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Background: Artificial intelligence (AI) has increasingly been applied to
computed tomography angiography (CTA) images to aid in the assessment of
atherosclerotic plaque. Our aim was to explore the diagnostic accuracy of
AI-assisted CTA for plaque diagnosis and classification through a systematic
review and meta-analysis.
Methods: A systematic literature review was performed by searching PubMed,
EMBASE, and the Cochrane Library according to PRISMA guidelines. Original
studies evaluating the diagnostic accuracy of radiomics, machine-learning, or
deep-learning techniques applied to CTA images for detecting stenosis,
calcification, or plaque vulnerability were included. The quality and risk of bias
of the included studies were evaluated using the QUADAS-2 tool. The meta-
analysis was conducted using STATA software (version 17.0) to pool sensitivity,
specificity, and area under the receiver operating characteristic curve (AUROC)
to determine the overall diagnostic performance.
Results: A total of 11 studies comprising 1,484 patients were included. There was
low risk of bias and substantial heterogeneity. The overall pooled AUROC for
atherosclerotic plaque assessment was 0.96 [95% confidence interval (CI)
0.94–0.97] across 21 trials. Of these, for ≥50% stenosis detection, the AUROC
was 0.95 (95% CI 0.93–0.96) in five studies. For identifying ≥70% stenosis, the
AUROC was 0.96 (95% CI 0.94–0.97) in six studies. For calcium detection, the
AUROC was 0.92 (95% CI 0.90–0.94) in six studies.
Conclusion: Our meta-analysis demonstrates that AI-assisted CTA has high
diagnostic accuracy for detecting stenosis and characterizing plaque
composition, with optimal performance in detecting ≥70% stenosis.

Systematic Review Registration: https://www.crd.york.ac.uk/, PROSPERO,
identifier (CRD42023431410).
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1 Introduction

Cardiovascular disease (CVD) and acute cerebrovascular

disease (ACD) have become leading causes of mortality and

morbidity globally (1–3), with most CVD- and ACD-related

deaths attributable to acute myocardial infarction and ischemic

stroke (4, 5), which was related to atherosclerotic plaque rupture

or erosion (6, 7). Accurate plaque characterization is essential for

clinical decision-making in patients with atherosclerosis, such as

degree of stenosis (8), composition (9), vulnerability (10), and

other characteristics (11), which are critical for the treatment of

patients with atherosclerosis (9, 12) and will facilitate developing

appropriate treatment regimens. Computed tomography

angiography (CTA) has become a vital non-invasive imaging

modality for comprehensive plaque evaluation (13), enabling

quantification of stenosis, delineation of morphology, and

characterization of high-risk features associated with increased

plaque rupture risk (9, 14). However, this complex

postprocessing and measurement relies on operator experience,

which has plagued radiologists (14).

Recently, artificial intelligence (AI) has exhibited remarkable

progress attributable to advances in computing power and deep-

learning algorithms (15). One of the most exciting fields in medicine

for AI applications is radiology medicine. There are numerous AI

applications in cerebral and cardiovascular imaging with the potential

to automate laborious image analysis tasks, extract additional

diagnostic and prognostic insights beyond human interpretation, and

optimize workflow efficiency (16). Moreover, AI has the ability to

automate image processing, draw out more therapeutically useful

insights from images, and forecast the likelihood of prognostic

outcomes. Numerous studies have demonstrated that AI-based

systems are effective in diagnosing a wide range of illnesses (17–19).

Machine learning has shown promising results in automatically

identifying and excluding coronary stenoses on coronary CTA, and

AI-based assessments were highly accurate for severe stenoses at the

≥50% and ≥70% levels. Therefore, AI-assisted CTA image analysis

may serve as a powerful tool to augment plaque quantification and

characterization (15).

Over the last few years, AI-based algorithms and automated

software platforms have been developed for plaque evaluation

(20–24). However, there are discrepancies across different studies.

Therefore, we conducted a systematic review and meta-analysis

of published studies to critically evaluate the diagnostic accuracy

of AI-assisted CTA in detecting stenosis and characterizing

plaque composition and vulnerability features compared to

reference standards.
2 Methods

The protocol for this systematic review and meta-analysis was

prospectively registered on PROSPERO (registration number

CRD42023431410). The systematic review and meta-analysis was

conducted in accordance with the Preferred Reporting Items for

Systematic Reviews and Meta-Analyses (PRISMA) guidelines (25)
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to ensure robust methodology and comprehensive reporting.

Data analysis adhered to recommendations from the Cochrane

Handbook for Diagnostic Test Accuracy Reviews (26).
2.1 Search strategy

A comprehensive literature search was conducted in the

PubMed, Embase, and Cochrane Library databases up to 8 July

2023, incorporating MeSH terms and free-text keywords related

to “Artificial Intelligence,” “Machine Learning,” “Deep Learning,”

“Radiomics,” “Computed Tomography Angiography,” and

“Plaque.” The purpose of this search strategy was developed to

identify all studies assessing the diagnostic performance of AI-

assisted CTA for plaque analysis. The strategy included a wide

range of relevant literature without restrictions based on

publication date or language to avoid bias. The process was

refined iteratively to ensure a comprehensive overview of the

evidence base on AI-assisted CTA for plaque analysis.
2.2 Inclusion and exclusion criteria

Studies were selected for inclusion after removing duplicates if

they met the following criteria: (1) patients with coronary or

carotid plaque were included in study; (2) artificial intelligence

algorithms based on CT images was applied to evaluate the

diagnostic accuracy; (3) at least 10 patients were included; and

(4) the true-positive (TP), false-positive (FP), false-negative (FN),

and true-negative (TN) rates could be calculated from the data.

