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Aims Heart failure (HF) is a leading cause of death. Early intervention is the key to reduce HF-related morbidity and
mortality. This study assesses the utility of electrocardiograms (ECGs) in HF risk prediction.

Methods and Data from the baseline visits (1987-89) of the Atherosclerosis Risk in° Communities (ARIC) study was used.

results Incident hospitalized HF events were ascertained by ICD codes. Participants with good quality baseline ECGs were
included. Participants with prevalent HF were excluded. ECG-artificial intelligence (Al) model to predict HF was
created as a deep residual convolutional neural network (CNN) utilizing standard 12-lead ECG. The area under
the receiver operating characteristic curve (AUC) was used to evaluate prediction models including (CNN), light
gradient boosting machines (LGBM), and Cox proportional hazards regression. A total of 14613 (45% male, 73%
of white, mean age + standard deviation of 54 £ 5) participants were eligible. A total of 803 (5.5%) participants
developed HF within 10 years from baseline. Convolutional neural network utilizing solely ECG achieved an AUC
of 0.756 (0.717-0.795) on the hold-out test data. ARIC and Framingham Heart Study (FHS) HF risk calculators
yielded AUC of 0.802 (0.750-0.850) and 0.780 (0.740-0.830). The highest AUC of 0.818 (0.778-0.859) was
obtained when ECG-AI model output, age, gender, race, body mass index, smoking status, prevalent coronary heart
disease, diabetes mellitus, systolic blood pressure, and heart rate were used as predictors of HF within LGBM. The
ECG-Al model output was the most important predictor of HF.

Conclusions ECG-Al model based solely on information extracted from ECG independently predicts HF with accuracy compar-
able to existing FHS and ARIC risk calculators.
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smartwatches with ECG functionality.

This study investigates whether electrocardiogram (ECG) alone, when processed via artificial intelligence, can accurately predict
the risk of heart failure (HF). ECG-artificial intelligence deep learning models using only standard 10 s 12-lead ECG data from 14613
participants from the Atherosclerosis Risk in Communities (ARIC) study cohort could predict future HF with comparable accuracy
to the HF risk calculators from ARIC study and Framingham Heart Study. Artificial intelligence is capable of using ECG tracings
to predict incident HF. This can also enable pre-screening of large patient populations for risk of HF remotely when adapted into

Introduction

There are ~6.5 million adults, with more than 550 000 yearly diagno-
ses, in the USA that are reported to suffer or have suffered heart fail-
ure (HF)."? Heart failure is a progressive complex condition that is
often terminal and is a major public health concern and burden*
Heart failure often results in structural or functional cardiac disorders
that impair the pumping of blood between cardiac compartments
and the rest of the body.” Early signs and symptoms of HF can sub-
stantially vary between different groups of patients, which can further
complicate diagnosis and treatment.>®

Heart failure was mentioned in 13.4% of all death certificates in the
USA in 2018. While there have been advances in diagnoses and man-
agement, outcomes in patients with HF are still largely variable, and
risks among different subgroups can substantially change over time.2®

Early diagnosis and treatment can significantly improve HF progno-
sis,” and subsequently help reduce the health and economic burdens
of HF. Although HF therapy has somewhat improved survival
rates, greater efforts are needed toward early detection of cardiac
disorders and prevention of HF.2 Thus, it is essential to develop HF
pre-screening tools that rely on a minimal amount of data that are
easy to obtain, low cost with accessibility and promise of future re-
mote applications. At this point, better utilization of electrocardio-
grams (ECGs) beyond their current clinical use and interpretation
has the potential to lead to the development of such HF pre-
screening tools.

