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Abstract

Artificial intelligence (Al) has been revolutionizing invasive cardiology in recent years, with respect to diagnostic
accuracy, procedural success, and long-term patient outcomes. Advanced machine learning (ML) and deep
learning algorithms facilitate automated image analysis, risk stratification, and personalized intervention planning,
paving the way for precision medicine. Al-based technologies, such as coronary computed tomography
angiography, intravascular ultrasound, and optical coherence tomography, enable precise plaque definition and
quantification that goes beyond classical subjective methods. Al-based quantitative computed tomography and
radiomics-based approaches have demonstrated strong correlations with invasive standards such as NIRS-1VUS,
effectively identifying lipid-rich plaques and predicting acute coronary events. Al is also refining risk stratification
models, significantly improving predictive capabilities compared to traditional methods, thus enabling personalized
therapeutic interventions in real time. In interventional cardiology, the integration of real-time Al with fluoroscopy
significantly improves procedural decision making while reducing procedure time, radiation exposure, and operator
variability. Additionally, Al-assisted predictive analytics facilitate comprehensive risk assessment, optimizing
treatment strategies by accurately identifying patients at the highest risk of major adverse cardiovascular events.
ML algorithms improve image analysis by automating plaque characterization, thus facilitating clinical decision
making and procedural optimization. In the future, Al-based applications, such as Al-guided catheter navigation,
could further transform PCI, opening new possibilities for innovation and optimization. Despite these advances,
challenges remain regarding data standardization, algorithmic interpretability, regulatory compliance, and ethical
concerns about data privacy and potential bias. This review will explore the risks and potential benefits of this
unprecedented evolution.
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INTRODUCTION

Cardiovascular disease (CVD) remains one of the leading causes of mortality worldwide, with
atherosclerosis acting as the primary pathological driver of acute myocardial infarction (MI) and stroke!.
Over the years, interventional cardiology has primarily focused on the severity of stenosis and its
implications for cardiovascular events. However, recent decades have witnessed a paradigm shift from a
purely angiographic assessment toward a more comprehensive approach that incorporates functional
evaluation, plaque composition, and morphological features to better determine plaque vulnerability and
thrombotic risk™. Advancements in coronary imaging modalities, including coronary computed
tomography angiography (CCTA), intravascular ultrasound (IVUS), and optical coherence tomography
(OCT), have significantly improved the characterization of atherosclerotic plaque. Nevertheless, despite
these technological innovations, operator-related variability remains a critical limitation, contributing to
discrepancies in long-term prognostic assessments among patients'*..

In this context, artificial intelligence (AI) is emerging as a transformative tool capable of enhancing
automation, standardization, and diagnostic precision. Al-based methodologies are reshaping
cardiovascular risk prediction, not only by refining imaging analysis but also by integrating multimodal data
sources to improve patient stratification. AI-driven models have consistently demonstrated superior
performance compared to conventional cardiovascular risk scores, enabling the automated detection of
ASCVD risk markers, including coronary artery calcium (CAC), across a variety of imaging modalities such
as ECG-gated CT scans, chest X-rays, and non-gated chest CT scans”. Additionally, machine learning (ML)
and deep learning (DL) algorithms facilitate automated segmentation, quantitative plaque assessment, and
more precise risk prediction, ultimately refining traditional diagnostic workflows'. Among emerging Al-
powered imaging tools, quantitative computed tomography (AI-QCT) has been shown to exhibit a strong
correlation with IVUS-derived lipid quantification, further supporting its role in the noninvasive
characterization of coronary plaques and cardiovascular risk assessment”. The ability of AI-QCT to assess
lipid-rich plaques with high accuracy underscores its potential in the early identification of high-risk lesions,
complementing intravascular imaging techniques. Furthermore, AI-guided fractional flow reserve CT (FFR-
CT) integrates computational fluid dynamics (CFD) models to provide noninvasive hemodynamic
assessments, enhancing ischemia detection and guiding clinical decision making in interventional
cardiology. Al applications are also proving instrumental in real-time lesion characterization, procedural
guidance, and stent optimization, thereby improving accuracy while minimizing procedural duration and
radiation exposure!”. Al-powered cardiovascular imaging analysis has demonstrated the capacity to refine
interventional strategies, reduce operator dependency, and improve diagnostic reliability. Moreover, by
integrating clinical data with advanced imaging techniques, Al-based systems can contribute to improved
prognostic assessments and facilitate tailored therapeutic strategies for high-risk patients™.

