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OBJECTIVES This study sought to develop DL models capable of comprehensively quantifying left and right ventricular

dysfunction from ECG data in a large, diverse population.

BACKGROUND Rapid evaluation of left and right ventricular function using deep learning (DL) on electrocardiograms

(ECGs) can assist diagnostic workflow. However, DL tools to estimate right- ventricular (RV) function do not exist,

whereas those to estimate left ventricular (LV) function are restricted to quantification of very low LV function only.

METHODS A multicenter study was conducted with data from 5 New York City hospitals: 4 for internal testing and

1 serving as external validation. We created novel DL models to classify left ventricular ejection fraction (LVEF) into

categories derived from the latest universal definition of heart failure, estimate LVEF through regression, and predict a

composite outcome of either RV systolic dysfunction or RV dilation.

RESULTS We obtained echocardiogram LVEF estimates for 147,636 patients paired to 715,890 ECGs. We used natural

language processing (NLP) to extract RV size and systolic function information from 404,502 echocardiogram reports

paired to 761,510 ECGs for 148,227 patients. For LVEF classification in internal testing, area under curve (AUC) at

detection of LVEF #40%, 40% < LVEF #50%, and LVEF >50% was 0.94 (95% CI: 0.94-0.94), 0.82 (95% CI:

0.81-0.83), and 0.89 (95% CI: 0.89-0.89), respectively. For external validation, these results were 0.94 (95% CI:

0.94-0.95), 0.73 (95% CI: 0.72-0.74), and 0.87 (95% CI: 0.87-0.88). For regression, the mean absolute error was

5.84% (95% CI: 5.82%-5.85%) for internal testing and 6.14% (95% CI: 6.13%-6.16%) in external validation. For pre-

diction of the composite RV outcome, AUC was 0.84 (95% CI: 0.84-0.84) in both internal testing and external validation.

CONCLUSIONS DL on ECG data can be used to create inexpensive screening, diagnostic, and predictive tools for both

LV and RV dysfunction. Such tools may bridge the applicability of ECGs and echocardiography and enable prioritization of

patients for further interventions for either sided failure progressing to biventricular disease.

(J Am Coll Cardiol Img 2021;-:-–-) © 2021 The Authors. Published by Elsevier on behalf of the American College of
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H eart failure represents a significant
health burden, with an estimated
6.2 million people affected in

the United States (1) and at least 64 million
people worldwide (2). Considerable attention
has been paid to the pathophysiology of
left ventricular (LV) failure. However,
because of the anatomical and functional
proximity of the ventricles, either LV or right
ventricular (RV) failure can precipitate biven-
tricular involvement, with even subclinical
RV dysfunction having been found to be
associated with the risk of LV failure (3).
Patients with biventricular failure have
significantly worse outcomes, with 2-year
survival of 23%, as opposed to 71% in patients
with isolated LV failure (3,4). Studies also show that
RV dysfunction is indicative of prognosis indepen-
dent of LV dysfunction for a plethora of cardiac dis-
eases (5-16). In recognition of the inextricable
nature of LV disease, RV disease, and biventricular
disease, the recent first Universal Definition and
Classification of Heart Failure did not attempt to
specify distinct clinical entities for left and right heart
failure (17).

Early detection of heart failure creates the possi-
bility of more efficient implementation of guideline-
directed medical therapy and lifestyle modifications,
which have been shown to improve overall outcomes
for all forms of heart failure in addition to slowing
progression to advanced disease (18).

Left ventricular ejection fraction (LVEF) is one of
the most widespread hemodynamic parameters
currently available in cardiovascular medicine.
Among many other possible uses, LVEF, as a measure
of ventricular function, can be used to quantify pro-
gression of disease and response to treatment (19-21)
and to predict mortality independently (22).
LVEF measurements are most readily obtained by
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transthoracic echocardiography, and thus echocardi-
ography is one of the procedures most commonly
billed to Medicare and Medicaid in the United
States (23). However, significant barriers remain to
obtaining LVEF measurements in outpatient or
resource-limited settings without sufficient trained
echocardiographers and logistical support (24), and
there remains significant interobserver and intra-
observer variability in measurement (17). Further-
more, trajectories of LVEF over time may be more
useful than isolated measurements (17) requiring
repeated echocardiograms and trips to clinics for
patients.

In contrast, RV failure has classically been within
the realm of clinical diagnosis, with no specific bio-
markers or agreed-upon guidelines for interpretation
of electrocardiograms (ECGs). Numerical measure-
ments of RV function, such as RV ejection fraction,
are not as readily available because of difficulties in
measurement from conventional transthoracic echo-
cardiography (25). Alternate methods to assess RV
function, such as tricuspid annular systolic plane
excursion, have demonstrated promise in certain
clinical settings (26), but there remain challenges in
common scenarios such as measuring progression of
disease (27) or assessment of RV function following
cardiac surgery (28). Three-dimensional echocardi-
ography, strain imaging, and cardiac magnetic reso-
nance (CMR) are promising replacements (29) but are
impractical for use as screening modalities because of
concerns of cost and availability. Thus, assessment of
the important role of RV function in the pathophysi-
ology of cardiovascular disease has, to date, been
underappreciated (30).

