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Abstract

Background Coronary artery calcium (CAC) scoring is included in major guidelines to guide statin decisions when
conventional cardiovascular risk assessments are inconclusive. While computed tomography for CAC is impractical

for routine use, electrocardiograms (ECGs) are widely available, offering broader opportunities for early detection.
Extending our prior work demonstrating an ECG-based deep learning model for CAC prediction (ECG-CAC model), we
aimed to develop a more robust model, while also comprehensively assessing its clinical utility.

Methods Using nearly 200,000 standard 12-lead ECGs from Severance Hospital (SH), we developed an ECG-CAC
model producing a risk score reflecting the likelihood of CAC. We utilized data from three health checkup centers and
the United Kingdom Biobank (UKB) to evaluate its performance in predicting CAC, potential for guiding targeted CAC
screening and statin therapy decisions, and association with major adverse cardiovascular events (MACE). MACE was
defined as a composite of myocardial infarction, ischemic stroke, and cardiovascular death.

Results The ECG-CAC model achieved areas under the receiver operating characteristic curve of 0.741 (95%
confidence interval: 0.732-0.749)/0.837 (95% confidence interval: 0.821-0.851) for predicting CAC scores >0/>400,
with robust external validation. Among Pooled Cohort Equations (PCE) low-risk individuals, for whom statins are
not recommended unless CAC-positive, CAC prevalence rose from 24.9% to 49.8% in those reclassified as ECG-CAC
model high-risk (P<0.001), and among PCE moderate-risk individuals, for whom statins are recommended unless
CAC-negative, CAC absence rose from 35.4% to 53.9% in those reclassified as ECG-CAC model low-risk (P <0.001),
supporting targeted CAC screening in these groups. MACE incidence rate per 1000 person-years was higher in PCE
low-risk individuals reclassified as ECG-CAC model high-risk than in PCE moderate-risk individuals reclassified as
ECG-CAC model low-risk (SH: 6.4 vs. 3.4, P=0.026; UKB: 8.1 vs. 5.1, P=0.183), suggesting that statin therapy could be
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considered in the former and potentially deferred in the latter, pending further clinical evaluation. ECG-CAC model
score was an independent MACE risk factor and improved prediction when combined with conventional tools.

Conclusions The ECG-CAC model serves as an indicator for CAC and shows potential as a biomarker of coronary-
cerebrovascular atherosclerotic burden, providing incremental value to conventional cardiovascular risk stratification

tools.
Keywords Coronary artery calcification, Coronary artery calcium score, Deep learning, Electrocardiogram, Artificial
intelligence

Background In this study, we aimed to expand upon and address the

Coronary artery calcium (CAC) is a representative
marker of coronary atherosclerosis and one of the stron-
gest predictors of atherosclerotic cardiovascular disease
(ASCVD) events [1-3]. The American College of Cardi-
ology/American Heart Association (ACC/AHA) Guide-
line on the Management of Blood Cholesterol in 2018
[4], incorporated the CAC score when considering statin
therapy for primary prevention in individuals with bor-
derline or intermediate cardiovascular disease (CVD)
risk, as assessed by the Pooled Cohort Equations (PCE)
[5]. The CAC score serves as a sequential decision aid
when uncertainty remains after standard risk assessment
using traditional risk factors. In such cases, the presence
of CAC tips the balance toward initiating statin therapy,
while the absence of CAC may lead to recommendations
to withhold statins.

However, routine CAC measurement faces significant
barriers. Computed tomography (CT)-based CAC scor-
ing is costly, involves radiation, and is often inaccessible
in resource-limited settings. These limitations highlight
the need for alternative methods to identify the disease
early in a cost-effective and accessible way.

An electrocardiogram (ECG) is a universal and cost-
effective diagnostic tool commonly utilized in various
health evaluations. Numerous studies have demonstrated
the successful application of artificial intelligence (AI)
to ECGs [6-8]. A previous study has demonstrated that
an ECG-based deep learning analysis can predict CAC,
achieving areas under the receiver operating character-
istics curve (AUROC) of 0.696 and 0.802 for predicting
CAC scores > 0 and > 400, respectively [9]. However, this
study had some limitations. First, it only demonstrated
predictive performance for CAC without evaluating
clinical utility, including its impact on decision-making
in CVD primary prevention and its association with
clinical outcomes. Second, while CAC screening via an
ECG-based deep learning model would have utility for
CVD primary prevention, validation was conducted in
a tertiary hospital setting without focusing on primary
prevention candidates. Third, the relatively small dataset
(8,178 ECGs from 5,765 individuals) used for training and
validation may have limited the model’s generalizability.

limitations of the previous study. We developed an ECG-
based deep learning model for CAC prediction (ECG-
CAC model) based on a larger standard 12-lead ECG
dataset than the previous study. We validated the model
using health checkup data from multiple institutions and
conducted multinational retrospective cohort analyses
for cardiovascular events (Fig. 1A). Through these analy-
ses, we evaluated the feasibility of integrating this ECG-
CAC model score into clinical workflows by assessing its
potential for guiding targeted CAC screening and statin
therapy decisions. Additionally, we assessed its associa-
tion with cardiovascular events.

Methods

Data sources and labeling

Figure 1 provides an overview of the study and datasets.
CAC scores were extracted using regular expressions
from CT readings at Severance Hospital (SH, Seoul,
South Korea) between November 2005 and August 2022,
and from CT readings at the SH Health Checkup Center
between December 2010 and August 2022.

Standard 12-lead ECGs from SH were extracted if
recorded within 30 days before or after CAC measure-
ments and were labeled with the nearest CAC score
(Additional file 1: Figure S1). A 30-day window is valid
given that CAC progression is slow enough to remain
stable within this time frame [10]. These ECGs formed
the model development dataset, which was split 8:2 into
training and validation sets using a random stratified split
based on CAC presence, while ensuring no individual
overlap.

