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Abstract

Coronary artery calcium (CAC) on routine non-gated chest CT can be quantified by artificial
intelligence (Al), but performance at treatment-relevant thresholds and effects on preventive care are
uncertain. We systematically reviewed 110 reports of Al-based CAC assessment on non-gated chest
CT; 59 contributed to meta-analyses. Against paired ECG-gated CT, pooled sensitivity and specificity
were 87.1% and 92.3% for CAC >0 and 83.1% and 96.3% for CAC 2100, with specificity above 97%
at 2300 and =400. Category disagreement was mainly underestimation: 30.7% of gated CAC 1-99
was classified as 0 and 40.3% of CAC 100-299 below 100. Adjusted hazard ratios for major adverse
cardiovascular events rose from 1.60 (CAC 1-100) to 3.39 (>400) versus CAC 0. In two randomised
trials, Al-enabled notification increased six-month statin prescribing (51.2% vs 6.9% and 44.0% vs
9.8%). Substantial Al-detected CAC should prompt review of preventive treatment, whereas low Al-

derived categories can underestimate disease burden.

Introduction

Cardiovascular disease remains a major cause of death and disability, making timely identification
and treatment of people at increased risk a priority for prevention.! Coronary artery calcium (CAC) is
an imaging marker of coronary atherosclerotic burden that can inform preventive treatment decisions
alongside clinical risk assessment.2? Dedicated electrocardiogram (ECG)-gated CT synchronises
image acquisition with the cardiac cycle to reduce motion artefacts and is the established method for
CAC quantification. However, it requires a separate examination, with costs and access barriers that
limit its use.*® For patients already undergoing chest CT for other clinical indications, assessment of
CAC on these non-ECG-gated images (hereafter non-gated CT) offers an opportunity to identify
coronary atherosclerosis without an additional scan and extend cardiovascular prevention to patients

being investigated for other conditions.>¢

Artificial intelligence (Al) can support this approach by identifying and quantifying CAC on routinely
acquired CT images. Models provide numerical calcium scores, severity categories, or both, enabling
assessment across large numbers of examinations without requiring clinicians to measure calcium
individually.>” Commercial systems have received regulatory clearance,® and the 2026 US
dyslipidaemia guideline explicitly incorporates incidental CAC assessed visually or with a validated Al
algorithm into decisions about lipid-lowering therapy. Its recommendations link the extent of coronary
atherosclerosis to treatment intensity and lipid goals, giving Al-derived assessments a concrete role

in preventive care.®

As Al-based opportunistic CAC assessment enters clinical practice, its performance needs to be
considered in relation to the preventive decisions it is intended to inform. A previous meta-analysis of
25 studies reported strong but heterogeneous agreement between Al and manual CAC scoring
across studies that included dedicated cardiac CT as well as non-gated examinations,® and two
scoping reviews described prognostic associations and early clinical implementation without meta-
analysis; one was limited to English-language studies and the other used single-reviewer screening

without formal quality assessment.®'® However, high overall agreement can coexist with
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misclassification at CAC thresholds that influence whether lipid-lowering treatment is started or
intensified. The evidence has also expanded beyond measurement and risk prediction: recent
studies have evaluated whether incorporating Al-detected CAC into clinical care changes preventive
management.”'2 An updated synthesis focused on non-gated CT is therefore needed to assess

performance at treatment-relevant levels of disease burden alongside this emerging evidence.

We therefore conducted a systematic review and meta-analysis of Al-based opportunistic CAC
assessment on non-gated CT to evaluate diagnostic accuracy and severity classification,
associations with subsequent cardiovascular events, and the effects of Al-enabled care pathways on

preventive management.

Results

Study selection and characteristics

Searches identified 6,542 records, of which 3,308 were removed before screening (2,467 duplicates,
795 conference abstracts, and 46 registrations or superseded versions). Of the 3,234 titles and
abstracts screened, 341 reports were sought, seven could not be retrieved, and 334 full texts were
assessed. Overall, 110 reports were included,”'"-'"° of which 59 contributed to at least one meta-

analysis (Fig. 1; Table 1; Supplementary Tables 19 and 20).

Characteristics of all included reports are presented in Supplementary Table 5A. By principal
evidence contribution, 32 reports addressed the paired ECG-gated reference, 37 the same-scan
manual reference, nine the expert visual reference, 24 prognosis, and four implementation pathways,
and four provided other eligible evidence (scan—rescan repeatability, a radiation-dose comparison,
and accuracy data that could not be pooled); 51 reports evaluated commercial systems and 56
academic or research algorithms. Studies included lung-screening, routine chest CT, oncology, and
PET-CT attenuation-correction settings, with scanners from multiple manufacturers, section
thicknesses from submillimetre to 5 mm, and soft-tissue and sharp kernels. Overall risk of bias was
high in 40 (51%) of 78 paired-gated and 36 (49%) of 73 same-scan manual diagnostic estimates; of
16 major adverse cardiovascular event (MACE) estimates, 11 were at moderate and five at high risk

of bias (Fig. 2; Supplementary Fig. 1; Supplementary Tables 3A—4).

Pooled sensitivity and specificity by reference standard and threshold

Sensitivity and specificity were pooled separately for each reference standard and threshold (CAC
>0, 2100, =300, and 2400 Agatston units [AU]); the paired ECG-gated comparisons at CAC >0 and
=100 were the co-primary outcomes (Table 2). Against paired ECG-gated CT, pooled sensitivity for
CAC >0 was 87.1% (95% confidence interval [Cl] 83.2—90.2) and specificity was 92.3% (87.2-95.4),
based on 24 estimates from 17 reports (n = 9,393). At CAC 2100, 26 estimates from 19 reports (n =
10,940) yielded sensitivity of 83.1% (78.5—-86.8) and specificity of 96.3% (94.2-97.7). Sensitivity and
specificity were 80.5% (61.5-91.5) and 98.9% (96.2-99.7) at CAC 2300, and 80.1% (74.3-84.9) and
97.7% (96.2-98.7) at CAC 2400 (Figs. 3 and 4; Supplementary Table 6; Supplementary Fig. 2).
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Against manual scoring on the same non-gated image, pooled sensitivities at CAC >0, =100, =300,
and 2400 were 93.8%, 93.3%, 90.5%, and 90.3%, respectively; corresponding specificities were
88.7%, 97.5%, 98.5%, and 98.7% (Fig. 5; Fig. 6a, b; Supplementary Table 6). Against expert visual
assessment, sensitivity for detecting any CAC was 95.8% (95% CI 93.9-97.1) and specificity was
90.3% (68.0-97.6), based on four reports (n = 1,043; Fig. 6¢). Comparable data supported pooling of

CAC presence only; visual severity grades were summarised descriptively.

