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Abstract

Background: Atrtificial intelligence (Al)-enhanced electrocardiogram (ECG) models are often
designed to detect specific anatomical and functional cardiac abnormalities. Understanding the
selectivity of their phenotypic associations is essential to inform their clinical use. Here, we
sought to assess whether AI-ECG models function as condition-specific classifiers or broader
cardiovascular risk markers.

Methods: We included four distinct study populations, drawn from both electronic health
records (EHR) and prospective cohort studies. We deployed six image-based AI-ECG models,
including five validated models for the detection of left ventricular systolic dysfunction
(LVSD), aortic stenosis (AS), mitral regurgitation (MR), left ventricular hypertrophy (LVH),
a composite model for structural heart disease (SHD), and a negative control AI-ECG model
for biological sex. Additionally, we developed six experimental models designed to identify
non-cardiovascular conditions. Diagnosis codes from EHR and cohorts were transformed into

Correspondence: Rohan Khera, MD, MS, rohan.khera@yale.edu, 195 Church St, 6th Floor, New Haven, CT 06510.

Disclosures

EKO reported being a cofounder of Evidence2Health, serving as a consultant to Caristo Diagnostics Ltd and Ensight-Al, having stock
options in Caristo Diagnostics Ltd, receiving a grant from the National Heart, Lung, and Blood Institute of the National Institutes of
Health, and having patents 63/508,315 and 63/177,117 outside the submitted work. RK reported receiving grants from the National
Heart, Lung, and Blood Institute, National Institutes of Health, Doris Duke Charitable Foundation, Bristol Myers Squibb, Novo
Nordisk, BridgeBio, and Blavatnik Foundation, being an academic cofounder of Ensight-Al and Evidence2Health, having patents
63/346,610, W0O2023230345A1, US20220336048A1, 63/484,426, 63/508,315, 63/580,137, 63/606,203, 63/619,241, and 63/562,335
pending, and serving as associate editor of JAMA outside the submitted work. No other disclosures were reported. These affiliations
and potential financial interests have been disclosed and are being managed in accordance with institutional policies.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Croon et al. Page 2

interpretable phenotypes using a phenome-wide association study (PheWAS) framework. We
assessed associations of AI-ECG probabilities with cross-sectional phenotypes using logistic
regression, and with new-onset cardiovascular diseases using Cox regression. Pearson correlation
coefficients were calculated to compare phenotypic signatures.

Results: The study included one random ECG from 233,689 individuals (mean age 59+18 years,
130,084 [56%] women) across sites. Each of the five AI-ECG models was more likely to be
associated with cardiovascular phenotypes compared with other phenotype groups (odds ratios
ranging from 2.16 to 4.41, p<107°), whereas the sex model did not show a similar pattern. All
AI-ECG models were significantly associated with their respective target phenotype but also
showed similar or stronger associations with a broad range of other cardiovascular phenotypes.
Phenotypic associations were similar across AI-ECG models trained for different conditions,
which was not observed in models for non-cardiovascular conditions. Correlation of phenotype
association patterns between models was high (0.67 to 0.96). This pattern was consistent across all
models, external datasets, and in both cross-sectional and prospective analyses.

Conclusions: Despite being developed to detect specific cardiovascular conditions, Al-ECG
models detect the presence and predict the future development of a broad range of cardiovascular
diseases with similar propensity. This challenges their role as binary diagnostic tools and instead
supports their use as broader cardiovascular biomarkers.

Keywords

Artificial Intelligence; Electrocardiography; Cardiovascular Disease; Risk Prediction; Machine
Learning

INTRODUCTION

Artificial intelligence (Al) has expanded the utility of the electrocardiogram (ECG),

enabling the detection of subtle disease signatures previously considered unrecognizable
even by experts.12 Several AI-ECG models have now been extensively validated for the
detection of various specific functional and structural cardiovascular conditions, including
left ventricular systolic dysfunction (LVSD), valvular heart disease (VHD), and left
ventricular hypertrophy (LVH).3-7 Moreover, AI-ECG has demonstrated effectiveness as

a digital biomarker capable of predicting new-onset cardiovascular diseases (CVD).8-11
These developments have led to the FDA approval for AI-ECG algorithms designed to detect
LVSD and hypertrophic cardiomyopathy, marking their transition from research into clinical
application.12

While Al-ECG models have been developed and evaluated as condition-specific diagnostic
tools, an assessment of their selectivity in phenotypic associations is required to guide
their clinical use. Many CVDs exhibit shared pathophysiological mechanisms and risk
factors, which may result in similar conduction and rhythm alterations.19-13 Visible ECG
abnormalities, such as ST-segment changes or prolonged QT intervals, are also frequently
associated with multiple cardiac diseases, reflecting overlapping pathological processes.14-
16 As a result, AI-ECG models may not differentiate between distinct disease entities, as
suggested by a series of models designed for individual conditions, but instead identify
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ECG signatures representing broader cardiovascular pathology. With the ongoing transition
of AI-ECG into clinical practice, these considerations must be systematically evaluated to
clarify their clinical implications and ensure safe, effective deployment.’

In this study, we evaluated whether image-based AI-ECG models trained on specific
cardiovascular disease labels exhibit selective phenotypic association patterns for cross-
sectional and new-onset cardiovascular disorders across four diverse cohorts, including a
large tertiary hospital, a group of four community hospitals, an outpatient medical network,
and the prospective UK Biobank. We also included a classification model for biological sex
and seven experimental models as negative control outcomes for cardiac phenotypic patterns
potentially detectable on AI-ECG.

