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ABSTRACT

Coronary artery disease (CAD) remains the leading cause of death worldwide, yet the
landscape is rapidly evolving as artificial intelligence (Al) is increasingly applied to its
detection, diagnosis, and management. This review surveys the expanding role of Al
across the full spectrum of CAD care. In screening, deep-learning electrocardiography and
electronic health record-based digital markers enable earlier identification of clinically
significant disease. In noninvasive imaging, Al-driven coronary computed tomography
angiography automates calcium scoring, derives fractional flow reserve without invasive
wires, and quantifies high-risk plaque features that predict incident adverse events. Within
the cardiac catheterization laboratory, angiography-derived physiologic assessment and
Al-guided intravascular imaging segmentation support real-time procedural decision-
making. Beyond diagnosis, machine-learning models integrating multimodality imaging
data improve risk stratification over conventional clinical scores, while pharmacogenomic
algorithms and wearable-based digital rehabilitation platforms enable patient-centric
secondary prevention. Despite this progress, significant challenges persist, including
limited evidence from randomized trials, algorithmic bias in underrepresented populations,
regulatory uncertainty surrounding software-as-a-medical-device frameworks, and
the risk of clinician de-skilling. Al has the potential to act as a collaborative tool that
augments—rather than replaces—physician judgment. Future directions include
foundation models, multiomics integration, agentic Al workflows, and equity-centered
deployment strategies to ensure that Al-driven advances benefit all individuals with CAD.
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INTRODUCTION

Coronary artery disease (CAD) remains the leading cause
of death globally and in the United States (US), accounting
for ~9.44 million deaths worldwide annually.! Global
CAD prevalence continues to rise with population growth
and aging, and low- to middle-income countries bear a
disproportionate share of the burden. The Prospective
Urban Rural Epidemiology study demonstrated that despite
fewer cardiovascular risk factors, low-income countries
experience 4-fold higher cardiovascular mortality than
high-income countries, largely due to limited diagnostic
and treatment access.” In the US, persistent racial and
socioeconomic disparities in CAD outcomes underscore
the need for more equitable diagnostic and management
strategies.’ These gaps highlight the potential of artificial
intelligence (AI) to expand access to early detection,
accurate diagnosis, and individualized CAD management.
For instance, Al enables earlier detection of subclinical
atherosclerosis, provides novel noninvasive cardiac imaging
insights, assists with cardiac catheterization laboratory
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(CCL) procedural guidance, and supports individualized
management strategies. The emerging paradigm envisions
Al as a continuous collaborative partner, enabling real-time
tracking of disease development and creating opportunities
for timely intervention before irreversible damage occurs.*
This review synthesizes current evidence for Al applications
across the CAD care continuum: screening and early
detection, noninvasive diagnostic imaging,
assessment and procedural guidance, risk stratification
and prognostication, precision therapeutics and secondary
prevention, and cross-cutting challenges and future
directions that will determine clinical adoption (Figure 1).°

A structured literature search was conducted across
PubMed, Embase, and IEEE Xplore through June 2026 using
terms combining artificial intelligence, machine learning,
and deep learning with coronary artery disease and its
diagnostic and therapeutic subdomains. Priority was given
to randomized trials, large registries, meta-analyses, and
society statements; selected single-center studies were
included when they represented novel applications without
higher-level evidence.

invasive

Figure 1 Al as a continuous collaborative partner across the CAD trajectory. A five-stage framework illustrates how Al intercepts disease
progression at each phase: from risk identification and screening in healthy individuals, through subclinical disease detection, functional
assessment and targeted treatment in established CAD, Al-guided acute management, to personalized secondary prevention, enabling
timely intervention before irreversible damage occurs. A color-coded maturity legend indicates the current evidence level for each
stage: yellow (retrospective registry or observational evidence), green (prospective/RCT evidence available), and red (investigational/
proof-of-concept only). This framework is conceptual and aspirational; continuous real-time AI monitoring across all stages has not yet
been clinically validated. Originally created with BioRender.com.> Al: artificial intelligence; CAD: coronary artery disease; RCT: randomized

controlled trial


https://BioRender.com
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The Al tools driving these advances span a hierarchy of
techniques. Machine learning (ML) algorithms recognize
patterns in structured and unstructured datasets to
generate predictions. Deep learning (DL), a subset of ML,
employs multilayered neural networks to extract features
from complex data such as medical images. Natural
language processing and large language models (LLMs)
enable interpretation of clinical text, including the extensive
clinical data stored in electronic health records (EHRs).°

AI-ECG FOR EARLY DETECTION
AND SCREENING

The 12-lead electrocardiogram (ECG) is widely available,
yet conventional ECG interpretation lacks the sensitivity to
detect stable CAD.”# However, DL models can now extract
subclinical signatures of coronary atherosclerosis from ECG
waveforms that are invisible to expert readers, potentially
transforming a routine test into a screening tool for occult
disease.”®

Several models have demonstrated this capability. For
example, a Taiwanese model detected = 50% coronary
artery stenosis by angiography with an area under the
receiver operating characteristic curve (AUC/AUROC) of
0.70, improving to 0.72 when combined with cardiovascular
risk factors.” An Indian ensemble of three AI-ECG models—
detecting elevated coronary artery calcium (CAC, AUROC
0.88), obstructive CAD (AUROC 0.85), and regional wall
motion abnormalities (AUROC 0.94; internally validated)—
provided additive risk stratification beyond the pooled
cohort equations. For example, the hazard ratio for acute
coronary events was 11.75 in individuals testing positive on
all three models.? The ECG2CAD model, externally validated
inthe UK Biobank, achieved AUROCs of 0.747 to 0.782 across
three test sets, with the high-risk group showing a 5.59-fold
increased risk formyocardialinfarction (MI) compared to the
low-risk group.® Notably, saliency analyses identified QRS
amplitudes and P-wave morphology as key discriminators
of occult CAD.” Most recently, Leasure et al. reported
an AI-ECG model achieving an AUC of 0.914 in internal
validation for predicting clinically significant CAD (= 70%
stenosis or > 50% left main stenosis) from a standard 12-
lead ECG, although the specific ECG features driving model
predictions were not reported.’® Furthermore, integrated
AI-ECG models can predict progression from stable CAD
to acute coronary syndrome (AUC 0.953), identifying high-
risk outpatients.'!? Collectively, these studies suggest that
AI-ECG could serve as a low-cost, scalable adjunct for CAD
detection and risk prediction. However, the pooled AI-ECG
evidence mixes heterogeneous reference standards, and
nearly all models derive from referred or angiographically
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enriched cohorts, introducing spectrum and referral bias.
At population-level CAD prevalence, positive predictive
value would fall substantially. Prospective validation in
unselected populations with calibration and net-benefit
assessment is needed before screening deployment.

