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Abstract

Aim: With the help of CT scans, we construct a detection module by adhering to a procedure for
COVID-19

Background: The current public health crisis, which is known as SARS-CoV-2, has resulted in a
number of fatalities and has caused extensive economic disruption worldwide.

Methodology: By adhering to a pre-processing, feature-extraction, and detection strategy, we are able
to construct a detection module that is capable of identifying COVID-19 patients via CT images.
Following the extraction of features using a Grey Level Co-occurrence Matrix (GLCM), the next step
in the image pre-processing process is classification using Graph Convolutional Networks (GCN).
Contribution:The objective of the simulation is to assess the performance of the model by making use
of a number of different CT imaging datasets that contain images depicting a significant number of
patients individually.

Findings: With a detection rate of 98% and a mean average percentage error (MAPE) that is lower than
0.2, the outcomes of the simulation reveal that the recommended method beats the traditional procedures
that are currently in use.
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1. INTRODUCTION

As the world continues to expand at a dizzying rate, the importance of technological growth is growing even in nations
that have already achieved high levels of development. Numerous facets of day-to-day life, including as education,
business, communication, military operations, and health care are becoming increasingly dependent on the uses of
new technology (Anno et al., 2022). When identifying symptoms and performing digital patient triage making accurate
diagnoses, the healthcare institution is an essential area that demands modern technology as soon as possible (Wang
et al., 2022).
A medication has not been able to cure the COVID-19 virus as of yet; however, the World Health Organisation has
allowed the use of numerous combination medications that are based on alcohol, hydrogen peroxide and isopropyl
alcohols due to the high reactivity level that these drugs have with the virus (Saravanan et al., 2023).
Some examples of diagnostic instruments that could potentially benefit from the implementation. One of the
approaches that are now to identify infections is a technology that is capable of functioning on its own, such as thermal
screening (Yadav et al., 2024).
For the purpose of determining whether the study addresses the existing knowledge gaps, the researchers utilised a
machine learning technique to investigate the COVID-19 literature (Saravanan et al., 2023). The advantages of these
Al-based techniques is the possibility of reducing the amount of time required to identify and cure COVID-19
infections, as indicated in (Shesayar et al., 2023).
Data mining with Al help enhance the accuracy of case discovery, which is especially important in light of the rapid
spread of the pandemic difficulties that it has brought about. The treatment of the health problem will then be more
successful as a result of this information. It is possible that artificial intelligence could be helpful in finding a solution
to the problem in a variety of different ways (Yu et al., 2022). COVID-19 was a pandemic that spread over the world
and posed a threat to human existence. According to systematic reviews (Yu et al., 2023), computers are capable of
doing a wide variety of tasks on their own by utilising statistical models and machine learning (ML) training
methodologies.
The accuracy of predictions made with the help of machine learning algorithms has made them all but routine in recent
years. The availability of a new database of low quality online is one of the challenges that machine learning methods
confront, however in comparison to more conventional approaches, these methods face less challenges. In order to
make predictions, the researchers made use of the most effective machine learning model that was suitable for the
dataset that they were working with (Fritz et al., 2022).
The use of machine learning in conjunction with data analytics makes it possible to identify patterns that were not
previously visible (Du et al., 2021). There has been a significant increase in the utilisation of machine learning
algorithms for the goal of finding and classifying risk indicators as well as the interactions that occur between them
(Sun et al., 2024).
Preprocessing, feature extraction, and COVID-19 patient detection are all utilised by the detection module of the
study, which makes use of previously published methods. The properties that are collected via the use of Graph
Convolutional Networks (GCN) and Grey Level Cooccurrence Matrix (GLCM) are the basis for which image
categorization is performed.
The novelty of the paper is given below:

o  With the help of CT scans, the authors construct a detection module by adhering to a procedure that involves

pre-processing, feature extraction, and patient detection for COVID-19.
e The process of extracting and classifying image features begins with the preprocessing of the images, which
is the initial stage in the process that ultimately results in GCN classification.

2. RELATED WORKS

The use of machine learning as a categorization model has a great deal of promise (La Gatta et al., 2020). To put it
another way, machine learning models are instruments that permit the establishment of the functional, dependent, or
structural relationships that exist between the variables that are input and those that are output. Explicit algorithms or
automated learning approaches will not be able to construct these relationships in the majority of circumstances (Li et
al., 2023).

Through the utilisation of ML, it is possible to forecast the confirmed cases and fatality rates in the future (Tariq et
al., 2023). It is divided into two categories by the components that are utilised to classify machine learning. Through
the utilisation of a fault-identification neural network, the implementation of a genetic algorithm enables the
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calculation of the suitable weight for merging data from the perception results of a large number of nodes, the
elimination of nodes that are not necessary, and the identification of problem nodes (Oliveira et al., 2022).

Artificial intelligence (AI), which encompasses a wide variety of learning strategies through its many different
methodologies. The following are some examples of machine learning models that make use of ML techniques:
classification, clustering, regression, dimensionality reduction, anomaly detection, and reward maximisation (Yang et
al., 2022).

