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ABSTRACT

BACKGROUND Plaque assessment by quantitative coronary CT angiography has demonstrated to correlate highly 
with intravascular ultrasound and optical coherence tomography, and these modalities have shown strong prognostic 
value.

OBJECTIVES The purpose of this study was to identify the prognostic value of artificial intelligence–guided quanti
tative CCTA (AI-QCT) for major adverse cardiovascular events (MACE) against the risk factor–weighted clinical likelihood 
model.

METHODS The CONFIRM2 (COroNary CT Angiography Evaluation For Evaluation of Clinical Outcomes: An InteRnational, 
Multicenter Registry) is a multicenter, international, observational cohort study that included patients with clinically 
indicated CCTA and follow-up for MACE. Patients without cardiac symptoms and prior coronary artery disease (CAD) were 
excluded. Across the entire coronary artery tree, the presence, extent, and composition of CAD were analyzed by an AI- 
QCT software, and 24 variables at a patient, vessel, and plaque level were derived, including percent luminal narrowing, 
remodeling index, plaque volumes (total, calcified, noncalcified, low attenuation), and plaque composition. The primary 
MACE endpoint was defined as a composite of all-cause death, myocardial infarction (MI), stroke, congestive heart failure, 
late revascularizations, and hospitalization for unstable angina. The secondary MACE endpoint was defined as all-cause 
death and MI.

RESULTS A total of 3,551 patients (age 58.8 ± 12.5 years, 50.5% male) were followed for a median of 4.27 (IQR: 3.47- 
5.08) years during which 167 (4.7%) events occurred. After excluding collinear variables, diameter stenosis (HR: 1.25 
[95% CI: 1.18-1.32]) per 10% increase and noncalcified plaque volume (HR: 1.07 [95% CI: 1.03-1.11]) per 50 mm3 in
crease were the only independent predictors for MACE. In multivariable modeling, the discriminatory value defined by 
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area under the curve (AUC) improved from 0.63 (95% CI: 0.58-0.67) based on the risk factor–weighted 
clinical likelihood model to 0.76 (95% CI: 0.77-0.80), P < 0.001 when adding AI-QCT-based diameter 
stenosis and noncalcified plaque volume. A similar improvement in risk prediction was seen when adding AI- 
QCT (AUC 0.77; P < 0.001) to a model with traditional risk factors, age, and sex (AUC: 0.67). In addition, AI- 
QCT significantly improved discrimination compared to the atherosclerotic cardiovascular disease risk score 
(AUC: 0.63; 95% CI: 0.58-0.68) to 0.75 (95% CI: 0.69-0.80; P < 0.001). Similar results were seen for the 
secondary MACE endpoint of death/MI.

CONCLUSIONS This first multicenter global registry with AI-guided quantitative CT identified noncalcified 
plaque burden and increment in stenosis severity as the most powerful predictors of MACE, demonstrating 
the interplay between traditional and novel measures of the severity of CAD. Standardized and rapid 
quantitative assessment of CAD may improve clinical implementation of multidimensional assessment of 
CAD as a cornerstone for risk assessment. (JACC Adv. 2026;5:102618) © 2026 The Authors. Published by 
Elsevier on behalf of the American College of Cardiology Foundation. This is an open access article under the 
CC BY license (http://creativecommons.org/licenses/by/4.0/).

C oronary artery disease (CAD) re
mains a predominant cause of mor
tality, underscoring the critical 

need for enhanced identification of patients 
predisposed to adverse cardiovascular 
events.1 Although numerous risk scores 
have been developed to refine risk stratifica
tion, they primarily extrapolate from tradi
tional cardiovascular risk factors, serving 
only as a proxy for underlying coronary 

atherosclerotic burden.2 Consequently, these scores 
lack granularity in prognostication, as they do not 
directly capture the primary disease process, namely 
coronary atherosclerosis itself.3-6

Coronary intravascular ultrasound (IVUS) studies 
have shown that the atheroma burden is one of the 
strongest predictors for coronary events.7 In addi
tion, lesion-specific parameters such as small lumen 
area or high lipid content associate with lesion- 
specific risk.8,9 By optical coherence tomography 
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AI = artificial intelligence

AI-QCT = artificial 
intelligence–guided 
quantitative CCTA

ASCVD = atherosclerotic 
cardiovascular disease

AUC = area under the curve

CAD = coronary artery disease

CCTA = coronary computed 
tomography angiography

CP = calcified plaque

HRP = high-risk plaque

IVUS = intravascular 
ultrasound

LAP = low-attenuation plaque

MACE = major adverse 
cardiovascular events

MI = myocardial infarction

NCP = noncalcified plaque

OCT = optical coherence 
tomography

RF-CL = risk-factor weighted 
clinical likelihood

TPV = total plaque volume
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(OCT), the identification of thin cap fibroatheroma 
and a minimal lumen area <3.5 mm2 increased coro
nary events by a factor 5.10 Coronary computed to
mography angiography (CCTA) provides a 
noninvasive approach to characterize the totality of 
CAD from the entire coronary tree. The emergence of 
artificial intelligence (AI)–driven methodologies has 
facilitated accurate, reproducible, standardized, and 
rapid quantification of coronary atherosclerotic 
burden and morphology.11-13 Therefore, quantifica
tion of atherosclerosis by CT has become available for 
clinical practice. Atheroma volume and stenosis de
gree from CT have shown a close correlation with 
IVUS.11,12 CT diagnosed low-attenuation plaque (LAP) 
has shown to correlate strongly with OCT-defined 
thin cap fibroatheroma.14

Limited multicenter studies on the prognostic 
value of quantitative CT are available. A recent study 
by Nurmohamed et al demonstrated that total 
atherosclerotic burden significantly enhances prog
nostication compared to the mere qualitative CAD- 
RADS 2.0 in predicting future cardiovascular 
events.15 Specifically, the noncalcified plaque (NCP) 
content emerges as a key prognostic metric, as NCPs 
are typically more metabolically active than heavily 
calcified plaques (CPs), reflecting an unstable plaque 
phenotype.16,17 Data from the ICONIC (Incident Cor
onary Syndromes Identified by Computed Tomogra
phy) study revealed that densely CPs with $1,000 
HU, the so-called “1K plaques” are associated with 
stable disease and a lower risk of adverse events.17

In addition, NCP burden represents a modifiable 
component of total plaque burden and may act as a 
potential therapeutic target for future in
terventions.18,19 Nevertheless, the abundance of data 
generated by quantitative CCTA has not yet been 
fully leveraged, and the specific quantitative 
atherosclerotic parameters most predictive of major 

adverse cardiovascular events (MACE) have yet to be 
clearly identified.

