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Abstract

Coronary artery disease (CAD) remains the leading cause of cardiovascular morbidity and
mortality worldwide, with plaque composition and morphology being as key determinants
of disease progression and clinical outcomes. Accurate plaque characterization is essential
for risk stratification and therapeutic decision-making, yet conventional image interpre-
tation is limited by inter-observer variability and time-intensive workflows. Artificial
intelligence (AI) models have emerged as a transformative tool for automated coronary
plaque analysis across multiple imaging modalities. AI-driven models demonstrate high
diagnostic accuracy for plaque detection, segmentation, quantification, and vulnerability
assessment. Integration of AI-derived imaging biomarkers with clinical risk scores can
further enhance prediction of major adverse cardiovascular events and supports personal-
ized management. These advances position AI-enhanced imaging as a powerful adjunct
for both invasive and non-invasive evaluation of CAD. Despite its promise, important
barriers to widespread clinical adoption remain, including data heterogeneity, algorithmic
bias, limited model transparency, insufficient prospective validation, regulatory challenges,
and incomplete integration into clinical workflows. Addressing these challenges will be
essential to ensure safe, generalizable, and cost-effective implementation of AI in routine
cardiovascular care.

Keywords: artificial intelligence; coronary artery disease; coronary artery calcium; coronary
computed tomography angiography; atherosclerosis; coronary plaque; coronary plaque
quantification; plaque characteristics

1. Introduction
Coronary artery disease (CAD) remains a leading cause of cardiovascular morbidity

and mortality worldwide. One of the key determinants of CAD outcomes is the charac-
terization of coronary plaques, which can differentiate stable plaques from those prone to
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rupture with acute coronary syndrome. In the current era, artificial intelligence (AI) has
emerged as a powerful tool in medical imaging, with significant applications in the analysis
of coronary plaque in various cardiovascular diseases [1]. Through machine learning (ML)
and deep learning (DL) algorithms, AI has shown promise in addressing limitations of
manual interpretation of imaging data, which is traditionally time-consuming and requires
expertise [1]. This review article discusses the current evidence on AI’s roles across var-
ious imaging modalities in automated coronary plaque detection and characterization,
evidence gaps, and future directions (Table 1: Summary of the role of AI in different
imaging modalities).

2. Role of AI in Coronary Imaging
AI applications in coronary plaque imaging include automated detection and seg-

mentation of coronary vessels, precise quantification of plaque components, predic-
tion of plaque vulnerability, and workflow automation across multiple imaging modali-
ties. (DL) models—particularly convolutional neural networks (CNN) and U-Net-based
models—achieve high agreement with expert readers for plaque and lumen segmentation
while significantly reducing analysis time to seconds [2,3]. AI enables precise quantifica-
tion of plaque components including calcified, fibrous, lipid-rich, and necrotic core tissue,
showing strong correlation with invasive imaging standards [4]. AI-based plaque metrics
demonstrate significant prognostic value, with higher total plaque volume and lipid-rich
features associated with increased myocardial infarction risk [3]. Emerging multimodal
models that integrate clinical parameters and multimodality imaging data aim to standard-
ize analysis and support decision-making, while automating various imaging tasks such
as coronary calcium scoring, functional flow reserve (FFR) estimation, and CAD-RADS
classification [5].

3. Intravascular Ultrasound (IVUS)
Intravascular Ultrasound (IVUS) is a valuable imaging modality for in vivo assessment

of coronary plaque morphology. It can guide percutaneous coronary intervention (PCI)
from pre-interventional to post-interventional phases, including assessing lesion length,
stent expansion, and minimal stent area [6]. By emitting ultrasound waves from a catheter-
based transducer, IVUS provides high-resolution cross-sectional visualization of the vessel
wall and lumen [7]. Based on grayscale echogenicity, plaques are classified as soft, fibrous,
calcified, or mixed. The presence of a necrotic core—manifesting as attenuated or echolucent
plaque—is frequently observed in culprit lesions and is associated with increased risk
of peri-procedural myocardial infarction [7]. Multiple studies have demonstrated the
superiority of IVUS-guided PCI over angiography-guided intervention [6]. Specific plaque
features, including a thin fibrous cap, a large plaque burden, and a minimal luminal area
≤4.0 mm2, independently predict major adverse cardiac events (MACEs) [8]. Despite
its advantages, IVUS remains limited by inter- and intra-observer variability and the
time-intensive nature of manual frame-by-frame analysis. Plaque morphologies not only
have prognostic value but can also support clinical decision-making in the treatment
of patients with CAD. Previous studies showed that a thin fibrous cap, large plaque
burden, and minimal luminal area of 4.0 mm2 or less independently predicted major
adverse cardiac events (MACEs) [8]. Despite its advantages, IVUS remains limited by inter-
and intra-observer variability and the time-intensive nature of manual frame-by-frame
analysis [9]. AI-based automated segmentation of IVUS pullback images enables rapid,
reproducible, and comprehensive quantification of vessels and plaques, supporting real-
time clinical decision-making [10]. Early applications include IVUS-Net, which delineated
the lumen and external elastic membrane in 0.15 s per frame [11], and U-Net, which
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accurately predicted minimal lumen area and severe calcification, though with limitations
in stent detection [12]. EfficientNet further improved characterization of calcified and
attenuated plaques with ≥93% accuracy and enabled precise quantification of lumen and
plaque volumes [10,13]. More recently, DeepLabv3 demonstrated strong performance in
simultaneous segmentation of lumen, vessel, and stent areas, achieving a mean intersection-
over-union of 0.80 and processing 100 frames in 4 s [14]. Nevertheless, high-acoustic-
impedance structures, such as stent struts and heavily calcified lesions, remain persistent
technical challenges. Beyond segmentation, AI enables automated tracking of plaque
progression over time, potentially allowing for serial monitoring of disease response to
lipid-lowering therapies. Real-time AI analysis during PCI may also assist operators by
flagging high-risk plaque features or suboptimal stent deployment, reducing procedural
complications [15].