Studies were excluded if they were: (1) personal

communications, editorials, letters, abstracts, conferences, or case

reports; (2) not using AI-assisted CTA images; (3) not

investigating humans, but for experimental animals; or (4) non-

English publications. Two reviewers (PJ and MF) independently

screened all identified studies against the eligibility criteria,

extracted the relevant data, and assessed the study quality. Any

disagreements were resolved by discussion with a third reviewer (JZ).
2.3 Data extraction

Two reviewers independently extracted the following key data

from eligible studies using standardized forms: (1) study details:

publication year, country, design, sample size, title, population

demographics, imaging used; (2) AI algorithm information:

imaging modality, feature extraction techniques, algorithm type

and name; (3) diagnostic performance metrics: area under the

receiver operating characteristic curve (AUROC), sensitivity

(SEN), specificity (SPE), TP, FP, FN, and TN.
2.4 Assessment of study quality

The quality assessment of all eligible studies was performed

independently using the revised Quality Assessment Tool for
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FIGURE 1

Flow diagram of the study selection process for this review.
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Diagnostic Accuracy Studies (QUADAS)-2 (27). This

comprehensive assessment encompassed four key domains,

namely “Patient Selection,” “Index Test,” “Reference

Standard,” and “Flow and Timing” to ascertain potential

biases, with the first three domains also undergoing scrutiny

for concerns relating to their applicability. Quality ratings

were assigned as “high,” “low,” or “unclear.” Discrepancies in

the assessment process were resolved through consensus

between two reviewers (PJ and MF). Furthermore, the bias risk

for each included study was evaluated using the Review
Frontiers in Cardiovascular Medicine 03
Manager 5.3 software to facilitate an in-depth analysis of the

quality of diagnostic articles.
2.5 Data and statistical analysis

The meta-analysis and statistical analysis were conducted

following rigorous adherence to the established Cochrane

guidelines. The presence of the threshold effect was assessed

using the spearman correlation coefficient, with a p-value
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<0.05 serving as an indicator of its presence (28). Moreover, the

evaluation of statistical heterogeneity was carried out using the

I2 statistics (26), The value of I2 exceeding 50% was

conventionally considered to indicate substantial

heterogeneity, while a value of I2 below 50% suggested a lower

degree of heterogeneity (29). Pooled estimates of SEN, SPE,

positive predictive value (PPV), negative predictive value

(NPV), and diagnostic odds ratio (DOR) were computed using

a random effects model. The derivation of these estimates

involved the integration of the raw data on TP, FP, TN, and

FN values reported in each study. The certainty of these

pooled estimates was further substantiated through the

calculation of 95% confidence intervals (95% CIs) (30). In

addition, the AUROC was constructed, a graphical

representation that encapsulates the diagnostic performance of

the AI-assisted system across various threshold settings. The

curve allowed for the calculation of the area under the curve

(AUC), a pivotal metric was used to quantify the overall

diagnostic accuracy. Notably, different ranges of AUROC

values (0.5–0.7, 0.7–0.9, and 0.9–1) were utilized to categorize

the diagnostic accuracy as low, moderate, and high,

respectively (31). Funnel plots were used to assess articles for

publication bias. The entire meta-analysis procedure was

carried out utilizing the Meta-DiSc 1.4 and “MIDAS” modules

within the STATA 17 software (version 17.0 IC; Stata

Corporation, College Station, TX, USA). Furthermore, a

comprehensive subgroup analysis was implemented to

elucidate potential sources of heterogeneity, encompassing

various factors, such as arterial region (carotid or coronary

artery), study design (prospective or retrospective), the

geographic origin of the literature (Asia, Europe, or America), AI

methodology (deep learning or machine learning), and study
TABLE 1 Main characteristics of the included studies.

Author Year Country Mean or median age Patie
Acharya 2019 Singapore 60.7 ± 10.4 73

Han 2020 China 64.0 50

Li 2021 China 53.0 ± 9.0 36

Choi 2021 USA 60.0 ± 12.0 232

Choi 2021 USA 60.0 ± 12.0 232

Choi 2021 USA 60.0 ± 12.0 232

Choi 2021 USA 60.0 ± 12.0 232

Xu 2021 China 65.7 ± 10.1 306

Xu 2021 China 65.7 ± 10.1 306

Xu 2021 China 65.7 ± 10.1 306

Yi 2021 China 63.3 ± 10.7 71

Lin 2022 USA — 100

Lin 2022 USA — 100

Griffin 2022 USA 64.0 ± 10.0 303

Griffin 2022 USA 64.0 ± 10.0 303

Cilla 2022 Italy 73.0 30

Hu 2022 China — 141

Fu 2023 China 61.0 ± 11.0 142

Fu 2023 China 61.0 ± 11.0 142

Fu 2023 China 61.0 ± 11.0 142

Fu 2023 China 61.0 ± 11.0 142

aS, single-center; M, multicenter.
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center type (multicenter or single-center). This approach allowed