Therefore, this study aims to evaluate the prog
nostic value of AI-guided quantitative CCTA (AI- 
QCT). The discriminative accuracy of AI-QCT- 
derived atherosclerotic metrics will be compared 
to traditional risk factors and the risk factor– 
weighted clinical likelihood (RF-CL) model, and 
the atherosclerotic cardiovascular disease (ASCVD) 
score in a large cohort of symptomatic patients 
suspected of CAD.

METHODS

STUDY DESIGN AND PATIENT POPULATION. The 
CONFIRM 2 (COroNary CT Angiography Evaluation 
For Evaluation of Clinical Outcomes: An InteRna
tional, Multicenter Registry) is an ongoing multi
center, international, observational cohort study. 
Detailed descriptions of the study design have been 
published previously.20 The primary aim of the 
CONFIRM2 registry is to assess the prognostic value 
of AI-based quantitative measures of coronary 
atherosclerosis including plaque burden, 
morphology, and composition as well as the degree 
of luminal obstruction for predicting MACE in pa
tients referred for CCTA. Participating sites prospec
tively and/or retrospectively included sequential 
patients with a clinically indicated CCTA of $64- 
detector rows. Exclusion criteria for enrollment 
were absence of CCTA data or follow-up information 
for clinical events, pregnancy, or a noncardiac illness 
with life expectancy <2 years. For this analysis, we 
included patients with cardiac symptoms and 
without prior CAD (defined as a prior myocardial 
infarction (MI), prior percutaneous coronary inter
vention or coronary artery bypass grafting or 
known $50% stenosis on invasive coronary 
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angiography) and who had at least 3 years of follow- 
up for clinical events, or an event within 3 years. This 
study was conducted in accordance with the Decla
ration of Helsinki. Institutional Review Board 
approval was obtained at each participating center.

CLINICAL DATA COLLECTION. Cardiovascular risk 
factors were systematically collected from the elec
tronic medical record baseline prior to CCTA. Hy
pertension was defined as a blood pressure of $140/ 
90 mm Hg, a documented history of hypertension, or 
current treatment with antihypertensive medica
tions. Diabetes mellitus was defined by a prior 
physician diagnosis and/or the use of insulin or oral 
hypoglycemic agents. Dyslipidemia was defined as 
either untreated dyslipidemia or current treatment 
with lipid-lowering medications. Smoking history 
was classified as positive if the patient was a current 
smoker or had ceased smoking within 3 months of 
testing. Family history of CAD was based on patient 
self-report. Symptom presentation was categorized 
as typical angina, atypical angina, noncardiac chest 
pain, dyspnea, palpitations, syncope, other, or 
asymptomatic. The RF-CL score was then calculated 
using age, sex, symptoms, and the number of tradi
tional risk factors, as defined in the European Society 
of Cardiology (ESC) guidelines for the management of 
chronic coronary syndromes.21

IMAGE ACQUISITION AND ANALYSIS. CCTA scans 
were performed using various CT platforms, all of 
which met the requirement of employing multislice 
CT scanners with $64 slices. The imaging protocol 
adhered to the guidelines set forth by the Society of 
Cardiovascular Computed Tomography.22 Patient 
preparation, data acquisition, and image analysis 
were conducted according to the institutional pol
icies of the participating sites.

Quantitative coronary atherosclerosis evaluation 
was performed for every coronary artery and its 
branches using an automated U.S. Food and Drug 
Administration–cleared AI-enabled software plat
form (Cleerly Labs, Cleerly Inc). The AI software 
employs validated convolutional neural networks for 
image quality assessment, coronary segmentation 
and labeling, lumen wall evaluation, vessel contour 
determination, and plaque characterization. Prior 
validation of the software has been documented in 
multicenter trials comparing it to expert consensus, 
quantitative coronary angiography, fractional flow 
reserve, and IVUS.11,13 This analysis was performed 
on all CCTA scans and only coronary segments 
with a diameter of $1.5 mm were included. Each 
segment was assessed for the presence of coronary 

atherosclerosis, defined as any tissue 
structure $1 mm3 within the coronary artery wall 
that could be distinguished from surrounding 
epicardial tissue, epicardial fat, or the vessel lumen. 
Plaque volumes (in mm3) were calculated for each 
coronary lesion and summed to determine the total 
plaque volume (TPV) at the patient level. Plaque 
types are categorized based on HU ranges: LAP as <30 
HU, NCP as HU between 30 and 350, and CP as >350 
HU.23 High-risk plaque (HRP) was defined as a lesion 
with LAP $2 mm3 and a remodeling index of >1.1. 
This definition is based on Omori et al,11 since this 
magnitude of LAP and vessel remodeling correlated 
most strongly with near-infrared spectroscopy-IVUS 
detected lipid core. Plaque burden normalized to the 
vessel volume was also reported as percent atheroma 
volume (PAV), calculated as (plaque volume/vessel 
volume) × 100%. The vessel volume includes all 
coronary segments with a diameter $1.5 mm, 
regardless of plaque presence, differing from other 
quantitative CT software that may include only seg
ments containing plaque. The quantification soft
ware detects small amount of plaque which results in 
a low prevalence of completely normal CCTA and 
high prevalence of nonobstructive stenosis. The 
quantification process captures very small plaques 
that are not visually identifiable and that would 
previously have been considered normal. To 
circumvent this issue, a threshold of 16 mm3—corre
sponding to the lowest quintile of nonobstructive 
CAD—was applied to define significant plaque. In 
cases where image quality was degraded by motion, 
insufficient opacification, beam hardening, or other 
artifacts, only the portions of the coronary artery 
with compromised quality were omitted from the 
analysis. Finally, a credentialed and trained radio
logic technologist provides quality assurance over
view of the AI analysis.

ENDPOINTS. The primary endpoint was the inci
dence rate of MACE over a minimum follow-up of 
3 years. MACE was defined as a composite of all- 
cause mortality, MI, stroke, congestive heart failure, 
late revascularizations (occurring >90 days post in
dex CCTA), and hospitalization for unstable angina. 
Death status was confirmed through signed verifica
tion forms submitted by the local principal in
vestigators. The secondary endpoint was a composite 
of all-cause mortality and MI. MACE was recorded 
and adjudicated by a Clinical Events Committee.

CLINICAL ENDPOINT DEFINITIONS. D e a t h  f r o m  
a n y  c a u s e . MI will be defined in accordance to the 
Universal Definition of MI as established by the 
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European Society of Cardiology, American College of 
Cardiology (ACC), American Heart Association (AHA), 
and World Heart Federation.

