Mayo Clin Proc 2018; 93: 840-847.

30)	 Leasure M, Jain U, Butchy A, Otten J, Covalesky 
VA, McCormick D, Mintz GS. Deep Learning Al-
gorithm Predicts Angiographic Coronary Artery 
Disease in Stable Patients Using Only a Standard 
12-Lead Electrocardiogram. Can J Cardiol 2021; 
37: 1715-1724.

31)	 Huang PS, Tseng YH, Tsai CF, Chen JJ, Yang SC, 
Chiu FC, Chen ZW, Hwang JJ, Chuang EY, Wang 
YC, Tsai CT. An Artificial Intelligence-Enabled 
ECG Algorithm for the Prediction and Localization 

of Angiography-Proven Coronary Artery Disease. 
Biomedicines 2022; 10: 394.

32)	 Tseng LM, Chuang CY, Chua SK, Tseng VS. Iden-
tification of Coronary Culprit Lesion in ST Eleva-
tion Myocardial Infarction by Using Deep Learning. 
IEEE J Transl Eng Health Med 2023; 11: 70-79.

33)	 Kumar R, Aggarwal Y, Kumar Nigam V. Heart rate 
dynamics in the prediction of coronary artery di-
sease and myocardial infarction using artificial 
neural network and support vector machine. J 
Appl Biomed 2022; 20: 70-79.

34)	 Pathak A, Mandana K, Saha G. Ensembled Tran-
sfer Learning and Multiple Kernel Learning for 
Phonocardiogram Based Atherosclerotic Coro-
nary Artery Disease Detection. IEEE J Biomed 
Health Inform 2022; 26: 2804-2813.

35)	 Li H, Wang X, Liu C, Li P, Jiao Y. Integrating mul-
ti-domain deep features of electrocardiogram and 
phonocardiogram for coronary artery disease de-
tection. Comput Biol Med 2021; 138: 104914.

36)	 Fathieh F, Paak M, Khosousi A, Burton T, Sanders 
WE, Doomra A, Lange E, Khedraki R, Bhavnani S, 
Ramchandani S. Predicting cardiac disease from 
interactions of simultaneously-acquired hemody-
namic and cardiac signals. Comput Methods Pro-
grams Biomed 2021; 202: 105970.

37)	 Upton R, Mumith A, Beqiri A, Parker A, Hawkes 
W, Gao S, Porumb M, Sarwar R, Marques P, Mar-
kham D, Kenworthy J, O’Driscoll JM, Hassanali 
N, Groves K, Dockerill C, Woodward W, Alsharqi 
M, McCourt A, Wilkes EH, Heitner SB, Yadava M, 
Stojanovski D, Lamata P, Woodward G, Leeson 
P. Automated Echocardiographic Detection of 
Severe Coronary Artery Disease Using Artificial 
Intelligence. JACC Cardiovasc Imaging 2022; 15: 
715-727.

38)	 Yuan N, Kwan AC, Duffy G, Theurer J, Chen JH, 
Nieman K, Botting P, Dey D, Berman DS, Cheng 
S, Ouyang D. Prediction of Coronary Artery Cal-
cium Using Deep Learning of Echocardiograms. J 
Am Soc Echocardiogr 2023; 36: 474-481.e473.

39)	 Otaki Y, Singh A, Kavanagh P, Miller RJH, Parekh 
T, Tamarappoo BK, Sharir T, Einstein AJ, Fish 
MB, Ruddy TD, Kaufmann PA, Sinusas AJ, Miller 
EJ, Bateman TM, Dorbala S, Di Carli M, Cadet S, 
Liang JX, Dey D, Berman DS, Slomka PJ. Clinical 
Deployment of Explainable Artificial Intelligence of 
SPECT for Diagnosis of Coronary Artery Disease. 
JACC Cardiovasc Imaging 2022; 15: 1091-1102.

40)	 Ko CL, Lin SS, Huang CW, Chang YH, Ko KY, 
Cheng MF, Wang SY, Chen CM, Wu YW. Polar 
map-free 3D deep learning algorithm to predict 
obstructive coronary artery disease with myocar-
dial perfusion CZT-SPECT. Eur J Nucl Med Mol 
Imaging 2023; 50: 376-386.