for a thorough exploration of potential variations in the diagnostic

accuracy of AI-assisted systems, providing valuable insights into

the underlying factors influencing the observed heterogeneity.
3 Results

3.1 Selection of studies

The literature search and screening process are presented in

Figure 1. A total of 728 potentially eligible articles were initially

identified through the database search. After the exclusion of 157

duplicates, 571 articles were subjected to screening based on titles

and abstracts, resulting in the selection of 43 studies for full-text

review. Ultimately, 11 articles pertaining to AI-assisted CTA

diagnostic technology for plaque assessment were incorporated

into this meta-analysis (20–24, 32–37), and the comprehensive

details of the literature search and screening process are depicted

in Figure 1.
3.2 Study characteristics

Table 1 and Supplementary Table S2 provide a detailed

overview of the characteristics of the 11 identified studies

comprising 21 trials, with publication dates between 2019 and

2023. The cumulative number of participants across all studies

was 1,484, with a wide age range of 33–88 years. Five studies

containing 15 trials investigated vessel stenosis caused by plaque,

of which 8 trials focused on 50% stenosis and 7 trials on 70%

stenosis. Five studies containing five trials investigated calcified
nts AI model Centersa Plaque classification
Machine learning S Calcified plaque

Deep learning S Calcified plaque

Machine learning S Vulnerable atherosclerotic

Artificial intelligence M >70% stenosis

Artificial intelligence M >50% stenosis

Artificial intelligence M >70% stenosis

Artificial intelligence M >50% stenosis

Artificial intelligence S >50% stenosis

Artificial intelligence S >70% stenosis

Artificial intelligence S >50% stenosis

Deep learning S Calcified plaque

Deep learning M >70% stenosis

Deep learning M >50% stenosis

Machine learning M >50% stenosis

Machine learning M >70% stenosis

Machine learning S Hard plaque

Machine learning S Calcified plaque

Deep learning M >70% stenosis

Deep learning M >50% stenosis

Deep learning M >70% stenosis

Deep learning M >50% stenosis
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FIGURE 2

(A) Summary of the risk of bias and applicability concerns and (B) graph showing the quality of included studies according to QUADAS-2. Green
represents low risk, yellow circle represents unclear risk, and red represents high risk of bias.
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plaque and one remaining study investigated plaque vulnerability.

Nine studies containing 16 trials investigated coronary plaque

and 2 remaining studies containing 5 trials examined carotid

plaque. Four studies containing 12 trials were multicenter studies
Frontiers in Cardiovascular Medicine 05
while the remaining 7 studies containing 9 trials were single-

center studies. In terms of the applied algorithm, four studies

focused on deep learning, five studies used machine learning, and

artificial intelligence was used in two studies. Semi and automatic
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segmentation were applied in nine studies, whereas manual

segmentation of images was reported in two studies. The

systematic review showed that AI-assisted CTA diagnostic

technology for the assessment of plaque had SEN rates in the

range of 64.00%–100.00%, SPE rates in the range of 43.90%–

99.80%, and AUC in the range of 69.00%–96.00%.
3.3 Quality assessment of the studies

We employed the radiomics quality score (RQS) (38) to assess the

quality of the eligible studies. Supplementary Table S3 displays the

mean score for each criterion of the RQS across all included studies.

The mean RQS score of the studies was determined to be 24.7% [8.9

points, standard deviation (SD) ± 7.9 points], with a median score of

22.2% (8.0 points) and a range of 2.8%–72.2% (1–26 points).

Notably, an upward trend in the RQSs of the included studies over

time was observed, as depicted in Supplementary Figure S3.

To evaluate the risk of bias and applicability concerns, we

applied the QUADAS-2 tool (Figure 2). Concerning patient

selection, two (18.18%) studies were deemed to possess a

high risk of bias, whereas two (18.18%) studies were classified as
FIGURE 3

Forest plots of the pooled SEN (left) and SPE (right) for the diagnostic perfo
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low risk and seven (63.64%) studies were characterized by an

unclear risk of bias. In the index test domain, seven (63.67%)

studies were rated as low risk, while four (36.36%) studies were

designated as having an unclear risk of bias. Regarding the

reference standard domain, 10 (90.91%) studies were identified as

low risk, with 1 (9.09%) study demonstrating an unclear risk of

bias. As for flow and timing, four (36.36%) studies were classified

as low risk and seven (63.67%) studies were regarded as having

an unclear risk of bias.

The analysis revealed a notable risk of bias in the domain of

patient selection, with the absence of randomization serving as a

primary contributing factor. Overall, the included studies were

deemed suitable for subsequent analyses in light of its quality.
3.4 Meta-analysis

The Spearman correlation coefficient was 0.418 (p = 0.201 >

0.05), suggesting that there was no discernible threshold effect

for using AI-based CTA to evaluate atherosclerotic plaque. High

heterogeneity was shown by the I2 values, which were 95.61%

and 98.02% for pooled SEN and SPE, respectively (Figure 3). For
rmance of AI-assist CTA for the assessment of atherosclerosis plaque.
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FIGURE 4

The pooled hierarchical summary receiver operating characteristic curve (AUROC) plot for the diagnostic performance of AI-based CTA for the
assessment of atherosclerosis plaque.
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evaluating atherosclerotic plaque using AI-based CTA, the pooled