The Yale Institutional Review Board approved the study protocol and waived the
requirement for informed consent, as the study involves secondary analysis of pre-existing
data. The data underlying this study cannot be shared publicly due to patient privacy
concerns and institutional regulations. The analysis code supporting this study is publicly
available at; https://github.com/CarDS-Yale/selectivity Al _ECG.

Evaluation of AI-ECG Models for Cardiovascular Disease

We leveraged a range of AI-ECG models that were previously developed and extensively
validated in multinational cohorts to detect distinct cardiovascular abnormalities. These
cardiovascular disease models were trained and validated for specific labels including: (1)
LVSD, defined as a left ventricular ejection fraction (LVEF) < 40% on echocardiography,
left-sided valvular heart diseases, namely (2) AS and (3) MR, graded as mild to severe
based on echocardiographic guidelines, (4) severe LVH, defined by an interventricular septal
diameter at end-diastole > 15 mm, combined with moderate to severe (grade I1/111) left
ventricular diastolic dysfunction, and (5) composite SHD including LVSD, valvular heart
disease and LVH.18

The development and external validation of these models, including cohort characteristics,
have been described in prior studies.1% All models were developed in the same group

of individuals who had undergone an electrocardiogram and echocardiogram concurrently
(within 30 days of each other) in the Yale New Haven Hospital (YNHH).

The individual disease label models are all convolutional neural networks (CNN) based

on the EfficientNet-B3 architecture, which consists of 384 layers and over 10 million
trainable parameters. The model input consists of 300x300-pixel image representations of
standard 12-lead ECGs. To enhance label efficiency in model development, CNNs were
initialized with weights from a self-supervised, contrastive learning framework designed to
recognize patient-specific ECG patterns independent of clinical interpretation.2? Fine-tuning
was performed in two stages. In the initial stage, only the final two layers of the network
were unfrozen and optimized, followed by a second stage in which all layers were unfrozen
to allow complete model adaptation to the task-specific objective. This staged training
approach was used to improve optimization stability and efficiency, while preserving the
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model’s capacity to update all weights based on the disease-specific signal. The AI-ECG
model for detecting composite structural heart disease, called PRESENT-SHD, employs
an XGBoost classifier that integrates predictions from individual CNNs trained to detect
LVSD, valvular heart disease, and LVH, along with an individual’s age and sex as input
features.19:21 All models were externally validated across diverse clinical and community-
based settings and demonstrated state-of-the-art performance.

Development and Evaluation of Experimental AI-ECG Models

To evaluate whether the signature of an AI-ECG model trained on a non-cardiovascular,
biological label differs from that of one trained to detect cardiovascular diseases, we
developed an AI-ECG model to define biological sex from the ECG, using the same
methodology and cohort as the disease-specific models described in the previous paragraph.
Such models have previously been proposed, and this model demonstrated excellent
performance (area under the receiver operating curve (AUROC)>0.90) across all cohorts,
including internal validation in the YNHH cohort and external validation in community
hospitals, outpatient clinics, and the UK Biobank (Figure S1, Table S1).22

To examine whether the signatures of the AI-ECG models are dependent on the training
label rather than suggesting broader cardiovascular pathology, we developed multiple
experimental models to serve as negative controls for the cardiovascular association of
AI-ECG models. We used the same methodology and development population as the
validated Al-ECG models for cardiovascular disease detection. First, we developed a model
to classify whether an ECG was recorded during an odd-numbered month. Next, we derived
6 experimental models designed to detect the occurrence of non-cardiovascular disease
labels, including viral respiratory infection, transport accident, headache, fracture of the
lower leg, being bitten by a dog, and dermatophytosis. These conditions were defined based
on the presence of diagnosis codes up to one year before or after the ECG (Table S2).

None of these experimental models outperformed random chance in the development cohort
(AUROC ~0.50), confirming their role as negative control outcomes for AI-ECG (Table S3,
Figure S2).

Data Sources

We included individuals from multiple cohorts. The primary dataset was sourced from
YNHH, a large tertiary medical center in Connecticut, USA. For external validation,

we included: (i) four community-based hospitals in the Yale New Haven Health System
(YNHHS): Bridgeport, Greenwich, Lawrence + Memorial and Westerly Hospitals, (ii)
Northeast Medical Group spanning multiple outpatient clinics, and (iii) participants from
the UK Biobank cardiovascular imaging substudy with an ECG recorded at enrollment.
Extensive health and biometric data were available through linkage with National Health
Service (NHS) electronic health records. ECGs included in the cohorts from the YNHH,
community hospitals, and outpatient clinics were recorded as part of routine clinical care
from 2013 to 2024, while the ECGs from UK Biobank participants were collected between
2014 and 2020. For all cohorts, diagnostic codes classified as International Classification of
Diseases (ICD)-10 codes, along with the first recorded dates, were extracted.
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Study population

In the cohort derived from the YNHH, individuals who were part of the model development
were excluded from our analysis. For the cohorts that originated from the YNHH,
community hospitals, and outpatient clinics, we selected individuals with at least one ECG
as part of routine clinical care. To ensure adequate follow-up for disease ascertainment,

we applied a one-year blanking period starting from each patient’s first hospital encounter.
We then randomly selected one ECG recorded after this period per individual, allowing for
consistent follow-up and representation across the spectrum of disease stages. For the UK
Biobank, we included all participants with an available ECG, using the earliest recorded
ECG per individual. To define the baseline characteristics of the cohorts, we used patient
demographics and diagnostic codes (Table S4).