Agreement of Al-derived CAC categories with ECG-gated CT

For patients in each ECG-gated CAC category, cross-classification analyses estimated how Al on the
paired non-gated CT categorised them: the probability of the same category (correct classification), a
lower category (underestimation), or a higher category (overestimation). Six cross-classification
tables from four reports (n = 1,727) informed the primary analysis using ECG-gated categories of 0,
1-99, 100-299, and =300 AU (Fig. 7a). Probabilities of correct classification were 95.5%, 62.5%,
51.9%, and 78.3%, respectively, and underestimation was more frequent than overestimation in both
intermediate categories. For gated CAC 1-99, the probability of classification as 0 was 30.7% (95%
credible interval [Crl] 13.8-54.1), compared with 6.8% for classification as 2100. For gated CAC 100—
299, the probability of classification below 100 was 40.3% (17.2—69.6), compared with 7.7% (1.4—
22.5) for classification as 2300. Among those with gated CAC 2300, 21.7% (8.9—43.0) were classified
below 300 and 4.1% (1.0-11.8) below 100. No gated CAC 0 case was classified as 2100 in the
contributing tables (model-based probability 0.6% [0.1-1.7]; Supplementary Table 8; Supplementary
Fig. 4).

The alternative scheme of 0, 1-99, 100-399, and 2400 was analysed separately using 20 tables from
15 reports (n = 7,935), none shared with the primary analysis (Fig. 7b). The probability of classifying
gated CAC 1-99 as 0 was 30.7% (95% Crl 20.7—41.9). For gated CAC 100-399, 31.9% (23.2—41.0)
were classified below 100 and 6.5% (3.7-10.3) as 2400. Among those with gated CAC 2400, 19.5%
(15.0-24.7) were classified below 400 (complete probabilities, leave-one-report-out analyses, and

weighted k in Supplementary Tables 9 and 10 and Supplementary Fig. 5).

Sensitivity analyses, publication bias, and meta-regression

Restriction to estimates at low overall risk of bias yielded sensitivity and specificity of 87.5% and
84.8% at CAC >0 and 78.5% and 94.8% at CAC =100; restriction to confirmed non-contrast CT
yielded 86.7% and 92.4%, and 82.2% and 96.5%, respectively (Supplementary Table 6). Deeks
regression suggested funnel asymmetry at CAC 2100 (P = 0.067) and 2400 (P = 0.054) but not at
CAC >0 (P = 0.14); with four reports at CAC =300, asymmetry testing was of limited value
(Supplementary Fig. 3). Certainty for paired-gated diagnostic outcomes was low or very low

(Supplementary Table 7).

After false-discovery-rate (FDR) correction, performance differed by commercial status at CAC >0,
=100, and 2400, predominantly in specificity; at CAC =100, sensitivity was 81.6% for commercial and
83.9% for non-commercial systems, and specificity was 98.5% and 88.7% (global g < 0.0001).

Publication-year band was associated with performance at CAC >0, and country or region and model
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architecture at CAC 2400; no other covariate was associated with performance where estimable, and
none met the minimum information requirement at CAC =300 (Supplementary Table 13;

Supplementary Figs. 7 and 8; Supplementary Data 1, sheet S6).

Agreement of Agatston scores and sources of discrepancy

Twenty-six reports provided 39 Bland—Altman comparisons of whole-heart Agatston scores (25
against paired ECG-gated CT and 14 against same-scan manual scoring). Limits of agreement
varied substantially, and several comparisons showed mean biases close to zero despite 95% limits
of agreement extending several hundred AU in either direction (Supplementary Fig. 6). No report
derived non-gated-specific CAC cutpoints by calibration against paired ECG-gated categories and

then validated the full set of cutpoints in an independent sample (Supplementary Data 1, sheet S5).

In six reports comparing human and Al assessments of the same non-gated images against a
common gated reference, both underestimated CAC categories in the most comparable studies,
although none formally tested human-versus-Al superiority (Supplementary Tables 11 and 12). With
the scoring model held constant, exact category agreement was 91.0%, 84.8%, and 62.5% when the
same raw CT data were reconstructed at 1, 3, and 5 mm.*® When the same algorithm scored both
examinations in the same 652 patients, category accuracy against the gated manual reference was
96.8% on the gated CT but 86.0% on the denoised non-gated CT.2* Deep-learning conversion of
kernel and slice thickness increased the concordance correlation coefficient from 0.269 to 0.881 and
weighted k from 0.115 to 0.792.2

Al-derived CAC and major adverse cardiovascular events

Higher Al-derived CAC categories were associated with subsequent MACE (Fig. 8). Compared with
CAC 0, pooled adjusted hazard ratios were 1.60 (95% CI 1.29-1.97; six reports) for CAC 1-100, 2.40
(1.49-3.89; five reports) for CAC 101—400, and 3.39 (1.65-6.98; four reports) for CAC >400.
Between-study heterogeneity increased across these categories (1> = 25.5%, 71.0%, and 78.1%,
respectively), with corresponding 95% prediction intervals of 1.12-2.27, 0.94-6.15, and 1.01-11.42.
Certainty was moderate for CAC 1-100 and low for the higher categories (Supplementary Tables 14—
16).

Al-enabled notification pathways and preventive treatment

Two randomised trials evaluated Al-enabled CAC notification pathways (Table 3; Supplementary
Tables 17 and 18). In NOTIFY-1, statins were prescribed within six months to 44 of 86 participants
(51.2%) assigned to notification and six of 87 (6.9%) receiving usual care (risk ratio [RR] 7.42, 95%
Cl 3.34-16.50)." In NOTIFY-PICTURE, the corresponding proportions were 44 of 100 (44.0%) and
ten of 102 (9.8%; RR 4.49, 2.39-8.42)."2 A secondary fixed-effect synthesis yielded RR 5.44 (3.32—

8.92), and certainty was high for the effect of the complete pathways on six-month prescribing.

In NOTIFY-PICTURE, CAC had been mentioned in 196 (97.0%) of 202 original radiology reports but
in only eight (4.0%) report impressions. Notification increased clinical encounters and downstream

testing in NOTIFY-1, including coronary artery disease testing (13 of 86 vs two of 87); NOTIFY-



164
165
166
167

168
169
170
171
172

173
174
175
176
177
178
179
180

181
182
183
184
185
186
187
188
189

190
191
192
193
194
195
196
197
198
199
200
201

PICTURE reported cardiovascular testing in 41 of 100 versus 28 of 102 participants and no increase
in health-care utilisation. Among NOTIFY-1 participants with follow-up lipid measurements (50 vs 29),
mean low-density lipoprotein (LDL) cholesterol was 97.2 mg/dL (SD 30.3) versus 115.3 mg/dL (29.4;
P =0.005).

In NOTIFY-EXTEND, uncontrolled follow-up of early- and delayed-natification recipients from
NOTIFY-1 showed a reduction in mean LDL cholesterol from 115.6 mg/dL (SD 28.2) to 90.6 mg/dL
(35.1; P < 0.01) among 97 participants retested at 12 months. Of 86 participants who initiated statins,
75 (87%) remained treated at 18 months.'% Neither randomised trial assessed effects on

cardiovascular events.

Discussion

In this systematic review and meta-analysis, Al-based CAC assessment on non-gated CT showed
high specificity against paired ECG-gated CT at thresholds used to guide prevention, although
sensitivity was lower and severity classification tended towards underestimation. Higher Al-derived
CAC was associated with greater subsequent MACE risk, and randomised trials showed that
incorporating Al-detected CAC into notification pathways substantially increased statin prescribing.
AI-CAC can therefore extend assessment of coronary atherosclerosis to patients undergoing CT for

other indications, with its clinical value depending on how the findings inform subsequent care.

