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Abstract

With population aging and the rising incidence of cardiac disease, interventional
cardiology, as a cornerstone of treatment for conditions such as coronary and structural
heart disease, faces persistent challenges, including stringent precision requirements,
heavy reliance on operator experience, and variability in diagnostic and therapeutic
efficiency. With robust capabilities in data mining, image recognition, real-time analysis,
and predictive modeling, artificial intelligence (Al) offers a novel pathway to address the
aforementioned challenges and support the intelligent transformation of interventional
cardiology. This narrative review briefly outlines the background to the application of Al in
interventional cardiology, focuses on core supporting technologies including deep learning,
machine learning, and computer vision, and summarizes current research and clinical
applications of Al across preprocedural risk assessment and planning, intraprocedural real-
time navigation and early warning of complications, and postprocedural follow-up and
prognosis prediction. It also analyzes the principal challenges currently facing Al in this
field, such as data quality and security issues, insufficient algorithm interpretability,
barriers to clinical translation, and constraints from ethical and regulatory frameworks.
Finally, in light of technological advances and clinical needs, this review outlines future
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directions, including the integration of Al with interventional devices, multimodal data integration and modeling, and
the development of personalized interventional strategies, thereby providing a reference for promoting the
standardized and large-scale application of Al technology in interventional cardiology.

INTRODUCTION

Cardiac disease remains a leading global cause of morbidity and mortality, imposing an enormous burden on
healthcare systems worldwide!”, and interventional cardiology - a cardiovascular subspecialty focused on
catheter-based treatment - has become indispensable in its management, evolving from simple balloon
angioplasties to advanced procedures such as percutaneous coronary intervention (PCI) and transcatheter
aortic valve replacement (TAVR) that significantly improve patient outcomes'?.

However, traditional interventional cardiology practice still faces considerable challenges: the anatomical
complexity of the heart, such as chronic total occlusions and bifurcation lesions, poses great technical
difficulties™; individual differences in patients’ physiology and genetic makeup limit the applicability of
standardized treatment protocols™*; TAVR is now established for appropriately selected patients, although
the durability of contemporary devices in younger populations and lifetime valve-management strategies
require continued evaluation. Transcatheter mitral valve replacement remains an evolving therapy for
selected anatomies, whereas transcatheter tricuspid interventions, including replacement, are now available
for selected high-risk patients but require longer-term comparative evidence'; endoleaks and aneurysm
expansion persist in peripheral endovascular therapies; and the uneven global distribution of specialized
interventional care, exacerbated by shortages of trained specialists, leads to geographical disparities.

The emergence of artificial intelligence (AI) and machine learning has created new opportunities in
healthcare, with the ability to process large volumes of data, identify subtle patterns, and generate actionable
insights, showing great potential in optimizing diagnosis, treatment planning, and risk stratification in
interventional cardiology'.

This review aims to comprehensively explore the integration of Al in interventional cardiology, including its
current applications, challenges, and future directions [Figure 1]. Structurally, it will first analyze the current
status of Al application in interventional cardiology, then discuss existing limitations, and finally outline
future development trends to inform clinical practice and research.

CLINICALLY RELEVANT Al APPROACHES IN INTERVENTIONAL CARDIOLOGY

Rather than providing an extensive description of algorithmic mechanisms, this section briefly introduces
the artificial intelligence approaches most relevant to clinical workflows in interventional cardiology. Their
specific applications and supporting clinical evidence are discussed according to the preprocedural,
intraprocedural, and postprocedural stages in the following sections and are summarized in Table 1.

Machine learning and deep learning for clinical prediction and decision support

Machine learning (ML) and deep learning (DL) enable quantitative analysis of clinical, imaging, and
procedural data””. Conventional ML remains useful for structured variables and moderately sized datasets'®,
whereas DL is particularly suitable for complex imaging data"*’. These approaches are increasingly used
across interventional cardiology workflows!"", including preprocedural risk stratification, lesion and plaque
characterization, non-invasive hemodynamic assessment, procedural planning, complication prediction, and
postprocedural outcome assessment. Their clinical value depends not only on predictive accuracy but also on
representative training data, external validation, model calibration, and integration into physician-led
decision-making.
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Figure 1. Schematic of Core Technical Foundations and Clinical Applications of Al in Cardiac Interventional Procedures. ML: Machine
learning; DL: deep learning; CNN: convolutional neural network; RL: reinforcement learning; NLP: natural language processing; Al: artificial

intelligence.

