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Electrocardiogram-based deep learning to predict left
ventricular systolic dysfunction in paediatric and adult
congenital heart disease in the USA: a multicentre
modelling study

Joshua Mayourian, Ivor B Asztalos, Amr El-Bokl, Platon Lukyanenko, Ryan L Kobayashi, William G La Cava, Sunil  Ghelani, Victoria L Vetter,
John K Triedman

Summary

Background Left ventricular systolic dysfunction (LVSD) is independently associated with cardiovascular events in
patients with congenital heart disease. Although artificial intelligence-enhanced electrocardiogram (AI-ECG) analysis
is predictive of LVSD in the general adult population, it has yet to be applied comprehensively across congenital heart
disease lesions.

Methods We trained a convolutional neural network on paired ECG-echocardiograms (<2 days apart) across the
lifespan of a wide range of congenital heart disease lesions to detect left ventricular ejection fraction (LVEF) of 40% or
less. Model performance was evaluated on single ECG—echocardiogram pairs per patient at Boston Children’s
Hospital (Boston, MA, USA) and externally at the Children’s Hospital of Philadelphia (Philadelphia, PA, USA) using
area under the receiver operating (AUROC) and precision-recall (AUPRC) curves.

Findings The training cohort comprised 124 265 ECG—echocardiogram pairs (49158 patients; median age 10-5 years
[IQR 3-5-16-8]; 3381 [2-7%)] of 124 265 ECG—echocardiogram pairs with LVEF <40%). Test groups included internal
testing (21068 patients; median age 10-9 years [IQR 3-7-17-0]; 3381 [2-7%)] of 124265 ECG—echocardiogram pairs
with LVEF =<40%) and external validation (42984 patients; median age 10-8 years [IQR 4-9-15-0];
1313 [1-7%)] of 76400 ECG—echocardiogram pairs with LVEF <40%) cohorts. High model performance was achieved
during internal testing (AUROC 0-95, AUPRC 0-33) and external validation (AUROC 0-96, AUPRC 0-25) for a wide
range of congenital heart disease lesions. Patients with LVEF greater than 40% by echocardiogram who were deemed
high risk by AI-ECG were more likely to have future dysfunction compared with low-risk patients (hazard ratio 12-1
[95% CI 8-4-17-3]; p<0-0001). High-risk patients by AI-ECG were at increased risk of mortality in the overall cohort
and lesion-specific subgroups. Common salient features highlighted across congenital heart disaese lesions include
precordial QRS complexes and T waves, with common high-risk ECG features including deep V2 S waves and lateral
precordial T wave inversion. A case study on patients with ventricular pacing showed similar findings.

Interpretation Our externally validated algorithm shows promise in prediction of current and future LVSD in patients
with congenital heart disease, providing a clinically impactful, inexpensive, and convenient cardiovascular health tool
in this population.
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and Human Development, and National Library of Medicine.
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Introduction neurohormonal pathways and device implantation play

Medical and surgical advancements have led to improved
survival in children with congenital heart disease, with
more than 90% of children with congenital heart disease
reaching adulthood and more than 1 million adults living
with congenital heart disease in the USA and Europe.!
This growing population remains at increased risk of heart
failure, a leading cause of death in people with congenital
heart disease, with higher rates in more complex forms
of disease.? Pharmacological interventions targeting
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integral roles in improving heart failure symptoms and
survival in the general adult population.”* However, there
remains a paucity of evidence-based therapies specific to
heart failure in congenital heart disease,*” making it of
interest to improve preventive strategies by conveniently
and inexpensively detecting early markers, such as left
ventricular systolic dysfunction (LVSD). LVSD is
independently associated with cardiovascular events in
congenital heart disease, with guideline-directed medical
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Research in context

Evidence before this study

Artificial intelligence-enhanced electrocardiogram (AI-ECG)
has shown promise as an inexpensive, ubiquitous, and
non-invasive screening tool to detect left ventricular systolic
dysfunction (LVSD) in the general adult population. However,
at present there have been few available AI-ECG applications
to congenital cardiology. We searched PubMed for English-
language articles using the search terms “artificial
intelligence” AND “electrocardiogram” AND “congenital heart
disease”, from database inception to July 16, 2024. This
search identified three studies, none of which involved
prediction of LVSD.