41)	 Miller RJH, Singh A, Otaki Y, Tamarappoo BK, 
Kavanagh P, Parekh T, Hu LH, Gransar H, Sharir 
T, Einstein AJ, Fish MB, Ruddy TD, Kaufmann PA, 
Sinusas AJ, Miller EJ, Bateman TM, Dorbala S, Di 
Carli MF, Liang JX, Dey D, Berman DS, Slomka 
PJ. Mitigating bias in deep learning for diagnosis 
of coronary artery disease from myocardial perfu-



X.-T. Qi, H. Wang, D.-G. Zhu, L. Zheng, X. Cheng, R.-J. Zhang, H.-L. Dong

20

sion SPECT images. Eur J Nucl Med Mol Imaging 
2023; 50: 387-397.

42)	 Megna R, Petretta M, Assante R, Zampella E, 
Nappi C, Gaudieri V, Mannarino T, D’Antonio A, 
Green R, Cantoni V, Arumugam P, Acampa W, 
Cuocolo A. A Comparison among Different Ma-
chine Learning Pretest Approaches to Predict 
Stress-Induced Ischemia at PET/CT Myocardial 
Perfusion Imaging. Comput Math Methods Med 
2021; 2021: 3551756.

43)	 van Velzen SGM, Dobrolinska MM, Knaapen P, van 
Herten RLM, Jukema R, Danad I, Slart R, Greuter 
MJW, Išgum I. Automated cardiovascular risk ca-
tegorization through AI-driven coronary calcium 
quantification in cardiac PET acquired attenuation 
correction CT. J Nucl Cardiol 2023; 30: 955-969.

44)	 Khozeimeh F, Sharifrazi D, Izadi NH, Joloudari 
JH, Shoeibi A, Alizadehsani R, Tartibi M, Hussain 
S, Sani ZA, Khodatars M, Sadeghi D, Khosravi A, 
Nahavandi S, Tan RS, Acharya UR, Islam SMS. 
RF-CNN-F: random forest with convolutional neu-
ral network features for coronary artery disease 
diagnosis based on cardiac magnetic resonance. 
Sci Rep 2022; 12: 11178.

45)	 Zhang N, Yang G, Gao Z, Xu C, Zhang Y, Shi R, 
Keegan J, Xu L, Zhang H, Fan Z, Firmin D. Deep 
Learning for Diagnosis of Chronic Myocardial In-
farction on Nonenhanced Cardiac Cine MRI. Ra-
diology 2019; 291: 606-617.

46)	 Kobayashi H, Nakayama R, Hizukuri A, Ishida M, Ki-
tagawa K, Sakuma H. Improving Image Resolution 
of Whole-Heart Coronary MRA Using Convolutional 
Neural Network. J Digit Imaging 2020; 33: 497-503.

47)	 Wu X, Deng L, Li W, Peng P, Yue X, Tang L, Pu 
Q, Ming Y, Zhang X, Huang X, Chen Y, Huang 
J, Sun J. Deep Learning-Based Acceleration of 
Compressed Sensing for Noncontrast-Enhanced 
Coronary Magnetic Resonance Angiography in 
Patients With Suspected Coronary Artery Disea-
se. J Magn Reson Imaging 2023; 58: 1521-1530.

48)	 D’Ancona G, Massussi M, Savardi M, Signoroni A, 
Di Bacco L, Farina D, Metra M, Maroldi R, Mune-
retto C, Ince H, Costabile D, Murero M, Chizzola G, 
Curello S, Benussi S. Deep learning to detect signifi-
cant coronary artery disease from plain chest radio-
graphs AI4CAD. Int J Cardiol 2023; 370: 435-441.

49)	 Zlibut A, Orzan RI, Farah D, Cionca C, Muresan 
ID, Horvat D, Popa ID, Revnic R, Florea M, Mocan 
T, Agoston-Coldea L. Predictive ability of coro-
nary computed tomography angiography parame-
ters in patients suspected of obstructive coronary 
artery disease: a single-center cross-sectional 
study. Eur Rev Med Pharmacol Sci 2021; 25: 
4074-4085.

