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ABSTRACT

BACKGROUND Out-of-hospital cardiac arrest (OHCA) is a public health burden with the majority occurring in the
general population for whom there is no firm strategy to predict risk.

OBJECTIVES The authors evaluated whether artificial intelligence enhanced electrocardiography (ECG) and clinical
information from electronic health records (EHRs) can stratify risk of OHCA in the general population.

METHODS We use a case-control study design (matching on age and sex), to derive and temporally validate models to
predict OHCA. To evaluate the potential use case of models in a real-world context, we evaluated the 2-year cumulative
incidence of OHCA in individuals undergoing ECG in a health care system, while accounting for the competing risk of
non-OHCA mortality.

RESULTS In the temporal validation cohort, discrimination of OHCA was highest for the multimodal ECG + EHR model
(area under the receiver operating characteristic curve: 0.83; area under the precision recall curve: 0.44) followed by
the EHR-only model and the ECG-only model (Bonferroni adjusted P for all pairwise comparisons <0.05). In the real-
world cohort of individuals undergoing ECG, the EHR + ECG model flagged two-thirds (153 of 228) of those with
incident OHCA over a 2-year period as high-risk. Using the ECG + EHR model, the 2-year cumulative incidence of OHCA
was 2.4% (95% Cl: 2.0%-2.8%) in individuals identified as high-risk compared with 0.5% (95% Cl: 0.3%-0.8%) in
individuals designated as low risk.

CONCLUSIONS In a large U.S. health care system, artificial intelligence-enhanced ECG and EHR data effectively
discriminated individuals at risk of OHCA and identified those at clinically relevant risk of incident OHCA over a 2-year
period. (JACC Adv. 2026;5:102787) © 2026 The Authors. Published by Elsevier on behalf of the American College of Cardiology
Foundation. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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ABBREVIATIONS
AND ACRONYMS

Al = artificial intelligence

AU-PRC = area under the
precision recall curve

AU-ROC = area under the
receiver operating
characteristic curve

ECG = electrocardiogram

EHR = electronic health
records

EMS = emergency medical
services

OHCA = out-of-hospital
cardiac arrest

UW = University of
Washington

udden cardiac arrest is a public health
crisis, responsible for more than 5
million deaths annually." Defined as
the unexpected and rapid loss of sponta-
neous circulation and cardiac mechanical ac-
tivity, sudden cardiac arrest most commonly
occurs in the context of out-of-hospital car-
diac arrest (OHCA).” Most OHCA occurs in
the general population, often among indi-
viduals with no known cardiovascular dis-
Despite advances
science, survival after OHCA is 10%.> There-
fore, mitigating the public health burden of
sudden cardiac arrest requires upstream
identification of risk in the general popula-
tion to enable preventive efforts.
Previously, we demonstrated the feasi-
bility of evaluating OHCA at scale in the general
population by establishing a unique linkage between

ease. in resuscitation

a population-based emergency medical services
(EMS) adjudicated OHCA registry and a longitudinal
electronic health record (EHR) of approximately 1.5
million individuals.* Machine learning models
incorporating structured EHR data including comor-
bid conditions, vital signs, routine electrocardiogram
(ECG) measures, and medications demonstrated
moderate discrimination of OHCA from controls.

Artificial intelligence (AI)-enhanced ECG analysis
has emerged as another promising tool for estimating
cardiovascular risk. Al-enhanced ECG analysis has
been shown to predict several conditions salient to
OHCA risk (eg structural heart disease, left ventric-
ular ejection fraction, and arrhythmias), often by
encoding waveform features not apparent to human
readers.””’ Unsupervised deep learning models
extend this potential, providing rich and compact
representations of the ECG with potential to identify
conditions—like OHCA—that are too rare to support
the development of purpose-built AI models.®

In this study, leveraging our linkage of an EMS-
adjudicated OHCA registry with a longitudinal
health record of 1.7 million individuals, we apply a
case-control design with temporal validation to
evaluate models incorporating structured EHR data
and Al-enhanced ECG analysis to predict OHCA in the
general population. We further quantify the ability to
stratify longitudinal OHCA incidence over a 2-year
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time period in a real-world cohort within a large
U.S. health care system.