This review aims to critically examine how artificial intelligence is reshaping interventional cardiology. We
not only provide an updated overview of current AI applications, but also offer a critical interpretation of
emerging technologies, highlight implementation challenges, and reflect on future directions for clinical
integration.

Figure 1 provides an overview of AI’s clinical applications in interventional cardiology, covering imaging,
procedural guidance, and risk assessment.
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Figure 1. Schematic representation of Al applications in interventional cardiology, categorized into imaging, diagnosis, interventional
procedures, automation, and prognosis. CCTA: Coronary computed tomography angiography; IVUS: intravascular ultrasound; OCT:
optical coherence tomography; AI-QCT: artificial intelligence-based quantitative computed tomography; ML: machine learning; Al-
QCA: artificial intelligence-based quantitative coronary angiography; FFR-CT: fractional flow reserve derived from computed
tomography; PCl: percutaneous coronary intervention; MACE: major adverse cardiovascular events.

Al IN CCTA FOR PLAQUE CHARACTERIZATION

AT has the potential to substantially augment the diagnostic and prognostic utility of CCTA by enhancing
plaque characterization, refining stenosis quantification, and enabling a more granular approach to risk
stratification”. Traditional CCTA interpretation, being inherently subjective, remains susceptible to
interobserver variability, quality-dependent biases, and diagnostic inconsistencies. In contrast, Al-driven
methodologies - particularly ML and DL algorithms - facilitate automated, high-throughput, and
reproducible analyses, fostering a more standardized, objective, and precise assessment of plaque burden,
composition, and morphological complexity"”.

Automated plaque characterization and quantification

Recent studies have demonstrated how AI improves plaque segmentation and classification, distinguishing
calcified, non-calcified, and lipid-rich plaques with high sensitivity and specificity". A study by
Omori et al. demonstrated that AI-QCT strongly correlates with the gold standard intravascular imaging
techniques such as intravascular near-infrared spectroscopy-ultrasound (NIRS-IVUS), achieving diagnostic
accuracies above 90% in detecting lipid-rich necrotic cores and thin-cap fibroatheromas, hallmarks of
plaque instability, and acute coronary syndromes (ACS)". Similarly, Moon et al. validated AI-QCA for
coronary lesion assessment, reporting moderate-to-strong correlations (r = 0.57-0.80) with IVUS in vessel
measurements, despite some discrepancies in lesion margin detection™'.

Advancements in Al-driven coronary plaque analysis have expanded the ability to quantify high-risk plaque
features and total atherosclerotic burden. The DECODE study showed that Al-based plaque quantification
altered clinical decision making in 66% of patients, demonstrating its potential impact on patient
management strategies'”. Furthermore, AI models allow real-time automated assessment of non-calcified
plaques, which are often undetected by conventional CCTA-based methods, improving early risk
stratification"”. These capabilities, combined with AI-powered radiomics, enable more precise phenotyping
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of plaque instability, allowing tailored interventions for high-risk individuals"*.

In the CREDENCE" trial, AI-QCT showed higher sensitivity (95% vs. 74%) and specificity (63% vs. 43%)
compared to myocardial perfusion imaging (MPI) for the detection of obstructive CAD. Furthermore, a
post hoc analysis of the CONSERVE trial"* applied AI-QCT retrospectively to 747 stable patients, showing
that its use could have reduced unnecessary invasive coronary angiography (ICA) by 87%-95%, while
lowering costs by 26%-34%, without compromising 1-year safety outcomes, as no cardiovascular deaths or
myocardial infarctions occurred in 78% of patients with < 50% stenosis.