Table 1. Representative clinical studies of machine learning and deep learning for preprocedural evaluation and decision support in

interventional cardiology

Main performance or clinical

Application Al method Dataset and study design finding References
Non-invasive functional Retrospective multicenter zg-\r/]zssi?cl jctiﬁr'aoc'g?nz; E)s\:;?jaft:ce);:
assessment of coronary Supervised ML-based cohort; 74 patients and 91 665 with CCTA a|¥>ne ?o 85% after CT- [18]
stenosis using CCTA-derived CT-FFR computation vessels; invasive FFR used as ° R N
FFR; mean processing time, 16.4 + 7.5
FFR reference .
min
. . . . Low-yield ICA was reduced versus
CT-FFR-guided management o . ~ Six-center randomized trial; o o p<
of stable CAD (TARGET On-site ML-based CT- 3 514 tients with 30%-909  Standard care (28.3% vs. 46.2%, P [19]
. FFR . 0.007); revascularization increased,
trial) stenosis on CCTA L
whereas 1-year MACE was similar
Algorithm validation: 105
Automated coronary calcium  Support vector classifier IVUS pullbacks from three Testing accuracy was 0.87-0.89 across
. . ; R imaging systems; prognostic  three systems; an automated IVUS
detection and risk applied to individual ‘ : . . S . . [20,21]
stratification using IVUS IVUS A-lines cohort: 408 patients with calcium score 2 85 was associated with
approximately 6-year follow-  POCE (adjusted HR, 1.51)
up
Prediction of OCT-defined é\a,\‘,:;i\s/i?, azgn:zlt\:e- 517 patients; 414 training and ~ Five-fold cross-validation AUCs: ANN
TCEA e e B )" 103test lesions; 40,908 co-  0.80+0.08, SVM 0.74+0.05, naive  [22]
IVUS features registered IVUS-OCT frames  Bayes 0.77 £ 0.04
Automated TCFA FNN, KNN, random Lzs'iizi'cxii I?:fiis 'gbCeT'ed AUCs: FNN 0.859, KNN 0.848, random -,
classification from IVUS forest, and CNN imagges P g forest 0.844, CNN 0.911
509 OCT pullbacks from 391 External diagnostic accuracy was
Automated characterization Pseudo-3D encoder- patients; 10,517 training and 97.6% for fibrous plaque, 90.5% for
of coronary plaque decoder deep CNN 1,156 testing cross-sections; lipid plague, and 88.5% for calcium; [26]
composition using OCT P external validation on 300 median analysis time, 21.4 s per
cross-sections pullback
Automated coro‘nary— Two-stage DNN Single-center retrospective Segmeﬁt—rgcogmtnon accuracy was
segment and lesion- . ; 98.4%; lesion-morphology F1scores
- architecture dataset; 20,612 angiograms ) [31]
morphology recognition from . . ranged from 0.802 to 0.854;
. (DeepDiscern) from 10,073 patients . .
angiography processing required < 2's
13,843 angiographic studies
Fully automated coronary Sequential task-specific ~ comprising 195,195 videos AUC for detecting = 70% stenosis was
angiography interpretation deep neural networks from 11,972 patients; 0.862 internally and 0.869 in external [30]

and stenosis estimation

(CathAl)

additional external validation
cohorts

validation

Al: Artificial intelligence; ANN: artificial neural network; AUC: area under the receiver operating characteristic curve; CAD: coronary artery disease;
CCTA: coronary computed tomography angiography; CNN: convolutional neural network; CT-FFR: computed tomography-derived fractional flow
reserve; DNN: deep neural network; FFR: fractional flow reserve; FNN: feed-forward neural network; HR: hazard ratio; ICA: invasive coronary
angiography; IVUS: intravascular ultrasound; KNN: k-nearest neighbor; MACE: major adverse cardiovascular events; ML: machine learning; OCT:
optical coherence tomography; POCE: patient-oriented composite endpoint; SVM: support vector machine; TARGET: CT-FFR-guided management
of stable CAD; TCFA: thin-cap fibroatheroma.
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Al-based cardiovascular image analysis