Exploring Model Associations with Clinical Phenotypes

We conducted a phenome-wide association study (PheWAS) to explore cross-sectional
associations between AI-ECG model predictions and a wide range of clinical phenotypes
derived from diagnostic codes. PheWAS is an approach used to systematically evaluate
associations between a specific genetic or clinical trait and a wide range of phenotypes.23
It has previously been used to identify novel disease associations, uncover comorbid
conditions, and explore the phenotypic spectrum associated with biomarkers or genetic
variants.24-26

For cross-sectional analysis, only diagnostic codes recorded before or on the day the
ECG was recorded were considered, while those recorded after the ECG was recorded
were excluded. Additionally, to maintain statistical robustness, only phenotypes with =20
occurrences were included in the analysis. These diagnostic codes were transformed

into interpretable clinical phenotypes (e.g., heart failure, aortic valve disease) and their
corresponding phenotype group (e.g., cardiovascular, respiratory) using the publicly
available phecode catalog.2”-28 The use of phenotypes as representations of clinical
diagnosis codes and the reproducibility of phenotype associations have been validated in
several prior reports.23:29-31 patients with multiple coexisting conditions were included
in each relevant phenotype category, ensuring our cross-sectional associations reflect
real-world multimorbidity. However, to evaluate how concomitant diseases influence our
findings, we performed a sensitivity analysis in which we established the cross-sectional
associations on cohorts successively restricted to individuals with no more than one, then no
more than two, and finally no more than three of the four key target phenotypes.

We defined phenotypes as either on-target, reflecting the specific condition that most closely
approximates the disease that each model was trained to detect, or off-target, representing
any other disease the model associated with. The target phenotypes were defined in
consensus with a panel of three clinical cardiologists, who reviewed the AI-ECG models
and available phecodes to identify those most closely aligned with each phenotype. Target
phenotype names for each specific heart disease model were defined as follows: (1) heart
failure for the LVSD model, (2) aortic valve disease for the AS model, (3) mitral valve
disease for the MR model, (4) cardiomegaly, the phecode-derived phenotype most closely
aligned with LVH, subsequently referred to as LVH and (5) a composite outcome that
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encompasses all of the above phenotypes for the SHD model (Table S5). Although these
labels are not exhaustive, they provide a reproducible and representative framework for
assessing disease-specific patterns of association and are clinically meaningful targets in
prior work 819.32

To assess whether phenotypic associations with cardiovascular phenotypes were consistent
across study cohorts, we compared pairwise associations of effect estimates between

the YNHH and external validation sites. We visualized the strength and direction of
phenotype associations using volcano plots. To compare model-specific associations with
phenotypes, we generated a heatmap of ORs between each AI-ECG model and the five
target cardiovascular phenotypes. Next, we visualized the correlation of their phenotype
association profiles across the same five target phenotypes in a second set of heatmaps.

To assess the phenotypic overlap of AI-ECG models trained to detect conditions with
distinct pathophysiology but overlapping clinical manifestations, we conducted a sensitivity
analysis comparing the LVH and AS models from the main study with a previously
published and validated hypertrophic cardiomyopathy (HCM) model with conditions that
represent their target conditions.33 Furthermore, we evaluated the cross-sectional cardiac
phenotype selectivity defined by imaging, using cardiac magnetic resonance imaging (CMR)
obtained concurrently with ECGs in a subset of UK Biobank participants (n=34,199). We
assessed the discriminatory performance of all the models in detecting LVSD, defined as
LVEF <40%, and LVH, defined as LVMI >95g/m? in women and >115g/m? in men. Of note,
the CMR values provided by the UK Biobank are generated using Al and are not validated
by experts.3# Although this would be expected to limit the assessment of the absolute
performance of these models in contrast to their reported validation studies performed in
well-curated cohorts, we posited that this would still enable a comparison of the relative
performance of these models for a standard set of imaging-derived labels.

of AI-ECG with New-Onset Cardiovascular Disease

To evaluate the prognostic value of AI-ECG model predictions for new-onset cardiovascular
disease, we conducted time-to-event analyses using AI-ECG model predictions, including
those for cardiovascular disease and biological sex, as independent variables and the
predefined target phenotypes as dependent variables. In addition to individual conditions,
we included a composite endpoint comprising all 5 target phenotypes. This resulted in
five outcomes for which separate Cox proportional hazards models were fitted: (1) heart
failure, (2) aortic valve disease, (3) mitral valve disease, (4) LVH, and (5) a composite

of these conditions. To ensure analyses were limited to an at-risk sample, individuals

with any of these diagnoses recorded before or on the day of the ECG acquisition were
excluded. The completed Transparent Reporting of a multivariable prediction model for
Individual Prognosis Or Diagnosis + Artificial Intelligence (TRIPOD + Al) checklist from
the EQUATOR network can be found in Table $6.3°
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Statistical Analysis

The characteristics of the study population, the exposures, and the outcomes were
summarized using means and standard deviations (SD) for continuous variables and counts
and percentages for categorical variables.