4. Optical Coherence Tomography (OCT)
Optical coherence tomography (OCT) is a high-resolution intravascular imaging

modality that uses near-infrared light to generate cross-sectional images with superior spa-
tial resolution compared with IVUS, albeit with limited tissue penetration [16]. Because it is
unaffected by the high acoustic impedance of calcium, OCT is particularly useful for the as-
sessment of calcific coronary lesions [16]. Although OCT offers faster pullback speeds than
IVUS, image interpretation remains time-consuming and subject to inter- and intra-observer
variability, requiring substantial expertise due to complex plaque morphology and frequent
imaging artifacts. These limitations underscore the growing need for AI-based tools to
enhance diagnostic accuracy and clinical efficiency. OCT is especially valuable for evaluat-
ing plaque vulnerability. Its high resolution enables precise measurement of fibrous cap
thickness and identification of lipid-rich plaques, both of which are associated with an in-
creased risk of future major adverse cardiac events (MACEs) [17]. In addition, OCT-guided
rotational atherectomy-assisted PCI allows assessment of calcium cracks and arc thickness,
parameters that predict optimal stent expansion in heavily calcified lesions [18]. Collec-
tively, these capabilities support improved risk stratification and personalized treatment
planning [17,19]. Recent studies highlight the expanding role of AI in OCT analysis. Min
et al. demonstrated that a deep learning model accurately identified thin-cap fibroatheroma
in 602 coronary lesions, achieving 92.8% frame-level and 91.3% pullback-level accuracy [20].
A DenseNet-121-based algorithm further showed that AI-detected vulnerable plaques
were independently associated with higher MACEs compared with AI-classified stable
plaques [19]. Another AI-assisted OCT study reported diagnostic accuracies of 97.6% for
fibrous plaque, 90.5% for lipid plaque, and 88.5% for calcium plaque [21]. In real-world
OCT-guided PCI, Katagiri et al. demonstrated that the convolutional neural network-based
system “Ultreon” showed strong correlation with expert visual assessment of calcification
angle, thickness, and length in 85% of lesions, despite a 13% false-positive rate primarily
in acute coronary syndrome cases [22]. More recently, the automated platform OCTPlus
has been applied for plaque characterization before and after PCI in patients receiving
third-generation everolimus-eluting bioabsorbable magnesium scaffolds [23]. Overall, AI-
enabled OCT analysis improves the speed and precision of plaque characterization and
facilitates reliable identification of high-risk features—including thin fibrous caps and large
lipid cores—that are closely linked to plaque rupture and adverse cardiovascular events.

5. Coronary Computed Tomography Angiography (CCTA)
Coronary computed tomography angiography (CCTA) is a noninvasive imaging

modality that uses ionizing radiation and advanced scanners to generate high-resolution
three-dimensional images of the coronary arteries, enabling both diagnosis and risk strati-
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fication to guide clinical management. Current guidelines provide a Class I, Level A rec-
ommendation for CCTA in patients with chest pain at intermediate–high risk of CAD [24].
Beyond assessment of luminal stenosis, CCTA offers comprehensive quantitative and
qualitative evaluation of plaque burden and composition, which more accurately pre-
dicts future major adverse cardiovascular events (MACEs) [25]. However, diagnostic
performance may be limited by heavy calcification, tachycardia, arrhythmias, and the
presence of coronary stents [25]. Before the advent of AI, plaque quantification relied
on manual interpretation, a process that is time-consuming and prone to interobserver
variability. Early semi-automated approaches demonstrated clinical value, such as QFAT
v2.0, which quantified pericoronary adipose tissue attenuation—a marker of coronary
inflammation—to differentiate patients with acute myocardial infarction, stable CAD,
and healthy controls [26]. More recently, Hu et al. introduced DeepFat, a deep learn-
ing algorithm applied to coronary calcium scans that quantifies epicardial adipose tissue
morphology and attenuation, both of which strongly predict MACEs [27]. AI-driven quan-
titative CT (AI-QCT) has markedly improved reproducibility of plaque assessment. In the
CLARIFY study, Jonas et al. demonstrated high interobserver agreement for plaque volume
quantification (concordance correlation coefficient [CCC] = 0.95), as well as acceptable
reproducibility for minimal lumen area (0.91), minimal lumen diameter (0.86), and plaque
burden (0.80) [28]. Reproducibility declined with decreasing plaque density—ranging from
CCC 0.98 for dense calcium to 0.84 for necrotic core—highlighting the importance of AI
in reducing observer variability [23]. AI-QCT also correlated strongly with near-infrared
spectroscopy–IVUS in quantifying plaque burden, lesion length, lumen area, and vessel
area in lipid-rich noncalcified plaques, achieving sensitivity and specificity of 93% and
94%, respectively [29]. Data from the ADVANCE registry further reinforced the prognostic
role of AI-enhanced CCTA. Abnormal FFRCT FFR (≤0.80) was independently associated
with increased MACEs [30]. Using an automated deep learning model, AI-QCPA, Dun-
das et al. evaluated plaque volumes in 4430 patients and demonstrated that total plaque
volume independently predicted MACEs even after adjustment for FFRCT [31]. The RE-
VEALPLAQUE study confirmed strong agreement between AI-QCPA-based CCTA and
IVUS for plaque quantification and characterization (total plaque volume, lumen volume,
calcified plaque volume, and non-calcified plaque volume) in patients with stable CAD,
though both modalities showed limitations in measuring low-attenuated plaque [32]. To
standardize reporting, the Coronary Artery Disease Reporting and Data System (CAD-
RADS) classification was developed to integrate stenosis severity, plaque burden, and
modifiers including FFRCT and myocardial perfusion [33]. Multiple studies have shown
that AI-automated CAD-RADS classification using deep learning closely correlates with
expert interpretation [34–36]. Incorporation of AI-QCPA into the DECODE study resulted
in substantial CAD-RADS reclassification, prompting intensification of medical therapy
in many patients [37]. Additionally, Lin et al. applied a hierarchical convolutional long
short-term memory (ConvLSTM) network to over 5045 lesions from the SCOT-HEART trial,
demonstrating strong agreement with expert readers and IVUS for plaque volume, percent
stenosis, and minimal lumen area, with total plaque volume independently associated with
myocardial infarction [38]. Overall, these findings have proven the potential of AI-driven
CCTA as an alternative to invasive IVUS for assessing plaque burden and characterization.