ELECTRONIC HEALTH RECORDS (EHRs)-BASED
DIGITAL MARKERS

Beyond waveform data, ML applied to structured EHR
data can generate continuous digital biomarkers of CAD
risk. Forrest et al. developed ISCAD (in-silico CAD), an
ML-derived continuous marker generated from EHR data
that predicted CAD with an AUROC of 0.95 in internal and
0.91 in external validation (UK Biobank).** A predecessor
model improved 1-year CAD prediction by 12% over
the pooled cohort equations and reclassified 25.8% of
individuals, with the greatest gains among those classified
as low risk.** More broadly, ML approaches applied to
EHR data have consistently outperformed traditional risk
calculators, although challenges in data standardization
and prospective validation persist.®

AI IN NONINVASIVE CARDIAC IMAGING

Noninvasive cardiac imaging has been the primary
gateway to CAD diagnosis, and Al is enhancing every
major modality, from automated calcium quantification
and computed tomography (CT)-derived physiology to
atherosclerotic plaque characterization, echocardiography,
and myocardial perfusion scans as well as applications
within cardiac magnetic resonance (CMR) imaging.

AUTOMATED CORONARY ARTERY

CALCIUM SCORING

Coronary artery calcium (CAC) scoring using the Agatston
method is a cornerstone of cardiovascular risk stratification,
yet dedicated gated CAC-CT remains underutilized.*> DL
has automated this process: fully automated models
applied to ECG-gated CT scans now achieve near-
perfect agreement with manual expert scoring, reducing
analysis time to seconds.'® For instance, a DL model
demonstrated a pixel-wise, vessel-specific coronary and
aortic calcium detection, achieving a Dice score of 0.952
with segmentation in ~4 seconds per individual.}” More
recently, the Agatston 2.0 framework incorporates Al-
derived plaque density, morphology, and distribution into
a refined calcium score, improving risk discrimination.> Al
also enables opportunistic CAC detection from the roughly
19 million non-gated chest CTs performed annually in the
US for noncardiac indications, with DL-derived CAC > 100
independently associated with increased risk of death,



Garg et al. Methodist DeBakey Cardiovasc J doi: 10.14797/mdcvj.1917

MI, and stroke.’® As a result, the 2025 American Heart
Association (AHA) scientific statement formally endorsed
opportunistic CAC detection and called for systematic
reporting and action pathways.*

CT-DERIVED FUNCTIONAL AND ANATOMICAL
ASSESSMENT
Beyond CAC scoring, Al has expanded the clinical utility of
cardiac CT across structural, anatomical, and physiological
domains. DL models now segment all four cardiac
chambers and left ventricular myocardium from coronary
CT angiography (CCTA) with high accuracy, completing
analysis in seconds.’® For coronary artery segmentation
and stenosis grading, a DL system quantifies total plaque
volume and percent diameter stenosis with excellent
agreement with expert readers while reducing analysis
time from over 25 minutes to under 6 seconds.”
Al-derived CT-based fractional flow reserve (CT-FFR)
adds physiological parameters to the detailed anatomy
that is provided on CCTA, obtained from already acquired
images without additional radiation or contrast exposure
to the individual. For instance, a meta-analysis of 43 CT-
FFR studies reported overall diagnostic accuracy of 82.2%
compared with invasive FFR.2 DL-based on-site algorithms
have further improved performance: Giannopoulos
et al. demonstrated an AUC of 0.975 for predicting
hemodynamically significant stenosis, with mean CT-FFR
analysis time of under 8 minutes per patient.?? Further,
the commercially available DEEPVESSEL-FFR platform
(Keya Medical) demonstrated high per-vessel diagnostic
accuracy (AUC 0.984), with the combination of CT-FFR and
quantitative plaque indices yielding an AUC of 0.888 for
predicting 2-year major adverse cardiac events (MACE).* A
separate 2-year follow-up study demonstrated that a DL-
based CT-FFR strategy could have avoided 72% of diagnostic
invasive angiograms with comparable MACE rates.*

AI IN CT-BASED ATHEROSCLEROTIC PLAQUE
CHARACTERIZATION

Al-guided quantitative coronary CT angiography (AI-QCT)
enables volumetric, compositional plaque analysis, moving
beyond the binary “obstructive vs nonobstructive” paradigm
to characterize vulnerable plaque features that drive acute
events. AI-QCT plaque staging has predicted 10-year MACE
with an AUC of 0.82, significantly outperforming clinical
risk factors plus CAC (AUC 0.73, P <.001), with patients in
the highest plaque stage (percent atheroma volume [PAV]
> 15%) carrying a 3.57-fold adjusted hazard for MACE.?
The CONFIRM2 registry confirmed incremental prognostic
value of AI-QCT over CAD-RADS (Coronary Artery Disease-
Reporting and Data System) (NRI 0.47), CACS (NRI0.61), and
the modified Duke Index (NRI 0.52) for 3-year MACE.*® For
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context, a categorical NRI of 0.47 reflects the net proportion
of correctly reclassified participants (summed across
events and nonevents) relative to CAD-RADS and should
not be interpreted as a 47% gain in overall accuracy; NRI is
also sensitive to the choice of risk cut-points. Furthermore,
quantitative plaque features extracted from CCTA and
incorporated into ML-based prediction models have been
found to improve prognostication. In the CREATION registry
of 8,431 patients, an XGBoost model incorporating 48 CCTA
parameters achieved an AUC of 0.899 for MACE prediction,
with lipid plaque burden as the strongest predictor.?” As
such, the 2025 ACC Scientific Statement on Quantitative
Coronary Plaque Analysis endorsed Al-assisted plaque
quantification for clinical use.”

PERICORONARY FAT ATTENUATION INDEX
Coronary inflammation drives plaque vulnerability
yet historically is invisible on standard imaging. The
pericoronary fat attenuation index (FAI) measures
CT attenuation gradients within pericoronary adipose
tissue; inflamed coronary arteries shift surrounding fat
composition from lipid-dominant to aqueous, increasing
CT attenuation in a quantifiable manner.”” Al has made
FAI clinically practical through automated measurement
and integration into composite risk scores such as the Al-
Risk algorithm (CaRi-Heart, Caristo Diagnostics; CE-marked
and deployed in UK NHS hospitals; not cleared by the US
Food and Drug Administration [FDA] as of June 2026).
The ORFAN study (40,091 patients, median follow-up 2.7
years) externally validated AI-Risk and demonstrated that
elevated FAI across all three coronary arteries carried a
hazard ratio (HR) of 29.8 for cardiac mortality and 12.6
for MACE.*° This represents an extreme-group comparison
(highest vs lowest FAI quartile across all three vessels) with
few events in the reference group; absolute event rates
by FAI subgroup were not separately reported. Given the
observational design and wide CI, residual confounding
cannot be excluded, and prospective interventional testing
is needed. These findings were corroborated by a meta-
analysis of 15 studies (Table 1).*

