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Early detection of structural heart disease is critical to improving outcomes, but
widespread screening remains limited by the cost and accessibility of imaging tools
such as echocardiography*?. Recent advances in machine learning applied to heart
rhythm recordings have shown promise in identifying disease**, although previous
work has been limited by development in narrow populations or targeting only select
heart conditions®. Here we introduce a deep learning model, EchoNext, trained on
more than1 million heart rhythmand imaging records across a large and diverse health
system to detect many forms of structural heart disease. The model demonstrated high
diagnostic accuracy ininternal and external validation, outperforming cardiologists
inacontrolled evaluation and showing consistent performance across different care
settings and racial and/or ethnic groups. The models were prospectively evaluated in
aclinical trial of patients without previous cardiac imaging, successfully identifying
previously undiagnosed heart disease. These findings support the potential of artificial
intelligence to expand access to heart disease screening at scale. To enable further
development and transparency, we have publicly released model weights and alarge,

annotated dataset linking heart rhythm data toimaging-based diagnoses.

Structural heart disease (SHD) is a growing epidemic that remains sub-
stantially underdiagnosed. SHD encompasses pathologies that affect
the valves, walls or chambers of the heart, including valvular heart dis-
ease (VHD), right- and left-sided heart failure, pulmonary hypertension
and left ventricular hypertrophy®. SHD represents more than US $100
billioninannual direct and indirect costsinthe USA, anumber that will
continue torise as the disease burden increases” . The impact of these
diseasesis profound, with heart failure and VHD affecting an estimated
64 millionand 75 million people, respectively, with prevalence increas-
ing'® ™, Despite its clinicalimportance, SHD remains underdiagnosed.
A study of 2,500 people 65 years of age or older found that 4.9% were
previously diagnosed with clinically significant (graded moderate or
severe) VHD and found another 6.4% with undiagnosed VHD more than

doubling the overall prevalence™. Finding patients with SHD earlier in
the disease process has been shownto reduce mortality, decrease costs
and improve quality of life, but getting to diagnosis remains challeng-
ing">'®, For at least two forms of SHD, heart failure and VHD, symptoms
canbe attributed to many potential diagnoses and are often only pre-
sent late in the disease course. All forms of SHD can be definitively
diagnosed with echocardiography, but cost, required expertise and
appropriate patient selection limitits total use. Thus, there remains a
critical need to better risk stratify patients and determine who should
be referred for echocardiography to improve rates of SHD diagnosis
and early treatment.

The application of deep learning, a subset of artificial intelligence
(Al), has been shown to be beneficial in the detection of specific heart
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Fig.1/Model development:NYP multicentre cohortderivation. The deep
learning model was trained and tested using data from an eight-hospital system
(NYP Hospital). ECG datawere accessed using the MUSE system with removal of
ECGs with missing age, sexand patientidentifier, poor study quality designation
by machinerecommending repeating of ECG or presence of ventricular pacing.

diseases fromthe12-lead electrocardiogram (ECG). Thisincludes con-
ditions such as aortic stenosis, low left ventricular ejection fraction
(LVEF) and low left ventricular hypertrophy, as well as composites of
many valvular diseases®” . More general AI-FECG models have also been
developed that can accurately detect acomposite of low left ventricular
systolic dysfunction, low left ventricular hypertrophy and moderate or
greater VHD*. As model precision (positive predictive value) is affected
by outcome prevalence, the use of acomposite prediction target takes
advantage ofincreased outcome prevalence (summation of component
prevalence, ifindependent) to achieve a higher model precision than
possible with models trained for any individual components. Moreover,
whenthe disease label components share a clinical diagnostic pathway
(for example, requiring confirmation with echocardiography), these
precision gains are achievable with no further operational cost, as a
high-risk scoreis suggestive for echocardiography referralinall cases.
Challenges with these models include ensuring model performance
across awide range of disease states, clinical contexts and patient demo-
graphics. Mostimportantly, these models and the underlying training
dataaretypically proprietary, limiting comparisons and broader evalu-
ation of generalizability.

This study was designed to use datafrom alarge and diverse hospital
system to achieve the following aims: (1) develop adeep learning ECG
model that can accurately detect abroad array of SHDs; (2) assess the
generalizability of model performance across institutions, patient
demographics and clinical contexts; (3) test these technologies in a
pilot clinical trial to determine whether they can be used to practicably
detectundiagnosed heart disease; and (4) publicly release both an SHD
detection model and alarge de-identified, ECG dataset with curated
echocardiography-derived labels to spur further research.

Model development and validation

We curated adataset comprising 1,245,273 ECG-echocardiogram pairs
from230,318 unique patients (aged 18 yearsorabove) collected between
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Echocardiogram data were accessed using hospital systems with removal of
patients with repaired or replaced heart failures. Thisyielded 1.2 million ECG-
echocardiogram pairsin230,018 unique patients with datasplitinto train,
validation and test sets.

December2008 and 2022 at one of eight New York-Presbyterian (NYP)
affiliated hospitals (Fig.1). This dataset was designated as the NYP mul-
ticentre cohort. The datawere splitata patientlevelinto train (149,819
unique patients with 796,816 ECG-echocardiogram pairs), validation
(35,780 unique patients with 35,780 ECG-echocardiogram pairs) and
test (44,719 unique patients with 44,719 ECG-echocardiogram pairs)
sets with patient characteristics described in Table 1. Of note, only the
most recent ECG-echocardiogram pair per patient was retained for
validation and testing.

The presence of SHD was a composite of the following conditions
identified on clinical echocardiography reports on the basis of appro-
priateechocardiography guidelines: low LVEF less than or equal to 45%;
maximum low left ventricular wall thickness greater than or equal to
1.3 cm; moderate or severe right ventricular dysfunction; pulmonary
hypertension (pulmonary artery systolic pressure (PASP) greater than
orequal to45 mm Hgor tricuspid regurgitation jet velocity greater than
orequal to 3.2 ms™); moderate or severe aortic stenosis, aortic regur-
gitation, mitral regurgitation, tricuspid regurgitation or pulmonary
regurgitation, or a moderate or large pericardial effusion” %, These
cutoffs were chosen to generally correlate with clinically accepted
definitions for moderate or greater pathology and to identify patients
with low left ventricular systolic dysfunction that would be eligible for
guideline-directed medical therapy as determinedin recent studies®°.
For an ECG to be labelled as being ‘positive’ for a disease, it must have
been performed within 1 year before an echocardiogram with SHD. In
patients without SHD (confirmed by at least one ‘negative’ echocardio-
gram), all ECGs before the most recent echo were labelled as negative
and included in the study. Using these definitions, the prevalence of
SHD in the test set was 36%.

These data were used to train EchoNext, a convolutional neural
network model (Supplementary Table 1), to predict the presence of
SHD using ECG traces and seven standard values included on ECGs
(age; sex (captured from the ECG demographic data); atrial rate; ven-
tricular rate; pulmonary regurgitation interval; Q wave, R wave and



Table 1| Characteristics of NYP multicentre cohort used for model development

Train Validation Test

Patients (n) 149,819 35,780 44,719

ECGs (n) 796,816 35,780 44,719

Age (years, median (interquartile range)) 64 (52,74) 65 (51, 76) 64 (51,76)

Age groups
18-59 317,649 (39.9%) 14,094 (39.4%) 17,730 (39.6%)
60-69 191,924 (241%) 7,830 (21.9%) 9,745 (21.8%)
70-79 164,852 (20.7%) 7,358 (20.6%) 9,108 (20.4%)
80+ 122,391 (15.4%) 6,498 (18.2%) 8,136 (18.2%)

Male sex 408,753 (51.3%) 17150 (47.9%) 21,439 (47.9%)