METHODS

STUDY COHORT. We assembled 3 distinct cohorts
from the University of Washington (UW) (Seattle,
Washington, USA) Medicine EHR: 1) a derivation
cohort (OHCA 2013-2021); 2) a temporal validation
cohort (OHCA 2022-2023); and 3) a real-world cohort
(ECG recorded in 2021) (Figure 1). There was no
individual-level overlap between the derivation
cohort with either the 1) temporal validation cohort
or 2) the real-world cohort. The study cohorts
comprised individuals who sought care at UW Medi-
cine between January 1, 2010, and December 31, 2023.
UW Medicine is
Washington—a metropolitan region of approximately
2.3 million persons—and delivered care to approxi-
mately 1.7 million unique patients over the study
period. OHCA cases within the UW Medicine were

located in King County,

identified by cross-referencing all health encounters
during the study period against a comprehensive
registry of OHCA in King County and the City of
Seattle (Supplemental Appendix).> OHCA cases with
antecedent health care within UW Medicine were
identified by matching by name (first, last) and date
of birth. OHCA cases were considered if the date of
arrest within the EMS registry was between January
1, 2013, and December 31, 2023. Exclusion criteria
included age <18 or >90 years of age at the time of
first health encounter, traumatic OHCA, or a history
of cardiac arrest/cardiopulmonary resuscitation, or
presence of an implantable cardioverter defibrillator
at the time of first health care encounter
(Supplemental Appendix).

The parent cohort from which our derivation
cohort was derived has been previously described.*
In brief, we identified 2366 OHCA cases between 2013
and 2021. The control population was selected from
the remainder of individuals with health encounters
within UW Medicine over the study period (addi-
tional details in the Supplemental Appendix). Control
patients were matched to cases by age (by decade)
and sex at a 1:10 case:control ratio. We then
restricted the parent cohort to individuals with an
available ECG before cardiac arrest (cases) or at any
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FIGURE 1 Overview of Study Cohorts
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record; ICD = implantable cardioverter-defibrillator.

Shown is a conceptual overview of the study cohorts including: 1) initial linkage of University of Washington (UW) Medicine healthcare
system and an emergency medical services (EMS) population-based registry of out-of-hospital cardiac arrest (OHCA); 2) exclusion criteria;
and 3) delineation of derivation cohort, temporal validation cohort, and real-world cohort. ECG = electrocardiogram; EHR = electronic health

point during the window of ascertainment (controls)
yielding a derivation cohort of 6,472 individuals (993
5,479 controls).
cohort was constructed using an analogous approach

cases, The temporal validation
as the derivation cohort with the exception of using
OHCA cases occurring in 2022 and 2023, resulting in
3,442 individuals with an available ECG (463 cases,
2,979 controls). Lastly, the real-world cohort was
designed to evaluate the potential utility of deploy-
ing Al-enhanced ECG and EHR-base data during a
baseline period to stratify incident OHCA over
2 years. This cohort comprised all individuals who
underwent 12-lead ECG in 2021 at UW Medicine. We
aimed to simulate the real-world circumstance where
a health-system elects to “turn on” a clinical tool at a
specified time with a harmonized “look-back” period.
In addition to the exclusion criteria employed for the
derivation and validation cohorts, we additionally

excluded individuals who died in 2021 and in-
dividuals without documentation of vital status
within the EHR over the ascertainment period (2022-
2023) yielding a of 39,911
individuals.

real-world cohort

Data collection and analyses were approved by the
review boards at the UW and Public Health-Seattle &
King County. Strengthening the Reporting of Obser-
vational Studies in Epidemiology (STROBE) guide-
lines were adhered to and are provided for this study
(Supplemental Appendix).°

ASCERTAINMENT OF COVARIATES. The UW Medi-
cine EHR includes data from over 60 sources
including demographic data, diagnosis codes, and
medication prescriptions. Covariates of interest
included sociodemographic information, vital signs,

comorbidities, habits, conventional ECG measures,
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health care engagement metrics, and medication use
(Supplemental Tables 1 and 2, and Supplemental
Appendix).* For AI-ECG analysis, we extracted deep
learning-derived vectors from the standard 12-lead
ECGs (Supplemental Appendix). From each quali-
fying ECG tracing, we derived a 256-dimensional
latent representation using a previously validated
deep neural autoencoder.® This autoencoder was
trained using over 35,000 ECGs from the fully
external Mass General Brigham health care system
and produces a representation of the ECG with suf-
ficient information to reconstruct the ECG waveform
with high accuracy (r = 0.9916).