Added value of this study

An externally validated Al-ECG algorithm is predictive of current
and future LVSD across a range of congenital heart disease lesions
across multiple health-care systems. To our knowledge, this study

therapy (GDMT) and cardiac resynchronisation therapy
associated with improvement in left ventricular ejection
fraction (LVEF).°

Artificial  intelligence-enhanced electrocardiogram
(AI-ECG) has shown promise as an inexpensive,
ubiquitous, and non-invasive screening tool to detect
LVSD in the general adult population.® However, there is
a paucity of AI-ECG applications to predict LVSD in
paediatric cardiology, limited to patients without major
congenital heart disease or select patients undergoing
cardiac MRL.*® There remains a large unmet need to
leverage AI-ECG to predict LVSD across the spectrum of
paediatric congenital heart disease lesions, which have
substantially different epidemiology, anatomic structure,
and ECG patterns that limit generalisability of applying
adult AI-ECG algorithms.™” In this study, we aim to
address this gap by developing and externally validating
an AI-ECG model on a comprehensive paediatric and
adult population with congenital heart disease to predict
imaging-defined LVSD.

Methods
Internal study population and patient assignment
Our study adheres to the TRIPOD +AI guidelines.” Patient
data from Boston Children’s Hospital (Boston, MA, USA)
up to January, 2023 were used. Inclusion criteria comprised
any patient with at least one echocardiogram with a
recorded LVEF. Patients with cardiomyopathy and patients
without congenital heart disease were also included to
enrich the training set with overlapping pathophysiology
that ultimately leads to paediatric heart failure,* and to
broaden application to the diverse cohort encountered in
the paediatric cardiology clinic.

Each qualifying echocardiogram was paired to the
closest ECG, with only ECG-echocardiogram pairs
2 days or less apart included. ECGs that did not pass

represents the most comprehensive application of ECG-based
deep learning to the heterogeneous paediatric and adult
populations with congenital heart disease to predict LVSD.
Al-ECG screening provides prognostic value for future LVSD

or all-cause mortality in congenital heart disease. Saliency
mapping and median waveform analysis provide insight into
common (deep S waves in V2 and inverted T waves in V6) and
unique salient features across congenital heart disease lesions to
predict LVSD.

Implications of all the available evidence

Our AI-ECG algorithm shows promise to inexpensively screen
for current and predict future left ventricular dysfunction across
the lifespan of patients with congenital heart disease, which
might influence clinical decision making and facilitate improved
access to care. Prospective trials are needed to help guide model
implementation to support clinical decision making.

quality control were removed. The remaining ECG—echo-
cardiogram pairs comprised the main study cohort.
A group-stratified design was implemented to minimise
data leakage by partitioning the main cohort at the
patient level into training (70%) and test (30%) sets.
Restricting qualifying echocardiograms only to those
with available LVEF would lead to selection bias, especially
for specific lesions where LVEF is less often reported
(hypoplastic left heart syndrome [HLHS], tricuspid atresia,
and L-loop transposition of the great arteries [TGA]). To
obtain LVEF in these cases, cardiac MRI is at times
required. To address this limitation, we also assessed
model performance on ECG—cardiac MRI pairs 30 days or
less apart without an intermediate intervention.” Only
patients outside the main echocardiogram cohort were
included to properly assess this systematic difference.

External study population

For external validation, patient data from the Children’s
Hospital of Philadelphia (Philadelphia, PA, USA) were
obtained. Inclusion criteria comprised echocardiograms
with a recorded LVEF, and at least one ECG—echocardio-
gram pair 2 days or less apart. Each qualifying
echocardiogram event was paired with the closest ECG.
ECGs that did not pass quality control were removed.
The remaining ECG—echocardiogram pairs comprised
the external cohort.

Data retrieval
ECG lead placement is consistent, even in the case of
dextrocardia. At both Boston Children’s Hospital and the
Children’s Hospital of Philadelphia, all raw ECG signals
were obtained from the MUSE ECG data management
system (GE Healthcare; Chicago, IL, USA).

For both institutions, LVEF was obtained from
echocardiogram reports, where the left ventricle always
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corresponds to the morphological left ventricle. At
Boston Children’s Hospital, LVEF was calculated via the
bullet method. At the Children’s Hospital of Philadelphia,
LVEF was calculated via the biplane Simpson method.®

At Boston Children’s Hospital, patient congenital heart
disease lesions were identified based on the institutional
Fyler coding system.® At the Children’'s Hospital of
Philadelphia, congenital heart disease lesions were
identified via ICD-9 and ICD-10 codes. At both institutions,
paced patients were identified based on ECG diagnoses of
dual chamber pacing or ventricular pacing.