Cross-sectional associations between AI-ECG model predictions and clinical phenotypes
were assessed using age- and sex-adjusted logistic regression, where each phenotype was the
dependent variable and individual AI-ECG probabilities were the key independent variable.
These were reported as odds ratios (ORs) and 95% confidence intervals (95% CI). These
analyses were conducted using the PheWAS R package (version 0.99.6.1).36:37

To evaluate whether the associations within phenotype groups identified by AI-ECG models
exceeded what would be expected by chance, we compared the observed proportion of
significant associations of the included models with the expected proportions using Fisher’s
Exact test, with corresponding ORs and p-values reported. The predicted model probabilities
from all models were logit-transformed and standardized for all analyses. To assess the
reproducibility of individual phenotype associations across healthcare settings, we computed
Pearson correlation coefficients between ORs and compared the results across cohorts.

To evaluate similarity in phenotypic association patterns across AI-ECG models, we first
calculated pairwise Pearson correlation coefficients between ORs across the five predefined
target phenotypes, separately within each cohort. Next, we repeated this analysis, including
all cardiovascular phenotypes. The resulting correlation matrices quantified the pairwise
concordance in OR distributions across models, reflecting overlap in their phenotypic
association profiles.

In assessing new-onset diseases, we developed age- and sex-adjusted Cox proportional
hazards models with the models’ predictions as independent variables and the time to the
occurrence of the first event as the dependent variable. Follow-up time was defined from
the date of the ECG to the earliest occurrence of one of the following events: (i) onset of
the tested phenotype, (ii) death, (iii) loss to follow-up, or (vi) day of data extraction, with a
maximum follow-up time of five years. For the Cox models, hazard ratios (HRS) and 95%
confidence intervals (Cls) were reported. To confirm that proportional-hazards and linearity
assumptions held across all models, outcomes, and cohorts, we (1) plotted Schoenfeld
residuals over time and (2) fitted five-knot restricted cubic splines for each predictor. Visual
inspection of the disease-specific models’ diagnostics revealed no meaningful violations
(Figure S3).

To control for multiple comparisons, we applied a Bonferroni correction, with an adjusted
significance threshold based on the number of phenotypes analyzed in each cohort. All
statistical analyses were conducted using R (version 4.2.1) and Python (version 3.12.5).
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RESULTS

Study Population

There were 235,685 individuals with at least one ECG of antecedent care within the YNHH.
Of these, 116,540 were eligible for analysis, based on none of their data had been used in the
model development and validation of prior Al-ECG models. These individuals had a mean
age of 55.5+19.1 years, and 65,920 (56.6%) were female, 69,560 (59.7%) self-identified

as non-Hispanic White, 22,912 (19.7%) as non-Hispanic Black, and 18,130 (15.6%) as
Hispanic. Among these participants, hypertension was present in 55,828 (47.9%), diabetes
in 20,902 (17.9%), and heart failure in 8,611 (7.4%) individuals based on the presence of
health encounters with corresponding diagnoses for these conditions in the period preceding
the index ECG (Table 1).

The cohort drawn from the community hospitals included 63,790 individuals who had a
mean age of 61.1 + 19.5 years, 36,088 (56.6%) were female, 41,401 (64.9%) self-reported
as White, 7,760 (12.2%) as Black, and 11,687 (18.3%) as Hispanic. Of these individuals,
32,021 (50.2%) had hypertension, 12,324 (19.3%) had diabetes, and 5,506 (8.6%) had heart
failure. In the 11,005 individuals that were included from the outpatient clinic cohort, the
mean age was 61.4 + 15.0 years, and 6,241 (56.7%) were women. A total of 8,696 (79.0%)
were White, 890 (8.1%) Black, and 928 (8.4%) Hispanic. Hypertension was present in 6,800
(61.8%), diabetes in 1,793 (16.3%), and heart failure in 408 (3.7%) individuals.

From the UK Biobank, the cohort consisted of 42,354 participants with a mean age of 64.1
+ 7.8 years, including 21,835 (51.6%) women, and were predominantly White (n=40,893,
96.6%). Hypertension was present in 6,269 (14.8%) of the individuals, diabetes in 1,340
(3.2%), and 225 (0.5%) had heart failure (Table 1).

Cross-sectional association of AI-ECG models with cardiovascular phenotypes

Across the 989 clinical phenotypes in the YNHH cohort, CVD-specific AI-ECG

models were significantly more likely to be associated with phenotypes categorized as
cardiovascular, compared with non-cardiovascular phenotypes, with ORs ranging from 4.41
(p = 2.26 x 10717) for the AS model to 2.16 (p = 1.39 x 1076) for the composite SHD model
(Figure 1, Data S1). In contrast, the Al model trained to predict biological sex was not more
likely to be associated with cardiovascular phenotypes but showed an increase in significant
associations with genitourinary phenotypes (OR = 2.31; p = 1.34 x 107).

Similarly, among the available phenotypes from community hospitals (n=868), outpatient
clinics (n=528), and the UK Biobank (n=687), model predictions for CVD-specific AI-ECG
models were consistently more likely to be associated with a broad range of cardiovascular
phenotypes. In contrast, the AI-ECG model for biological sex classification did not

show a cardiovascular-specific phenotype association pattern (Data S1-4, Figures S4-5).
Additionally, while some associations between the cardiovascular disease models and non-
cardiovascular phenotype groups were observed, they lacked consistency across models and
cohorts (Data S1-4, Figures S4-5).