The window of covariate ascertainment for cases
was the first qualifying health visit until the day
before the date of cardiac arrest. For controls, the
window of ascertainment was the first qualifying
health visit until the first instance of death (adjudi-
cated using EHR documentation and the Washington
State Death Index), date of last known health care
contact within the EHR, or end of cohort study
period. For the derivation cohort (OHCA cases 2013-
2021), the window of ascertainment was January 1,
2010, to December 31, 2021. For the temporal vali-
dation cohort (OHCA cases 2022-2023), the window of
ascertainment was January 1, 2019, to December 31,
2023. In both derivation and validation cohorts, the
ECG most proximate to OHCA was selected, and for
controls, a random ECG during the ascertainment
window was selected. For the real-world cohort, the
qualifying ECG was between January 1, 2021, and
December 31, 2021, with the most proximate ECG to
January 1, 2022 selected; the window of ascertain-
ment for structured covariates was January 1, 2019, to
December 31, 2023. There was missingness, as antic-
ipated, for vital signs covariates (Supplemental
Table 3) and these values were imputed in all co-
horts (Supplemental Appendix).

STATISTICAL ANALYSIS. Descriptive statistics for
OHCA cases and controls were compared using t-tests
or chi-square tests as appropriate. Three OHCA clas-
sification models were created using least absolute
shrinkage and selection operator: 1) an ECG-only
model using the 256-dimensional ECG embedding
plus conventional ECG intervals (PR interval, QRS
duration, corrected QT interval, and heart rate); 2) an
EHR-only model using 156 structured clinical fea-
tures; and 3) a model combining ECG + EHR data.
In the derivation cohort, data were split by subject
into 70% training and 30% testing. Cross-validation
(5-fold) was used to tune the regularization param-
eter within the training set and model performance
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was evaluated in the testing subset of the derivation
cohort. For robust, independent validation, the
temporal validation cohort was used and not
involved in any aspect of model training, tuning or
threshold selection. The AI-ECG model is pub-
licly available.'®

We first evaluated model performance in the
temporal validation cohort using the area under the
receiver operating characteristic curve (AU-ROC) and
the area under the precision recall curve (AU-PRC).
Model predicted probabilities were used to compute
AU-ROC and AU-PRC and 95% CIs were obtained us-
ing bootstrap resamples of the validation set
(n = 1,000 iterations). Comparisons of AU-ROC and
AU-PRC were conducted using a nonparametric
bootstrap test for 2 paired ROC or PRC curves, with
Bonferroni correction for multiplicity. We then
calculated model sensitivity, specificity, positive
predictive value, negative predictive value and F1
scores at 3 prespecified operating points, selected a
priori within the derivation cohort, to reflect discrete
clinical use cases: 1) F1 score maximization, reflecting
balanced positive predictive value and sensitivity; 2)
a high-sensitivity threshold (99%), simulating use of
the model as a broad screening tool; and 3) a high-
specificity threshold (99%), reflecting a strategy to
prioritize identification of high-risk individuals while
minimizing false positives. Calibration was evaluated
using the Brier score.

In secondary analyses, we evaluated model per-
formance in the temporal validation cohort across 3
prespecified strata: 1) shockable vs nonshockable
OHCA; 2) presence or absence of established cardio-
vascular disease (Supplemental Appendix); and 3)
normal vs not normal ECG according to physician
diagnostic interpretation. Down-sampling was used
to account for case:control imbalance in subgroups.
We also evaluated model performance in the tem-
poral validation cohort when restricting cases to in-
dividuals with ECGs obtained within: 1) 6 months;
and 2) 3 months before OHCA. For comparison of AU-
ROC and AU-PRC in all secondary analyses, we did
not adjust for multiplicity and thus present point
estimates and 95% Cls. To further understand the
relative importance of covariates and ECG waveforms
contributing to OHCA prediction, we used SHapley
Additive exPlanations," absolute value of co-
efficients from the least absolute shrinkage and se-
lection operator model (scaled in a harmonized
manner), and latent space visualization analysis
(Supplemental Text 8 in Supplemental Appendix).
Given the established association of left ventricular
ejection fraction and sudden cardiac arrest, we also
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evaluated the performance of a validated AI-ECG al-
gorithm predictive of left ventricular ejection
fraction <50% to discriminate OHCA."