50)	 Muscogiuri G, Chiesa M, Trotta M, Gatti M, Pal-
misano V, Dell’Aversana S, Baessato F, Cavaliere 
A, Cicala G, Loffreno A, Rizzon G, Guglielmo M, 
Baggiano A, Fusini L, Saba L, Andreini D, Pepi M, 
Rabbat MG, Guaricci AI, De Cecco CN, Colombo 
G, Pontone G. Performance of a deep learning al-
gorithm for the evaluation of CAD-RADS classifica-
tion with CCTA. Atherosclerosis 2020; 294: 25-32.

51)	 Choi AD, Marques H, Kumar V, Griffin WF, 
Rahban H, Karlsberg RP, Zeman RK, Katz RJ, 
Earls JP. CT Evaluation by Artificial Intelligence 
for Atherosclerosis, Stenosis and Vascular Mor-
phology (CLARIFY): A Multi-center, international 
study. J Cardiovasc Comput Tomogr 2021; 15: 
470-476.

52)	 Li Y, Wu Y, He J, Jiang W, Wang J, Peng Y, Jia Y, 
Xiong T, Jia K, Yi Z, Chen M. Automatic coronary ar-
tery segmentation and diagnosis of stenosis by deep 
learning based on computed tomographic coronary 
angiography. Eur Radiol 2022; 32: 6037-6045.

53)	 Han D, Liu J, Sun Z, Cui Y, He Y, Yang Z. Deep 
learning analysis in coronary computed tomo-
graphic angiography imaging for the assessment 
of patients with coronary artery stenosis. Comput 
Methods Programs Biomed 2020; 196: 105651.

54)	 Song A, Xu L, Wang L, Wang B, Yang X, Xu B, 
Yang B, Greenwald SE. Automatic Coronary Artery 
Segmentation of CCTA Images With an Efficient 
Feature-Fusion-and-Rectification 3D-UNet. IEEE 
J Biomed Health Inform 2022; 26: 4044-4055.

55)	 Griffin WF, Choi AD, Riess JS, Marques H, Chang 
HJ, Choi JH, Doh JH, Her AY, Koo BK, Nam CW, 
Park HB, Shin SH, Cole J, Gimelli A, Khan MA, Lu 
B, Gao Y, Nabi F, Nakazato R, Schoepf UJ, Dries-
sen RS, Bom MJ, Thompson R, Jang JJ, Ridner M, 
Rowan C, Avelar E, Généreux P, Knaapen P, de Wa-
ard GA, Pontone G, Andreini D, Earls JP. AI Evalua-
tion of Stenosis on Coronary CTA, Comparison With 
Quantitative Coronary Angiography and Fractional 
Flow Reserve: A CREDENCE Trial Substudy. JACC 
Cardiovasc Imaging 2023; 16: 193-205.

56)	 Dong C, Xu S, Dai D, Zhang Y, Zhang C, Li Z. 
A novel multi-attention, multi-scale 3D deep 
network for coronary artery segmentation. Med 
Image Anal 2023; 85: 102745.

57)	 Yoneyama H, Nakajima K, Taki J, Wakabayashi 
H, Matsuo S, Konishi T, Okuda K, Shibutani T, 
Onoguchi M, Kinuya S. Ability of artificial intelli-
gence to diagnose coronary artery stenosis using 
hybrid images of coronary computed tomography 
angiography and myocardial perfusion SPECT. 
Eur J Hybrid Imaging 2019; 3: 4.

58)	 Koo BK, Erglis A, Doh JH, Daniels DV, Jegere 
S, Kim HS, Dunning A, DeFrance T, Lansky A, 
Leipsic J, Min JK. Diagnosis of ischemia-causing 
coronary stenoses by noninvasive fractional flow 
reserve computed from coronary computed tomo-
graphic angiograms. Results from the prospecti-
ve multicenter DISCOVER-FLOW (Diagnosis of 
Ischemia-Causing Stenoses Obtained Via Nonin-
vasive Fractional Flow Reserve) study. J Am Coll 
Cardiol 2011; 58: 1989-1997.