AI ACROSS OTHER IMAGING MODALITIES

While CT-based applications have seen the most rapid Al
development, parallel advances extend across the imaging
spectrum. PanEcho, a multitask DL system, performed 18
diagnostic tasks with a median AUC of 0.91 and estimated
left ventricular ejection fraction (LVEF) with a mean
absolute error of 4.2% while also impressively maintaining
performance on point-of-care ultrasound imaging (median
AUC 0.85).>? A blinded randomized trial demonstrated that
Al-based LVEF assessment was noninferior to sonographer
assessment, with fewer studies requiring substantial
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MODALITY APPLICATION STUDY/PLATFORM KEY RESULT EVIDENCE MATURITY/
STUDY DESIGN
CT-CAC Scoring® Automated CAC from Kim et al. (2025); Gated: R =0.995, ICC = Retrospective, internal +

gated and non-gated CT

n=1,076 paired
scans

0.997,x=0.97, AUROC = 0.99;
non-gated (vs manual LDCT):
k= 0.96, AUROC = 0.98-0.99;
non-gated (vs gated reference):
x =0.71-0.88, AUROC = 0.89-
0.99 across datasets

external validation

CT-CAC Scoring®

Fully automated CAC
scoring model

Ihdayhid et al.
(2023); n=1,849

k =0.90, ICC =0.98; 89% correct
risk categorization; analysis time
13.1 s/scan

Retrospective, independent
test set

CT-CAC Scoring”™®

CAC scoring from CTA
(eliminating separate
noncontrast scan)

Mu et al.
(2022); n =240

Weighted k = 0.94; 93% correct
risk categorization vs non-\
contrast reference

Retrospective, single center

CT-CAC Scoring*®

Opportunistic DL-CAC
from non-gated chest CT

Peng et al. (2023);
n="5678

DL-CAC>100vs 0: HR 1.51 (95%
(I, 1.28-1.79; P <.001) for death;
HR 1.69 (95% (I, 1.45-1.98) for
death/MI/stroke/revasc; only
26% on statins

Retrospective cohort,
prognostic

CT-CAC Scoring®’

Vessel-specific calcium
and aortic calcium
detection

Singh et al. (2021);
n = multicenter

Dice 0.952; segmentation in
~4 s/patient

Retrospective, multicenter
validation

CT-CAC (AI-CAQ)*

AI-CAC: automated
plaque characterization
+ chamber volumetry

Naghavi et al.
(2024); n=5,830
(MESA)

AUC for composite CVD: AI-CAC
vs Agatston at 1 yr =0.784 vs
0.701; 5 years =0.771 vs 0.709;
10 years =0.789 vs 0.712; 15
years =0.816 vs 0.729 (P <.0001
for all)

Prospective cohort (MESA),
external validation

CT-CAC (Agatston 2.0)"°

Al-derived plaque
density, morphology,
and distribution

Foraker et al. (2025)

Improved risk discrimination over
traditional Agatston score

AHA Scientific Statement;
supporting evidence from
prospective cohorts

CT - Chamber
Quantification'®

DL-based cardiac
chamber segmentation
from CCTA

Baskaran et al.
(2020); n=166

Median Dice 0.92; r = 0.94-0.98
vs manual annotation; analysis
in seconds

Retrospective, single center

CT - Stenosis Grading®

DL coronary
segmentation and
stenosis quantification

Linetal (2019); n=
multicenter

ICC 0.96 (plague volume), 0.88
(% diameter stenosis) vs experts;
ICC 0.95 vs IVUS; mean analysis
5.65 s vs 25.66 min for experts

Retrospective, multicenter
validation

CT - FFR! ML-based CT-FFR vs Faulder et al. (2024);  Sensitivity 80.9%, specificity Meta-analysis of 43 studies
invasive FFR (meta- 43 studies,n=5,236  83.1%, accuracy 82.2%; on-site
analysis) tools: 84.1% accuracy
CT - FFR*? DL on-site CT-FFR vs Giannopoulos et al. AUC 0.975, accuracy 95.9% for Retrospective, single center
invasive FFR (2023) hemodynamically significant
stenosis; AUC 0.991 in heavily
calcified vessels (> 400 AU);
mean analysis < 8 min/patient
CT - FFR* DEEPVESSEL-FFR (Keya Liu et al. (2023) r=0.728 vs invasive FFR; per- Retrospective cohort with
Medical) vs invasive FFR vessel AUC 0.984; CT-FFR + prospective follow-up
quantitative plaque: AUC 0.888
for 2-year MACE
CT - FFR* DL CT-FFR strategy vs Liu et al. (2021) 72% of diagnostic ICAs Retrospective comparative

ICA-guided care (2-year
follow-up)

avoidable; MACE 2.9% vs 3.3%
(P=.838)

cohort

(Contd.)
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MODALITY APPLICATION STUDY/PLATFORM KEY RESULT EVIDENCE MATURITY/
STUDY DESIGN
CT - Plaque” AI-QCT plaque staging, Nurmohamed AUC 0.82 (95% (I, 0.78-0.87) Prospective multicenter
10-year outcomes et al. (2024); vs clinical + CACS 0.73 (95% (I, registry
n = multicenter 0.68-0.79; P <.001); Stage 3 (PAV
>15%): adjusted HR 3.57 (95%
(I, 2.12-6.00; P <.001); NRI 0.21
(95% (I, 0.09-0.38) over clinical
+ CACS
CT - Plaque®® AI-QCT vs CAD-RADS CONFIRM2 Registry NRI 0.47 over CAD-RADS, 0.61 Retrospective multicenter
and CACS (2026); n=1,916 over CACS, 0.52 over modified registry
Duke Index for 3-year MACE (P
<.001)
CT - Plaque?”’ XGBoost model with 48 CREATION Registry AUC 0.899 for MACE prediction; Retrospective multicenter
CCTA parameters (2025); n=8,431 lipid plaque burden strongest registry
predictor (adjusted HR 2.524 per
5% increase; P <.001); median
follow-up duration: 3.68 years
CT - FAI?° Pericoronary FAI + AI- ORFAN Study (2024);  3-vessel high FAL: HR 29.8 (95% Prospective multicenter
Risk algorithm n =40,091; median (CI, 13.9-63.9; P<.001) for cohort
2.7-year follow-up cardiac mortality; HR 12.6 (95%
(I, 8.5-18.6; P <.001) for MACE
CT - FAT*! FAI meta-analysis Long et al. (2026); 15  Pooled HR 3.28 (95% CI, 2.16- Meta-analysis of 15 studies

studies

4.97) for MACE

Table 1 Summary of key Al applications in CT-based cardiac imaging for coronary artery disease. AL artificial intelligence; AI-CAC:
Al-applied coronary artery calcium; AI-QCT: Al-quantitative computed tomography; AU: Agatston units; AUC: area under the curve;