Circulation. Author manuscript; available in PMC 2025 December 04.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Croon et al. Page 9

Off-target Phenotypic Associations of AI-ECG

We evaluated whether the AI-ECG models for detecting specific cardiovascular diseases
were most strongly associated with their respective training labels. In the YNHH cohort,

the LVVSD model was strongly associated with its target phenotype, heart failure (OR per

SD 2.91; 95% CI: 2.84-2.98). However, the model also showed strong associations with
several off-target phenotypes, including primary/intrinsic cardiomyopathies (OR 3.58; 95%
Cl: 3.47-3.70) and chronic ischemic heart disease (OR 2.93; 95% ClI: 2.82-3.05) (Figure
2B, Data S5). This pattern was consistent across other AI-ECG models, each showing strong
associations with a range of cardiovascular phenotypes, including but not limited to its target
phenotype (Figure S6).

The sensitivity analysis restricting this cross-sectional analysis to individuals with
progressively fewer concomitant diseases showed an attenuation of the effect sizes, but
patterns similar to the primary analysis across all models (Figure S7). The specific
examination of the AS model, L\VH model, and the HCM model showed that all 3 models
have a high degree of overlap in the identification of each other’s target phenotypes,
including the subphenotype of hypertrophic obstructive cardiomyopathy (Figure S8). The
sensitivity analysis evaluating the discriminatory performance of all the AI-ECG models
to detect CMR-defined LVSD and LVH demonstrates that all models show comparable
discrimination for LVSD and LVH despite being designed to detect different conditions
(Figure S9).

Associations between model outputs and phenotypes were consistent across the external
validation cohorts (Figure 2A; Figures S10-12), and off-target cardiovascular disease
associations frequently exceeded those with the target phenotype. In the community
hospitals, the LVSD model showed the strongest associations with primary/intrinsic
cardiomyopathies (OR 3.45; 95% ClI: 3.31-3.61), chronic ischemic heart disease (OR 2.87,
95% CI: 2.72-3.03) followed by its target heart failure (OR 2.57; 2.49-2.65) (Figure S6;
Data S6). Similar patterns were observed in the outpatient clinics and the UK Biobank.

For the AI-ECG model classifying biological sex, the most significant associations across
cohorts were with sex-specific conditions (Figure 2B; Figure S6; Data S5-8).

Phenotypic Association Patterns of Disease-specific AI-ECG Models

In the YNHH cohort, the phenotype association patterns of the LVSD, MR, LVH, AS, and
SHD models were highly correlated, with Pearson correlation coefficients ranging from 0.67
to 0.96. In contrast, the sex model showed low correlations with the cardiovascular disease
models (r = 0.45-0.48). (Figure 3, Figure S13). These patterns persisted when extending the
analysis to include all cardiovascular phenotypes (Figure S14).

On- and Off-Target Cardiovascular Predictions with AI-ECG Models

After the exclusion of individuals with any of the target phenotypes before the ECG,
97,659 individuals at risk had a median follow-up of 4.3 years (interquartile range (IQR),
2.5-5.0) in the YNHH cohort. During this period, 1,9580 individuals (2.0%) developed
heart failure, 1,309 (1.3%) aortic valve disease, 711 (0.7%) mitral valve disease, and
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2,374 (2.4%) LVH, collectively representing 5,177 individuals (5.3%) with an adverse
cardiovascular outcome. The population characteristics, follow-up times, and incidence of
key cardiovascular phenotypes for all the cohorts are detailed in Table 1.

Across models, heart failure consistently emerged as the top-ranked phenotype in the YNHH
cohort (Figure 4; Figure S15-17; Data S11-13). The LVSD model was associated 2-fold
elevated hazard for new onset HF (HR 2.09; 95% CI: 2.01-2.17), along with an elevated risk
for a range of incident cardiovascular diseases, including aortic valve disease (HR 1.35; 95%
Cl: 1.28-1.42), mitral valve disease (HR 1.67; 95% CI: 1.56-1.79), LVH (HR 1.69; 95% CI:
1.63-1.75) and composite SHD (HR 1.67; 95% CI: 1.63-1.72) for the composite of all these
individual cardiovascular phenotypes.

These findings were consistent across cohorts (Figure 4; Figures S15-17; Data S11-13).

In the community hospitals, all AI-ECG models were also significantly associated with

the target phenotypes. In the outpatient clinics and the UK Biobank, associations were
generally consistent but less uniformly significant (Figure 4; Figures S15-17). The AI-ECG
model trained to predict biological sex was not significantly associated with any new-onset
cardiovascular phenotype in YNHH, a finding that was consistent across all cohorts.

Experimental Models for Non-Cardiovascular Disease Outcomes

Across all cohorts, experimental AI-ECG models trained on non-cardiovascular outcomes
were not significantly associated with clinical phenotypes, consistent with their role as
negative controls. A limited number of associations were observed in the UK Biobank
cohort, predominantly with cardiovascular conditions such as essential hypertension and
coronary atherosclerosis. These findings were not replicated in other datasets (Figures S18—
19).