SEN and SPE were 0.90 (95% CI 0.85–0.93) and 0.93 (95% CI

0.87–0.96), respectively (Figure 3). The results showed that the

AUROC was 0.96 (95% CI 0.94–0.97) (Figure 4 and

Supplementary Table S4), which indicated a high diagnostic

performance. In identifying ≥50% stenotic vessels, the SEN, SPE,

and AUROC were 0.90 (95% CI 0.84–0.94), 0.89 (95% CI 0.76–

0.96), and 0.95 (95% CI 0.93–0.96). In identifying ≥70% stenotic

vessels, the SEN, SPE, and AUROC were 0.87 (95% CI 0.78–

0.93), 0.98 (95% CI 0.91–0.99), and 0.96 (95% CI 0.94–0.97),

which indicated high diagnostic accuracy. In identifying calcified

plaque, the SEN, SPE, and AUROC were 0.94 (95% CI 0.73–

0.99), 0.87 (95% CI 0.81–0.92), and 0.92 (95% CI 0.90–0.94),

respectively (Supplementary Figure S2).
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3.5 Publication bias

As shown in Figure 5, Deek’s funnel plot showed a p-value of

0.12, suggesting no obvious publication bias was found in all

eligible studies.
3.6 Subgroup analysis

Table 2 presents the detailed outcomes of the subgroup analyses

conducted to investigate the potential sources of heterogeneity. A

slight drop in I2 was observed in SEN (from 95.61% to 76.57%)

and SPE (from 98.02% to 94.80%) in the carotid plaque group
frontiersin.org
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FIGURE 5

Deek’s funnel plot asymmetry test for assessment of publication bias.
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after grouping according to whether carotid or coronary plaque was

detected. After grouping according to the study design, a drop in I2

was observed in SEN (from 95.61% to 84.61%), suggesting the

prospective study may reduce the probability of heterogeneity.

Studies with a multicenter study design yielded a higher AUROC

(0.96 vs. 0.86) and DOR (175 vs. 50) than those with a single-

center study design. Further, utilizing machine- and deep-learning

models to assist the diagnosis of atherosclerotic plaque has a

higher SPE (0.92 vs. 0.81) and AUROC (0.96 vs. 0.90).
4 Discussion

In this study, a meta-analysis of the diagnostic accuracy of

AI-assisted CTA for plaque diagnosis was performed. A total of
Frontiers in Cardiovascular Medicine 08
11 studies comprising 21 trials including 1,484 patients were

included in this study. To assess risk of bias and applicability

issues, we used the QUADAS-2 tool. Only two studies were

considered to be at high risk of bias in terms of patient selection,

and we therefore considered the quality of the study included in

this study to be credible for use in a subsequent meta-analysis.

RQSs showed that the median score of eligible studies was

22.2%. Interestingly, we found that RQSs got higher over time,

suggesting that the quality of the literature may have been

improved due to the development of AI technology. The results

showed that the pooled SEN of this study was 0.90 (95% CI

0.85–0.93) and SPE was 0.93 (95% CI 0.87–0.96). The pooled

AUROC of this study was 0.96 (95% CI 0.94–0.97), which

indicated that AI-assisted CTA has a high diagnostic accuracy for

assessing atherosclerotic plaque. A previous systematic review
frontiersin.org
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TABLE 2 Results of the subgroup analysis.

Analysis No. of trials No. of patients SEN I2 (%) SPE I2 (%) DOR AUROC
Overall group 21 1,484 0.90 (0.85–0.93) 95.61 0.93 (0.87–0.96) 98.02 116 (61–222) 0.96 (0.94–0.97)

Imaging artery
Carotid 5 172 0.92 (0.87–0.95) 76.57 0.91 (0.80–0.96) 94.80 120 (66–220) 0.96 (0.94–0.98)

Coronary 16 1,312 0.89 (0.83–0.93) 97.37 0.94 (0.87–0.97) 98.86 124 (53–292) 0.96 (0.94–0.97)

Study design
Prospective + retrospective 10 474 0.87 (0.82–0.91) 84.61 0.97 (0.93–0.99) 94.97 224 (129–390) 0.96 (0.94–0.97)

Retrospective 11 1,010 0.90 (0.83–0.94) 95.47 0.84 (0.75–0.90) 97.90 48 (28–82) 0.94 (0.91–0.95)

Region
Asia 12 819 0.89 (0.82–0.93) 94.83 0.89 (0.82–0.94) 98.00 65 (35–118) 0.95 (0.92–0.96)

USA and Europe 9 665 0.91 (0.84–0.95) 94.73 0.96 (0.88–0.99) 97.76 264 (86–814) 0.96 (0.94–0.98)

Modeling methods
Artificial intelligence 7 538 0.81 (0.71–0.88) 96.71 0.97 (0.87–0.99) 99.45 158 (29–868) 0.90 (0.87–0.92)

Machine/deep learning 14 946 0.92 (0.88–0.95) 91.89 0.90 (0.84–0.93) 95.85 100 (55–179) 0.96 (0.94–0.98)

Center
Single 9 707 0.89 (0.79–0.95) 96.04 0.86 (0.76–0.92) 98.31 50 (24–105) 0.94 (0.91–0.96)

Multiple 12 777 0.89 (0.85–0.92) 88.29 0.96 (0.90–0.98) 97.59 175 (96–318) 0.95 (0.93–0.97)

Jie et al. 10.3389/fcvm.2024.1398963
compared different imaging modalities using a radiomics feature

for carotid plaque assessment. However, they did not perform a

meta-analysis to show the pooled results because of the relatively

small number and variations in the quality of the included

articles (39). To the best of our knowledge, this is the first

systematic review and meta-analysis of AI methods based on

CTA images for plaque assessment, which is important for the

identification and classification of vascular plaque. This meta-

analysis showed high pooled SEN and SPE values of 0.90 (95%

CI 0.85–0.93) and 0.93 (95% CI 0.87–0.96), respectively, which

demonstrated that AI methods have the potential ability to

accurately evaluate the plaques. Through our meta-analysis, the

results showed that AI-assisted CTA had a relatively high

AUROC of 0.96 (95% CI 0.94–0.97) for assessing plaque, which

was higher than that in most similar articles.