CAC: coronary artery calcium; CACS: coronary artery calcium score; CAD-RADS: Coronary Artery Disease-Reporting and Data System;

CCTA: coronary computed tomography angiography; CI: confidence interval; CT: computed tomography; CTA: computed tomography
angiography; CVD: cardiovascular disease; DL: deep learning; FAL fat attenuation index; FFR: fractional flow reserve; HR: hazard ratio; ICA:
invasive coronary angiography; ICC: intraclass correlation coefficient; IVUS: intravascular ultrasound; LDCT: low-dose chest CT; MACE: major
adverse cardiovascular events; MESA: Multi-Ethnic Study of Atherosclerosis; ML: machine learning; NRI: net reclassification improvement;
PAV: percent atheroma volume. Note: Evidence maturity classifications reflect the highest level of evidence for the primary finding reported.

revision (16.8% vs 27.2%, P < .001).* In single-photon
emission computed tomography myocardial perfusion
imaging, Al-enhanced perfusion scoring improved AUC
for obstructive CAD detection from 0.737 (traditional total
perfusion deficit [TPD]) to 0.837 (DL-enhanced TPD).** For
CMRimaging, automated LVEF showed excellent correlation
with CMR reference (R = 0.89) and superior reproducibility
compared to manual methods.*> Table 2 summarizes key
Al applications across noninvasive imaging modalities.

AI IN INVASIVE ASSESSMENT AND
PROCEDURAL GUIDANCE

The CCL is increasingly augmented by Al tools that support
physiological assessment, procedural planning, and real-
time guidance, reducing reliance on additional hardware
while improving decision-making precision.

WIRE-FREE ANGIOGRAPHY-DERIVED FFR
Invasive FFR is the gold standard for assessing the
hemodynamic significance of coronary stenoses but

requires adenosine-induced hyperemia and a pressure
wire, limiting adoption. Nonhyperemic pressure ratios,
such as instantaneous wave-free ratio, eliminated the
need for hyperemia but still require a physical wire.*® Al-
powered angiography-derived FFR now enables wire-
free physiological assessment directly from diagnostic
angiographic images using DL-based 3D coronary
reconstruction and computational fluid dynamics. A
systematic review demonstrated a pooled AUC of 0.95
againstinvasive wire-based FFR, significantly outperforming
nonhyperemic pressure ratios (AUC 0.85).°¢ The landmark
ALL-RISE trial, the first prospective randomized trial,
randomized 1,930 patients with intermediate stenoses to
FFRangio-guided versus pressure wire-guided percutaneous
coronary intervention (PCI). The primary composite of
all-cause death, MI, or unplanned revascularization
occurred in 6.9% versus 7.1% at 1 year (HR 0.98; 95% (I,
0.70-1.39; P < .001 for noninferiority; prespecified margin
3.5 percentage points).>” This trial established wire-free
physiological assessment as noninferior to invasive FFR
and a clinically validated alternative to broaden adoption
of physiology-guided revascularization.
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MODALITY APPLICATION STUDY/PLATFORM KEY RESULT EVIDENCE MATURITY/
STUDY DESIGN
Echo-LVEF*’ Multitask DL across 18 PanEcho (2025); Median AUC 0.91 across Retrospective, multi-dataset
tasks 1.2M training videos; 18 tasks; LVEF MAE 4.2%; external validation
tested on 18 tasks POCUS median AUC 0.85;
outperformed single-task
models on 10 of 18 tasks
Echo-LVEF** Al vs sonographer LVEF  He et al. (2023); Al noninferior to sonographer; Blinded RCT
(RCT) n = 3,495 studies fewer studies requiring

substantial revision (16.8%
vs 27.2%; P <.001); mean
absolute LVEF difference 1.5%

Echo-LVEF + structure’!

DL prediction of cardiac
structure, function, and
CV outcomes

Lau et al. (2023);
n = 40,000+

Accurate prediction of LV mass,
volumes, EF from single-view
echo; predicted incident HF (AUC
0.83), AF (AUC 0.77), and death

Retrospective cohort, external
validation

Echo-CAD detection’?

Al stress echo for
severe CAD detection

Upton et al. (2022);
multicenter

Specificity 92.7%, sensitivity
84.4% for severe CAD; Al
assistance increased reader
AUC from 0.90 to 0.93

Retrospective, multicenter

Echo-CAD detection’”?

ML-enhanced echo
(myocardial work + LA
strain)

Guo et al. (2023);
n=3818+115
validation

AUC 0.852 (test), 0.834
(external validation); sensitivity
0.952; specificity 0.667

Retrospective, external
validation

Echo-wall motion’*

DL for regional wall
motion abnormality
detection

Kusunose et al.
(2020)

Accuracy equal to expert
consensus; superior to
inexperienced readers; AUC
0.99 (apical 4-chamber), 0.97
(apical 2-chamber)

Retrospective, single center

Nuclear (SPECT)*

Al-enhanced perfusion
scoring

Miller et al. (2025);
n=555

AUC 0.837 (TPD-DL) vs 0.737
(traditional TPD); P <.001;
improved per-vessel detection

Retrospective, external
validation

Nuclear (SPECT)”®

DL CAD diagnosis from
SPECT-MPI polar maps

Hajianfar et al.
(2025); n =940

Per-vessel AUC 0.89; per-patient
AUC 0.83 vs expert reader
reference

Retrospective, multicenter

Nuclear (SPECT)’®

DL bias mitigation in
SPECT-MPI

Miller et al.
(2023); n =511
(external test)

AUC 0.930 with augmentation;
improved calibration especially
in women and across BMI
categories

Retrospective, external test
set

CMR-LVEF**

Automated LVEF vs
CMR reference

Sveric et al. (2024)

R =0.89 with CMR reference;
superior reproducibility vs
manual methods; mean LVEF
difference 0.4%

Retrospective, single center

CMR-segmentation’’

Al biventricular
volumetric analysis
(commercial)

Hatipoglu et al.
(2022); n =300

Clinically valid automated
segmentation; 250 min
(manual) vs 5.8 min (AI) for 20
studies (97.7% time reduction)

Retrospective, single center

CMR-segmentation’®

DL 3D whole-heart
anatomy from CMR

Muffoletto et al.
(2024); n=10,456
(UK Biobank)

Stronger associations with CVD
risk factors and disease than
standard volumetric measures
(P<.001)

Retrospective, population
cohort

CMR-CAD detection’

DL for coronary
stenosis detection on
coronary MRA

Takafuji et al.
(2025); n=75 (951
segments)

AUC 0.890 for significant
stenosis; trainee AUC improved
from 0.821 to 0.898 with AI
assistance