In addition to its diagnostic precision, AI-QCT offers a standardized and reproducible approach to total
plaque burden assessment, addressing the inherent limitations of qualitative methods such as the segment
involvement score (SIS), coronary artery calcium score (CACS), visual assessment, and CAD-RADS
stenosis categories. In a comparative study, Khan et al. reported that AI-QCT demonstrated high
concordance with SIS (93%, k = 0.87) and moderate agreement with CAD-RADS stenosis categories (73%),
CACS (66%), and visual plaque assessment (64%)"”. Notably, AI-QCT identified small, non-calcified
plaques that were often undetected by traditional methods, underscoring its potential to enhance the
precision of atherosclerosis quantification in routine clinical practice.

Beyond diagnostic improvements, AI-QCT also enhances risk stratification and clinical decision making. By
integrating lesion morphology, volume, and hemodynamic relevance, Al-derived plaque burden has
demonstrated stronger correlations with major adverse cardiovascular events (MACE) compared to CAD-
RADS, offering a more comprehensive framework for long-term risk assessment. Furthermore, its ability to
standardize image interpretation across different centers reduces inter-reader variability and improves
reproducibility, reinforcing its role in optimizing patient management strategies'>""\.

Al-driven fractional flow reserve (FFR-CT) for functional assessment

AT could significantly enhance the assessment of coronary stenoses through Al-guided fractional FFR-CT.
Conventional visual classification of stenosis often correlates poorly with ischemic burden, leading to
misclassification of lesion severity"®. Integrating computational fluid dynamics (CFD) and artificial
intelligence, these models enable a noninvasive, physiology-driven assessment that refines PCI decision
making and reduces unnecessary interventions. A meta-analysis of over 6,000 lesions confirmed that
machine learning-based FFR-CT achieves diagnostic accuracy and specificity comparable to CFD-derived

methods, with no significant difference between the two, despite a modest reduction in sensitivity".

Recent advancements in ML-guided FFR-CT algorithms have achieved area under the curve (AUC) values
as high as 0.97, outperforming traditional CCTA-derived metrics in predicting ischemia®’. In a comparative
study, Chiou et al. found that an Al-based quantitative CT algorithm outperformed CT-FFR and physician
visual assessment in predicting functionally significant coronary lesions, achieving an AUC of 0.91 vs. 0.76
for CT-FFR and 0.62 for CAD-RADS. Notably, Al maintained superior specificity even in patients with
high calcified burden, where CT-FFR performance declines™".

The clinical utility of Al-assisted FFR-CT has been supported by evidence showing that it can reduce
unnecessary invasive coronary angiography (ICA) by up to 49% while maintaining high diagnostic
accuracy"”. A large-scale analysis from the ADVANCE registry demonstrated that Al-enabled quantitative
coronary plaque analysis (AI-QCPA) significantly correlates with one-year adverse cardiac events and late
revascularization, reinforcing its predictive value beyond luminal stenosis alone. The reproducibility of
FFR-CT measurements was assessed in a repeatability study using different AI-based software platforms,
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revealing that image quality, heart rate variability, and vessel shifting length significantly influence

measurement accuracy™.

Recent comparisons of Al-based FFR prediction models and CFD-derived FFRCT have shown promising
results in patients with intermediate-grade stenosis. Peters et al. demonstrated that an AI DL model for FFR
prediction achieved 91% sensitivity, 82% specificity, and an overall diagnostic accuracy of 85%, performing
comparably to conventional CFD-based FFRCT. The Al model provided faster analysis while maintaining a
high negative predictive value (96%)"*. A further recent study introduced a fully automated on-site Al-
based CT-FFR technology, achieving a 99.8% technical success rate and 82% diagnostic accuracy, with a
significant reduction in computation time to under four minutes, making it a more efficient alternative for
functional assessment and risk stratification®!. This clinical relevance has been recently supported by the
TARGET trial, a multicenter randomized study demonstrating that on-site AI-based CT-FFR significantly
reduced unnecessary invasive coronary angiographies in patients with stable CAD, though without a
significant impact on symptoms, major adverse cardiovascular events, or quality of life*”.