Several recent studies have shown the utility of artificial intelli-
gence (Al) applied to digital ECGs (time-voltage signal) in detecting
and predicting cardiovascular disease. Specifically, such Al models
utilizing digital ECGs were used in prediction of atrial fibrillation,”
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Table I Study cohort characteristics and risk factors
Risk factors n (%) or mean (SD) 12 or T-test
HFin 10years (n=13810) HF in 10 years (n = 803) P-values
Gender (male)? 6179 (44.7) 456 (57.2) <0.001
Race (Black)® 3559 (25.8) 289 (36.0) <0.001
Age at visit 1*° (years) 539 (5.7) 57.2(5.2) <0.001
BMI (kg/m?)*® 274 (5.2) 29.5 (6.3) <0.001
Smoking status® <0.001
Former 4407 (31.9) 284 (35.4)
Current 3485 (25.2) 304 (37.9)
Prevalent coronary heart disease® 458 (3.3) 138 (17.2) <0.001
Diabetes mellitus*® 1326 (9.6) 286 (35.6) <0.001
Systolic blood pressure (mmHg)*® 120.5 (18.4) 131.2 (22.9) <0.001
Hypertension medication® 3566 (25.8) 420 (52.3) <0.001
Left ventricular hypertrophy® 253 (1.9) 50 (6.4) <0.001
Valvular disease® 33(0.2) 9(1.1) <0.001
Heart rate (ventricular, beats per 66.4 (10.0) 70.5 (12.3) <0.001

minute)*°

ARIC, Atherosclerosis Risk in Communities; FHS, Framingham Heart Study; HF, heart failure; SD, standard deviation.

#Variables used in ARIC risk calculator.
®Variables used in FHS risk calculator.

cardiomyopathy,'®"" and all-cause mortality.'> We hypothesize that

standard 10 s 12-lead ECG alone can predict HF risk within 10 years
with moderately high accuracy. We utilized data from the
Atherosclerosis Risk in Communities (ARIC) study cohort to test this
hypothesis.

Methods

Cohort

The ARIC is an ongoing prospective epidemiologic study conducted in
four communities in the USA (Forsyth County, NC; Jackson, MS;
Washington County, MD; and the northwest suburbs of Minneapolis,
MN) and designed to investigate the aetiology of atherosclerosis and
its clinical outcomes, and cardiovascular risk factors associated with
demographics, race, gender, and time. From 1987 to 1989 (visit 1, the
baseline for our analysis), a total of 15792 participants (8710 women
and 4266 of black race) were enrolled and completed a home inter-
view and clinic visit. In this analysis, we utilized data from visit 1 and
follow-up visit 2 to visit 4 (visit 2: 1990-92, visit 3: 1993-96, visit 4:
1996-98) in Al-based models while using the entire follow-up in sur-
vival analysis up to 2019.

Outcomes

Our main outcome was predicting new-onset HF events within 10 years
from visit 1 baseline examination. Heart failure was defined by hospitaliza-
tion and HF as a hospital discharge diagnosis [International Classification
of Disease, Ninth Revision, Clinical Modification (ICD-9-CM), code 428],
or in-hospital or out-of-hospital deaths attributed to HF (deaths coded as
ICD-9-CM code 428 or International Classification of Disease, Tenth
Revision, code 150, without a previous record of hospitalization with
ICD-9-CM code 428)."

Risk factors

We used a total of 12 risk factors which were used in the ARIC HF risk
calculator® and Framingham Heart Study (FHS) HF risk calculator.® These
clinical risk factors included in the ‘ARIC’ model in this study were gender,
race, age, diabetes, hypertension medication, body mass index (BMI; kg/
m?), systolic blood pressure (mmHg), prevalent coronary heart disease,
smoking status, and heart rate (beats per minute, b.p.m.). The clinical risk
factors included in the ‘Framingham’ model were age, diabetes, BMI (kg/
m?), systolic blood pressure (mmHg), prevalent coronary heart disease,
heart rate (b.p.m.), left ventricular hypertrophy (LVH), and valvular dis-
ease (see Table 1) (see Supplementary material online, Section ST for
details).

Electrocardiogram data

Raw digital ECG data (time-voltage) for 12 leads from the baseline (visit
1) were used. A supine 12-lead ECG at 250 Hz frequency of 10 s at rest
was used. The ECGs were initially obtained from the MAC PC10 person-
al cardiogram (Marquette Electronics, Milwaukee, WI, USA). In this study,
ECG data are used as indicators for possible subclinical HF risk.

