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Deep Learning of Electrocardiograms in Sinus Rhythm
From US Veterans to Predict Atrial Fibrillation
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John Theurer, BS; Marzieh Vali, MS; Paul A. Heidenreich, MD; Salomeh Keyhani, MD; David Ouyang, MD

IMPORTANCE Early detection of atrial fibrillation (AF) may help prevent adverse
cardiovascular events such as stroke. Deep learning applied to electrocardiograms (ECGs) has
been successfully used for early identification of several cardiovascular diseases.

OBJECTIVE To determine whether deep learning models applied to outpatient ECGs in sinus
rhythm can predict AF in a large and diverse patient population.

DESIGN, SETTING, AND PARTICIPANTS This prognostic study was performed on ECGs acquired
from January 1, 1987, to December 31, 2022, at 6 US Veterans Affairs (VA) hospital networks
and 1large non-VA academic medical center. Participants included all outpatients with 12-lead
ECGs in sinus rhythm.

MAIN OUTCOMES AND MEASURES A convolutional neural network using 12-lead ECGs from 2
US VA hospital networks was trained to predict the presence of AF within 31days of sinus
rhythm ECGs. The model was tested on ECGs held out from training at the 2 VA networks as
well as 4 additional VA networks and 1large non-VA academic medical center.

RESULTS A total of 907 858 ECGs from patients across 6 VA sites were included in the
analysis. These patients had a mean (SD) age of 62.4 (13.5) years, 6.4% were female, and
93.6% were male, with a mean (SD) CHA,DS,-VASc (congestive heart failure, hypertension,
age, diabetes mellitus, prior stroke or transient ischemic attack or thromboembolism,
vascular disease, age, sex category) score of 1.9 (1.6). A total of 0.2% were American Indian or
Alaska Native, 2.7% were Asian, 10.7% were Black, 4.6% were Latinx, 0.7% were Native
Hawaiian or Other Pacific Islander, 62.4% were White, 0.4% were of other race or ethnicity
(which is not broken down into subcategories in the VA data set), and 18.4% were of
unknown race or ethnicity. At the non-VA academic medical center (72 483 ECGs), the mean
(SD) age was 59.5 (15.4) years and 52.5% were female, with a mean (SD) CHA,DS,-VASc score
of 1.6 (1.4). A total of 0.1% were American Indian or Alaska Native, 7.9% were Asian, 9.4%
were Black, 2.9% were Latinx, 0.03% were Native Hawaiian or Other Pacific Islander, 74.8%
were White, 0.1% were of other race or ethnicity, and 4.7% were of unknown race or
ethnicity. A deep learning model predicted the presence of AF within 31 days of a sinus
rhythm ECG on held-out test ECGs at VA sites with an area under the receiver operating
characteristic curve (AUROC) of 0.86 (95% Cl, 0.85-0.86), accuracy of 0.78 (95% Cl,
0.77-0.78), and F1score of 0.30 (95% Cl, 0.30-0.31). At the non-VA site, AUROC was 0.93
(95% Cl, 0.93-0.94); accuracy, 0.87 (95% Cl, 0.86-0.88); and F1score, 0.46 (95% Cl,
0.44-0.48). The model was well calibrated, with a Brier score of 0.02 across all sites. Among
individuals deemed high risk by deep learning, the number needed to screen to detect a
positive case of AF was 2.47 individuals for a testing sensitivity of 25% and 11.48 for 75%.
Model performance was similar in patients who were Black, female, or younger than 65 years
or who had CHA,DS,-VASc scores of 2 or greater.

CONCLUSIONS AND RELEVANCE Deep learning of outpatient sinus rhythm ECGs predicted AF
within 31days in populations with diverse demographics and comorbidities. Similar models
could be used in future AF screening efforts to reduce adverse complications associated with
this disease.
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trial fibrillation (AF) is the most common arrhythmia,

affecting one-quarter of patients older than 80 years.!

Patients with AF are 5 times more likely to experience
a stroke and have up to a 25% risk of dying within 30 days of
stroke.?> Many cases of AF go undetected, since at least one-
third are asymptomatic.*® Among patients who experience an
acute stroke of unknown origin, one-fifth will be found to have
occult AF.”10 Atrial fibrillation also causes long-term changes
in cardiac structure, including atrial dilation and ventricular
function deterioration, which can result in permanent AF,
valvular regurgitation, and heart failure.-1?

Effective clinical management can mitigate the
complications of AF. Oral anticoagulation reduces the rela-
tive risk of stroke by two-thirds.'® Early use of antiarrhythmic
medications or ablation may prevent more permanent AF
and reduce symptoms and stroke risk.!41® Earlier detection of
AF therefore holds promise in preventing later adverse
sequelae.

