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Abstract

Due to its rapid propagation and enormous number of
infected people, COVID-19 is the greatest pandemic in the
past 100 years, with millions of deaths. The need for acces-
sible, quick, and non-invasive diagnostic techniques per-
sists despite a decline in cases recently. Because of this,
in the current work we develop a densely connected neural
network that uses heart rate data to identify between pa-
tients with COVID and healthy individuals. The Stanford
University database was used, which underwent a feature
extraction and the usage of approximation entropy. With
an accuracy of 93% and an AUC of 0.956, the results
demonstrated to be more than good at categorization, sup-
porting the usefulness of this approach for the accurate
identification of COVID cases.

1. Introduction

The SARS-CoV-2 is the virus that causes coronavirus
illness. It first originated in Wuhan, China, in Decem-
ber 2019, when a newly discovered (S-coronavirus, later
known as coronavirus disease 2019 (COVID-19), caused
a wave of pneumonia cases [1]. Since it first emerged,
the outbreak has expanded over the globe. On January
30, 2020, it was considered a public health emergency [2],
affecting over 185 nations, with over 7,145,800 cases re-
ported and 407,067 deaths as of June 9, 2020 [3,4].

This disease is characterized by fever, coughing, dyspnea,
lethargy, headaches, muscle soreness, and diarrhea [5, 6].
The disease primarily affects the respiratory system, and
while everyone has the same chance of developing a severe
case, the severity and course of the illness are determined
by factors like age and underlying medical conditions or
co-morbid conditions like cancer, diabetes, cardiovascular
disease, or chronic respiratory diseases [7]. The diagnosis
is challenging because, despite the illness’s mutation, the
symptoms are similar to those of other respiratory condi-
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tions. For that reason there is a need of tools that facilitates
for specialists to diagnose COVID-19.

Many studies have currently used artificial intelligence to
identify cases of infection even before symptoms appear
or in asymptomatic individuals using a variety of clinical
variables, including blood tests, computed tomography, X-
rays, heart rate, and others [9, 10, 12]; some of these studies
use smart devices to collect data non-invasively [11, 12].
The present work uses approximate entropy and feature
extraction over heart rate registers to analyze and predict
COVID-19 cases using data from portable devices. This
constitutes a valuable potential diagnostic tool, given the
reality of the disease and the fact that, despite its decreased
fatal incidence, there is still a growing interest in research
on it for the development of useful tools for its early diag-
nosis and effective treatment.

2. Method

2.1. Preprocessing

For this work, the Stanford University database [13] was
used. This database consists on measurements of the heart
rate and number of steps, also the symptoms, date of for-
mal diagnosis and recovery date are reported.

From this database, we considered the heart rate and it is
mandatory to standardize the data since it comes from dif-
ferent devices and sampling times. So, first, a subsampling
was performed, averaging the data in windows of 1 minute.
For each individual patient that was infected the date of
onset of their symptoms was located and then we extracted
two 5-day windows of data. The first window corresponds
to the heart rate of the patients starting two days before the
onset of their symptoms, that way we consider the early
stage of COVID. The second window starts 7 days before
beginning of the first window, this one corresponds to a
healthy state. For healthy patients the windows are chosen
at random, the two windows corresponding to a healthy
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state [14].

In order to extract statistically significant features for
model training we used the Time Series Feature Extrac-
tion Library (TSFEL) to extract 390 features of the 7 day
period of the windows. Also we computed the Approxi-
mate Entropy (ApEn), used to measure the irregularity and
complexity of a set of temporal data, first defined by Steve
Pincus as [15], where N is the number of elements in the
time-series:
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Here m is the embedding dimension, r is a threshold and
A; and B; are the measures of proximity between embed-
ding vectors in m and m + 1 dimensions respectively. We
selected m = 5 and » = 0.5 as the parameters for this
work

The Wilcoxon-Mann-Whitney test was then used to com-
pare the characteristics and ApEn values of COVID pa-
tients with healthy patients. Only those samples with a
p-value less than 0.05 were retained. There were just 33
features left for each subject after this. It is important to
stress that following the test, all 10 ApEn values remained.
We applied a data augmentation procedure to the heart rate
data in order to grow our database. To generate this data
augmentation, we first separated the original data and for
this we used 45 healthy individuals and 12 Covid patients.
The model was tested using the remaining data. For the
process of data augmentation we used a Gaussian factor of
0.06 and the COVID group was multiplied by a factor of 6
and the health group by a factor of 4.
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Finally, a standardized normalization was used for the 33
total data (10 corresponding to the ApEn (one value per
day) and 23 corresponding to the temporal characteristics).
The cases were labeled as COVID and CONTROL and the
labels were treated with one hot encoding.