CTA has the capacity to detect not only atherosclerotic plaque

with its luminal narrowing but also its composition and

morphology (40). The adoption of AI in CTA may greatly

achieve a better diagnostic performance (40–42). In this article,

we further evaluated the ability of AI in the identification and

classification of vascular plaque. For the identification of stenosis,

our results showed that the sensitivity of AI-assisted CTA was

higher than the sensitivity in the non-radiomics method in

diagnosing calcified plaque (43), revealing that AI-assisted CTA

has a higher diagnostic performance in evaluating vessel stenosis.

Significant heterogeneity was found in the results among the

included studies. Thus, our results should be interpreted

cautiously. The use of a subgroup analysis may explain some of

the sources of heterogeneity. After grouping according to

whether carotid or coronary plaque was detected, a slight drop in

I2 was observed in the SEN (from 95.61% to 76.57%) and SPE

(from 98.02% to 94.80%) in the carotid plaque group. We

suspected that this may be because the carotid arteries were

thicker in diameter and more superficial relative to the

coronary arteries, making plaque lesions and stenosis easier to

be detected. A drop in I2 was observed in SEN (from 95.61%
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to 84.61%) in the prospective study group, suggesting the

study design may also be a source of the heterogeneity.

Moreover, multicenter studies had higher SPE and DOR,

which indicated larger sample sizes group may have better

diagnostic performance; thus, multicenter collaboration needs

to be encouraged.

However, there are some limitations in our study. First, the

number of studies that met the selection criteria is relatively

small and the quality of the eligible studies varied. Second, most

of the included studies were from China and the United States,

which may lead to heterogeneity. Third, only one article focused

on plaque vulnerability assessment, which may be discussed in

further reviews. Hence, it is still too early to conclude that the

AI-based systems could be applied in diagnosing plaques with

high accuracy. More studies will be included in the future to

provide more credible conclusion.
5 Conclusion

AI-assisted CTA was valuable in the diagnosis and

classification of plaque, with the best diagnostic efficacy in

evaluating plaque with 70% stenosis.
Data availability statement

The original contributions presented in the study are included

in the article/Supplementary Material, further inquiries can be

directed to the corresponding authors.
Author contributions

PJ: Software, Supervision, Visualization, Writing – original

draft, Writing – review & editing, Conceptualization,
frontiersin.org

https://doi.org/10.3389/fcvm.2024.1398963
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/


Jie et al. 10.3389/fcvm.2024.1398963
Investigation, Validation. MF: Investigation, Software, Writing –

original draft, Writing – review & editing. HZ: Data curation,

Investigation, Software, Writing – original draft, Writing – review

& editing. OW: Data curation, Formal Analysis, Funding

acquisition, Methodology, Project administration,

Conceptualization, Investigation, Software, Writing – original

draft. JL: Conceptualization, Data curation, Formal Analysis,

Investigation, Methodology, Writing – original draft. YiL:

Conceptualization, Data curation, Methodology, Writing –

original draft. CZ: Data curation, Methodology, Supervision,

Writing – original draft. YoL: Formal Analysis, Investigation,

Project administration, Supervision, Writing – original draft,

Writing – review & editing. JZ: Data curation, Formal Analysis,

Funding acquisition, Project administration, Resources, Software,

Supervision, Visualization, Writing – original draft, Writing –

review & editing.
Funding

The authors declare financial support was received for the

research, authorship, and/or publication of this article. This

work was supported by the Medical Award Foundation of

Beijing (YXJL-2022-0105-0142 to YL), the 2022 Science and

Technology Plan of Luzhou (2022-SYF-87 to YL), and School-

level research projects of Southwest Medical University

(2023QN006 to JZ).
Frontiers in Cardiovascular Medicine 10
Acknowledgments

The authors particularly acknowledge Qi Yao for helping with
the statistical analysis and Liulu Zhang for correcting the English
language, grammar, and phrasing reference styles.
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.
Publisher’s note

All claims expressed in this article are solely those of the authors

and do not necessarily represent those of their affiliated organizations,

or those of the publisher, the editors and the reviewers. Any product

that may be evaluated in this article, or claim that may be made by its

manufacturer, is not guaranteed or endorsed by the publisher.
Supplementary material

The Supplementary Material for this article can be found

online at: https://www.frontiersin.org/articles/10.3389/fcvm.2024.