Deep learning, a subset of machine learning, can help di-
agnose early disease given its ability to use information-
dense data to draw associations that may be too complicated
to be routinely identified by human clinicians. Deep learning
models of electrocardiograms (ECGs) have been used to suc-
cessfully predict mortality, heart failure, cardiomyopathy, and
valvular disease.”?> Deep learning has also been used re-
cently to predict paroxysmal and incident AF, often in pre-
dominantly White, single-center patient populations.26-28

To date, few deep learning algorithms have been used for
the US Veterans Affairs (VA) population, which includes al-
most 19 million individuals from diverse demographic back-
grounds, many of whom are at higher risk for having cardio-
vascular disease, including AF, compared with the general adult
population.?°3! The VA patient population therefore repre-
sents a group in which deep learning-guided screening ef-
forts may be most effective. We investigated whether deep
learning applied to sinus rhythm ECGs in VA patients could pre-
dict the presence of concurrent AF.

Methods

This prognostic study was approved by the University of
California, San Francisco and Cedars-Sinai, Los Angeles,
California, Institutional Review Boards, which waived the need
for informed consent for use of deidentified medical records.
This study followed the Standards for Reporting of Diagnos-
tic Accuracy (STARD) reporting guideline.

ECG Data Set Selection

We extracted all 12-lead ECGs acquired at sites within the VA’s
Veterans Integrated Services Network Region 21, which in-
cludes 6 separate VA medical center networks (San Francisco,
Palo Alto, Fresno, and Sacramento, California; Reno, Nevada;
and the Pacific Islands), each of which is composed of mul-
tiple clinics. Electrocardiography was performed from Janu-
ary 1,1987, to December 31, 2022. Electrocardiogram tracings
were linked to cardiologist ECG interpretations, patient demo-
graphic characteristics (age, sex, and race and ethnicity), and
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Key Points

Question Can a deep learning model using routinely acquired
outpatient 12-lead electrocardiograms (ECGs) in sinus rhythm
predict the presence of atrial fibrillation (AF) within 31 days across
diverse populations?

Findings In this prognostic study, a model trained on data from 2
large Veterans Affairs (VA) hospital networks predicted AF with
high accuracy in several separate patient populations (VA and
non-VA) and across different demographic and comorbidity
subgroups.

Meaning These findings suggest that deep learning applied to
ECGs could help identify patients at high risk of AF who could be
considered for intensive monitoring programs to help prevent
adverse cardiac events.

comorbidity information (AF; heart failure; hypertension; dia-
betes; prior cerebrovascular accident [CVA], transient ische-
mic attack [TIA], or thromboembolism [TE]; prior myocardial
infarction [MI]; peripheral vascular disease; and chronic kid-
ney disease) from the VA Corporate Data Warehouse. Comor-
bidities were determined using International Statistical Clas-
sification of Diseases and Related Health Problems, Tenth
Revision and Current Procedural Terminology codes.>? Using co-
morbidity fields, we estimated the CHA,DS,-VASc (conges-
tive heart failure, hypertension, age, diabetes mellitus, prior
stroke or transient ischemic attack or thromboembolism, vas-
cular disease, age, sex category) scores.

Weincluded only ECGs in sinus rhythm. We excluded ECGs
that had poor data quality or paced rhythms or that could not
be paired with age and sex information (a sign that a patient
was not followed up consistently in the VA health system or
that the ECG patient data were entered incorrectly and were
not linkable) (Figure 1). We limited our data set to outpatient
ECGs, given that screening for AF would predominantly be
implemented in an outpatient setting. Inpatient ECGs could
introduce selection bias for sicker patients who may not re-
flect a general AF screening population.

We used ECGs from the San Francisco and Palo Alto VA sites
for model training, validation, and testing. We used ECGs from
the Fresno, Sacramento, Reno, and Pacific Islands VA sites as
separate test data sets that were held out from model train-
ing. For an external test data set, we used all 12-lead ECGs ac-
quired at Cedars-Sinai Medical Center, Los Angeles,
California—a large urban tertiary care center—from March 1,
2005, to December 31, 2018. The same inclusion and exclu-
sion criteria were applied as were used for the VA data set.