The opportunity extends beyond patients whose cardiovascular risk has been underestimated.
Among 5,678 adults without known atherosclerotic cardiovascular disease (ASCVD) undergoing
routine non-gated CT, those with AI-CAC =100 had an average estimated 10-year ASCVD risk of
approximately 24%, yet only 26% were receiving statins.'?® Recent discussions of disease-based
prevention have emphasised recognising and treating subclinical atherosclerosis, and reviews of
incidental CAC have described how existing CT examinations could support this approach.'?''22 Qur
findings provide Al-specific evidence for bringing it into routine imaging, potentially reaching patients
with unrecognised disease and those whose recognised risk has not led to treatment. Using these

findings in treatment discussions may improve adherence and risk-factor control.'23124

High specificity against paired ECG-gated CT at CAC =100 and higher thresholds supports using
substantial Al-detected CAC to prompt preventive treatment review, whereas lower sensitivity
cautions against interpreting a low Al-derived score as evidence that clinically important disease is
absent. In the intermediate categories, Al more often underestimated than overestimated the
category, with substantial uncertainty, and a larger, separate evidence base using the 400-AU
scheme showed a similar pattern. A previous meta-analysis reported strong agreement between Al
and manual scoring (k 0.83) across gated and non-gated CT, and a scoping review described Al
misclassification as mostly underestimation without pooling estimates;®®° our threshold-specific and
cross-classification analyses quantify where, and in which direction, disagreement occurs.
Classification below 100 could weaken the indication for intensive lipid lowering. Movement between
CAC 100-299 and 300—999 might leave the initial LDL-cholesterol goal unchanged, although the

higher category can justify further intensification.® Category disagreement should therefore be
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interpreted in relation to the treatment decision it might change, and an Al report of no CAC should

not overturn an otherwise established indication for lipid-lowering therapy.

Some discrepancy appears to arise from the images themselves: human readers of the same non-
gated scans also underestimated categories in the most comparable studies, and performance
changed when reconstruction settings varied with the Al scorer held constant.?4° Accurate scoring of
a non-gated image therefore need not reproduce the burden measured on a dedicated gated
examination. If the Al-reported category conflicts with calcification visible on the images, or would
change treatment, the images should be reviewed; a dedicated gated CT is warranted only when its
result would alter management. Future studies should test whether image harmonisation reduces

underestimation while preserving specificity at treatment thresholds.

The prognostic evidence supports retaining severity information: adjusted MACE hazard ratios
increased across Al-derived categories, although heterogeneity was greater at higher burdens. This
is consistent with Multi-Ethnic Study of Atherosclerosis (MESA) evidence of similar prognostic value
for manually assessed CAC on non-gated and gated examinations.' Useful risk stratification can
therefore persist despite imperfect numerical correspondence with gated scores, although these
associations do not establish that individual Al-derived and gated scores are interchangeable, or

determine absolute treatment benefit for a particular patient.

The notification trials show that this information can change preventive care, with substantial
increases in prescribing of a treatment with established cardiovascular benefit.”"'? The interventions
combined Al detection with communication and clinical follow-up; their effects support the complete
intervention but do not establish the incremental benefit of Al over other methods of identifying CAC.
Because CAC had already been mentioned in 97% of original radiology reports in NOTIFY-
PICTURE, the trial illustrates a failure of reported disease to prompt treatment as well as an
opportunity to improve detection. Together, the trials support actively communicating clinically
important CAC to the clinician responsible for prevention, with information that helps patients

understand why treatment is being considered.

The next objective should be appropriate and sustained treatment after disease is identified. The
2026 dyslipidaemia guideline supports high-intensity statin therapy for moderate-to-severe incidental
CAC assessed visually or with a validated Al algorithm, targeting at least a 50% LDL-cholesterol
reduction and a concentration below 70 mg/dL.® In CAUGHT-CAD, disclosure of gated CAC with
education and statin treatment produced greater LDL-cholesterol reduction and slower plaque
progression over three years;'?® although it did not evaluate opportunistic AI-CAC, it provides a model
for what should follow detection. NOTIFY-EXTEND suggests treatment persistence, although its
follow-up was uncontrolled.' Future trials should assess sustained LDL-cholesterol control, including

in patients whose existing lipid-lowering therapy might be insufficient for their disease burden.

Implementation should distinguish preventive management from investigation of possible
symptomatic disease. For asymptomatic patients, incidental CAC generally calls for risk-factor

assessment and treatment rather than routine additional coronary imaging or ischaemia testing.'? A
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useful AlI-CAC service would make the burden clear in the radiology report and connect the finding to
a clinician able to review symptoms and current treatment. Evaluations should measure treatment
uptake and lipid control alongside the appropriateness of additional testing and the workload of
follow-up, particularly in patients undergoing CT for pulmonary or oncological disease, in whom

competing illness and preferences influence the value of prevention.

This review brings together evidence on measurement, prognosis, and preventive care while
distinguishing reference standards that address different aspects of performance. Several limitations
affect interpretation. Around half of the selected diagnostic estimates were at high risk of bias, and
certainty for paired-gated diagnostic outcomes was low or very low. The primary cross-classification
analysis was based on four reports, although a larger, non-overlapping analysis supported a similar
pattern. Evidence against expert visual assessment supported pooling of CAC presence only, and
most quantitative validation data came from non-contrast CT. Study-level comparisons could not
reliably separate algorithm effects from acquisition protocols and populations, and prognostic studies
differed in adjustment and setting. Most reports came from North America, Europe, and east Asia
(Supplementary Table 5A), which limits assessment of applicability to other regions and populations.
The two randomised implementation trials were conducted at single centres and did not assess

cardiovascular events.

Al-based opportunistic CAC assessment provides an opportunity to act on coronary atherosclerosis
that would otherwise remain outside, or fail to influence, preventive care. The evidence supports its
use to identify substantial disease and inform treatment, while recognising that Al can underestimate
severity categories; multicentre trials should establish whether improved prescribing is sustained and

leads to effective lipid control and fewer cardiovascular events.

Methods

Protocol and registration

This systematic review and meta-analysis was registered prospectively with INPLASY
(INPLASY202660006) and is reported according to PRISMA 2020, PRISMA-DTA, and PRISMA-S
(Supplementary Section 9).'2-13° Deviations from the registered protocol are listed in Supplementary
Table 1.

Search strategy

We searched PubMed, Embase, Web of Science Core Collection, and the Cochrane Central Register
of Controlled Trials from inception to 2 October 2026, without date or language restrictions, using
terms for CAC, non-gated thoracic CT, and artificial intelligence, including machine learning and deep
learning; a supplementary search targeted implementation and preventive-care reports that might not
mention Al in the title or abstract (full strategies in Supplementary Note 1). Records were
deduplicated by DOI, PMID, and normalised title, and conference abstracts, registrations, and

superseded versions were removed before screening. Study authors were not contacted.
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Eligibility criteria

Eligible reports enrolled adults undergoing routine non-gated chest CT, including low-dose lung-
screening, diagnostic, oncology, radiotherapy-planning, and PET/CT attenuation-correction
acquisitions, and evaluated an automated, machine-learning, or deep-learning method for CAC
detection, quantification, categorisation, or prognostic assessment, or a care pathway incorporating
Al-detected CAC. Eligible reference standards were quantitative assessment on paired ECG-gated
calcium-scoring CT, manual or semi-manual Agatston assessment on the same non-gated image,
and expert visual CAC grading. Diagnostic accuracy, agreement, cohort, prognostic, randomised,
non-randomised, before—after, and quality-improvement designs were eligible when a relevant
outcome was extractable, as were full-length conference proceedings and preprints with sufficient
methods. We excluded abstract-only records, duplicate or superseded versions, gated-only or
coronary CT angiography-only studies without separately reported non-gated data, manual-only
assessments, phantom, simulation, or animal studies, series with fewer than 10 participants, reviews,
studies of non-coronary calcification, and reports without extractable eligible outcomes. When both

uncorrected and manually corrected Al results were reported, the uncorrected output was prioritised.