Medical imaging represents one of the most mature applications of Al in interventional cardiology"".
Convolutional neural networks are widely used for automated image segmentation and characterization!?,
while attention-based architectures provide complementary capabilities for complex medical image
analysis!"’!. Across coronary computed tomography angiography (CCTA), coronary angiography,
intravascular ultrasound (IVUS), and optical coherence tomography (OCT), these models can identify
stenoses, characterize plaque composition, quantify calcification, and recognize relevant anatomical or
procedural features. These functions may shorten interpretation time, reduce interobserver variability, and
provide standardized quantitative information for treatment planning. Nevertheless, performance may
decline in the presence of poor image quality, severe calcification, device-related artifacts, or variations in
imaging equipment and acquisition protocols, emphasizing the importance of multicenter and multi-device
validation.

Natural language processing for clinical data integration

Natural language processing (NLP) can extract clinically relevant information from unstructured electronic
medical records, procedure reports, and follow-up documentation"*. In cardiology, this includes extraction
of clinically meaningful functional-status information from routine documentation!"?. For patients
undergoing cardiovascular interventions, NLP may help identify comorbidities, prior procedures,
complications, medication changes, and follow-up outcomes. By reducing the burden of manual data
abstraction, NLP can support the construction of structured clinical datasets and the integration of textual
information into risk-prediction and decision-support systems. However, differences in documentation
practices and terminology across institutions remain important barriers to reliable clinical implementation.

Reinforcement learning and robotic assistance

Reinforcement learning (RL) is an Al approach in which an agent learns behavior through repeated
interaction with an environment"?. In interventional cardiology, early work has demonstrated RL-based
guidewire navigation in a coronary artery phantom!”. Potential applications include robotic catheter and
guidewire navigation, path planning, force control, and simulation-based procedural training. By learning
from repeated interactions in virtual or experimental environments, RL-based systems may support more
consistent and precise device manipulation, particularly in anatomically complex procedures. However,
current evidence is predominantly derived from simulations, vascular phantoms, and other early-stage
experimental settings. Further validation under realistic clinical conditions is required before autonomous or
semi-autonomous control can be routinely adopted, and interventional physicians should retain oversight of
all safety-critical decisions.

Because the clinical relevance of AI depends more on validated performance and workflow integration than
on algorithmic complexity alone, the following section organizes the available evidence by application across
the interventional care pathway. Figure 2 summarizes this clinically oriented pathway from multimodal data
inputs and curation through AT model development, stage-specific applications, and supervised clinical
translation.

CLINICAL APPLICATIONS OF Al ACROSS THE INTERVENTIONAL CARE PATHWAY
Preprocedural evaluation and clinical decision support

Automated lesion identification and imaging-based risk stratification are central to preprocedural
assessment. The integration of multimodal imaging technologies such as CCTA, IVUS, and OCT with AI
algorithms provides robust support for precise risk stratification. Studies have demonstrated that machine
learning algorithms applied to CCTA data can estimate fractional flow reserve (FFR) non-invasively,
supporting functional assessment of coronary stenoses and potentially reducing unnecessary invasive



Li et al. Vessel Plus. 2026;10:56 Page 5 of 15

ULTIM INPUTS DATA CURATION Al APPROACHES CLINICAL APPLICATIONS CLINICAL TRANSLATION
: | PREPROCEDURAL
CCTA .

External &
Multicenter Validation

=

Quality Control

lachine Learning Lesion &
& Harmonization & Deep Learning ‘ Plaque Characterization

CCTA-derived CT-FFR,
|I Risk Stratification
ol & Procedural Planning

i Explainability
Angiography r a & Calibration
@ Computer Vision | INTRAPROCEDURAL
Preprocessing CNN / Transformer
sEe Real-time Navigation
» - - v(A & Robotic Assistance ‘ B
IVUS / OCT Physician-led

Decision-Making

Privacy, Bias &
Regulatory Oversight

Stent Assessment &

TV ent
Reinforcement ...,.,‘A‘) Outcome Prediction

Multimodal Learning
Integration é i & Robotic o
¢ Assistance JlL N Remote Monitoring &