Definition of Cases and Controls

Cases of concurrent AF were defined as sinus rhythm ECGs that
could be paired with at least 1 ECG in AF or flutter (based on
the cardiologist ECG interpretation) within 31 days (eFigure 1
in Supplement 1). Controls were defined as sinus ECGs in pa-
tients who did not have ECGs in AF or flutter or with diagno-
ses of AF or flutter by International Statistical Classification of
Diseases and Related Health Problems, Tenth Revision and
Current Procedural Terminology coding. A single patient could
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Figure 1. Study Flow Diagram
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Inclusion and exclusion of 12-lead electrocardiograms (ECGs) at 6 Veterans
Affairs (VA) sites and the Cedars-Sinai Medical Center. The model was trained
and validated on ECGs from the San Francisco (SF) and Palo Alto (PA) VA sites.
The model was then tested on held-out ECGs from the SF and PA VA sites in
addition to ECGs from 4 other VA sites (Fresno, Sacramento [Sac], Reno, and

Pacific Islands [PI]) and the Cedars-Sinai site.

2 A single ECG could fall into multiple exclusion categories (eg, both a paced
rhythm and nonsinus).

contribute multiple case and control ECGs, which has been
shown to improve model performance.2®

In an additional exploratory analysis to simulate prospec-
tive prediction of a patient’s first case of AF within a longer
1-year time frame, we defined cases as sinus rhythm ECGs that
were closest to and chronologically before the first diagnosis
of AF for each patient. Electrocardiograms had to be obtained
within 1 year before AF diagnosis.

ECG Processing and Deep Learning Model Training
Electrocardiogram tracings were extracted from the VA’s MUSE
Cardiology Information System, version 9 (GE HealthCare).
Electrocardiogram waveform data were acquired at 250 Hz and
extracted as 10-second, 12 x 2500 matrices of amplitude val-
ues stored as base64 text. Electrocardiograms underwent base-
line wander correction using median filtering at 200- and
600-millisecond intervals and z score normalization.

We used an atrous convolutional neural network based on
anovel architecture previously used for predicting clinical phe-
notypes from ECGs (eFigure 1in Supplement 1).>* The model
was trained using PyTorch software, version 2.0.1 (Linux Foun-
dation). We initialized our model with random weights and
trained using a binary cross-entropy loss function for 50 ep-
ochs with an Adam optimizer and an initial learning rate of 1 x
107%. The training data set, composed of ECGs from the
San Francisco and Palo Alto VA sites, was split on a patient level
in an 80:10:10 ratio to create training, validation, and held-
out test data sets.

Statistical Analysis

All performance analyses were from model prediction of held-
out VA data sets and the external Cedars-Sinai data set not in-
volved in model training. We compared the deep learning mod-
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el’s performance with clinical prediction of AF for held-out
testing data from the VA and Cedars-Sinai sites using the
CHA,DS,-VASc score and a logistic regression model that in-
corporated all available demographic and comorbidity infor-
mation (age; sex; history of heart failure; diabetes; CVA, TIA,
or TE; prior MI; peripheral vascular disease; and chronic kid-
ney disease). These patient characteristics approximate those
used in AF clinical risk prediction models such as the Cohorts
for Heart and Aging Research in Genomic Epidemiology
(CHARGE) AF consortium risk score.>* A CHARGE-AF risk score
was not explicitly calculated because of the inability to reli-
ably determine blood pressure and antihypertensive medica-
tion use at the time of the ECG.

Model discrimination was assessed by the area under the
receiver operating characteristic curve (AUROC). We re-
ported the sensitivity, specificity, and accuracy at the Youden
index (defined as the maximum value of sensitivity plus
specificity minus 1) as well as the maximum F1 score (har-
monic mean of precision [positive predictive value] and re-
call [sensitivity]).>> All metrics were reported with 2-sided 95%
CIs from 1000 bootstrapped samples. The AUROCs were com-
pared using the DeLong test.3® We calculated the number
needed to screen to detect a true-positive case of AF among
patients deemed as high risk by the deep learning model as 1
divided by the positive predictive value.

For model calibration, risk scores underwent Platt scal-
ing using logistic regression trained on 80% of the test data set
and was then applied to a held-out 20% of the test data set.3”
We visualized a calibration plot for this held-out 20% test data
set by plotting the observed vs predicted risk of AF for 50 equal-
sized groups of increasing predicted risk. Calibration was quan-
tified using the Brier score, which is the mean squared error
between observed outcome and predicted risk, with O repre-
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Table 1. ECG Patient Characteristics by Site®