Study selection and data extraction

Two reviewers (Y.-C.C. and Y.-C.W.) independently screened titles and abstracts, assessed full
texts, and extracted study, participant (including sex), imaging, algorithm, reference-standard, and
outcome data; disagreements were resolved by consensus or by a third reviewer (C.-Y.Y.). Reports
not retrieved and reports excluded after full-text assessment, with reasons, are listed in
Supplementary Tables 19 and 20. Calcium-volume and mass measurements were not converted to
Agatston units (AU). Threshold-specific 2x2 tables were reconstructed from reported category tables
where necessary, and thresholds defined as >100 or >400 were grouped with 2100 and 2400.
Throughout, an estimate denotes a threshold-specific result from one participant cohort against one
reference standard. Reports were linked by named datasets, institutions, enrolment periods, sample
sizes, and algorithm families; within each synthesis, cohorts judged to overlap definitely or probably
were represented once, and possible overlap was documented (Supplementary Table 5B;
Supplementary Data 1, sheet S12). When several outputs were available for the same participants,
we retained the prespecified or report-designated primary uncorrected output, then prioritised

external validation and the most complete cohort, without reference to observed performance.

Reference standards and outcomes

Three reference standards were analysed separately: paired ECG-gated calcium-scoring CT, which
assessed whether Al reproduced dedicated calcium-scoring classifications; manual quantitative
assessment of the same non-gated image, which compared Al and human scoring of identical
images; and expert visual assessment (Supplementary Table 2). The prespecified co-primary
outcomes were sensitivity and specificity of Al-derived CAC at thresholds of >0 and 2100 AU against
paired ECG-gated CT; 2300 and 2400 AU were secondary thresholds. CAC >0 identifies calcified

coronary atherosclerosis, CAC =100 supports intensive lipid lowering, and CAC =300 identifies a
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burden for which current guidance supports considering further intensification;®* 400 AU defines the
highest category of an established alternative classification. For category agreement, we estimated
the probability of each Al-derived category within each ECG-gated reference category, separately for
the primary scheme (0, 1-99, 100-299, and =300 AU) and the alternative scheme (0, 1-99, 100—
399, and 2400 AU), without converting observations between schemes. Continuous-score agreement
(mean bias and Bland—Altman limits of agreement) was summarised descriptively by reference
standard. For prognosis, we examined adjusted Cox-model hazard ratios for study-defined MACE,
comparing Al-derived CAC 1-100, 101—400, and >400 with CAC 0. The primary implementation
outcome was statin prescribing within six months of assignment to an Al-enabled CAC care pathway
versus usual care; treatment persistence, lipid outcomes, downstream testing, health-care use, and

cardiovascular events were also examined.

Risk of bias and applicability

Diagnostic-accuracy estimates were assessed with QUADAS-3 (version 1.2), prognostic estimates
with QUIPS, and randomised trials with RoB 2.'¥'-33 The unit of diagnostic assessment was the
selected estimate, defined by report, cohort, algorithm, reference standard, threshold, analysis
population, and synthesis question; risk of bias was judged for the Participants, Index test, Target
condition, and Analysis domains and applicability for the first three, with overall judgments of Low,
High, or Insufficient information (High if any domain was High; Low if all were Low). The 20 official
QUADAS-3 signalling questions were retained verbatim, with one additional, separately labelled
question on independence between Al development and evaluation data. Two reviewers assessed
each estimate independently against the full report and supplementary material, with adjudication by
C.-Y.Y. when required; all judgments, rationales, and signalling-question responses are provided in

Supplementary Data 1 (sheets S2—-S4).

Certainty of evidence

Certainty was assessed post hoc with GRADE for the paired-gated diagnostic outcomes at CAC >0,
2100, and 2300 (sensitivity and specificity rated separately), for each MACE contrast, and for six-
month statin prescribing after an Al-enabled notification pathway, using the GRADE frameworks for
test accuracy, prognostic factors, and interventions, respectively.**'*° Domain-specific judgments
and their rationale are given in Supplementary Tables 7, 16, and 18; the implementation estimand

was assignment to the complete pathway rather than the isolated effect of Al.

Statistics and reproducibility

Diagnostic accuracy. Threshold-specific 2x2 tables were pooled with bivariate random-effects
models (Reitsma parameterisation, restricted maximum likelihood [REMLY]), fitted separately for each
reference standard and threshold.'#':"42 A continuity correction of 0.5 was applied only to individual
estimates containing a zero cell; individual estimates are shown with exact binomial 95% Cls and
pooled estimates with model-based 95% Cls and prediction intervals. Summary receiver operating
characteristic curves used the Rutter—Gatsonis form of each model, and likelihood ratios and

predictive values at assumed prevalences of 10% to 40% were derived from the joint model
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covariance (Supplementary Data 1, sheets S9B and S9C). Sensitivity analyses refitted the paired-
gated models with one contribution per participant cohort after report linkage and, at CAC >0 and
2100, after restriction to estimates at low risk of bias, aggregation of non-overlapping cohorts within
reports, restriction to confirmed non-contrast CT, and two extreme allocations of failed or
unassessable scans (Supplementary Table 6; Supplementary Data 1, sheets S9A and S9D). Small-
study effects were assessed with threshold-specific Deeks weighted regression after dependent
estimates were aggregated within reports; a two-sided P value below 0.10 indicated funnel

asymmetry, and analyses with fewer than ten reports were interpreted descriptively.™?

Category agreement. Report- and cohort-level 4x4 cross-classification tables were analysed with a
Bayesian hierarchical multinomial logistic-normal model, an extension of multivariate random-effects
approaches for staging tables and multiple-threshold tests.'*4-'46 Within each ECG-gated reference
category, the correct-classification cell was the baseline and the remaining logits varied across
tables, with Normal(0, 2) priors on pooled logit means and half-Normal(0, 1) priors on between-table
standard deviations. Models were fitted in Stan with four chains of 2,000 warm-up and 2,000
sampling iterations,'” and posterior means with equal-tailed 95% credible intervals (Crls) are
reported; probabilities of underestimation and overestimation were derived within each posterior
draw. Leave-one-report-out analyses omitted all tables associated with each report, including related
reports sharing participants. Convergence criteria and diagnostics are reported in Supplementary
Table 8. Linear-weighted k was calculated from complete tables, with variances from 10,000
multinomial bootstrap samples, and pooled with REML random-effects models and modified

Hartung—Knapp confidence intervals (Supplementary Table 10).

Continuous agreement and sources of discrepancy. Bland—Altman bias and limits of agreement on
the native Agatston scale were summarised descriptively because imaging protocols and score
distributions differed between studies; reference-minus-index definitions were reoriented to index
minus reference. Human-versus-Al comparisons were restricted to reports in which both assessed
the same non-gated image against the same paired ECG-gated reference and were summarised
descriptively, because separate index-versus-reference tables do not preserve the paired
discordance required for a formal superiority test. Studies comparing different image inputs with the

same algorithm were grouped by what was held constant (Supplementary Tables 11 and 12).