59)	 Li Q, Ding Y, Chen Q, Tang Y, Zhang H, He Y, Fu 
G, Yang Q, Shou X, Ye Y, Zhao X, Zhang Y, Li Y, 
Zhang X, Wu C, Wang R, Xu L, Zhang R, Yeung 
A, Zeng Y, Qian X. Diagnostic Performance of a 
Novel Automated CT-derived FFR Technology in 
Detecting Hemodynamically Significant Coronary 
Artery Stenoses: A Multicenter Trial in China. Am 
Heart J 2023; 265: 180-190.



Global trends in coronary artery disease and artificial intelligence relevant studies

21

60)	 Gohmann RF, Pawelka K, Seitz P, Majunke N, Hei-
ser L, Renatus K, Desch S, Lauten P, Holzhey D, 
Noack T, Wilde J, Kiefer P, Krieghoff C, Lücke C, 
Gottschling S, Ebel S, Borger MA, Thiele H, Pank-
nin C, Horn M, Abdel-Wahab M, Gutberlet M. Com-
bined cCTA and TAVR Planning for Ruling Out Si-
gnificant CAD: Added Value of ML-Based CT-FFR. 
JACC Cardiovasc Imaging 2022; 15: 476-486.

61)	 Nous FMA, Budde RPJ, Lubbers MM, Yamasaki 
Y, Kardys I, Bruning TA, Akkerhuis JM, Kofflard 
MJM, Kietselaer B, Galema TW, Nieman K. Im-
pact of machine-learning CT-derived fractional 
flow reserve for the diagnosis and management of 
coronary artery disease in the randomized CRE-
SCENT trials. Eur Radiol 2020; 30: 3692-3701.

62)	 Wardziak Ł, Kruk M, Pleban W, Demkow M, 
Rużyłło W, Dzielińska Z, Kępka C. Coronary CTA 
enhanced with CTA based FFR analysis provides 
higher diagnostic value than invasive coronary 
angiography in patients with intermediate co-
ronary stenosis. J Cardiovasc Comput Tomogr 
2019; 13: 62-67.

63)	 Forrest IS, Petrazzini BO, Duffy Á, Park JK, Mar-
quez-Luna C, Jordan DM, Rocheleau G, Cho JH, 
Rosenson RS, Narula J, Nadkarni GN, Do R. Ma-
chine learning-based marker for coronary artery 
disease: derivation and validation in two longitudi-
nal cohorts. Lancet 2023; 401: 215-225.

64)	 Mishra RK, Tison GH, Fang Q, Scherzer R, Whoo-
ley MA, Schiller NB. Association of Machine Lear-
ning-Derived Phenogroupings of Echocardiographic 
Variables with Heart Failure in Stable Coronary Ar-
tery Disease: The Heart and Soul Study. J Am Soc 
Echocardiogr 2020; 33: 322-331.e321.

65)	 Hu LH, Betancur J, Sharir T, Einstein AJ, Bokhari 
S, Fish MB, Ruddy TD, Kaufmann PA, Sinusas 
AJ, Miller EJ, Bateman TM, Dorbala S, Di Carli M, 
Germano G, Commandeur F, Liang JX, Otaki Y, 
Tamarappoo BK, Dey D, Berman DS, Slomka PJ. 
Machine learning predicts per-vessel early coro-
nary revascularization after fast myocardial per-
fusion SPECT: results from multicentre REFINE 
SPECT registry. Eur Heart J Cardiovasc Imaging 
2020; 21: 549-559.

66)	 Rios R, Miller RJH, Hu LH, Otaki Y, Singh A, Di-
niz M, Sharir T, Einstein AJ, Fish MB, Ruddy TD, 
Kaufmann PA, Sinusas AJ, Miller EJ, Bateman 
TM, Dorbala S, DiCarli M, Van Kriekinge S, Ka-
vanagh P, Parekh T, Liang JX, Dey D, Berman 
DS, Slomka P. Determining a minimum set of va-
riables for machine learning cardiovascular event 
prediction: results from REFINE SPECT registry. 
Cardiovasc Res 2022; 118: 2152-2164.