Study Site
San Francisco Pacific Islands
Characteristic AlLVA Palo Alto VA Fresno VA Sacramento VA Reno VA Cedars-Sinai
No. of ECGs 907 858 177625 272074 114332 168798 145474 29555 72483
ECGs per patient, 3.27 (4.14) 3.67 (4.82) 3.48 (4.55) 3.88(4.65) 2.74(3.09) 3.23(3.81) 1.85(1.49) 1.62 (2.78)
mean (SD)
Age, mean (SD), y 62.4(13.5) 62.4(13.1) 61.6 (14.0) 64.1(13.1) 62.2 (13.8) 62.7 (13.2) 61.8(12.9) 59.5(15.4)
Sex
Women 58158 (6.4) 10820(6.1) 18548 (6.8) 5440 (4.8) 13020(7.7) 8796 (6.0) 1534 (5.2) 38068 (52.5)
Men 849700 (93.6) 166805 253526 (93.2) 108892 155778 (92.3) 136678 28021 (94.8) 34415 (47.5)
(93.9) (95.2) (94.0)
Race and ethnicity
American Indianor 1553 (0.2) 330(0.2) 555(0.2) 118(0.1) 331(0.2) 165 (0.1) 54 (0.2) 66 (0.1)
Alaska Native
Asian 24813 (2.7) 8257 (4.6) 9408 (3.5) 494 (0.4) 3562 (2.1) 196 (0.1) 2896 (9.8) 5743 (7.9)
Black 96912 (10.7) 31192 (17.6) 29646 (10.9) 4731(4.1) 27930 (16.5) 2159 (1.5) 1254 (4.2) 6828 (9.4)
Latinx 41446 (4.6) 5691 (3.2) 18216 (6.7) 9617 (8.4) 6455 (3.8) 987 (0.7) 480 (1.6) 2119 (2.9)
Native Hawaiian or 6193 (0.7) 502 (0.3) 1179 (0.4) 142 (0.1) 1000 (0.6) 59 (0.04) 3311(11.2) 20(0.03)
Other Pacific
Islander
White 566613 (62.4) (16292 1)25 205831 (75.7) 48544 (42.5) 121565(72.0) 59010 (40.6) 8938(30.2) 54245(74.8)
Other® 3690 (0.4) 591 (0.3) 1192 (0.4) 142 (0.1) 916 (0.5) 56 (0.04) 793 (2.7) 69 (0.1)
Unknown 166638 (18.4) 8337 (4.7) 6047 (2.2) 50544 (44.2) 7039 (4.2) 82842 (56.9) 11829 (40.0) 3393 (4.7)
Comorbidities
Heart failure 101548(11.2) 20395(11.5) 26827 (9.9) 15246 (13.3) 21168 (12.5) 14003 (9.6) 3909 (13.2) 6088(8.4)
Hypertension 523776 (57.7) 97995 (55.2) 127289 (46.8) 78804 (68.9) 115605 (68.5) 83449(57.4) 20634(69.8) 14627 (20.2)
Diabetes 294232 (32.4) 53360(30.0) 76378(28.1) 50328(44.0) 60373 (35.8) 41881(28.8) 11912(40.3) 6170(8.5)
CVA, TIA, or TE 80006 (8.8) 15402 (8.7) 19365 (7.1) 11844 (10.4) 17689 (10.5) 13783 (9.5) 1923 (6.5) 3309 (4.6)
Ml 100788 (11.1) 20954(11.8) 29135(10.7) 15305(13.4) 18899(11.2) 14123 (9.7) 2372(8.0) 1339(1.8)
PVD 37596 (4.1) 8339 (4.7) 7837 (2.9) 4316 (3.8) 7938 (4.7) 7829 (5.4) 1337 (4.5) 3740 (5.2)
CKD 92461 (10.2) 18226(10.3) 21900 (8.0) 14347 (12.5) 21025(12.5) 13490(9.3) 3473(11.8) 5943(8.2)
CHA,DS,-VASc score, 1.9 (1.6) 1.9 (1.6) 1.7 (1.6) 2.3(1.6) 2.1(1.6) 1.9(1.6) 2.1(1.5) 1.6 (1.4)
mean (SD)
Concurrent AF 28117 (3.1) 3714 (2.1) 14820 (5.4) 3398 (3.0) 2798 (1.7) 3294 (2.3) 93(0.3) 1736 (2.4)

Abbreviations: AF, atrial fibrillation; CHA,DS,-VASc, congestive heart failure,
hypertension, age, diabetes mellitus, prior stroke or transient ischemic attack or
thromboembolism, vascular disease, age, sex category; CKD, chronic kidney
disease; CVA, cerebrovascular accident; ECG, electrocardiogram; MI, myocardial
infarction; PVD, peripheral vascular disease; TE, thromboembolism; TIA,

transient ischemic attack; VA, Veterans Affairs.
2 Unless otherwise indicated, data are expressed as No. (%) of ECGs.
b Category is not broken down into subcategories in the VA data set.

senting perfect accuracy and 1, perfect inaccuracy. Calibra-
tion was tested using the Spiegelhalter z test at a significance
threshold of 2-sided P < .05. The null hypothesis of the
Spiegelhalter z test is that the model is well calibrated; a sta-
tistically significant score indicates poor calibration. Calibra-
tion was visualized and tested across all sites and separately
across the VA and Cedars-Sinai sites. Statistical analysis was
performed in R, version 4.1.0 (R Project for Statistical
Computing) and Python, version 3.10.0 (Python Software
Foundation).