Retrospective, single center

Table 2 Summary of key Al applications in non-computed tomography cardiac imaging for coronary artery disease. AF: atrial fibrillation;
Al artificial intelligence; AUC: area under the curve; BMI: body mass index; CAD: coronary artery disease; CMR: cardiac magnetic
resonance; CV: cardiovascular; CVD: cardiovascular disease; DL: deep learning; Echo: echocardiography; EF: ejection fraction; HF: heart
failure; LA: left atrial; LV: left ventricular; LVEF: left ventricular ejection fraction; MAE: mean absolute error; ML: machine learning; MPI:
myocardial perfusion imaging; MRA: magnetic resonance angiography; POCUS: point-of-care ultrasound; RCT: randomized controlled trial;
SPECT: single-photon emission computed tomography; TPD: total perfusion deficit. Note: Evidence maturity classifications reflect the
highest level of evidence for the primary finding reported.
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REVASCULARIZATION DECISION SUPPORT
Beyond physiological assessment, Al is being applied to
optimize the broader revascularization strategy and predict
procedural outcomes. Al’Aref et al. applied ML algorithms to
479,804 patients in the New York PCI Reporting System and
demonstrated that a boosted ensemble model (AdaBoost)
predicted in-hospital mortality after PCI with an AUC of
0.927, significantly outperforming logistic regression (AUC
0.908, P < .01), with direct implications for pre-procedural
informed consent and risk communication.’® Further,
Ninomiya et al. developed externally validated ML models
using SYNTAX trial data to predict 5-year mortality and
identify patients benefiting from coronary artery bypass
surgery versus PCI, outperforming the SYNTAX Score II
2020.%° Additionally, simulations estimate that Al-guided
revascularization decisions could shift up to 72.4% of
treatment decisions to a more cost-effective strategy.*

INTRAVASCULAR IMAGING SEGMENTATION

Intravascular imaging with optical coherence tomography
(OCT) and intravascular ultrasound (IVUS) provides
high-resolution assessment of atherosclerotic plaque
morphology and vessel dimensions, but manual
interpretation is time-consuming and operator dependent.
Al automates this through the Abbott Ultreon platform,
which uses DL to segment OCT images in real time, thus
providing a qualitative and quantitative assessment of

27

plaque phenotype, plaque burden, and vessel anatomy
to quide vessel preparation and stent sizing.* For IVUS
imaging, ML-based segmentation achieved 92.4% expert
agreement for appropriate balloon sizing.”* The FLASH
(Fully Automated Quantitative Coronary Angiography
Versus Optical Coherence Tomography Guidance for
Coronary Stent Implantation) trial demonstrated that Al-
based fully automated quantitative coronary angiography-
assisted PCI achieved noninferior post-PCI minimal stent
area compared to OCT-guided PCI; this suggests that Al-
angiography may serve as a practical alternative when
intravascular imaging is unavailable.*?

VIRTUAL PCI PLANNING AND CONTRAST

STEWARDSHIP
Al-driven computational tools can now simulate
post-intervention hemodynamics before stent

deployment, predicting post-PCI FFR within = 0.02
of measured values and allowing operators to test
revascularization strategies virtually before committing
to a physical intervention.* For contrast stewardship, the
DCR4Contrast (Dynamic Coronary Roadmap for Contrast
Reduction) trial demonstrated that Dynamic Coronary
Roadmap (DCR)-guided PCI significantly reduced contrast
volume compared to conventional guidance (64.6 vs 90.8
mL; P < .001).** Figure 2 illustrates the Al-powered CCL
workflow across these four domains.”

Figure 2 Al-powered catheterization laboratory workflow. A schematic illustration of the four stages of Al integration during percutaneous
coronary intervention: pre-procedural planning (including Al-derived CT-FFR, CCTA Al-based plaque assessment, ML-based prognostic
modeling, and virtual PCI simulation), anatomic and physiological analysis (real-time QCA, automated stenosis grading, and wire-

free vessel FFR via Angio-FFR), intravascular imaging guidance (automated lumen/plaque segmentation, calcium quantification, and
dynamic coronary roadmap guidance), and post-procedural assessment (post-PCI FFR prediction and contrast volume reduction). A
unifying banner emphasizes physician oversight and final decision-making throughout. Originally created with BioRender.com. Angio-FFR:
angiography-derived fractional flow reserve; CCTA: coronary computed tomography angiography; CT-FFR: computed tomography-derived
fractional flow reserve; FFR: fractional flow reserve; ML: machine learning; OCT: optical coherence tomography; PCI: percutaneous coronary

intervention; QCA: quantitative coronary angiography
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AI FOR RISK STRATIFICATION AND
PROGNOSTICATION

Accurate risk stratification is essential for guiding the
intensity of preventive and therapeutic interventions
in CAD. Traditional risk scores rely on limited clinical
variables without imaging-derived features, while ML
models integrating multimodality imaging data with
clinical features have consistently demonstrated superior
prognostic performance.” To note, high discrimination
alone does not establish clinical utility; calibration and
decision-curve analyses are needed to confirm benefit at
actionable thresholds. Most studies in this space report AUC
without calibration or net-benefit data, limiting confidence
in clinical readiness. Prospective testing is required.

MACHINE LEARNING INTEGRATING CT AND
STRESS MRI DATA

The rapid adoption of CCTA in clinical practice now allows
noninvasive evaluation of coronary anatomy and has
enabled the development of risk scores that use the presence,
extent, and severity of CAD to estimate an individual’s
risk of incident MACE. In a landmark CONFIRM registry
(Coronary CT Angiography Evaluation For Clinical Outcomes:
An International Multicenter registry) analysis, AAref et al.
demonstrated that an ML model (XGBoost) combining 25
clinical features with CAC scoring predicted obstructive CAD
on CCTA with an AUC of 0.881, significantly outperforming
the updated Diamond-Forrester model (AUC 0.682) and the
CAD Consortium clinical score (AUC 0.734).> Furthermore,
ML applied to CCTA plaque characteristics demonstrated
superior performance compared with conventional CCTA-
derived risk scores in predicting death and MI.*

ML applied to stress CMR parameters has also shown
significant prognostic value. Pezel et al. demonstrated
that an ML-derived stress CMR risk score outperformed
the Framingham Risk Score for 10-year all-cause
mortality, likely because the ML captures myocardial
tissue characteristics (scar burden, inducible ischemia,
and ventricular volumes) that reflect disease severity
beyond what traditional risk factors can estimate.*®
The same group subsequently demonstrated that an
ML model integrating both CCTA and stress CMR data
achieved a higher AUC (0.86) for 7-year MACE prediction
compared with CCTA alone (0.76) or stress CMR alone
(0.83), significantly outperforming the Framingham Risk
Score, QRISK3, and the European Society of Cardiology
score.”” This multimodal integrated approach may
enhance clinicians’ ability to identify high-risk individuals
with greater diagnostic confidence.
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MACHINE LEARNING WITH CALCIUM SCORING
AND EPICARDIAL FAT