Unstable angina-related hospitalization will be 
defined as hospitalization for signs or symptoms of 
unstable angina. Unstable angina will be defined by: 
1) rest angina; 2) new-onset angina (<2 months); or 3) 
increasing angina (in intensity, duration, and/or fre
quency. Patients hospitalized for unstable angina will 
be considered as having experienced CAD-related 
hospitalization, whether target vessel revasculariza
tion is performed or not.

Late coronary revascularization, which will be 
defined as revascularization occurring $90 days 
following the index diagnostic test.

Cerebrovascular accident will be defined as a 
neurological deficit lasting $24 hours or 
lasting <24 hours with a brain imaging study showing 
infarction.

Congestive heart failure was defined according to 
the Framingham Heart Failure Diagnostic Criteria, 
requiring either two major criteria or one major and 
two minor criteria to be present concurrently.24

STATISTICAL ANALYSIS. Descriptive data are pre
sented as median and IQR for nonparametric data 
and as mean ± SD for parametric data. Categorical 
variables are expressed as absolute numbers and 
percentages. Cox proportional hazards regression 
was used for outcome analyses. Univariable analyses 
included 24 candidate CT metrics based on clinical 
utility and prior studies. The following CT metrics 
were evaluated for their prognostic value in the 
present analysis: percent diameter stenosis, percent 
area stenosis, number of moderate stenoses (50% to 
69%), number of severe stenoses ($70%), TPV, CP 
volume, NCP volume, LAP volume, percent atheroma 
volume (PAV), PAV CP, PAV NCP, PAV LAP, number 
of HRPs, plaque diffuseness (TPV/vessel length), to
tal vessel length, left main with moderate stenosis, 
left main with severe stenosis, proximal left anterior 
descending artery (LAD) with moderate stenosis, 
proximal LAD with severe stenosis, number of 
chronic total occlusions (100% stenosis), lumen vol
ume, vessel volume, lumen volume/vessel length, 
and minimal luminal diameter. Definitions are pro
vided in Supplemental Table 1. A logistic regression 
model was employed to exclude collinear variables 
(variance inflation factor >5). Using backward selec
tion (P < 0.05), a parsimonious multivariable model 
was created to identify independent predictors of 
MACE among candidate AI-QCT variables. The pre
dictive performance of the multivariable model was 
assessed using the area under the receiver-operating 

characteristic curve (AUC). In addition, the Harrel’s 
C-statistic was calculated to account for censored 
time-to-events for prediction of outcome. After that, 
we focused on a stepwise approach simulating clin
ical decision-making. We chose the RF-CL risk model 
as our base model. In addition, a model was created 
with only traditional cardiovascular risk factors, age 
and sex to evaluate the incremental prognostic in
formation of AI-QCT to this model. In a different 
approach geared toward cardiovascular risk assess
ment, we chose the ASCVD risk score as a base model 
and then added the AI-QCT measures in the second 
model. Cumulative incidence curves were generated 
for tertiles of risk derived from the AI-enabled 
quantitative CCTA model. Kaplan-Meier survival an
alyses were performed to estimate event rates across 
RF-CL risk categories. Additional stratification was 
conducted according to the median NCP volume. All 
statistical analyses were performed using SAS 9.4 
(SAS Institute Inc). A P value <0.05 was considered as 
statistically significant.

RESULTS

This analysis included 4,163 symptomatic patients 
from 18 centers across 11 countries, recruited between 
2008 and 2022. After excluding 288 asymptomatic 
patients, 322 patients with a prior cardiac history, and 
2 patients with incomplete clinical information, the 
final cohort comprised 3,551 patients. The mean age of 
the cohort was 58.8 ± 12.5 years, with 50.5% male 
patients and 80.2% of Caucasian ethnicity (Table 1). 
Symptom presentation included typical angina in 
19.1%, noncardiac chest pain in 54.2%, and other 
symptoms in the remaining patients. The risk calcu
lated by the RF-CL model was very low, low, and 
moderate in 30%, 35%, and 20.9% of patients, 
respectively. Information to calculate the ASCVD risk 
score was only available in 1,309 (37%) patients. 
Approximately two-thirds of the cohort were on statin 
therapy at baseline (Supplemental Table 2). Over a 
median follow-up period of 4.27 (IQR: 3.47-5.08), 167 
(5%) patients experienced a MACE: 34 (20%) died, 24 
(14%) had a nonfatal MI, 12 (7%) had a nonfatal stroke, 
23 (14%) patients were hospitalized for chronic heart 
failure, 17 (10%) patients were hospitalized for un
stable angina, and 84 (50%) underwent a late revas
cularization (62 percutaneous coronary intervention, 
17 coronary artery bypass graft, and 5 unspecified). 
Patients who experienced events were older, pre
dominantly male, and had a higher prevalence of 
cardiovascular risk factors (Table 1).

AI-QCT ATHEROSCLEROTIC MEASUREMENTS. The 
prevalence of CAD in this cohort was 93.0% with all 
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of those patients demonstrating NCP, and 2,577 
(72.6%) showing CP. The median TPV per patient was 
56.8 mm3 (IQR: 16.0, 187.6), with NCP accounting for 
the majority (41.90 mm3; IQR: 12.90, 114.80), Table 2. 
The median CP volume was 6.6 mm3 (IQR: 0.0, 54.2). 
A histogram of NCP volume (Supplemental Figure 1) 
revealed that the largest subgroup had an NCP vol
ume between 15 and 50 mm3 (27% of patients). 
LAP >2 mm3 was present in 6.2% of patients, while 
HRP (LAP $ 2 mm3 with a remodeling index >1.1) was 

found in 5.1% of patients. No or minimal CAD, non
obstructive CAD, and 1-, 2-, and 3-vessels or left main 
obstructive ($50%) CAD was present in 25.0%, 
60.4%, 9.9%, 3.2%, and 1.4% of patients, 
respectively.

