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Aims Heart failure with preserved ejection fraction (HFpEF) is a rapidly growing global health problem. To date, diagno-
sis of HFpEF is based on clinical, invasive, and laboratory examinations. Electrocardiographic findings may vary, and
there are no known typical ECG features for HFpEF.

Methods This study included two patient cohorts. In the derivation cohort, we included n=1884 patients who presented

and results with exertional dyspnoea or equivalent and preserved ejection fraction (>50%) and clinical suspicion for coronary
artery disease. The ECGs were divided in segments, yielding a total of 77 558 samples. We trained a convolutional
neural network (CNN) to classify HFpEF and control patients according to European Society of Cardiology (ESC)
criteria. An external group of 203 volunteers in a prospective heart failure screening programme served as a valid-
ation cohort of the CNN. The external validation of the CNN yielded an area under the curve of 0.80 [95% confi-
dence interval (Cl) 0.74-0.86] for detection of HFpEF according to ESC criteria, with a sensitivity of 0.99 (95% Cl
0.98-0.99) and a specificity of 0.60 (95% CI 0.56-0.64), with a positive predictive value of 0.68 (95%Cl 0.64-0.72)
and a negative predictive value of 0.98 (95% CI 0.95-0.99).

Conclusion In this study, we report the first deep learning-enabled CNN for identifying patients with HFpEF according to ESC
criteria including NT-proBNP measurements in the diagnostic algorithm among patients at risk. The suitability of
the CNN was validated on an external validation cohort of patients at risk for developing heart failure, showing a
convincing screening performance.
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Graphical Abstract
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Overview of the study design, model construction, and results. AUC, area under the curve; CAD, coronary artery disease; HFpEF, heart failure with pre-
served ejection fraction; LV-EF, left ventricular ejection fraction; NPV, negative predictive value; PPV, positive predictive value.
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Introduction

Heart failure with preserved ejection fraction (HFpEF) is one of the
most frequent cardiac causes of exertional dyspnoea. The reference
standard for the diagnosis of HFpEF is an invasive workup with right-
heart catheterization." Many approaches have been developed for
guiding non-invasive diagnostic pathways in HFpEF.>*> However, the

current guideline definition of signs/symptoms of HFpEF combined
with natriuretic peptides as well as structural and functional altera-
tions on echocardiography is still valid." In HFpEF, electrocardio-
graphic findings may vary from a normal ECG to overt atrial and/or
ventricular conduction delays which are recognized in various diag-
nostic algorithms, nonetheless, there are no unambiguous features
that allow an accurate ECG diagnosis of HFpEF."
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Figure | Image processing and classification steps of the algo-
rithm. (A) After splitting into a 4 x 12 grid with 2-s segments for
each derivation. (B) Filters are applied to invert the colours,
sharpen edges of the tracings, and recognize edges with canny
filters. (C) After pre-processing, each segment is passed into the
convolutional neural network, yielding a probability of heart fail-
ure with preserved ejection fraction (s). The heatmaps are
extracted from the network showing the main activation
regions used for image classification, mainly QRS and ST-seg-
ments. The higher colour saturation, the more the region acti-
vates the networks’ classifying confidence. (D) An arithmetic
mean is computed across the calculated probabilities and
checked against a pre-defined cut-off value from the derivation
dataset, ultimately classifying an ECG as heart failure with pre-
served ejection fraction or not heart failure with preserved ejec-
tion fraction. HFpEF, heart failure with preserved ejection
fraction; p, arithmetic mean of HFpEF probability; S, probability
of HFpEF class according to sigmoid activation function.

Table | Baseline demographic, clinical, and echocar-
diographic characteristics of patients classified by the
convolutional neural network

CNN training cohort according to ESC

criteria

""Classified as’ClassifiedasnoP-
HFpEF HFpEF value

N=720 N=1164
Age, year 66+ 10 59+10 <0.001
Female gender, n (%) 330 (46) 418 (36) <0.001
BMI, kg/m? 315 305 <0.001
E/E' over 12, n (%) 233 (32) 115 (10) <0.001
LAEDVI, mL/m? 29+10 25+8 0.005

NT-proBNP, ng/L 282 (178-545)
LV mass index, g/m* 128 (108-157)

56 (34-86)  <0.001
116 (95-139)  <0.001

External validation cohort

Classified as  Classified as P-value

HFpEF no HFpEF

N=94 N=109
Age, year 74+8 71+£12 0.065
Female gender, n (%) 28 (29) 40 (36) 0.373
BMI, kg/m? 28 (25-31) 29 (26-31) 0.368
E/E' over 12, n (%) 24 (25) 12 (11) 0.010
LAEDVI, mL/m? 34 (28-39) 27 (24-31)  <0.001

NT-proBNP, ng/L
LV mass index, g/m2

186 (140-342)
130 (114-152)

94 (71-136)  <0.001
122 (108-138)  0.026

BMI, body mass index; CNN, convolutional neural network; ESC, European
Society of Cardiology; HFpEF, heart failure with preserved ejection fraction;
LAEDVI, left atrial end-diastolic volume index; LV, left ventricle.