. |
Results

Atotal of 2 420 508 twelve-lead ECGs were acquired within our
network of VA hospitals. After excluding ECGs with poor data
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quality, paced rhythms, or incomplete clinical information and
that were nonsinus or acquired in inpatient settings (62.5% of
all ECGs), the final VA cohort included 907 858 outpatient ECGs
in sinus rhythm from 277 528 patients, with 28 117 ECGs hav-
ing a documented case of AF within 31 days (Figure 1). The
Cedars-Sinai external testing cohort included 72 483 outpa-
tient ECGs in sinus rhythm from 44 754 patients, with 1736
cases of AF within 31 days. In the VA cohort, ECGs were from
patients with a mean (SD) age of 62.4 (13.5) years; 6.4% were
female and 93.6% were male. Female patients were on aver-
age younger than male patients (69.7% younger than 65 years
compared with 50.6% of male patients). In terms of race and
ethnicity, 0.2% were American Indian or Alaska Native, 2.7%
were Asian, 10.7% were Black, 4.6% were Latinx, 0.7% were
Native Hawaiian or Other Pacific Islander, 62.4% were White,
0.4% were of other race or ethnicity (which is not broken down
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Figure 2. Model Performance
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into subcategories in the VA data set), and 18.4% were of un-
known race or ethnicity. The VA cohort had a high prevalence
of comorbidities (11.2% heart failure; 32.4% diabetes; 8.8% prior
CVA, TIA, or TE; 11.1% prior MI), with a mean (SD) CHA,DS,-
VASc score 0f 1.9 (1.6) (Table 1). In the external test cohort (n =
72 483), patients had amean (SD) age of 59.5 (15.4) years, 52.5%
were women, and 47.5% were men. In terms of race and eth-
nicity, 0.1% were American Indian or Alaska Native, 7.9% were
Asian, 9.4% were Black, 2.9% were Latinx, 0.03% were Native
Hawaiian or Other Pacific Islander, 74.8% were White, 0.1%
were of other race or ethnicity, and 4.7% were of unknown race
or ethnicity. Compared with the VA population, there was a
lower prevalence of comorbidities (8.4% heart failure; 8.5% dia-
betes; 4.6% prior CVA, TIA, or TE; 1.8% prior MI), with a mean
(SD) CHA,DS,-VASc score of 1.6 (1.4).

The prevalence of sinus ECGs with AF detected within 31
days on ECG was 3.1%. When comparing cases with controls,
patients with concurrent AF were older (mean [SD] age, 70.4
[10.5] vs 61.9 [13.7] years), less often female (3.8% vs 10.0%),
and more often White (78.3% vs 62.9%) with a higher inci-
dence of comorbidities (37.3% vs 10.2% heart failure; 45.0%
vs 30.2% diabetes; 16.2% vs 8.3% prior CVA, TIA, or TE; 25.4%
vs 9.9% prior MI) and a higher CHA,DS,-VASc score (mean [SD],
3.1[1.8] vs 1.9 [1.6]) (eTable 1in Supplement 1).

The deep learning model was trained on 359 886 ECGs from
the San Francisco and Palo Alto VA sites. When tested on held-
out training data sets, the model had AUROCs of 0.88 (95% CI,
0.87-0.90) at the San Francisco VA site and 0.89 (95% CI, 0.89-
0.90) at the Palo Alto VA site; accuracy of 0.81(95% CI, 0.79-0.83)
at the San Francisco VA site and 0.82 (95% CI, 0.81-0.83) at the
Palo Alto VA site; and F1scores of 0.33 (95% CI, 0.29-0.37) at the
San Francisco VA site and 0.49 (95% CI, 0.47-0.51) at the Palo Alto
VA site (Figure 2A and eTable 2 in Supplement 1). The model was
then applied to 4 other VA sites that were not included in model
training and achieved AUROCs of 0.86 (95% CI, 0.85-0.87) (Fresno
VA), 0.84 (95% CI, 0.83-0.85) (Sacramento VA), 0.84 (95% CI, 0.83-
0.85) (Reno VA), and 0.83 (95% CI, 0.79-0.88) (PacificIslands VA).
In summary, across held-out test ECGs at all VA sites, the model
had an overall AUROC of 0.86 (95% CI, 0.85-0.86), accuracy of
0.78 (95% CI, 0.77-0.78), and F1score of 0.30 (95% CI, 0.30-0.31).
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When tested on an external data set at Cedars-Sinai Medical Cen-
ter, the model achieved an AUROC of 0.93 (95% CI, 0.93-0.94),
accuracy of 0.87 (95% CI, 0.86-0.88), and F1 score of 0.46 (95%
CL, 0.44-0.48).