1398963/full#supplementary-material
References
1. van Dam-Nolen DHK, Truijman MTB, van der Kolk AG, Liem MI, Schreuder F,
Boersma E, et al. Carotid plaque characteristics predict recurrent ischemic stroke and
TIA: the PARISK (plaque at RISK) study. JACC Cardiovasc Imaging. (2022) 15
(10):1715–26. doi: 10.1016/j.jcmg.2022.04.003

2. Baradaran H, Al-Dasuqi K, Knight-Greenfield A, Giambrone A, Delgado D,
Ebani EJ, et al. Association between carotid plaque features on CTA and
cerebrovascular ischemia: a systematic review and meta-analysis. AJNR Am
J Neuroradiol. (2017) 38(12):2321–6. doi: 10.3174/ajnr.A5436

3. Goeller M, Achenbach S, Cadet S, Kwan AC, Commandeur F, Slomka PJ, et al.
Pericoronary adipose tissue computed tomography attenuation and high-risk plaque
characteristics in acute coronary syndrome compared with stable coronary artery
disease. JAMA Cardiol. (2018) 3(9):858–63. doi: 10.1001/jamacardio.2018.1997

4. Serruys PW, Hara H, Garg S, Kawashima H, Nørgaard BL, Dweck MR, et al.
Coronary computed tomographic angiography for complete assessment of coronary
artery disease: JACC state-of-the-art review. J Am Coll Cardiol. (2021) 78(7):713–36.
doi: 10.1016/j.jacc.2021.06.019

5. van Engelen A, Niessen WJ, Klein S, Groen HC, Verhagen HJ, Wentzel JJ, et al.
Atherosclerotic plaque component segmentation in combined carotid MRI and CTA
data incorporating class label uncertainty. PLoS One. (2014) 9(4):e94840. doi: 10.1371/
journal.pone.0094840

6. Chang HJ, Lin FY, Lee SE, Andreini D, Bax J, Cademartiri F, et al. Coronary
atherosclerotic precursors of acute coronary syndromes. J Am Coll Cardiol. (2018)
71(22):2511–22. doi: 10.1016/j.jacc.2018.02.079

7. Dakis K, Nana P, Athanasios C, Spanos K, Konstantinos B, Giannoukas A, et al.
Carotid plaque vulnerability diagnosis by CTA versus MRA: a systematic review.
Diagnostics (Basel). (2023) 13(4):646. doi: 10.3390/diagnostics13040646

8. Lee JM, Choi KH, Koo BK, Park J, Kim J, Hwang D, et al. Prognostic implications
of plaque characteristics and stenosis severity in patients with coronary artery disease.
J Am Coll Cardiol. (2019) 73(19):2413–24. doi: 10.1016/j.jacc.2019.02.060

9. Feuchtner G, Kerber J, Burghard P, Dichtl W, Friedrich G, Bonaros N, et al. The
high-risk criteria low-attenuation plaque <60 HU and the napkin-ring sign are the
most powerful predictors of MACE: a long-term follow-up study. Eur Heart
J Cardiovasc Imaging. (2017) 18(7):772–9. doi: 10.1093/ehjci/jew167

10. Achenbach S. Imaging the vulnerable plaque on coronary CTA. JACC
Cardiovasc Imaging. (2020) 13(6):1418–21. doi: 10.1016/j.jcmg.2019.11.006

11. Taron J, Lee S, Aluru J, Hoffmann U, Lu MT. A review of serial coronary
computed tomography angiography (CTA) to assess plaque progression and
therapeutic effect of anti-atherosclerotic drugs. Int J Cardiovasc Imaging. (2020) 36
(12):2305–17. doi: 10.1007/s10554-020-01793-w

12. de Isla LP, Alonso R, Gomez de Diego JJ, Muñiz-Grijalvo O, Díaz-Díaz JL,
Zambón D, et al. Coronary plaque burden, plaque characterization and their
prognostic implications in familial hypercholesterolemia: a computed tomographic
angiography study. Atherosclerosis. (2021) 317:52–8. doi: 10.1016/j.atherosclerosis.
2020.11.012

13. Cademartiri F, Balestrieri A, Cau R, Punzo B, Cavaliere C, Maffei E, et al. Insight
from imaging on plaque vulnerability: similarities and differences between coronary
and carotid arteries—implications for systemic therapies. Cardiovasc Diagn Ther.
(2020) 10(4):1150–62. doi: 10.21037/cdt-20-528

14. Jiang B, Guo N, Ge Y, Zhang L, Oudkerk M, Xie X. Development and
application of artificial intelligence in cardiac imaging. Br J Radiol. (2020) 93
(1113):20190812. doi: 10.1259/bjr.20190812

15. Joshi M, Melo DP, Ouyang D, Slomka PJ, Williams MC, Dey D. Current and
future applications of artificial intelligence in cardiac CT. Curr Cardiol Rep. (2023)
25(3):109–17. doi: 10.1007/s11886-022-01837-8

16. Sharma P, Pante A, Gross SA. Artificial intelligence in endoscopy. Gastrointest
Endosc. (2020) 91(4):925–31. doi: 10.1016/j.gie.2019.12.018

17. Sadoughi F, Kazemy Z, Hamedan F, Owji L, Rahmanikatigari M, Azadboni TT.
Artificial intelligence methods for the diagnosis of breast cancer by image processing: a
review. Breast Cancer (Dove Med Press). (2018) 10:219–30. doi: 10.2147/BCTT.S175311