Lastly, to evaluate the utility of the developed
models to identify OHCA risk in the general popula-
tion, we used cumulative incidence functions, ac-
counting for the competing risk of non-OHCA
mortality, to estimate the primary outcome of 2-year
incidence of OHCA in the real-world cohort, stratified
by model-predicted risk. Thresholds for delineating
“high-risk” for each model were based on the F1
score maximization point in the derivation cohort.
For time-to-event analyses, individuals contributed
person-time from January 1, 2022. (ie time zero) to
the earliest of OHCA, last known follow-up in the
EHR, or December 31, 2023. Subdistribution HRs from
competing-risk Fine-Gray models were used to esti-
mate relative risks. In exploratory analyses, we: 1)
evaluated cumulative incidence of OHCA in key
subgroups including stratification by age, sex, and
race/ethnicity; 2) evaluated the intraindividual SD of
estimated OHCA probability for the subset of in-
dividuals in the real-world cohort who underwent >1
ECG in the ascertainment window; and 3) evaluated
cumulative incidence of OHCA stratified by model
predicted risk using a rolling baseline of the date of
ECG acquisition as time zero with follow-up until
OHCA, last known follow-up in the EHR, or December
31, 2023. A 2-tailed Gray P < 0.017 (0.05/3) was
considered to indicate statistical significance to ac-
count for cumulative incidence comparisons in 3
models.

RESULTS

STUDY POPULATION. Baseline characteristics for the
temporal validation cohort are shown in Table 1 and
baseline characteristics for the derivation cohort and
real-world cohort are shown in Supplemental
Tables 4 and 5. In the temporal validation cohort
there were 463 individuals with OHCA (56 &+ 16 years,
69% male) and 2,979 individuals without OHCA
(62 + 16 years, 70% male). In the temporal validation
cohort, the median time from ECG to OHCA was
129 days (IQR: 45-389 days).

PREDICTION OF OUT-OF-THOSPITAL CARDIAC
ARREST. In the temporal validation cohort, discrim-
ination of OHCA was highest for the multimodal
ECG + EHR model (AU-ROC: 0.83; 95% CI: 0.81-0.85,
AU-PRC: 0.44; 95% CI: 0.40-0.49) followed by EHR-
only (AU-ROC: 0.80; 95% CI: 0.78-0.83, AU-PRC:
0.41; 95% CI: 0.37-0.45) and ECG-only (AU-ROC:
0.76; 95% CI: 0.74-0.70, AU-PRC: 0.34; 95% CI: 0.30-
0.38) (Figure 2, Supplemental Table 6) (Bonferroni-
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TABLE 1 Baseline Characteristics of Temporal Validation Cohort
OHCA Control
(n =463) (n =2,979) P Value
Socio-demographic covariates
Age, y 56 + 16 62 + 16 <0.0001
Sex, n (%) 0.86
Male 320 (69) 2,075 (70)
Female 143 (31) 904 (30)
Race/ethnicity, n (%)
American Indian or Alaskan Native 2 (0) 7 (0) <0.0001
Asian 43 (9) 267 (9)
Black 92 (20) 237 (8)
Native Hawaiian or Pacific Islander 1(0) 7 (0)
White 284 (61) 2,264 (76)
Other 41 (9) 197 (7)
Vital sign covariates
Heart rate, beats/min
Minimum 70 + 14 66 + 14 <0.0001
Maximum 100 + 16 89 +£18 <0.0001
Mean 84 + 1 76 £13 <0.0001
SBP, mm Hg
Minimum 10 +£19 15 +17 <0.0001
Maximum 153 + 24 146 + 22 <0.0001
Mean 131+16 130 £ 15 0.24
DBP, mm Hg
Minimum 63 +13 67 +£13 <0.0001
Maximum 93 +16 87 +13 <0.0001
Mean 78 £10 77+ 9 0.05
Respiratory rate, breaths/min
Minimum 15+2 15+4 0.16
Maximum 21+9 19+9 0.0005
Mean 17 +£2 17+ 4 0.004
Sp0y, %
Minimum 83+ 22 90 +16 <0.0001
Maximum 100 + 37 99 +1 0.18
Mean 97 +2 97 +2 0.0002
Weight, kg
Minimum 78 + 25 81+ 22 0.01
Maximum 91 + 36 89 + 24 0.41
Mean 84 1+ 26 85+ 23 0.27
Electrocardiographic covariates
PR interval, msec
Minimum 149 + 30 164 + 38 <0.0001
Maximum 173 + 44 175 + 46 0.36
Mean 160 £ 32 170 + 41 <0.0001