Artificial intelligence gained attention in the last decade as ECG-
enabled deep learning algorithms (DLA) and convolutional neural
networks (CNNs) are able to detect a manifold of conditions.*™”
However, these studies assessed echocardiographic features for dia-
stolic dysfunction without assessing or reporting NT-proBNP, des-
pite being a surrogate of increased wall stress, a hallmark of HFpEF
diagnosis. This study sought to evaluate whether a DLA can detect
the diagnosis of HFpEF according to the current European Society of
Cardiology (ESC) guidelines, including echocardiographic alterations,

as well as increased natriuretic peptides, from baseline 12-lead ECGs.

Methods

We included 1884 patients who presented with exertional dyspnoea or
equivalent and preserved ejection fraction (>50%) with clinical suspicion
for coronary artery disease (CAD) in the derivation cohort to train the
model. All baseline ECGs were digitally recorded at the index visit. All
patients underwent echocardiography and coronary angiography as well
as invasive pressure measurements in a subset of patients (n= 1689,
90%). The ECGs were recorded for 10 s and divided in 2-s segments for
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each of the 12 leads. A ImageMagick "canny filter" was applied, blank and
non-informative segments removed, yielding a total of 77 558 samples.
The model was trained using Keras with TensorFlow-GPU (Google,
Mountain View, CA, USA) in Python 3.6 and statistics were performed
with R-4.0.3 (R Foundation, Vienna, Austria) on a custom-built worksta-
tion. The CNN was composed of four convolutional layers, each of which
was followed by a dedicated ‘Relu’ activation function and a ‘max-pool-
ing' layer. The network architecture was chosen through a cross-
validation approach and hyper-parameter tuning through random grid se-
lection with multiple layers, kernel size, and filter values. Data were con-
densed into an output layer with a ‘Sigmoid’ activation function, as a non-
exclusive classifier was needed following the hypothesis that a single ECG
segment could contain both HFpEF and non-HFpEF-specific characteris-
tics. The optimization was done by a root-mean-square propagation algo-
rithm. Data sets were divided in 50% training (942 patients), 30% internal
validation (565 patients), and 20% test sets (377 patients). The test data-
set was withheld and blinded from the network in the beginning to test
the accuracy on a ‘never-seen’ dataset. Following training, the model was
tested using the withheld data set. The arithmetic mean of the probabil-
ities of the patient’s segments was computed to perform classification.
The output threshold was set to 0.4 using the Youden index and the ap-
proximation method to maximize sensitivity in the derivation cohort and
was used for further predictions. An overview of the pre-processing steps
and model algorithm is depicted in Figure 1.

Results

According to the ESC criteria, 720 patients (38%) were identified as
HFpEF patients and 1164 (62%) as controls. The baseline characteris-
tics are summarized in Table 1. Heart failure with preserved ejection
fraction patients were older, more frequently females and had a
higher body mass index. Heart failure with preserved ejection frac-
tion patients had significantly higher E/E’ values, left atrial volume indi-
ces, left ventricular end-diastolic pressures (P<0.001) and higher
prevalence of left anterior fascicular (n=72 vs. n=66, P=0.027) but
no difference regarding right or left bundle branch block (n=22 vs.
n=18, respectively, P=0.19). Overall, 115 patients (6%) presented
with atrial fibrillation, (n=6 control vs. n=109 HFpEF, P<0.001).
Coronary angiography revealed CAD without the need for interven-
tion in 608 patients (52%) of the control group and in 460 patients
(64%) of the HFpEF group (P<0.001). The area under the curve
(AUC) of the CNN on the blinded test set was 0.92 [95% confidence
interval (Cl) 0.91-0.94], allowing for a discrimination between HFpEF
and controls with a sensitivity of 0.98 (95% Cl 0.97-0.99) and a speci-
ficity of 0.63 (95% C1 0.59-0.67). The model was validated by using an
external cohort of n=203 volunteers that were in a prospective
screening programme for having cardiovascular risk factors and a pre-
served ejection fraction. These patients underwent ECG recording,
laboratory analysis, and echocardiography. The model predictions
were tested on the ECGs of the validation cohort, which achieved an
AUC of 0.80 (95% CI 0.74-0.86) for detection of HFpEF according to
ESC criteria, maintaining the high sensitivity of 0.99 (95% CI 0.98—
0.99) and a specificity of 0.60 (95% Cl 0.56-0.64), with a positive pre-
dictive value of 0.68 (95% Cl 0.64-0.72) and a negative predictive
value of 0.98 (95% CI 0.95-0.99). The study outline, model building
workflow, and the main results are depicted in the Graphical abstract.
The baseline characteristics of the patients identified as HFpEF by the

CNN are displayed in Table 1 and show a clear distinction, with
patients classified as HFpEF having significant higher LA pressure esti-
mates and higher NT-proBNP.

Conclusions

In this study, we report the first deep learning-enabled CNN for the
identification of patients with HFpEF according to ESC criteria includ-
ing NT-proBNP measurements in the diagnostic algorithm among
patients at risk for HFpEF. By analysing 12-lead ECGs, the model
showed that HFpEF may have specific electrocardiographic charac-
teristics that can be recognized by artificial intelligence algorithms.
Importantly, the reliable screening suitability of the CNN was tested
on an external validation cohort of patients at risk for developing
heart failure, showing a convincing performance in excluding the diag-
nosis of HFpEF.

Beyond traditional ECG interpretation, machine learning-enabled
CNN algorithms could become a valuable and easily applicable
screening tool to rule out the diagnosis of HFpEF using a 12-lead
ECG with the chance of identifying patients even in an early stage of
HFpEF. Further research is needed to validate these findings in larger
cohorts.
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