Quality control and data preprocessing

ECGs less than 10 s long or missing lead information were
discarded. Less than 2% of ECGs did not pass quality
control, which we deemed to occur at random
(eg, accidentally unconnected ECG leads). The passing
ECGs then were resampled to 250 Hz and underwent a
high pass filter and trimming to 2048 samples
(approximately 8 s) to facilitate conveniently working with
convolutional neural networks. Details of quality control
and preprocessing have been published previously.’

Outcomes

The primary outcome was LVEF of 40% or less
(quantitatively at least moderate dysfunction). Secondary
outcomes included LVEF of 50% or less (quantitatively
at least mild dysfunction) and LVEF of 30% or less
(quantitatively severe dysfunction). As secondary
analyses, we also evaluated time to mortality and time to
LVSD onset.

Model selection, architecture, and training

The model was developed on the training set, which, in
accordance with our previous work’ was further
partitioned into 95% for training and 5% for validation
and hyperparameter tuning. 12-lead ECG samples of
length 20148 were used as inputs to a convolutional
neural network with residual block architecture, which
has been adapted for unidimensional signals as
previously described.” Further details are given in the
appendix (pp 3, 8).

The final hyperparameters were obtained via a grid
search, as follows: kernel size (3, 9, 17), batch size (8, 32,
64), and initial learning rate (0-01, 0-001, 0-0001). The
average cross-entropy was minimised using the Adam
optimiser.” A maximum of 150 epochs were used with
early stopping based on validation loss with a patience of
five epochs. This choice was empirically based on our
previous work® to limit computational expense and target
generalisability. The model with the lowest validation loss
during hyperparameter tuning was selected as the final
model (kernel size 9, batch size 64, learning rate 0-001).

Performance evaluation and statistical analyses

As justified in the appendix (p 3), multiple ECG-
echocardiogram pairs per patient were allowed in the
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training cohort. By contrast, model performance was
evaluated on test groups using one randomly selected
ECG-echocardiogram pair per patient. As an ancillary
approach, model performance was assessed on the first
or last available ECG—echocardiogram pair.

Given the imbalanced dataset, both the area under the
receiver operating curve (AUROC_ and area under the
precision-recall (ie, positive predictive value [PPV]-
sensitivity) curve (AUPRC) were computed. Other
performance metrics evaluated included PPV, negative
predictive value (NPV), sensitivity, and specificity. These
metrics were calculated based on a low-risk threshold
(achieving 95% sensitivity in the training set) and
high-risk threshold (achieving 95% specificity in the
training set). Confidence intervals were obtained via
resampling with 1000 bootstraps.

Subgroup analyses

Subgroup analyses were done across a range of congenital
heart disease lesions and age subgroups on test sets
using all available ECG-echocardiogram pairs 2 days or
less apart.

Benchmarking model performance

To benchmark our model, we compared the performance
of our current model with our previous AI-ECG model
for children without major congenital heart disease.’ The
benchmarking test cohort comprised all known patients
with congenital heart disease who were independent
from both model training sets. A subgroup analysis was
done to benchmark across individual congenital heart
disease lesions. Model performance was compared using
the DeLong test.”

Time-to-event analysis
Time-to-event analysis was done for LVSD onset and
all-cause mortality. Time-to-LVSD onset analysis (where the
event of interest was LVEF <40%) was done by: including
only patients with multiple ECG—echocardiogram pairs
and a first echo LVEF >40%; stratifying patients into
three groups based on the AI-ECG classification of the first
ECG-echocardiogram pair (low risk [AI-ECG probability
of at least low-risk cutoff], intermediate risk [low-risk cutoff
less than AI-ECG probability of at least high-risk cutoff],
and high risk [AI-ECG cutoff greater than high-risk
cutoff]); and assessing time-to-event after ECG within each
group. Patients who did not have LVSD onset were
censored at the time of last echocardiogram.

Time-to-mortality was done by stratifying patients into
the same groups based on a single random ECG
per patient and assessing time-to-event after ECG within
each group. Patients who did not have all-cause mortality
were censored at time last known alive. Patients with
unknown follow-up time after ECG were excluded from
survival analysis.