67)	 Singh A, Miller RJH, Otaki Y, Kavanagh P, Hau-
ser MT, Tzolos E, Kwiecinski J, Van Kriekinge S, 
Wei CC, Sharir T, Einstein AJ, Fish MB, Ruddy 
TD, Kaufmann PA, Sinusas AJ, Miller EJ, Bate-
man TM, Dorbala S, Di Carli M, Liang JX, Huang 
C, Han D, Dey D, Berman DS, Slomka PJ. Direct 
Risk Assessment From Myocardial Perfusion 
Imaging Using Explainable Deep Learning. JACC 
Cardiovasc Imaging 2023; 16: 209-220.

68)	 Tamarappoo BK, Otaki Y, Sharir T, Hu LH, Gran-
sar H, Einstein AJ, Fish MB, Ruddy TD, Kaufmann 
P, Sinusas AJ, Miller EJ, Bateman TM, Dorbala S, 
Di Carli M, Eisenberg E, Liang JX, Dey D, Berman 
DS, Slomka PJ. Differences in Prognostic Value 
of Myocardial Perfusion Single-Photon Emission 
Computed Tomography Using High-Efficiency 
Solid-State Detector Between Men and Women 
in a Large International Multicenter Study. Circ 
Cardiovasc Imaging 2022; 15: e012741.

69)	 Pezel T, Sanguineti F, Garot P, Unterseeh T, 
Champagne S, Toupin S, Morisset S, Hovasse T, 
Faradji A, Ah-Sing T, Nicol M, Hamzi L, Dillinger 
JG, Henry P, Bousson V, Garot J. Machine-Lear-
ning Score Using Stress CMR for Death Predi-
ction in Patients With Suspected or Known CAD. 
JACC Cardiovasc Imaging 2022; 15: 1900-1913.

70)	 Schuster A, Lange T, Backhaus SJ, Strohmeyer C, 
Boom PC, Matz J, Kowallick JT, Lotz J, Steinmetz M, 
Kutty S, Bigalke B, Gutberlet M, de Waha-Thiele S, 
Desch S, Hasenfuß G, Thiele H, Stiermaier T, Eitel I. 
Fully Automated Cardiac Assessment for Diagnostic 
and Prognostic Stratification Following Myocardial 
Infarction. J Am Heart Assoc 2020; 9: e016612.

71)	 Qiao HY, Tang CX, Schoepf UJ, Bayer RR, 2nd, 
Tesche C, Di Jiang M, Yin CQ, Zhou CS, Zhou 
F, Lu MJ, Jiang JW, Lu GM, Ni QQ, Zhang LJ. 
One-year outcomes of CCTA alone versus machi-
ne learning-based FFR(CT) for coronary artery 
disease: a single-center, prospective study. Eur 
Radiol 2022; 32: 5179-5188.

72)	 Tang CX, Guo BJ, Schoepf JU, Bayer RR, 2nd, 
Liu CY, Qiao HY, Zhou F, Lu GM, Zhou CS, Zhang 
LJ. Feasibility and prognostic role of machine le-
arning-based FFR(CT) in patients with stent im-
plantation. Eur Radiol 2021; 31: 6592-6604.

73)	 Commandeur F, Slomka PJ, Goeller M, Chen X, Ca-
det S, Razipour A, McElhinney P, Gransar H, Cantu 
S, Miller RJH, Rozanski A, Achenbach S, Tamarap-
poo BK, Berman DS, Dey D. Machine learning to 
predict the long-term risk of myocardial infarction 
and cardiac death based on clinical risk, coronary 
calcium, and epicardial adipose tissue: a prospecti-
ve study. Cardiovasc Res 2020; 116: 2216-2225.

74)	 Eisenberg E, McElhinney PA, Commandeur F, 
Chen X, Cadet S, Goeller M, Razipour A, Gran-
sar H, Cantu S, Miller RJH, Slomka PJ, Wong ND, 
Rozanski A, Achenbach S, Tamarappoo BK, Ber-
man DS, Dey D. Deep Learning-Based Quantifi-
cation of Epicardial Adipose Tissue Volume and 
Attenuation Predicts Major Adverse Cardiovascu-
lar Events in Asymptomatic Subjects. Circ Cardio-
vasc Imaging 2020; 13: e009829.