Taken together, there exists a pressing need for a
readily available and inexpensive tool to simulta-
neously measure, screen, or predict both right and
left heart function. The ECG is a cardinal investiga-
tion in the practice of cardiology. It is ubiquitous,
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TABLE 1 Population Metrics of the Study Cohort by Left Ventricular Ejection Fraction Classification

LVEF #40% 40% < LVEF # 50% LVEF >50% P Value

Internal testing cohort

Patients 17,840 19,586 109,615

Echo-ECG pairs 171,017 112,300 431,134

Age 67.0 (66.9-67.1) 66.6 (66.5-66.6) 65.6 (65.6-65.7) <0.0001

Gender <0.0001

Male 12,230 (68.55) 13,128 (67.03) 55,831 (50.93)

Female 5,610 (31.45) 6,458 (32.97) 53,784 (49.07)

Race <0.0001

American Indian 419 (2.35) 552 (2.82) 2,755 (2.51)

Asian 505 (2.83) 556 (2.84) 3,962 (3.61)

Black 1,865 (10.45) 1,883 (9.61) 9,025 (8.23)

Hispanic 1,975 (11.07) 2,196 (11.21) 11,300 (10.31)

Other 1,302 (7.3) 1,365 (6.97) 8,041 (7.34)

Pacific Islander 41 (0.23) 24 (0.12) 126 (0.11)

Unknown 7,092 (39.75) 7,669 (39.16) 48,591 (44.33)

White 4,641 (26.01) 5,341 (27.27) 25,815 (23.55)

LVEF 28.7 (28.6-28.7) 46.8 (46.7-46.8) 62.0 (62.0-62.0) <0.0001

Ventricular rate 80.8 (80.5-81.0) 76.3 (76.1-76.6) 74.2 (74.1-74.3) <0.0001

Atrial rate 92.0 (91.2-92.9) 85.5 (84.8-86.2) 79.3 (79.1-79.5) <0.0001

PR interval 170.6 (167.7-173.5) 168.6 (168.0-169.1) 163.7 (163.5-163.9) <0.0001

QTc interval 471.0 (470.3-471.6) 453.8 (453.2-454.3) 439.4 (439.2-439.6) <0.0001

External validation cohort

Patients 123 84 390

Echo-ECG pairs 372 214 853

Age 64.0 (62.4-65.6) 63.8 (61.8-65.8) 62.3 (61.3-63.4) 0.15

Gender <0.0001

Male 81 (65.85) 58 (69.05) 200 (51.28)

Female 42 (34.15) 26 (30.95) 190 (48.72)

Race <0.0001

American Indian - - -

Asian - - -

Black 14 (11.38) 12 (14.29) 81 (23.21)

Hispanic - - 25 (7.16)

Other 32 (26.02) 20 (23.81) 90 (25.79)

Pacific Islander - - -

Unknown 38 (30.89) 21 (25.00) 97 (24.87)

White 28 (22.76) 24 (28.57) 95 (27.22)

LVEF 25.5 (24.6-26.3) 47.3 (46.9-47.7) 61.5 (61.1-61.8) <0.0001

Ventricular rate 84.4 (80.9-87.9) 78.5 (75.4-81.5) 79.8 (78.1-81.6) <0.0001

Atrial rate 90.9 (83.1-98.8) 93.7 (79.0-108.5) 86.1 (82.1-90.1) <0.0001

PR interval 167.8 (160.4-175.1) 175.6 (165.7-185.5) 161.4 (158.2-164.5) <0.0001

QTc interval 480.9 (473.0-488.8) 465.0 (456.9-473.2) 448.6 (444.8-452.3) <0.0001

Values are n, median (interquartile range), or n (%).

ECG ¼ electrocardiogram; Echo ¼ echocardiogram; LVEF ¼ left ventricular ejection fraction.
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inexpensive, and is often the first investigation per-
formed in emergency situations. However, it has an
upper bound of usefulness secondary to its skill
requirement and subjectivity. In addition, clinicians
cannot identify subtle patterns that might indicate
subclinical pathology, especially for conditions for
which there are no interpretation guidelines. Recent
breakthroughs in artificial intelligence have demon-
strated that much more information may be available
from the ECG to diagnose such conditions than
currently leveraged (31,32). Deep learning (DL), a class
of machine learning that uses hierarchical networks
to extract lower-dimensional features from a higher-
dimensional data input, has demonstrated signifi-
cant potential for enabling ECG-based predictions
and diagnoses (33). For example, DL has been used to
identify patients with atrial fibrillation while in
normal sinus rhythm (34), predict incident atrial
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fibrillation (35), identify patients amenable to cardiac
resynchronization therapy (36), evaluate LV diastolic
function (37), evaluate patients with echocardio-
graphically concealed long QT syndrome (38), predict
risk of sudden cardiac death (39), and predict low
LVEF (40,41).