Inclusions/exclusion criteria

All ARIC participants with good quality ECG data at baseline as well as in-
formation on all relevant risk factors and HF events during the study’s
long-term follow-up were eligible for inclusion in this analysis.
Participants with prevalent HF (n=739) at the baseline visit, missing HF
data during follow-up, and missing or poor-quality ECGs were excluded.

Study design

We randomly split our study cohort into 80% for model building and
20% as hold-out test data. Heart failure prediction models were built
using different machine learning and statistical methods with five-fold
cross-validation using the 80% model building dataset. During five steps
of five-fold cross-validation, we built five independent models from
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Table2 Heart failure prediction results

HF risk prediction

method ECG-AI output ECG
CNN (ECG-Al) X
ARIC risk calculator

FHS risk calculator

Cox X

Model inputs (‘X’ represents inputs used in corresponding method)

AUC (95% CI) on

ARIC variables* FHS variables® 20% hold-out test
data

0.756 (0.717-0.795)

X 0.802 (0.750-0.850)

X 0.778 (0.740-0.830)

X X 0.818 (0.777-0.858)

ARIC, Atherosclerosis Risk in Communities; AUC, area under the receiver operating characteristic curve; BMI, body mass index; Cl, confidence interval; CNN, convolutional
neural network; ECG-A|, electrocardiographic artificial intelligence; FHS, Framingham Heart Study; HF, heart failure.

2ARIC variables: age, gender, race, BMI, smoking status, prevalent coronary heart disease, diabetes mellitus, systolic blood pressure, heart rate.

BFHS variables: age, BMI, prevalent coronary heart disease, diabetes mellitus, systolic blood pressure, left ventricular hypertrophy, valvular disease, heart rate.

scratch and did not transfer any learned parameter from one model to
another to avoid data leak. For each method, the model providing the
highest cross-validated area under the receiver operating characteristics
curve (ROC AUC) statistics were identified as the final models. The final
cross-validated models were then implemented on the 20% hold-out test
data. All model comparisons and evaluations were based on ROC AUC
statistics obtained on the 20% hold-out test dataset. The statistical signifi-
cance of the difference between the two AUC’s was compared using
Delong test." The models and analyses were performed using the
Python programming language.

Prediction of heart failure via deep learning

using raw digital electrocardiograms

We implemented convolutional neural networks (CNNs), namely the
ECG-Al model, to predict HF from raw digital ECG data. We created a
CNN architecture by adapting ResNet' that receives ECG leads as 1D
digital signals and outputs risk for HF (see Supplementary material online,
Section S2 and Figure S1 for details).

Prediction of heart failure using existing
Framingham Heart Study and
Atherosclerosis Risk in Communities heart

failure risk calculators

To compare our ECG-Al approach to more traditional risk calculators
we used two HF risk calculators; the FHS risk calculator® and the ARIC
study risk calculator.® Components of the ARIC and FHS risk calculators
are outlined in Table 1. We implemented FHS and ARIC risk calculators
on only 20% hold-out test data since we did not re-build the models.

Ensemble heart failure risk predictions

Up to this point, our analysis is based on either creating a novel CNN
model to predict HF from ECGs or based on currently available FHS and
ARIC HF risk calculators. However, we also investigated combinations
(or ensemble) of various HF risk predictions and risk factors using a fre-
quently used machine learning algorithm, light gradient boosting machines
(LGBM)." In this ensemble approach, we build HF prediction models on
the same 80% model building data and evaluated the models on the same
20% hold-out test data for streamlined comparisons.

Time dependence analysis

We also adapted our machine and deep learning-based models for sur-
vival analysis. To achieve this, we built a Cox proportional hazards regres-
sion model by using ML- or DL-based risk predictions as independent
variables of the Cox model. For a fair comparison, we then substituted t
with 10 years to obtain survival probability (the risk for HF in our case)
based on the 10-year risk predictions.

Results

Clinical characteristics

This analysis included 14 613 (age 54.1 4 5.8 years; 45.4% men, 36.0%
blacks) with no prevalent HF at baseline. A total of 803 (5.5%; cases)
developed HF within 10 years following baseline examination. The
average time of diagnosis of HF from the baseline visit was 6.0 = 2.8
years. The remaining 13810 (94.5%) participants (controls) did not
develop HF within 10 years following baseline examination. The aver-
age follow-up time for controls was 23.6 £ 7.8 years. Differences in
baseline ECG abnormalities between cases and controls are pre-
sented in Supplementary material online, Table S1.