Al in risk stratification and prognostic modeling

The role of Al in risk stratification extends beyond static plaque assessment alone. Emerging AI-based
predictive models integrate clinical, genetic, and imaging data, facilitating real-time risk assessment and
longitudinal plaque monitoring"”. AI-based CCTA biomarkers, such as perivascular fat attenuation index
(FAI), plaque vulnerability scores, and hemodynamic stress markers, have emerged as robust predictors of
cardiovascular events. Recent findings suggest that AI-driven CCTA biomarker extraction combined with
computational risk models can significantly improve long-term cardiovascular risk prediction compared to
traditional scoring systems™.

The ORFAN study demonstrated that Al-driven integration of perivascular fat attenuation index (FAI)
scores significantly improves risk stratification, even in patients without obstructive CAD. FAI, a CCTA-
derived marker of coronary inflammation, independently predicts cardiac mortality and MACE, refining
risk assessment beyond traditional models. The validated AI-Risk algorithm, combining FAI, plaque
burden, and clinical variables, outperforms conventional stratification, supporting its integration into
clinical workflows"”..

Moreover, as demonstrated by recent findings, AI-driven analysis has refined risk stratification by
incorporating fat-derived biomarkers that capture vascular inflammation and metabolic activity. Beyond
traditional plaque assessment, Al-enhanced quantification of pericoronary adipose tissue (PCAT)
attenuation has shown promise in identifying subclinical coronary inflammation, which is associated with
plaque instability and adverse cardiovascular outcomes”. Additionally, automated segmentation of
epicardial adipose tissue (EAT) has revealed correlations with metabolic risk factors, suggesting its potential
role in refining cardiovascular risk models. These advancements highlight the evolving role of AI in
integrating multi-dimensional imaging biomarkers to improve patient-specific prognostic assessment'*”..

A schematic representation of an Al-enhanced diagnostic workflow is provided in Figure 2, highlighting the
integration of plaque and functional assessment to guide personalized treatment decisions.

Al IN CORONARY ANGIOGRAPHY FOR INTERVENTIONAL CARDIOLOGY

Artificial intelligence potentially offers significant advantages to coronary angiography, with respect to
lesion detection, procedural efficiency, and therapeutic decision making. Traditional angiographic
assessments rely mostly on operator experience and are subject to interobserver variability and subjective
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Al-Enhanced Diagnostic Workflow
in Stable Coronary Artery Disease

Patient with
chest pain

Figure 2. Al-enhanced diagnostic and therapeutic pathway in stable coronary artery disease. The figure illustrates a stepwise workflow
from the patient presentation with chest pain to the final treatment decision. Coronary computed tomography angiography (CCTA) is
performed and processed through artificial intelligence (Al)-based techniques including AI-QCT for plaque characterization and FFR-
CT for functional assessment. These outputs guide clinical decision making, resulting in either optimized medical therapy or
percutaneous coronary intervention (PCI).

interpretation. Al-based quantitative coronary angiography addresses these limitations by providing
automated, real-time, and highly reproducible assessments of coronary lesions, improving diagnostic
accuracy and guiding interventional strategies with greater accuracy"”.

Al-driven automated coronary lesion analysis

Automated quantitative coronary angiography (AI-QCA) employs DL algorithms trained on large
angiographic datasets to automate lesion assessment, vessel diameter quantification, and real-time severity
classification. This technology enhances diagnostic precision by detecting subtle morphological features
of atherosclerotic plaques that may be overlooked by operators. Unlike traditional edge-detection
algorithms, DL-based AI continuously refines its analysis, improving lesion characterization and reducing
observer variability.

Recent advancements have demonstrated that AI-QCA significantly improves coronary lesion assessment,
particularly in coronary tree segmentation, stenosis measurement, and pathology detection (e.g., thrombi,
dissections). A notable example is DeepDiscern, which achieved an 87.6% accuracy in recognizing coronary
pathologies'™. Moreover, AI-QCA has been validated in prospective studies, such as the FLASH study™,
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which demonstrated its noninferiority to OCT-guided PCI in post-procedure stent optimization. Among
395 randomized patients, AI-QCA-assisted PCI achieved a post-PCI minimum stent area (MSA) of
6.3 + 2.2 mm’, comparable to 6.2 + 2.2 mm® in the OCT group, with no significant differences in stent
expansion or procedural complications.