Cox proportional hazards regression was used to
evaluate AI-ECG classification association with time

See Online for appendix
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from ECG until the event of interest (LVSD onset or
all-cause mortality). Hazard ratios (HRs) were adjusted
for age, with the low-risk group as reference. Statistical

Boston Children’s Hospital Children’s Hospital
of Philadelphia
Training Internal testing External validation
Demographics
Patient total 49158 21068 42984
Sex
Male 26311 (53-5%) 11251 (53-4%) 23815 (55-4%)
Female 22835 (46-5%) 9813 (46-6%) 19163 (44-6%)
Missing 12 (<0-1%) 4(<0-1%) 6 (<0-1%)
Lesion
Tetralogy of Fallot 1911 (3-9%) 813 (3-9%) 740 (1-7%)
Cardiomyopathy 2428 (4-9%) 1060 (5-0%) 1179 (2:7%)
Atrial septal defect 3516 (7-2%) 1523 (7-2%) 1386 (3-2%)
Complete atrioventricular canal 590 (1-2%) 261 (1-2%) 560 (1-3%)
Coarctation of the aorta 2406 (4-9%) 999 (4-7%) 701 (1-6%)
Double outlet right ventricular 529 (1-1%) 205 (1-0%) 121 (0-3%)
D-loop TGA 1003 (2:0%) 445 (21%) 410 (1-0%)
Ebstein 341 (0-7%) 140 (0-7%) 57 (0-1%)
Hypoplastic left heart syndrome 450 (0-9%) 191 (0-9%) 23 (<0-1%)
L-loop TGA 251 (0-5%) 109 (0-5%) 14 (<0-1%)
Pulmonary atresia 689 (1-4%) 289 (1-4%) NA
Total anomalous pulmonary 396 (0-8%) 165 (0-8%) NA
venous return
Tricuspid atresia 242 (0-5%) 97 (0-5%) 102 (0-2%)
Truncus arteriosus 239 (0-5%) 105 (0-5%) 105 (0-2%)
Ventricular septal defect 5178 (10-5%) 2225 (10-6%) 2371 (5:5%)
Dextrocardia 285 (0-6%) 88 (0-4%) 19 (<0-1%)
Pacemaker 465 (0-9%) 212 (1-0%) 58 (0-1%)
Heart failure medications
Spironolactone 2482 (5-0%) 1082 (5:1%)
Metoprolol 749 (1-5%) 324 (1-5%)
Enalapril 1791 (3-6%) 785 (3-7%)
Entresto 49 (<0-1%) 22 (0-1%)
Dapagliflozin 66 (0-1%) 20 (<0-1%)
Any of the above 3989 (8:1%) 1734 (8-2%)
Mortality 1478 (3:0%) 633 (3:0%)
Age at death, years 10-8 (1-7-20-3) 12.8 (2:3-20-6)
Last known alive, years 133 (52-18-1) 13-4 (5-3-18-1)
ECG-echocardiogram pairs
Totals 124265 54230 76 400
Age at ECG, years 105 (3-5-16-8) 109 (3-7-17-0) 10-8 (4-9-15.0)
LVEF 62:0 (57-4-66-0) 620 (57-6-66-0) 64-2 (60-4-67-2)
Follow-up after echocardiogram, 31(0-3-7:5) 32(03-77)
years
Outcomes
LVEF <50% 8525 (6-9%) 3674 (6-8%) 2888 (3-8%)
LVEF <40% 3381 (2:7%) 1473 (2:7%) 1313 (1-7%)
LVEF <30% 1490 (1-2%) 598 (1-1%) 605 (0-8%)
Data are n, n (%), or median (IQR). ECG=electrocardiogram. LVEF=left ventricular ejection fraction. NA=not available.
TGA=transposition of the great arteries.
Table: Baseline characteristics
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comparison between groups was based on log-rank
testing.

Coding language

The convolutional neural network used the Keras
framework with a Tensorflow (Google) backend using
Python 3.9. Deep learning was executed on institutional
graphics processing units. All other pre-processing and
post-processing code was written in Python 3.9 and R 4.0,
which was executed locally.

Model explainability

Model interpretability was explored via median waveform
analysis and saliency mapping, as described previously.”*?
The number of samples used to generate representative
median waveforms and saliency maps (n=100 for the
overall test cohort and n=25 for individual congenital heart
disease lesions) was selected empirically based on our
previous work.”” For full details see the appendix (pp 3—4).

Role of the funding source

The funders of the study had no role in study design,
data collection, data analysis, data interpretation, or
writing of the report.

