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ABSTRACT
In late 2019, coronavirus disease (COVID-19), emerged in Wuhan city, Hubei, China and claimed a large number of lives and affected
billions all around the world. Accurate and scalable devices are essential for screening, diagnosis and monitoring of COVID-19
patients. In this Article, we first investigate the Electrochemical Impedance Spectroscopy (EIS) method and its limitations in
detecting the positive COVID-19 cases. Afterwards, we demonstrate a machine learning model to determine the optimal parameters
for designing an EIS method.
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INTRODUCTION
The severe respiratory syndrome coronavirus 2 (SARS-CoV-2)
can be transmitted rapidly from human to human. The World Health
Organization (WHO) has announced this disease as a pandemic due
to the reproduction number 2.2 for SARS-CoV-2 [1]. As far as the
implementations for terminating this pandemic is concerned, rapid
diagnosis is very important to control the spread of the virus which
can help patients to be monitored at the early stages of the infection
to get quarantined and treated [2,3].
There are a lot of detection techniques for viruses. The
simplest one is laboratory method. This method is based on the
epidemiological history of the patient and ancillary exams findings
such as CT-scan [4]. This method is applicable only after severe
signs of the infection. The most regular method which is used
vastly is the quantitative Reverse- Transcription Polymerase Chain
Reaction (RT-PCR). In this method RNA probes which have specific
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sequences are connected to the matched part of the RNA of the
virus. After matching RNA with the RNA probe, copies of the virus
RNA are made. This method is time consuming since amplification
is required [5]. The other used method is Enzyme Immunoassay
(EIA) or Enzyme-Linked Immunosorbent Assay (ELISA). ELISA
is based on the antibody and enzyme interaction which will give
a florescence signal. This serological test can be done only after
passing a few days of infection since the antibody made by the
immune system is going to be detected [6-8].

There are also bio-sensing methods which can be applied as
soon as the patient is infected. These methods can sense either
DNA/RNA of the virus or its structural proteins. The most concern
for these methods is the low sensitivity due to the high number
of intrusive factors. The most rapid and low-cost bio-sensing
method is Electrochemical Impedance Spectroscopy (EIS). EIS
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uses alternating current (AC) signal to investigate the impedance
characteristics of a cell. The AC signal is probed by application of
voltage v at frequency f to electrodes with spacing d between them
to generate the impedance changes ∆Z versus time [9-12].

The schematic diagram of an EIS device is illustrated in Figure 1
that shows the number of intrusive resistances [13]. In this study, our

goal is to develop a method for improving EIS sensitivity based on
a regression model borrowed from machine learning. Particularly,
our model can predict the ∆Z based on given parameter values for
d, f, v and other relevant parameters. While the parameters of our
model are limited to the ones mentioned above, our model can
easily be extended to determine other parameters interfering in
EIS such as sample handling and time of incubation of the sample.

Figure 1: Schematic diagram of the hardware structure of the Impedance detector.

EIS Detection of COVID-19
As all of the connections in the EIS device have their own
resistance, the effect of their resistance on ∆Z is a limitation of
this technique which also is variable for different devices with
different connection parts and materials. In EIS detection, there
is significant change in total impedance of the system within just
a few seconds after introducing the sample. This is because of
the interaction of the protein/RNA of the virus with the electrode
which changes the properties of the double layer such as charge
distribution, dimension, and shape. This alteration impacts
dielectric constant and the conductivity of double layer. Therefore,
the overall impedance of the system is changed [14]. The difference
of impedance ∆Z in this technique is considered as the detection
item i.e., if ∆Z is greater than a threshold, a positive COVID-19 case
will be reported.
After binding the protein/DNA with the probes in the electrode
surface, the impedance is increased from 0 to 0.25 ω [13]. It should
be considered that the change in impedance is dependant on the
applied frequency. Dipoles will not react with the overall impedance
if the applied signal is more than 1 MHz. In general, the changes in
the impedance is more detectable in lower signal frequencies such
as 10 KHz. Therefore, we are motivated to develop a method to
predict the impedance change Z as a function of frequency f .