Despite its potential, AI-QCA still presents limitations compared to intravascular imaging techniques such
as OCT and IVUS. In the FLASH study, stent malapposition was observed more frequently in the AI-QCA
group (13.6% vs. 5.6%, P = 0.007), suggesting that while AI-QCA provides rapid and automated lesion
evaluation, it may not yet fully replace high-resolution intravascular imaging for post-stent optimization.
Additionally, validation studies comparing AI-QCA to IVUS and manual QCA have shown moderate to
strong correlations in reference vessel areas and minimal lumen area but weaker agreement in lesion length
and stenosis severity assessment, likely due to geographic mismatch in lesion margins. AI-QCA also tends
to underestimate lesion length, particularly in cases of diffuse atherosclerosis, although refining proximal
and distal lesion definitions can improve accuracy"’.

Beyond lesion quantification, Al-based models are being developed to analyze complex angiographic
patterns and predict plaque morphology, integrating radiomic features to differentiate stable from
vulnerable plaques'".

Furthermore, AI-QCA is advancing toward a more integrative approach by incorporating vessel geometry
parameters, such as curvature and eccentricity, which influence hemodynamic stress and plaque
vulnerability. This additional layer of analysis enhances lesion characterization beyond traditional diameter
stenosis assessment, potentially refining decision making for percutaneous coronary interventions (PCI)"*.

Al-powered functional assessment in angiography

Beyond lesion quantification, Al-based models are being developed to analyze complex angiographic
patterns and predict plaque morphology, integrating radiomic features to differentiate stable from
vulnerable plaques”. At the same time, Al is broadening the diagnostic role of invasive coronary
angiography beyond coronary lesion assessment. The AI-ENCODE study demonstrated that AI can extract
functional and hemodynamic parameters directly from routine angiograms, including left ventricular
ejection fraction (LVEF), diastolic dysfunction (LVDD), right ventricular dysfunction, and cardiac index
(CI), with high predictive accuracy (AUC: 0.87, 0.87, 0.78, and 0.74, respectively)"®.

Additionally, Al-based fractional AI-FFR could support physiological lesion assessment by integrating
coronary flow dynamics and computational hemodynamics. Recent models achieve 91% sensitivity, 95%
specificity, and an overall accuracy of 94%, enabling near-instantaneous FFR calculation from angiographic
videos in under 40 seconds with minimal manual input, facilitating routine clinical adoption"”. In a study
by Omori et al., Al-based angioFFR software trained on > 27,000 synthetic coronary geometries
demonstrated 87.7% accuracy (95%ClI: 83.1%-91.5%) and 94.3% specificity in detecting hemodynamically
significant stenosis compared to invasive FFR".

A further advancement is FFRangio, an Al-based technology that calculates FFR directly from angiograms,
eliminating the need for pressure wires or pharmacological hyperemia. A two-center study involving 536
patients undergoing coronary angiography showed that 91.8% received treatment aligned with FFRangio
values, with 1-year MACE rates of 2.5% (deferral) and 4.1% (PCI) - comparable to invasive FFR outcomes.
This approach streamlines workflow, reduces contrast load, and enhances real-time decision making in the
cath lab™!. However, clinical evidence on QFR-based techniques such as FFRangio remains mixed. The
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FAVOR III China trial*”’ demonstrated a significant reduction in adverse cardiovascular events using QFR
guidance compared to standard angiography, whereas the FAVOR III Europe study™’ failed to show
noninferiority of QFR vs. pressure wire-based FFR, raising concerns about its generalizability in Western
populations. These contrasting results highlight the need for further validation in diverse clinical settings.