Race/ethnicity
Hispanic 184,083 (23.1%) 7,073 (19.8%) 9,015 (20.2%)
White 270,145 (33.9%) 12,582 (35.2%) 15,841 (35.4%)
Black 141,680 (17.8%) 5,261(14.7%) 6,479 (14.5%)
Asian 43,651(5.5%) 2,270 (6.3%) 2,775 (6.2%)
Other 67,516 (8.5%) 3,231(9.0%) 4,054 (9.1%)
Unknown 89,741 (11.3%) 5,363 (15.0%) 6,555 (14.7%)

Clinical context
Emergency 283,939 (35.6%) 11,934 (33.4%) 14,807 (33.1%)
Inpatient 347,499 (43.6%) 13,844 (38.7%) 17,446 (39.0%)
Outpatient 146,587 (18.4%) 8,971(25.1%) 11,248 (25.2%)
Procedural 141,39 (1.8%) 722 (2.0%) 891(2.0%)
Unknown 4,652 (0.6%) 309 (0.9%) 327(0.7%)

SHD prevalence 357,726 (44.9%) 12,994 (36.3%) 16,216 (36.3%)
LVEF <45% 162,776 (20.4%) 4,565 (12.8%) 5,662 (12.7%)
LVWT21.3cm 133,026 (16.7%) 4,767 (13.3%) 5,960 (13.3%)
Aortic stenosis? 31,794 (4.0%) 1,598 (4.5%) 2,147 (4.8%)
Aortic regurgitation® 15,016 (1.9%) 639 (1.8%) 791(1.8%)
Mitral regurgitation® 66,084 (8.3%) 1,932 (5.4%) 2,533 (5.7%)
Tricuspid regurgitation® 79,907 (10.0%) 2179 (6.1%) 2,863 (6.4%)
Pulmonary regurgitation® 5,954 (0.7%) 142 (0.4%) 173 (0.4%)
Right ventricular systolic dysfunction® 76,827 (9.6%) 1,562 (4.4%) 2,036 (4.6%)
Pericardial effusion® 20,047 (2.5%) 373 (1.0%) 394 (0.9%)
PASP>45mmHg 155,798 (19.6%) 4,642 (13.0%) 5,764 (12.9%)
Tricuspid regurgitation V,,,,23.2cms™ 82,893 (10.4%) 2,275 (6.4%) 2,877 (6.4%)

2Clinically classified as moderate or greater.

®Clinically classified as moderately or severely reduced.
°Clinically classified as moderate or large.

LVWT, left ventricular wall thickness; V,,,,, maximum velocity.

S wave (QRS) duration; and corrected Q wave-to-T wave interval).
EchoNext performance on the NYP multicentre test set was high and
well calibrated (Figs. 2 and 3 and Supplementary Fig.1), with an area
under the receiver operating characteristic curve (AUROC) of 85.2%
(95% confidence interval (CI) 84.5-85.9%), area under the precision-
recall curve (AUPRC) of 78.5% (95% Cl1 77.2-79.6%) and diagnostic
odds ratio 0of 12.8 (95% CI11.6-14.1) (Fig. 2). In addition to the SHD
composite label, EchoNext was trained as a multitask classifier to also
predicteachindividual disease label within the composite, to better
assess label collinearity and ensure consistent predictions among
highly correlated labels (Supplementary Fig. 4). For example, pulmo-
nary regurgitation is highly correlated with tricuspid regurgitation
max velocity and right ventricular dysfunction. Model performance
varied across each of these individual components with right ven-
tricular (AUROC 91%) and low left ventricular systolic dysfunction
(90%) as the best performing (Fig. 2 and Supplementary Table 2). The
lowest performance was seen for low left ventricular wall thickness

(AUROC 77%), AR (78%), pulmonary regurgitation (79%) and peri-
cardial effusion (80%). We further evaluated model performance
across NYP hospitals, clinical contexts and with respect to patient
age and race and/or ethnicity (Table 2). Across hospitals (AUROC
range 82-87%) (Fig. 3) and clinical contexts (AUROC range 79-84%),
the model showed stable, generalizable performance. Similarly, there
were no clinically relevant differences in model performance by race
and/or ethnicity or sex; model discrimination was slightly improved
in younger populations, consistent with patterns reported in other
analyses3,l7,20,31‘

Finally, versions of the model alternatively trained on more restric-
tive phenotype definitions (‘severe’ SHD; Supplementary Information,
Supplementary Fig. 2 and Supplementary Table 3) or using different
partitions of the NYP multicentre cohort (Supplementary Informa-
tion, Supplementary Fig. 3 and Supplementary Tables 4-8) showed
minimal differences in performance. When the model was trained on
data from four of the eight NYP hospitals and tested on independent
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Fig.2|Multicentre EchoNext performance. Performance of the modelin
detection ofindividual and compositive SHDs. a,b, By AUROC (a) and AUPRC
(b), the model had high performanceindetection of SHD in the internal
eight-hospital NYP system test set and three geographically distinct external
testsets (Montreal Heart, Cedars-Sinaiand University of CaliforniaSan
Francisco (UCSF)). ¢, Individual disease models had the highest performancein

data from the four unseen hospitals, the performance change was
minimal. The same was true when switching the hospitals used for
training and testing. Furthermore, performance was stable for both
academic and community hospitals. Performance remained robust
when tested on different combinations of component disease labels
(left or right ventricular dysfunction, all valvular disease, left-sided
heart disease and right-sided heart disease).

External validation

The performance of the model was tested in three external cohorts
from Cedars-Sinai Medical Center (n =10,177 patients), the Mon-
treal Heart Institute (n =10,862) and the University of California
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tricuspid regurgitation. Dashed lines (a,c) indicate random classifier.

San Francisco Medical Center (n = 6,106). SHD prevalence was higher
inthe external sites (54%, 52% and 46%, respectively) compared with
SHD prevalence in the NYP cohort (36%). EchoNext showed a 5-7%
drop in AUROC (78-80%) in these external cohorts as compared to
individual hospitals within the NYP multicentre cohort (Fig. 3). Ata
fixed sensitivity of 70%, the external cohorts showed comparable
positive predictive value, but a10% drop in specificity (Supplementary
Table 10). These differences may be attributed to the large differences
in disease prevalence and other patient demographic features com-
pared with the model training population (Supplementary Table 9).
Similar or greater performance variation has been seenin the valida-
tion of non-Al detection technologies such as Troponin assays and
screening mammography.
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sets of held-out patients at these sites, as well asin three geographically distinct
external testsets, themodel demonstrated high accuracy, as demonstrated by
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to cardiologists to assess for the presence of SHD, the Almodel demonstrated
superior performance in SHD detection compared with cardiologists alone

or cardiologists given the EchoNextrisk score (n=3,200 cardiologist
interpretations). Error bars show the Cls derived from results across 13
cardiologists; because the Almodelwas runonce ontheentireset of 150 ECGs,
therearenoerror bars for the ‘Alalone’ results. ¢, This model was evaluated in
atemporally distinct held-out set with similar accuracy, with45% (n = 3,444) of
patientslabelled as high risk by the model failing to undergo echocardiography
as partofroutineclinical care.d, Theclinical use of AI-ECG to detect SHD was

Silent deployment validation

We further sought to evaluate model performance in atemporally
distinct NYP patient cohort, which was more reflective of the real-world
intended-use population for thismodel. On the 124,027 ECGs acquired
between 1January 2023 and 16 September 2023 from 84,875 unique
patients with no previous echocardiogram, EchoNext was automati-
cally runin the background and the model prediction was stored for
future use. None of these patients were included in the original train-
ing, validation or test datasets. Patients were then monitored to see
if they received an echocardiogram at any of the eight hospitals ata
future date. In this cohort, 18% (15,094 patients) underwent their first
echocardiogramas part of routine clinical care after the ECG; of which,
38% (5,744 patients) were newly diagnosed with SHD. In this subset with
echocardiography follow-up, the model again generalized well, with
similar performance (AUROC 83%, AUPRC 81%) to the retrospective
development cohort. Using the predefined model score cutoff of 0.6,
27% (4,135 patients) of the ECG and/or echocardiogram population
were predicted as high risk, corresponding to a precision (positive
predictive value) and recall (sensitivity) of 74% and 53%, respectively.