2.2.  Neural network architecture

The open source Keras library as an ecosystem of Ten-
sorflow 2 was used to create the artificial neural network.
The main architecture consists on densely connected lay-
ers piled sequentially. These layers were: an input layer
of dimension 33x1 with 20 nodes, two hidden layers, each
with ten nodes, and an output layer with 2 nodes consid-
eiring the binary classification of patients with COVID-19

and healthy patients. Each layer used the activation func-
tions "GeLu”, ”GeLu”, and “Tanh” respectively. The out-
put layer was set to use the ”Softmax” function. We con-
sidered “Categorical Crossentropy” as a loss function and
“Adam” as the optimization algorithm, considering as in-
ternal metrics “Categorical Accuracy” and the evolution
given by the loss function.

To train the model we used 309 examples and then 56 ex-
amples (from the original data that was not used to the data
augmentation process) were used to test it. Furthermore,
the stopping criterion selected was Early Stopping thanks
to the callbacks integrated in Keras, in this way evolution
of the loss function was monitored and controlled, stop-
ping the training if there was no explicit improvement in
the convergence of the model presented.

3. Results

It is possible to observe in Figure 1 the evolution of the
loss function, which depicts the error made by the densely
connected neural network at the end of each epoch. In the
figure we can see a satisfactory evolution because training
and validation curves are following the same behavior in
a smooth way quickly approaching zero, that means that
the parameter that measures the miss-classification made
by the neural network gets closer each time more to zero
as epochs goes by. Likewise, the graph does not denote
overfitting or underfitting behavior of the model.
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Evolution of the Loss function through the

The figure 2 shows the evolution of categorical accuracy
trough the epochs. This represents the number of subjects
correctly classified respect to the total number, so that val-
ues closer to the number one correspond to a better work
of classification made by the network. From the figure it is
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possible to see that both curves follow the same trend with-
out a divergence between those. Both also tend rapidly to
values closer to one as epochs pass.
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Figure 2. Evolution of the Categorical Accuracy through
the epochs

In figure 3 we show the confusion matrix of the model
where we can extract important information about the clas-
sification performance of the densely connected neural net-
work. In this matrix the total number of true positives,
true negatives, false positives and false negatives are rep-
resented together with their respective rates. We can then
use the information of this matrix to compute parameters
that best describe the performance of the model (accuracy,
precision, recovery and the F-score). From the observed
values, there is a total accuracy of 93%, precision of 100%
and 75%, recall of 91% and 100%, and an f-1 score of 95%
and 86% in the classification of control patients and with
COVID, respectively.

We can illustrate the success rate of the classification
performed by the densely connected neural network with
the help of a ROC curve. In this curve, the y axis cor-
responds to the true positive rate called “sensitivity” and
the x axis to the false positive rate called ”1-specificity”.
An ”ideal” point on this plot would be the one with values
close to one in specificity and sensitivity, so the closer the
points are to the top left corner, the better the classifica-
tion job was done, that is, larger area under curve (called
AUC) means better classification performance. Figure 4 is
the plot of the ROC curve for the classification. Here it is
possible to see that the value of the AUC is really close to
1 with an exact value of 0.956. That is a proof of the good
classification work done by the network.
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4. Discussion and conclusions

The present work made use of a densely connected neu-
ral network or commonly referred to as ’deep learning” as
a tool to distinguish between COVID patients and healthy
patients. We performed preprocessing utilizing several sta-
tistical features of the heart rate and used approximate en-
tropy (ApEn) on it to arrive at a good categorization result.
The proposed architecture shows great results despite the
limited number of patients, taking into account the rela-
tionship between precision and computation time. The
work only used 48 patients, where 24 corresponded to pa-
tients with COVID and 89 healthy patients. Despite this
data drawback, the model had a good evolution in loss and
categorical precision as we could see in the graphs of the
work. All of them converge and follow the same trend,
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the loss converging to values close to 0 and the accuracy
to 1. Also, from the total work of classification the model
reach an accuracy of 93%, which is a very good result that
denotes a satisfactory work of classification that could be
corroborated in the ROC curve presented, with an AUC
value of 0.956, very close to 1, with adequate values of
specificity and sensibility.

Regarding related works, it is important to mention the
work of Skibinska et al., which tests various machine
learning algorithms with different accuracy results, reach-
ing a maximum of 78% [16]. Another work that is relevant
to mention is the one presented by Diaz et al., where they
make use of deep learning and permutation entropy, ob-
taining an accuracy of 86.67% in the classification [17].
This work also makes use of a densely connected network
and information entropy due to its spectacular performance
when working with time series; however, the entropy used
is the approximate entropy (ApEn) and the discarding of
features is more rigorous. This, together with a good im-
plementation of data augmentation, gives us an accuracy of
93%, thus consisting of a significant percentage improve-
ment compared to previous works.

In conclusion, the excellent quality of the results demon-
strates the efficacy of using approximate entropy, feature
extraction, and the densely connected neural network as a
good classification tool.
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