6. Cardiac Magnetic Resonance Imaging (MRI)
Cardiac magnetic resonance imaging (MRI) is the gold standard for quantifying cardiac

structure and function offering unparalleled capability for detailed myocardial tissue char-
acterization [39]. Additionally, it can noninvasively detect plaque components, including
fibrous cap, calcification, and macrophage-rich lesions [40]. However, coronary magnetic
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resonance angiography requires longer acquisition times than CCTA and is particularly
susceptible to motion-related blurring and artifacts due to the small caliber of coronary ar-
teries and respiratory and cardiac motion, limiting its widespread clinical adoption despite
its potential as a comprehensive “one-stop” imaging modality [41]. To overcome these
limitations, several AI-integrated techniques have been developed to shorten acquisition
time and improve image quality [39,42]. A study by Wu et al. demonstrated that com-
pressed sensing with AI reconstruction reduced acquisition time by 22% while preserving
high diagnostic image quality for the detection of CAD [38]. Similarly, Muñoz et al. inte-
grated a self-supervised diffeomorphic non-rigid respiratory motion estimation network
(DiRespME-net) into GPU-based motion-corrected iterative reconstruction, achieving total
reconstruction times of approximately 20 s with preserved coronary vessel sharpness and
length [43]. AI-based approaches for automated plaque characterization using MRI have
also been validated in extracoronary settings, such as carotid artery stenosis [44], although
further studies are needed to establish their reliability for coronary plaque segmentation.

7. Single Photon Emission Computed Tomography (SPECT)/Positron
Emission Tomography (PET)

AI algorithms can be applied to myocardial perfusion imaging workflow using
SPECT/PET, encompassing image acquisition, registration, reconstruction, segmentation,
diagnosis, and risk stratification [45]. AI-assisted denoising and reconstruction techniques
enable shorter scan times while potentially reducing radiation exposure without compro-
mising image quality [45]. Although coronary artery calcium (CAC) scoring does not
localize disease or determine hemodynamic significance, it provides important prognostic
information and guides optimization of medical therapy. Deep learning-based automated
calcium scoring, performed in less than one second, has demonstrated strong agreement
with expert interpretation and robust prediction of future MACEs [46]. Moreover, inte-
gration of CT-derived calcium scores with stress PET imaging using machine learning
models—such as the XGBoost algorithm—has achieved diagnostic accuracy comparable to
expert readers for identifying obstructive CAD [47]. Kwiecinski et al. further applied the
XGBoost algorithm to define the risk of myocardial infarction in patients with advanced
CAD by combining quantitative coronary CT angiography plaque analysis with 18F-sodium
fluoride PET [48]. Collectively, these advances highlight the expanding role of AI in en-
hancing the diagnostic and prognostic capabilities of PET and SPECT for comprehensive
coronary plaque assessment.

8. AI Integration with Clinical Risk Scores
Hybrid approaches integrating AI with clinical risk scores, such as the Framingham

risk score and CAC scoring, have shown promise in optimizing predictions for coronary
plaque characterization and subsequent cardiovascular outcomes. Several studies have
demonstrated the enhanced predictive power of combining AI with traditional clinical
risk scores. For instance, Tesche et al. found that a machine learning (ML) model integrat-
ing coronary CT angiography (cCTA)-derived plaque measures and clinical parameters
obtained significantly improved risk scores. Compared to conventional CT risk scores
and clinical parameters alone, MACE prediction achieves an area under the curve (AUC)
of 0.96 [49]. Similarly, Benjamins et al. reported that ML models integrating clinical and
cCTA variables outperformed traditional methods in identifying patients with myocardial
ischemia and those requiring early revascularization. The best performance was achieved
by combining expert CTA interpretation with clinical variables (AUCs = 0.91 and 0.90).
ML using all CTA variables achieved an AUC of 0.85, which was outperformed by expert
CTA interpretation (AUC = 0.87). The best performance was achieved by ML integrating
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expert CTA interpretation and clinical variables, with AUCs of 0.91 and 0.90 for identifying
myocardial ischemia and early revascularization, respectively [50]. Additionally, Nurmo-
hamed et al. demonstrated that AI-guided quantitative plaque staging using coronary CT
angiography (AI-QCT) provided significant prognostic value for long-term cardiovascular
outcomes, improving the model’s performance over clinical risk factors and CAC scoring
alone (10-year AUC: 0.82 vs. 0.73) [51]. Beyond traditional risk scores, emerging AI mod-
els incorporate multimodality imaging data, serial biomarker trends, and clinical data to
improve risk predictions which can potentially individualize prevention strategies.

Table 1. Comparison of Imaging Modalities for AI-driven Coronary Plaque Characterization.

Modality Resolution AI Readiness Invasiveness
Plaque

Characterization
Accuracy

Current Limitations Representative AI
Tool/Study

IVUS Moderate (100–150 µm) High—Multiple DL
frameworks tested Invasive >90% (calcification,

MLA, plaque burden)

Artifacts from
stents/calcifications,

interobserver variability

IVUS-Net, DeepLabv3
(Nishi et al.) [14]

OCT High (~10–20 µm) High—Commercial
tools emerging Invasive

Up to 97.6% (fi-
brous/lipid/calcified

plaques)

Limited penetration,
artifacts, complex

interpretation

Ultreon AI,
DenseNet-121 (Katagiri

et al.) [22]

CCTA Moderate (~300–600 µm) Very High—Widely
validated models Non-invasive CCC > 0.95 for total

plaque volume

Radiation exposure,
limited by artifacts as
heavy calcifications or

motion, or elevated HR

AI-QCT, AI-QCPA,
DeepFat (Jonas et al.
[28], Lin et al. [38])

Cardiac
MRI Moderate (~1 mm spatial) Moderate—Early

adoption phase Non-invasive
Validated in carotid
plaques, coronary

pending

Long scan time, motion
artifacts, and

technical barriers

DiRespME-net,
Compressed sensing AI
(Wu et al. [38], Munoz

et al. [43])

SPECT/PET Low (~4–6 mm)
Moderate—Applied
in denoising, fusion

algorithms
Non-invasive Strong correlation with

CT and expert readers

Low spatial resolution,
indirect indicators, no

direct localization

XGBoost integration
with PET, automated

CAC scoring
(Kwiecinski et al. [48])

IVUS: Intravascular ultrasound, OCT: Optical Coherence Tomography, CCTA: Coronary Computed Tomography
Angiography, MRI: Magnetic Resonance Imaging, SPECT/PET: SPECT (Single Photon Emission Computed
Tomography) and PET (Positron Emission Tomography), MLA: Minimal Lumen Area, HR: Heart Rate, CCC:
Concordance Correlation Coefficient.