Continued on the next page

adjusted P for all pairwise AUC-ROC and AUC-PRC
comparisons <0.05). Table 2 summarizes detailed
performance metrics at 3 clinically relevant thresh-
olds. The distribution of predicted OHCA probabili-
ties in cases and controls in the temporal validation
cohort are shown in Supplemental Figure 1. Model
calibration in the temporal validation cohort
appeared reasonable (Supplemental Table 7).
Discrimination indices in the derivation cohort were
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TABLE 1 Continued

OHCA Control
(n =463) (n =2,979) P Value

QRS duration, ms

Minimum 91 + 20 94 + 22 0.000

Maximum 105 + 28 100 + 25 0.001

Mean 97 + 22 97 + 23 0.90
QT corrected, ms

Minimum 437 + 37 431 + 38 0.006

Maximum 481 + 48 449 + 44 <0.0001

Mean 458 + 31 440 + 36 <0.0001

Clinical comorbidities

Hypertension, n (%) 325 (70) 1,851 (62) 0.001
Diabetes mellitus, n (%) 161 (35) 791 (27) 0.0002
Hyperlipidemia, n (%) 263 (57) 1,712 (57) 0.83
Heart failure, n (%) 171 37) 493 (17) <0.0001
Coronary heart disease, n (%) 175 (38) 731 (25) <0.0001
Valvular heart disease, n (%) 125 (27) 464 (16) <0.0001
Stroke or TIA, n (%) 107 (23) 413 (14) <0.0001
Myocardial infarction, n (%) 126 (27) 361 (12) <0.0001
Peripheral arterial disease, n (%) 137 (30) 589 (20) <0.0001
Cerebral atherosclerosis, n (%) 142 (31) 628 (21) <0.0001
Chronic kidney disease, n (%) 147 (32) 506 (17) <0.0001
Renal failure, n (%) 134 (29) 492 (17) <0.0001
Substance use disorder, n (%) 237 (51) 309 (10) <0.0001
Depression, n (%) 238 (51) 890 (30) <0.0001
Obstructive sleep apnea, n (%) 38 (8) 155 (5) 0.01
Cardiac arrhythmias, n (%) 109 (24) 409 (14) <0.0001
Ventricular tachycardia, n (%) 20 (4) 68 (2) 0.015
Atrial fibrillation, n (%) 105 (23) 545 (18) 0.03
Palpitations, n (%) 104 (22) 472 (16) 0.0005
Syncope, n (%) 114 (25) 400 (13) <0.0001
Cirrhosis, n (%) 161 (35) 499 (17) <0.0001
Gastrointestinal bleeding, n (%) 42 (9) 104 (3) <0.0001
Peptic ulcer without bleeding, n (%) 36 (8) 84 (3) <0.0001
Smoking, n (%) 294 (63) 1,021 (34) <0.0001
Pulmonary disease, n (%) 195 (42) 826 (28) <0.0001
Obesity, n (%) 151 (33) 882 (30) 0.21
Weight loss, n (%) 125 (27) 438 (15) <0.0001
Anemia, n (%) 233 (50) 815 (27) <0.0001
HIV, n (%) 20 (4) 51(2) 0.0005
Alcohol abuse, n (%) 182 (39) 332 (1) <0.0001
Autoimmune conditions, n (%) 21 (5) 197 (7) omn
Coagulopathy, n (%) 105 (23) 404 (14) <0.0001
Dementia, n (%) 43 (9) 194 (7) 0.04
Hypothyroidism, n (%) 53 (11) 448 (15) 0.05
Neurological disorders, n (%) 147 (32) 434 (15) <0.0001
Paralysis, n (%) 57 (12) 170 (6) <0.0001
Epilepsy, n (%) 87 (19) 199 (7) <0.0001
Psychoses, n (%) 188 (41) 447 (15) <0.0001
Pulmonary circulation disease, n (%) 66 (14) 162 (5) <0.0001
Any malignancy, n (%) 66 (14) 527 (18) 0.08
Fluid and electrolyte disorders, n (%) 326 (70) 1,091 (37) <0.0001

Values are mean = SD or n (%).

Bpm = beats per minute; DBP = diastolic blood pressure; OHCA = out-of-hospital cardiac arrest;
SBP = systolic blood pressure; SpO, = oxygen saturation; TIA = transient ischemic attack.
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similar and are summarized in
Supplemental Figure 2.