PROGNOSTIC VALUE OF CT-DERIVED ATHEROSCLEROTIC 

CHARACTERISTICS IN RISK STRATIFICATION. Patients 
with events had significantly higher plaque volumes 
than those without an event with TPV, NCP volume, 

TABLE 1 Baseline Demographics and Risk Factors

All Patients 
(N = 3,551)

Patients Without Events 
(n = 3,384, 95.0%)

Patients With Events 
(n = 167, 5.0%) P Value

Age (y) 58.81 ± 12.45 58.64 ± 12.49 62.18 ± 11.06 0.0006
Male 1792 (50.5%) 1,682 (49.7%) 110 (65.9%) <0.0001
Race 0.4779

Asian 123 (3.5%) 116 (3.4%) 7 (4.2%)
Black or African American 174 (4.9%) 167 (4.9%) 7 (4.2%)
White 2,809 (79.1%) 2,671 (78.9%) 138 (82.6%)
Other 445 (12.5%) 430 (12.7%) 15 (9.0%)

Ethnicity 0.0016
Hispanic or Latino 319 (9.0%) 314 (9.3%) 5 (3.0%)
Not Hispanic or Latino 2,148 (60.5%) 2024 (59.8%) 124 (74.3%)
Missing 1,084 (30.5%) 1,046 (30.9%) 38 (22.8%)

Cardiovascular risk factors
Body mass index, kg/m2 27.90 ± 5.77 27.87 ± 5.80 28.39 ± 5.18 0.1335
Smoker 498 (14.0%) 463 (13.7%) 35 (21.0%) 0.0100
Diabetes 530 (14.9%) 483 (14.3%) 47 (28.1%) <0.0001
Hypertension 1929 (54.3%) 1815 (53.6%) 114 (68.3%) 0.0003
Dyslipidemia 1708 (48.1%) 1,614 (47.7%) 94 (56.3%) 0.0381
Family history positive for CAD 1,014 (28.6%) 965 (28.5%) 49 (29.3%) 0.8178

Atrial fibrillation 283 (8.0%) 259 (7.7%) 24 (14.4%) 0.0045
Heart failure 199 (5.6%) 173 (5.1%) 26 (15.6%) <0.0001
Peripheral artery disease 64 (1.8%) 60 (1.8%) 4 (2.4%) 0.5473
Cardiac symptoms

Typical angina 678 (19.1%) 634 (18.7%) 44 (26.3%) 0.0146
Atypical angina 1,335 (37.6%) 1,277 (37.7%) 58 (34.7%) 0.4337
Noncardiac chest pain 590 (16.6%) 563 (16.6%) 27 (16.2%) 0.8736
Dyspnea 753 (21.2%) 722 (21.3%) 31 (18.6%) 0.3921
Palpitations 202 (5.7%) 194 (5.7%) 8 (4.8%) 0.6077
Syncope 67 (1.9%) 62 (1.8%) 5 (3.0%) 0.2439
Other symptoms 575 (16.2%) 547 (16.2%) 28 (16.8%) 0.8366

ASCVD score 0.0002
>0-5 411 (11.6%) 402 (11.9%) 9 (5.4%)
>5-7.5 161 (4.5%) 151 (4.5%) 10 (6.0%)
>7.5-20 450 (12.7%) 412 (12.2%) 38 (22.8%)
>20 287 (8.1%) 260 (7.7%) 27 (16.2%)
Not available 2,242 (63.1%) 2,159 (63.8%) 83 (49.7%)

Risk factor–weighted 
clinical likelihood (RF-CL)

<0.0001

Very low 1,067 (30.0%) 1,040 (30.7%) 27 (16.2%)
Low 1,243 (35.0%) 1,184 (35.0%) 59 (35.3%)
Moderate 742 (20.9%) 681 (20.1%) 61 (36.5%)
Missing 499 (14.1%) 479 (14.2%) 20 (12.0%)

ASCVD = atherosclerotic cardiovascular disease; CAD = coronary artery disease.
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and CP volume being approximately 5-, 3.5-, and 10- 
fold greater, respectively (Table 2). Obstructive CAD 
was present in 43.8% of patients with events, 
whereas only 4.8% of these patients with events had 
no or minimal CAD. Additionally, patients who 
experienced a MACE had a significantly higher 
number of HRPs. Among 24 univariable candidate 
variables, all except average lumen area and severe 

left main stenosis (due to the very low prevalence, 
n = 1) were significantly associated with MACE 
(Supplemental Table 3). HRs for TPV, NCP volume, 
and CP volume were 1.07 (95% CI: 1.06-1.09), 1.14 
(95% CI: 1.12-1.17), and 1.11 (95% CI: 1.08-1.13), 
respectively, per 50 mm3 of plaque. With increasing 
tertiles of TPV, NCP, and CP, NCP demonstrated the 
highest HR per tertile increase compared with the 

TABLE 2 AI-QCT Atherosclerotic Features Stratified by Patients With and Without Events

All Patients 
(N = 3,551)

Patients Without Events 
(n = 3,384, 95.0%)

Patients With Events 
(n = 167, 5.0%) P Value

Plaque volumes
Total plaque volume, mm3 <0.0001

Median (IQR) 56.80 (16.00, 87.60) 53.30 (15.05,170.55) 260.70 (84.50, 482.00)
Mean, SD 152.1 ± 245.1 142.20 ± 233.80 353.13 ± 358.23
Number of patients with any plaque 3,301 (93.0%) 3,134 (92.6%) 167 (100.0%)

Noncalcified plaque volume, mm3 <0.0001
Median (IQR) 41.90 (12.90,114.80) 39.60 (12.25,107.40) 148.80 (60.30, 296.2)
Mean, SD 91.47 ± 136.36 85.65 ± 128.12 209.55 ± 220.10
Number of any noncalcified plaque 3,300 (93.0%) 3,133 (92.6%) 167 (100.0%)

Calcified plaque volume, mm3 <0.0001
Median (IQR) 6.60 (0.00,54.20) 5.90 (0.00,48.45) 53.70 (5.50, 206.90)
Mean, SD 59.67 ± 134.49 55.63 ± 129.03 141.51 ± 201.17
Number of patients with any calcified plaque 2,577 (72.6%) 2,428 (71.7%) 149 (89.2%)

Stenosis
Diameter stenosis, % <0.0001a

0% 348 (9.8%) 347 (10.3%) 1 (0.6%)
1%-24% 1896 (53.4%) 1846 (54.6%) 50 (29.9%)
25%-49% 790 (22.2%) 747 (22.1%) 43 (25.7%)
50%-69% 283 (8.0%) 249 (7.4%) 34 (20.4%)
70%-99% 146 (4.1%) 121 (3.6%) 25 (15.0%)
100% 88 (2.5%) 74 (2.2%) 14 (8.4%)

Extent of vessel disease <0.0001a

None/minimal (#16 mm3 of plaque volumeb) 889 (25.0%) 881 (26.0%) 8 (4.8%)
Nonobstructive (>16 mm3 of plaque volumeb) 2,145 (60.4%) 2059 (60.8%) 86 (51.5%)
1V 351 (9.9%) 307 (9.1%) 44 (26.3%)
2V 115 (3.2%) 98 (2.9%) 17 (10.2%)
3V or LM CAD 51 (1.4%) 39 (1.2%) 12 (7.2%)

Other
Percent atheroma volume, median (IQR) 2.17 (0.63,6.66) 2.04 (0.59,6.11) 9.29 (3.45,17.59) <0.0001a