9. Challenges and Future Directions
Despite the potential of AI applications in coronary plaque characterization, their

implementation in routine clinical practice faces several challenges:

• Data Quality and Standardization: AI algorithms require large, high-quality, and di-
verse datasets for training, which are often limited in availability and can significantly
impact diagnostic accuracy, reliability, and generalizability when applied to diverse
patient populations [52].

• Transparency and explainability of AI algorithms: Black-box AI models may pro-
vide predictions without clear explanations, posing clinical acceptance and reliability
challenges. Additionally, the lack of clear recommendations for reporting how AI
models are developed, tested, and validated—including details on sample size, patient
demographics, and imaging equipment—makes assessing their usefulness in clinical
settings harder [52].

• Algorithmic Bias: AI algorithms can have the same biases in the original training
data, resulting in disparities in diagnostic performance in different clinical scenarios.
Addressing these biases carefully is required to ensure adequate performance during
model development and validation [5].

• Validation: Many AI systems lack prospective validation in real-world clinical settings.
Multi-center trials are required to validate the safety and effectiveness of AI algorithms
in coronary plaque characterization in different patient populations before widespread
adoption [52].
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• Integration in Clinical workflow: Challenges such as interoperability, data manage-
ment, workflow integration, continuous validation, effective change management, and
clear ethical and legal guidance should be addressed to ensure that AI models can be
integrated into electronic health records (EHRs) and imaging platforms to be useful in
practice [5,53].

• Cost-Effectiveness: Data regarding the cost-effectiveness of AI-assisted plaque char-
acterization models are still lacking. Theoretically, they have significant potential for
improving healthcare expenses; however, their cost-effectiveness, successful imple-
mentation, and generalizability depend on addressing specific local challenges related
to infrastructure, data sharing, and training, which have yet to be determined [54].

• Regulatory Approval and Ethical Concerns: Before widespread utilization in routine
clinical practice, AI tools must be comprehensively evaluated for their safety and
efficacy while maintaining patient privacy and data security. Continuous post-market
surveillance and transparent communication between developers and regulatory
bodies are essential to maintaining the integrity and trustworthiness of AI tools in
healthcare [55,56].

10. Conclusions
Emerging evidence suggests that AI-based plaque analysis models can improve plaque

detection, quantification, and characterization and assist in risk stratification and clinical
decision-making. However, limitations such as data standardization, model transparency,
regulatory approval, and clinical integration should be addressed before widespread
adoption. Further research is required, focusing on multicenter validation, interpretability,
and real-world applications to determine the feasibility of AI integration in clinical practice.

Author Contributions: M.A. (Mahmoud Abdelnabi) and R.I. conceptualized the topic and framework
for the review; J.B., C.C.-R., H.N.P., G.P. and M.A. performed the literature search, screened articles,
extracted relevant data, and wrote the initial draft, M.A. (Mahmoud Abdelnabi), M.A. (Mohamed
Allam), R.I., K.L., B.T., C.J. and R.A. revised the manuscript and critically revised it, M.A. (Mahmoud
Abdelnabi), C.A., and R.A. supervised the manuscript. All authors have read and agreed to the
published version of the manuscript.

Funding: This research did not receive any specific grants from funding agencies in the public,
commercial, or not-for-profit sectors.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: All data used in this review article are from published content. Please
see the reference lists.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Mathur, P.; Srivastava, S.; Xu, X.; Mehta, J.L. Artificial Intelligence, Machine Learning, and Cardiovascular Disease. Clin. Med.

Insights Cardiol. 2020, 14, 1179546820927404. [CrossRef]
2. Yaman, S.; Aslan, O.; Güler, H.; Sengur, A.; Hafeez-Baig, A.; Tan, R.-S.; Deo, R.C.; Barua, P.D.; Acharya, U.R. Deep learning

techniques for automated coronary artery segmentation and coronary artery disease detection: A systematic review of the last
decade (2013–2024). Comput. Methods Programs Biomed. 2025, 268, 108858. [CrossRef] [PubMed]

3. Lin, A.; Manral, N.; McElhinney, P.; Killekar, A.; Matsumoto, H.; Kwiecinski, J.; Pieszko, K.; Razipour, A.; Grodecki, K.; Park,
C. Deep learning-enabled coronary CT angiography for plaque and stenosis quantification and cardiac risk prediction: An
international multicentre study. Lancet Digit. Health 2022, 4, e256–e265. [CrossRef]

https://doi.org/10.3390/jcm15020903

https://doi.org/10.1177/1179546820927404
https://doi.org/10.1016/j.cmpb.2025.108858
https://www.ncbi.nlm.nih.gov/pubmed/40408829
https://doi.org/10.1016/S2589-7500(22)00022-X
https://doi.org/10.3390/jcm15020903


J. Clin. Med. 2026, 15, 903 8 of 10

4. Armoundas, A.A.; Narayan, S.M.; Arnett, D.K.; Spector-Bagdady, K.; Bennett, D.A.; Celi, L.A.; Friedman, P.A.; Gollob, M.H.; Hall,
J.L.; Kwitek, A.E. Use of artificial intelligence in improving outcomes in heart disease: A scientific statement from the American
Heart Association. Circulation 2024, 149, e1028–e1050. [CrossRef]

5. Föllmer, B.; Williams, M.C.; Dey, D.; Arbab-Zadeh, A.; Maurovich-Horvat, P.; Volleberg, R.H.; Rueckert, D.; Schnabel, J.A.; Newby,
D.E.; Dweck, M.R. Roadmap on the use of artificial intelligence for imaging of vulnerable atherosclerotic plaque in coronary
arteries. Nat. Rev. Cardiol. 2024, 21, 51–64. [CrossRef] [PubMed]