In secondary analysis, we identified consistent
model performance in key subgroups including
shockable vs nonshockable OHCA, the presence or
absence of prevalent cardiovascular disease, and
ECGs interpreted clinically as normal or not normal
(Supplemental Figure 3, Supplemental Tables 8 to
10). Model performance also remained consistent in
the temporal validation set when restricting ECGs to
those within 6 months or within 3 months of OHCA
(Supplemental Figure 4).

As a benchmark, a previously validated AI-ECG
model to predict left ventricular systolic dysfunc-
tion demonstrated poor discrimination for OHCA in
the temporal validation cohort (AU-ROC: 0.68;
95% CI: 0.65-0.70, AU-PRC: 0.23; 95% CI: 0.20-0.27)
(Supplemental Figure 5).

FEATURE IMPORTANCE FOR OHCA PREDICTION IN
ECG AND EHR MODELS. To further understand
which components of the ECG and EHR models were
most salient to OHCA prediction, we employed
feature importance analysis in the ECG-only, EHR-
only, and ECG + EHR models (Supplemental Figure 6
and Supplemental Table 11). In the ECG-only model,
we observed substantial influence from both AI-
defined representations and conventional ECG met-
rics (QTc and heart rate). In an exploratory analysis,
we observed only modest correlation between the
most contributory Al-defined representations and
conventional ECG metrics (Supplemental Figure 7).
In the EHR-only model, the most influential features
were fluid and electrolyte disorder, heart failure, and
substance use disorder. In the ECG + EHR model,
both structured EHR data (eg fluid and electrolyte
disorders, substance abuse disorder, and heart fail-
ure) and ECG parameters (Al-representations and
mean corrected QT interval) were identified as key
contributors. To further understand the components
of the ECG waveforms reflected in Al-representations
predictive of OHCA, we evaluated representative re-
constructions of the ECG waveform across the spec-
trum of AI-ECG predicted OHCA risk (Supplemental
Figure 8). ECG waveforms associated with higher
OHCA risk generally had lower QRS amplitudes in all
ECG leads and smaller T-wave amplitudes.

MODEL PERFORMANCE FOR OHCA INCIDENCE IN A
REAL-WORLD COHORT. We next evaluated the 2-
year cumulative incidence of OHCA, accounting for
competing mortality, using risk designations derived
from ECG-only, EHR-only, and ECG + EHR models in
our real-world cohort of individuals with an ECG
performed over the course of 1 year (Figure 3). The
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FIGURE 2 Model Discrimination of Out-of-Hospital Cardiac Arrest in Temporal Validation Cohort
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Abbreviations as in Figure 1.

median time between contributing ECG and start of
follow-up time was 152 days (IQR: 67-250). The dis-
tribution of predicted OHCA probabilities for in-
dividuals with OHCA vs no OHCA are shown in
Supplemental Figure 9 in Supplemental Appendix.
Model calibration across all 3 models appeared
reasonable in the real-world cohort (Supplemental
Table 7). All 3 models demonstrated a higher inci-
dence of OHCA among individuals identified as high-
risk compared to low-risk (Gray P for comparison of
cumulative incidence <0.001 for all). For example,
using the ECG + EHR model, the 2-year cumulative

risk of other mortality, was 2.4% (95% CI: 2.0%-2.8%)
in the high-risk stratum compared to 0.5% (95% CI:
0.3% to 0.8%) in the low-risk stratum. In the real-
world cohort, of 228 individuals with incident
OHCA over a 2-year period, the EHR + ECG model
flagged approximately two-thirds of these
dividuals as high-risk (153 of 228). Performance
metrics for OHCA prediction in the ECG-only, EHR-
only, and ECG + EHR models in the real-world cohort
are shown in Supplemental Table 12.

in-

In exploratory analyses, we evaluated the 2-year
cumulative incidence of OHCA stratified by age,

incidence of OHCA, accounting for the competing sex, and race/ethnicity with similar findings
TABLE 2 Model Performance for Prediction of out of Hospital Cardiac Arrest in Temporal Validation Cohort
ECG Model EHR Model ECG + EHR Model

F1-Score 99% 99% F1-Score 99% 99% F1-Score 99% 99%

Threshold Specificity Sensitivity Threshold Specificity Sensitivity Threshold Specificity Sensitivity
Accuracy 0.76 0.87 0.21 0.79 0.87 0.31 0.80 0.87 0.33
PPV? 0.30 0.53 0.14 0.35 0.63 0.16 0.36 0.57 0.16
Sensitivity 0.58 0.05 0.99 0.64 0.10 0.97 0.69 0.1 0.99
F1-Score 0.39 0.09 0.25 0.45 0.17 0.27 0.48 0.19 0.28
NPV? 0.92 0.87 0.99 0.94 0.88 0.97 0.94 0.88 0.99
Specificity 0.79 0.99 0.09 0.81 0.99 0.20 0.81 0.99 0.22

2Some measures of model performance including PPV and NPV are sensitive to underlying disease incidence. Estimates provided for the case control cohort do not reflect
anticipated performance in the general population where incidence of out-of-hospital cardiac arrest is lower.