Low attenuation plaques >2 mm3 present 221 (6.2%) 193 (5.7%) 28 (16.8%) <0.0001a

Number of plaques with LAP >2 mm3 <0.0001a

0 3,330 (93.8%) 3,191 (94.3%) 139 (83.2%)
1 159 (4.5%) 138 (4.1%) 21 (12.6%)
2 45 (1.3%) 39 (1.2%) 6 (3.6%)
$3 17 (0.5%) 16 (0.5%) 1 (0.6%)

High-risk plaque present 210 (5.9%) 184 (5.4%) 26 (15.6) <0.0001a

Number of high-risk plaquesa <0.0001a

0 3,341 (94.1%) 3,200 (94.6%) 141 (84.4%)
1 60 (1.7%) 51 (1.5%) 9 (5.4%)
2 92 (2.6%) 79 (2.3%) 13 (7.8%)
3 37 (1.0%) 33 (1.0%) 4 (2.4%)
>3 21 (0.6%) 21 (0.6%) 0 (0.0%)

aDefined as LAP $ 2 mm3 and remodeling index >1.1. b16 mm3 plaque volume is the lowest quintile of nonobstructive CAD.
AI-QCT = artificial intelligence–guided quantitative CCTA; LAP = low-attenuation plaque; LM = left main; other abbreviation as in Table 1.
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other compositional plaque volumes for the predic
tion of both the primary (Supplemental Table 4A) and 
secondary endpoint (Supplemental Table 4B). An 
increase in NCP tertile resulted in a 2.33 higher risk of 
death and MI, compared to a relative risk of 2.17 and 
2.02 per tertile increase for TPV and CP, respectively. 
Figure 1 shows the increase in event rates for MACE 
by quartiles of diameter stenosis and NCP. Patients 
with an NCP >41.9 to 114.6 mm3 or a diameter ste
nosis >17 to 33% have a 2.66-fold (95% CI: 1.50-4.71) 
increased risk of developing MACE compared to 
those with values below this threshold (P = 0.0008). 
Patients in the highest quartile of NCP and diameter 
stenosis have an HR of 5.03 (95% CI: 3.61-7.00; 
P < 0.001) compared to those with an NCP 
volume #114.6 mm3 or a diameter stenosis 
#33% (Figure 1).
DISCRIMINATORY VALUE OF TRADITIONAL RISK 

FACTORS, RF-CL MODEL, ASCVD, AND THE AI-QCT 

MODEL DURING FOLLOW-UP. Diameter stenosis 
(HR: 1.25 [95% CI: 1.18-1.32]) per 10% increase and 
NCP volume (HR: 1.07 [95% CI: 1.03-1.11]) per 50 mm3 

increase were the only independent predictors for 

MACE 3. In multivariable model with traditional 
cardiovascular risk factors, age, sex, and the inde
pendent univariable predictors of the CT metrics, 
only diabetes (HR: 1.48 [95% CI: 1.02-2.16]), smoking 
(HR: 1.66 [95% CI: 1.12-2.45]) diameter stenosis per 
10% increase (HR: 1.21 [95% CI: 1.14-1.29]), and NCP 
volume per 50 mm3 increase (HR: 1.07 [95% CI: 1.03- 
1.11]) remained independent predictors of MACE 
(Table 3). The addition of NCP and TPV to diameter 
stenosis significantly improves risk stratification, 
whereas adding diameter stenosis to a model already 
containing NCP or TPV has no incremental value 
beyond these metrics (Table 4). Figure 2 shows the 
predicted probability of events by diameter stenosis, 
TPV, and NCP volume. Supplemental Figure 2 shows 
the predicted probability of events for the second
ary endpoint.

Receiver-operating characteristic analysis 
revealed that the addition of AI-QCT to RF-CL model 
improved the AUC from 0.63 (95% CI: 0.58-0.67) to 
0.76 (95% CI: 0.77-0.80; P < 0.001) (Central 
Illustration). When statin use was added to the 
model of RF-CL and AI-QCT, the performance was 

FIGURE 1 Event Rates Across Stenosis and Noncalcified Plaque Volume Quartiles 

A B

MACE Outcome by NCP and Diameter Stenosis Categories HR (95% CI) P-value

NCP + Diameter Stenosis (reference = NCP≤114.6 mm3 and diameter stenosis ≤33%)

NCP>114.6 mm3 or diameter stenosis>33% 5.03 (3.61, 7.00) <.0001

NCP + Diameter Stenosis (reference = NCP 0-41.9 and DS 0-17%)

NCP>41.9-114.6 mm3 or diameter stenosis >17-33% 2.66 (1.502, 4.71) 0.0008

NCP>114.6 mm3 or diameter stenosis>33% 8.20 (5.047, 13.31) <.0001

MACE prediction by quartiles of diameter stenosis (A) and noncalcified plaque volume (B). MACE = major adverse cardiovascular events; NCP = noncalcified plaque 
volume.
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similar to the model without correction for statin use 
(both an AUC of 0.76) (Table 3). The addition of AI- 
QCT improved risk prediction significantly 
compared to the model of age, sex, and traditional 

risk factors (AUC: 0.67 vs 0.77; P < 0.001) (Table 3). 
The ASCVD model showed an AUC of 0.63 (95% CI: 
0.58-0.68), which improved to 0.75 (95% CI: 0.69- 
0.80) with the addition of AI-QCT. For the prediction 

TABLE 3 Stepwise Multivariable Modeling for the Primary Outcome

Multivariable 
HR (95% CI) AUC P Value

RF-CLa 0.625 (0.582, 0.667) <0.0001 (P value testing the 
hypothesis that c = 0.5)

Very low Ref. – –
Low 1.89 (1.20, 2.98)
Moderate 3.33 (2.12, 5.24)

ASCVDa 0.632 (0.580, 0.684) 0.5981 (vs RF-CL)
ASCVD risk score

0%-5% Ref.
5%-7.5% 2.88 (1.17, 7.09)
7.5%-20% 4.01 (1.94, 8.30)
>20% 4.48 (2.11, 9.52)

Optimal AI-QCT model 0.755 (0.719, 0.792) <0.0001 (vs RF-CL)
Lumen diameter stenosis, per 10% 1.25 (1.18, 1.32)
Noncalcified plaque volume, per 50 mm3 1.07 (1.03, 1.11)

Risk factors + age + sex + optimal AI-QCT model 0.774 (0.737, 0.810) <0.0001 (vs RF-CL)
Diabetes 1.48 (1.02, 2.16) – –
Hypertension 1.15 (0.81, 1.64) – –
Smoking 1.66 (1.12, 2.45) – –
Dyslipidemia 0.98 (0.70, 1.37) – –
Age (per 1-year increase) 1.01 (0.99, 1.03) – –
Sex (male vs female) 1.34 (0.93, 1.95) – –
Lumen diameter stenosis, per 10% 1.21 (1.14, 1.29) – –
Noncalcified plaque volume, per 50 mm3 1.07 (1.03, 1.11) – –