6. Kim, Y.; Bae, S.; Johnson, T.W.; Son, N.H.; Sim, D.S.; Hong, Y.J.; Kim, S.W.; Cho, D.K.; Kim, J.S.; Kim, B.K.; et al. Role of
Intravascular Ultrasound-Guided Percutaneous Coronary Intervention in Optimizing Outcomes in Acute Myocardial Infarction.
J. Am. Heart Assoc. 2022, 11, e023481. [CrossRef] [PubMed]

7. Honda, S.; Kataoka, Y.; Kanaya, T.; Noguchi, T.; Ogawa, H.; Yasuda, S. Characterization of coronary atherosclerosis by intravascu-
lar imaging modalities. Cardiovasc. Diagn. Ther. 2016, 6, 368–381. [CrossRef]

8. Stone, G.W.; Maehara, A.; Lansky, A.J.; de Bruyne, B.; Cristea, E.; Mintz, G.S.; Mehran, R.; McPherson, J.; Farhat, N.; Marso, S.P.;
et al. A prospective natural-history study of coronary atherosclerosis. N. Engl. J. Med. 2011, 364, 226–235. [CrossRef]

9. Gerbaud, E.; Weisz, G.; Tanaka, A.; Kashiwagi, M.; Shimizu, T.; Wang, L.; Souza, C.; Bouma, B.E.; Suter, M.J.; Shishkov, M.; et al.
Multi-laboratory inter-institute reproducibility study of IVOCT and IVUS assessments using published consensus document
definitions. Eur. Heart J. Cardiovasc. Imaging 2016, 17, 756–764. [CrossRef]

10. Jeong, G.-J.; Lee, G.; Lee, J.-G.; Kang, S.-J. Deep Learning-Based Lumen and Vessel Segmentation of Intravascular Ultrasound
Images in Coronary Artery Disease. Korean Circ. J. 2024, 54, 30–39. [CrossRef]

11. Yang, J.; Tong, L.; Faraji, M.; Basu, A. IVUS-Net: An Intravascular Ultrasound Segmentation Network. In Proceedings of the Smart
Multimedia, Toulon, France, 24–26 August 2018; Springer: Cham, Switzerland, 2018; pp. 367–377.

12. Shinohara, H.; Kodera, S.; Ninomiya, K.; Nakamoto, M.; Katsushika, S.; Saito, A.; Minatsuki, S.; Kikuchi, H.; Kiyosue, A.;
Higashikuni, Y.; et al. Automatic detection of vessel structure by deep learning using intravascular ultrasound images of the
coronary arteries. PLoS ONE 2021, 16, e0255577. [CrossRef]

13. Cho, H.; Kang, S.J.; Min, H.S.; Lee, J.G.; Kim, W.J.; Kang, S.H.; Kang, D.Y.; Lee, P.H.; Ahn, J.M.; Park, D.W.; et al. Intravascular
ultrasound-based deep learning for plaque characterization in coronary artery disease. Atherosclerosis 2021, 324, 69–75. [CrossRef]

14. Nishi, T.; Yamashita, R.; Imura, S.; Tateishi, K.; Kitahara, H.; Kobayashi, Y.; Yock, P.G.; Fitzgerald, P.J.; Honda, Y. Deep learning-
based intravascular ultrasound segmentation for the assessment of coronary artery disease. Int. J. Cardiol. 2021, 333, 55–59.
[CrossRef]

15. Li, J.; Montarello, N.J.; Hoogendoorn, A.; Verjans, J.W.; Bursill, C.A.; Peter, K.; Nicholls, S.J.; McLaughlin, R.A.; Psaltis, P.J.
Multimodality intravascular imaging of high-risk coronary plaque. Cardiovasc. Imaging 2022, 15, 145–159. [CrossRef] [PubMed]

16. Nagaraja, V.; Kalra, A.; Puri, R. When to use intravascular ultrasound or optical coherence tomography during percutaneous
coronary intervention? Cardiovasc. Diagn. Ther. 2020, 10, 1429–1444. [CrossRef]

17. Xing, L.; Higuma, T.; Wang, Z.; Aguirre, A.D.; Mizuno, K.; Takano, M.; Dauerman, H.L.; Park, S.J.; Jang, Y.; Kim, C.J.; et al. Clinical
Significance of Lipid-Rich Plaque Detected by Optical Coherence Tomography: A 4-Year Follow-Up Study. J. Am. Coll. Cardiol.
2017, 69, 2502–2513. [CrossRef]

18. Maejima, N.; Hibi, K.; Saka, K.; Akiyama, E.; Konishi, M.; Endo, M.; Iwahashi, N.; Tsukahara, K.; Kosuge, M.; Ebina, T.; et al.
Relationship Between Thickness of Calcium on Optical Coherence Tomography and Crack Formation After Balloon Dilatation in
Calcified Plaque Requiring Rotational Atherectomy. Circ. J. 2016, 80, 1413–1419. [CrossRef] [PubMed]

19. Niioka, H.; Kume, T.; Kubo, T.; Soeda, T.; Watanabe, M.; Yamada, R.; Sakata, Y.; Miyamoto, Y.; Wang, B.; Nagahara, H.; et al.
Automated diagnosis of optical coherence tomography imaging on plaque vulnerability and its relation to clinical outcomes in
coronary artery disease. Sci. Rep. 2022, 12, 14067. [CrossRef] [PubMed]

20. Min, H.-S.; Yoo, J.H.; Kang, S.-J.; Lee, J.-G.; Cho, H.; Lee, P.H.; Ahn, J.-M.; Park, D.-W.; Lee, S.-W.; Kim, Y.-H.; et al. Detection of
optical coherence tomography-defined thin-cap fibroatheroma in the coronary artery using deep learning. EuroIntervention 2020,
16, 404–412. [CrossRef]

21. Chu, M.; Jia, H.; Gutiérrez-Chico, J.L.; Maehara, A.; Ali, Z.A.; Zeng, X.; He, L.; Zhao, C.; Matsumura, M.; Wu, P.; et al.
Artificial intelligence and optical coherence tomography for the automatic characterisation of human atherosclerotic plaques.
EuroIntervention 2021, 17, 41–50. [CrossRef]

22. Katagiri, Y.; Hosoi, Y.; Bota, H.; Kuroda, K.; Kasai, Y.; Ishikawa, K.; Semba, N.; Yamasaki, K.; Tani, T.; Yamazaki, S. Artificial
Intelligence vs Visual Assessment of Calcified Plaque in Coronary Artery Using Optical Coherence Tomography. JACC Adv. 2022,
1, 100080. [CrossRef] [PubMed]