Results
The training cohort comprised 124265 ECG-echo-
cardiogram pairs (49158 patients; median age 10-5 years
[IQR 3-5-16-8]; 22835 [46-5%] of 49158 patients were
female and 26 311 [53- 5%] were male; table). The median
echocardiogram LVEF was 62:0% (IQR 57-4-66-0),
where 3381 (2-7%) of 124265 ECG-echocardiogram pairs
had an LVEF of 40% or less. The most common lesions
included tetralogy of Fallot (1911 [3- 9%] 0f 49158 patients),
cardiomyopathy (2428 [4-9%)] patients), atrial septal
defects (3516 [7-2%] patients), coarctation of the
aorta (2406 [4-9%] patients), and ventricular septal
defects (5178 [10-5%] patients; table). Complex lesions
with lower prevalence included HLHS (450 [0-9%]
patients), L-loop TGA (251 [0-5%)] patients), and tricuspid
atresia (242 [0-5%] patients; table). 465 (0-9%) patients
were ventricularly paced. 1478 (3-0%) patients died.
Similar lesion and outcome breakdowns were found in
the internal testing cohort, which comprised of
54230 ECG-echocardiogram pairs (21068 patients;
median age 10-9 years [IQR 3-7-17-0]; 9813 [46-6%)] of
21068 patients were female and 11251 [53-4%] were
male; table). 16930 (24-1%) of 70 226 patients had known
congenital heart disease in the overall internal cohort.
The external validation cohort comprised 76400 ECG—
echocardiogram pairs (42984 patients; median age
10-8years [IQR4-9-15-0];19163 [44- 6%)] 0f 42 984 patients
were female and 23815 [55-4%)] were male; table). The
median echo LVEF was slightly higher at 64.2%
(IQR 60-4-67-2) in the external validation cohort than in
the training and internal testing cohorts, with a lower
prevalence of outcomes (1313 [1.7%] of 76400
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Figure 1: Internal testing and external validation of the Al-ECG model to predict left ventricular systolic dysfunction
Performance of the AI-ECG algorithm evaluated in the internal (left) and external (right) cohorts using receiver operating (AUROC) and precision-recall (AUPRC) curves for the following outcomes:
LVEF <50%, LVEF <40%, and LVEF <30%. Model performance was assessed on a single ECG-echocardiogram pair per patient: random (blue), first (red), and last (green). AUROC and AUPRC metric
values for each model and outcome are inset; values in parentheses are 95% Cls. Dotted line represents chance. Shaded areas represent 95% Cls, which were generated using boostrapping.
Al-ECG=artificial intelligence-enhanced electrocardiogram. AUPRC=area under the precision-recall curve. AUROC=area under the receiver operating characteristic curve. LVEF=left ventricular ejection

fraction. PPV=positive predictive value.

ECG-echocardiogram pairs with LVEF =40%; table). In
general, there was a lower prevalence of each lesion and
ventricularly paced patients in the external cohort
compared with the internal cohort.

AI-ECG achieved high performance to discriminate
mild (LVEF <50%), moderate (LVEF =40%), and severe
dysfunction (LVEF =30%) during internal (AUROC 0-95,
AUPRC 0-33) and external (AUROC 0-96, AUPRC 0-25)
testing (figure 1). The model is well calibrated for each
outcome of interest (appendix p 9).

Performance metrics for low-risk and high-risk cutoffs
across institutions are shown in the appendix (pp 5-6).
At the low-risk cutoff for LVEF of 40% or lower, sensitivity
is around 90% across institutions with NPV atleast 99-8%
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and approximately 90% of ECGs were predicted negative.
At the high-risk cutoff for LVEF of 40% or lower,
specificity was 97-98% across institutions with NPV
atleast 99-5% and PPV 13-20%.

In general, AI-ECG model performance was lower for
more complex lesions and for lower prevalence lesions,
with the lowest performance in dextrocardia. Modest
performance was achieved across institutions for L-loop
TGA and functionally single ventricle lesions such as
HLHS and tricuspid atresia (figure 2A). Given that it is
more difficult to ascertain LVEF on echocardiogram for
these lesions, we also assessed model performance on
ECG—cardiac MRI pairs. In this set of patients independent
from the main cohort, model performance was again
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Figure 2: Model performance across congenital heart disease lesion subgroups

(A) Internal testing (blue) and external validation (red) AUROC (left column) and AUPRC (right column) performance when stratifying by a range of congenital heart
disease lesions (listed from highest to lowest prevalence) for the outcome of LVEF <40%. 95% Cls are shown using bootstrapping and indicated by error bars.