For the first time, we present novel DL algorithms
using ECG waveform data to simultaneously predict
the presence of both LV and RV disease in a large
ethnically and socioeconomically diverse population.
We further establish a regression framework to pre-
dict numeric values of LVEF. Finally, we evaluate
these algorithms with respect to mitral valve regur-
gitation and in clinically meaningful ranges of LVEF.
METHODS

DATA SOURCE AND PATIENT POPULATION. We
used patient data from 5 hospitals within the Mount
Sinai Health System from 2003 to 2020. These hos-
pitals—specifically, Mount Sinai Hospital, Mount Sinai
Morningside, Mount Sinai Brooklyn, Mount Sinai
West, and Mount Sinai Beth Israel—are located in the
Manhattan and Brooklyn boroughs of New York City
and serve a large and diverse patient population.
Table 1 reflects the patient population used in this
work. Figure 1 displays the workflow of obtaining and
processing relevant data. We extracted LVEF from the
EPIC electronic health care record (EHR) system.
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LVEF values are abstracted from transthoracic echo-
cardiography (echo) result reports written by physi-
cians. Extracted records contained a unique identifier
for the patient, the date and time of the echo, and the
value of the LVEF as an integer. Using this method,
we acquired 444,786 reports for 219,437 patients.

Details of either right ventricular systolic
dysfunction (RVSD) or right ventricular dilation (RVD)
were not present as discrete parameters within the
EHR database. We acquired pdf files containing un-
structured text corresponding to 404,502 trans-
thoracic echo reports for 225,826 patients. As before,
collected records also contained a unique identifier
for the patient and the date of the echo.

ECG data were obtained as XML files (eXtensible
Markup Language) exported from the GE MUSE ECG
system. These files contain demographic details for
the patient, details about the testing site, per-lead
cart generated parameters for ECGs, cart-generated
ECG diagnoses, and raw waveform data (see ELEC-
TROCARDIOGRAPH DATA subsection for more de-
tails). For each outcome defined by an echo described
as follows, we paired the echo report to any ECG
performed within a time period of 7 days before, to
7 days after the date of the echo. Overall, we extrac-
ted 715,890 paired ECGs for 147,636 patients for pre-
diction of LVEF and 761,510 paired ECGs for 148,227
patients for prediction of RV status. Finally, there was
an overlap of 390,921 paired ECGs for 87,514 patients
over the 2 data sets (Figure 1).

DEFINITION OF PRIMARY OUTCOMES

First, we elected to model LVEF in a classification
framework. LVEF was stratified into 3 clinically rele-
vant ranges of LVEF #40%, LVEF >40% and #50%,
and LVEF >50% (42). As none of these intervals
overlap, the overall task may be considered a multi-
class classification problem. To compare with previ-
ous work, we also assessed performance at
classification of LVEF #35%. Second, we attempted to
model LVEF using a regression framework (ie,
directly predicting integer values of LVEF). For this
problem, the target label was the LVEF value associ-
ated with each echo-ECG pair and required no addi-
tional processing.

Right heart status was considered as a composite
phenotype positive for either RVSD or RVD, as elicited
from an echo report. The process for defining
right heart status relied on use of natural language
processing (NLP) of the text from the report (see the
Natural Language Processing Echocardiography
Reports for Outcome Extraction section). Phrases
used to define either of RVSD and RVD are listed in
Supplemental Table 1. An echo-ECG pair was labeled
positive for the outcome and assigned a value of 1 in
the presence of either RVD or RVSD of any severity or
a value of 0 if both were absent. As there were only 2
possible values for the outcome, the task may be
considered a binary classification problem.

DATA PROCESSING, QUALITY CONTROL,

AND FILTERING

LVEF. We discarded outliers >90% LVEF (99.77th
percentile), and <10% LVEF (0.18th percentile) within
our patient population (Figure 1, CONSORT diagram).
In addition, the value of LVEF generated from echo is
subject to inter-rater and inter-test variability. As we
considered data collected over a period of � 7 days, if
the difference in reported LVEF for a patient between
any 2 consecutive reports within 7 days was >10%
(43), both of these reports were discarded.

NATURAL LANGUAGE PROCESSING OF ECHOCARDIO

GRAPHY REPORTS FOR OUTCOME EXTRACTION.

We chose a rule-based approach for extracting out-
comes of interest from the text contained within echo
reports: specifically, RVSD, RVD, and mitral regurgi-
tation (MR). We created and iteratively expanded
an overall list of rules designed to ensure capture of
the variability surrounding phrases detailing the
same semantic concept. We provide the final list of
rules in Supplemental Table 1 and anonymized sam-
ple annotated echo reports in Supplemental Figures 1
to 3.