23. Garcia-Garcia, H.M.; Waksman, R.; Melaku, G.D.; Garg, M.; Beyene, S.; Wlodarczak, A.; Kerai, A.; Levine, M.B.; van der Schaaf,
R.J.; Torzewski, J.; et al. Temporal changes in coronary plaque as assessed by an artificial intelligence–based optical coherence
tomography: From the first-in-human trial on DREAMS 3G scaffold. Eur. Heart J.—Cardiovasc. Imaging 2023, 25, 491–497.
[CrossRef]

https://doi.org/10.3390/jcm15020903

https://doi.org/10.1161/cir.0000000000001201
https://doi.org/10.1038/s41569-023-00900-3
https://www.ncbi.nlm.nih.gov/pubmed/37464183
https://doi.org/10.1161/JAHA.121.023481
https://www.ncbi.nlm.nih.gov/pubmed/35179041
https://doi.org/10.21037/cdt.2015.12.05
https://doi.org/10.1056/NEJMoa1002358
https://doi.org/10.1093/ehjci/jev229
https://doi.org/10.4070/kcj.2023.0166
https://doi.org/10.1371/journal.pone.0255577
https://doi.org/10.1016/j.atherosclerosis.2021.03.037
https://doi.org/10.1016/j.ijcard.2021.03.020
https://doi.org/10.1016/j.jcmg.2021.03.028
https://www.ncbi.nlm.nih.gov/pubmed/34023267
https://doi.org/10.21037/cdt-20-206
https://doi.org/10.1016/j.jacc.2017.03.556
https://doi.org/10.1253/circj.CJ-15-1059
https://www.ncbi.nlm.nih.gov/pubmed/27087360
https://doi.org/10.1038/s41598-022-18473-5
https://www.ncbi.nlm.nih.gov/pubmed/35982217
https://doi.org/10.4244/EIJ-D-19-00487
https://doi.org/10.4244/EIJ-D-20-01355
https://doi.org/10.1016/j.jacadv.2022.100080
https://www.ncbi.nlm.nih.gov/pubmed/38939718
https://doi.org/10.1093/ehjci/jead299
https://doi.org/10.3390/jcm15020903


J. Clin. Med. 2026, 15, 903 9 of 10

24. Gulati, M.; Levy, P.D.; Mukherjee, D.; Amsterdam, E.; Bhatt, D.L.; Birtcher, K.K.; Blankstein, R.; Boyd, J.; Bullock-Palmer, R.P.;
Conejo, T.; et al. 2021 AHA/ACC/ASE/CHEST/SAEM/SCCT/SCMR Guideline for the Evaluation and Diagnosis of Chest Pain:
A Report of the American College of Cardiology/American Heart Association Joint Committee on Clinical Practice Guidelines.
Circulation 2021, 144, e368–e454. [CrossRef]

25. Mézquita, A.J.V.; Biavati, F.; Falk, V.; Alkadhi, H.; Hajhosseiny, R.; Maurovich-Horvat, P.; Manka, R.; Kozerke, S.; Stuber, M.;
Derlin, T.; et al. Clinical quantitative coronary artery stenosis and coronary atherosclerosis imaging: A Consensus Statement from
the Quantitative Cardiovascular Imaging Study Group. Nat. Rev. Cardiol. 2023, 20, 696–714. [CrossRef]

26. Lin, A.; Nerlekar, N.; Yuvaraj, J.; Fernandes, K.; Jiang, C.; Nicholls, S.J.; Dey, D.; Wong, D.T.L. Pericoronary adipose tissue
computed tomography attenuation distinguishes different stages of coronary artery disease: A cross-sectional study. Eur. Heart J.
Cardiovasc. Imaging 2021, 22, 298–306. [CrossRef]

27. Hu, T.; Freeze, J.; Singh, P.; Kim, J.; Song, Y.; Wu, H.; Lee, J.; Al-Kindi, S.; Rajagopalan, S.; Wilson, D.L.; et al. Artificial Intelligence
Prediction of Cardiovascular Events Using Opportunistic Epicardial Adipose Tissue Assessments From Computed Tomography
Calcium Score. JACC Adv. 2024, 3, 101188. [CrossRef] [PubMed]

28. Jonas, R.A.; Weerakoon, S.; Fisher, R.; Griffin, W.F.; Kumar, V.; Rahban, H.; Marques, H.; Karlsberg, R.P.; Jennings, R.S.; Crabtree,
T.R.; et al. Interobserver variability among expert readers quantifying plaque volume and plaque characteristics on coronary CT
angiography: A CLARIFY trial sub-study. Clin. Imaging 2022, 91, 19–25. [CrossRef] [PubMed]

29. Omori, H.; Matsuo, H.; Fujimoto, S.; Sobue, Y.; Nozaki, Y.; Nakazawa, G.; Takahashi, K.; Osawa, K.; Okubo, R.; Kaneko, U.; et al.
Determination of lipid-rich plaques by artificial intelligence-enabled quantitative computed tomography using near-infrared
spectroscopy as reference. Atherosclerosis 2023, 386, 117363. [CrossRef]

30. Fairbairn, T.A.; Nieman, K.; Akasaka, T.; Nørgaard, B.L.; Berman, D.S.; Raff, G.; Hurwitz-Koweek, L.M.; Pontone, G.; Kawasaki,
T.; Sand, N.P.; et al. Real-world clinical utility and impact on clinical decision-making of coronary computed tomography
angiography-derived fractional flow reserve: Lessons from the ADVANCE Registry. Eur. Heart J. 2018, 39, 3701–3711. [CrossRef]

31. Dundas, J.; Leipsic, J.; Fairbairn, T.; Ng, N.; Sussman, V.; Guez, I.; Rosenblatt, R.; Hurwitz Koweek, L.M.; Douglas, P.S.; Rabbat,
M.; et al. Interaction of AI-Enabled Quantitative Coronary Plaque Volumes on Coronary CT Angiography, FFR(CT), and Clinical
Outcomes: A Retrospective Analysis of the ADVANCE Registry. Circ. Cardiovasc. Imaging 2024, 17, e016143. [CrossRef]