Among the 12 clinical risk factors considered, 8 variables did not
have any missing data. One patient had a missing BMI and this was
replaced with the study cohort average. There were 13 participants
with missing smoking status and were assumed to have never
smoked. There were 17 participants with missing valvular disease
data, and they were considered not to have a valvular disease. Lastly,
there were 331 participants with missing LVH data and were
assumed not to have experienced LVH. The detailed characteristics
of our study cohort in terms of clinical risk factors used were sum-
marized in Table 1.

Heart failure prediction
We ran 11 HF prediction models using CNN or LGBM utilizing vari-
ous predicting variable combinations. The AUC statistics obtained on
the same 20% hold-out data are summarized in Table 2 for four of the
models, while the rest of the models were presented in
Supplementary material online, Table S2.
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Table 3 Cox proportional hazards regression model modelling heart failure risk

Covariate Coefficient
ECG-Al outcome 5.05
Gender 0.31
Race 0.14
Age 0.08
Diabetes 0.96
Hypertension medication 0.49
BMI 0.04
Systolic blood pressure 0.01
Prevalent coronary heart 0.89
disease
Ventricular rate 0.02
Left ventricular 0.35
hypertrophy
Valvular disease 1.35
Smoking status 0.56

Hazard ratio 95% ClI P-value
155.61 58.93-410.92 <0.01
137 1.14-1.65 <0.01

1.15 0.94-1.40 0.176
1.09 1.07-1.11 <0.01
2.60 2.14-3.17 <0.01
1.62 1.35-1.96 <0.01
1.04 1.02-1.05 <0.01
1.017 1.00-1.01 <0.01
2.44 1.89-3.14 <0.01
1.02 1.02-1.03 <0.01

142 1.00-2.02 0.049
3.86 1.98-7.53 <0.01
1.75 1.56-1.96 <0.01

BMI, body mass index; Cl, confidence interval; ECG-AI, electrocardiographic artificial intelligence.

Table 4 Response of electrocardiographic artificial intelligence and Cox proportional hazards regression models to

follow-up electrocardiograms

Mean Arisk with 95% CI as a percentage

ECG-Al model
Cox model

Controls

0.235 (0.178-0.291)
0.061 (0.031-0.0915

1414 (0912-1.917)
2.568 (1.883-3.252)

Cl, confidence interval; ECG-AI, electrocardiographic artificial intelligence.

Table 5 Response of electrocardiographic artificial intelligence and Cox proportional hazards regression models to

follow-up electrocardiograms

Scenarios ECGtime TP FP TN FN Specificity

1 Baseline 116 764 1819 2 0.7042
Follow-up 116 764 1819 2 0.7042

2 Baseline 108 515 2068 10 0.8006
Follow-up 116 528 2055 2 0.7956

3 Baseline 93 261 2322 25 0.8990
Follow-up 111 258 2325 7 0.9001

4 Baseline 77 127 2456 41 0.9508
Follow-up 95 123 2460 23 0.9524

Sensitivity Negative predictive value

Positive predictive value

0.9831 0.9990 0.1318
0.9831 0.9990 0.1318
0.9153 0.9952 0.1734
0.9831 0.9990 0.1801
0.7881 0.9893 0.2627
0.9407 0.9970 0.3008
0.6525 0.9836 0.3775
0.8051 0.9907 0.4358

ECG, electrocardiogram; FN, false negative; FP, fasle positive; TN, true negative; TP, true positive.

ECG-Al CNN model which only uses digital 12-lead ECG data
alone as input, resulting in an AUC of 0.756 on hold-out dataset,
which was not significantly different than the AUC (0.778) of the FHS
risk calculator (DelLong test, P=0.180). However, the AUC of the
ECG-Al model was lower than the AUC (0.778) of the ARIC risk cal-
culator (Delong test, P=0.034). In an additional analysis, we

experimented with applying the same ECG-AIl architecture using
only lead | data. Interestingly, we obtained an AUC of 0.754 (0.709—
0.798), similar to the 12-lead version.