ECG = electrocardiogram; EHR = electronic health record; NPV = negative predictive value; PPV = positive predictive value.
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FIGURE 3 Incidence of Out-of-Hospital Cardiac Arrest in a Real-World Cohort
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CENTRAL ILLUSTRATION Health Records and Artificial Intelligence-Enhanced Electrocardiogram Predicts
Cardiac Arrest

We quantified the value of electronic health records (EHR) and ECG-based

artificial intelligence (ECG-AI) to predict adjudicated out-of-hospital cardiac arrest (OHCA)

L TAY I
In a Temporal Validation Set In a Real-World Cohort
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Models incorporating structured electronic health records and artificial intelligence (Al)-enhanced electrocardiogram (ECG) analysis in the general population
effectively discriminated individuals with out-of-hospital cardiac arrest (OHCA) from those without. In a real-world cohort of individuals undergoing routine ECG,
multimodal models incorporating health records data and Al-enhanced ECG effectively stratified incident risk of OHCA. AUROC = area under receiver operating

characteristic curve; EHR = electronic health record.

regarding risk stratification across all models
(Supplemental Figure 10). In additional exploratory
analysis, in the subset of individuals who had more
than 1 ECG over the course of 1 year, we observed
minimal intraindividual SD of predicted OHCA risk in
both the ECG-only model and the ECG + EHR model
(Supplemental Figure 11). Finally, in sensitivity
analysis incorporating a rolling baseline with date of
ECG acquisition as cohort entry, we observed similar
stratification of OHCA risk across all models

(Supplemental Figure 12).

DISCUSSION

In a large U.S. health care system, we show that
models incorporating Al-enhanced ECG analysis and
EHR data discriminate individuals in the general
population at risk for OHCA (Central Illustration). In a
real-world cohort of individuals undergoing 12-lead

ECG, Al-enhanced ECG analysis and EHR data iden-
tified clinically relevant incidence of OHCA over a 2-
year period.

Our study has 3 key findings. First, stratification of
longitudinal OHCA risk in the general population is
feasible. Previous studies in the general population
have focused on conventional cardiovascular risk
factors and showed lower discrimination of OHCA
risk when compared to the models evaluated in this
study.’>'> When considering actionable clinical
deployment, an OHCA risk model should identify
salient risk over a relevant timeline. To that end, in
our real-world cohort of all individuals undergoing
ECG over a 1-year period, we show that individuals
designated as high-risk by a model incorporating AI-
enhanced ECG analysis and EHR data had an OHCA
incidence of ~1% per year over the subsequent 2-
year period, which represents a 10- to 20-fold
enrichment over the general population and a rate
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comparable to actionable thresholds for sudden car-
diac death primary prevention in guidelines for
structural heart disease.'* In this instance, we would
estimate needing to flag 100 individuals as “high-
risk” to identify 1 OHCA event over 1 year. In the real-
world cohort, two-thirds of individuals destined to
have OHCA over the 2 years after an ECG were suc-
cessfully flagged as “high-risk” by the combined
EHR-ECG model.

With respect to generalizability, given that our
models incorporated data from ECGs, our real-world
cohort reflected individuals undergoing ECG who
may differ from individuals not undergoing ECG.
Despite potential selection bias, the incidence of
OHCA in our real-world cohort (~0.37% per year) was
comparable to incidence rates of OHCA in previous
general population-based cohorts, providing support
for generalizability." We view the findings of our
study as necessary and foundational to justify future
prospective evaluation of these models in an unse-
lected general population cohort. We would further
emphasize that effective stratification of OHCA risk
represents a requisite, first-step in considering pre-
vention strategies in the general population. Future
work is warranted to better define the discrete clin-
ical pathways that a “high-risk” flag may motivate.
Potential considerations include the implementation
of individually tailored efforts to modify OHCA risk
(eg address reversible mechanisms of QT prolonga-
tion or electrolyte aberration) or intensified rhythm
surveillance with validated wearable technologies
capable of detecting pulselessness and activation of
EMS systems.'” Ultimately, clinical deployment of
screening algorithms for OHCA in the general popu-
lation will need to directly address the potential for
false positivity and implications of testing and anxi-
ety that such alerts may trigger.

