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Abstract

Wearable systems measuring human physiological
indicators with integrated sensors and supervised learning-
based medical image analysis (e.g. ECG, X-ray, CT or
ultrasound images for lung or the chest) have been
considered relevant tools for COVID-19 monitoring and
diagnosis. However, these two technical roadmaps have
their respective advantages and drawbacks. The current
wearable systems enable to realize real-time monitoring of
COVID-19 but are limited to its basic symptoms only,
neither allowing to distinguish it from other diseases nor
performing deep analysis. Current medical image analysis
can provide accurate decision support for diagnosis but
rarely deals with real-time data processing. In this context,
we propose a new wearable system by combining the
advantages of these two technical roadmaps. Considering
that electrocardiogram (ECG) has been proved relevant to
evolution of COVID-19 symptoms, the proposed wearable
system will integrate an explainable Deep Neural Network
to realize online monitoring of COVID-19 gravity by using
ECG beat signal. This paper will focus on the Deep Neural
Network model named X-RCRNet. The network is based on
ResNet18 but with few enhancements: 1) LSTM Layers for
regenerating the block memory and further extracting the
involved time-varying features; 2) LeakyRelLU for
increasing the performances of the model. With an
accuracy of 99.24 % after experiments, our model has not
only outperformed the existing methods in terms of
accuracy and robustness, but also originally identify the ST
interval of the ECG pattern, as the most prominent key
features affected by the virus.
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1 Introduction

Three years after its emergence in late 2019, severe acute
respiratory syndrome coronavirus 2 (Sars-CoV-2) or
COVID-19 infected more than 630 million people, causing
more than 6 million deaths [1]. However, the symptoms of
COVID-19 patients differ from one variant to another in
this long duration. For all reported variants and all periods,
the most serious symptoms are shortness of breath (blood
oxygen level<92%) and heart failure (heart rate>90

bpm),[2-6]. Although the intensity of infection and
symptoms have attenuated thanks to the vaccination and
follow-up of barrier gestures, we are still far from the
termination of the pandemic. This is mainly due to the high
infection rate, the proliferation of its variants that can
escape from vaccination coverage, and the inability to
detect the virus in real-time and thus, control its
proliferation. This situation promotes the emergence of
remote monitoring and diagnosis tools using the IoT
(Internet of Things), including wearable systems, and
supervised learning with medical images (ECG images, X-
ray, CT or ultrasound images for lung or the chest).
Currently, these two categories of tools have effectively
reduced the pressure of medical resources (e.g., medical
doctors, healthcare staff, devices, materials, etc.). However,
they are unable to perform reliable real-time monitoring
and analysis for supporting quick decisions of medical
professionals in complex diagnosis scenarios. The current
wearable systems mainly realize real-time detection for the
basic symptoms of COVID-19 from skin temperature,
blood oxygen saturation (SPO>) level, and heart rate. Since
these symptoms are common with other diseases (e.g. Flu),
it is impossible to distinguish COVID-19 from others
without further investigation [7]. Medical image analysis
with supervised learning is highly accurate and capable of
providing reliable decision support to medical
professionals. However, real-time processing with these
images has rarely been involved in the existing research
work due to its heavy computational load and complex
conditions for supervised learning data acquisition (e.g.
radiation exposure, requirement for qualified technicians
and experts for image interpretation). Furthermore, the
prediction results delivered by a supervised learning model
are usually inexplainable from a medical viewpoint, which
cannot provide relevant decision support for medical
diagnosis. A new approach combining the advantages of
real-time processing with wearable systems and accurate
analysis of medical images with supervised learning
models and high interpretation capacities will be significant
for providing more efficient tools combatting COVID-19.