Although RVD and RVSD were only considered in
terms of their presence or absence, we created addi-
tional rules to extract qualifiers of valvular disease
severity. A total of 8 rules were created to be able to
classify MR into normal, borderline (trace, minimal,
mild), moderate, or severe disease.

Overall NLP performance was measured by 2
single-blinded faculty reviewers. Each review con-
tained 210 reports randomly sampled and equally
distributed, based on detected normal, detected
diseased for either of RVD, RVSD, or MR, and no
mention detected for RV or mitral valve status.

ELECTROCARDIOGRAPHY DATA. Waveform data
within XML files is formatted as 1-dimensional col-
lections (vectors) of integers sampled at a rate of
500Hz. Each such vector corresponds to a lead, with
each XML file containing data for leads I, II, and V1-
V6. These vectors extend to either 5 seconds (2,500
samples), or 10 seconds (5,000 samples) of recorded

https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
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TABLE 2 Population Metrics of the Study Population by Right Ventricular Systolic Dysfunction or Right Ventricular Dilation Category

RVSD or RVD Normal P Value

Internal testing cohort

Patients 30,780 104,436

Echo-ECG pairs 278,877 425,815

Age 65.8 (65.8-65.9) 66.7 (66.7-66.8) <0.0001

Gender <0.0001

Male 18,533 (60.21) 51,122 (48.95)

Female 12,247 (39.79) 53,314 (51.05)

Race <0.0001

American Indian 384 (1.25) 962 (0.92)

Asian 708 (2.3) 2,414 (2.31)

Black 3,258 (10.58) 8,621 (8.25)

Hispanic 2,478 (8.05) 6,569 (6.29)

Other 2,513 (8.16) 12,715 (12.17)

Pacific Islander 43 (0.14) 117 (0.11)

Unknown 12,300 (39.96) 44,079 (42.21)

White 9,096 (29.55) 28,959 (27.73)

Ventricular rate 82.4 (82.2-82.6) 77.8 (77.7-77.9) <0.0001

Atrial rate 99.1 (98.4-99.8) 84.5 (84.2-84.8) <0.0001

PR interval 170.1 (169.7-170.5) 163.8 (163.6-164.0) <0.0001

QTc interval 464.1 (463.6-464.7) 446.2 (445.9-446.4) <0.0001

External validation cohort

Patients 1,783 11,649

Echo-ECG pairs 8,828 47,990

Age 67.2 (66.9-67.5) 67.3 (67.1-67.4) 0.06

Gender <0.0001

Male 1,067 (59.84) 5,881 (50.49)

Female 716 (40.16) 5,768 (49.51)

Race <0.0001

American Indian - -

Asian - 35 (0.3)

Black 289 (16.21) 1,629 (13.98)

Hispanic 33 (1.85) 159 (1.36)

Other 502 (28.15) 3,775 (32.41)

Pacific Islander - -

Unknown 587 (32.92) 3,483 (29.90)

White 368 (20.64) 2,564 (22.01)

Ventricular rate 86.0 (85.0-86.9) 79.9 (79.6-80.3) <0.0001

Atrial rate 104.5 (101.5-107.5) 86.4 (85.6-87.2) <0.0001

PR interval 171.8 (170.0-173.6) 166.9 (164.7-169.2) <0.0001

QTc interval 473.6 (471.5-475.8) 451.9 (451.2-452.6) <0.0001

Values are n, median (interquartile range), or n (%).

RVD ¼ right ventricular dilation; RVSD ¼ right ventricular systolic dysfunction; other abbreviations as in Table 1.
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information for each lead in addition to longer
rhythm strip recordings. To avoid potential artifacts
caused by extending 2,500 samples to 5,000, we
restricted each sample to only the first 5 seconds of
recording. Furthermore, our data set does not contain
data regarding leads III, aVF, aVL, or aVR. For our
purposes, these leads were considered to have no
additional information as they can be derived from
linear transformations of the vectors representing the
other leads (44), and were therefore not included in
our models. ECGs are analog recordings prone to error
(45). We describe the process of ECG preprocessing in
Supplemental Appendix.

Patient age and ECG cart extracted parameters
(corrected QT interval, PR interval, atrial rate, and
ventricular rate) were also acquired from XML files
and used for input to our model. Overall distribution
of input variables with respect to each outcome is
shown in the pairplots of Supplemental Figures 4 and
5. We found that input variables were not correlated
either with respect to each other or the outcome.
Finally, no ECGs were excluded based upon

https://doi.org/10.1016/j.jcmg.2021.08.004
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TABLE 3 Performance at LVEF Classificationa

Outcome Cohort Evaluation Prevalence, % AUROC AUPRC Sensitivity Specificity

LVEF #35% Internal testing 9.22 0.95 (0.95-0.95) 0.68 (0.67-0.69) 0.94 (0.92-0.96) 0.83 (0.81-0.84)