Subgroup analyses and meta-regression. Prespecified study-level covariates (commercial status,
country or region, CT clinical setting, model architecture, paired-scan timing, publication year,
reconstruction kernel, scanner vendor, slice thickness, training ground-truth pairing, and validation
design) were examined at each paired-gated threshold by bivariate meta-regression jointly modelling
logit sensitivity and logit false-positive rate; contrast status was summarised descriptively. Formal
fitting required at least 10 contributing reports and at least two levels, each with at least three
estimates from three reports. Global effects were assessed with likelihood-ratio tests and Benjamini—
Hochberg false-discovery-rate adjustment within each threshold;'*® component coefficients were used

only to describe the direction of an FDR-significant result, and absolute subgroup estimates were
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obtained from subgroup-specific bivariate models (Supplementary Table 13; Supplementary Figs. 7
and 8).

Prognosis. The prespecified fully adjusted hazard ratio with a complete 95% CIl was selected from
each report, and adjusted hazard ratios were pooled on the log scale with REML random-effects
models and Hartung—Knapp inference, with 95% prediction intervals where at least three reports
contributed.™®1% One proximal-CAC estimate was retained for narrative synthesis because its

contrast was not exchangeable with the harmonised categories.

Implementation. The two randomised trials were presented individually because their bundled
workflows differed; six-month statin prescribing was expressed as risk ratios with 95% Cls, with a
secondary fixed-effect inverse-variance synthesis that was not interpreted as the isolated effect of Al.

Other outcomes and uncontrolled follow-up were summarised descriptively.

All statistical tests were two-sided; apart from the prespecified criteria for Deeks regression (P <
0.10) and FDR-adjusted q < 0.05, inference relied on estimates with 95% Cls or Crls. Analyses used
R version 4.5.3 with mada 0.5.12, metafor 5.0.1, and CmdStan 2.39.0 through cmdstanr 0.9.0.15'-1%4
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Table 1. Reports contributing to at least one meta-analysis (n = 59)

Report Region Setting Participants Non-contrast CT Al system Validation Syntheses
confirmed

Dobrolinska et al, Europe PET/CT attenuation- 213 Yes syngo.via CT External G, K

2023 correction LDCT; CaScoring (commercial)
suspected CAD

Dobrolinska et al, Europe PET/CT attenuation- 572; 507 Yes Academic deep- Internal; prognostic G, P K

202416 correction LDCT; learning model
suspected CAD

Eng et al, 20217 Multinational Routine chest CT; 391 Yes Academic deep- External and internal G, K
multicentre validation learning model
cohorts

Gokmen et al, 202618 North America Non-gated chest CT 205 No Academic: CARD-ViT External G
with paired gated
cohorts

Hagopian et al, 20250 North America Routine non-contrast 795 Yes Academic: AI-CAC Internal; held-out test G, K
chest CT; Veterans (open source) set
Affairs

Kang et al, 2023 East Asia Low-dose chest CT with | 567; 453 No AVIEW CAC External G, K
paired gated CT (commercial)

Kim et al, 2025a23 East Asia Low-dose chest CT with | 225; 93 Yes AVIEW CAC with image | Held-out test set G, K
paired gated CT conversion

(commercial)

Kim et al, 2025b%* Multinational Low-dose chest CT with | 652; 199 No ClariCardio External G, M, K
paired gated CT (commercial)

Li et al, 202325 North America Public chest CT dataset | 659; 63; 89 No Academic deep- Internal K
(COCA) learning model

Ludwig et al, 202677 North America Mixed cohorts: calcium 495; 245; 125 Yes DL-CAC (commercial) External G
scoring, lung screening,
transplant candidates

McKinney et al, 2025%° North America Routine non-gated 491; 331 Yes ClearRead CT CAC External G, MK
chest CT; five hospitals (commercial)

Morf et al, 202230 Europe Oncology FDG PET/CT | 100 Yes AVIEW CAC External G, K
attenuation-correction (commercial)
CT

Oh et al, 20243 East Asia PET/CT attenuation- 210 Yes AVIEW CAC External G, K
correction CT with (commercial)
paired gated CT

Pieszko et al, 202232 North America PET myocardial 507 No Academic deep- External G, K
perfusion CT learning model
attenuation maps

Pieszko et al, 20233 North America PET myocardial 4,331; 2,737; 2,502 No Academic deep- External; prognostic G, P, K
perfusion CT learning model
attenuation maps

van Assen et al, 202135 North America Chest CT with paired 93 Yes Al-Rad Companion External G, K
cardiac CT Chest CT (commercial)

Xu et al, 202137 East Asia Non-gated chest CT 901 Yes CACScoreDoc Held-out test set G, K
with paired gated CT (commercial)

Xu et al, 202238 East Asia Routine chest CT with 144; 117 Yes Academic deep- External and internal G, K

paired gated CT

learning model
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Report Region Setting Participants Non-contrast CT Al system Validation Syntheses
confirmed

Xu et al, 202539 East Asia Inpatients with type 2 1,041; 694; 506; 400 No uAl Discover External G, K
diabetes; chest CT (commercial)

Yin et al, 202440 East Asia Suspected CAD; low- 112 Yes CACScoreDoc Unclear G, K
dose chest CT with (commercial)
paired gated CT

Yu et al, 202241 East Asia Known or suspected 405 Yes CACScoreDoc External G, K
CAD; chest CT with (commercial)
paired gated CT

Anifowose et al, 202643 Multinational Non-small-cell lung 97; 95; 81; 50; 226 Yes Academic: OncCalc External M
cancer; chest CT and
PET-CT

Balbi et al, 2023* Europe Lung-cancer screening 4,098; 100 No AVIEW (commercial) External M
LDCT (BioMILD)

Barrett et al, 20254 Multinational PET myocardial 498 Yes Academic deep- External M, K
perfusion CT learning model
attenuation maps

Cano-Espinosa et al, North America Smokers; chest CT 1,000 Yes Academic deep- Internal M

2018a% (COPDGene) learning model

Cano-Espinosa et al, North America Smokers; chest CT 988 Yes Academic deep- Internal M

202048 (COPDGene) learning model

Chamberlin et al, North America Lung-cancer screening 117; 96 Yes Al-Rad Companion External M

202149 LDCT (commercial)

Choi et al, 20225 East Asia Oncology; routine non- 913 Yes AVIEW CAC External M, K
gated chest CT (commercial)

de Vos et al, 201952 Multinational Chest CT and cardiac 506 Yes Academic deep- Internal M, K
CT datasets learning model

Gernaat et al, 20163 Europe Breast cancer 163; 294 Yes Academic machine- External M, K
radiotherapy-planning learning algorithm

Gonzalez et al, 20165 North America Smokers; chest CT 1,000 No Academic machine- Internal M
(COPDGene) learning algorithm

Hamelink et al, 2025b% | Europe General population; 684 Yes Al-Rad Companion External M, K
low-dose chest CT prototype (commercial)
(ImalLife)

Huo et al, 201957 North America Non-contrast chest CT; 206; 5,075 Yes Academic: AID-Net Internal M
hospital archive