DISCUSSION

In this study of over 230,000 individuals from four distinct clinical and community-based
cohort studies across the US and UK, we demonstrate that a range of AI-ECG models
developed to identify specific structural cardiac disorders have non-specific associations
with a range of cardiovascular conditions. These models used standard 12-lead ECG
images as input, with prior validation in multinational cohorts, and assessments confirming
consistency with signal-based models in prior reports.3:1% While these models consistently
showed stronger associations with cardiovascular phenotypes, these associations were
notable across both the target and non-target conditions, suggesting that they function better
as general cardiovascular screening tools than as condition-specific diagnostic modalities.
This pattern was consistently observed across cohorts with prevalent and frequently
coexisting cardiovascular conditions, in sensitivity analyses with limited multimorbidity,
and in a healthier population initially free of structural heart disease. Moreover, these tools
represent digital biomarkers of future cardiovascular disease in individuals without overt
cardiac dysfunction. The strongest association was found between these AI-ECG tools and
the risk of new-onset HF, rather than the risk of future development of the target conditions.
Notably, the ensemble model trained to identify a composite of structural heart diseases
exhibited broader and stronger associations than models trained on individual conditions.
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Our study presents essential insights to interpret the evolving field of Al-ECG-based
cardiovascular screening. Currently, there has been a preponderance of AI-ECG

models developed for label-specific classification tasks for a variety of cardiovascular
diseases.1:3:11:33,38-40 Thjs approach has led to numerous Al-ECG models demonstrating
the strong discriminatory performance for the detection of these specific conditions.17:41:42
However, our head-to-head evaluation of Al-ECG models revealed that the limited
selectivity of these models hinders their utility for disease-specific screening.#® This may be
a result of a limited understanding of what an abnormal prediction on AI-ECG models may
represent.8:33 This is particularly relevant as the exclusion of the target condition in those
with abnormal Al-ECG predictions may still represent predisposition for a range of other
cardiovascular conditions.** Before the widespread clinical implementation of AI-ECG, it is
essential to inform clinicians what these positive screens across different AI-ECG models
may mean for patients and to understand whether an algorithm’s output reflects a precise
signal linked to its intended target condition or whether it captures broader, non-specific
disease signatures.

In contrast to the prevailing disease-specific paradigm, our findings suggest that AI-ECG
models, despite being trained to detect specific cardiovascular disease labels, capture

a highly correlated, broader physiological signature rather than distinct disease-specific
features, thereby reframing the role of AI-ECG from that of binary diagnostic classifiers

to biomarkers of cardiovascular vulnerability. This fits in the growing recognition that

ECGs encode rich, latent information spanning a wide range of both cardiovascular and
non-cardiovascular conditions.#>46 While current approaches fine-tune AI-ECG models to
use this information for the abstraction of disease-specific ECG signatures, our data revealed
that this narrow strategy offers limited clinical utility.14

To examine these shared signatures, we evaluated a broad number of phenotypic
associations across models. For example, left bundle branch block, a recognizable
conduction abnormality, emerged consistently as a major association across multiple

model outputs and is clinically associated with a range of cardiovascular diseases.46:47
Other frequently associated traits included hypertension, diabetes, and renal dysfunction,
conditions known to drive systemic and cardiac remodeling not limited to a specific disease,
further substantiating that AI-ECG models may be detecting subtle rhythm and conduction
disturbances linked to generalized cardiovascular risk, or confounders of the target disease
label used in model development.48:49

Despite the limited utility of disease-specific models, the choice of training label
substantially shaped performance and clinical applicability. In our experiments, a model
trained on a well-defined composite endpoint of structural heart diseases produced broader,
more robust associations than models trained on single disease labels. Conversely, a
biological sex classification model revealed distinct non-cardiovascular signatures, and
models trained on random or ECG-unrelated labels yielded no meaningful patterns. These
results suggest that the future development of AI-ECG algorithms would be most optimized
when focused on detecting well-defined composite cardiovascular outcomes.
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These findings carry important implications for the future development, regulatory approval,
and subsequent implementation and reimbursement of AI-ECG models. An abnormal Al-
ECG-based risk profile should prompt a comprehensive cardiovascular evaluation, including
echocardiography, to uncover structural pathology beyond the model’s target. Moreover,
high scores independently predict future cardiovascular events even in the absence of

overt disease, underscoring AI-ECG’s role as a prognostic biomarker. Incorporating these
continuous risk outputs into clinical workflows can guide early preventive strategies, such
as lipid-lowering therapies, intensified blood pressure control, and lifestyle modification.°
In future research, developers of AI-ECG tools could specifically target the development

of models that differentiate between key subphenotypes, which may improve their role in
scenarios where this would be clinically meaningful. This strategy has been effective in
other Al domains, including Al-based echocardiography.>1:52

These findings may also have important implications for the current regulatory and
reimbursement frameworks for AI-ECG. Recently, the FDA has granted 510(k) clearance
to algorithms for models detecting hypertrophic cardiomyopathy and LVSD, and CMS

has introduced a reimbursable code for AI-ECG interpretation. 53 However, prevailing
evaluation frameworks remain anchored in disease-specific, binary classification, which
can lead to separate approval and coverage pathways for multiple algorithms.>* Given our
observation that models trained on distinct conditions have a highly correlated phenotypic
pattern, it may be important to evaluate whether such models truly function as disease-
specific classifiers and shift the evaluation of AI-ECG to using a single AI-ECG model as a
broad cardiovascular risk classifier, rather than relying on multiple disease-specific tools.

Our study should be interpreted considering the following potential limitations.