External validation 23.07 0.95 (0.95-0.96) 0.88 (0.87-0.89) 0.88 (0.83-0.92) 0.87 (0.84-0.90)

LVEF #40% Internal testing 12.52 0.94 (0.94-0.94) 0.72 (0.71-0.73) 0.89 (0.88-0.9) 0.83 (0.82-0.85)

External validation 25.85 0.94 (0.94-0.95) 0.88 (0.88-0.89) 0.87 (0.85-0.9) 0.85 (0.83-0.87)

LVEF 40%-50% Internal testing 10.73 0.82 (0.81-0.83) 0.33 (0.3-0.36) 0.84 (0.82-0.86) 0.65 (0.62-0.67)

External validation 14.87 0.73 (0.72-0.74) 0.29 (0.28-0.31) 0.78 (0.73-0.83) 0.57 (0.52-0.63)

LVEF >50% Internal testing 76.74 0.89 (0.89-0.89) 0.96 (0.96-0.96) 0.81 (0.79-0.82) 0.80 (0.79-0.82)

External validation 59.28 0.87 (0.87-0.88) 0.90 (0.90-0.91) 0.84 (0.82-0.86) 0.81 (0.79-0.82)

Values are % or mean (95% CI). aSensitivity and specificity have been derived using the Youden J index.

AUPRC ¼ area under precision recall curve; AUROC ¼ area under receiving operating characteristic curve; other abbreviations as in Table 1.
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associated diagnoses, in the hope for generalizability
across pathologies.

MODEL SELECTION AND ARCHITECTURE. ECG
waveform data consisting of arrays of numbers
(vectors) can be processed using either a 1-dimensional
convolutional neural network (CNN) or a 2-
dimensional CNN. Typically, 2-dimensional CNNs are
more computationally intensive and are frequently
used in image processing or genomics studies (46).
We elected to use a 2-dimensional CNN because all
institutions may not store ECG data as vectors and to
be able to leverage pretrained, robust 2-dimensional
CNN architectures via transfer learning. We assessed
different prebuilt 2-dimensional CNN architectures at
or approximately the same level of complexity as the
backbone of our modeling (Supplemental Appendix)
and identified the EfficientNet (47) as the best per-
forming CNN for our modeling task (Supplemental
Figures 6 and 7).

EXPERIMENTAL DESIGN. We collated data from 4
Mount Sinai facilities (Mount Sinai Hospital, Mount
Sinai Brooklyn, Mount Sinai West, and Mount Sinai
Beth Israel) to form an internal testing data set. All
data collected from Mount Sinai Morningside formed
the external validation data set. We confirmed that no
patients within the external validation were present
in the internal testing data set. The relative distri-
butions of the data set across internal testing and
external validation for each outcome are shown in
Tables 1 and 2. For a detailed overview of our repeated
measures design and model training, please see
Supplemental Appendix.

PERFORMANCE EVALUATION. Model performance
for classification tasks was primarily evaluated by
using area under receiver-operating characteristic
(AUROC) curve and area under precision recall curve
(AUPRC) metrics. In addition, we also considered the
Youden J index (48) for calculation of threshold
dependent metrics. For the regression task, we used
mean absolute error (MAE) as the evaluation metric
(See Supplemental Appendix for a more detailed
discussion of these metrics).

To evaluate cumulative incidence by model pre-
diction, we fit a Kaplan-Meier estimator to the
time difference between the first model-derived
false positive/true negative of low LVEF and
the first echocardiographically derived low LVEF
value.

As part of a baseline comparison, we also imple-
mented the data processing and modeling pipelines
for traditional statistical approaches geared toward
prediction of low LVEF (49-51). Labeled values within
XML files were extracted to create a data set corre-
sponding to each paper’s methodology and choice of
features.

SOFTWARE AND HARDWARE. All analysis was per-
formed using the Pandas (52), NumPy (53), Scipy (54),
Scikit-Learn (55), Python Imaging Library (PIL) (56),
Torchvision (57), and PyTorch (58) libraries. Model
explainability was derived using Captum (59). Plot-
ting was performed using the Matplotlib (60) and
Seaborn (61) libraries. All program codes were written
for the Python programming language (3.9.x) (62). All
software was run within custom Docker (63) con-
tainers created from official PyTorch Docker images.
Models were trained on a HIPAA-compliant Azure
Cloud virtual machine containing 4x NVIDIA v100
GPUs with 16GB VRAM each.

RESULTS

PERFORMANCE OF NLP ALGORITHM FOR LABELING

RV ABNORMALITIES. We built a rule-based NLP al-
gorithm to identify RVSD and RVD outcomes from
echo reports. To assess validity of this procedure,
human-generated labels for these reports were
compared with algorithm-generated labels and

https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004


FIGURE 2 Receiver Operating Characteristic Curves: LVEF Classification
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Upper row shows performance for each outcome in the internal testing cohort, and the lower row shows performance in the external validation cohort. Abbreviations

as in Figure 1.
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quantified in terms of correctly classified labels,
incorrectly classified labels, and missed labels.