(B) Model performance (AUROC and AUPRC) to predict LVEF <40% using ECG-echocardiogram pairs (red) vs ECG-cardiac MRI pairs (blue) for select lesions. Error bars
indicate 95% Cls. AUPRC=area under the precision-recall curve. AUROC=area under the receiver operating characteristic curve. ECG=electrocardiogram.
HLHS=hypoplastic left heart syndrome. LVEF=left ventricular ejection fraction. TGA=transposition of the great arteries.

modest for HLHS, L-loop TGA, and tricuspid atresia
(figure 2B). AI-ECG performance remained high across all
age groups (appendix p 10), with the highest discrimination
achieved for same-day ECG-echocardiogram pairs
(appendix p 7). During benchmarking, this model
outperformed a previously established model’ to predict
LVSD in patients with any known congenital heart disease
(p<0-0001; appendix p 11), as well as across a range of
individual congenital heart disease lesions (appendix p 12).

The prognostic value of the initial ECG—echocardiogram
pair to predict future LVSD was assessed (figure 3).
Relative to low-risk patients, high-risk patients were
more likely to have a future LVEF of 40% or less in the
overall cohort (HR 12-1[95% CI 8-4-17- 3]; p<0-0001), as
well as in cardiomyopathy (5-8 [95% CI 3-4-10-0];
p<0-0001) and tetralogy of Fallot subgroups (8-2
[95% CI 1-7-39-8]; p=0-0094). AI-ECG predictions were
also predictive of future all-cause mortality. Using a
single random ECG per patient, patients with ECGs
deemed high-risk were more likely to have all-cause
mortality compared with those deemed low-risk. Similar
prognostic trends were noted in patients independent
from the training cohort who presented to the cardiology
clinic and did not have an echocardiogram within 2 days
of the visit (appendix p 13).

Saliency mapping and median waveform analysis were
done to generate hypotheses of ECG features driving
LVSD model predictions (figure 4). In the overall test
cohort, salient features included the QRS complexes for
V2 and V5-V6, as well as the V6 T wave. Predicted
high-risk features of LVSD include deep S waves in
V2 and tall R waves in V5-V6, with inverted T waves in
the lateral precordial leads. In cardiomyopathy, nearly
identical saliency and high-risk features were identified.
In HLHS, similar saliency and high-risk features were
identified, with the exception of lower amplitude
high-risk R waves in V5-V6. Tricuspid atresia had similar
high-risk features to HLHS, with QRS complexes being
salient in precordial leads V2-V6. For tetralogy of Fallot
and L-loop TGA, QRS complexes across most precordial
leads were salient. Deep S waves in V2 were also high-risk
for tetralogy of Fallot and L-loop TGA, with other
high-risk features including inverted T waves in lateral
precordial leads and wide QRS complexes.

Given the unique considerations and adverse impact of
ventricular pacing in congenital heart disease, we
assessed model performance and prognostic value in this
specific subgroup. Modest model performance was
achieved across internal and external cohorts (appendix
p 14). Compared with low-risk paced patients, high-risk
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patients had an increased risk of all-cause mortality
(p=0-018). Salient features similarly included QRS
complexes in precordial leads (V2-V4, V6), as well as
V6 T waves. High-risk features included deep and wide
QRS complexes in V2-V3 and inverted T waves in V6.

Discussion

To our knowledge, this study represents the most
comprehensive application of ECG-based deep learning to
heterogeneous paediatric and adult congenital heart
disease to predict LVSD. After training on more than
100000 ECG-echocardiogram pairs from around
50000 patients, model performance was high for a range
of congenital heart disease lesions across two large
children’s hospital health-care systems. AI-ECG provided
prognostic value, predicting future LVSD and all-cause

mortality in populations with congenital heart disease.
Our findings show the promise of AI-ECG to inexpensively
screen for or predict LVSD in paediatric and adult
congenital heart disease, which might facilitate improved
access to care, help prioritise patients for further studies or
interventions, and inform ventricular pacing strategies.
Heart failure accounts for approximately 20% of
hospital admissions for adults with congenital heart
disease” and is a substantial (20-40%) cause of all-cause
mortality in adults with congenital heart disease.” Factors
contributing to myocardial dysfunction and heart failure
in congenital heart disease are complex and include a
multitude of haemodynamic and electrophysiological
derangements (eg, volume or pressure loading, sequelae
of previous surgeries, arrhythmia, chronic ventricular
pacing, and ventricular scarring or fibrosis). Although
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Figure 3: Future left ventricular systolic dysfunction or mortality based on AI-ECG classification