Among the 69,781 patients with an ECG but no follow-up echocar-
diogram, 3,444 (5%) were predicted as high risk for SHD at the same

Moderate risk

0% with Left-VHD 2% with Left-VHD

(0.3-0.6) 19% with SHD 28% with SHD
Low risk n=0 0% wi[t1h=LZt—VHD
(0-0.3)

6% with SHD

evaluatedinasingle-arm, single-site, open-label pilot clinical trial, DISCOVERY,
with stratified recruitment of patients (V=100) with an ECG but no previous
echocardiogram. This trialused arelated ECG model, ValveNet, which was
trained to detect left-sided VHD (Left-VHD) with patients selected stratified
sampling by their AI-ECG scores. This trial showed a high-level of discrimination
inthe detection of Left-VHD (primary endpoint) and SHD (secondary endpoint),
and posthocassessment using the second-generation EchoNext model
demonstrated an even greater degree of risk stratification with 73% of patients
inthe highest risk and 6% of patientsin the lowest-risk groups being found to
have SHD. Left-VHD, moderate or severe aortic stenosis, aortic regurgitation or
mitral regurgitation; SHD, LVEF less than or equal to 45%, low left ventricular
wall thickness greater than or equal to 1.3 cm, moderate or severe right
ventricular dysfunction, any moderate or severe VHD, PASP greater than or
equal to45 mm Hg oramoderate or large pericardial effusion.

cutoff as above. Given that the actual prevalence of disease in this
population is unknown, Table 3 provides estimates of model pre-
cision as a function of varying prevalence and chosen sensitivity.
For example, if SHD prevalence is 10% in this population, the pro-
jected positive predictive value would be 46.5% at 50% sensitiv-
ity. Thus, out of the 3,444 patients at high-risk, an estimated 1,998
patients could have newly diagnosed SHD through model-directed
intervention.

Model performance versus cardiologists

We created a customsurvey to test the ability of cardiologists to detect
SHD using ECGs compared with the EchoNext model. A set of 150 ECGs
was abstracted from the NYP multicentre test set with a similar SHD
prevalence (41%) and age distribution (mean 67.0 £ 19.6) as the entire
dataset. ECGs were de-identified and builtinto a custom interface for
the survey. For non-Al-assisted reviews, the cardiologist was presented
withthe ECG waveform, standard ECG-derived features (atrial or ven-
tricularrate, pulmonary regurgitationinterval, QRS duration, corrected
Qwave-to-T waveinterval), age and sex of the patient and asked to state
whether they thought the patient had SHD. Reviews were completed in
blocks of 50 ECGs such that, after completing ablock of non-Al-assisted
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Table 2 | EchoNext model performance by patient subgroups from the NYP multicentre test set

n Percentage SHD (%) AUROC AUPRC F1score Odds ratio
Age groups
18-59 17,730 21.8 85.7[84.3-871] 69.5[66.5-721] 58.7[57.2-601] 19117.2-21.2]
60-69 9,745 34.0 82.1[80.4-84.0] 74.4[71.4-77.3] 63.1[61.7-64.4] 10.6 [9.6-11.7]
70-79 9108 438 80.5[78.7-82.4] 78.2[75.6-80.5] 677[66.4-69.0] 79[7.2-87]
80+ 8,136 62.0 78.9[77.0-80.8] 86.0 [84.1-87.8] 77.0[76.0-77.9] 6.5[5.9-7.2]
Sex
Female 23,280 31.7 85.6 [84.6-86.6] 75.4[73.2-77.2] 65.4[64.5-66.3] 13.4[12.5-14.4]
Male 21,439 4.2 84.4[83.4-85.4] 80.9[79.4-82.4] 69.9[691-70.7] 11.6[10.8-12.4]
Race/ethnicity
Hispanic 9,015 32.2 85.1[83.4-86.7] 76.0[73.0-79.0] 64.6 [63.1-66.1] 13.0 [11.5-14.5]
White 15,841 35.3 84.8[83.6-86.0] 76.6 [74.5-78.7] 67.3[66.3-68.3] 12.2[11.2-13.2]
Black 6,479 407 85.2[83.3-87.0] 82.1[79.6-84.5] 70.6 [69.1-72.0] 13.5[11.8-15.3]
Asian 2,775 36.9 84.6[81.6-87.4] 77.3[721-82.3] 67.8 [65.4-70.2] 11.4[9.5-13.7]
Other 4,054 35.2 85.3[82.9-87.6] 776 [73.2-81.9] 66.8 [64.5-68.9] 12.6 [10.6-15.0]
Unknown 6,555 40.2 86.2[84.4-88.0] 82.1[79.5-84.8] 70.5[69.0-71.9] 13.1[11.5-14.8]
Clinical context
Emergency 14,807 34.7 84.1[82.9-85.4] 76.0[73.7-781] 65.2 [64.1-66.3] 111[10.2-12.1]
Inpatient 17,446 45.9 84.[82.8-85.3] 82.5[80.8-84.1] 72.8[72.0-73.6] 10.6 [9.9-11.4]
Outpatient 11,248 22.4 84.3[82.6-86.1] 68.0[64.4-71.3] 55.7[53.7-57.5] 17.7[15.6-20.2]
Procedural 891 50.5 82.6[77.0-87.9] 83.7[77.0-89.6] 71.1[67.4-74.4] 10.3 [7.4-14.4]
Unknown 327 297 79.11[67.3-89.4] 68.1[48.6-83.3] 55.6 [45.8-64.2] 9.2[4.9-16.7]
Hospital
Weill Cornell 15,736 32,5 85.5[84.2-86.7] 76.9 [74.6-78.9] 65.7 [64.5-66.8] 13.4[12.3-14.6]
Brooklyn Methodist 889 40.4 85.4[80.1-90.4] 82.5[75.0-89.1] 71.5[67.8-75.4] 16.8 [11.7-23.6]
Queens 2,558 39.9 81.7[78.6-84.8] 75.7[70.3-80.6] 65.9[63.4-68.4] 8.8[7.2-10.7]
Lower Manhattan 1777 29.3 86.5[82.7-89.9] 73.6 [65.8-80.8] 66.5[63.3-69.8] 12.7[9.9-16.0]
Westchester 2,270 33.3 84.5[80.9-87.8] 74.7[68.3-80.3] 67.2[64.3-70.1] 12.5[10.1-15.5]
cuIMC 16,626 409 85.1[83.9-86.2] 81.3[79.3-83.0] 69.8[68.7-70.7] 12.4[11.5-13.4]
Allen 3,612 382 85.2[82.4-87.6] 79.2[74.4-831] 69.5 [67.4-71.5] 12.6 [10.7-15.0]
Hudson Valley 1103 22.0 86.3[81.0-91.2] 66.0 [52.8-77.8] 62.7[57.6-67.7] 14.6 [10.3-20.3]

reviews, the same set of 50 ECGs was repeated with the EchoNext score
addedtothe survey interface (Al-assisted reviews). Each cardiologist
could complete up to300 reviews total (150 non-Al-assisted results and
150 Al-assisted results).