ASCVD + optimal AI-QCT model 0.747 (0.693, 0.800) <0.0001 (vs RF-CL)
ASCVD risk score – –

0%-5% Ref.
5%-7.5% 2.39 (0.97, 5.89)
7.5%-20% 2.50 (1.18, 5.30)
>20% 2.28 (1.03, 5.06)

Lumen diameter stenosis, per 10% 1.19 (1.09, 1.29) – –
Noncalcified plaque volume, per 50 mm3 1.07 (1.02, 1.13) – –

RF-CL + optimal AI-QCT model 0.762 (0.772, 0.802) <0.0001 (vs RF-CL)
RF-CL risk score – –

Very low Ref.
Low 1.41 (0.89, 2.23)
Moderate 1.61 (0.98, 2.62)

Lumen diameter stenosis, per 10% 1.22 (1.15, 1.30) – –
Noncalcified plaque volume, per 50 mm3 1.07 (1.04, 1.11) – –

RF-CL + optimal AI-QCT model + statins 0.758 (0.709, 0.807) <0.0001 (vs RF-CL)
RF-CL risk score – –

Very low Ref.
Low 1.53 (0.79, 2.96)
Moderate 1.96 (0.99, 3.86)

Lumen diameter stenosis, per 10% 1.25 (1.16,1.36) – –
Noncalcified plaque volume, per 50 mm3 1.03 (0.97, 1.09) – –
Statinsa 1.18 (0.70,1.99) – –

aASCVD score was available in 1,309 patients, statins were available in 2,192 patients, and RF-CL was available in 3,052 patients.
RF-CL = risk factor–weighted clinical likelihood model; other abbreviations as in Tables 1 and 2.
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of the secondary endpoint, similar results were 
observed, with the AI-QCT model outperforming the 
RF-CL model, the model including traditional risk 
factors, and the ASCVD risk score model in predicting 
all-cause mortality and nonfatal MI) (Supplemental 
Table 5). The AUC for predicting death and MI for 
the RF-CL model was 0.57 (95% CI: 0.49-0.65), the 
addition of the AI-QCT model significantly improved 
the AUC to 0.73 (95% CI: 0.67-0.81); P = 0.002, as 
shown in Supplemental Table 5). AI-QCT also 
improved risk stratification compared with the 
ASCVD score, pertaining to the secondary outcome of 
death and MI (Supplemental Table 5). Subgroup an
alyses stratified by sex and age categories consis
tently demonstrated that the AI-QCT model 
outperformed traditional risk factors and the RF-CL 
model in predicting MACE (Supplemental Tables 6 
to 9). Even in a subgroup analysis of patients 
without obstructive CAD (N = 3,034), the discrimi
natory value of the AI-QCT model was maintained 
(AUC: 0.70, [95% CI: 0.65-0.75]) (Supplemental 
Table 10). Supplemental Table 11 presents the Har
rell’s C-statistic alongside the AUC values, demon
strating results consistent with the AUC analysis.

CUMULATIVE INCIDENCE CURVES. The 3-year event 
rates for patients classified as low, intermediate, 
and high risk based on the optimal AI-QCT model 
were 1.3%, 3.2%, and 9.9%, respectively (Figure 3). 
The median NCP volumes for these groups were 
8.0 mm3, 42.6 mm3, and 160.0 mm3, respectively, 
with mean stenosis values of 4.3%, 17.7%, and 
49.9%, respectively. In comparison, the event rates 
for the very low, low, and moderate RF-CL calcu
lated risk were 2.6%, 4.8%, and 8.3%, respectively. 
Notably, the AI-QCT model provided more pro
nounced risk stratification compared to the RF-CL 
model, which was also observed for the secondary 
endpoint (Figure 4). Patients with a high median 
NCP volume (>41.9 mm3) had an increased risk of 

events regardless of their RF-CL–calculated risk. For 
example, moderate-risk patients according to the 
RF-CL model with an NCP volume >41.9 mm3 had a 
3.8-fold higher risk of MACE compared with 
moderate-risk patients whose NCP volume 
was #41.9 mm3 (Figure 5, Table 5). For the second
ary endpoint of death and MI, patients with an NCP 
volume >41.9 mm3 had higher event rates within 
each RF-CL risk category compared with those in 
the same category with an NCP 
volume #41.9 mm3 (Figure 5).

DISCUSSION

This study represents a multicenter, global registry 
using AI-guided coronary CT assessment and 
demonstrated that quantitative atherosclerosis mea
surements, specifically the burden of noncalcified 
atherosclerosis and diameter stenosis, were most 
predictive of future adverse events. Second, AI-QCT 
significantly enhanced risk stratification for both 
the primary and secondary endpoints when 
compared with the RF-CL model, ASCVD score, and 
traditional risk factors.

CONFIRM2 performed AI-guided plaque quantifi
cation of all coronary lesions within the coronary tree 
from which patient-level measurements were 
derived. The population consisted of patients with 
symptoms suggestive of CAD who underwent a clin
ically indicated CCTA. Most patients (59.5%) were at 
intermediate likelihood for obstructive CAD, and the 
event rate was approximately 1% per year. CAD 
characterization revealed a median TPV of 57 mm3, 
which was equal to a PAV of 2.2%. Most patients had 
nonobstructive CAD (60%), among which half of the 
events occurred. The findings of overall noncalcified 
atheroma burden and stenosis as key predictors for 
MACE are in line with those of intravascular imaging 
studies. By IVUS, the atheroma volume is one of the 
strongest predictors for coronary events.7,8 From 

TABLE 4 Evaluation of the Incremental Prognostic Value of Diameter Stenosis Beyond Noncalcified Plaque and Total Plaque Volume

Model AUC (95% CI) Estimate Difference (95% CI) P Value

Diameter stenosis alone 0.744 (0.707, 0.781) 0.011 (0.003, 0.019) DS alone vs DS + NCP = 0.0051
Diameter stenosis + NCP 0.755 (0.719, 0.792)
NCP alone 0.743 (0.706, 0.781) 0.012 (− 0.012, 0.035) NCP alone vs NCP + DS = 0.3229
NCP + diameter stenosis 0.755 (0.719, 0.792)
Diameter stenosis alone 0.744 (0.707, 0.781) 0.008 (0.002, 0.014) DS alone vs DS + TPV = 0.0125
Diameter stenosis + TPV 0.752 (0.715, 0.788)
TPV alone 0.742 (0.705, 0.780) 0.009 (− 0.013, 0.032) TPV alone vs DS + TPV = 0.4168
Diameter stenosis + TPV 0.752 (0.715, 0.788)