(A) Incidence of future LVEF <40% for the overall test cohort (left), patients with cardiomyopathy (middle), and patients with tetralogy of Fallot (right) initially with
LVEF >40%, stratified by initial network classification (low-risk in green, intermediate-risk in blue, and high-risk in red). Number of patients at risk over the 10-year
period given below the graphs. The shaded areas surrounding the curves represent 95% Cls. (B) Survival analysis when stratifying patients as low-risk, intermediate-
risk, or high-risk based on AI-ECG left ventricular systolic dysfunction probabilities for the overall cohort (left), cohort with cardiomyopathy (middle), or cohort with
tetralogy of Fallot (right). Colour-coded HR with 95% Cl is given below the graphs (obtained via Cox regression analysis when adjusting for age, with the low-risk
group as a reference). The shaded areas surrounding the curves represent 95% Cls. Al-ECG=artificial intelligence-enhanced electrocardiogram. HR=hazard ratio.

LVEF=left ventricular ejection fraction.
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recent data suggest sodium-glucose cotransporter-2
inhibitors reduce heart failure hospitalisation rates in
adults with congenital heart disease,/ there remains
limited data showing GDMT for heart failure in adults is

similarly effective in children or adults with congenital
heart disease.”*

The prospect of developing novel approaches for
inexpensive and convenient early screening for closely

Overall HLHS
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S, SR o __._J\?_.——e- )

—— e ____ﬂ-ﬂv = v % "
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Tetralogy of Fallot

avR
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L-loop TGA
|
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Figure 4: Explainability of AI-ECG predictions
Median waveforms generated in each lead using ECGs from the highest (red) and lowest (green) AI-ECG predictions of the overall test cohort, as well as cardiomyopathy, tetralogy of Fallot, HLHS,
tricuspid atresia, and L-loop TGA subgroups. Saliency mapping demarcates regions of the ECG waveform having greatest (dark blue) and least (light blue) effect on each outcome. Saliency was
averaged over the highest predicted ECGs for left ventricular ejection fraction <40%. Al-ECG=artificial intelligence-enhanced electrocardiogram. HLHS=hypoplastic left heart syndrome.
TGA=transposition of the great arteries.
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linked markers of heart failure, such as LVSD, motivated
our efforts to develop an AI-ECG tool to predict LVSD
across a range of congenital heart disease lesions.
Prediction of LVSD in congenital heart disease is
advantageous given that it provides a snapshot of
ventricular health, carries prognostic value, and has the
potential to be modified with GDMT and cardiac
resynchronisation  therapy®  Additionally, earlier
identification of patients with congenital heart disease at
risk for LVSD—in particular, more severe degrees of
dysfunction—might help tailor treatment strategies and
intensities for this group. We envision this tool has
potential for multiple clinical applications including
screening for LVSD in congenital heart disease (which
might reduce health-care costs associated with
unnecessary echocardiograms), identifying patients at
greater risk of LVSD (which might lead to closer
monitoring or earlier initiation of GDMT), and
conveniently tracking risk of LVSD across the lifespan.

As a screening tool, our low-risk cutoff achieved around
90% sensitivity across institutions, with the potential to
decrease obtaining around 60% of echocardiograms
(for detecting mild dysfunction) to around 90% of
echocardiograms (for detecting moderate or severe
dysfunction) at NPVs of at least 99-5%. Low-risk patients
also had significantly lower future LVSD and all-cause
mortality, which might facilitate reduced follow-up
frequency. By contrast, our high-risk cutoff was highly
specific (around 95%) across institutions, with a PPV
of 13-20% to detect LVEF of 40% or less. Furthermore,
high-risk patients had significantly higher future LVSD
and all-cause mortality, which might trigger more
thorough follow-up and potentially earlier initiation of
GDMT. Finally, for intermediate-risk patients, we
anticipate continuing the standard of care.