We also built traditional Cox proportional hazards regression to
model time from baseline to incident HF up to 2018 follow-up. Cox
model, utilizing all ARIC and FHS risk calculator variables as well as
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the outcome of ECG-A|, resulted in a concordance of 0.826 (0.804-
0.848). For a fair comparison with the other three models, we set
t=10 and calculated the cumulative risk for HF within 10 years and
obtained an AUC of 0.821 (0.781-0.861), sensitivity of 0.711, sensitiv-
ity of 0.752, positive predictive value of 0.132, and negative predictive
value of 0.980. The AUC of the Cox model was higher than both
AUC of the FHS risk calculator (DelLong test, P <0.01) and the ARIC
risk calculator (DelLong test, P <0.01). The details of the Cox model
provided in Table 3 revealed that the ECG-Al outcome was the most
important predictor of HF. This is also confirmed by the variable im-
portance analysis on the LGBM model utilizing the outcome of the
ECG-Al model and ARIC variables as inputs, which provided an AUC
of 0.818 (see Supplementary material online, Figure S2 and Section S3).

Subgroup analysis

Cox model yielded an AUC of 0.818 (0.781-0.858) for black, 0.816
(0.776-0.857) for white, 0.828 (0.788-0.868) for male, and 0.810
(0.769-0.851) for female participants.

Sensitivity analysis over time

Our analysis was based on ECGs recorded at baseline exams.
However, we also had access to ECGs recorded over follow-up
exams. We used these follow-up exams to assess the sensitivity of
our model on follow-up ECGs closer to the HF events. For the 20%
hold-out dataset, we run our ECG-AI and final Cox models on the
ECGs collected after baseline yet still preceding HF event. For con-
trols, we used the latest available ECG. Next, for each patient with
available follow-up ECGs, we calculated Arisk as the difference be-
tween risk from original and follow-up ECG divided by the time be-
tween two ECGs. Therefore, Arisk represents the change in
predicted risk per year for each patient (Table 4).

Clinical utility

We further assess the possible clinical utility of our final Cox model
to identify patients at risk for HF who may benefit from cardiac imag-
ing. Table 5 presents four different scenarios of specificity (0.70, 0.80,
0.90, 0.95) and corresponding accuracy metrics.

The results in Table 4 show that for scenario 1 corresponding
to the specificity of 0.7, 32.5% (880 of 2701) patients would be
predicted at high risk for HF, and among these high risk predicted
patients, 13.2% (116 of 880) would develop HF within 10 years.
For Scenario 4 corresponding to a specificity of 0.95, our model
would identify 7.5% (204 of 2701) of the general population at
high risk for HF where 37.7% (77 of 204) of them indeed would
develop HF. Interestingly, if we would use follow-up ECGs for the
same scenario, we could identify 8.1% (218 of 2701) of the
patients at high risk for HF and 43.6% (95 of 218) of them indeed
would develop HF.

Discussion

Heart failure prevalence is increasing globally and is more commonly
experienced by older persons. This can cause both monetary and
personal burden. It is not uncommon for HF to be diagnosed at a
late-stage, past pharmacological intervention.” It is therefore of high
importance to predict HF at early stages and provide timely interven-
tions. If detection and/or prediction are performed early, it can

substantially reduce the overall burden. The FHS and ARIC HF risk
calculators™® examined existing HF risk factors and proposed simple
and effective HF risk calculators that would facilitate the primary pre-
vention and early diagnosis of HF in general practice. More complex
models were then developed using additional data that can add to
the potential of early identification of HF. The FHS HF calculator®
uses a standard pooled logistic regression model to identify the risk
of HF within 4 years, while the ARIC HF risk calculator® uses a Cox
regression model. The latter was also applied in this study. In addition
to using clinical variables, this research also used 12-lead ECGs to
predict HF within 10 years, aiming to obtain comparable results to
that using clinical risk factors.