Atotal of 13 cardiologists completed 3,200 ECG survey reviews (1,600
withoutand 1,600 with Al assistance, average 246 ECGs per cardiologist;
Supplementary Table 11). In the set of 150 ECGs, the EchoNext model
had anaccuracy of 77.3%, sensitivity 72.6% and specificity of 80.7%. For
the 1,600 non-Al-assisted reviews, the accuracy of the cardiologists was
64.0% (95% Cl 61.6-66.4%) with sensitivity 61.1% (95% CI 57.3-64.8%)
and specificity 66.1% (95% Cl1 63.0-69.1%). Notably, the accuracy of the
cardiologists differed between clinically normal and abnormal ECGs
(69% versus 62%, respectively), whereas EchoNext performed equally
well (77% for both) despite the substantial difference in SHD prevalence
(25% versus 46.5% in normal versus abnormal ECGs) (Supplementary
Table12). With Al assistance, the accuracy of the cardiologists signifi-
cantly improved to 69.2% (95% Cl 66.9-71.4%) with sensitivity 64.7%
(95% C160.9-68.3%) and specificity 72.4% (95% Cl 69.4-75.3%). Thus,
whereas Al assistance for cardiologists in this taskimproved predictive
accuracy, the combined performance still lagged that of the Al alone.
This task focused on using the ECG for SHD detection without taking
advantage of otherinformation (clinical history, physical exam, other
testing data) that would typically be available to a physicianinclinical
practice.
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Prospective validation

Before development of EchoNext, study investigators had created Val-
veNet, asimilarly architected AI-ECG model trained to detect moderate
or greater left-sided VHD (specifically aortic stenosis, aortic regurgi-
tation and mitral regurgitation), asubset of SHD? To test the model’s
ability to detect clinically significant cardiac disease, we designed the
DISCOVERY (detecting SHD using deep learning on an electrocardio-
graphic waveform array) trial, which was a 100-patient open-label
stratified sampling prospective trial recruiting patients on the basis of
their ValveNetrisk score. Adult patients were eligible if they had a digi-
tal12-lead ECG performed at Columbia University and had no history
ofan echocardiogramwithin the last3 yearsin our system, no history
ofleft-sided VHD and no dementia or other non-cardiac life-limiting
disease with expected survivalless than1year. Eligible patients were
recruited by their ValveNet score, which was divided into prespeci-
fied tertiles of risk (0-0.3, 0.3-0.6, greater than 0.6). The lowest-risk
group was excluded duetoaverylow predicted risk of cardiac disease.
Consented patients underwent an echocardiogram. The primary
endpoint was detection of moderate or severe aortic stenosis, aortic
regurgitation or mitral regurgitation. The key secondary endpoint
was detection of all forms of clinically significant SHD using the same
definition and thresholds as EchoNext. Criticallyimportant findings
were communicated with patients and physicians, and appropriate



Table 3 | Estimates of prospective screening performance
using EchoNext

Positive predictive value (%) at various sensitivity levels

Prevalence (%) 10% 20% 50% 75% 90%
0.5 273 14.0 4.2 21 1.0
1 25.9 257 6.8 3.2 21
2 49.6 38.2 14.2 6.9 4.1
5 69.6 57.8 29.0 161 9.7
10 83.6 775 46.5 28.2 18.8
15 876 83.5 59.7 39.6 274

clinical follow-up was coordinated by study investigators for newly
diagnosed disease.

The median age of recruited patients was 80 years (interquartile
range 72-86) and 43% were male (Supplementary Table 16). A total
of 53 patients with high-risk ValveNet scores were recruited, with 17%
positive for moderate or greater left-sided VHD and 53% positive for
SHD. A total of 47 patients were recruited with moderate-risk ValveNet
scores, with 0% positive for left-sided VHD and 19% positive for SHD.
There was a significant difference in the number of patients positive
for left-sided VHD (P = 0.005) and SHD (P = 0.003) when comparing
high- to moderate-risk ValveNet scores.

After trial completion the 100 patients’ ECGs were retrospectively
analysed using EchoNext and stratified into high-, moderate- and
low-risk groups. The rates of disease were strongly correlated within
these groups as follows: high risk (n =33, 24% with left-sided VHD and
73%with SHD), moderate risk (n = 50, 2% with left-sided VHD, 28% with
SHD) and low risk (n =17, 0% with left-sided VHD and 6% with SHD). All
differencesbetweenrisk groups for EchoNext were significant (P=0.002
forleft-sided VHD and P < 0.001for SHD). Individual disease outcomes
stratified by risk groups are summarized in Supplementary Table 17.

Albenchmarkin SHD

To facilitate future research in this space and to create publicly avail-
able datafor model benchmarking, we arereleasing, with publication
of this paper, ade-identified and annotated set of ECG data. These data
comprise100,000 ECGs from 36,286 unique patients from Columbia
University Irving Medical Center (Fig.4). These ECGs represent asubset
of the NYP multicentre Cohort and were labelled with respect to SHD
status (as well as the individual components) on the basis of matched
echocardiograms following the same procedure. We divided the ECGs
into train, validation and test sets and trained a de novo model within
this population, hereafter referred to as the Columbia mini-model. The
SHD prevalence in this test set was 43%.

The Columbia mini-modelwas highly performant for SHD detection
across all eight hospitals, with AUROC of 82.0% (95% C1 80.9-83.0%)
(Fig. 4). Of note, despite the smaller and single-centre training set,
this model’s performance was only modestly lower than the full
multicentre-trained EchoNext model, with AUROC in the same mul-
ticentre test set of 83.1%.

This dataset, including the ECG waveform, demographics and
ECG-specific tabular information, as well as all the corresponding
echocardiographic labels, was de-identified according to standard
practices. All date information was shifted randomly on a per patient
level by more than1year preserving time elapsed between individual
studies for the same patient. To spur further research and serve as an
ECG benchmark, this dataset, as well as the preprocessing code and
Columbia mini-model weights, are available at the EchoNext Library
with furtherinstructions for use available in the Supplementary Infor-
mation. It will also be expanded on with further studies and modalities
over time.

Discussion

We present here the development and performance of the EchoNext
ECGdeeplearning model for the detection of SHD, and a pilot prospec-
tive trial of an AI-ECG model to detect SHD**.The principal findings of
this study are as follows: (1) the EchoNext model accurately detects a
broad composite of clinically relevant SHDs that would warrant order-
ing an echocardiogram, which was strengthened by the multilabel
approach to best capture collinearity and correlation across compo-
nentdisease labels; (2) EchoNext generalized across 11 hospitals from 4
health systems (bothinclusive and exclusive of the model development
cohort); (3) performance was robust with respect to patient demo-
graphics (age, sex, race and/or ethnicity) across clinical contextsin a
highly diverse patient population; (4) EchoNext had superior accuracy,
sensitivity and specificity in detecting SHD from ECGs compared to
cardiologists both when given the Al prediction to consult and when
not; and (5) the ability of AI-ECG analysis to prospectively detect undi-
agnosed cardiac disease with sufficient positive predictive value was
confirmedin the DISCOVERY trial. Moreover, the release of data, code
and modelweights from thiswork canserve asabenchmarkand catalyst
for future research in this field.

Expanding ECG use through Al

The ECGremainsa corediagnostic testin cardiology even aswe reach
the 100-year anniversary of Dr Einthoven’s receipt of the 1924 Nobel
Prizein Physiology and Medicine. The history of the ECG has been one
of relentless technological progress, beginning with a 600-pound
galvanometer electrocardiograph only availablein research settings,
to digital ECGs that can be performed anywhere and are available
everywhere, including at home and on the wrist*>*. The work over
the past decade applying deep learning methodologies to the ECG
continues this trend, opening new insights and approaches for heart
disease detection.

In this work, we present direct evidence for some of this new use
through the comparison of the EchoNext Al model to board-certified
cardiologists’ performance in detecting SHD from ECGs. To be clear,
explicit detection of most SHD from ECG—particularly without other
aspects of clinical history and physical exam—is not a standard clini-
cal practice and therefore, as expected, the cardiologists were only
modestly successful in the task. By comparison, the performance of
the EchoNext model was significantly superior, improving on both
diagnostic sensitivity and specificity compared with the human experts.
Together, these data demonstrate the potential for Al to help further
expand the clinical and diagnostic use for an already broadly used
and broadly accessible test. The fact that EchoNext alone performed
significantly better than cardiologists even when given the Al results
warrants further exploration. Clinical experts may still lack trustin Al
systems, particularly in situations in which performance achieved by
Al'was not previously thought possible. For example, cardiologists
donotrely on ECG findings to determine whether a patient is likely to
have areduced LVEF, but reduced LVEF is one of the highest performing
component disease predictions of EchoNext (AUROC 90.4) (Fig. 2c).
Further explorationis needed toidentify optimal strategies thatinte-
grate the specialized ECG interpretation from Al with the clinician’s
more extensive, diverse knowledge to improve detection of patients
with subtle clinical signs or those who may lack consistent clinical care.