First, phenotype classification relied on ICD diagnostic codes, which are subject to
misclassification and variability across clinical settings, potentially affecting the accuracy
of our outcome definitions. Moreover, the use of diagnostic codes may result in the potential
underrepresentation of certain phenotypes. This is particularly important in the UK Biobank,
where only inpatient codes are available, resulting in the low phenotype counts for certain
phenotypes, such as LVH. However, the consistent results across distinct external validation
populations suggest the generalizability of the findings despite differences in coding
practices. Moreover, in an imaging-based sensitivity analysis, several models detected LVSD
and LVH with similar performance to those designed to detect these conditions. Second,
while there may be indication bias in ECG acquisition within the clinical cohorts where
ECGs are typically performed for specific clinical reasons, potentially leading to a higher
prevalence of CVD in the general population, the UK Biobank cohort consists of research
participants who underwent ECGs as part of a structured protocol, reducing the likelihood
of such bias. Third, PheWAS analyses involve testing a large number of phenotypes, which
increases the risk of false positives. However, we applied strict multiple testing correction
and replication in independent datasets.3:19:55 Fourth, AI-ECG models were trained on
historical datasets with structured outcome labels, which may not capture the full nuance

of real-world clinical practice or longitudinal disease progression. Since all models utilized
in this study are based on a single architecture and trained in the same population, caution

is warranted when extrapolating our findings to AI-ECG models developed using different
architectures or trained in distinct populations. However, image-based models, including

Circulation. Author manuscript; available in PMC 2025 December 04.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Croon et al. Page 13

those used in this study, have been extensively validated and have demonstrated similar
performance to signal-based models in head-to-head comparison, with high correlation and
comparable accuracy across multiple studies and independent datasets.3:19:33:56.57 The study,
however, suggests the role of such selectivity assessments across different models before
recommending their use as single disease diagnostic agents. Finally, while our findings
suggest predictive utility, they remain observational. Prospective validation of a composite
AI-ECG model in pragmatic trials will be critical to translate these findings into clinical
practice.

Conclusion

Despite being developed for the detection of specific cardiovascular conditions, AI-ECG
models both detect the presence and predict the future development of a broad range

of cardiovascular diseases with similar propensity. This suggests their clinical utility of
AI-ECG as broader cardiovascular biomarkers, rather than as distinct binary diagnostic
tools.
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CvD Cardiovascular disease

EHR Electronic Health Record

ECG Electrocardiogram

FDA Food and Drug Administration

ICD International Classification of Diseases

LVEF Left Ventricular Ejection Fraction

LVH Left Ventricular Hypertrophy
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. In a multi-cohort study with over 230,000 individuals from four distinct
populations, five AI-ECG models, although designed to identify specific
cardiovascular diseases, both detect the presence and predict the future
development of a wide range of cardiovascular conditions.

. The phenotypic association patterns of these models are highly overlapping,
with limited selectivity for their target disease.

. An ensemble model designed to detect a combination of structural heart
diseases shows stronger associations with both the presence of and the
prediction of cardiovascular disease.

What are the clinical implications?

. The results of this study suggest the clinical utility of AI-ECG as a broader
cardiovascular biomarker rather than as a distinct binary diagnostic tool.

. A positive screen with AI-ECG should prompt a comprehensive evaluation
beyond the model’s target disease.

. Developers of AI-ECG should prioritize the development of models for a
composite of diseases or confirm the selectivity and report accordingly.
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Figure 1:
Overrepresentation of Associations with Cardiovascular Phenotypes by AI-ECG

Panel A: Distribution of significant associations per phenotype groups from the age sex
adjusted serial logistic regression for each AI-ECG model in the Yale New Haven Health
System and the four community hospitals. Each pie chart represents the proportion of
significant phenotype associations across different organ systems or disease categories, as
indicated by the color legend. The “Expected” distribution reflects the proportion of all
tested phenotypes before applying significance thresholds. Across models, most associations
relate to the circulatory system, except for the sex model. Panel B: The odds ratios

(OR) for each phenotype category being significantly associated with the AI-ECG models
compared with the expected distribution in the Yale New Haven Health System and the four
community hospitals. Each marker represents the OR for a significant phenotype within a
disease category. The y-axis represents the OR, while the x-axis corresponds to different
AI-ECG models. Colors correspond to disease categories, diamonds indicate significant
enrichment, and circles represent non-significant enrichment, as displayed in the legend.
Abbreviations: AS, aortic stenosis; LVH, left ventricular hypertrophy; LVSD, left ventricular
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systolic dysfunction; MR, mitral regurgitation; SHD, structural heart disease; OR, odds
ratio.
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Figure 2:

Associations between phenotypes and AI-ECG

Panel A: Scatter plots comparing odds ratios (ORs) between Yale New Haven Hospital
(YNHH) and Community Hospitals for Sex and Mitral Regurgitation (MR). Data points
corresponding to the circulatory system are highlighted in red. OR values are clipped

at the 99th percentile to reduce the influence of outliers. The diagonal dashed line
represents perfect agreement between the two cohorts. Panel B: Volcano plots displaying
the associations between various phenotypes and Al-ECG model predictions across four
cohorts: YNHH (blue), Community Hospitals (green), Outpatient Clinics (red), and UK
Biobank (purple). The x-axis represents the odds ratios and is presented on a logarithmic
scale, reflecting the effect size and directionality of the association. The y-axis shows the
-log1g (p-value) representing the significance of the association. Labeled points indicate the
top 6 statistically significant associations. Due to maximal computational precision limits,
p-values are capped at 1x107300, Abbreviations: AS, aortic stenosis; LVH, left ventricular
hypertrophy; LVSD, left ventricular systolic dysfunction; MR, mitral regurgitation; SHD,
structural heart disease; OR, odds ratio.
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Figure 3:
Correlation of on-target phenotype association profiles across AI-ECG models in four
independent cohorts