There are some other factors that limit the detection sensitivity
of the EIS technique. The hardware noise, the spacing between
interdigitated electrodes, the electrode type, and electrode coating
of insulative material are some examples factors that change the
sensitivity of the device.
C 2020 Open Access Journal of Biomedical Science

In the next section, we propose our method based on machine
learning to process the data of impedance change of all of the
previous tested people with inserting all of the parameters such as
electrode type, electrode coating, spacing between interdigitated
electrodes, voltage applied, etc., that limit the sensitivity of the
method. By processing this data, we can adjust the impedance
change to a more accurate number.

Proposed Method

The mentioned limitation of the EIS detection for COVID-19
motivated us to develop an algorithm for optimizing the EIS
procedure. Recent advances in hardware design have made machine
learning algorithm very popular where a sufficient amount of data
is available [16,17]. Also, Artificial intelligence and in particular
machine learning provide a promising tool that can be extended in
pinpointing the problems rising from COVID-19 pandemic [18].
Assume we have features as frequency f, Voltage v spacing
between the electrodes d, time of sample incubation as t, material of
the electrodes, and the threshold of Impedance change ∆Z indicating
a positive COVID-19 case as τ. We propose a supervised learning
model to determine the optimum threshold value τ according
to the given features. In Machine learning, such an algorithm to
predict a parameter of interest from given experiments is known
as regression. Namely, our goal is to predict τ from a set of given
parameters x.

Deep neural networks (DNN) are one of the most studied
approaches due to their high accuracy. In our study, a regression
model based on artificial neural networks can be mathematical
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(1)

where W are weights of the neural network and x is the vector of
features according to which we aim to predict τ. Fitting this model
on our dataset i.e. determining the weights of the DNN comprises
the following steps:

Data Preparation

In order to prepare a comprehensive dataset for our model, a
large amount of data from three categories will be collected. In
particular, in the case of detecting the COVID-19 using EIS, one
needs to prepare a dataset consisting of not only COVID-19 cases,
but also healthy cases as well as hypothetically similar viral cases
that resemble similar symptoms as of COVID-19 cases. Such a
comprehensive dataset further enables the model to properly
determine the optimized parameters for EIS detection. The n
combination of features will then go through the EIS detection
procedure designed according to pre-recorded feature values xi =
[f, d, t, v, ..], i = 1, . . . , n. The impedance change for each case is
recorded as
Next, the collected data is required to be annotated by an expert
to determine the threshold τ for the positive cases and preparing
the data for the next step which is training the DNN.

Training and Testing the DNN

In order to train our deep neural network, we use the positive
COVID-19 cases and minimize the loss function to determining the
thresholds τi.

(2)

During the test set for any value of the feature vector x, we
apply the model to get the optimal value for parameter of interest
(threshold τ for impedance change) predicted by the deep neural
network [19].

Limitation of our Proposed Method

In the case of the new COVID-19 virus, there is a lack of high
quality and well-annotated datasets. On the other hand, there exist
a vast amount of information and dataset on other pneumoniarelated diseases (e.g. Influenza-A).

The results of our proposed method are awaiting the proper
dataset for clinical testing centers and we invite the scientific
community in to contribute in preparing a proper dataset for the
proposed study in this paper.

After preparing the dataset and designing the DNN model
proposed in this paper, there exist one essential challenge that
one might face in all other aforementioned stages for training
and testing the DNN: In machine learning, the testing and training
stages are closely related and a successful training might not result
in a good performance in testing stage. For instance, if the neural
network has a parameter W with high dimension to be optimized
and the training set has a limited size, the model is susceptible to
”generalization error” also known as ”over-fitting”, leading to a
small training error and a large test error. In such a case, one needs
to either provide more data via either collecting new samples or
using advanced techniques used by machine learning engineers
such as data augmentation techniques, or to change the underlying
model entirely.
C
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Electrochemical Impedance Spectroscopy (EIS) is a wellestablished and known procedure for detecting different types of
biomolecules such as proteins and nucleotides. However, it has
lower sensitivity in comparison to the traditional methods such
as PCR. Thus, it is newly introduced for COVID-19 detection. As
a result, the improvement of this method is highly promising for
the rapid and low-cost detection of the COVID-19. In this paper, we
proposed a method using machine learning algorithms to improve
the EIS technique based on a dataset of previously tested cases.
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