The deep learning model was also well calibrated, with
Brier scores of 0.02 across all sites, 0.02 across all VA sites, and
0.02 at the Cedars-Sinai site (a Brier score of O indicates per-
fect calibration; 1, perfect miscalibration) (Figure 2B). Test-
ing by Spiegelhalter z test also confirmed a failure to reject the
null hypothesis of model calibration at a significance thresh-
old of .05 (P = .06 across all sites, P = .07 across VA sites, and
P = .39 at the Cedars-Sinai site).

To establish the deep learning model’s performance rela-
tive to conventional clinical prediction tools, we compared the
deep learning model’s predictions to AF predictions made by
using the CHA,DS,-VASc score as well as regression using all
available demographic and clinical risk factor information.
When applied to test patients not involved in model training
across all VA and Cedars-Sinai sites, the deep learning model
had an AUROC of 0.86 (95% CI, 0.86-0.87), the risk factor re-
gression model had an AUROC of 0.73 (95% CI, 0.73-0.74), and
the CHA,DS,-VASc score had an AUROC of 0.70 (95% CI, 0.70-
0.70) (Figure 3). Choosing a screening threshold to fix testing
sensitivity at 25% resulted in the number needed to screen to
find a true-positive case of AF being 2.47 individuals using the
deep learning model vs 11.48 using the regression model and
12.01 using CHA,DS,-VASc score (eTable 3 in Supplement 1).

We tested the model’s performance in specific patient co-
hort subsets (Table 2 and eTable 4 in Supplement 1). Across the
different sites, there were substantial differences in the pro-
portion of patients who were women (range, 4.8%-52.5%),
Black (1.5%-17.2%), younger than 65 years (48.1%-59.9%), and
with a CHA,DS,-VASc score of 2 or greater (41.4%-64.4%). At
some sites, the model showed small significant increases in per-
formance in female patients and small decreases in perfor-
mance in patients older than 65 years and those with a
CHA,DS,-VASc score of 2 or greater. However, these differ-
ences were not observed consistently across all sites, and per-
formance was largely unchanged across the different sub-
groups.
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Figure 3. Deep Learning Model Performance
Compared With Clinical Risk Factor Models

AUROC
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ok : : :
0 02 04 06 08 10

False-positive rate

Deep learning model: AUROC, 0.86 (95% Cl, 0.86-0.87)
Clinical risk factors regression: AUROC, 0.73 (95% Cl, 0.73-0.74)
—— CHA,DS,-VASc: AUROC, 0.70 (95% Cl, 0.70-0.70)

Performance of deep learning model on all electrocardiograms held out from
the model training compared with predicting atrial fibrillation using a clinical risk
factors model (age; sex; history of heart failure; diabetes; cerebrovascular
accident, transient ischemic attack, or thromboembolism; prior myocardial
infarction; peripheral vascular disease; and chronic kidney disease) or the
CHA,DS,-VASc (congestive heart failure, hypertension, age, diabetes mellitus,
prior stroke or transient ischemic attack or thromboembolism, vascular disease,
age, sex category) score. AUROC indicates area under the receiver operating
characteristic curve.

We conducted an additional exploratory analysis to simu-
late the prediction of new undiagnosed AF within a longer
1-year time frame by redefining cases as sinus rhythm ECGs
closest to and chronologically before the first known diagno-
sis of AF for each patient (limited to ECGs within 1 year before
AF diagnosis). In this analysis, the model had AUROCs
ranging from 0.80 (95% CI, 0.79-0.81) to 0.85 (95% CI, 0.84-
0.86) and accuracies from 0.73 (95% CI, 0.72-0.75) to 0.79 (95%
CI, 0.73-0.85) at VA sites (eTable 5 and eFigure 2 in Supple-
ment 1). When tested on Cedars-Sinai ECGs, the AUROC was
0.79 (95% CI, 0.78-0.79) with an accuracy of 0.72 (95% CI,
0.71-0.72).