Second, optimal approaches to estimation of
OHCA risk should reflect its complex nature,
including contributions from myriad cardiovascular
and noncardiovascular factors detectable by AI-
enhanced ECG and EHR data. Previous studies of
OHCA epidemiology in the general population
focused predominantly on White men, and suggested
coronary heart disease as etiological in 75% to 80% of
individuals.'®*® More recent studies have high-
lighted an evolving epidemiology of OHCA, identi-
fying prevalent cardiovascular disease in only one-
third to one-half of individuals and emphasizing
key contributions of noncardiovascular comorbid-
ities.’®?° In our study, feature-importance analysis
identified a range of conditions (eg fluid and elec-
trolyte disorders), conventional ECG parameters (eg
prolonged QT interval), and Al-enhanced ECG

JACC: ADVANCES, VOL. 5, NO. 6, 2026
JUNE 2026:102787

representations (ie complex waveform features) as
salient for OHCA risk prediction. Model performance
was robust across key subgroups including in-
dividuals without known cardiovascular disease and
individuals in whom ECG analysis was interpreted as
normal, providing strong evidence that model per-
formance is not driven solely by overt ECG abnor-
malities and underscoring the added value of AI-
enabled ECG analysis. Our findings support ongoing
efforts to expand the formulation of OHCA risk
beyond conventional cardiovascular risk factors and
frame the importance of considering personalized
risk assessment and modification.

Third, Al-enhanced ECG analysis could facilitate
scalable OHCA risk evaluation in the general popu-
lation. We demonstrate that the discrimination of our
ECG-only model was only modestly lower than our
EHR model incorporating 156 features. Both con-
ventional ECG parameters and Al-enhanced ECG
features contributed to OHCA prediction. As a low-
cost, widely implemented diagnostic test, the ECG
is an appealing method for risk assessment in diverse
health care settings including resource-constrained
communities without access to robust EHR plat-
forms. To this end, we emphasize the AI-ECG model
used in our study is publicly available.®

STUDY LIMITATIONS. Our study has limitations.
First, these data reflect care within a large U.S. health
care system and generalizability to other commu-
nities with differing comorbidity and demographic
distributions is unknown. Geographic external vali-
dation is warranted. Second, study cohorts were
restricted to individuals undergoing ECG evaluation,
who may differ from individuals not undergoing ECG
(Supplemental Table 13). As acknowledged, model
performance in an unselected general population
cohort will require prospective evaluation. Third,
OHCA events without an EMS resuscitation attempt
were not included in this study and could have led to
misclassification of controls. Fourth, comorbidities
were defined using validated billing codes yet
misclassification is possible. Fifth, the real-world
cohort excluded individuals who died within the
same calendar year as ECG acquisition; incidence
estimates do not reflect individuals at higher risk of
near term mortality. Sixth, ECG representations in
this study were derived using an externally trained
autoencoder.  Additional supervised training
methods specific to OHCA (eg, modifying upstream
autoencoder weights) could yield additional im-
provements in predictive performance and warrants
further investigation. Seventh, ECG analysis
employed the latest available ECG in a given cohorts


https://doi.org/10.1016/j.jacadv.2026.102787

JACC: ADVANCES, VOL. 5, NO. 6, 2026
JUNE 2026:102787

window of ascertainment. Future work could eval-
uate the predictive value of incorporating inputs and
changes across serial ECGs. Eighth, the EHR model
evaluated included a broad set of clinical features;
future work identifying a more parsimonious set of
features that retain predictive performance could
enhance translational relevance. Finally, AlI-
enhanced ECG representations could reflect biases
linked to demographics and healthcare patterns.
Future evaluations incorporating fairness and bias
evaluation will be the key before clin-
ical implementation.

CONCLUSIONS

In a large U.S. health care system, Al-enhanced ECG
and EHR data discriminated individuals at risk of
OHCA in the general population. In a real-world
cohort, individuals designated as high-risk had a
clinically relevant 2-year incidence of OHCA. Future
prospective studies are warranted to further estab-
lish the potential utility of such approaches for risk
stratification of OHCA in the general population.
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