Several recent studies have shown the utility of Al on digital ECGs
(time-voltage signals) in the detection and prediction of arrhythmias
and cardiovascular disease.'”"® A range of Al models has been devel-
oped to predict the risk of abnormal heart conditions, including HF,
atrial fibrillation." " There has also been an effort to use machine
learning models to diagnose”®* and predict the possibility of re-
admission and mortality following HF using solely risk factors.2?
While some recent research proposes the use of Al in the prediction
of HF using both or a collection of risk factors and 12-lead ECG infor-
mation, there is rarely a comparative time window, and if so, it is
within a relatively short period of time, e.g. present to 5 years.”* ¢
Recent studies have used ECG waveform data to develop Al net-
works to identify specific cardiac abnormalities such as ejection frac-
tion,27 left  ventricular  systolic dysfunction,28 and  mitral
regurgitations®® all of which are directly or indirectly related to HF.
However, a key component not addressed is the time window for
early identification of the possibility of HF. A meta-analysis by Griin
et al*® involving five main publications®'? reported an almost per-
fect prediction of congestive HF using a 2 s ECG (ROC > 0.98).
These studies, however, do not provide information on the time win-
dow considered in developing the model and how early it can detect
HF. This is a very important component to achieve the best results
for diagnoses and precision medicine as opposed to identifying
whether a person already has developed HF. It is thus essential to de-
velop models that consider a trade-off of accuracy with timeliness of
early diagnosis.

Results obtained in this research show that existing ARIC and FHS
HF risk calculators utilizing a total of 12 clinical risk factors can predict
HF with AUCs of 0.80 (0.75-0.85) and 0.78 (0.74-0.83), respectively.
Our ECG-Al model (model 2) utilizing solely 12-lead ECGs yielded a
comparable AUC of 0.756 (0.717-0.795) and AUC of 0.780 (0.737-
0.823) when combined with age and gender (Model 3 in
Supplementary material online, Table S7). Also, the lead | version of
ECG-AI provided a comparable accuracy to the standard 12-lead-
based ECG-AI model. Although our solely ECG-based model does
not improve performance over existing ARIC and FHS risk calcula-
tors, our proposed ECG-Al model may be more applicable in a clinic-
al setting since it relies only on ECG data. Considering the
widespread use and availability of ECGs, such models can facilitate fu-
ture automated pre-screening tools running on cardio-servers or
electronic health records (EHR). This helps identify patients who may
benefit from close monitoring or cardiac imaging, such as an echocar-
diogram or cardiac magnetic resonance imaging (MRI). The develop-
ment of these Al-based models may ease the burden on healthcare
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systems by reducing the number of follow-up exams. Furthermore,
we speculate that the model built on solely ECG data can predict HF
at similar accuracy to clinical data-based risk calculators because the
clinical risk factors may subtly affect the heart’s pacemaker cells and
conductive pathways. This in turn affects the action potential associ-
ated with contractile response and translated into minute changes in
an ECG. An advanced CNN model could capture these ECG
changes.

Our research showed that the best performing model was
obtained when the CNN-based ECG-Al model output was com-
bined with risk factors used in the ARIC and FHS risk calculators in
Cox proportional hazards regression. The performance of this model
was significantly higher than the performances of well-known ARIC
and FHS risk calculators, where ECG-Al outcome had the largest
hazards predicting HF. Furthermore, a variable importance analysis
on the second-best performing model (see Supplementary material
online, Figure S2), LGBM, also confirms that ECG-AIl output is the
most important predictor of HF. These findings imply that the infor-
mation extracted from ECG via Al generates subclinical indicators
more predictive of HF than the clinical risk factors in the ARIC and
FHS risk calculators.

The second-best model (Model 5 in Supplementary material online,
Table ST) was obtained via LGBM utilizing ECG-Al outcome and the
variables of ARIC risk calculators. As detailed in Supplementary mater-
ial online, Section S3, variable importance analysis showed that ECG-Al
model output is the most important predictor of HF, followed by age,
BMI, diabetes, and systolic blood pressure. Analysis of direction of ef-
fect showed that individuals with coronary heart disease have about
5.4% increased risk of developing HF when all other factors are un-
changed. In addition, individuals with diabetes can have an increased
risk of 4.8%, while those with hypertension have a 1.9% increased risk.