ISgum et al, 2010%° Europe Lung-cancer screening 121; 35 Yes Academic machine- Internal M, K
LDCT (NELSON) learning algorithm

ISgum et al, 20120 Europe Lung-cancer screening 231 Yes Academic machine- Internal M
LDCT (NELSON) learning algorithm

ISgum et al, 2016°" North America Rb-82 PET/CT 33 No Academic machine- Internal M
attenuation-correction learning algorithm
CT

Lessmann et al, 2016%2 Europe Lung-cancer screening 1,028; 231 Yes Academic deep- Internal; held-out test M, K
LDCT learning model set

Lessmann et al, 201893 North America Lung-cancer screening 1,459; 310 Yes Academic deep- Internal M
LDCT learning model

Miller et al, 2023%4 North America SPECT/CT myocardial 2,271 Yes Academic deep- External; prognostic M, P, K

perfusion attenuation
maps

learning model

20




Report Region Setting Participants Non-contrast CT Al system Validation Syntheses
confirmed

Mineo et al, 202565 Multinational Routine non-cardiac 111; 212 No Academic deep- External and internal M, K
chest CT; multiple learning model
protocols

Rathore et al, 202567 North America Lung-cancer screening 1,442 Yes KALCIUM / KardioNet Internal; held-out test M, K
LDCT (NLST) (commercial) set

Shadmi et al, 2018%8 Multinational Non-contrast chest CT; 203; 14,365 Yes FC-DenseNet Held-out test set M, K
hospital cohort (commercial)

Suh et al, 202370 East Asia Low-dose chest CT with | 452 No AVIEW CAC External M, K
paired gated CT (commercial)

Takx et al, 201471 Europe Lung-cancer screening 1,749 Yes Academic machine- Internal M, K
LDCT learning algorithm

van Velzen et al, 20207 | Multinational Multiple CT datasets 7,240 Yes Academic deep- External and internal M
incl. lung screening and learning model
PET/CT

Wang et al, 20267° Multinational Multiple datasets incl. 2,914 No Academic deep- External K
COCA and routine learning model
chest CT

Zeleznik et al, 20217 North America Lung screening and trial | 396 Yes Academic deep- External M
cohorts (NLST, FHS, learning model
PROMISE)

Alnasser et al, 20267® Europe Pulmonary 473 Yes Academic deep- External \%
hypertension registry; learning model
non-gated CT

Bonatti et al, 202677 Europe Emergency department | 90 Yes XAID Chest Held-out test set \%
unenhanced chest CT (commercial)

Chamberlin et al, North America Oncology PET/CT 189 Yes Al-Rad Companion External \%

202378 (commercial)

Shear et al, 20258 Europe Routine non-gated 291; 234 Yes 4DMedical CAC External V
chest CT (commercial)

Lee et al, 2025% East Asia Asymptomatic health 5,342 Yes ClariCardio External; prognostic P
screening; routine chest (commercial)
CT

Williams et al, 2024102 North America Attenuation-correction 5,969 Yes Academic deep- External; prognostic P
CT; multicentre registry learning model

Yang et al, 202619 East Asia Chronic kidney disease; | 509 No Academic: DL-CACS Prognostic P
routine chest CT

Dudum et al, 20262 North America Randomised trial of Al- 202 Yes FDA-cleared Al-CAC Randomised trial |
CAC natification (commercial)
(NOTIFY-PICTURE)

Sandhu et al, 2023"" North America Randomised trial of Al- 173 Yes Academic deep- Randomised trial |
CAC natification learning model
(NOTIFY-1)

Liu Y et al, 202612 East Asia Routine chest CT; 1,334 Yes United Imaging Unclear G
coronary or pulmonary software (commercial)
disease

Ochs et al, 2026 Europe Lung-cancer screening 323 Yes ClearRead CT CAC External M, K
LDCT (commercial)

Hussain et al, 202619 South Asia Clinically indicated non- | 210 Yes NR Unclear M
contrast chest CT

782 Syntheses: G, paired ECG-gated reference; M, same-scan manual reference; V, expert visual reference; K, weighted-k category agreement; P, prognostic MACE synthesis; |, randomised implementation synthesis.
783 Reports could contribute to more than one synthesis: 21 contributed to the paired ECG-gated synthesis, 29 to the same-scan manual synthesis, 4 to the expert visual synthesis, 34 to the weighted-k synthesis, 6 to the
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784 MACE synthesis, and 2 to the implementation synthesis. Participants are analysis-cohort sizes; several values indicate separate cohorts. Non-contrast CT confirmed indicates that the analysed non-gated
785 examinations were documented as non-contrast. Al, artificial intelligence; CAC, coronary artery calcium; CAD, coronary artery disease; CT, computed tomography; ECG, electrocardiogram; LDCT, low-dose CT;
786 MACE, major adverse cardiovascular events; NR, not reported; PET, positron emission tomography; SPECT, single-photon emission CT.
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Table 2. Pooled diagnostic performance of Al-derived CAC on non-gated chest CT by reference standard and threshold

Reference Threshold Reports Estimates Participants Sensitivity, Sensitivity Specificity, Specificity 12, % (Se / LR+ (95% LR- (95% GRADE

standard % (95% ClI) 95% PI % (95% ClI) 95% PI Sp) Cl) Cl) certainty
(Se / Sp)

Paired ECG- CAC >0 17 24 9,393 87.1 (83.2— 62.6-96.4 92.3 (87.2— 50.2-99.3 93 /94 11.2 (6.8— 0.14 (0.11- Low / Very

gated CT 90.2) 95.4) 18.9) 0.18) low

Paired ECG- CAC 2100 19 26 10,940 83.1 (78.5— 56.4-94.9 96.3 (94.2— 76.1-99.5 91/92 22.4 (14.4- 0.18 (0.14— Low / Low

gated CT 86.8) 97.7) 34.8) 0.22)

Paired ECG- CAC 2300 4 6 1,727 80.5 (61.5— 29.3-97.6 98.9 (96.2— 81.0-99.9 83/79 74.2 (23.6- 0.20 (0.09- Very low /

gated CT 91.5) 99.7) 217.9) 0.39) Low

Paired ECG- CAC 2400 17 22 9,543 80.1 (74.3— 52.7-93.6 97.7 (96.2— 84.3-99.7 85/90 35.4 (21.1- 0.20 (0.16— —/—

gated CT 84.9) 98.7) 59.2) 0.26)

Same-scan CAC >0 20 22 10,878 93.8 (91.0— 73.3-98.8 88.7 (83.4— 53.5-98.2 93 /94 — — —/—

manual 95.7) 92.4)

scoring

Same-scan CAC 2100 24 25 14,371 93.3 (91.1— 79.2-98.1 97.5 (96.0— 83.2-99.7 85/91 — — —/—

manual 95.0) 98.4)

scoring

Same-scan CAC 2300 5 6 1,925 90.5 (82.0— 69.3-97.6 98.5 (97.1- 94.6-99.6 56 /62 — — —/—

manual 95.2) 99.3)

scoring

Same-scan CAC 2400 20 20 12,742 90.3 (86.7— 72.1-97.1 98.7 (97.7- 88.4-99.9 80/91 — — —/—

manual 93.0) 99.3)

scoring

Expert visual CAC >0 4 4 1,043 95.8 (93.9- 93.8-97.2 90.3 (68.0— 27.9-99.6 0/93 — — —/—

assessment 97.1) 97.6)