Real-time Al integration for procedural optimization and in predicting revascularization needs
Al-powered fluoroscopy tracking reduces radiation exposure while refining operator precision, shortening

[42]

procedural times, and lowering contrast use, particularly in complex anatomies

By providing real-time vessel tracking, AI-enhanced imaging facilitates more accurate catheter positioning,
improving navigation through lesions and optimizing device deployment. A study by Yang et al.
demonstrated that DL-based models effectively identified and segmented major coronary vessels in
angiographic images, achieving an average segmentation accuracy (F1 score) of 0.917"). Notably, 93.7% of
analyzed images surpassed an F1 score of 0.8, reflecting a high level of precision in vessel delineation,
enhancing QCA diagnostics and streamlining procedural workflows while maintaining accuracy™**".

Beyond imaging enhancements, Al-driven procedural guidance is reshaping coronary stenting by refining
lesion assessment, vessel sizing, and real-time stent placement strategies. Dynamic Coronary Roadmap
(DCR) technology, although not fully AI-driven, enhances coronary visualization through automated real-
time vessel tracking, further optimizing procedural workflow while minimizing contrast and radiation

[45,46]

exposure

Early studies highlighted the potential of AI-OCT in PCI, demonstrating improved procedural decision
making and a more precise assessment of stent expansion. Findings suggested AI-driven guidance could
optimize stent deployment by identifying underexpansion risks and procedural factors"***”. More recently,
Sibbald et al. reinforced these results, reporting that the Ultreon AI-OCT system led to a 2.83-fold
improvement in stent sizing accuracy (P < 0.001) and significantly reduced OCT interpretation time, further
validating AT’s role in standardizing PCI workflows and improving efficiency"**.

Advancements in Al-driven procedural guidance now integrate augmented reality (AR), real-time catheter
tracking, and mixed reality (MR) holographic imaging, enhancing visualization and precision'*”. AR-based
holographic projections are emerging as tools to optimize catheter manipulation, while MR imaging, as
demonstrated by Tsai et al., enables real-time 3D measurements with high accuracy, refining surgical and
interventional planning™. Additionally, Al-powered dynamic coronary roadmapping, leveraging Bayesian
filtering for catheter tip tracking in fluoroscopy, improves intraoperative navigation by compensating for
motion and reducing contrast use during PCI"".

FUTURE PERSPECTIVES AND LIMITATIONS OF Al IN CLINICAL CARDIOLOGY

While artificial intelligence is steadily transforming interventional cardiology, its clinical adoption still faces
significant, real-world challenges. Beyond the technical progress, translating AI innovations into routine
practice requires navigating a complex landscape of ethical concerns, regulatory frameworks, and clinical
integration hurdles. These elements are often underemphasized but crucial for ensuring that innovation
translates into impact.

One rapidly evolving area is AI-powered ECG monitoring through wearable devices. These tools, supported
by DL algorithms, enable earlier detection of ischemic events and arrhythmic complications - particularly
relevant in the context of PCI. They promise faster clinical decision making and better procedural
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Figure 3. Traditional vs.Al-Assisted Interventional Cardiology. Comparison between a conventional approach - based on physical
examination, paper-based tools, and manual decision making - and a modern Al-supported workflow integrating imaging analysis,
automated risk scoring, and robotic-assisted PCl (Percutaneous Coronary Intervention).

planning”®>**). Similarly, Al-based clinical decision support systems (CDSS) are finding space in the post-PCI
setting, where they can support drug titration, patient monitoring, and risk-based therapeutic decisions by

integrating real-time, multimodal data®***.

However, trust remains a key ingredient for the clinical uptake of these systems. This is where explainable
AT (XAI) comes into play. Techniques such as SHAP and LIME are increasingly used to make model
predictions interpretable and transparent to clinicians - an essential step for real-life adoption, especially in

56,57]

high-stakes domains like coronary artery disease management™*".