Medical Al models must advance from interpreting one study at
one point in time to making a comprehensive patient-level predic-
tion. Future models may benefit from incorporating multimodality
(for example, integrating chest X-rays, laboratory results and ECGs)
and multitemporality (for example, using all past ECGs of a patient).
These advancements aim to create a comprehensive prediction of a
patient’s risk. However, this approach presents several challenges. As
datarequirementsincrease, so doesthe risk of confounding and label
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Fig.4|Characteristics of thereleased Columbia ECG datasetand
performance of the Columbia mini-model trained on these data for SHD
prediction.A100,000 ECG dataset is being released from data from Columbia
University Irving Medical Center as part of this paper. These data consist of

the ECGwaveform, ECG tabular features and paired echocardiographic data.
Amodeltrained and tested on this dataset demonstrated similar performancein
SHD detection as the multisite model that served as the primary analysis in this
study when assessed by AUROC and AUPRC. Dashed line indicates random
classifier.

leakage, potentially leading to models that appear to performwell but
generalize poorly. Furthermore, the complexity of integration and
adoption of such models increases considerably.

Translation to clinical care

Bridging the gap between retrospective development of clinical Al
models and studying their efficacy inimproving clinical care is para-
mount. There have been few prospective studies of AI-ECG models
thus far. The DISCOVERY trial is the first focused specifically on the
detection of VHD and the broader composite of all SHD. The positive
findings from this trial provided critical confirmation that (1) applica-
tion of an AI-ECG model to areal-world intended-use population (that
is, a population with lower disease prevalence than the development
cohort) still yielded clinically meaningful performance (in this case,
apositive predictive value of greater than 50% for SHD); and (2) beyond
simple binary risk prediction, the burden of observed disease varied
across levels of model-predicted risk (moderate versus high), poten-
tially enabling performance tuning for different use cases.

Inlight of these positive trial results, other aspects of this AI-ECG
modellend themselves well to translation into clinical practice. First,
theintended clinical action to be taken on the basis of model outputis
clear:ahigh-risk result should be considered for an echocardiogram.
The fact that an abnormal ECG is already a common indication for
echocardiography further reduces the barrier for this response. The
use of abroad composite outcome, defined as all causes of clinically
significant SHD, as amodel target is a deliberate strategy to optimize
the positive predictive value of the model. Whereas the truly ‘optimal’
positive predictive value from the varied perspectives of providers,
patients and payorsis yet to be defined, the fact that EchoNext further
improved risk stratification for SHD within the trial cohort compared
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to ValveNet supports this motivation. Further prospective studies
testing the next-generation technology in larger populations are
underway.

It bears acknowledgement that the ideal method for deploying
AI-ECG analysis in clinical settings continues to be closely studied.
Broadly, deployments could focus on either ‘safety net’ or ‘gate-
keeper’ applications. In the former, AI-ECG analysisis used to trigger
extra echocardiography that may not otherwise be recommended
as part of opportunistic screening. Such an approach may improve
population-levelidentification of cardiac disease and may be particu-
larly usefulin underserved patient groups at risk for undertesting. In
agatekeeper strategy, the results of an AI-ECG analysis could be used
to determine whether patients should undergo echocardiography
when clinicians pretest probability is below a certain threshold to try
and prevent unnecessary testing. These two strategies have markedly
different goals and implications, and the ideal statistics—sensitivity,
specificity, positive and negative predictive values—in which to meas-
ure their success are sure to differ. Balancing of these statistics may
also vary across clinical scenarios. For instance, negative predictive
value may be the mostimportant metric inasymptomatic emergency
department patient, whereas a deployment focusing on asymptomatic
outpatients may focus on maintenance of a high positive predictive
value at the cost of amodest sensitivity. Asaresult of the very high evi-
dencebarneeded to overruleaclinician’s judgement to pursue echo-
cardiography given the extensive information available in the history
and physical exam, we anticipate that early successful deployments
will focus on safety net opportunistic screening rather than forms of
gatekeeper functions. More investigation will be required to deter-
mine the cost-effectiveness of opportunistic screening approaches
using Al models.

Ontheother hand, there may be potential harms and/or biases asso-
ciated with using Almodels for screening. For example, one potential
harmisincreased patient anxiety associated with a high-risk prediction,
particularly ininstances that are ultimately false positives. Arbitrary
bias across technicians or physicians is possible, potentially biasing
sceptics against diagnosis while biasing enthusiasts toward it. However,
over the longer term, this model should evolve to become indistin-
guishable from other technological advancesin medicine and help to
‘normalize’ and thus mitigate these concerns. Nonetheless, further
studies on these topics are warranted.

Relationship to previous work

Comparing the accuracy of different deep learning models across
distinct healthcare datasets is an enormous challenge, with differ-
ent patient characteristics having a significant impact on statistical
metrics such as AUROC and AUPRC. Other ECG-based SHD models,
such as rECHOmmend, have demonstrated excellent performance
with an AUROC of 91% in its retrospective dataset*. Owing to the lack
of ashared common dataset and differences in SHD definitions (for
instance, mild to moderate valve disease being classified as moder-
ate in rECHOmmend and mild in EchoNext) and prevalence (17.9%
for ECHOmmend versus 36.3% for EchoNext due to differing exclu-
sion criteria), these results are not directly comparable. For example,
the performance of rECHOmmend was observed to drop (AUROC
0.88) whenrestricting to patients with echocardiography-confirmed
disease, thereby increasing disease prevalence, as was done for the
present study. Moreover, the SHD labelin the current study captures
98.9% of allecho-based diagnoses as compared to 65.6% by rECHOm-
mend. Compared to other models that have been developed for similar
pathologies, the current study had significantly increased racial and/
or ethnic diversity across many internal or external institutes. When
taken as awhole, this currentanalysis in conjunction with previously
published work demonstrates that deep learning analysis can accu-
rately detect SHDs individually and as acomposite, with high accuracy



across diverse populations in several clinical contexts and geographi-
cally distinct external test sets.

Limitations

Several limitations of our study should be mentioned. Certain labels
required binary cutoffs tobearbitrarily decided for what are otherwise
continuous values, such as LVEF and low left ventricular wall thickness.
Recentregistries and trials have defined heart failure with moderately
reduced ejection fraction with an upper threshold of 55%, 52.5%, 50%
and 45%. The threshold chosen for this study was 45% and results may
have differed if a different cutoff was chosen. Supplementary Table 3
includes the performance of the model for only ‘severe’ disease of all
the pathologies (for example, LVEF less than or equal to 35% instead of
45%). Restricting the model to a different arbitrary threshold showed
asimilar AUROC of 87.7% providing evidence that performance was
not dependent on any specific threshold for defining disease. The
AUPRCs presentedin this study are based onretrospective datainwhich
patients have both ECGs and echocardiograms, which is a population
with amuch higher prevalence of SHD, and thus not representative of
AUPRCs we would expect to see if this model was used as a screening
study among patients with ECGs and no echocardiograms. Because it
isnot wellknown what the underlying prevalence of undiagnosed SHD
among patients with ECGs and no echocardiograms, we modelled a
range of potential prevalences and the resulting performance of the
modelin Table 3.

Performance for some component labels was suboptimal. For exam-
ple, low left ventricular wall thickness is a highly prevalent label but
subjective to high interobserver variation, thus introducing inher-
ent label noise. Rare conditions such as pulmonary regurgitation
are under-represented and are highly correlated with other more
prevalent conditions, such as tricuspid regurgitation max velocity
(Supplementary Fig. 4), which makes it hard to learn patterns that
are exclusive to pulmonary regurgitation. Furthermore, because we
took a multilabel approach to train all labels in one model to best
capture collinearity, the model optimization was regularized to
minimize overall loss across all labels, performance on certain labels
might be compromised to ensure better over performance. The mul-
tilabel approach helps tobest capture the collinearity and correlation
among component disease labels and provides insight on the spe-
cific disease(s) that leads to a high-risk prediction result, although
not conclusive. Furtherinvestigations are needed for specific disease
discrimination.