Personalized Follow-up

N J \. J N J N J N J

Procedural
Data Post-deployment

Monitoring

@®> P L@

=
=
v

=
oo
oo o0
oo

QFR-based Physiology

N A sed .
Annotation Natural Language \ & Complication Warning
Processing
BHR ] POSTPROCEDURAL

Figure 2. Clinically oriented workflow of artificial intelligence in interventional cardiology. Multimodal imaging, clinical, and procedural data
are curated and analyzed using machine learning, deep learning, computer vision, natural language processing, and reinforcement learning.
Representative applications include CCTA-derived CT-FFR for preprocedural functional assessment, IVUS/OCT image analysis, lesion and
plaque characterization, procedural planning, angiography-derived QFR, intraprocedural navigation and complication warning, and
postprocedural stent assessment, outcome prediction, and remote follow-up. Clinical translation requires external validation, calibration,
explainability, physician-led decision-making, regulatory oversight, and post-deployment monitoring. Al: Artificial intelligence; CCTA:
coronary computed tomography angiography; CNN: convolutional neural network; EHR: electronic health record; IVUS: intravascular
ultrasound; OCT: optical coherence tomography; QFR: quantitative flow ratio; CT-FFR: computed tomography-derived fractional flow
reserve.

evaluation""®"”). For IVUS image analysis, an algorithm developed in 2020 automatically detected and
quantitatively assessed coronary calcification, with a validation accuracy exceeding 0.87 across three different
IVUS systems. Notably, the calculated calcium index showed a significant correlation with adverse
cardiovascular events during approximately 6 years of follow-up*'. Two related studies have respectively
utilized IVUS data to train machine learning models for predicting coronary thin-cap fibroatheromas and to
achieve automatic detection of vulnerable plaques in IVUS images*>**. Additionally, a classification-based
approach has been proposed to automatically identify the media-adventitia border in IVUS images and
rapidly compute key vascular parameters*”. A 2022 study combined near-infrared spectroscopy with IVUS
imaging to classify atherosclerotic tissue components using machine learning, with validation through
histology™. For OCT imaging, software developed from OCT data from 391 patients achieved diagnostic
accuracies of 97.6%, 90.5%, and 88.5% for fibrous plaques, lipid plaques, and calcifications, respectively, with
a median analysis time of 21.4 seconds per pullback”. Using optical frequency domain imaging (OFDI), a
frequency-domain form of intravascular OCT, a deep-learning model achieved validation and test F-scores
of 0.63 and 0.66 and intersection-over-union values of 0.49 and 0.52, respectively; section-level areas under
the receiver operating characteristic curves (AUCs) ranged from 0.85 to 0.91 across four histological plaque
categories”””. A multimodule algorithm achieved a precision of 88.84% and a recall of 95.02% for the
detection of “unstable” atherosclerotic plaques®, while multi-view contour-constrained Transformer
networks, incorporating both polar and Cartesian coordinate OCT images, have further improved the
recognition performance of thin-cap fibroatheromas.

Al-assisted diagnostic systems have shown remarkable advantages in diagnosing coronary heart disease,
structural heart disease, and other cardiovascular conditions. In the field of coronary heart disease diagnosis,
the developed CathAI system achieves fully automated interpretation of coronary angiography based on
neural networks, encompassing coronary artery identification, vascular segmentation, stenosis localization,
and severity prediction”. A constructed deep learning architecture integrates coronary segmentation and
lesion morphology detection functions, boasting a lesion recognition accuracy of 98.4% and F1 scores
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ranging from 0.802 to 0.854 for various lesions"*'!. A study proposed an intensity-based multi-level
classification method to analyze coronary plaque features in IVUS images"*?, while two other studies have
achieved automatic classification of atherosclerotic tissue in OCT images®>**.,