Currently, we consider that heart failure is one of the most
prominent symptoms of COVID-19 [5]. Heart failure can
be described using the Electrocardiogram (ECG) signal,
especially beat signal (beat signal contains all information
about cardiac condition). Different from ECG images, X-
ray or CT images requiring huge devices for data
acquisition, ECG signals can be measured and processed in


mailto:marc-junior.nkengue@ensait.fr

real-time by using portable tiny sensors. The analysis of
ECG beat signals using an Al-based supervised learning
model will be significant for COVID-19 monitoring. Our
idea is to design and implement a wearable system coupling
with an explainable supervised learning model named X-
RCRNet (Explainable Residual Convolutional and
Recurrent Network), to monitor the patient’s symptoms
from his/her ECG beat signals and make appropriate
decision support in real-time.

The main contributions of this paper are summarized below.

e At the supervised learning level, the performance of
accuracy and robustness will be improved related to the ex-
isting work by introducing LeakyReL U (Leaky version of
a Rectified Linear Unit) to avoid vanishing gradient and
LSTM (Long-Short-Term Memory) units to extract tem-
poral features.

e At the data acquisition level, a new open database of
ECG beat signals for COVID-19 patients will be set up, en-
abling the collect more relevant data on infected patients.

e At the result interpretation level, the proposed super

vised learning model will enable to accurately explain the
results of classification for ECG beat signals.

2 The proposed model
2.1 Data-prepocessing
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Figure 1 — A Normal Beat Signal (a disease-free regular ECG heartbeat
signal and its decomposition); (b) beat signal samples per class

The original dataset used in this study is an ECG image da-
taset of cardiac and COVID-19 patients [8]. It consists of
1937 distinct patient records, with five distinct classes:
Normal, COVID-19, myocardial infarction (MI), abnormal
heartbeat (HB) and history of myocardial infarction (PMI).
The data were collected using the ECG device EDAN SE-
RIES-3. The device collected 12 leads ECG trace images,
sampling at 500 Hz. Each lead has a 2.5 second duration

and the total duration length is 10 s on the 12 lead ECG
images. The current dataset is not suitable for our wearable
system due to data mismatch (Our single lead wearable
ECG sensor measure 1d signal, X-RCRNet need to be train
with 1d signal from a single lead instead of images). The
first contribution of this paper will be a new single lead
ECG beat signal dataset by converting single lead ECG
trace images to 1d signals and extract heartbeat for each
signal. Lead II ECG images was chosen for the image-sig-
nal conversion for two reasons: 1) The wearable ECG sen-
sor of our system is a single lead ECG sensor; 2) Lead 11 is
the lead that describes the best all ECG beat waves. The
next lines describe the dataset creation process.

The pre-processing was done by following three steps:

o Image segmentation: Image cropping near the
lead II area has been performed. is a black-and-white image
with the ECG signal as the foreground has been obtained
by using Otsu Method.

e Image to signal conversion: The signal was
extracted by detecting the foreground pixel. The resulting
signal has been down sampled to 125 Hz (Suitable for both
time-domain analysis [34] and wearable systems [32]) . The
signal is smoothed by convoluting the signal with a Han-
ning Windows [35]. The Hanning window was chosen for
two reasons :1) Good frequency resolution; 2) Spectral
leakage reduction, especially for non-linear signals.

e Heartbeat Extraction and data augmentation:
The heartbeats were extracted using the Neurokit2
toolbox[9]. The toolbox use Discrete Wavelength Trans-
form (DWT) [10] to detect the P-waves, the R-peaks, and
the T-waves Each heartbeat is centered around an R-peak.
The interval from the P wave onset (The beginning of the
P-wave) to the T-wave offset (The end of the T-wave) rep-
resents the beat duration. As show by Figure 1 the main
features of an ECG beat are the PR interval, the QRS inter-
val and the ST interval. The data augmentation has been
done by applying different operations, like jittering, scal-
ing, permutation, magnitude and time warping, resampling
[11] We were able to generate up to 316 368 signals per
class. To our best knowledge, this is the first public ECG
beat signal dataset for COVID-19 patients. After the dataset
creation, we proceed to the model training and evaluation.