Beyond CCTA-derived plaque features, Al can extract
additional  prognostic  information from  standard
noncontrast CAC scans. AI-CAC applies automated calcified
plaque characterization, including plaque number, location,
density, and number of involved vessels, along with Al-
enabled cardiac chamber volumetry to standard CAC
scans. AI-CAC was significantly superior to the traditional
Agatston score in predicting composite CVD events at 1-
through 15-year follow-up.*®

Epicardial adipose tissue (EAT) is a metabolically active
visceral fat depot between the myocardium and the
visceral pericardium. Under pathological conditions, EAT
promotes local coronary atherosclerosis independent
of systemic obesity.”> Al has enabled rapid, automated
EAT quantification from noncontrast CT scans, reducing
measurement time from approximately 15 minutes to
under 2 seconds, making population-scale assessment
feasible.”® DL-derived EAT volumes have been significantly
associated with a composite of cardiac death, MI, and
late revascularization (HR 1.35; P = .009), providing
complementary and incremental prognostic data to
the traditionally used CAC score and atherosclerotic
cardiovascular disease risk score.”*

Moreover, ML integration of CAC and EAT metrics
achieved a significantly higher AUC for predicting future
MI and/or cardiac death compared with either CAC score
or atherosclerotic cardiovascular disease risk score alone.>?
Collectively, these advances highlight the ability of ML to
rapidly and accurately synthesize and assimilate prognostic
data from routinely acquired images.

AI IN PRECISION THERAPEUTICS AND
SECONDARY PREVENTION

AI-DRIVEN PHARMACOGENOMICS FOR
PERSONALIZED ANTIPLATELET THERAPY

CYP2C19 loss-of-function (LOF) alleles impair clopidogrel
bioactivation, and a meta-analysis of seven randomized
controlled trials (~16,000 patients) demonstrated a 30%
reduction in ischemic events among LOF carriers treated
with ticagrelor or prasugrel versus clopidogrel, with no
difference in noncarriers.”> The prespecified cumulative-
events analysis of TAILOR-PCI similarly demonstrated
a 39% reduction in cumulative ischemic events in LOF
carriers with genotype-quided therapy, without increased
bleeding.”* Reflecting this evidence, the 2024 AHA Scientific
Statement now supports CYP2C19 testing to guide P2Y12
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inhibitor selection after PCL.>* Al and ML are expanding this
paradigm beyond single-gene testing, enabling polygenic
risk scores and ensemble algorithms that integrate multiple
pharmacogenes to simultaneously optimize antiplatelet,
statin, and anticoagulant dosing therapy—capturing
multi-gene influences on drug response that single-gene
approaches miss.*

Multiomics Integration and Radiomics
Multiomics, the simultaneous analysis of genomic,
proteomic, metabolomic, and other molecular data layers,
offers a systems-level view of CVD biology that extends
beyond any single biomarker or imaging modality.* Al is
essential to handle the extreme dimensionality of these
datasets. The CardiOmicScore, a multitask DL framework
applied to UK Biobank data, demonstrated that proteomic
and metabolomic risk scores are strong independent CVD
predictors (C-index 0.69-0.82 for proteomic scores) and
significantly enhance prediction up to 15 years before
disease onset when combined with clinical data.>

In parallel, CCTA-based radiomics extracts hundreds
of quantitative plaque features, describing texture, shape,
and spatial heterogeneity at the voxel level and capturing
beyond standard attenuation-based measurements.>®
The SCOT-HEART (Scottish Computed Tomography of
the HEART) trial derived “eigen radiomic features”—
composite variables summarizing clusters of correlated
radiomic measurements into a single latent descriptor
of plaque phenotype. Eight such features remained
independently associated with fatal or nonfatal MI after
adjustment for cardiovascular risk score and plaque
burden, improving the C-statistic from 0.70 (clinical +
plaque burden) to 0.74.°°

DIGITAL CARDIAC REHABILITATION

Al-powered wearable cardiac rehabilitation addresses
the persistent underutilization of traditional center-based
programs, with the AHA endorsing remote delivery as
showing comparable efficacy to center-based programs.>’
Two recent randomized controlled trials demonstrated
that smartwatch-facilitated and wearable-based remote
cardiac rehabilitation significantly improved exercise
adherence, peak VO,, and psychological outcomes
compared to standard rehabilitation (Table 3).°8>

CHALLENGES AND REGULATION

Despite the promise of Al across the CAD care continuum,
several critical barriers must be addressed before
widespread clinical deployment.
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REGULATORY GAPS AND EVIDENTIARY
STANDARDS

The reqgulatory evidence base for cardiovascular Al
remains remarkably thin. While 27.3% of FDA-approved
AI/ML devices target cardiology, 97.1% received market
authorization via the 510(k) pathway, which typically does
not require clinical data, and only 3.2% were supported
by high-quality clinical trials (Table 4).°° Furthermore,
95.5% of these lacked demographic transparency.®* Thus,
most clinical AT tools lack prospective clinical testing. The
FDA has committed to advancing a tailored regulatory
framework for Al-enabled software as a medical device,
but regulations trail technology, and existing laws do not
yet cover generative Al or its tendency to hallucinate.”

IMPLEMENTATION AND HEALTH-ECONOMIC
CONSIDERATIONS

Clinical deployment of Al tools faces practical barriers
beyond algorithmic  performance.  Reimbursement
pathways remain undefined for most Al-derived outputs
(eg, AI-QCT plaque reports, AI-ECG screening scores),
limiting adoption incentives. Workflow integration risks
alert fatigue when Al outputs are layered onto existing
clinical decision points without thoughtful interface design.
Infrastructure requirements, including cloud computing
and EHR integration, vary widely across health systems
and disproportionately disadvantage resource-limited
settings.®” Formal cost-effectiveness analyses remain
scarce. While simulation studies suggest Al-guided
revascularization decisions may improve cost-efficiency,
prospective health-economic evaluations embedded
within clinical trials are needed to justify system-level
investment.