From 420 outcomes included in review for RV
function, we correctly classified 404, did not predict a
label for 13, and incorrectly classified 3. For RV size,
from the 420 outcomes included in review, we
correctly classified 402 outcomes, did not predict a
label for 17, and incorrectly classified 1. Within
detected outcomes, we achieved an overall accuracy
of 99.7% for extraction of either RV size or RV func-
tion (Supplemental Table 2).

PERFORMANCE OF LVEF CLASSIFICATION. We built
a machine learning model to classify LVEF in terms of
the following clinically relevant categories: #40%,
>40% and #50%, as well as >50% from an ECG
(Table 3). We provide the outcome distribution for the
LVEF data set and experiments in Table 1 and in
the pairplot in Supplemental Figure 4.
Our model performed extremely well at detecting
patients with LVEFs of #40% both for internal testing
(12.52% prevalence) and external validation (25.85%
prevalence) with AUROC values of 0.94 (95% CI: 0.94-
0.95) in each case. This trend was maintained for the
precision recall curves as well, with AUPRC values of
0.72 (95% CI: 0.71-0.73) for internal testing, increasing
to 0.88 (95% CI: 0.88-0.89) in external validation.

Similar results were seen for detection of LVEF
>50%. For internal testing (76.7% prevalence), the
model achieved an AUROC of 0.89 (95% CI: 0.89-
0.89), which was maintained for external validation
(59.3% prevalence) at 0.87 (95% CI: 0.87-0.88).
AUPRC values were also exceptional at 0.96 (95% CI:
0.96-0.96) for internal testing and 0.90 (95% CI: 0.90-
0.91) for external validation.

Performance was lower for LVEF values >40%
and #50%. In the internal testing data set (10.73%
prevalence), we achieved an AUROC of 0.82 (95% CI:

https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004


FIGURE 3 LVEF Explainability
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(A) Pixels of input image that were most responsible for driving the prediction toward an LVEF of <40% are highlighted. (B) Relative

contributions of imaging data and tabular data to the overall prediction. (C) Effect of the tabular features on model’s prediction. Predicted

LVEF <40% probability: 0.89. Actual LVEF value: 29%. Abbreviations as in Figure 1.
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0.81-0.83), and for external validation, this value was
0.73 (95% CI: 0.72-0.74). AUPRC values were 0.33
(95% CI: 0.3-0.36) for the testing data set and 0.29
(95% CI: 0.28-0.31) for the external validation data
set.

We show ROC curves in Figure 2 and precision
recall curves in Supplemental Figure 8. The inter-
pretability plots for LVEF prediction (Figure 3) using
our explainability framework highlighted QRS com-
plexes for prediction of each LVEF-related outcome.
The relative importance of the extracted features was
found to be variable across tested patients.

Model performance was maintained when tested
against varying severity of MR, with better perfor-
mance seen when tested against normal-to-mild MR.
(Supplemental Table 3, Supplemental Figures 9
and 10).

In an additional analysis, we applied the Youden J
index to model predictions to derive false positives
and true negatives. We found that cumulative inci-
dence of low LVEF in a 5-year follow-up period after
the first prediction was higher in patients labeled
false positive over those labeled true negative. We
also found survival was higher in true negatives over
other classes of patients (Figure 4).

In a separate experiment for detection of patients
with an LVEF #35%, our model performed exceed-
ingly well in internal testing (9.22% prevalence), with
an AUROC of 0.95 (95% CI: 0.95-0.95) and an AUPRC
of 0.68 (95% CI: 0.67-0.69). In external validation
(23.07% prevalence), these results were maintained
with an AUROC of 0.95 (95% CI: 0.95-0.95 AUPRC of
0.88; 95% CI: 0.87-0.89) (Table 3, Supplemental Fig-
ures 11 and 12).

PERFORMANCE OF LVEF REGRESSION. We con-
structed a DL model to predict the exact value of
LVEF from an echo-ECG pair within a regression
framework. Within the internal testing data set, the
MAE was 5.84% (95% CI: 5.82%-5.85%). For the
external validation data set, the MAE was 6.14%
(95% CI: 6.13%-6.16%). A scatterplot showing the

https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
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https://doi.org/10.1016/j.jcmg.2021.08.004


FIGURE 4 5-Year Follow-Up After Initial Prediction
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FIGURE 5 Scatterplot Showing LVEF Regression Performance
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FIGURE 6 Receiver Operating Characteristic Curves: Right Ventricular Dilation or Right Ventricular Systolic Dysfunction Classification
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relationship between predicted and actual values for
the overall data set is shown in Figure 5.