2.2 Proposed framework

Illustrated by Figure 2,the model architecture can be
divided into two parts:
o Features extraction block: The purpose is to



extract the signal spatial and temporal features using
residual blocks. Inspired by ResNet, our model residual
block possesses significant differences: 1) LeakyReLU is
applied instead of ReLU. Indeed, negative values of the
ECG beat signal will be replaced by zero. LeakyRELU the
range of ReLU and allows negative values to be process; 2)
LSTM Layer is applied before the pooling operation, to
extract temporal features. Applying the LSTM Layer
regenerate the residual block memory to retain the
backpropagation error between the time step and the level.
The operation preserves the learning state in multiple time
steps and improve the ability to extract temporal features.

e Classification block: After flattening the feature
extraction block output, the fully connected layer
transformed the data into a vector of numerical values
corresponding to the outputs for each class.
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lnput (1051}
ConviD (32,5) |
BatchNormalization

‘; Dense (32) +LeakvRelU (1)
ConviD (32,5) +LeakyRel U{1) Dense (32) +LeakyReLU (1)
BatchNormalization

ConvlD (32,5)
T

v

<
LeakyReLU(1}
BatchNormalization
L5TM (32)

x5/

Figure 2 — XRCNet architecture

3 Results

Figure 3 shows a convergence of the training and validation
losses curves, with a final value of 0.0937 and confirms our
model robustness. These results show the ability of our
model to clearly identify COVID-19 patient heartbeat.
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Figure 3 : (a) Confusion Matrix ; (b) Loss curve ; (¢) Accuracy curve

We compared our model with related studies with a five
classes classification. Table 1 Show our model
outperforms the existing ECG images classification tools
for COVID-19. It also shows the possible use of ECG beat
signal to monitor COVID-19 patients.

e Preci- Speci- | Accu-
Reference | Sensitivity sion ficity racy
Proposed 99.24% | 99.24% | 99.24% | 99.80%
framework
[12] 96.00 % | 90.58% | 90.00% | 93.00%
[13] 91.70% | 91.90% | 95.90% | 91.73%
[14] 90.80% | 91.90% | 92.80% | 90.79%

Table 1 : Comparison with related studies

At local level, the model explainability was performed
using an approach called Gradient Weighted Class
Activation Mapping ++ (Grad-CAM ++), is proposed in
[15] . Grad-CAM visualize the gradients of the final layer
of the Network in a heatmap. The heatmap can be used for
analyzing factors that influence the classification result,
and thus, help visualize where the network is looking. the
main issue of Grad-CAM++ is the inability to give a
dataset-level explanation. By using Grad-CAM-++ we
propose to compute, for each key feature, his frequency as
the most prominent feature for each sample.

Table 2 represents each key feature occurrence frequency,as
the most important feature across the dataset. The results
shows that X-RCRNet identifies the S-T interval as the
most relevant feature for COVID-19 classification at the
dataset level. Other researchers [2, 4, 5] confirm that the
manifestation of a severe case of COVID-19 patients
occurs in the ST interval. To our best knowledge, X-
RCRNet is the first Deep Learning model to confirm ST
interval of ECG pattern as the feature affected by the
COVID-19 at a dataset-level.

Keys features P-R in- | QRS in- | ST inter-
terval terval val
key feature occur- | 4.75 7.90 87.35

rence frequency, as
the most important
feature (%)

Table 2:Feature importance at dataset-level. The key feature with the
highest occurrence is the most prominent key feature at the dataset level

4 Conclusion

This paper presents X-RCRNet, a novel explainable
deep neural network, based in ResNet18 for COVID-



19 patient symptoms monitoring using an ECG beat
signal. The first known open database of ECG beat
signals for COVID-19 patients has been created to
conduct our experiments. The results from the five-
class classification demonstrated that X-RCRNet can
be efficiently used to identify COVID-19 patients
using an ECG beat signal. The experimental results
and the benchmarking confirmed that the model is
superior to the state-of-the-art models. In addition to
the overall performance, X-RCRNet is the first known
Deep Neural Network to confirm the ST interval as
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Figure 4: Proposed overall system

the most prominent feature affect by the COVID-19.
Despite its great performances, there are some
limitations: 1) Since our experiments were conducted
using synthetic data, another cross-validation with
experts is recommended to further confirm of results;
2) While relevant, using the ECG beat signal alone is
not sufficient to monitor the patient symptoms. The
introduction of other relevant parameters (Body
temperature, SPO2 level, cough, and human activity
recognition) will be performed, to improve the
monitoring ability of the overall proposed system,
describes