Standard 12-lead ECGs from SH Health Checkup Cen-
ter with same-visit CAC measurements were extracted
and labeled with their corresponding CAC scores, form-
ing the test dataset (Additional file 1: Figure S2). Standard
12-lead ECGs from SH Health Checkup Center with-
out CAC measurements (September 2012 to September
2016) formed the cohort analysis dataset. To prevent data
leakage, appropriate exclusions were made to ensure no
individual overlap across the SH and SH Health Checkup
Center datasets.

External validation utilized data from the Health
Checkup Centers at Yongin Severance Hospital (YSH,
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Fig. 1 Overview of the study and the datasets. (A) We developed an ECG-based deep learning model for CAC prediction (ECG-CAC model) using CAC
score-annotated ECGs. We validated it using health checkup data from multiple institutions, and conducted multinational retrospective cohort analyses
for cardiovascular events. Through these analyses, we evaluated the feasibility of integrating our ECG-CAC model into clinical workflows by assessing its
potential for guiding targeted CAC screening and statin therapy decisions. Additionally, we assessed its association with cardiovascular events. (B) Over-
view of the dataset used for ECG-CAC model development, including training and internal validation. (C) After developing the model using the dataset
shown in (B), we applied the ECG-CAC model to the datasets presented in (C) to generate ECG-CAC model scores and perform subsequent analyses. CAC:
coronary artery calcium; ECG: electrocardiogram; Al: artificial intelligence; SH: Severance Hospital; YSH: Yongin Severance Hospital; AUMC: Ajou University

Medical Center; UKB: United Kingdom Biobank; CT: computed tomography

Yongin, South Korea) (April 2020 to August 2022) and
Ajou University Medical Center (AUMC, Suwon, South
Korea) (October 2003 to September 2012) (Additional
file 1: Figure S3). CAC scores were obtained from the
Health Checkup Centers at YSH and AUMC using the
same methodology as at SH. Standard 12-lead ECGs

with same-visit CAC measurements were collected and
labeled with their corresponding CAC scores.

We utilized data from the United Kingdom Biobank
(UKB), a large-scale longitudinal biomedical database
representing the general population of the United King-
dom, comprising approximately 500,000 participants
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aged 40-69 at enrollment (started in 2006) [11]. In 2015,
the UKB began an imaging study targeting 20% of the
cohort, during which standard 12-lead ECG data were
collected and used in our analysis (Additional file 1: Fig-
ure S4, Additional file 1: Table S1).

ECG-CAC model development

We utilized the raw waveforms of the standard 12-lead
ECGs as input and adopted the 1-dimensional Efficient-
Net-BO0 for our ECG-CAC model architecture (Additional
file 1: Figure S5) [12]. We set the training objective of the
ECG-CAC model to predict CAC score > 0, a binary clas-
sification task. The ECG-CAC model generates a contin-
uous score between 0 and 1 representing the likelihood of
CAC, with higher values indicating greater confidence in
the presence of CAC. All datasets consisted of 10-second
ECG recordings and underwent identical preprocessing.
The signals, originally at 250-500 Hz, were standard-
ized to 500 Hz by upsampling the 250 Hz signals via
linear interpolation. Each lead was z-normalized (mean
= 0, standard deviation = 1). Since four of the six limb
leads can be linearly derived from any two leads using
the Einthoven law and the Goldberger Eqs [13, 14]., we
used eight leads (I, II, V1-V6) as input. Hyperparameter
optimization was achieved through comprehensive grid
search. The model was trained on the training set, with
early stopping based on validation loss (validation set) to
prevent overfitting, and then applied to the test dataset,
external validation datasets, and cohort analysis datasets.
The model produces an output score ranging from O to 1,
where higher scores indicate a greater likelihood of CAC
as predicted by the model. Detailed strategies for data
augmentation, class imbalance handling, and ensemble
modeling are described in Additional file 1: Method S1.

Performance metrics and risk categorization

We evaluated the AUROC and area under the precision-
recall curve (AUPRC) of the ECG-CAC model for pre-
dicting CAC score > 0. We also evaluated the model’s
performance in predicting CAC score > 400, a clinically
recognized threshold indicating high cardiovascular
event risk and classified as “severe disease” [3, 15], using
the same model output score but with labels set to iden-
tify whether CAC scores exceeded 400.

We categorized PCE risk scores into low-, moderate-,
and high-risk groups using the 7.5% and 20% thresholds,
following current cholesterol management guidelines
[4, 5]. In the PCE low-risk category, guidelines indicate
statins are initially not recommended, but the presence of
CAC can support the decision to initiate statin therapy [4,
5], therefore it would be advantageous if the ECG-CAC
model could enhance the detection of CAC presence.
Conversely, in the PCE moderate-risk category, guide-
lines indicate statins are initially recommended, but the
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absence of CAC can guide the decision to withhold statin
therapy [4, 5], thus it would be beneficial if the ECG-CAC
model could improve the identification of CAC absence.
Accordingly, in the validation set, we defined ECG-
CAC model high-risk at the threshold where the posi-
tive predictive value (PPV) for a CAC score > 0 is 0.850.
Similarly, we defined ECG-CAC model low-risk at the
threshold where the negative predictive value (NPV) for a
CAC score > 0 is 0.850. Individuals falling between these
thresholds were categorized as ECG-CAC model mod-
erate-risk. At the determined thresholds, we calculated
accuracy, sensitivity, specificity, PPV, NPV, and the F1
score for CAC score > 0. We evaluated how ECG-CAC
model-based risk classification, following initial PCE-
based CVD risk classification, alters CAC prevalence to
assess its potential for guiding targeted CAC screening.