Personalized treatment recommendations rely on Al-based integration of multidimensional data, providing
an evidence base for clinical decision-making. A recent study developed a machine-learning framework that
integrates coronary angiography and clinical data to support classification of PCI versus coronary artery
bypass grafting (CABG) treatment decisions in patients with multivessel coronary artery disease; external
validation and prospective outcome evaluation remain necessary*”. Deep-learning analysis of pre-TAVR
computed tomography can automate measurements of the aortic annulus, coronary ostial height, and
calcification and can assist in identifying selected anatomical risk features"”*. For complex lesions, novel
indicators such as the lipid-to-cap ratio and optical flow coefficient derived from OCT data have proven
more effective than traditional parameters in predicting adverse target vessel events”®”). Moreover, the
combination of IVUS and OCT data with random forest algorithms for predicting plaque fibrous cap
thickness index and stress/strain index yields an accuracy exceeding 83.3%""*, providing useful information
to support treatment decision-making in complex lesions.

Representative clinical studies applying machine learning and deep learning to preprocedural evaluation and
decision support in interventional cardiology are summarized in Table 1.

Intraprocedural navigation and real-time guidance

Al-assisted image overlay, segmentation, landmark tracking, and image registration have shown technical
feasibility for supporting intraprocedural visualization. Dynamic coronary roadmapping has reduced
contrast use in selected studies, whereas automated PCI guidance, TAVR landmark tracking, and three-
dimensional registration remain at protocol or technical-validation stages'”**. These approaches should
therefore be described as workflow-support technologies rather than as systems with established clinical
outcome benefit.

Advancements in real-time hemodynamic prediction technologies have improved the efficiency and
accuracy of intraprocedural parameter assessment. The Functional Assessment by Virtual Online
Reconstruction (FAVOR) II Europe-Japan study validated the diagnostic performance of intraprocedurally
derived quantitative flow ratio (QFR) from angiography. The computational QFR approach derives
hemodynamic parameters from angiography to support assessment of whether revascularization is
warranted*”. The Angiography-derived Fractional Flow Reserve versus Intravascular Ultrasound to Guide
Percutaneous Coronary Intervention in Patients with Coronary Artery Disease (FLAVOUR) II study
subsequently evaluated angiography-derived fractional flow reserve (AngioFFR) in clinical practice. This
multicenter, randomized, non-inferiority trial conducted at 22 centers in China demonstrated that 12-month
clinical outcomes of AngioFFR-guided PCI were non-inferior to those of IVUS-guided PCI"“*.. Proposed
mesh neural networks for the special Euclidean group SE(3)-equivariant hemodynamic estimation of the
arterial wall offer a novel approach for blood flow parameter calculation!"”’. In selected settings, these
technologies may avoid pressure-wire instrumentation and adenosine administration while supporting
standardized physiological assessment and reducing operator dependence.

Robotic PCI and Al-enabled device guidance may improve operator ergonomics, reproducibility, and
procedural support; however, evidence supporting Al-controlled intervention in complex coronary lesions
remains limited"**!. Dedicated clinical studies are required before such systems can be considered for
routine use.
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Al-based analysis of imaging data before and during procedures may support risk assessment and procedural
safety. A deep-learning model based on preprocedural IVUS data from 618 patients achieved an area under
the curve of 0.94 for predicting postprocedural stent underexpansion, potentially supporting predeployment
planning'®!. Specific deep learning architectures can detect lesions such as dissections and thrombi in
coronary angiography, with F1 scores ranging from 0.802 to 0.854, facilitating early intraprocedural
identification of complications®'. A convolutional model integrated with pseudo-3D images achieved
automatic detection and segmentation of stent struts in OCT, with a Dice coefficient of 0.907 and a precision
of 0.943, enabling timely detection of issues such as stent malapposition'! and providing support for the
timely adjustment of procedural strategies.

Postprocedural management and prognosis prediction

Al-assisted postprocedural assessment includes outcome prediction and automated analysis of stent
coverage, apposition, and vascular healing. A deep-learning survival model using post-PCI OCT images from
418 patients with acute coronary syndrome predicted target vessel failure. During a median follow-up of 961
days, 60 patients experienced target vessel failure, and the ensemble model achieved a C-index of 0.796""?. A
highly automated intravascular OCT (IVOCT) analysis method classified uncovered stent struts with a
sensitivity of 94%, a specificity of 90%, and an AUC of 0.97"**). Another study developed an automated
method for detecting vascular lumens and stent struts in OCT, enabling effective evaluation of stent
apposition and neointimal coverage'**’. An automated algorithm developed for patients with varying
endothelialization thicknesses and multiple layers of stents achieved a precision of 0.932 + 0.009, supporting
automated assessment of stent status”®*. Additionally, a method for delineating coronary stents in IVUS
pullback images provides technical support for postprocedural stent status assessment*.