DS = diameter stenosis; NCP = noncalcified plaque; TPV = total plaque volume.
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OCT, lesions with thin cap fibroatheromas (defined as 
a lipidic rich plaque with a thin cap) and small lumen 
area showed the highest rates of subsequent events. 
Importantly, the plaque volume and LAP quantifica
tion by CT have shown high correlation with IVUS 
and OCT.11,12,14 ICONIC, a case-control study, 
demonstrated that the NCP predicted ACS indepen
dent from TPV. On the other hand, the so-called “1K 
plaque” represents a stable phenotype of CAD in 
which dense calcification exerts a protective ef
fect.16,17 Similarly, the PARADIGM (Progression of 

AtheRosclerotic PlAque DetermIned by Computed 
TomoGraphic Angiography IMaging) study high
lighted the transformative role of statin therapy in 
modulating atherosclerotic plaque phenotypes, 
showing statins to accelerate the calcification of 
NCPs in patients who underwent serial CCTA imag
ing.18,19 As such, the process initiated by statin 
therapy transforms NCPs into a more stable, CP 
phenotype. A recent retrospective study, however, 
demonstrated that statin therapy may also modulate 
low-density CPs (130-199 HU) into denser—and 

FIGURE 2 Predicted Probability of Events for the Primary Endpoint 

Predicted probability of events for the primary endpoint by diameter stenosis (A), TPV (B), and NCP volume (C). TPV = total plaque volume; other abbreviation as in 
Figure 1.
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presumably more stable—CP phenotypes.25 The 
importance of plaque burden coupled with the 
transformative abilities of antiatherosclerotic thera
pies suggests the need for plaque-based treatment 
strategy more than risk factor based. The ongoing 

TRANSFORM trial (Randomized Comparison of 
Stage-Based Care Versus Risk Factor-Based Care for 
Prevention of Cardiovascular Events; NCT06112418) 
evaluates this hypothesis by tailoring antiathero
sclerotic therapy by plaque burden and evaluates 

CENTRAL ILLUSTRATION AI-QCT Improves Risk Stratification in Patients With Chronic Coronary Syndromes 
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Central illustration showing that an artificial intelligence–based quantitative coronary computed tomography algorithm automatically extracts 24 parameters of 
coronary atherosclerosis from CCTA. Among these, only diameter stenosis and noncalcified plaque volume (AI-QCT) emerged as independent predictors of MACE. In 
contrast, the RF-CL model and the ASCVD risk score demonstrated poor discriminative performance for MACE prediction. AI-QCT provided incremental prognostic 
value beyond both RF-CL and ASCVD scores, enabling improved risk stratification in patients with chronic coronary syndromes. Notably, individuals with a median 
noncalcified plaque volume >41.9 mm3 were at significantly higher risk of MACE, irrespective of their RF-CL risk category. Together, these findings highlight the 
ability of AI-QCT to refine risk assessment. ASCVD = atherosclerotic cardiovascular disease; CCTA = coronary computed tomography angiography; other abbrevi
ations as in Figures 1 and 3.
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whether clinical outcomes are improved compared 
with risk factor–based care. Previously, the SCOT- 
HEART trial, though not leveraging quantitative 
CCTA, demonstrated that CCTA-guided management 
reduced MI incidence by 41% compared to the 

standard care arm.26 This may be a result of more 
appropriate statin or aspirin usage in patients with 
the greatest burden of NCP. The importance of 
diameter stenosis may be attributed to the more 
advanced and unstable plaque phenotypes of high- 

FIGURE 4 Cumulative Incident Curves for the Secondary Endpoint 

The 3-year event rates are plotted for the AI-QCT model divided by tertiles (A), and for the RF-CL model risk categories (B). Patients with NCP volumes above the 
median consistently demonstrated higher event rates within each RF-CL risk category compared with those with NCP volumes at or below the median. Numbers at 
risk for each group are provided below the x-axis. Abbreviations as in Figures 1 and 3.

FIGURE 3 Cumulative Incident Curves for the Primary Endpoint 

The 3-year event rates are plotted for the AI-QCT model divided by tertiles (A), and for the (B) RF-CL model risk categories. AI-QCT = artificial intelligence quan
titative CT; RF-CL = risk factor–weighted clinical likelihood.
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grade stenosis, or by recent rapid plaque progression 
prior to CCTA.27 This may have implications for per
forming revascularization procedures in high-grade 
coronary stenosis to reduce symptoms or improve 
prognosis.28,29

The predictive value of total NCP volume across 
the coronary tree in this CONFIRM2 study highlights 
the importance of a comprehensive atherosclerotic 
evaluation. Lesion-specific parameters, such as the 
number of HRPs or LAP $2 mm3, did not remain 
significant after multivariable adjustment, support
ing the hypothesis that global plaque burden is more 
predictive than a focus on HRPs alone, the so-called 

“vulnerable plaques.” The dynamic nature of 
atherosclerosis, subclinical plaque ruptures, and 
widespread use of antiatherosclerotic therapies likely 
contribute to the limited positive predictive value of 
vulnerable plaques for future events.8 The finding of 
NCP as the strongest plaque type predictor, as 
opposed to CP or LAP is unique, since quantitative 
evaluation of the SCOT-HEART identified LAP to be 
most prognostic, similar to other studies.30-32 The 
discrepant findings with the SCOT-HEART sub
analysis may be related to the use of semi
quantitative software (Autoplaque) in a selected 
cohort restricted to patients with visually detectable 

TABLE 5 Risk Categories According to the RF-CL Model and Corresponding Primary and Secondary Event Rates Stratified by Median 
NCP Volume

Primary Endpoint Event Rates 
% (95% CI)

Secondary Endpoint Event Rates 
% (95% CI)

Very low risk
Median NCP volume # 41.9 mm3 2.07% (1.25%-3.42%) 0.82% (0.37%-1.81%)
Median NCP volume >41.9 mm3 3.73% (2.12%-6.49%) 2.10% (1.01%-4.35%)

Low risk
Median NCP volume # 41.9 mm3 1.54% (0.80%-2.94%) 0.52% (0.17%-1.59%)
Median NCP volume >41.9 mm3 7.88% (6.02%-10.27%) 2.19% (1.30%-3.67%)

Moderate risk
Median NCP volume # 41.9 mm3 2.72% (1.14%-6.41%) 2.18% (0.82%-5.72%)
Median NCP volume >41.9 mm3 10.24% (7.97%-13.11%) 2.56% (1.52%-4.29%)

Abbreviations as in Tables 3 and 4.