Multinational retrospective cohort analyses

Multinational retrospective cohort analyses were con-
ducted on major adverse cardiovascular event (MACE)
occurrence using datasets from two countries: the SH
Health Checkup Center cohort analysis dataset and the
UKB cohort analysis dataset. MACE was defined using
the International Classification of Diseases, 10th edi-
tion (ICD-10) codes as myocardial infarction (121-125),
ischemic stroke (163, 164), or cardiovascular death [16].
Cardiovascular death was defined using the same ICD-
10 codes for myocardial infarction and ischemic stroke in
mortality data.

In the SH Health Checkup Center cohort analysis
dataset, diagnoses were extracted from electronic medi-
cal records (EMR) using ICD-10 codes. In South Korea,
a government organization called Statistics Korea
(KOSTAT) offers a service that links researchers’ data
with mortality data (including date and cause of death [in
ICD-10 codes]), based on resident registration numbers,
following specific ethical and application procedures. The
SH Health Checkup Center cohort analysis dataset was
linked with KOSTAT mortality data. Individuals with
MACE before or within 90 days after the health checkup
were excluded (washout period to exclude pre-existing
cardiovascular disease detected through follow-up test-
ing). The observation period started after the 90-day
washout period and was censored at first MACE, 9 years
post-health checkup, or December 2022, whichever
came first. In the UKB cohort analysis dataset, the “first
occurrences” variable, which maps the first known occur-
rence dates of each ICD-10 code from diagnoses or death
records, was extracted. Individuals with MACE before
ECG measurement were excluded, and data were cen-
sored at the first MACE, 6 years post-ECG, or November
2021, whichever occurred first.

We evaluated how ECG-CAC model-based risk
classification, following initial PCE-based CVD risk
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classification, alters MACE IRs to assess its potential role
in statin therapy decision-making. The net reclassifica-
tion improvement (NRI) of the ECG-CAC model-based
risk classification within the PCE low- or moderate-risk
categories was also evaluated. To evaluate the ECG-CAC
model score as an independent risk factor for MACE, we
performed Cox regression using the ECG-CAC model
score along with variables included in the PCE—age, sex,
diabetes mellitus, hypertension, smoking status, total
cholesterol, high-density lipoprotein (HDL) cholesterol,
and systolic blood pressure—as independent variables.
The predictive ability of the combined PCE plus the
ECG-CAC model score was compared to PCE alone in
terms of Harrell's C-index. Subgroup analyses by sex, age
(<60, 260 years), and PCE risk category (low, moderate/
high) were conducted.

Explainability analysis

Integrated Gradients (IG) were applied to the ECG-CAC
model to quantify the contribution of each time point
in every lead to the predicted likelihood of CAC [17].
After IG computation, R-peaks were detected using the
NeuroKit2 algorithm [18], and each waveform with its
corresponding IG saliency map was segmented around
each R-peak (- 300 to + 400 ms, excluding truncated
segments) to align R-peaks across samples. Within each
group (CAC score = 0, > 0, or > 400), the aligned wave-
forms and saliency maps were averaged across all sub-
jects for each lead. Saliency values were then globally
normalized across leads (min—max scaling to 0-1) and
overlaid on the mean waveform, enabling detailed visu-
alization of ECG segments most influential to model pre-
dictions. Finally, the summed IG attribution values across
all ECGs were used to evaluate the relative contribution
of each lead to CAC prediction.

Statistical analysis

The Shapiro-Wilk test assessed normality of continuous
data. For comparing three or more groups, ANOVA was
used for normally distributed variables, while Kruskal-
Wallis tests were applied for non-normal distributions.
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Categorical data were compared using chi-square tests,
and AUROC comparisons used the Delong test [19].
Kaplan-Meier survival curves were compared using
log-rank tests, with Bonferroni corrections for pairwise
comparisons. Z-tests determined p-values for incidence
rate (IR) and hazard ratio differences. Model calibration
was assessed using calibration curves constructed with
quantile-based binning (five bins), and calibration per-
formance was further evaluated using the Brier score and
expected calibration error (ECE). All confidence inter-
vals (Cls) were calculated using 2000 bootstrap samples
(resampling with replacement), reporting the 2.5th and
97.5th percentiles. Statistical significance was defined as
P <0.05.

Results

Dataset characteristics (model development and test
datasets)

Figure 1B and C provide an overview of the datas-
ets, while Additional file 1: Figures S1 to S4 depict the
detailed data flow for each dataset. The model develop-
ment and test datasets comprised: SH model develop-
ment (194,964 ECGs/57,019 individuals), SH Health
Checkup Center test (14,242 ECGs/12,924 individuals),
YSH Health Checkup Center external validation (729
ECGs/710 individuals), and AUMC Health Checkup
Center external validation (2056 ECGs/1879 individuals).
The test and external validation datasets, derived from
health checkups, represented a healthier spectrum of
individuals with younger ages (mean 53.1, 57.1, and 51.1
vs. 61.8 years, P<0.001) and lower CAC scores (mean
59.0, 81.5, and 36.4 vs. 295.1 Agatston units, P<0.001)
than the model development dataset (Table 1).