The model is well calibrated across all risk groups and
could theoretically serve as a tracking tool across the
lifespan to provide convenient assessment of ventricular
health and a response to interventions shown to improve
ventricular function (eg, GDMT in congenital heart
disease®). We envision this tool could be especially
valuable for low-resource settings and children with
stage B heart failure (given current recommendations for
echocardiograms approximately every 6 months).”

Ventricular pacing in congenital heart disease—and
more specifically in patients with functionally single
ventricles—is associated with increased risk of heart
transplant and mortality.* Additionally, cardiac resynchron-
isation therapy is associated with improvement in left
ventricular systolic function.® Taken together with the
distinct ECG waveforms of ventricular pacing, it was of
interest to investigate this subgroup separately. Similar to
the cohort with congenital heart disease, we envision this
early case study on patients with ventricular pacing might
inspire clinical translation to screen for LVSD (which
might reduce health-care echocardiogram use), predict
future LVSD or mortality (which might help inform on the
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highest-risk candidates for pacemakers), and identify
salient and high-risk features of LVSD (which might
inform lead placement to optimise ECG waveforms
beyond using narrow QRS duration).

Congenital heart disease-specific models are desirable
to account for congenital heart disease-specific
anatomical structures and ECG patterns. Similar
reasoning might explain why adult AI-ECG algorithms
have limited generalisability to paediatric populations.™*

Model explainability might provide insight into the
underlying pathology that can subtly manifest within
ECGs for patients with congenital heart disease. For
example, common salient features across lesions include
V2 QRS complexes, with high-risk features of
deep S waves. These findings were similarly highlighted
by Sangha and colleagues” in a deep learning-based ECG
model for the general adult population. Mechanistically,
one could speculate that the model might be focusing
electrocardiographically on the anteroseptal left ventricle,
recognising delayed myocardial activation. This
interpretation is further reinforced by similar patterns
noted in patients with pacemakers, suggesting a
mechanism independent of the native conduction
system. Delayed myocardial activation can lead to cardiac
dyssynchrony, which is linked to LVSD and heart failure.”
Future work is needed to rigorously investigate this
hypothesis in relation to underlying pathophysiology.

There are several limitations of this work. First, inclusion
criteria consisted of echocardiograms with recorded LVEF,
which inserts selection bias for certain lesions that are less
likely to have echocardiograms with recorded LVEF
(eg, HLHS, Lldoop TGA, and tricuspid atresia). This
limitation was addressed by effective model performance
using ECG—cardiac MRI pairs in patients outside the main
cohort. Selection bias also exists when training on
contemporaneous ECG-echocardiogram pairs, although
reassuringly the model still holds predictive value in
patients presenting to the clinic without an echocardiogram.
Second, although AUROC and AUPRC performance
remain high Dbetween internal and external cohorts
(showing generalisability), performance was lower for
more complex and less prevalent lesions. To address this
limitation, future studies will aim to include multicentre
collaboration via federated learning® to compile a larger
set of heterogeneous data across institutions, incorporation
of clinical variables, and use of various training techniques
(eg, ensemble models, data augmentation, and
regularisation). Additionally, although performance was
high in simple lesions across institutions, performance
was only evaluated in large referral centres, thus
warranting future multicentre external validation across
the spectrum of care levels (eg, secondary, tertiary, and
quaternary). Third, model inputs require access to digital
waveform data, which impedes translation to low-resource
settings where such data are unavailable. Future efforts to
address this limitation include training a model using
ECG image inputs.” Our pacemaker cohort provided
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proof-of-concept for AI-ECG applications, which requires
further ~ comprehensive  investigation. = Pragmatic
randomised clinical trials® to prospectively determine
effectiveness of AI-ECG as an ECG screening tool, to guide
clinical implementation, and inform cost-effectiveness are
warranted. Although heart failure is a leading cause of
death in adults with congenital heart disease,” all-cause
mortality rather than cardiac mortality was used for our
survival analysis. Although saliency mapping provides
insight into model behaviour, limitations must be noted.”
Although our model does show prognostic value, other
approaches to directly predict future heart failure or
mortality should be considered.”* Finally, patient
subgroups were identified via the available coding
infrastructures within each institution, which are limited
by potential miscoding errors.

In conclusion, these findings show the promise of
AI-ECG to inexpensively screen for and predict future
LVSD in paediatric and adult congenital heart disease.
This tool might facilitate improved access to care, help
prioritise patients for future interventions or studies, and
potentially inform ventricular pacing strategies. Future
multicentre collaboration and pragmatic randomised
clinical trials are warranted.
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