FIGURE 5 Kaplan-Meier Events by RF-CL Risk and Noncalcified Plaque Volume 

Kaplan-Meier curves showing event rates across RF-CL risk categories stratified by median NCP volume (cutoff 41.9 mm3) for the primary endpoint (A) and secondary 
endpoint (B). MI = myocardial infarction; other abbreviations as in Figures 1 and 3.
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CAD.30 In contrast, the present study did not identify 
LAP as predictive, which may be explained by 
different endpoint definitions and the inclusion of all 
patients irrespective of visually detectable disease. 
Furthermore, variations in the upper HU threshold 
for LAP, and whether or not this threshold is adjusted 
for the lumen contrast attenuation may cause dif
ferences in LAP magnitude. In the current study, LAP 
was characterized by $− 30 and <30 HU, as it has 
shown the best accuracy in identifying lipid-rich 
plaques by near-infrared spectroscopy-IVUS.11 In 
another analysis, Nurmohamed et al within the 
ISCHEMIA (International Study of Comparative 
Health Effectiveness With Medical and Invasive Ap
proaches) trial identified TPV as the strongest pre
dictor, but their analysis included only proximal NCP 
rather than total NCP burden, which likely accounts 
for the discrepancy with the present findings.33

Importantly, TPV, NCP volume, and LAP are strongly 
correlated,30 and while prior studies were limited to a 
small number of plaque metrics, the current analysis 
evaluated 24 distinct CT-derived parameters.

AI-driven quantitative CCTA demonstrated signif
icant differences when compared with prior visually 
scored CT cohorts. For instance, the majority of 
atherosclerosis in CONFIRM2 was composed of NCP 
(42 mm3) compared to CP (7 mm3). Visual assess
ments, however, often report plaques as predomi
nantly calcified or a mix between calcified and NCP.34

In the CONFIRM1 registry, Hadamitzky found that 
among coronary plaque segments, 17% were non
calcified, 45% were calcified, and 38% had a mixed 
composition.34 The predominance of NCP observed 
in the current study aligns with findings from histo
logical and IVUS analyses.35,36 These discrepancies 
between AI-QCT and visual CT readings likely arise 
from moderate interobserver variability and the un
derestimation of noncalcified atherosclerosis in 
qualitative assessments.37,38 AI-QCT classified fewer 
scans as completely normal because it identifies 
small volumes of plaque that go undetected with vi
sual evaluation.

Notably, only 7% of the included patients had no 
plaque, in comparison with 37% and 33% by qualita
tive CT reads in the SCOT-HEART (Scottish 
COmputed Tomography of the HEART) and PROMISE 
(PROspective Multicenter Imaging Study for Evalua
tion of Chest Pain) trials, respectively, which 
included patients of comparable age and sex distri
bution.26,39 In addition, in studies such as the Miami 
Heart Study and CONFIRM 1 trial, the proportion of 
patients without CAD has traditionally been around 

50%.40,41 Most of these smaller plaques are 
composed of noncalcified atherosclerosis, which was 
one of the key predictors in CONFIRM2. The magni
tude of the prognostic importance of small volumes 
of atherosclerosis requires further study with more 
patients given the low number of events in this 
subpopulation. A previous serial CCTA study sug
gests that these plaques are not “image artifact or 
noise” since they persisted or increased in volume on 
follow-up CCTA: 87% of all plaques <50 mm3 (median 
6.2 mm3).42 Finally, significant differences in plaque 
volume magnitudes exist between different quanti
fication packages. The median PAV in CONFIRM2 was 
2.2%, while this was 39% in patients without events 
in SCOT-HEART, and 9.1% in another cohort of 
approximately 11,000 patients; both used different 
quantification packages.30,43 A recent study by Tzi
mas et al, including 11,808 patients, aimed to develop 
nomographic quantitative plaque values using the 
Artificial Intelligence–Enabled Quantitative Coronary 
Plaque Analysis tool (HeartFlow).43 Reported total, 
noncalcified, and CP volumes were substantially 
larger compared with the present study. For 
example, the median NCP volume was 184 mm3 (IQR: 
27-486) vs 42.3 mm3 (IQR: 13.05-125.55) in the current 
analysis. This difference may partly be explained by 
population characteristics, as the cohort studied by 
Tzimas and colleagues was predominantly from the 
United States and Canada, potentially reflecting a 
higher-risk profile compared with the larger propor
tion of European patients in the current study.43

However, CP volumes were also higher in the study 
by Tzimas et al, which cannot be only explained by 
vessel wall delineation alone and therefore more 
likely reflect the higher baseline risk profile of the 
included patients. Nevertheless, in a subanalysis of 
the SCOT-HEART trial using Autoplaque (Version 
2.5, Cedars-Sinai Medical Center), PAV was sub
stantially larger than in the present study, with a 
median PAV of 39% among patients without events 
compared with a median PAV of 2.17% in the 
overall population of the current analysis.30 This is 
noteworthy, as this involved a European popula
tion, yet PAV was higher in SCOT-HEART than in 
the current cohort. The most likely explanation 
presumably relates to methodological aspects of 
plaque quantification, particularly the delineation 
of the vessel wall, which may have contributed to 
the higher PAV observed in SCOT-HEART. Inclusion 
of the vessel wall in seemingly normal coronary 
segments can markedly increase the estimated NCP 
volume. This methodological difference may also 
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explain the lower plaque volumes observed in 
CONFIRM2, where only plaque from individual 
coronary lesions was quantified.

STUDY LIMITATIONS. This study is not without lim
itations. First, medical treatment may have been 
initiated or adjusted based on coronary CT findings, 
potentially influencing the results. Such in
terventions could attenuate the prognostic impact of 
the atherosclerosis findings, likely resulting in con
servative effect size estimates. Additionally, all cor
onary CT scans were analyzed using an AI-driven 
model without a comparison to the performance of 
visual coronary CT assessments. Studies directly 
comparing AI-QCT with CAD-RADS 2.0 are war
ranted, as such a visual benchmark would have 
further strengthened the findings of the present 
analysis. Furthermore, the absence of the coronary 
calcium score for all patients precluded a direct 
comparison, although a strong correlation exists be
tween the Agatston score and CP volume on coronary 
CTA (R = 0.76).44

CONCLUSIONS

This first multicenter global registry with AI-guided 
quantitative CT identified NCP burden and incre
ment in stenosis severity as the most powerful pre
dictors of MACE outperforming the RF-CL model and 
the ASCVD risk score. This demonstrates the inter
play between traditional and novel measures of the 

severity of CAD. Standardized and rapid quantitative 
assessment of CAD may improve clinical imple
mentation of multidimensional assessment of CAD as 
a cornerstone for risk assessment.
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