Previous research has also applied a novel probabilistic symbol pat-
tern recognition approach to identify congestive HF patients using R—R
intervals from ECG.>** Several cohort studies, including ARIC, have
shown that various ECG markers are associated with incident HF.'%3¢~
* These findings also suggest that applying machine and deep learning
approaches to ECGs can be used in developing automated HF predic-
tion tools for early recognition of patients at risk. As a deep learning
method, CNN's are applied on the classification of atrial fibrillation,*
several heart rhythms,46 left ventricular ejection fraction, as well as
prediction of future cardiomyopathy.’® There were also efforts to
show the association of known ECG characteristics with risk for HF,41
yet the digital ECGs have not been utilized. However, to the best of
our knowledge, our study is the first attempt to solely utilize digital
ECG data via deep learning to predict risk for HF.

Sensitivity analysis and prospective validation on additional follow-
up ECG showed that both ECG-Al and the final Cox model produce
significantly higher risk for ECGs closer to HF events. This may suggest
that follow-up of patients at high risk via low-cost ECG can assess HF
risk changes. The patients whose predicted risk exceeds a certain
threshold may be followed up echocardiogram and cardiac MRI for
timely diagnosis to initiate preventive therapeutics to advance patients
to Stages C and D HF. As a result, such low-cost screening-based pre-
ventive strategies may improve health outcomes and reduce healthcare
costs due to HF. Interestingly, our ECG-Al model performed as well
using only lead | ECG compared to results obtained on 12-lead. Future

work may focus on validity of our ECG-Al model on lead | ECG
obtained via mobile technologies such as smartwatches.

Our study has several strengths. The performance of Al-based
predictive models is severely affected by the accuracy of the outcome
variable. Our study utilizes the data from one of the largest cohort
studies of atherosclerosis, the ARIC, where the follow-up on HF is
significantly more accurate compared to data that would be
extracted from an EHR of a single institution. Also, our results show
that ECG markers alone can provide HF risk prediction as accurately
as established HF risk calculators relying on multiple clinical risk fac-
tors. Therefore, it can be embedded into EHR for efficient and auto-
matic pre-screening for HF at a large scale.

Our study also has some limitations. Although the ARIC cohort is
relatively representative by gathering participants from four commun-
ities in the USA, an external validation on a more representative cohort
is needed to ensure generalizability for the general population. There
are also limitations in understanding why ECG alone can predict HF
and models utilizing many clinical risk factors. This limitation stems
from the non-parametric nature of deep learning models. Further ana-
lysis is needed to uncover the black box nature of deep learning mod-
els. We do not have information on the aetiology of HF events. Hence,
our results should not imply causality between ECG and HF. Another
important limitation of our study is that the diagnosis of HF during
follow-up included only hospitalized patients. There may be HF
patients who are compensated and stable, therefore, not required hos-
pitalization within 10 years of the baseline. Hence, despite these
patients are ‘cases’, they could be coded as ‘controls’. Despite our
study does not provide evidence to support that, however, a future
study could focus on whether some of the false positives indeed had
HF yet not require hospitalization. There are also technical limitations
in implementing our ECG-Al model in clinical practice. Another limita-
tion is the definition of HF based on ICD codes, whereby HF subtype
by ejection fraction was not available. Similar prediction accuracy may
be expected in cohorts where HF is diagnosed/defined in a similar way
as it was in ARIC. Furthermore, future work is needed to show how
well our model would predict HF with preserved ejection fraction.

To conclude, sole utilization of raw digital ECG data via deep learn-
ing results in HF prediction with moderately high accuracy, which is
comparable to existing FHS risk calculator. Such ECG-based HF risk
assessment can pre-screen larger patient populations by analysing
existing ECGs in cardio-servers linked to EHRs. This pre-screening
may help identify people who may benefit from more advanced car-
diac healthcare. Furthermore, such models and technology may be
adapted to smartwatches with ECG recording functionality to facili-
tate remote screening.
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