Model performance

The ECG-CAC model, developed using standard 12-lead
ECGs, generates a continuous score between 0 and 1
representing the likelihood of CAC, with higher val-
ues indicating greater confidence in the presence of
CAC. Our ECG-CAC model showed AUROC:s of 0.741
(95% CI: 0.732-0.749) and 0.837 (95% CI: 0.821-0.851)

Table 1 Dataset characteristics (model development and test datasets)

SH model develop-

SH Health Checkup

YSH Health Checkup AUMC Health Checkup P-

ment dataset Center test dataset Center external valida- ~ Center external validation Value
N=194,963 N=14,242 tion dataset dataset
N=729 N=2056

Number of individuals, n 57,019 12,926 710 1879
Sex (male), n (%) 108,828 (55.8%) 8,502 (59.7%) 427 (58.6%) 1540 (74.9%) <0.001
Age, years, mean £ SD 618 £ 133 531 £ 100 571 £ 107 511 £ 82 <0.001
CAC score, Agatston units, mean 295.1 £+ 9209 59.0 £ 2122 815 + 2748 364 + 1523 <0.001
+ SD
CAC score>0, n (%) 120,837 (62.0%) 5394 (37.9%) 341 (46.8%) 606 (29.5%) <0.001
CAC score =400, n (%) 34,637 (17.8%) 542 (3.8%) 44 (6.0%) 52 (2.5%) <0.001

SH: Severance Hospital; YSH: Yongin Severance Hospital; AUMC: Ajou University Medical Center; SD: standard deviation; CAC: coronary artery calcium
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in predicting CAC score>0 and >400, respectively, in In the external validations, the ECG-CAC model main-
the SH Health Checkup Center test dataset (Fig. 2). The tained its efficacy, achieving AUROCs of 0.712 (95% CI:
respective AUPRCs were 0.623 (95% CIL: 0.608-0.638)  0.674-0.748)/0.711 (95% CI: 0.688-0.735) and AUPRCs
and 0.249 (95% CI: 0.212-0.287). Additional file 1: Table  of 0.676 (95% CI: 0.621-0.725)/0.482 (95% CI: 0.441-
S2 displays performance metrics at thresholds defin- 0.523) for predicting CAC score>0 in the YSH/AUMC
ing ECG-CAC model risk categories. The median and Health Checkup Center datasets, and AUROC:s of 0.800
interquartile range (IQR) of the ECG-CAC model score  (95% CI: 0.732—-0.860)/0.799 (95% CI: 0.742—-0.849) and
progressively increased with higher CAC score groups AUPRCs of 0.260 (95% CI: 0.147-0.404)/0.096 (95% CI:
(Additional file 1: Figure S6). 0.058-0.155) for predicting CAC score>400. AUROC

(A) (B)

ROC curves (CAC score > 0) PR curves (CAC score > 0)

1.0 1.0
—— Test AUPRC 0.623 (95% Cl 0.608 - 0.638)
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5 —— Ext. val. (AUMC) 0.711 (95% CI 0.688 - 0.735)
0.0 0.0
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
1-Specificity Recall
( )1 s ROC curves (CAC score = 400) ( )1 5 PR curves (CAC score = 400)
—— Test AUPRC 0.249 (95% Cl 0.212 - 0.287)
. —— Ext. val. (YSH) AUPRC 0.260 (95% CI 0.147 - 0.404)
—— Ext. val. (AUMC) AUPRC 0.096 (95% Cl 0.058 - 0.155)
0.8 0.8
0.6 0.6
) c
> )
= )
3 g
38 T
0.4 0.4
0.2 0.2
—— Test AUROC 0.837 (95% Cl 0.821 - 0.853)
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Fig. 2 ROC and PR curves of the ECG-CAC model in the health checkup datasets. (A, B) ROC and PR curves for predicting CAC score > 0. (C, D) ROC and
PR curves for predicting CAC score > 400. ROC: receiver operating characteristic PR: precision-recall; ECG: electrocardiogram; CAC: coronary artery calcium;
ECG-CAC model: ECG-based deep learning model for CAC prediction; AUROC: area under the ROC curve; AUPRC: area under the PR curve; Cl: confidence
interval; Ext. val.: external validation; YSH: Yongin Severance Hospital; AUMC: Ajou University Medical Center
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SH Health Checkup Center test dataset
N = 10,719
Proportiongac = 0.379

SH Health Checkup Center cohort analysis dataset
N = 52,400
MACE IR per 1000 PY = 3.5

UKB cohort analysis dataset
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Fig. 3 (See legend on next page.)
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Fig. 3 ECG-CAC model-based risk classification within each PCE risk category. “Proportionc," represents the proportion of individuals with CAC. (A) In
the SH Health Checkup Center test dataset, in the PCE low-risk category, further classification to ECG-CAC model high-risk increased CAC presence (24.9%
to 49.8%, P<0.001), while in the PCE moderate-risk category, further classification to ECG-CAC model low-risk increased CAC absence (35.4% to 53.9%,
P<0.001). (B) In the SH Health Checkup Center cohort analysis dataset, MACE IR per 1000 PY was higher in PCE low-risk individuals further classified to
ECG-CAC model high-risk compared to PCE moderate-risk individuals further classified to ECG-CAC model low-risk (6.4 vs. 3.4, P=0.026). (C) In the UKB
cohort analysis dataset, MACE IR per 1000 PY was also higher in PCE low-risk individuals further classified to ECG-CAC model high-risk compared to PCE
moderate-risk individuals further classified to ECG-CAC model low-risk, though the difference was not statistically significant (8.1 vs. 5.1, P=0.183). ECG:
electrocardiogram; CAC: coronary artery calcium; ECG-CAC model: ECG-based deep learning model for CAC prediction; PCE: Pooled Cohort Equations; SH:
Severance Hospital; MACE: major adverse cardiovascular event; IR: incidence rate; PY: person-year; UKB: United Kingdom Biobank

comparisons between test and external validation data-
sets predominantly showed no significant differences
(Delong test [unpaired, two-sided]: SH vs. YSH P=0.137,
SH vs. AUMC P=0.020 for CAC score>0; SH vs. YSH
P=0.266, SH vs. AUMC P=0.186 for CAC score >=400).
No statistically significant differences in AUROC were
observed across demographic subgroups, suggesting con-
sistent performance of the model among these subgroups
(Additional file 1: Table S3).