32. Narula, J.; Stuckey, T.D.; Nakazawa, G.; Ahmadi, A.; Matsumura, M.; Petersen, K.; Mirza, S.; Ng, N.; Mullen, S.; Schaap, M.; et al.
Prospective deep learning-based quantitative assessment of coronary plaque by computed tomography angiography compared
with intravascular ultrasound: The REVEALPLAQUE study. Eur. Heart J. Cardiovasc. Imaging 2024, 25, 1287–1295. [CrossRef]

33. Cury, R.C.; Leipsic, J.; Abbara, S.; Achenbach, S.; Berman, D.; Bittencourt, M.; Budoff, M.; Chinnaiyan, K.; Choi, A.D.; Ghoshhajra,
B.; et al. CAD-RADS™ 2.0—2022 Coronary Artery Disease-Reporting and Data System: An Expert Consensus Document of the
Society of Cardiovascular Computed Tomography (SCCT), the American College of Cardiology (ACC), the American College of
Radiology (ACR), and the North America Society of Cardiovascular Imaging (NASCI). J. Cardiovasc. Comput. Tomogr. 2022, 16,
536–557. [CrossRef]

34. Choi, A.D.; Marques, H.; Kumar, V.; Griffin, W.F.; Rahban, H.; Karlsberg, R.P.; Zeman, R.K.; Katz, R.J.; Earls, J.P. CT Evaluation by
Artificial Intelligence for Atherosclerosis, Stenosis and Vascular Morphology (CLARIFY): A Multi-center, international study. J.
Cardiovasc. Comput. Tomogr. 2021, 15, 470–476. [CrossRef] [PubMed]

35. Muscogiuri, G.; Chiesa, M.; Trotta, M.; Gatti, M.; Palmisano, V.; Dell’Aversana, S.; Baessato, F.; Cavaliere, A.; Cicala, G.; Loffreno,
A.; et al. Performance of a deep learning algorithm for the evaluation of CAD-RADS classification with CCTA. Atherosclerosis
2020, 294, 25–32. [CrossRef]

36. Paul, J.F.; Rohnean, A.; Giroussens, H.; Pressat-Laffouilhere, T.; Wong, T. Evaluation of a deep learning model on coronary CT
angiography for automatic stenosis detection. Diagn. Interv. Imaging 2022, 103, 316–323. [CrossRef]

37. Rinehart, S.; Raible, S.J.; Ng, N.; Mullen, S.; Huey, W.; Rogers, C.; Pursnani, A. Utility of artificial intelligence plaque quantification:
Results of the DECODE study. J. Soc. Cardiovasc. Angiogr. Interv. 2024, 3, 101296. [CrossRef]

38. Wu, X.; Tang, L.; Li, W.; He, S.; Yue, X.; Peng, P.; Wu, T.; Zhang, X.; Wu, Z.; He, Y.; et al. Feasibility of accelerated non-contrast-
enhanced whole-heart bSSFP coronary MR angiography by deep learning–constrained compressed sensing. Eur. Radiol. 2023, 33,
8180–8190. [CrossRef] [PubMed]

39. Morales, M.A.; Manning, W.J.; Nezafat, R. Present and Future Innovations in AI and Cardiac MRI. Radiology 2024, 310, e231269.
[CrossRef]

40. Morishige, K.; Kacher, D.F.; Libby, P.; Josephson, L.; Ganz, P.; Weissleder, R.; Aikawa, M. High-resolution magnetic resonance
imaging enhanced with superparamagnetic nanoparticles measures macrophage burden in atherosclerosis. Circulation 2010, 122,
1707–1715. [CrossRef] [PubMed]

41. Wu, X.; Deng, L.; Li, W.; Peng, P.; Yue, X.; Tang, L.; Pu, Q.; Ming, Y.; Zhang, X.; Huang, X.; et al. Deep Learning-Based Acceleration
of Compressed Sensing for Noncontrast-Enhanced Coronary Magnetic Resonance Angiography in Patients With Suspected
Coronary Artery Disease. J. Magn. Reson. Imaging 2023, 58, 1521–1530. [CrossRef]

https://doi.org/10.3390/jcm15020903

https://doi.org/10.1161/cir.0000000000001029
https://doi.org/10.1038/s41569-023-00880-4
https://doi.org/10.1093/ehjci/jeaa224
https://doi.org/10.1016/j.jacadv.2024.101188
https://www.ncbi.nlm.nih.gov/pubmed/39372475
https://doi.org/10.1016/j.clinimag.2022.08.005
https://www.ncbi.nlm.nih.gov/pubmed/35986973
https://doi.org/10.1016/j.atherosclerosis.2023.117363
https://doi.org/10.1093/eurheartj/ehy530
https://doi.org/10.1161/circimaging.123.016143
https://doi.org/10.1093/ehjci/jeae115
https://doi.org/10.1016/j.jcct.2022.07.002
https://doi.org/10.1016/j.jcct.2021.05.004
https://www.ncbi.nlm.nih.gov/pubmed/34127407
https://doi.org/10.1016/j.atherosclerosis.2019.12.001
https://doi.org/10.1016/j.diii.2022.01.004
https://doi.org/10.1016/j.jscai.2024.101296
https://doi.org/10.1007/s00330-023-09740-8
https://www.ncbi.nlm.nih.gov/pubmed/37209126
https://doi.org/10.1148/radiol.231269
https://doi.org/10.1161/circulationaha.109.891804
https://www.ncbi.nlm.nih.gov/pubmed/20937980
https://doi.org/10.1002/jmri.28653
https://doi.org/10.3390/jcm15020903


J. Clin. Med. 2026, 15, 903 10 of 10

42. Kato, Y.; Ambale-Venkatesh, B.; Kassai, Y.; Kasuboski, L.; Schuijf, J.; Kapoor, K.; Caruthers, S.; Lima, J.A.C. Non-contrast coronary
magnetic resonance angiography: Current frontiers and future horizons. Magma 2020, 33, 591–612. [CrossRef]

43. Munoz, C.; Qi, H.; Cruz, G.; Küstner, T.; Botnar, R.M.; Prieto, C. Self-supervised learning-based diffeomorphic non-rigid motion
estimation for fast motion-compensated coronary MR angiography. Magn. Reson. Imaging 2022, 85, 10–18. [CrossRef]