18. Wong TY, Bressler NM. Artificial intelligence with deep learning technology
looks into diabetic retinopathy screening. JAMA. (2016) 316(22):2366–7. doi: 10.
1001/jama.2016.17563
frontiersin.org

https://www.frontiersin.org/articles/10.3389/fcvm.2024.1398963/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fcvm.2024.1398963/full#supplementary-material
https://doi.org/10.1016/j.jcmg.2022.04.003
https://doi.org/10.3174/ajnr.A5436
https://doi.org/10.1001/jamacardio.2018.1997
https://doi.org/10.1016/j.jacc.2021.06.019
https://doi.org/10.1371/journal.pone.0094840
https://doi.org/10.1371/journal.pone.0094840
https://doi.org/10.1016/j.jacc.2018.02.079
https://doi.org/10.3390/diagnostics13040646
https://doi.org/10.1016/j.jacc.2019.02.060
https://doi.org/10.1093/ehjci/jew167
https://doi.org/10.1016/j.jcmg.2019.11.006
https://doi.org/10.1007/s10554-020-01793-w
https://doi.org/10.1016/j.atherosclerosis.2020.11.012
https://doi.org/10.1016/j.atherosclerosis.2020.11.012
https://doi.org/10.21037/cdt-20-528
https://doi.org/10.1259/bjr.20190812
https://doi.org/10.1007/s11886-022-01837-8
https://doi.org/10.1016/j.gie.2019.12.018
https://doi.org/10.2147/BCTT.S175311
https://doi.org/10.1001/jama.2016.17563
https://doi.org/10.1001/jama.2016.17563
https://doi.org/10.3389/fcvm.2024.1398963
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/


Jie et al. 10.3389/fcvm.2024.1398963
19. Ozkan IA, Koklu M, Sert IU. Diagnosis of urinary tract infection based on
artificial intelligence methods. Comput Methods Programs Biomed. (2018) 166:51–9.
doi: 10.1016/j.cmpb.2018.10.007

20. Rajendra Acharya U, Meiburger KM, Wei Koh JE, Vicnesh J, Ciaccio EJ, Shu Lih
O, et al. Automated plaque classification using computed tomography angiography
and Gabor transformations. Artif Intell Med. (2019) 100:101724. doi: 10.1016/j.
artmed.2019.101724

21. Li XN, Yin WH, Sun Y, Kang H, Luo J, Chen K, et al. Identification of
pathology-confirmed vulnerable atherosclerotic lesions by coronary computed
tomography angiography using radiomics analysis. Eur Radiol. (2022) 32
(6):4003–13. doi: 10.1007/s00330-021-08518-0

22. Han D, Liu J, Sun Z, Cui Y, He Y, Yang Z. Deep learning analysis in coronary
computed tomographic angiography imaging for the assessment of patients with
coronary artery stenosis. Comput Methods Programs Biomed. (2020) 196:105651.
doi: 10.1016/j.cmpb.2020.105651

23. Fu F, Shan Y, Yang G, Zheng C, Zhang M, Rong D, et al. Deep learning for head
and neck CT angiography: stenosis and plaque classification. Radiology. (2023) 307(3):
e220996. doi: 10.1148/radiol.220996

24. Cilla S, Macchia G, Lenkowicz J, Tran EH, Pierro A, Petrella L, et al. CT
angiography-based radiomics as a tool for carotid plaque characterization: a pilot
study. Radiol Med. (2022) 127(7):743–53. doi: 10.1007/s11547-022-01505-5

25. Liberati A, Altman DG, Tetzlaff J, Mulrow C, Gøtzsche PC, Ioannidis JP, et al.
The PRISMA statement for reporting systematic reviews and meta-analyses of studies
that evaluate healthcare interventions: explanation and elaboration. BMJ. (2009) 339:
b2700. doi: 10.1136/bmj.b2700

26. Bossuyt PM, Deeks JJ, Leeflang MM, Takwoingi Y, Flemyng E. Evaluating
medical tests: introducing the Cochrane handbook for systematic reviews of
diagnostic test accuracy. Cochrane Database Syst Rev. (2023) 7(7):ED000163.
doi: 10.1002/14651858.ED000163

27. Whiting PF, Rutjes AW, Westwood ME, Mallett S, Deeks JJ, Reitsma JB, et al.
QUADAS-2: a revised tool for the quality assessment of diagnostic accuracy studies.
Ann Intern Med. (2011) 155(8):529–36. doi: 10.7326/0003-4819-155-8-201110180-
00009

28. Liu Z, Fan JM, He C, Li ZF, Xu YS, Li Z, et al. Utility of diffusion weighted
imaging with the quantitative apparent diffusion coefficient in diagnosing residual
or recurrent hepatocellular carcinoma after transarterial chemoembolization: a
meta-analysis. Cancer Imaging. (2020) 20(1):3. doi: 10.1186/s40644-019-0282-9

29. Higgins JP, Thompson SG, Deeks JJ, Altman DG. Measuring inconsistency in
meta-analyses. Br Med J. (2003) 327(7414):557–60. doi: 10.1136/bmj.327.7414.557

30. Decharatanachart P, Chaiteerakij R, Tiyarattanachai T, Treeprasertsuk S.
Application of artificial intelligence in chronic liver diseases: a systematic review
and meta-analysis. BMC Gastroenterol. (2021) 21(1):10. doi: 10.1186/s12876-020-
01585-5
Frontiers in Cardiovascular Medicine 11
31. Swets JA. Measuring the accuracy of diagnostic systems. Science. (1988) 240
(4857):1285–93. doi: 10.1126/science.3287615

32. Choi AD, Marques H, Kumar V, Griffin WF, Rahban H, Karlsberg RP, et al. CT
evaluation by artificial intelligence for atherosclerosis, stenosis and vascular
morphology (CLARIFY): a multi-center, international study. J Cardiovasc Comput
Tomogr. (2021) 15(6):470–6. doi: 10.1016/j.jcct.2021.05.004

33. Xu J, Chen L, Wu X, Li C, Ai G, Liu Y, et al. Do plaque-related factors affect the
diagnostic performance of an artificial intelligence coronary-assisted diagnosis system?
Comparison with invasive coronary angiography. Eur Radiol. (2022) 32(3):1866–78.
doi: 10.1007/s00330-021-08299-6