75)	 Hoshino M, Zhang J, Sugiyama T, Yang S, Kanaji 
Y, Hamaya R, Yamaguchi M, Hada M, Misawa T, 
Usui E, Murai T, Yonetsu T, Lee JM, Koo BK, Sa-
sano T, Kakuta T. Prognostic value of pericoronary 
inflammation and unsupervised machine-lear-
ning-defined phenotypic clustering of CT angio-
graphic findings. Int J Cardiol 2021; 333: 226-232.

76)	 de Souza ESCG, Buginga GC, de Souza ESEA, 
Arena R, Rouleau CR, Aggarwal S, Wilton SB, 



X.-T. Qi, H. Wang, D.-G. Zhu, L. Zheng, X. Cheng, R.-J. Zhang, H.-L. Dong

22

Austford L, Hauer T, Myers J. Prediction of Morta-
lity in Coronary Artery Disease: Role of Machine 
Learning and Maximal Exercise Capacity. Mayo 
Clin Proc 2022; 97: 1472-1482.

77)	 Jung S, Ahn E, Koh SB, Lee SH, Hwang GS. Puri-
ne metabolite-based machine learning models for 
risk prediction, prognosis, and diagnosis of coro-
nary artery disease. Biomed Pharmacother 2021; 
139: 111621.

78)	 Ihdayhid AR, Lan NSR, Williams M, Newby D, 
Flack J, Kwok S, Joyner J, Gera S, Dembo L, Ad-
ler B, Ko B, Chow BJW, Dwivedi G. Evaluation of 
an artificial intelligence coronary artery calcium 
scoring model from computed tomography. Eur 
Radiol 2023; 33: 321-329.

79)	 Homayounieh F, Yan P, Digumarthy SR, Kruger U, 
Wang G, Kalra MK. Prediction of Coronary Cal-
cification and Stenosis: Role of Radiomics From 
Low-Dose CT. Acad Radiol 2021; 28: 972-979.

80)	 Chamberlin J, Kocher MR, Waltz J, Snoddy M, 
Stringer NFC, Stephenson J, Sahbaee P, Shar-
ma P, Rapaka S, Schoepf UJ, Abadia AF, Sperl J, 
Hoelzer P, Mercer M, Somayaji N, Aquino G, Burt 
JR. Automated detection of lung nodules and co-
ronary artery calcium using artificial intelligence 
on low-dose CT scans for lung cancer screening: 
accuracy and prognostic value. BMC Med 2021; 
19: 55.

81)	 Suh YJ, Kim C, Lee JG, Oh H, Kang H, Kim YH, 
Yang DH. Fully automatic coronary calcium sco-
ring in non-ECG-gated low-dose chest CT: com-
parison with ECG-gated cardiac CT. Eur Radiol 
2023; 33: 1254-1265.

82)	 Lin A, Kolossváry M, Cadet S, McElhinney P, Go-
eller M, Han D, Yuvaraj J, Nerlekar N, Slomka PJ, 
Marwan M, Nicholls SJ, Achenbach S, Maurovi-
ch-Horvat P, Wong DTL, Dey D. Radiomics-Ba-
sed Precision Phenotyping Identifies Unstable 
Coronary Plaques From Computed Tomography 
Angiography. JACC Cardiovasc Imaging 2022; 
15: 859-871.

83)	 Li XN, Yin WH, Sun Y, Kang H, Luo J, Chen K, Hou 
ZH, Gao Y, Ren XS, Yu YT, An YQ, Zhang Y, Wang 
HY, Lu B. Identification of pathology-confirmed vul-
nerable atherosclerotic lesions by coronary com-
puted tomography angiography using radiomics 
analysis. Eur Radiol 2022; 32: 4003-4013.

84)	 Kolossváry M, Park J, Bang JI, Zhang J, Lee JM, 
Paeng JC, Merkely B, Narula J, Kubo T, Akasa-
ka T, Koo BK, Maurovich-Horvat P. Identification 
of invasive and radionuclide imaging markers 
of coronary plaque vulnerability using radiomic 
analysis of coronary computed tomography an-
giography. Eur Heart J Cardiovasc Imaging 2019; 
20: 1250-1258.