The use of Al in robotic-assisted PCI (R-PCI) is another promising, yet complex frontier. While robotic
platforms such as CorPath GRX and R-One have already demonstrated improvements in procedural
precision and radiation safety, challenges persist. High costs, prolonged procedure times, and the need for
specialized training currently limit broader uptake”**). Encouragingly, the integration of Al into robotic
platforms - through decision algorithms, adaptive learning, and automated wiring techniques - could
support the shift toward more consistent and reproducible interventions, even in complex lesion subsets.
Further forward, augmented and virtual reality platforms are being explored for training and procedural
simulation, while Al-enhanced AI-QCA is showing potential in automated lesion assessment. However,
both these areas require stronger validation before achieving widespread clinical credibility!****).

A structured overview of current applications, benefits, and limitations is presented in Table 1. Still, perhaps
the most critical barrier to meaningful AT integration is algorithmic bias. AI models are often trained on
datasets that do not adequately reflect real-world diversity. This poses risks - particularly for women,
minorities, and socioeconomically disadvantaged patients - whose disease presentations or access to care
may differ from the populations used to build predictive models® ..

As a result, Al tools may inadvertently perpetuate or even amplify disparities in cardiovascular care. Bias
can be introduced at any phase: data collection, algorithm design, testing, and deployment. The
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Table 1. Summary of Al Applications in Interventional Cardiology: Functions, Advantages, and Limitations

Al application Primary function Key advantages Limitations References

Al-QCT Plague characterization, risk Reduces interobserver variability, High computational demand, [71213,171
stratification improves plague quantification requires standardization

FFR-CT Functional assessment of stenosis Improves ischemia detection, refines  Moderate specificity in high [15,18,19,21]

PCl decision making calcified burden cases

Al-QCA Automated lesion quantification ~ Enhances reproducibility, reduces Lesion length estimation [30,32,33,35]
and assessment procedural variability challenges, stent malapposition

Al-FFR Noninvasive physiological lesion  Fast, real-time FFR estimation without Potential variability in real-world ~ [39-42]
assessment invasive measures datasets

AlI-OCT Stent optimization, procedural Increases accuracy of stent Dependent on imaging quality, [46-48,50]
guidance placement, reduces complications limited adoption

Al in robotics Precision in catheter-based Reduces radiation exposure, improves High cost, longer procedure times, [58,60-62]

(R-PCDH interventions, tele-stenting procedural ergonomics limited accessibility

Al for risk Predictive analytics for MACE and Personalized risk assessment, Algorithmic bias, need for large [26-29]

stratification long-term prognosis integrates multimodal data validated datasets

This table summarizes key Al applications in interventional cardiology, highlighting their primary functions, advantages, and limitations. Al-driven
tools improve diagnostic precision, procedural guidance, and risk assessment in CAD and PCI. References indicate supporting studies. AI-QCT:
Artificial intelligence quantitative computed tomography; FFR-CT: fractional flow reserve computed tomography; Al-QCA: artificial intelligence
quantitative coronary angiography; Al-FFR: artificial intelligence fractional flow reserve; AlI-OCT: artificial intelligence optical coherence
tomography; R-PCl: robotic-assisted percutaneous coronary intervention; MACE: major adverse cardiovascular events.

consequences are not merely academic - misclassifications, inaccurate risk estimations, or flawed treatment
suggestions can have real and potentially harmful clinical outcomes™””". Improving dataset quality, ensuring
transparency in model training, and embedding fairness checks should become standard practice.

Figure 3 illustrates the clinical shift from a traditional, experience-based approach to an Al-assisted model
incorporating imaging analysis, scoring, and PCI optimization.

CONCLUSION

Artificial intelligence is rapidly evolving from an adjunctive tool to a central component in the management
of coronary artery disease. By integrating imaging, physiological, and clinical data, Al enhances diagnostic
precision, procedural planning, and personalized risk stratification. Technologies such as AI-QCA, FFR-CT,
and Al-guided robotics are reshaping interventional strategies, while novel biomarkers and ML models
refine outcome prediction. Despite these advances, challenges remain: data standardization, algorithm
transparency, clinical integration, and ethical oversight are crucial for responsible implementation. Going
forward, AT’s true impact will depend not only on innovation, but on validation, equity, and seamless
adoption into routine cardiovascular care.
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