In the SH test dataset, the ECG-CAC model showed
excellent calibration for detecting CAC presence
(ECE=0.019 [95% CI: 0.013-0.027], Brier score=0.197
[95% CI: 0.194-0.199]), closely following the ideal diag-
onal (Additional file 1: Figure S7). Calibration remained
acceptable in the YSH external validation dataset
(ECE=0.064 [95% CI: 0.038—0.098], Brier score=0.218
[95% CI: 0.205-0.231]). Calibration performance in
the AUMC external validation dataset was suboptimal
(ECE=0.105 [95% CI: 0.086—0.123], Brier score=0.197
[95% CIL 0.190-0.204]), with predicted probabilities
exceeding observed CAC prevalence across risk bins,
indicating systematic overestimation of risk. Overall,
these results indicate that the ECG-CAC model showed
good calibration in the development and some external
validation settings, while calibration performance varied
across institutions.

Among individuals in the SH Health Checkup Cen-
ter test dataset for whom the PCE was calculated
(n=10,719), PCE categorized 7519 as low-risk, 2652
as moderate-risk, and 548 as high-risk (Fig. 3A). In the
PCE low-risk group, 49.8% of those labeled high-risk by
the ECG-CAC model had CAC, exceeding the overall
CAC>0 proportion in the PCE low-risk group (24.9%,
P<0.001). In the PCE moderate-risk group, 53.9% of
those labeled low-risk by the ECG-CAC model were
CAC-free, exceeding the overall CAC=0 proportion in
the PCE moderate-risk group (35.4%, P<0.001).

Dataset characteristics (cohort analyses datasets)

The cohort analyses datasets comprised (Fig. 1):
SH Health Checkup Center cohort analysis (52,400
ECGs/37,757 individuals), and UKB cohort analysis
(30,623 ECGs/30,623 individuals). In the SH Health
Checkup Center cohort analysis dataset, the lower-risk
groups by the ECG-CAC model represented a healthier

spectrum of individuals than the higher-risk groups,
characterized, for example, by younger ages (median 40
to 52 to 61 years, P<0.001), fewer comorbidities (diabetes
mellitus: 1.0% to 5.7% to 14.8%, P<0.001; hypertension:
3.2% to 17.6% to 41.0%, P<0.001), lower systolic blood
pressure (median 114 to 123 to 129 mmHg, P<0.001),
lower PCE score (median 0.6 to 3.9 to 10.8, P<0.001), and
lower MACE IR per 1000 person-years (PY) (0.8 to 4.9 to
13.0, P<0.001) (Table 2). A similar trend was observed in
the UKB cohort analysis dataset.

Multinational retrospective cohort analyses

In the SH Health Checkup Center cohort analysis data-
set, during a median follow-up of 7.9 years (IQR: 6.9—
8.9 years), 987 individuals (1428 ECGs) experienced a
MACE. The PCE categorized 43,142 as low-risk, 7712
as moderate-risk, and 1546 as high-risk (Fig. 3B). Indi-
viduals classified as low-risk by PCE but high-risk by the
ECG-CAC model had a MACE IR of 6.4 per 1000 PY,
exceeding 3.4 in those with PCE moderate-risk but ECG-
CAC model low-risk (P=0.026). Kaplan-Meier curves
showed significant differences based on ECG-CAC model
risk categories within both PCE low-risk and moderate-
risk groups (Fig. 4A, within PCE low-risk group, log-rank
test P<0.001; Fig. 4B, within PCE moderate-risk group,
log-rank test P<0.001). The net NRI for risk reclassifi-
cation based on ECG-CAC model within PCE low- or
moderate-risk categories was 2.3% (95% CI: 1.0% — 3.7%)
(Additional file 1: Table S4). A 10% absolute increase in
the ECG-CAC model score was associated with a haz-
ard ratio for MACE of 1.128 (95% CI: 1.093—-1.164) after
adjusting for clinical variables included in the PCE—age,
sex, diabetes mellitus, hypertension, smoking status, total
cholesterol, HDL cholesterol, and systolic blood pressure
(Fig. 5, Additional file 1: Table S5). The combined PCE
plus ECG-CAC model score, which yielded a C-index
of 0.798 (95% CI: 0.789-0.808), surpassed the PCE by a
difference of 0.012 (95% CI: 0.008—0.016) in the C-index
(Additional file 1: Table S6).

In the UKB cohort analysis dataset, during a median
follow-up of 3.5 years (IQR: 2.5-5.0 years), 699 individu-
als experienced a MACE. The PCE categorized 20,744 as
low-risk, 8539 as moderate-risk, and 1340 as high-risk
(Fig. 3C). Individuals classified as low-risk by PCE but
high-risk by the ECG-CAC model had a MACE IR of 8.1
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Table 2 Dataset characteristics (cohort analysis datasets)
SH Health Checkup Center cohort analysis dataset UKB cohort analysis dataset
Low-risk Moderate-risk High-risk P-value Low-risk Moderate-risk High-risk P-
by ECG-CAC by ECG-CAC by ECG-CAC by ECG-CAC by ECG-CAC by ECG-CAC value
N=24,061 N=24,814 N=3525 N=5671 N=21,224 N=3728
Age, years, median [IQR] 40 [34-47] 52 [45-58] 61 [54-68] <0.001 50 [45-56] 56 [50-61] 60 [55-64] <0.001
Sex (male), n (%) 9563 (39.7%) 17,212 (694%) 2841 (80.6%) <0.001 1456 (25.7%) 10,190 (48.0%) 2827 (75.8%) <0.001
DM, n (%) 242 (1.0%) 1411 (5.7%) 520 (14.8%) <0.001 75 (1.3%) 476 (2.2%) 220 (5.9%) <0.001
HTN, n (%) 771 (3.2%) 4366 (17.6%) 1450 (41.1%) <0.001 244 (4.3%) 2575 (12.1%) 970 (26.0%)  <0.001
Current smoker, n (%) 3428 (14.2%) 5415 (21.8%) 749 (21.2%) <0.001 324 (5.7%) 1330 (6.3%) 269 (7.2%) 0.013
SBP, mmHg, median [IQR] 114 123 [114-132]  129[120-138] <0.001 126 [116-137] 134 [123-146] 141 <0.001
[105-123] [131-154]
Total cholesterol, mg/dL, 188 196 [174-220] 188 [166-213] <0.001 215[190-243] 222[196-250] 218 <0.001
median [IQR] [167-210] [190-248]
HDL cholesterol, mg/dL, 56 [47-66] 49 [42-58] 46 [40-54] <0.001 61[51-71] 55 [47-66] 50 [43-60] <0.001
median [IQR]
PCE score, median [IQR]  0.6[0.2-16]  3.9[1.8-7.5] 10.8[6.3-18.0] <0.001 1.7 [0.8-3.8] 461[22-9.1] 10.7 <0.001
[5.9-15.9]
MACE IR per 1000 PY 0.8 4.7 12.1 <0.001 22 56 155 <0.001