Importantly, the follow-up framework, and therefore the translational value, differed across these studies. In
the outcome-prediction study, the median clinical follow-up was 961 days, during which 60 patients
experienced target vessel failure”®”, providing direct time-to-event evidence for prognostic use. The stent-
coverage study analyzed OCT pullbacks acquired 2-5 months after stent implantation**), supporting
automated assessment at an early healing time point. By contrast, the lumen and stent-strut detection study
did not specify a standardized longitudinal follow-up interval and was validated against manual image
interpretation®. The thick-tissue and multilayer stent analysis study used follow-up OCT cases but did not

55]

report the interval from implantation®, while the IVUS stent delineation work was a technical segmentation
study without longitudinal patient follow-up®. Accordingly, only the outcome-prediction model was
directly linked to subsequent clinical events; the remaining models primarily demonstrate feasibility for
scalable follow-up imaging analysis and require prospective external validation with prespecified follow-up

periods before long-term clinical utility can be established.

Although direct evidence in patients after cardiovascular interventions remains limited, AI-driven follow-up
planning and remote monitoring may offer useful approaches to postprocedural management. AI may
support personalized follow-up schemes based on postprocedural risk stratification, including more frequent
imaging review for high-risk patients and longer intervals for low-risk patients, which could improve follow-
up efficiency and resource utilization***"!. Reviews have suggested that natural language processing
technologies can assist Al in analyzing symptom descriptions remotely reported by patients after an
interventional procedure, while large language models such as ChatGPT may support rapid summarization
of follow-up information”®, helping physicians obtain a comprehensive overview of patients’ postprocedural
status.

Evidence from broader heart-failure and digital-health settings suggests that longitudinal physiological data
and machine-learning alerts may support remote monitoring and medication management'***. The
Artificial Intelligence Mobile Health Trial of a Digital Platform to Optimize Guideline-Directed Heart Failure
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Table 2. Challenges and limitations of Al application in interventional cardiology

Category Core challenges and limitations

1. Fragmented data silos and limited integration of multimodal clinical datat®®¢”

2. Selection bias in training datasets and limited generalizability®”¢8

3. Limited high-quality labeled data and time-consuming manual annotation with interobserver
variability©86

Data-related issues

1. Inconsistent performance in complex lesions
Technical and diagnostic limitations 2. Risk of misdiagnosist®’
3. Limited interpretability of “black-box" algorithms'72!

1. Lack of harmonized industry standards!7374
Clinical application barriers 2. Variable clinician acceptance of Al7>7¢]
3. High deployment and maintenance costs that limit broad adoptiont7374

1. Evolving regulatory frameworks for Al medical devices””
Regulatory and ethical risks 2. Risks to patient data security and privacy!’®
3. Unclear allocation of medical liabilityt®?

Al: Artificial intelligence.

Therapy Using Wearable Sensors (AIM-POWER) trial was designed to evaluate a digital intervention for
medication optimization in patients with heart failure with reduced ejection fraction; however, this evidence
should not be interpreted as demonstrating benefit after coronary or structural heart intervention. Dedicated
prospective studies in post-interventional populations are still required.

Broader cardiovascular and digital-health research suggests that AI may support medication adherence and
personalized lifestyle interventions during long-term follow-up. A retrospective modeling preprint explored
how machine-learning algorithms could use laboratory and clinical data to predict adverse drug-related
events and support post-PCI medication planning!®*’. More broadly, Al may support personalized
rehabilitation and lifestyle coaching, although direct evidence demonstrating improved post-interventional
outcomes remains limited'***.