The DISCOVERY trial prospectively recruited patients to assess
how the model may performin general clinical use. The patients were
recruited using an earlier generation model, ValveNet, whichwas only
trained to detect left-sided VHD. After the trial completion, EchoNext
model performance was assessed on the 100 patients, none of whom
wereincludedin model training, validation or testing. Written consent
was obtained from all participants. This small trial showed promising
results, but larger, more pragmatic interventions will be necessary
to determine the potential benefit in excess of usual clinical care for
EchoNext.

Inconclusion, the EchoNext 12-lead ECG model can accurately detect
acomposite of SHD across arange of clinical and geographic settings,
andtherelease of the underlying dataset of ECGs with clinically relevant
labels can serve as abenchmark for model comparison and further
innovation. Future work focusing on deployment strategies is needed
todetermine whether deep-learning-assisted ECG analysis can be used
to improve the diagnosis and outcomes of SHD in clinical practice.
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Methods

Patient identification and data sources

Patients 18 years of age or older who underwent a digitally-stored
12-lead ECG between December 2008 and 2022 at one of eight NYP-
affiliated hospitals (Columbia University Irving Medical Center, Weill
Cornell Medical Center, NYP-Brooklyn Methodist Hospital, NYP-Lower
Manhattan Hospital, NYP-Queens Hospital, NYP-Allen Hospital,
NYP-Westchester Hospital and adult patients at the Morgan Stanley
Children’s Hospital of New York) were identified. Those 230,318 unique
patients who had a diagnostic quality, non-ventricularly paced ECG
performed up to 1 year before an echocardiogram formed the NYP
multicentre cohort, with1,245,273 distinct ECG-echocardiogram pairs
(Fig.1). Demographics, including race and ethnicity, were abstracted
from the electronic medical record.

ECG data were accessed from the MUSE data management system
(GE Healthcare) at each institution. ECG data that were abstracted
included demographicand ECG-specific tabular information, including
age, sex, atrial and ventricular rates, and pulmonary regurgitation, QRS
and Bazett’s corrected Q wave-to-T waveintervals. The ECG waveform
datawere abstracted at 250 Hz for all 12 ECG leads for a total of 30,000
data points.

Echocardiographic data were accessed from the Syngo Dynamics
(Siemens Healthineers) and Xcelera (Phillips) systems. Abstracted
dataincluded the LVEF, interventricular septum and posterior wall
thicknesses (withthe larger being defined as the maximum low left ven-
tricular wall thickness), qualitative right ventricular systolic function
(defined as normal, mildly reduced, moderately reduced or severely
reduced), the PASP and maximum tricuspid regurgitation maximum
velocity, the presence of a pericardial effusion (normalized to a scale
ofnoneortrace, small, moderate or large) and the severity of the VHDs
ofaorticstenosis, aortic regurgitation, mitral regurgitation, tricuspid
regurgitation and pulmonic regurgitation (normalized to a scale of
none or trace, mild, moderate or severe). Mild to moderate VHD was
classified as mild disease and moderate to severe VHD was classified
asmoderate disease. Repaired or replaced heart valves were excluded
from the dataset. These data were harmonized across each echocar-
diographic reading system and hospital with aminimum of 100 cases
audited per label to confirm the accuracy of each analysis. From these
features, we defined the presence or absence of SHD for each echocar-
diogram using the following binary cutoffs: LVEF (less than or equal
to 45%), maximum low left ventricular wall thickness (greater than or
equal to 1.3 cm), right ventricular dysfunction (moderate or severely
reduced), pulmonary hypertension (PASP greater than or equal to
45 mm Hg or tricuspid regurgitation jet velocity greater than or equal
to3.2ms™), aortic stenosis (moderate or severe), aortic regurgitation
(moderate or severe), mitral regurgitation (moderate or severe), tri-
cuspid regurgitation (moderate or severe), pulmonary regurgitation
(moderate or severe) and asignificant pericardial effusion (moderate
or large). For an ECG to be labelled as being ‘positive’ for a disease, it
must have been performed within 1 year before an echocardiogram
with SHD. In patients without SHD (confirmed by at least one ‘negative’
echocardiogram), all ECGs before the most recent echo were labelled as
negative and included in the study. Only ECGs with an echo occurring
afterwards were used to ensure no ECGs occurring after corrective
procedures in which a future echo may not occur were included as
they would be mislabelled.

Tobeincludedinthe study, anechocardiography report wasrequired
toinclude LVEF, a wall thickness measurement and one relevant valve
finding. Missing data were imputed using the following process. For
valve findings, if either regurgitation or stenosis was commented on,
the other was presumed normal (for example, if aortic stenosis was
reported but aortic regurgitation was not, then we assumed no aortic
regurgitation). If not specifically commented on, a pericardial effusion
and pulmonary hypertension were presumed to be absent.

In addition to this base SHD label, a secondary, more stringent
cutoff was defined for each endpoint (for example, LVEF less than or
equalto35%) toreflect ‘severe SHD'. These cutoffs and model accuracy
using these severe SHD endpoints are detailed in the Supplementary
Information.

For the primary analysis, data fromall eight hospital campuses were
blended and split by patientinto training, validation and test sets (64%,
16% and 20%). Further experiments are detailed in the Supplementary
Information; for example, using alternate data partitions to hold out
specific NYP hospitals from training to assess generalization. In all
cases, several ECG-echocardiogram pairs were used in training, but the
most recent ECG-echocardiogram pair was selected for each unique
patient in the validation and test sets. This retrospective study was
conducted with approval of the Columbia University and Weill Cornell
Institutional Research Boards with waiver of patient consent.

Model details

The EchoNext model comprises a convolutional neural network that
takes a digital 12-lead ECG waveform, patient demographics and
ECG-specific tabular information to predict the presence or absence
of SHD (Supplementary Table 1). Extending previous work?, we trained
EchoNext as amultitask classifier such that separate terminal branches
ofthe model predict the presence of the SHD composite label and the
presence of anindividual component label (forinstance, the presence
orabsence of aortic stenosis), respectively. Details on the model design,
hyperparameters, testing and optimization are addressed in the Sup-
plementary Information.

Silent deployment validation

Asthe model development dataset comprised ECGs acquired through-
out December 2022, we subsequently collected ECG-echocardiogram
pairs acquired at NYP from January to 16 September 2023, as atem-
porally distinct validation set. Patients included in the development
cohort were excluded from this analysis.

Prospective validation of ValveNet and EchoNext

Before development of EchoNext, study investigators had created
ValveNet, a similarly architected AI-ECG model trained to detect the
left-sided VHD of aortic stenosis, aortic regurgitation and mitral regur-
gitation, asubset of SDH>. To test the ability of a system using this model
todetectclinically significant cardiac disease, we designed the Aortic
Stenosis Discovery Study, al00-patient, open-label trial. Adult patients
were eligible if they had a digital 12-lead ECG performed at Columbia
University and had no history of an echocardiogram within the last
3 years in our system, no history of left-sided VHD and no dementia
or other non-cardiac life-limiting disease with expected survival less
than1year. Eligible patients were recruited by their ValveNet score
(acontinuousvariable from O-1withavalueclosertolindicatingahigher
model confidence that VHD was present) into high-risk (score greater
thanorequal to 0.6) or moderate-risk (score 0.3-0.6) groups. Patients
withscoreslessthan 0.3 were excluded dueto avery low predicted risk
of cardiac disease. Consented patients underwent an echocardiogram.
The primary endpoint was moderate or severe aortic stenosis, aortic
regurgitation or mitral regurgitation. The key secondary endpoint was
any SHD that wasidentical to the EchoNext label. Criticallyimportant
findings were communicated with patients and physicians, and appro-
priate clinical follow-up was coordinated by study investigators for
newly diagnosed disease.