SH: Severance Hospital; UKB: United Kingdom Biobank; ECG: electrocardiogram; CAC: coronary artery calcium; ECG-CAC model: ECG-based deep learning model for
CAC prediction; IQR: interquartile range; DM: diabetes mellitus; HTN: hypertension; SBP: systolic blood pressure; HDL: high-density lipoprotein; PCE: Pooled Cohort
Equations; MACE: major adverse cardiovascular event; IR: incidence rate; PY: person-years

per 1000 PY, exceeding the 5.1 in those with PCE moder-
ate-risk but ECG-CAC model low-risk, although the dif-
ference did not reach statistical significance (P=0.183).
Kaplan-Meier curves showed significant differences
based on ECG-CAC model risk categories within both
PCE low-risk and moderate-risk groups (Fig. 4C, within
PCE low-risk group, log-rank test P<0.001; Fig. 4D,
within PCE moderate-risk group, log-rank test P<0.001).
The NRI for risk reclassification based on ECG-CAC
model within PCE low- or moderate-risk categories was
2.1% (95% CI: 0.0% — 4.3%) (Additional file 1: Table S4). A
10% absolute increase in the ECG-CAC model score was
associated with a hazard ratio for MACE of 1.101 (95%
CIL: 1.050-1.154) after adjusting for clinical variables
included in the PCE (Fig. 5, Additional file 1: Table S5).
The combined PCE plus ECG-CAC model score, which
yielded a C-index of 0.734 (95% CI: 0.715-0.753), sur-
passed the PCE by a difference of 0.010 (95% CI: 0.003—
0.017) in the C-index (Additional file 1: Table S6).

Figure 5 shows the hazard ratios of the ECG-CAC
model by subgroup. The association of the ECG-CAC
model with MACE remained consistent across all demo-
graphic and PCE-based subgroups, with all P-values for
hazard ratio comparisons between subgroups being sta-
tistically insignificant.

Model explainability

Additional file 1: Figures S8 and S9 present 1G—based
saliency visualizations comparing groups (CAC score = 0
vs. > 0 and > 400) The mean ECG waveforms appeared
nearly identical between groups. However, the IG-based
saliency maps consistently highlighted the QRS com-
plex—particularly around the R-peak and extending into

the S-wave region in V1 and V2—as the most influen-
tial segment across leads. Lead-wise attribution analysis
demonstrated that limb leads (II and I) contributed most
to the model’s predictions, followed by precordial leads
V1 and V2. The overall attribution trends were largely
consistent between the CAC > 0 and CAC > 400 analyses.
This study followed the Transparent Reporting of a Mul-
tivariable Prediction Model for Individual Prognosis or
Diagnosis—Artificial Intelligence (TRIPOD-AI) reporting
guidelines (Additional file 1: Table S7) [20].

Discussion

In this study, we developed an ECG-CAC model to
predict CAC and validated its performance in health
checkup settings across multiple institutions. Among
PCE low-risk individuals, CAC prevalence increased in
those further classified as ECG-CAC model high-risk,
and among PCE moderate-risk individuals, CAC absence
increased in those further classified as ECG-CAC model
low-risk. MACE IR was higher in PCE low-risk individu-
als further classified as ECG-CAC model high-risk than
in PCE moderate-risk individuals further classified as
ECG-CAC model low-risk. The ECG-CAC model score
was an independent risk factor for MACE and provided
additional predictive value beyond the PCE.

We demonstrated that our ECG-CAC model predict-
ing CAC could potentially be integrated into clinical
workflows in two ways. First, it can guide targeted CAC
screening by identifying individuals who would benefit
most from it. In the PCE low-risk category, where CAC
detection could initiate primary prevention according to
guidelines [4, 5], the ECG-CAC model identified a small
subset (2.6%—6.1% of individuals in the PCE low-risk
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(A) 014 Among PCE low-risk (SH Health Checkup Center) (B) 014 Among PCE moderate-risk (SH Health Checkup Center)
—— High risk (ECG-CAC) P <0.001 —— High risk (ECG-CAC) P <0.001
0121 — Moderate risk (ECG-CAC) 0121 — Moderate risk (ECG-CAC)
' —— Low risk (ECG-CAC) ' —— Low risk (ECG-CAC)
Q (V]
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% 0.06 % 0.06
E =
£ 0.04 € 0.04
(] O
0.02 0.02
0.005 3 S 5 0.007 3 & 5
Number at risk Time (years) Time (years)
ECG-CAC highrisk 1139 1118 1098 198 1676 1591 1537 308
ECG-CAC moderate risk 18556 18353 18206 3950 5457 5281 5173 1083
ECG-CAC low risk 23447 23400 23358 5159 579 571 566 134
() 014 Among PCE low-risk (UKB) ®, ., Among PCE moderate-risk (UKB)
' —— High risk (ECG-CAC) P < 0.001 —— High risk (ECG-CAC) P <0.001
0121 — Moderate risk (ECG-CAC) 0121 — Moderate risk (ECG-CAC)
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= =
€ 0.04 € 0.04
(s} O
e
0.02 = 0.02
0.005 2 4 [3 0.004 2 4 6
Number at risk Time (years) Time (years)
ECG-CAC highrisk 1262 1141 462 133 1955 1683 672 236
ECG-CAC moderate risk 14403 13365 5976 2213 6034 5340 2459 1006
ECG-CAC low risk 5079 4751 1963 797 550 483 200 65