.|
Discussion

In this multisite prognostic study of a large and diverse popu-
lation, we found that a deep learning model using convolu-
tional neural networks predicted with high discrimination and
calibration the occurrence of AF within 31 days from 12-lead
ECGs in sinus rhythm. Prediction performance was robust
across 6 different VA hospital networks as well as a separate
non-VA large urban academic medical center. Predictions were
better than those using conventional clinical risk factors and
were largely preserved across multiple patient subgroups, in-
cluding women and Black patients. We additionally showed
that this model may help to predict new-onset AF within a lon-
ger 1-year time horizon.
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Early detection of AF holds promise because it can in-
form management decisions that change the natural progres-
sion and complication profile of this disease. Anticoagulation
reduces the risk of stroke by two-thirds."® Antiarrhythmic
medications and ablation can prevent the development of per-
manent AF and may also reduce the rate of stroke and cardio-
vascular death.!*'® While guidelines support opportunistic
screening for AF, the ideal population and best method for
screening remain unclear.38:° Multiple studies*°-*¢ have
proven that more intensive monitoring, whether by struc-
tured 12-lead ECG screening programs, remote monitoring, or
implanted devices, results in more detection of occult AF. How-
ever, most of these screening interventions are resource in-
tensive and sometimes invasive, and they have not been ad-
opted as part of routine clinical practice. One recent large
randomized clinical trial of an AF screening program for all in-
dividuals aged 75 to 76 years in 2 regions of Sweden*” re-
vealed that one of the major barriers in screening was con-
vincing patients to participate in the program, even though
those who did participate had a significantly lower compos-
ite end point of stroke, bleeding, and mortality.

In this study, we show that deep learning of 12-lead ECGs
acquired as a part of routine clinical practice may be a rela-
tively easy method for identifying patients who are at highest
risk for having unidentified AF. This could be incorporated into
existing workflows without necessarily requiring significant
additional patient participation or clinical resources. High-
risk patients could then be funneled into a more intensive AF
identification program using additional monitoring. Among pa-
tients determined to be at high risk by the deep learning model,
the number needed to screen to detect a true positive case of
AF is tunable based on the desired test sensitivity and could
be as low as 2.47 patients for a test sensitivity of 25% and up
to 11.48 patients for a sensitivity of 75%. This is substantially
lower than the number needed to screen using risk assess-
ment based on clinical risk factor regression or the CHA,DS,-
VASc score, which had numbers needed to screen of 11.5 and
12.0, respectively, for a test sensitivity of 25% and 25.4 and
20.8, respectively, for a test sensitivity of 75%. Our work builds
on previous research that has also used deep learning to iden-
tify AF from sinus ECGs with simulated and real pilot deploy-
ments in different patient populations.?”48

Our findings are unique in applying deep learning to mul-
ticenter cardiovascular data from US veterans with addi-
tional external site validation. Implementation of a screening
program in this large population may be particularly effec-
tive given the high pretest probability of disease, which could
help limit the rate of false-positive results, as well as the higher
mean CHA,DS,-VASc score, which could increase the net ben-
efit of starting anticoagulation therapy.2°-! The same charac-
teristics that make the veteran population appropriate for AF
screening, however, also make it different from other well-
studied patient populations. These differences can pose chal-
lenges for the generalizability of models developed outside of
the VA when applied to VA populations and vice versa; deep
learning models remain limited in their interpretability and at
risk for overfitting and confounding.*® A recent study>° showed
thata deep learning algorithm designed to recognize acute kid-
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Table 2. Model Performance in Patient Subgroups®