ALGORITHMIC BIAS AND HEALTH EQUITY

Al models can exhibit strong overall performance while
performing poorly for underrepresented populations. The
2024 AHA Scientific Statement identifies three bias layers:
societal (systemic discrimination driving differential data
quality), statistical (nonrepresentative training samples), and
model (ignoring subgroup errors).® A systematic review found
that 82% of studies in cardiovascular Al exhibited significant
racial/ethnic disparities.”* Thus, the AHA recommends
stratified performance reporting by sex, age, and race/
ethnicity; diverse training datasets; and participatory
frameworks engaging underrepresented communities.®

THE BLACK BOX AND VALIDATION GAP

The “black box” nature of DL models complicates clinical
trust and medicolegal accountability. Since many Al
models lack clear explanations, clinicians struggle to
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DOMAIN

APPLICATION

STUDY/PLATFORM

KEY RESULT

EVIDENCE
MATURITY/STUDY
DESIGN

Pharmacogenomics™

CYP2C19-guided P2Y12

Meta-analysis of 7 RCTs;

30% reduction in ischemic events in

Meta-analysis of

inhibitor selection n= 16,000 LOF carriers with ticagrelor/prasugrel 7 RCTs
vs clopidogrel (HR 0.70; 95% CI,
0.59-0.83; P interaction <.001); no
difference in noncarriers
Pharmacogenomics**  Genotype-guided TAILOR-PCI cumulative Cumulative ischemic events: HR 0.61  RCT (prespecified

therapy in LOF carriers

analysis (2023); n=5,302

(95% CI, 0.41-0.89; P=.011); no
excess bleeding (HR 1.36; 95% (I,
0.67-2.76; P =.39); 80% reduction in
first 3 months (HR 0.21; P=.001)

cumulative analysis)

Pharmacogenomics®

Combined analysis
of genotype-guided
escalation and de-

Galli et al. TAILOR-PCI +
POPular Genetics (2026);
n=6,734; 12-month

Guided therapy reduced MI (HR
0.68; 95% (I, 0.48-0.97) and NACE
(HR 0.85; 95% CI, 0.73-1.00); de-

Combined analysis
of 2 RCTs

escalation follow-up escalation reduced bleeding (HR
0.77;95% (I, 0.62-0.97) and NACE
(HR 0.77; 95% CI, 0.62-0.94)

Multiomics®® Proteomic + CardiOmicScore, UK ProScore C-index 0.69-0.82; Retrospective,
metabolomic CVD Biobank (2026); 2,920 MetScore C-index 0.64-0.74; population cohort
prediction proteins, 168 metabolites combined with clinical data (UK Biobank)

increased C-index by 0.005-0.102;
enhanced prediction up to 15 years
before disease onset

Radiomics™® CCTA-based radiomic SCOT-HEART Trial (2025); 8 eigen radiomic features Post-hoc analysis of
plague phenotyping n=1,750; median 8.6- independently associated with fatal/  RCT cohort

year follow-up nonfatal MI; C-statistic improved
from 0.70 (clinical + plaque burden)
to 0.74; greatest discriminatory
gains after year 5

Radiomics®* CCTA radiomic signature  Chen et al. (2023); AUC 0.75-0.81 for vulnerable plaque  Retrospective
for vulnerable plaque n =708; median 3-year detection (IVUS reference); high RS cohort, external
and MACE prediction follow-up (>1.07): HR 2.01 (P =.005) for MACE validation

Digital rehabilitation®

Network meta-analysis
of telehealth CR
interventions

Liet al. (2024); 46 RCTs

Wearable + smartphone apps
most effective for VO, peak (SUCRA
86.8%); improved adherence vs
center-based CR

Network meta-
analysis of 46 RCTs

Digital rehabilitation*®  Smartwatch-facilitated ~ Zhang et al. RCT (2025); Significant improvement in exercise RCT
home-based CR n=62 adherence, peak VO,, anxiety
(P=.003), and depression scores
(P <.01) vs control
Digital rehabilitation®®  Wearable remote CR = Nishio et al. RCT (2025); Significant peak VO, improvement RCT

online coaching

n=>50

in wearable group; online coaching
further enhanced high-intensity
physical activity (P <.05)

Table 3 Summary of key Al applications in precision therapeutics and secondary prevention for coronary artery disease. Al artificial
intelligence; AUC: area under the curve; CCTA: coronary computed tomography angiography; CI: confidence interval; CR: cardiac
rehabilitation; CVD: cardiovascular disease; CYP2C19: cytochrome P450 2C19; HR: hazard ratio; IVUS: intravascular ultrasound; LOF: loss-of-
function; MACE: major adverse cardiovascular events; MI: myocardial infarction; NACE: net adverse cardiovascular events; P2Y12: purinergic
receptor P2Y12; RCT: randomized controlled trial; RS: radiomic signature; SUCRA: surface under the cumulative ranking curve; VO,: peak
oxygen consumption. Note: Evidence maturity classifications reflect the highest level of evidence for the primary finding reported.

integrate outputs into their reasoning, and patients
cannot provide fully informed consent.? Additionally,
medicolegal liability of Al-assisted decisions remains
unclear.” Thus, it is essential that clinical algorithms must
complement, not replace, clinician judgment.®? Robust

external validation across diverse populations, prospective
clinical trials using SPIRIT-AI and CONSORT-AI reporting
standards, and continuous post-market monitoring are
critical prerequisites before scaling Al across the CAD care
continuum. 46>
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CLINICAL USE CASE  PRODUCT MANUFACTURER  FUNCTION REGULATORY  EVIDENCE MATURITY
NAME PATHWAY

CCTA plaque Cleerly Labs Cleerly, Inc. Al-based coronary 510(k) Multicenter prospective
quantification plague segmentation, registries
(AI-QCT) 27028 volumetric quantification,

and compositional

characterization from CCTA
CCTA plaque Cleerly Cleerly, Inc. ML-based vessel-level 510(k) Multicenter prospective
quantification (AI- Ischemia probability of flow- validation
QCT)»8 limiting CAD from CCTA

morphological features
CCTA plaque cvi42 Coronary Circle Semiautomated coronary 510(k) Retrospective validation
quantification? Plaque Cardiovascular plaque segmentation and

Imaging volumetric analysis from

CCTA
CCTA plaque Salix Salix Medical Al-assisted coronary 510(k) Retrospective validation
quantification’® plaque quantification and

characterization from CCTA
CT-derived FFR?1.54 HeartFlow HeartFlow, Inc. CFD-based CT-FFR 510(k) RCT (PRECISE); prospective

FFRCT computation from CCTA,; multicenter

off-site supercomputer
processing

CT-derived FFR*# DEEPVESSEL FFR  Keya Medical DL-based on-site CT-FFR 510(k) (China;  Prospective single center
(Shukun computation from CCTA CE Mark)
Technology)
CAC scoring®%:&? AI-CAC Multiple vendors Automated Agatston 510(k) Retrospective to prospective
(various) calcium scoring from gated registry
and non-gated CT
Angiography-derived ~ FFRangio CathWorks Ltd Wire-free FFR estimation 510(k) RCT (ALL-RISE)
FFR* from diagnostic coronary
angiography using 3D
reconstruction and flow
modeling
Angiography-derived ~ QFR Medis Medical Wire-free FFR estimation 510(k) RCT (FAVOR III China; FAVOR
FFRE6:87 (Quantitative Imaging from two angiographic (CE Mark) I1I Europe)
Flow Ratio) projections using
computational modeling
Angiography-derived ~ CAAS VFFR Pie Medical Wire-free vessel FFR 510(k) RCT (FAST III)
FFR®® Imaging estimation from two (CE Mark)
angiographic projections
Echocardiography’2®  EchoGo Core Ultromics Al-based automated 510(k) Retrospective multicenter;
echocardiographic prospective RCT ongoing
measurements and stress (PROTEUS)
echo CAD detection
Echocardiography***°  Caption Caption Health DL-guided De Prospective validation
Guidance/ (GE HealthCare) echocardiographic image novo/510(k)
EchoMD AutoEF acquisition and automated
LVEF measurement
Pericoronary CaRi-Heart Caristo Standardized FAI mapping CE Mark (not Multicenter prospective
inflammation?>° Diagnostics and Al-Risk cardiovascular FDA-cleared) cohort (ORFAN)