CURRENT CHALLENGES AND LIMITATIONS

Despite the significant progress of Al technology in the field of cardiac intervention, it still faces several
challenges and limitations in clinical application [Table 2]. Specifically, data-related issues such as
fragmented data silos, selection bias in training datasets, and the lack of high-quality labeled data limit model
generalizability® ), while technical limitations include inconsistent performance in complex lesions, risks of
misdiagnosis, and the limited interpretability of “black-box” algorithms”>7?l. Furthermore, clinical
application is hindered by the lack of harmonized industry standards, variable clinician acceptance, and high
deployment costs">”. Finally, evolving regulatory frameworks, risks to patient-data security and privacy, and
the unclear allocation of medical liability pose significant regulatory and ethical risks”*”*.

Data-related issues

Data-related challenges remain a major barrier to the development and application of Al in interventional
cardiology. First, clinical data remain fragmented across isolated systems, and Al platforms often cannot
seamlessly integrate multimodal data from different sources, including preprocedural imaging data,
intraprocedural real-time angiography results, and detailed patient medical history, which limits the
comprehensiveness of input data for Al models™. Second, the training datasets used by most Al systems are
subject to substantial selection bias, as they are mostly derived from large, well-equipped tertiary hospitals
with standardized diagnosis and treatment processes, lacking representative data from primary medical
institutions and diverse populations (such as elderly patients with multiple comorbidities and
underrepresented racial and ethnic groups), leading to poor generalization ability of the models in clinical
deployment™. In addition, high-quality labeled data are extremely scarce; manual labeling of cardiac



Li et al. Vessel Plus. 2026;10:56 Page 9 of 15

intervention images, hemodynamic parameters, and other indicators is not only time-consuming and labor-
intensive but also subject to interobserver variability, which further affects model performance and
diagnostic accuracy'®'. Relevant studies have confirmed that the shortage of high-quality data and
fragmentation across data sources have become important factors hindering the clinical translation of AI in
the field of cardiac intervention.

Technical and diagnostic limitations

Technical limitations may restrict the application of AI algorithms in complex interventional settings. On the
one hand, AT performance may be inconsistent in complex coronary lesions, such as chronic total occlusion
(CTO), severely calcified lesions, and complex multivessel lesions; models may have difficulty identifying the
proximal cap, the course of the occluded segment, and lesion boundaries and may not reliably evaluate the
functional significance of lesions, which may limit their value in guiding clinical interventions. On the other
hand, AI systems may produce erroneous classifications; models developed from limited input modalities
may fail to capture relevant clinical context, increasing the risk of misclassification in atypical or subtle
lesions. In addition, limited interpretability of some “black-box” algorithms remains a concern; the basis for
model-generated diagnostic results and interventional suggestions may be difficult to trace and interpret,
complicating clinicians’ verification of results and accountability for clinical decisions and limiting trust in
Al systems.

Clinical application barriers

Despite its technical advantages, Al still faces practical barriers to clinical implementation and broader
adoption'™. First, there is a lack of unified industry standards and norms for AI systems in the field of
cardiac intervention, including unified technical parameters, standardized performance evaluation criteria
and clear clinical application paths; this leads to uneven quality of AI products on the market, and it is
difficult for clinicians to effectively select and apply Al tools that meet clinical needs. Second, the acceptance
of Al by clinicians varies greatly; some clinicians have doubts about the reliability and stability of AI results
and are reluctant to rely on AI systems to make key clinical intervention decisions, which prevents AI tools
from being fully integrated into clinical workflows. In addition, the deployment and maintenance costs of Al
systems are relatively high; the purchase of equipment, software updates, technical training, and daily
maintenance all require substantial financial and human resources, which limits the broader deployment of
Al in primary medical institutions with limited medical resources, and also affects the equity of the
application of AT technology in interventional cardiology.

Regulatory and ethical risks

Evolving regulatory frameworks and ethical risks remain important barriers to timely clinical translation of
Al technology in interventional cardiology. In terms of regulation, regulatory frameworks for AI medical
devices are not yet fully harmonized; the approval cycle of AI products is long, and regulatory standards may
not fully accommodate the rapid pace of AI development and iteration, which may delay clinical
translation™. In terms of ethics and data security, Al training and clinical application involve large amounts
of patients’ personal health information, and there are risks of data leakage and misuse, which may
compromise patient privacy'®. More importantly, the attribution of medical liability is unclear; when adverse
medical events occur due to Al system errors, it is difficult to clarify the liability among AI developers,
clinicians, and medical institutions, which not only brings legal disputes but also increases the risk of clinical
application of AI technology. Relevant studies have pointed out that improving the regulatory system and
clarifying the ethical norms and liability attribution are important prerequisites for the healthy development
of Al in the field of cardiac intervention.
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FUTURE DEVELOPMENT DIRECTIONS AND OUTLOOK