Pooled estimates are from bivariate random-effects models fitted separately for each reference standard and threshold; thresholds are in Agatston units. Likelihood ratios were derived from the joint model covariance

and GRADE certainty was assessed only for the paired ECG-gated reference at CAC >0, 2100, and 2300 (Supplementary Table 7); cells marked — were not calculated. |2 is the univariate between-study

heterogeneity for sensitivity (Se) and specificity (Sp). Cl, confidence interval; LR+, positive likelihood ratio; LR-, negative likelihood ratio; PI, prediction interval.
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Table 3. Al-enabled opportunistic CAC pathways, preventive treatment, and downstream care

Study

Design and population

Al-to-action pathway

Preventive-treatment effect

Downstream care and clinical
outcomes

NOTIFY-1, Sandhu et al, 2023"

Single-centre randomised quality-
improvement trial; n = 173; statin-naive
adults without known ASCVD

Retrospective AlI-CAC screening —
electronic-record exclusions and chart
review — radiologist confirmation —
clinician notification — patient
notification with CAC image and statin
guidance

Statin prescription: 44/86 (51.2%) vs
6/87 (6.9%); RR 7.42 (95% CI 3.34—
16.50)

More stress testing, new cardiology
encounters, and CAD testing; no
cardiovascular-event endpoint

NOTIFY-PICTURE, Dudum et al, 20262

Single-centre pragmatic prospective
randomised trial; n = 202; lipid-lowering-
naive adults

Near-real-time FDA-cleared AI-CAC
screening — eligibility review — clinician
and patient notification with CAC image
and guideline-based treatment
guidance; no study-level confirmation
step reported

Statin prescription: 44/100 (44.0%) vs
10/102 (9.8%); RR 4.49 (2.39-8.42)

No increase in health-care utilisation
reported; no cardiovascular-event
endpoint

NOTIFY-EXTEND, Bouladian et al,
2025106

Linked single-health-system follow-up of
NOTIFY-1; n = 163; no concurrent
control group

Longitudinal follow-up after Al detection,
clinician/patient notification, and
preventive-treatment review

Statin prescribed in 75/163 (46%) by 6
months and 86/163 (53%) by 12
months; 87% of initiators (75 of 86)
were still on treatment at 18 months

Testing and clinical visits increased after
notification; no cardiovascular-event
endpoint

The two randomised studies evaluated bundled Al-enabled care pathways rather than the isolated effect of the Al algorithm. A secondary fixed-effect synthesis of six-month statin prescribing yielded RR 5.44 (95% CI
3.32-8.92). High GRADE certainty applies to six-month statin prescription in the two studied pathways, not to cardiovascular outcomes or an isolated Al effect. ASCVD, atherosclerotic cardiovascular disease; CAC,
coronary artery calcium; CAD, coronary artery disease; Cl, confidence interval; RR, risk ratio.
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Identification of studies via databases and registers

c —— _
g Records |de_nuhed from databases (n = 6,542) Records removed before screening (n = 3,308)
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= 2 2 Conference abstracts (n = 795)
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Reports sought for retrieval Reports not retrieved
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=
=
o
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No Al-based CAC assessment (n = 73)
No extractable outcome data (n = 36)
Conference abstract or duplicate (n = 31)
Other design or target (n = 9)
Reports of included studies
(n =110)
3
°
3 :
]
=
Reports contributing to at least one meta-analysis
(n=59)

795

796 Figure 1. Study selection. PRISMA 2020 flow diagram for searches to 2 October 2026. In total, 110 reports were
797 included and 59 contributed to at least one meta-analysis. Related reports and overlapping cohorts were linked within
798 each analysis to prevent double counting.
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Figure 2. Risk of bias of the selected estimates. Bars show the distribution of final judgments across eligible
estimates within each evidence domain. a, Paired ECG-gated reference (QUADAS-3; 78 estimates). b, Same-scan
manual reference (QUADAS-3; 73 estimates). ¢, Expert visual reference (QUADAS-3; four estimates). d, Prognostic
evidence (QUIPS; 16 MACE estimates). e, Randomised implementation trials (RoB 2; two trials). QUADAS-3
judgments were Low, High, or Insufficient information; QUIPS judgments were Low, Moderate, or High; RoB 2
judgments were Low, Some concerns, or High. Applicability judgments are shown in Supplementary Fig. 1. MACE,
major adverse cardiovascular events.
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Figure 3. Sensitivity and specificity of Al-derived CAC against paired ECG-gated CT at CAC >0 and 2100 AU.
a, CAC >0 (24 estimates from 17 reports; 9,393 participants). b, CAC 2100 AU (26 estimates from 19 reports; 10,940
participants). Squares show estimate-level sensitivity and specificity with exact binomial 95% confidence intervals and
are scaled by the square root of the number of participants; diamonds show pooled estimates from bivariate random-
effects models with 95% confidence intervals. Columns give true positives, false negatives, true negatives, and false
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Agatston units; CAC, coronary artery calcium; CT, computed tomography; ECG, electrocardiogram.

27



815

a CAC 2300 AU

Paired ECG-gated reference

Study TP FN TN FP Sensitivity (95% CI) Specificity (95% CI)
Xu et al, 2022, cohort 1 19 2 12 11 —#@— 905 (69.6-98.8) - 91.1(84.6-955)
Xu et al, 2022, cohort 2 15 0 101 1 — 100.0 (78.2-100.0) 4 99.0 (94.7-100.0)
Yu et al, 2022 31 7 363 4 —— 81.6 (65.7-92.3) B 98.9(97.2-99.7)
Oh et al, 2024 5 7 198 (1] —_— 41.7 (15.2-72.3) W 100.0 (98.2-100.0)
Kim et al, 2025b, cohort 1 188 25 434 5 = 88.3 (83.2-92.3) B 98.9 (97.4-99.6)
Kim et al, 2025b, cohort 2 17 12 170 0 —a— 58.6 (38.9-76.5) B 100.0 (97.9-100.0)
Pooled (random effects) - 80.5 (61.5-91.5) 4 98.9 (96.2-99.7)
20 40 B0 80 100 0 20 40 60 80 100
Sensitivity (%) Specificity (%)
b CAC =400 AU Paired ECG-gated reference
Study TP FN TN FP Sensitivity (95% CI) Specificity (95% CI)
Eng et al, 2021, cohort 1 5 1 36 o] ————————=—— B83.3(35.9-99.6) —= 100.0 (90.3-100.0)
Eng et al, 2021, cohort 2 6 2 38 ] ———————=——  75.0(34.9-96.8) —= 100.0 (90.7-100.0)
Eng et al, 2021, cohort 3 10 0 11 1 ——= 100.0 (69.2-100.0) —_— 917 (61.5-99.8)
Eng et al, 2021, cohort 4 15 1 55 4 ——=— 93.8 (69.8-99.8) —s=- 93.2 (83.5-98.1)
Eng et al, 2021, cohort 5 11 1 58 1 ——=— 91.7 (61.5-99.8) —= 98.3 (90.9-100.0)
Eng et al, 2021, cohort 6 15 3 14 3 —a—  83.3(58.6-96.4) - 97.4(92.7-99.5)
Xu et al, 2021 52 18 830 1 —— 74.3 (62.4-84.0) ® 99.9 (99.3-100.0)
van Assen et al, 2021 15 5 72 1 —_— 75.0 (50.9-91.3) —= 98.6(92.6-100.0)
Morf et al, 2022 28 13 59 ] —_— 68.3 (51.9-81.9) —= 100.0 (93.9-100.0)
Pieszko et al, 2022 150 21 321 15 - 87.7 (81.8-92.2) @ 955 (92.7-97.5)
Dobrolinska et al, 2023 65 66 82 a —— 49.6 (40.8-58.5) - 100.0 (95.6-100.0)
Kang et al, 2023 56 18 492 1 —— 75.7 (64.3-84.9) W 99.8 (98.9-100.0)
Pieszko et al, 2023 617 187 1,795 138 | | 76.7 (73.7-79.6) W 92.9(91.6-94.0)
Dobrolinska et al, 2024 73 26 364 44 —— 73.7 (63.9-82.1) # 89.2(85.8-92.1)
Yin et al, 2024 6 1 105 0 85.7 (42.1-99.6) - 100.0 (96.5-100.0)
Hagopian et al, 2025 251 62 444 38 - 80.2 (75.3-84.5) H 92.1(89.3-94.4)
Kim et al, 2025a 8 3 213 1 —_—u  72.7(39.0-94.0) ® 99.5(97.4-100.0)
McKinney et al, 2025 76 7 245 3 —8 91.6 (83.4-96.5) ® 98.8 (96.5-99.7)
Xu et al, 2025 94 6 295 5 —& 94.0(87.4-97.8) ® 98.3(96.2-99.5)
Gokmen et al, 2026 16 11 173 5 —_— 59.3 (38.8-77.6) & 97.2(93.6-99.1)
Ludwig et al, 2026 38 4 80 3 —=—  90.5(77.4-97.3) —= 96.4(89.8-99.2)
Liu Y et al, 2026 236 35 1,050 13 = 87.1 (82.5-90.8) W 98.8(97.9-99.3)
Pooled (random effects) > 80.1 (74.3-84.9) + 97.7 (96.2-98.7)
| i | | i
20 40 60 80 100 0 20 40 60 80 100
Sensitivity (%) Specificity (%)

