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Abstract:

Introduction: Automated quantitative plaque analysis and stenosis categorization from coronary CTA (CCTA) may improve
reproducibility and scalability, but require validation against expert reference standards. We evaluated the performance of a
deep learning CCTA software for coronary plaque quantification, vessel/lumen segmentation, CAD-RADS stenosis
categorization, and plaque-level detection.

Methods: In a retrospective, multicenter U.S. cohort, CCTA studies acquired on >64-detector scanners (2014-2025) without
prior coronary stents or CABG were screened for eligibility and image quality. Three Level Il expert readers annotated studies
using standardized guidelines, with adjudicated consensus as the reference. Software outputs were compared with expert
consensus using Pearson correlation (volumes), weighted kappa (CAD-RADS), Dice and Hausdorff distance (segmentation), and
plaque-level sensitivity/precision under two definitions of matched plaques.

Results: Of 189 screened cases, 171 met inclusion/exclusion criteria and 147 were analyzable after image-quality screening
(14.0% excluded), yielding 441 vessels and a balanced CAD-RADS distribution (0-5: 8.8%, 21.1%, 28.6%, 19.0%, 17.0%, 5.4%).
Patient-level correlations between software and expert consensus were high for total plaque volume (r=0.976), calcified
plaque volume (r=0.994), non-calcified plaque volume (r=0.945), and vessel volume (r=0.985) (all p<0.001). Patient-level
CAD-RADS agreement was 75.5% exact and 95.9% within one category; weighted kappa=0.810. Vessel- and lumen-surface
segmentation Dice were 0.888 and 0.887 with Hausdorff distances ~0.70 mm; plaque-region Dice was 0.618. For plaque-level
detection, the primary analysis (counting matched plaques as true positives, including those with <60% spatial overlap per the
matching framework) showed sensitivity 95.2% and precision 95.5%. A stricter sensitivity analysis reclassified matched plaques
with <60% overlap, yielding sensitivity 82.7% and precision 83.0%.

Conclusions: In a multicenter cohort spanning CAD-RADS 0-5, deep learning quantitative plaque analysis on CCTA showed
strong agreement with Level Il expert consensus for per-patient plaque volumes and CAD-RADS categorization, with robust
vessel/lumen segmentation. Plaque-level detection performance remained high under the primary definition and was durable
under stricter overlap assumptions, supporting scalable standardized plaque assessment to complement expert CCTA
interpretation.

Category (Complete): Artificial Intelligence/Machine Learning ; Plaque Imaging
Abstract Type (Complete)