Cardiologist survey

Board-certified attending cardiologists were recruited from Columbia
University to study human accuracy in the detection of SHD using
the ECG. A total of 13 cardiologists were recruited to take this study
(J.M.D.,SY.,G.FR,S.R.A., Q.L.,CK.B., PV, C.AW,EM.D. V.A,M.Lebehn,
P.N.K. and S.S.). A total of 150 ECGs were selected from the NYP
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multicentre test set representing a similar age distribution and SHD
prevalence to the entire dataset. The digital ECG was accessed as a
pdfand the name, date and clinical interpretation was cropped out
of the image leaving only the waveform and the ECG measurements
(ventricular rate, pulmonary regurgitation interval, QRS interval,
Q wave-to-T wave interval and axis). The age (truncated to greater
than 90) and sex were added to each ECG. These 150 ECGs were split
into blocks of 50. Each cardiologist was presented with a block of 50
ECGs and were asked to answer two questions for each ECG: whether
the patient waslikely to have SHD (not likely or likely). After completion
of each block of 50 ECGs, they were given the same 50 ECGs with the
addition of the AImodel analysis with both the model output (0-1) and
model interpretation (less than 0.6 not consistent with SHD, greater
than or equal to 0.6 consistent with SHD) added to the image. Each
cardiologist could complete up to 300 ECGs (150 without and 150
with the Al model analyses). The results from all the cardiologists
were pooled for primary analysis with calculation of the accuracy,
sensitivity and specificity using standard methods with 95% Cls for
accuracy calculated by the Clopper-Pearson method. The accuracy
of the EchoNext model in this 150 ECG dataset was determined using
athreshold of 0.6. This method of human-machine comparison is
similar to typical methods and one we have used previously***, Clini-
cally normal ECGs were identified from the clinical interpretation
reportand performance was compared between normal and abnormal
ECGs.

Statistical analysis

Descriptive statistics were used to describe the data using standard
methods. The performance of EchoNext was assessed using standard
metrics, including AUROC and AUPRC. Diagnostic odds ratio was also
computed at the operating point of 0.5. For each statistical test, 95%
Cls were generated using 1,000 bootstrapped estimates. Subgroup
analyses were performed using subsets of age, sex, race and ethnicity.
All statistical analyses were performed using Python v.3.8.

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Tofacilitate future research and innovationinthis field, a de-identified
100,000-patient subset of the NYP multicentre cohort (specific to
Columbia University Medical Center) will be released with publica-
tion of this study. This dataset will contain all input features needed
to run the model (ECG waveforms, tabular ECG features and patient
demographics), as well as the corresponding disease labels derived
fromechocardiography. To provide abenchmark for future compari-
son, we split this datasetinto train, validation and test, and report the
performance of the model within the public dataset. These data are
available at GitHub (https://github.com/PierreElias/IntroECG).

Code availability

The Columbia mini-modelwas developed using the training and valida-
tiondatasplits provided inthe publicly released Columbia ECG dataset
(Supplementary Table13). Reported performanceis based onthe public
testset (Supplementary Table 15); performance was also assessed in the
NYP multicentre cohort for direct comparison with the EchoNext model
(Supplementary Table 14). As with EchoNext, this isa multitask model
that predictsboth the composite SHD label and acomponent disease.
Performance for each individual disease component is included in
Supplementary Tables 14 and 15. The code used to train and evaluate
the model, and the specific model weights are also publicly available
for non-commercial use, as detailed above. The code is available at
GitHub (https://github.com/PierreElias/IntroECG).

34. Oakden-Rayner, L. & Palmer, L. J. in Artificial Intelligence in Medical Imaging:
Opportunities, Applications and Risks (eds Ranschaert, E. R. et al.) 83-104 (Springer, 2019).

35. Bhave, S. et al. Deep learning to detect left ventricular structural abnormalities in chest
X-rays. Eur. Heart J. 45, 2002-2012 (2024).

Acknowledgements T.J.P. has research support provided to his institution from the
Amyloidosis Foundation and the American Heart Association (grant award nos. 933452 and
23SCISA1077494; https://doi.org/10.58275/AHA.23SCISA1077494.pc.gr172160). M.A.P. is at
present supported by an RO1 grant from the National Heart, Lung, and Blood Institute of the US
National Institutes of Health (grant no. ROTHL149680). B.D. is at present supported by financial
support from the Patient Centered Outcomes Research Institute (grant no. PCORI IHS-2019C2-
17373-IC). R.A. is supported by the ‘Fonds de la recherche en santé du Québec’ (grant no.
312758), the Montreal Heart Institute Research Centre, the Montreal Heart Institute Foundation
and the Des Groseillers-Bérard Research Chair. P.E. has research support provided to his
institution from the American Heart Association and the New York Academy of Medicine.

Author contributions T.J.P., L.J., C.M.H. and P.E. had had full access to all data and oversaw
allanalyses. J.F.,, D.H., C.K., A.L., D.R. and D.v.M. were responsible for data engineering and
preprocessing. SY., G.F.R., JM.D., S.RA., Q.L.,C.K.B., PV., C.AW., E.M.D., V.A., M. Lebehn, P.N.K.
and S.S. participated as cardiologist readers in the ECG interpretation survey. T.J.P, L.J., R.P.R.,
M.A.-M., J.F.,D.H.,CK., AL, D.R., JAR., Dv.M.,, M.AP,B.D., S.D.J., OT,D.C,R.A., JPB. GHT,
1-M.C.,D.O.,AV.,MC, FARO., P.PM,SY, GFR,JMD,SRA,QL.,CKB.,PV, CAW, EM.D.,
V.A., M. Lebehn, P.N.K., S.S., AN.B., DK.,S.H., A.S.,RTH., M. Leon, A.JE.,, M.S.M,, H.S.H., JWH.,
C.M.H. and P.E. contributed to drafting and revising the manuscript and approved the final
version for submission.

Competing interests Columbia University has submitted a patent application (no. 63/555,968)
on the EchoNext ECG algorithm, on which T.J.P., L.J., C.M.H. and P.E. are inventors. T.J.P. owns
stock in Abbott Laboratories and Baxter International, with research support provided to his
institution from Eidos Therapeutics, Janssen, Pfizer and Edwards Lifesciences. E.M.D. serves on
a clinical trial committee for Abiomed. RT.H. has institutional consulting contracts with Abbott
Structural, Edwards Lifesciences, Medtronic and Novartis, for which she receives no direct
compensation. M.A.P. received a one-time research donation from Roche Diagnostics in 2023.
B.D. is a consultant for Hone Health. R.A. and G.HT. are co-inventors on the patent 63/208,406
(Method and System for Automated Analysis of Coronary Angiograms). R.A. reports receiving
speaker fees from Abbott, Boston Scientific, Boehringer-Ingelheim and Novartis. G.HT. is an
adviser to Prolaio and Viz.ai, and has received research grants from Janssen Pharmaceuticals,
General Electric and Myokardia, a wholly owned subsidiary of Bristol Meyers Squibb. P.E. has
research support provided to his institution from Eidos Therapeutics, Pfizer, Janssen, Edwards
Lifesciences and Google. The other authors declare no competing interests.

Additional information

Supplementary information The online version contains supplementary material available at
https://doi.org/101038/s41586-025-09227-0.

Correspondence and requests for materials should be addressed to Pierre Elias.

Peer review information Nature thanks Mintu Turakhia and the other, anonymous, reviewer(s)
for their contribution to the peer review of this work.