816
817
818

Figure 4. Sensitivity and specificity of Al-derived CAC against paired ECG-gated CT at CAC 2300 and =400 AU.
a, CAC 2300 AU (six estimates from four reports; 1,727 participants). b, CAC 2400 AU (22 estimates from 17 reports;
9,543 participants). Plotting conventions as in Fig. 3.
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Figure 5. Sensitivity and specificity of Al-derived CAC against manual scoring of the same non-gated CT at
CAC >0 and 2100 AU. a, CAC >0 (22 estimates from 20 reports; 10,878 participants). b, CAC 2100 AU (25 estimates
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Figure 6. Sensitivity and specificity of Al-derived CAC against manual scoring of the same non-gated CT at
CAC 2300 and 2400 AU, and against expert visual assessment. a, CAC =300 AU (six estimates from five reports;
1,925 participants). b, CAC 2400 AU (20 estimates from 20 reports; 12,742 participants). ¢, Expert visual assessment
of CAC presence (four estimates from four reports; 1,043 participants). Plotting conventions as in Fig. 3.
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a Primary scheme (0, 1-99, 100-299, 2300 AU) b Alternative scheme (0, 1-99, 100-399, 2400 AU)
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Figure 7. Cross-classification of Al-derived and ECG-gated CAC categories. Posterior mean probabilities (%) of
each Al-derived category within each ECG-gated reference category for a, the primary scheme of 0, 1-99, 100-299,
and =300 AU (six tables from four reports; 1,727 participants) and b, the alternative scheme of 0, 1-99, 100-399, and
2400 AU (20 tables from 15 reports; 7,935 participants). Rows are ECG-gated reference categories and columns Al-
derived categories on paired non-gated CT; each row sums to 100% before rounding. The reference categories
comprised 649, 422, 328, and 328 participants in the primary scheme and 2,418, 1,943, 1,576, and 1,998 participants
in the alternative scheme. Orange cells indicate underestimation, grey cells correct classification, and blue cells
overestimation; darker shading denotes higher probability within each colour. The two schemes were fitted separately
with no shared reports. Posterior estimates and 95% credible intervals are given in Supplementary Tables 8 and 9.
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838

a CAC 1-100 versus CACO 12 = 25.5%
Study (participants) Adjusted HR (95% CI) Weight (%)
Miller et al, 2023 (n = 2,271) —a— 1.90 (1.32-2.73) 17.4
Pieszko et al, 2023 (n = 2,502) —I— 1.30 (1.00-1.67) 27.8
Dobralinska et al, 2024 (n = 507) —-—-— 1.12 (0.54-2.34) 5.3
Williams et al, 2024 (n = 5,969) . - 1.63 (1.31-2.04) 32.7
Lee et al, 2025 (n = 5,342) — 2.06 (1.39-3.06) 15.4
Yang et al, 2026 (n = 509) 1.65 (0.39-7.06) 1.4
Pooled estimate : 2 1.60 (1.29-1.97) 100.0
05 1 2 4 8 16 32
Hazard ratio (log scale)
b CAC 101-400 versus CAC 0 12 = 71.0%
Study (participants) Adjusted HR (95% CI) Weight (%)
Miller et al, 2023 (n = 2,271) —— 3.32 (2.29-4.81) 235
Pieszko et al, 2023 (n = 2,502) . —— 1.72 (1.34-2.20) 28.2
Dabrolinska et al, 2024 (n = 507) -—--— 1.58 (0.82-3.04) 14.4
williams et al, 2024 (n = 5,969) i —— 2.74 (2.18-3.46) 28.8
Yang et al, 2026 (n = 509) 5.46 (1.41-21.14) 5.0
Pooled estimate ! e 2.40 (1.49-3.89) 100.0
05 l 2 4 8 16 32
Hazard ratio (log scale)
¢ CAC >400 versus CAC 0 12=78.1%
Study (participants) Adjusted HR (95% CI) Weight (%)
Miller et al, 2023 (n = 2,271) —— 3.58 (2.47-5.19) 21.3
Pieszko et al, 2023 (n = 2,502) - 2.28 (1.81-2.86) 33.0
Williams et al, 2024 (n = 5,969) — 3.78 (3.03-4.73) 33.2
Yang et al, 2026 (n = 509) 11.60 (3.09-43.58) 6.5
Pooled estimate ! =l 3.39 (1.65-6.98) 100.0
0.5 l 2 4 8 16 32

Hazard ratio (log scale)

839 Figure 8. Association of Al-derived CAC with major adverse cardiovascular events. Study-specific adjusted
840 hazard ratios compare Al-derived CAC a, 1-100 (six reports; 17,100 participants); b, 101-400 (five reports; 11,758
841 participants); and ¢, >400 (four reports; 11,251 participants) with CAC 0. Squares show study estimates, with area
842 proportional to random-effects weight; horizontal lines show 95% confidence intervals. Diamonds show pooled

843 estimates from random-effects models with 95% confidence intervals; I2 is the between-study heterogeneity.

844 Participant totals are sums of report-specific analysis populations and may include the same individuals in more than
845 one contrast. MACE definitions and adjustment covariates are detailed in Supplementary Table 14. HR, hazard ratio.
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