34. Yi Y, Xu C, Guo N, Sun J, Lu X, Yu S, et al. Performance of an artificial
intelligence-based application for the detection of plaque-based stenosis on
monoenergetic coronary CT angiography: validation by invasive coronary
angiography. Acad Radiol. (2022) 29(Suppl 4):S49–58. doi: 10.1016/j.acra.2021.10.027

35. Lin A, Manral N, McElhinney P, Killekar A, Matsumoto H, Kwiecinski J, et al.
Deep learning-enabled coronary CT angiography for plaque and stenosis
quantification and cardiac risk prediction: an international multicentre study.
Lancet Digit Health. (2022) 4(4):e256–65. doi: 10.1016/S2589-7500(22)00022-X

36. Griffin WF, Choi AD, Riess JS, Marques H, Chang HJ, Choi JH, et al. AI
evaluation of stenosis on coronary CTA. Comparison with quantitative coronary
angiography and fractional flow reserve: a CREDENCE trial substudy. JACC
Cardiovasc Imaging. (2023) 16(2):193–205. doi: 10.1016/j.jcmg.2021.10.020

37. Hu GQ, Ge YQ, Hu XK, Wei W. Predicting coronary artery calcified plaques
using perivascular fat CT radiomics features and clinical risk factors. BMC Med
Imaging. (2022) 22(1):134. doi: 10.1186/s12880-022-00858-7

38. Pinto Dos Santos D. A meta-discussion on radiomics—meta-research, bias, quality
and other issues. Eur J Radiol. (2023) 166:111007. doi: 10.1016/j.ejrad.2023.111007

39. Hou C, Liu XY, Du Y, Cheng LG, Liu LP, Nie F, et al. Radiomics in carotid
plaque: a systematic review and radiomics quality score assessment. Ultrasound Med
Biol. (2023) 49(12):2437–45. doi: 10.1016/j.ultrasmedbio.2023.06.008

40. Cau R, Flanders A, Mannelli L, Politi C, Faa G, Suri JS, et al. Artificial
intelligence in computed tomography plaque characterization: a review. Eur
J Radiol. (2021) 140:109767. doi: 10.1016/j.ejrad.2021.109767

41. Bienstock S, Lin F, Blankstein R, Leipsic J, Cardoso R, Ahmadi A, et al. Advances
in coronary computed tomographic angiographic imaging of atherosclerosis for risk
stratification and preventive care. JACC Cardiovasc Imaging. (2023) 16(8):1099–115.
doi: 10.1016/j.jcmg.2023.02.002

42. Lee S, Chu Y, Ryu J, Park YJ, Yang S, Koh SB. Artificial intelligence for detection
of cardiovascular-related diseases from wearable devices: a systematic review and
meta-analysis. Yonsei Med J. (2022) 63(Suppl):S93–107. doi: 10.3349/ymj.2022.63.S93

43. Gao D, Ning N, Guo Y, Ning W, Niu X, Yang J. Computed tomography for
detecting coronary artery plaques: a meta-analysis. Atherosclerosis. (2011) 219
(2):603–9. doi: 10.1016/j.atherosclerosis.2011.08.022
frontiersin.org

https://doi.org/10.1016/j.cmpb.2018.10.007
https://doi.org/10.1016/j.artmed.2019.101724
https://doi.org/10.1016/j.artmed.2019.101724
https://doi.org/10.1007/s00330-021-08518-0
https://doi.org/10.1016/j.cmpb.2020.105651
https://doi.org/10.1148/radiol.220996
https://doi.org/10.1007/s11547-022-01505-5
https://doi.org/10.1136/bmj.b2700
https://doi.org/10.1002/14651858.ED000163
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.7326/0003-4819-155-8-201110180-00009
https://doi.org/10.1186/s40644-019-0282-9
https://doi.org/10.1136/bmj.327.7414.557
https://doi.org/10.1186/s12876-020-01585-5
https://doi.org/10.1186/s12876-020-01585-5
https://doi.org/10.1126/science.3287615
https://doi.org/10.1016/j.jcct.2021.05.004
https://doi.org/10.1007/s00330-021-08299-6
https://doi.org/10.1016/j.acra.2021.10.027
https://doi.org/10.1016/S2589-7500(22)00022-X
https://doi.org/10.1016/j.jcmg.2021.10.020
https://doi.org/10.1186/s12880-022-00858-7
https://doi.org/10.1016/j.ejrad.2023.111007
https://doi.org/10.1016/j.ultrasmedbio.2023.06.008
https://doi.org/10.1016/j.ejrad.2021.109767
https://doi.org/10.1016/j.jcmg.2023.02.002
https://doi.org/10.3349/ymj.2022.63.S93
https://doi.org/10.1016/j.atherosclerosis.2011.08.022
https://doi.org/10.3389/fcvm.2024.1398963
https://www.frontiersin.org/journals/cardiovascular-medicine
https://www.frontiersin.org/

	Diagnostic value of artificial intelligence-assisted CTA for the assessment of atherosclerosis plaque: a systematic review and meta-analysis
	Introduction
	Methods
	Search strategy
	Inclusion and exclusion criteria
	Data extraction
	Assessment of study quality
	Data and statistical analysis

	Results
	Selection of studies
	Study characteristics
	Quality assessment of the studies
	Meta-analysis
	Publication bias
	Subgroup analysis

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