Fig.4 Kaplan-Meier curves for MACE. Kaplan-Meier curves stratified by ECG-CAC model risk categories within the PCE low- and moderate-risk groups for
the SH Health Checkup Center and UKB cohort analysis datasets: (A) PCE low-risk (SH Health Checkup Center), log-rank test P<0.001; post-hoc pairwise
comparisons: Low vs. Moderate P<0.001, Moderate vs. High P<0.001. (B) PCE moderate-risk (SH Health Checkup Center), log-rank test P < 0.001; post-hoc
pairwise comparisons: Low vs. Moderate P<0.001, Moderate vs. High P<0.001. (C) PCE low-risk (UKB), log-rank test P<0.001; post-hoc pairwise com-
parisons: Low vs. Moderate P=0.006, Moderate vs. High P<0.001. (D) PCE moderate-risk (UKB), log-rank test P<0.001; post-hoc pairwise comparisons:
Low vs. Moderate P=0.030, Moderate vs. High P<0.001. Bonferroni-adjusted significance level: 0.025. MACE: major adverse cardiovascular event; ECG:
electrocardiogram; CAC: coronary artery calcium; ECG-CAC model: ECG-based deep learning model for CAC prediction; PCE: Pooled Cohort Equations;

SH: Severance Hospital; UKB: United Kingdom Biobank

category across our study datasets) of individuals as
high risk, who showed significantly higher prevalence
of CAC. Similarly, in the PCE moderate-risk category,
where ruling out CAC could prevent unnecessary inter-
ventions according to guidelines [4, 5], the model identi-
fied another small subset (5.7%—7.5% of individuals in the
PCE moderate-risk category) as low risk, who showed
significantly higher likelihood of being CAC-free. This
suggests that while routine CAC measurement is imprac-
tical due to cost, radiation exposure, and limited accessi-
bility, ECG’s high availability and cost-effectiveness make
our ECG-CAC model a valuable tool for identifying pri-
ority candidates for CAC scoring.

Second, we demonstrated that the ECG-CAC model
has the potential to help inform decisions regarding
statin therapy. In both cohorts, individuals classified as
moderate-risk by PCE but further classified as low-risk
by the ECG-CAC model had lower MACE IR than those
classified as low-risk by PCE but further classified as

high-risk by the ECG-CAC model. These findings suggest
that for individuals with discordant PCE and ECG-CAC
risk classifications, further evaluation to refine the deci-
sion on statin therapy may be warranted. For instance,
the model identifies a subset of PCE low-risk individu-
als with a MACE risk comparable to a higher PCE risk
group, and vice-versa. The positive NRI values in both
cohorts further validate this risk reclassification strategy.

We demonstrated that the ECG-CAC model score
serves as an independent risk factor for MACE and pro-
vides incremental predictive value when combined with
conventional risk stratification tools, such as the PCE.
These findings suggest the potential to incorporate the
ECG-CAC model score as a novel risk factor in CVD risk
prediction tools. The association between the ECG-CAC
model score and MACE remained consistent across all
demographic and PCE-based subgroups, showing the
ECG-CAC model’s effectiveness across diverse popula-
tions and cardiovascular risk levels.
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Adjusted HR (95% CI) P-value P-value for HR
comparison
Entire cohort 1.128 (1.093 — 1.164) <0.001 —e—
Subgroup analyses
Age 0.898
<60 years 1.117(1.071 —1.166) <0.001 ——
>60years 1.122 (1.072-1.175) <0.001 ——
Sex 0.810
Female 1.135(1.066 —1.209) 0.010 —_——————
Male 1.125(1.085-1.167) <0.001 —
PCE 0.750
Low risk 1.113 (1.063 — 1.165) <0.001 —
> Moderate risk  1.124 (1.078 — 1.173) <0.001 ———
UKB cohort analysis dataset
Adjusted HR (95% CI) P-value P-value for HR
comparison
Entire cohort 1.101 (1.050 - 1.154) <0.001 —
Subgroup analyses
Age 0.624
<60 years 1.083 (1.010—1.162) 0.025 —_———————
>60 years 1.109 (1.041 —1.182) 0.001 —_———
Sex 0.659
Female 1.117(1.025-1.219) 0.012 —_————————
Male 1.092 (1.032-1.154) 0.002 —_———
PCE 0.344
Low risk  1.096 (1.014 — 1.185) 0.021 —————
> Moderate risk  1.149 (1.084 — 1.218) <0.001 —_———
1.0 11 12

Adjusted HR (95% Cl)

Fig. 5 Adjusted hazard ratios per 10% absolute increase in ECG-CAC model score. This figure presents the adjusted HRs, derived from Cox regression
analysis for MACE, for the entire cohort and within each subgroup. The HRs were adjusted for variables included in the PCE: age, sex, diabetes mellitus,
hypertension, smoking status, total cholesterol, HDL cholesterol, and systolic blood pressure. We adjusted the scale of the ECG-CAC model score from 0-1
to 0-10 by multiplying by ten for more intuitive data interpretation. The adjusted HRs now show hazard changes associated with a 10% absolute increase
in ECG-CAC model score. ECG: electrocardiogram; CAC: coronary artery calcium; ECG-CAC model: ECG-based deep learning model for CAC prediction;
HR: hazard ratio; MACE: major adverse cardiovascular event; PCE: Pooled Cohort Equations; HDL: high-density lipoprotein; SH: Severance Hospital; UKB:

United Kingdom Biobank

ECG-based deep learning analysis for CAC prediction
is most clinically relevant and generalizable when vali-
dated using health checkup data or population-represen-
tative datasets like UKB, as demonstrated in our study.
Health checkups primarily target asymptomatic individ-
uals, and since ECG is routinely measured during these
checkups, they provide an ideal setting to enable oppor-
tunistic ECG-based deep learning-enabled CAC screen-
ing in the general population and optimize primary
prevention strategies. In contrast, validating with outpa-
tient data risks introducing selection bias, as diagnostic
tests in outpatient settings are typically performed based
on specific clinical indications. Furthermore, according
to guidelines [4, 5], CAC scoring is not recommended for

individuals with clinical ASCVD, who are already candi-
dates for advanced treatments and evaluations, making
ECG-based deep learning analysis for CAC prediction
irrelevant for this group. To ensure clinical relevance,
we excluded individuals with prior cardiovascular events
from our retrospective cohort analyses.

Recent large-cohort investigations have shown that
the presence of CAC, even at a subclinical stage, is
independently associated with adverse cardiac remod-
eling, including increased left ventricular (LV) mass,
larger LV volumes, and impaired diastolic function [21,
22]. Such structural changes may induce subtle conduc-
tion delays or heterogeneity in ventricular depolariza-
tion, which could manifest as minute ECG alterations
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that would previously escape human detection but can
now be identified through Al-enabled approaches [23].
Our ECG-CAC model primarily focused on the QRS
complex—particularly the R-peak and extending into
the S-wave region in V1 and V2—suggesting that CAC-
related remodeling may influence both the amplitude
and terminal components of ventricular activation and
produce minute but Al-detectable electrophysiologic sig-
natures. The positive correlation between CAC severity
and ECG-CAC model scores in our study likely reflects
progressive, Al-detectable electrophysiologic signa-
tures of structural remodeling accompanying coronary
calcification.

Our study has several strengths. First, our ECG-CAC
model operates solely on ECG data without requiring
additional clinical information, making it easily appli-
cable. It includes all ECGs except those with lead mis-
placements, artifacts, or artificial pacemakers, enhancing
broad clinical utility. Second, the model has shown
consistent discriminative performance across multiple
external validation datasets, demonstrating its robust-
ness. Third, despite concerns about AI models’ cross-
ethnic applicability [24], our model, developed primarily
with Korean data, showed similar trends in results when
applied to the United Kingdom dataset, indicating cross-
ethnic generalizability. Fourth, we utilized a dataset of
nearly 200,000 ECGs for ECG-CAC model development.
Such extensive datasets reduce the risk of overfitting,
account for a broader range of variability, and improve
the models’ generalizability in clinical settings [25].

This study’s findings should be interpreted in light of
the following limitations. First, the retrospective design
introduces limitations, including potential selection bias
based on who decided or was recommended to undergo
CAC scoring during health checkups, which cannot be
precisely known. Future prospective studies are neces-
sary to confirm the findings of the study. Second, while
the ACC/AHA PCE is a widely used CVD risk prediction
model, its application to Korean and United Kingdom
cohorts may introduce inaccuracies. Studies have shown
that the PCE, developed using American cohorts, tends
to overestimate risk in Asian and European populations
[26-29], which points to potential challenges in directly
interpreting ECG-CAC model-based risk classification
following the PCE in these populations. Third, in the SH
data, cardiovascular event occurrences extracted from
EMR may be incompletely captured, as events diagnosed
at other hospitals could be missed. Fourth, in the UKB
cohort, the time gap between initial clinical data collec-
tion and subsequent ECG recording may have influenced
results. Fifth, vessel- or segment-level analyses were not
feasible because the radiology reports used in this study
did not include vessel-specific CAC scores. Future stud-
ies with standardized vessel-specific annotations may
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allow more granular assessment of ECG-coronary ves-
sel relationships. Sixth, although we proposed a potential
mechanism whereby CAC may lead to structural remod-
eling and subsequent subtle ECG alterations, this inter-
pretation remains hypothesis-generating. The saliency
findings provide indirect rather than causal evidence,
and further multimodal studies are warranted to confirm
the underlying electrophysiologic mechanisms. Finally,
although the ECG-CAC model demonstrated consistent
discriminative performance across multiple external vali-
dation datasets, calibration performance varied across
institutions. Calibration was suboptimal in the AUMC
external validation dataset, where predicted probabili-
ties tended to exceed observed CAC prevalence, likely
reflecting the younger, healthier population with lower
baseline CAC prevalence, in which class imbalance and
a narrower disease spectrum can adversely affect calibra-
tion and AUPRC. Residual institutional heterogeneity,
including differences in ECG acquisition hardware, sig-
nal characteristics, and CAC measurement and report-
ing practices—which are difficult to fully characterize or
disentangle in retrospective multicenter data—may have
further contributed to miscalibration despite identical
preprocessing. These findings highlight the need for site-
specific recalibration or local threshold adjustment prior
to clinical deployment.

Conclusions

In conclusion, our ECG-CAC model not only serves as
an indicator for CAC but also demonstrates potential as
a biomarker representing coronary-cerebrovascular ath-
erosclerotic burden. It has potential to impact clinical
workflows by guiding targeted CAC screening, optimiz-
ing primary prevention strategies, or being incorporated
into cardiovascular disease risk prediction tools. It could
have particularly important implications in health check-
ups, providing enhanced risk stratification to the general
population.
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ACC/AHA  American college of cardiology/ american heart association
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