Reprints and permissions information is available at http://www.nature.com/reprints.


https://github.com/PierreElias/IntroECG
https://github.com/PierreElias/IntroECG
https://doi.org/10.58275/AHA.23SCISA1077494.pc.gr.172160
https://doi.org/10.1038/s41586-025-09227-0
http://www.nature.com/reprints

nature portfolio

Corresponding author(s):  Pierre Elias, MD

Last updated by author(s): Mar 28, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed
E The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

E A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

X

J The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

X X

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXX O 00 OO0 00 00
X

XL

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
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Data collection  The dataset used to develop and evaluate the EchoNext model comprises over 1.2 million ECG-echocardiogram pairs from 230,318 patients
across eight hospitals in the NewYork-Presbyterian health system. Due to institutional policies and patient privacy considerations, the full
clinical dataset cannot be publicly released. However, a de-identified subset of 100,000 ECGs with paired echocardiographic labels has been
made publicly available at {XXXXXXXXX}. Requests for access to additional data for academic or research purposes may be directed to the
corresponding author and will be reviewed by the appropriate institutional committees.

The Columbia Mini-Model was developed using the training and validation data splits provided in the publicly- released Columbia ECG dataset
(Supplemental Table 9). The code is available at a GitHub repository at https://github.com/PierreElias/EchoNext_Validation. This repository is
normally private but has been made public while paper is under review.

Data analysis All statistical analyses were performed using Python version 3.8.
EchoNext model version 4.0 was used.

Reported performance is based on the public test set (Supplemental Table 11); performance was additionally assessed in the NYP Multicenter
Cohort for direct comparison with the EchoNext model (Supplemental Table 10). As with EchoNext, this is a multi-task model that predicts
both the composite SHD label and a component disease. Performance for each individual disease component is included in Supplemental
Tables 10, 11.
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To facilitate future research and innovation in this field, a de-identified 100,000-patient subset of the NYP Multicenter Cohort (specific to Columbia University
Medical Center) will be released with publication of this study. This dataset will contain all input features needed to run the model (ECG waveforms, tabular ECG
features, and patient demographics), as well as the corresponding disease labels derived from echocardiography. To provide a benchmark for future comparison,
we split this dataset into train/validation/test and report the performance of the model within the public dataset. The dataset will be made available on PhysioNet
as we have done with prior datasets, but due to Columbia University policies can't be made available before publication of the manuscript.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation)
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender We further evaluated model performance across NYP hospitals, clinical contexts, and with respect to patient age and race/
ethnicity (Table 2). Across hospitals (AUROC range: 80%—87%; Central Illustration) and clinical settings (AUROC range: 79%—
84%), the model exhibited stable, generalizable performance. Similarly, there were no clinically relevant differences in model
performance by race, ethnicity, or sex. More details can be found in Table 1 and 2.

Reporting on race, ethnicity, or We further evaluated model performance across NYP hospitals, clinical contexts, and with respect to patient age and race/
other socially relevant ethnicity (Table 2). Across hospitals (AUROC range: 80%—87%; Central Illustration) and clinical settings (AUROC range: 79%—
; 84%), the model exhibited stable, generalizable performance. Similarly, there were no clinically relevant differences in model
groupings > - :
performance by race, ethnicity, or sex. More details can be found in Table 1 and 2.

Population characteristics We curated a dataset comprising 1,245,273 echocardiogram-ECG pairs from 230,318 unique patients (>18 years) collected
between December 2008 and 2022 at one of eight NewYork-Presbyterian (NYP) affiliated hospitals (Figure 1). This dataset
was designated as the NYP Multicenter Cohort. The data were split at a patient level into train (149,819 unique patients with
796,816 ECG-echocardiogram pairs), validation (35,780 unique patients with 35,780 ECG-echocardiogram pairs), and test
(44,719 unique patients with 44,719 ECG-echocardiogram pairs) sets with patient characteristics described in Table 1. The
performance of the model was tested in three external cohorts from Cedars-Sinai Medical Center (n=10,177 patients), the
Montreal Heart Institute (n=10,862), and the University of California San Francisco Medical Center (n=6,106). SHD prevalence
was higher in the external sites (54%, 52% and 46%, respectively) compared with SHD prevalence in the NYP cohort (36%).
Despite large differences in disease prevalence and other patient demographic features compared with the model training
population (Supplemental Table 7), EchoNext generalized well to these cohorts (AUROC 78-80% and AUPRC 78%-80%) with
comparable ROC/PRC curves to individual hospitals within the NYP Multicenter Cohort (Central Illustration).

Recruitment Not applicable.

Ethics oversight This retrospective study was conducted with approval of the Columbia University and Weill Cornell Institutional Research
Boards with waiver of patient consent.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size No statistical method was used to pre-determine sample size. Instead, we included all eligible patients who met predefined inclusion criteria
across eight hospitals between 2008 and 2023, resulting in 230,318 unique patients and over 1.2 million ECG-echocardiogram pairs. The large
dataset size was selected to ensure robust model development and validation across diverse clinical settings and demographics. For the
prospective trial, a 100-patient sample size was selected to assess real-world feasibility and model performance in a screening context. In the
cardiologist reader study, 13 cardiologists each reviewed a block of 50 ECGs (totaling 3,200 interpretations), which provided sufficient data to
compare diagnostic accuracy between human readers and the model.

Data exclusions  -Patients < 18 years of age at the time of ECG during the years 2008-2022
-Non-diagnostic quality ECGs
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-Ventricular paced ECGs

-Patients who did not have an echocardiogram within 1 year of an ECG

-Echocardiograms with repaired or replaced heart valves

-Echocardiograms without a LVEF, a wall thickness measurement, and one relevant valve finding

Replication In addition to the primary data partition, we performed a sensitivity analysis generating and comparing several distinct models based on
variations in the training and validation sets. Specifically, we leveraged existing institutional internal data partitions to train three separate
models: ‘East’ using data exclusively from Weill Cornell Medical Center, NYP-Brooklyn Methodist Hospital, NYP-Queens Hospital, and NYP-
Lower Manhattan Hospital; ‘West’ using data exclusively from Columbia University Irving Medical Center, NYP-Westchester Hospital, NYP-
CHONY, and NYP-Allen Hospital; and ‘Blend’ using a subset of the combined data from both East and West (Supplemental Table 3). A single
test set was created with data from East and West to compare the various models. It is worth emphasizing that approximately half of this
blended test set represents “external” data for the models trained on East or West data alone, offering an opportunity to assess
generalizability compared with the model trained with Blended data. Details of the different data partitions used for training are provided in
Supplemental Table 4; the ‘Blend’ set was sub-set from the available data to approximate training sample size.

Model performance results are shown in Supplemental Table 5 and Supplemental Figure 3. Overall, differences in performance were minimal
across models, with differences in AUROC and AUPRC of 0.2% and 0.1%, respectively between West and Blended models. These findings
support excellent external generalizability of models trained on these data for this task, as the performance drop with or without external test
data was minimal.

Randomization  Data were split at a patient level into train (149,819 unique patients with 796,816 ECG-echocardiogram pairs), validation (35,780 unique
patients with 35,780 ECG-echocardiogram pairs), and test (44,719 unique patients with 44,719 ECG-echocardiogram pairs) sets.

Blinding Blinding was not applicable to this study because it involved retrospective analysis of routinely collected clinical data and automated model
training using pre-labeled ECG-echocardiogram pairs.In the cardiologist reader study, ECGs were presented in randomized order, and
cardiologists were blinded to echocardiographic outcomes. Therefore, while blinding was not necessary for model development, appropriate
blinding measures were used during the human-reader comparison component.
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Clinical trial registration  N/A

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Outcomes Structural Heart Disease: The presence of LV ejection fraction (LVEF) <45%; maximum LV wall thickness >1.3 cm; moderate or severe

right ventricular (RV) dysfunction; pulmonary hypertension (PASP >45mmHg or TR jet velocity 3.2 m/s); moderate or severe aortic
stenosis (AS), aortic regurgitation (AR), mitral regurgitation (MR), tricuspid regurgitation (TR), or pulmonary regurgitation (PR); or a
moderate or large pericardial effusion
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