85)	 Chen Q, Pan T, Wang YN, Schoepf UJ, Bidwell 
SL, Qiao H, Feng Y, Xu C, Xu H, Xie G, Gao X, 
Tao XW, Lu M, Xu PP, Zhong J, Wei Y, Yin X, 

Zhang J, Zhang LJ. A Coronary CT Angiography 
Radiomics Model to Identify Vulnerable Plaque 
and Predict Cardiovascular Events. Radiology 
2023; 307: e221693.

86)	 Wen D, Xu Z, An R, Ren J, Jia Y, Li J, Zheng M. 
Predicting haemodynamic significance of coro-
nary stenosis with radiomics-based pericoronary 
adipose tissue characteristics. Clin Radiol 2022; 
77: e154-e161.

87)	 Yu L, Chen X, Ling R, Yu Y, Yang W, Sun J, Zhang 
J. Radiomics features of pericoronary adipose tis-
sue improve CT-FFR performance in predicting 
hemodynamically significant coronary artery ste-
nosis. Eur Radiol 2023; 33: 2004-2014.

88)	 Zhou K, Shang J, Guo Y, Ma S, Lv B, Zhao N, 
Liu H, Zhang J, Xv L, Wang Y, Liu T, Wang K, 
Dang Y, Ma Y, Chen X, Zhu N, Ran Z, Li S, Ma 
Q, Hu H, Zhu X, Li D, Hou Y. Incremental diagno-
stic value of radiomics signature of pericoronary 
adipose tissue for detecting functional myocardial 
ischemia: a multicenter study. Eur Radiol 2023; 
33: 3007-3019.

89)	 Lin A, Kolossváry M, Yuvaraj J, Cadet S, McElhin-
ney PA, Jiang C, Nerlekar N, Nicholls SJ, Slomka 
PJ, Maurovich-Horvat P, Wong DTL, Dey D. Myo-
cardial Infarction Associates With a Distinct Peri-
coronary Adipose Tissue Radiomic Phenotype: A 
Prospective Case-Control Study. JACC Cardiova-
sc Imaging 2020; 13: 2371-2383.

90)	 Si N, Shi K, Li N, Dong X, Zhu C, Guo Y, Hu J, Cui 
J, Yang F, Zhang T. Identification of patients with 
acute myocardial infarction based on coronary CT 
angiography: the value of pericoronary adipose 
tissue radiomics. Eur Radiol 2022; 32: 6868-6877.

91)	 Shang J, Ma S, Guo Y, Yang L, Zhang Q, Xie F, 
Ma Y, Ma Q, Dang Y, Zhou K, Liu T, Yang J, Hou 
Y. Prediction of acute coronary syndrome within 3 
years using radiomics signature of pericoronary 
adipose tissue based on coronary computed to-
mography angiography. Eur Radiol 2022; 32: 
1256-1266.

92)	 You H, Zhang R, Hu J, Sun Y, Li X, Hou J, Pei 
Y, Zhao L, Zhang L, Yang B. Performance of Ra-
diomics Models Based on Coronary Computed 
Tomography Angiography in Predicting The Risk 
of Major Adverse Cardiovascular Events Within 3 
Years: A Comparison Between the Pericoronary 
Adipose Tissue Model and the Epicardial Adipose 
Tissue Model. Acad Radiol 2023; 30: 390-401.

93)	 Zhang L, Wahle A, Chen Z, Lopez JJ, Kovarnik T, 
Sonka M. Predicting Locations of High-Risk Pla-
ques in Coronary Arteries in Patients Receiving 
Statin Therapy. IEEE Trans Med Imaging 2018; 
37: 151-161.

94)	 Zheng S, Jiejie D, Yue Y, Qi M, Huifeng S. A Deep 
Learning Method for Motion Artifact Correction 
in Intravascular Photoacoustic Image Sequence. 
IEEE Trans Med Imaging 2023; 42: 66-78.