We evaluated the performance of this regression
model within clinically relevant LVEF subgroups. In
the first subgroup of echo-derived LVEF #40%, the
MAE for the model was 6.69% in internal testing and
6.46% in external validation. Within the second
subgroup of LVEF between 40% and 50%, the MAE
was greater at 8.08% in internal testing and 8.55% in
external validation. Within the final subgroup of pa-
tients of LVEF >50%, our model achieved a MAE of
5.41% in internal testing and 5.44% in external vali-
dation (Supplemental Figure 13).

PERFORMANCE OF RVSD AND RVD CLASSIFICATION.

We built a DL model to predict either RVSD or RVD
from a patient’s ECG in both internal testing (32.44%
prevalence) as well as external validation (15.53%
prevalence) (Table 2). Our model achieved robust
performance in this task with an AUROC of 0.84
(95% CI: 0.84-0.84) in internal testing, maintained in
TABLE 4 Performance at RVSD þ RVD Composite Outcome Classifica

Evaluation Prevalence, % AUROC

Internal testing 32.44 0.84 (0.84-0.84)

External validation 15.54 0.84 (0.84-0.84)

Values are % or mean (95% CI). aSensitivity and specificity have been derived using the

Abbreviations as in Table 3.
external validation at 0.84 (95% CI: 0.84-0.84)
(Figure 6, Table 4). Our model achieved similar suc-
cess with respect to AUPRC, with values of 0.67
(95% CI: 0.66-0.67) in testing, and 0.55 (95% CI: 0.54-
0.55) in external validation. (Supplemental Figure 14,
Table 4). Plots created using the explainability
framework again highlighted QRS complexes for
prediction of the composite outcome (Figure 7).

Model AUPRC values, when evaluated in the pres-
ence of low LVEF, were seen to be substantially
increased over those in the presence of normal LVEF
(Supplemental Appendix, Supplemental Figures 15
and 16, and Supplemental Table 4).

DISCUSSION

Using 700,000 ECGs for approximately 150,000
unique patients from a large and socioeconomically
diverse cohort of patients in the Mount Sinai Health
System in New York City, we developed, evaluated,
and externally validated multimodal DL models
tiona

AUPRC Sensitivity Specificity

0.66 (0.66-0.67) 0.75 (0.73-0.76) 0.77 (0.75-0.78)

0.55 (0.54-0.55) 0.77 (0.76-0.78) 0.75 (0.74-0.76)

Youden J index.

https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
https://doi.org/10.1016/j.jcmg.2021.08.004
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FIGURE 7 RV Composite Outcome (RVSD or RVD) Explainability
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(A) Pixels of input image that were most responsible for driving the prediction toward the composite outcome are highlighted. (B) Relative

contributions of imaging data and tabular data to the overall prediction. (C) Effect of the tabular features on model’s prediction. Predicted

probability of composite outcome: 0.948; RVSD: present; RVD: present. Abbreviations as in Figure 1.
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capable of discerning the contractile state of both the
left and right ventricles. We created an accurate NLP
pipeline for extraction of outcomes from free-text
echo reports. Finally, we developed a multimodal
explainability framework to highlight which parts of
ECGs are more salient for each outcome and derive
interactions between demographic data and imaging
data (Central Illustration).

Existing work on LVEF extraction from ECGs is
limited to classification of LVEF values of #35%. We
extend our classification framework to clinically
pertinent ranges (42) of #40%, 40% to 50%, and
>50% to be able to catch additional downstream
management and prognostic implications. For
example, the difference between an LVEF of 41% and
an LVEF of 71% is hemodynamically and clinically
significant. In additional testing, performance at
detection of LVEF #35% was an AUROC of 0.95 in a
demographically diverse cohort of patients. Our
DL models also outperformed traditional statistical
approaches that use extracted ECG features for
detection of low LVEF (49-51) (Supplemental Table 5).
An additional benefit DL CNNs have over such models
is the lack of a requirement of manual feature selec-
tion. Although manual feature annotation may
outperform DL at certain tasks because of stronger
inductive bias, it poses significant limitations because
of a hard requirement on expert domain knowledge.
Further, patterns that represent an outcome of in-
terest may not be apparent to humans at all.

Finally, higher cumulative incidence of LVEF
#40% over a 5-year follow-up period in false posi-
tives over true negatives signals the model’s ability to
gauge patient severity. Using our model, such pa-
tients may be diagnosed earlier in their clinical
course, with appropriate threshold selection.

Threshold selection also has a role in the use
and deployment of such models. By setting the clas-
sification threshold to an appropriately low value,
such models can be used as screening tools for low

https://doi.org/10.1016/j.jcmg.2021.08.004


CENTRAL ILLUSTRATION Deep-Learning–Based Identification of Left and Right Ventricular Dysfunction From the
Electrocardiogram Workflow
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Demonstration of machine-learning workflow. Electrocardiograms are preprocessed and analyzed using a neural network. This is followed by calculation of area-under-

the-curve metrics and saliency maps. Red ¼ left heart; blue ¼ right heart. AUROC ¼ area under receiver operating characteristic curve; ECG ¼ electrocardiogram;

LVEF ¼ left ventricular ejection fraction; MAE ¼ mean absolute error; RV ¼ right ventricular; RVD ¼ right ventricular dilation; RVSD ¼ right ventricular systolic

dysfunction.