risk prediction from CCTA

Table 4 Selected AI/ML devices that have received FDA 510(k) clearance for CAD-related applications. Al artificial intelligence; AI-CAC:
Al-applied coronary artery calcium; AI-QCT: Al-quantitative computed tomography; CAC: coronary artery calcium; CAD: coronary artery
disease; CCTA: coronary computed tomography angiography; CE: Conformité Européenne; CFD: computational fluid dynamics; CT:
computed tomography; DL: deep learning; FAL: fat attenuation index; FFR: fractional flow reserve; LVEF: left ventricular ejection fraction;
ML: machine learning. Note: This table is not exhaustive. Regulatory status reflects publicly available information as of June 2026 and may
have changed. Some products listed with CE Mark or China clearance may not yet have FDA 510(k) clearance; “510(k)” denotes US FDA
clearance specifically. Inclusion does not constitute endorsement.
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FUTURE DIRECTIONS

Generative Al and LLMs can reshape clinical
documentation and decision support in CAD. Al
telescribing may reduce documentation burden, while
vision-to-language models can automate echo reporting.©?
ChatGPT-4 achieved 82% agreement with heart teams
in one study but only 65% accuracy for multivessel
CAD, emphasizing that physician oversight remains
essential.®®¢”  General-purpose LLMs are not cleared
medical devices, are prone to hallucination, and must
not inform revascularization decisions outside validated,
governed workflows. Effective governance should
include scheduled monitoring for model-drift, predefined
oversight checkpoints before clinical action, and clear ML-
operations accountability chains that assign responsibility
for algorithm performance.

Beyond decision support, agentic Al—systems capable
of autonomously analyzing data and coordinating
clinical workflows—has been emerging, although clinical
implementation remains limited.®® Over-reliance on Al
raises concerns for deskilling, never-skilling, and mis-
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skilling, particularly among trainees.®? Physician-in-the-loop
governance should include prospective drift monitoring
with predefined revalidation triggers, mandatory human
oversight at key decision nodes, and institutional ML
operations accountability for algorithm performance.
Moreover, CAD management requires contextual judgment
integrating patient autonomy, psychosocial factors, and
comorbidity interactions that current Al systems cannot
fully capture.

Foundation models trained on multimodal data (ECG,
imaging, genomics, EHR) represent the next frontier.
Digital twin technologies simulating personalized disease
trajectories could accelerate clinical trial design and
enable virtual testing of interventions before bedside
deployment.” Al-optimized trials leveraging automated
eligibility screening and LLM-based event adjudication may
accelerate the drug development timeline.” Furthermore,
the growing computational demands of complex Al models
raise environmental sustainability concerns. Realizing this
vision will require equity-centered deployment, ensuring
that these advances reach diverse and underserved
populations (Figure 3).°

Figure 3 Central illustration: Artificial intelligence across the coronary artery disease care continuum. A six-domain radial framework depicting
Al applications organized as numbered sectors: (1) screening and early detection (AI-ECG, EHR-based digital scores), (2) noninvasive imaging
(automated CAC, CT-FFR, plaque characterization), (3) invasive assessment (angiography-derived FFR, OCT/IVUS segmentation), (4) risk
stratification (multimodality imaging, EAT + CAC scoring), (5) precision therapeutics (pharmacogenomics, multiomics, digital rehabilitation),
and (6) challenges and future directions (foundation models, digital twins, agentic Al). An outer ring highlights cross-cutting implementation
themes: regulation and 510(k), governance and oversight, implementation and cost, and bias and equity. A color-coded maturity legend
indicates evidence levels: yellow (retrospective registry or observational evidence), green (prospective/RCT evidence available), and red
(investigational/proof-of-concept only). Originally created with BioRender.com. AI-ECG: artificial intelligence-enhanced electrocardiography;
CAC: coronary artery calcium; CT-FFR: computed tomography-derived fractional flow reserve; EAT: epicardial adipose tissue; EHR: electronic
health record; IVUS: intravascular ultrasound; ML: machine learning; OCT: optical coherence tomography; RCT: randomized controlled trial
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CONCLUSION

Al has demonstrated the capacity to enhance every
stage of the CAD care continuum, from early detection
via AI-ECG and opportunistic calcium scoring, through
noninvasive plaque characterization and functional
assessment, to catheterization laboratory guidance and
personalized secondary prevention strategies. Importantly,
these applications differ markedly in evidentiary maturity:
only a subset (opportunistic and automated calcium
scoring, Al-based LVEF quantification, CT-derived FFR, and
angiography-derived FFR) are supported by prospective
or randomized data, whereas foundation models, digital
twins, agentic workflows, and multiomics integration
remain investigational. The next phase of CAD-AI
research must move beyond model discrimination toward
prospective evidence that Al changes clinician behavior,
improves patient outcomes, reduces unnecessary testing,
and performs equitably across populations. Realizing its full
potential requires diverse randomized trials with hard end
points, transparent subgroup reporting, equity-centered
implementation, and governance frameworks—including
drift monitoring and defined oversight checkpoints—that
maintain the physician as the final decision-maker. The
ultimate goal is not to replace clinical judgment but to
augment it, transforming Al into a continuous, clinician-in-
the-loop partner across the entire trajectory of CAD.

KEY POINTS

* Artificial intelligence (Al)-electrocardiogram and
electronic health record-based digital markers enable
earlier detection of significant coronary artery disease
(CAD) from routine clinical data.

* Al-enhanced noninvasive imaging, including
automated calcium scoring, computed tomography-
derived fractional flow reserve (FFR), and plaque
characterization, improves diagnostic accuracy
and functional assessment while reducing invasive
procedures.

*  Wire-free angiography-derived FFR and Al-guided
intravascular imaging segmentation support real-time
procedural decisions.

* Machine learning models integrating multimodality
imaging and clinical data outperform traditional risk
calculators for predicting major adverse cardiac events.

* High discriminative performance (area under the
receiver operating characteristic curve) does not equate
to clinical readiness; the next phase of CAD-AI research
must demonstrate that Al changes clinician behavior,
improves outcomes, and performs equitably—with
physicians remaining the final decision-makers.
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