These heatmaps show Pearson correlation coefficients between odds ratios (ORs) profiles
and AI-ECG models across all phenotypes that we defined as being the target for any

of the models for each pair of AI-ECG models. Higher correlation coefficients indicate

that models exhibit similar phenotypic association patterns across target cardiovascular
conditions. Correlations are shown for four cohorts: Yale New Haven Hospitals, community
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hospitals, outpatient clinics, and the UK Biobank. Strong correlations were observed among
cardiovascular disease (CVD) models, with the SHD model consistently showing high
similarity with other disease-specific models. The model trained to predict biological

sex showed consistently weaker correlation with cardiovascular models, particularly in

the UK Biobank, where inverse correlations were observed. AS: Aortic stenosis, LVH:

Left ventricular hypertrophy, LVSD: Left ventricular systolic dysfunction, MR: Mitral
regurgitation, SHD: Structural heart disease composite model, Sex: Biological sex prediction
model.
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Figure 4:

Forest plot displaying the results of the Cox Proportional Hazards models

This Forest plot displays the hazard ratios (HR) with 95% confidence intervals (CI) for
various cardiovascular conditions across four cohorts: UK Biobank (UKB, red), Yale

New Haven Hospital (YNHH, blue), Community Hospitals (green), and NEMG outpatient
clinics (yellow). Each panel represents a different AI-ECG model prediction, including Sex,
Mitral Regurgitation (MR), Left Ventricular Systolic Dysfunction (LVSD), Left Ventricular
Hypertrophy (LVH), Aortic Stenosis (AS), and Structural Heart Disease (SHD). The x-
axis represents the hazard ratio, with the vertical dashed line at HR = 1.0 indicating

no association. The analysis was conducted using age- and sex-adjusted Cox regression
models. Abbreviations: LVSD, Left Ventricular Systolic Dysfunction; LVH, Left Ventricular
Hypertrophy; MR, Mitral Regurgitation; AS, Aortic Stenosis; SHD, Structural Heart
Disease.
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Yale New Haven Hospital Community Hospitals Outpatient clinics UK Biobank
Total N 116540 63790 11005 42354
Age 555+ 19.1 61.1+19.5 61.4+15.0 64.1+7.8
Sex Female 65920 (56.6%) 36088 (56.6%) 6241 (56.7%) 21835 (51.6%)
Race/Ethnicity
White 69560 (59.7%) 41401 (64.9%) 8696 (79.0%) 40893 (96.6%)
Black 22912 (19.7%) 7760 (12.2%) 890 (8.1%) 305 (0.7%)
Hispanic 18130 (15.6%) 11687 (18.3%) 928 (8.4%)
Missing 2624 (2.3%) 1325 (2.1%) 268 (2.4%) 116 (0.3%)
Asian 2054 (1.8%) 958 (1.5%) 146 (1.3%) 603 (1.4%)
Others 1260 (1.1%) 659 (1.0%) 77 (0.7%) 437 (1.0%)
Heart Failure n (%) 8611 (7.4%) 5506 (8.6%) 408 (3.7%) 225 (0.5%)

Acute Myocardial Infarction n (%)
Ischemic Heart Disease n (%)
Stroke n (%)
Hypertension n (%)
Diabetes n (%)
Phenotypes
Heart failure n (%)

Aortic valve disease n (%)
Mitral valve disease n (%)
Left ventricular hypertrophy n (%)
New-onset phenotypes
N at risk
Median FU (yrs (igr))

Heart failure n (%)

Aortic valve disease n (%)
Mitral valve disease n (%)
Left ventricular hypertrophy n (%)

Composite n (%)

1617 (1.4%)

9703 (8.3%)

7710 (6.6%)
55828 (47.9%)
20902 (17.9%)

8357 (7.2%)
5526 (4.8%)
9137 (7.9%)
9909 (8.6%)

97659
43(255.0)
1980 (2.0%)
1309 (1.3%)
711 (0.7%)
2374 (2.4%)
5177 (5.3%)

1351 (2.1%)
6434 (10.1%)

5636 (8.8%)
32021 (50.2%)
12324 (19.3%)

5336 (8.7%)
3108 (5.0%)
6564 (10.6%)
3310 (5.4%)

53046
3.7 (2.25.0)
1817 (3.4%)
916 (1.7%)
687 (1.3%)
1346 (2.5%)
4052 (7.6%)

161 (1.5%)
1013 (9.2%)
593 (5.4%)
6800 (61.8%)
1793 (16.3%)

377 (3.4%)
899 (8.2%)
2798 (25.5%)
734 (6.7%)

8953
41 (3.0,5.0)
113 (1.3%)
349 (3.9%)
292 (3.3%)
387 (4.3%)
968 (10.8%)

120 (0.3%)
2233 (5.3%)
488 (1.2%)
6269 (14.8%)
1340 (3.2%)

183 (0.4%)
69 (0.2%)
212 (0.5%)
153 (0.4%)

42014
5.0 (4.7;5.0)
181 (0.4%)
65 (0.2%)
65 (0.2%)
163 (0.4%)
395 (0.9%)

This table presents the baseline characteristics of all cohorts and the prevalence of both cross-sectional and new-onset key phenotypes. Baseline

characteristics are based on demographics and ICD codes (Table S4). Phenotypes are based on the publicly available PheWAS catalog, which uses
ICD codes and phenotype mapping (Table S5). Binary variables are expressed as n (%), while continuous variables are reported as mean (Standard
deviation). Abbreviations: FU follow-up; iqr, inter-quartile range
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