Study site
San Francisco VA Palo Alto VA Fresno VA Sacramento VA Reno VA Pacific Islands VA Cedars-Sinai
Subgroup (n=17793) (n=27186) (n=114332) (n=168798) (n=145174) (n=29555) (n=72483)
All patients, AUROC 0.88 0.89 0.86 0.84 0.84 0.83 0.93
(95% Cl) (0.87-0.90) (0.89-0.90) (0.85-0.87) (0.83-0.85) (0.83-0.85) (0.79-0.88) (0.93-0.94)
Women
No. (%) 1048 (5.9) 1785 (6.6) 5440 (4.8) 13020(7.7) 8796 (6.1) 1534 (5.2) 38068 (52.5)
AUROC (95% CI) 0.92 0.88 0.88 0.87 0.87 0.96 0.95
(0.88-0.97)° (0.79-0.97) (0.84-0.92) (0.82-0.92) (0.84-0.91) (0.91-1.00)° (0.94-0.96)°
Black patients
No. (%) 3058(17.2) 2827 (10.4) 4731 (4.1) 27930 (16.5) 2159 (1.5) 1254 (4.2) 6828 (9.4)
AUROC (95% CI) 0.90 0.88 0.84 0.86 0.80 0.86 0.92
(0.85-0.94) (0.84-0.92) (0.81-0.88) (0.84-0.89) (0.71-0.89) (0.73-0.99) (0.88-0.95)
Aged <65y
No. (%) 9834 (55.3) 14 884 (54.7) 55035 (48.1) 90427 (53.6) 75162 (51.8) 15549 (52.6) 43431 (59.9)
AUROC (95% CI) 0.88 0.90 0.86 0.84 0.85 0.80 0.94
(0.85-0.92) (0.88-0.91)° (0.85-0.88) (0.83-0.86) (0.83-0.86) (0.72-0.88) (0.93-0.95)°
Aged 265y
No. (%) 7959 (44.7) 12302 (45.3) 59297 (51.9) 78371 (46.4) 70312 (48.4) 14006 (47.4) 29052 (40.1)
AUROC (95% CI) 0.85 0.87 0.83 0.81 0.81 0.85 0.92
(0.83-0.88) (0.86-0.89) (0.82-0.84)° (0.80-0.82)° (0.80-0.82)>  (0.80-0.89) (0.91-0.93)°
CHA,DS,-VASc score
22
No. (%) 9340 (52.5) 12872 (47.3) 73633 (64.4) 101830(60.3) 78041 17938 (60.7) 29990 (41.4)
(53.60)
AUROC (95% Cl) 0.86 0.87 0.84 0.82 0.82 0.84 0.92
(0.84-0.88) (0.86-0.88) (0.83-0.84)° (0.81-0.83)° (0.81-0.83)>  (0.78-0.90) (0.91-0.93)°

Abbreviations: AUROC, area under the receiver operating characteristic curve;
CHA,DS,-VASc, congestive heart failure, hypertension, age, diabetes mellitus,
prior stroke or transient ischemic attack or thromboembolism, vascular disease,
age, sex category; VA, Veterans Affairs.

2 Subgroups for women and Black patients are presented because these groups

have substantial differences in representation across our study sites as well as
compared with prior research study cohorts.

®p < 01 when comparing with AUROC for all patients at site.

ney injury did not perform equally well across VA and non-VA
populations, possibly due to differences in demographic char-
acteristics (ie, a significantly lower proportion of VA patients
being female).

We found that despite substantial differences in patient
makeup across different VA cohorts and our external non-VA
test site, the predictive performance of our deep learning model
for concurrent AF was largely preserved. At some sites, small
decreases in performance occurred in patients who were older
and had higher CHA,DS,-VASc scores. These patients may have
had more comorbidities that introduced competing changes
to the ECG and made predicting AF more difficult. Female pa-
tients in this cohort were overall younger (69.7% younger
than 65 years compared to 50.6% of male patients), which
could explain the improved performance in this subgroup.
Overall, these differences were not seen across all sites and,
given the small magnitude of difference, may not be clini-
cally meaningful. Similarly, our model displayed small im-
provements in discriminatory abilities when applied to the ex-
ternal test cohort from the Cedars-Sinai site. This may be
because this cohort was relatively enriched for patients who
were women, were younger, and had a lower CHA,DS,-VASc
score.

Limitations
Several limitations of this study warrant consideration. Be-

cause it was a retrospective study, the population with

jamacardiology.com

12-lead ECGs may be different from a prospective AF screen-
ing population. While ECGs in our VA system are routinely ob-
tained during clinic visits, there was site-to-site variability in
the mean number of ECGs per patient, and we might expect
that this study’s patient population with ECGs has a higher
prevalence of cardiovascular disease and AF. This selection bias
could increase the positive predictive value of the model and
decrease the number needed to screen compared with using
the model when screening a broader population of patients.
Prospective model performance could be similar if a higher-
risk population is chosen for prospective screening. While we
used all data from the ECG database and electronic health rec-
ords toidentify cases of AF, some patients in the control group
likely had undiagnosed AF. This would bias our results to the
null and cause underestimation of our model’s performance.
Some patients predicted to be cases could have in fact been
correctly predicted but unknown at the time or had AF iden-
tified at an outside health system. Future prospective studies
using continuous monitoring of high-risk patients by our model
could confirm AF prediction and clarify whether this method
improves downstream outcomes such as CVA and TE.

. |
Conclusion

In this prognostic study, a convolutional neural network trained
using outpatient 12-lead ECGs in sinus rhythm from US vet-
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erans successfully predicted the presence of AF within 31 days
in VA and non-VA populations with a diversity of demo-
graphic characteristics and comorbidities. Such a model holds
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