J A C C : C A R D I O V A S C U L A R I M A G I N G , V O L . - , N O . - , 2 0 2 1 Vaid et al
- 2 0 2 1 :- –- Quantification of Biventricular Function Using Deep Learning

13
LVEF in asymptomatic patients, at the cost of some
false positives. For LVEF #40%, we found that we
achieved a sensitivity of 90% at a specificity of 82.5%
at an AUROC of 0.94.

To the best of our knowledge, there has also been
no work to date on estimating LVEF value as a
continuous (percentage) number, using ECGs. Clinical
guidelines, which segment patients based on LVEF,
assume that 1 set of classification boundaries is
applicable to the entire population. However, normal
variation in echo-derived baseline values is expected
secondary to patient demographics. A regression
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approach reduces risk of such misclassification (37).
We posit that LVEF regression may dramatically
enhance the value of a screening ECG, even in
otherwise low-risk groups, and is also more useful for
evaluation of LVEF in the longitudinal setting in
which LVEF changes over time are as clinically
important (64). In addition, the regression framework
is also independent of changes in management
guidelines.

Internal validation alone cannot guarantee model
quality (58). Biases within training data that help
performance may not translate to external cohorts. It
follows that external validation is extremely impor-
tant to assess how generalizable a model is. We were
encouraged to see that for evaluation of LVEF, there
was minimal-to-low change in performance in going
from internal to external validation.

Diagnosis of RV dysfunction using DL on ECGs is a
novel approach. The left and right ventricles are
inextricably linked, but we found that using LVEF as a
predictor in a univariate logistic regression model for
predicting composite RVSD and RVD outcome only
achieves an AUROC of 0.71 (95% CI: 0.70-0.72). Our
models perform robustly for the detection of
compromised RV state at an AUROC of 0.84 (95% CI:
0.83-0.84). In addition, the exceptionally high
AUPRC values in the presence of LVEF #40% indicate
that such models are suited for tracking RV involve-
ment secondary to heart failure with reduced ejection
fraction (HFrEF). Once again, the models translated
extremely well to external validation. Our decision to
not stratify RV disease according to severity was
made to allow for early detection of disease.
Depending on clinical context, this may be adjusted
to more severe disease. We posit performance in this
context will also increase because there is a greater
difference between normal and diseased cases.

We also evaluated the classification performance of
all our models across the diverse demographic and
socioeconomic subgroups that comprise our data set
(Supplemental Figures 17 to 20). We were encouraged
to that find model performance was consistent across
all subgroups, in line with overall performance.

DL represents a powerful set of tools that can find
patterns that are too subtle for human perception. It
has been applied with great success in natural image
classification, and we have extended those capabil-
ities into successfully reading ECGs for outcomes that
do not have an established set of guidelines.

STUDY LIMITATIONS. LVEF extracted from an echo-
cardiogram is subject to interrater, and intrarater
variability. Further, echo operators find it easier to
tell when an LVEF value is very abnormal (<40%) or
closer to normal (>50%), with the 40% to 50% range
being more circumspect with respect to overall ac-
curacy. Supervised machine learning algorithms,
such as neural networks, rely heavily on the quality of
ground truth labels, and performance is especially
susceptible to systemic biases. We believe that the
comparatively large change in performance in going
from internal testing to external validation in the
40% to 50% group is a direct consequence of this.
Even if the model were to make correct predictions by
excluding either the <40% or the >50% group, per-
formance would suffer because of the lower quality
labels in the 40% to 50% range. Overall, these issues
are amenable to methods that lead to more accurate
ground truth about the LVEF, such as CMR, or uni-
versal use of echogenic contrast medium. In addition,
we paired ECGs to echo reports over a � 7-day period.
Changes in LVEF secondary to either acute pathology
or treatment may lead to discordance between
ground truth and recorded values. This may be offset
by the resilience of neural network architectures to
random error, as is evidenced by the robust perfor-
mance of our models in either evaluation cohort.
Additional random error may have been introduced
by the NLP pipeline, creating erroneous labels in
some cases, although our accuracy upon manual re-
view was very high (99.7%). External validity,
although demonstrated at another hospital site, is
still limited, as the external site was still a part of the
Mount Sinai health system and similar geographic
location, further creating the need for future work to
focus on prospective and greater site validation of our
models.

CONCLUSIONS

DL models can extract information about biven-
tricular function from the ECG that would ordinarily
require an echocardiogram. Such models may
enhance the usefulness of the ECG in the screening
and management of either sided heart failure pro-
gressing to biventricular disease.
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