The future development of artificial intelligence in cardiovascular intervention is likely to involve
multidimensional integration and systematic innovation. Multimodal integrated AI, which synthesizes
vascular imaging, genomics, clinical data, and dynamic information from wearable devices, may support
personalized diagnostic and therapeutic decision-making systems".. The real-time application of edge
computing and embedded Al in catheterization laboratories is expected to enable low-latency
intraprocedural navigation and early risk detection, thereby enhancing procedural precision and safety'*.
The use of generative Al and large language models in case simulation and physician training may reshape
interventional medical education, while the continued development of human-machine collaborative
systems may improve procedural standardization while maintaining clinician oversight*”. Furthermore, the
establishment of standardized cardiovascular Al datasets and open-source platforms, along with the
formulation of clinical guidelines and healthcare policies for Al-assisted diagnosis and treatment, may
provide institutional support for the scalable development of this field*. Together, these directions point
toward a transition in cardiovascular intervention from digital assistance to intelligent integration.

Future clinical translation must also be aligned with evolving international governance frameworks. World
Health Organization (WHO) guidance for large multimodal models emphasizes transparency, stakeholder
participation, independent post-deployment auditing, and impact assessment'™”’, while the European Union
(EU) Artificial Intelligence Act imposes risk-management, human-oversight, and post-market-monitoring
obligations on qualifying high-risk medical AT systems!*. Medical testing of prominent large language
models, including ChatGPT and DeepSeek, should move beyond general-purpose benchmarks toward
specialty-specific clinical evaluation. In a recent comparative study, DeepSeek-R1 was comparable to
ChatGPT-o1 for several diagnostic and management tasks but performed less well in imaging-report
summarization'®’. These task-dependent findings support external validation, prospective multicenter
evaluation, and continuous performance monitoring before such models are used in cardiovascular
intervention, with clinicians retaining final responsibility.

CONCLUSION

Artificial intelligence technology has made substantial advances in the field of cardiovascular intervention,
with its application spanning the entire clinical workflow from preprocedural evaluation through
intraprocedural assistance to postprocedural management, providing innovative solutions to address long-
standing challenges in traditional interventional practice"”’. From a technical perspective, synergistic
advancements in machine learning, deep learning, and medical image processing have enabled precise lesion
identification, non-invasive hemodynamic assessment, and Al-assisted procedural guidance. Some
cardiovascular Al tools have entered regulatory review or clinical evaluation, but their indications,
jurisdictions, and levels of clinical validation vary substantially™. Particularly for extending high-quality care
to primary healthcare settings and training junior interventionalists, Al may offer meaningful potential.

Nevertheless, persistent challenges - including inconsistent data quality and annotation standards,
insufficient model interpretability, lagging regulatory and ethical frameworks, and difficulties in clinical
integration - remain critical barriers to the widespread adoption of Al in cardiovascular intervention'").
Addressing these issues cannot be accomplished by any single discipline alone. It requires close
interdisciplinary collaboration among clinical medicine, computer science, bioinformatics, and health policy,
aiming to establish standardized data platforms, develop explainable AI algorithms, and refine regulatory
and ethical frameworks to promote the seamless integration of technology and clinical practice.

Looking ahead, with the iterative advancement of technologies such as multimodal AI, embedded edge-
computing systems, and generative large language models, alongside the gradual refinement of standardized
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guidelines and healthcare reimbursement policies, Al is poised to evolve from an “assistive tool” toward an
integrated component of cardiovascular intervention, contributing to the establishment of a precise, efficient,
and accessible model of intelligent interventional care. Only by maintaining a clinically driven approach,
strengthening multicenter collaborative validation, and balancing technological innovation with medical
safety can we realize the sustainable integration of Al in cardiovascular intervention, ultimately delivering
higher-quality care to patients with cardiovascular diseases worldwide.
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