References

WHO Coronavirus (COVID-19) Dashboard. 2022;
Available from: https://covid19.who.int/.
Romero, J., et al., T-wave inversion as a
manifestation of COVID-19 infection: a case
series. Journal of Interventional Cardiac
Electrophysiology, 2020. 59(3): p. 485-493.
Coronavirus disease (COVID-19) - Symptoms.
2022; Available from:
https://www.who.int/health-
topics/coronavirus#tab=tab_3.

Long, B., et al, Electrocardiographic

10.

12.

13.

14.

15.

manifestations of COVID-19. The American
Journal of Emergency Medicine, 2021. 41: p. 96-
103.

Barman, H.A., et al., The effect of the severity
COVID-19 infection on electrocardiography. The
American Journal of Emergency Medicine, 2021.
46: p. 317-322.

Dhadge, A. and G. Tilekar. Severity Monitoring
Device for COVID-19 Positive Patients. in 2020
3rd International Conference on Control and
Robots (ICCR). 2020.

Karimian, P. and M.A. Delavar, Comparative
Study of Clinical Symptoms, Laboratory Results
and Imaging Features of Coronavirus and
Influenza Virus, Including Similarities and
Differences of Their Pathogenesis. Pakistan
Journal of Medical & Health Sciences, 2020.
14(3): p. 1405-1411.

Khan, A.H., M. Hussain, and M.K. Malik, ECG
Images dataset of Cardiac and COVID-19
Patients. Data Brief, 2021. 34: p. 106762.
Makowski, D., et al., NeuroKit2: A Python toolbox
for  neurophysiological  signal  processing.
Behavior research methods, 2021. 53(4): p. 1689-
1696.

P, S. and D. Wahidabanu, Robust R Peak and QRS
detection in Electrocardiogram using Wavelet
Transform. International Journal of Advanced
Computer Sciences and Applications, 2011. 1.
Um, T.T., et al. Data augmentation of wearable
sensor data for parkinson’s disease monitoring
using  convolutional neural networks. in
Proceedings of the 19th ACM international
conference on multimodal interaction. 2017.
Ozdemir, M.A., G.D. Ozdemir, and O. Guren,
Classification of COVID-19 electrocardiograms
by using hexaxial feature mapping and deep
learning. BMC Medical Informatics and Decision
Making, 2021. 21(1): p. 1-20.

Attallah, O., ECG-BiCoNet: An ECG-based
pipeline for COVID-19 diagnosis using Bi-Layers
of deep features integration. Computers in
Biology and Medicine, 2022. 142: p. 105210.
Rahman, T., et al., COV-ECGNET: COVID-19
detection using ECG trace images with deep
convolutional neural network. Health Information
Science and Systems, 2022. 10(1): p. 1-16.
Chattopadhay, A., et al. Grad-cam++:
Generalized gradient-based visual explanations
for deep convolutional networks. in 2018 IEEE
winter conference on applications of computer
vision (WACYV). 2018. IEEE.


https://covid19.who.int/
https://www.who.int/health-topics/coronavirus#tab=tab_3
https://www.who.int/health-topics/coronavirus#tab=tab_3

	1 Introduction
	2 The proposed model
	2.1  Data-prepocessing
	2.2 Proposed framework

	3 Results
	4 Conclusion
	This paper presents X-RCRNet, a novel explainable deep neural network, based in ResNet18 for COVID-19 patient symptoms monitoring using an ECG beat signal. The first known open database of ECG beat signals for COVID-19 patients has been created to con...
	References