44. Cau, R.; Pisu, F.; Muscogiuri, G.; Mannelli, L.; Suri, J.S.; Saba, L. Applications of artificial intelligence-based models in vulnerable
carotid plaque. Vessel Plus 2023, 7, 20. [CrossRef]

45. Miller, R.J.H.; Slomka, P.J. Artificial Intelligence in Nuclear Cardiology: An Update and Future Trends. Semin. Nucl. Med. 2024, 54,
648–657. [CrossRef] [PubMed]

46. Miller, R.J.H.; Pieszko, K.; Shanbhag, A.; Feher, A.; Lemley, M.; Killekar, A.; Kavanagh, P.B.; Van Kriekinge, S.D.; Liang, J.X.;
Huang, C.; et al. Deep Learning Coronary Artery Calcium Scores from SPECT/CT Attenuation Maps Improve Prediction of
Major Adverse Cardiac Events. J. Nucl. Med. 2023, 64, 652–658. [CrossRef]

47. van Dalen, J.A.; Koenders, S.S.; Metselaar, R.J.; Vendel, B.N.; Slotman, D.J.; Mouden, M.; Slump, C.H.; van Dijk, J.D. Machine
learning based model to diagnose obstructive coronary artery disease using calcium scoring, PET imaging, and clinical data. J.
Nucl. Cardiol. 2023, 30, 1504–1513. [CrossRef]

48. Kwiecinski, J.; Tzolos, E.; Meah, M.N.; Cadet, S.; Adamson, P.D.; Grodecki, K.; Joshi, N.V.; Moss, A.J.; Williams, M.C.; van Beek,
E.J.R.; et al. Machine Learning with (18)F-Sodium Fluoride PET and Quantitative Plaque Analysis on CT Angiography for the
Future Risk of Myocardial Infarction. J. Nucl. Med. 2022, 63, 158–165. [CrossRef] [PubMed]

49. Tesche, C.; Bauer, M.J.; Baquet, M.; Hedels, B.; Straube, F.; Hartl, S.; Gray, H.N.; Jochheim, D.; Aschauer, T.; Rogowski, S. Improved
long-term prognostic value of coronary CT angiography-derived plaque measures and clinical parameters on adverse cardiac
outcome using machine learning. Eur. Radiol. 2021, 31, 486–493. [CrossRef]

50. Benjamins, J.W.; Yeung, M.W.; Maaniitty, T.; Saraste, A.; Klén, R.; van der Harst, P.; Knuuti, J.; Juarez-Orozco, L.E. Improving
patient identification for advanced cardiac imaging through machine learning-integration of clinical and coronary CT angiography
data. Int. J. Cardiol. 2021, 335, 130–136. [CrossRef] [PubMed]

51. Nurmohamed, N.S.; Bom, M.J.; Jukema, R.A.; de Groot, R.J.; Driessen, R.S.; van Diemen, P.A.; de Winter, R.W.; Gaillard, E.L.;
Sprengers, R.W.; Stroes, E.S. AI-guided quantitative plaque staging predicts long-term cardiovascular outcomes in patients at risk
for atherosclerotic CVD. Cardiovasc. Imaging 2024, 17, 269–280.

52. Rajpurkar, P.; Lungren, M.P. The current and future state of AI interpretation of medical images. N. Engl. J. Med. 2023, 388,
1981–1990.

53. Sahni, N.R.; Carrus, B. Artificial intelligence in US health care delivery. N. Engl. J. Med. 2023, 389, 348–358. [CrossRef] [PubMed]
54. Dey, D.; Slomka, P.J.; Leeson, P.; Comaniciu, D.; Shrestha, S.; Sengupta, P.P.; Marwick, T.H. Artificial intelligence in cardiovascular

imaging: JACC state-of-the-art review. J. Am. Coll. Cardiol. 2019, 73, 1317–1335. [CrossRef] [PubMed]
55. Warraich, H.J.; Tazbaz, T.; Califf, R.M. FDA perspective on the regulation of artificial intelligence in health care and biomedicine.

JAMA 2025, 333, 241–247. [CrossRef] [PubMed]
56. Mooghali, M.; Stroud, A.M.; Yoo, D.W.; Barry, B.A.; Grimshaw, A.A.; Ross, J.S.; Zhu, X.; Miller, J.E. Trustworthy and ethical

AI-enabled cardiovascular care: A rapid review. BMC Med. Inform. Decis. Mak. 2024, 24, 247. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/jcm15020903

https://doi.org/10.1007/s10334-020-00834-8
https://doi.org/10.1016/j.mri.2021.10.004
https://doi.org/10.20517/2574-1209.2023.78
https://doi.org/10.1053/j.semnuclmed.2024.02.005
https://www.ncbi.nlm.nih.gov/pubmed/38521708
https://doi.org/10.2967/jnumed.122.264423
https://doi.org/10.1007/s12350-022-03166-3
https://doi.org/10.2967/jnumed.121.262283
https://www.ncbi.nlm.nih.gov/pubmed/33893193
https://doi.org/10.1007/s00330-020-07083-2
https://doi.org/10.1016/j.ijcard.2021.04.009
https://www.ncbi.nlm.nih.gov/pubmed/33831505
https://doi.org/10.1056/NEJMra2204673
https://www.ncbi.nlm.nih.gov/pubmed/37494486
https://doi.org/10.1016/j.jacc.2018.12.054
https://www.ncbi.nlm.nih.gov/pubmed/30898208
https://doi.org/10.1001/jama.2024.21451
https://www.ncbi.nlm.nih.gov/pubmed/39405330
https://doi.org/10.1186/s12911-024-02653-6
https://doi.org/10.3390/jcm15020903

	Introduction 
	Role of AI in Coronary Imaging 
	Intravascular Ultrasound (IVUS) 
	Optical Coherence Tomography (OCT) 
	Coronary Computed Tomography Angiography (CCTA) 
	Cardiac Magnetic Resonance Imaging (MRI) 
	Single Photon Emission Computed Tomography (SPECT)/Positron Emission Tomography (PET) 
	AI Integration with Clinical Risk Scores 
	Challenges and Future Directions 
	Conclusions 
	References