In this context, SVM are used to undergo proper training on labelled sets. These training sets generally demonstrate
that, provided with sufficient data, machine learning models are produces a ground-truth. (Wang et al., 2022) contends
that the primary focus of UL algorithms is not on giving ground-truth results but rather on locating data patterns.
However, rather than using a convolutional neural network methodology, (Ma et al., 2022) analysed 184,319 reported
cases. This was in contrast to the supervised learning approach that they used in their earlier study. In order to uncover
strategies to prevent the SARS-CoV-2 epidemic from occurring again, researchers examine the medical records of
individuals who died from the virus. Developing a machine-learning that assist primary care clinicians in determining
which patients were at a high risk of getting COVID-19 and which patients would require intubation or mechanical
breathing was the goal that we set out to accomplish.

In the paper (Burkholz et al., 2021) developed a model that applies a number of different algorithms, one of which is
the K-nearest neighbours classifier, in order to accurately identify COVID-19 cases in patients by assessing medical
information in the appropriate context.

Supervised learning in (Wang et al., 2023) using neural network do data analysis. According to the findings of their
research, an embedded software platform that allowed to sped up the process of development, adoption, and rollout in
the healthcare industry. Therefore, even in the most complex situations, the system is capable of simulating automated
lung segmentation and opacity assessment to a human-level quality in as little as ten days, which makes it appropriate
for use in medical applications (Xie et al., 2022).

Supervisory learning and regression analysis were the methodologies that (Li et al., 2022) decided to use as their
approach of choice. The polynomial regression emerged as the clear victor among the four models that were assessed;
this model will serve the government well in both the short term and the long term as it assists in the planning of its
operations for the upcoming month. In addition, the programme included a well-known log, which assisted in the
maturation of the regression model and provided a forecast regarding the peak and end of the epidemic in the year
2020. In addition, each and every piece of information on the total number of COVID-19 instances is right at your
fingertips.

As a supplemental method for the investigation, they also made use of supervised learning and an artificial neural
network. When compared to other successful tactics, the findings demonstrated that machine learning models achieved
the highest level of accuracy in predicting significant COVID-19 patterns. Some research indicates that artificial
intelligence might be effective in properly estimating the risk of COVID-19 patients, which might improve the
management of outcomes and the efforts to triage patients (Jiang et al., 2022).

3. PROPOSED METHOD
Figure 1 illustrates the processes that were utilised to develop these models. Both the training and testing sets include

preprocessing, feature extraction, and classification as components of their respective sets. This would allow for
optimising the classification process.
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Figure 2: Proposed Disease Outbreak Prediction

GLCM Feature Extraction

A great number of image processing methods make use of a technique known as Grey Level Co-Occurrence Matrix
(GLCM) based feature extraction. For the purpose of determining the texture relationship between each individual
image pixel, the GLCM makes use of second-order statistics. In most cases, even two pixels will be sufficient for this
function. For the purposes of this discussion, the GLCM is responsible for determining the coupling frequency of
these pixel brightness values. It is a depiction of the frequency with which pairs of pixels appear, to put it another way.
An image must have a mathematical representation of its GLCM features in order to be considered. It is important
that the number of rows and columns in the matrix that you construct corresponds to the grayscale levels that are
present in the image. Within this matrix, the grey values that are present in each row and column represent the
statistical probability of the second order. The transient matrix, on the other hand, will be exceptionally large because
of the distributed nature of the intensity values. As a consequence of this, the existing workflow becomes significantly
more difficult. This analysis took into consideration the following qualities of the GLCM:

By making use of these characteristics, a GLCM feature matrix has the potential to describe an image with a reduced
number of parameters.

The research takes use of a technique that involves the extraction of features. In order to classify the pixels, this method

makes use of the following:
P-1

LBP(P,R)=) s(g,-g.)2"

P=0
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I x>0
s(x)=
0 x<0O
Where

gc - gray value of central pixels,

g, - neighborhood value for the center pixel.

P - total number of neighborhoods and

R - radius of the neighborhood.

We use LBP to generate feature matrices, each of which contains 10 features. Utilising these property for classifier
training is the next step.

GCN

GCN nodes allow for the replication of brain processes. Binary digits or a combination of the two are used by brain
neuronal connections to communicate and exchange information. Every neuron's precise weight determines its
function and part in the system. The levels comprising a GCN may be referred to as input, extraction, or classification
layers, depending on the describing party. Various people use various languages to define these stages. Every layer
must perform a certain function and convert input into meaningful data to add to the ultimate outcome. An important
component of neuronal activity is the activation and transfer function. Below are the steps needed to convert the
weighted input into the finished product:

Z=) =1 WiXitwph

where,

w - weight,

b — bias and

x — input

4. RESULTS AND DISCUSSIONS

We conducted the supervised machine learning algorithms in Python, which consists of 708 images of both benign
and malignant objects, using a laptop with an i5 CPU, 8 GB of random access memory (RAM), and a processing speed
of 2.8 gigahertz. With all the needed libraries installed, we could build models and examine correlations in a Python
notebook.

Use the following metric to determine whether or not something is accurate:

TP+1IN
TP+TN +FP+FN

Using the sensitivity metric, the following is an example of how to determine how accurate the model was in
estimating the percentage of patients who tested positive for COVID-19:

Accuracy =

L TP
Sensitivity = ————
TP+ FN
Specificity shows the proportion of patients whose negative results are in fact positive diagnoses, is as follows:
. TP
Specificity = ———.
TN + FP
where

TP - true positive,

TN - true negative,

FP - false positive and

FN - false negative.

With the help of an epidemiology dataset that had both positive and negative cases, the machine learning models for
COVID-19 infection were training. Some machine learning approaches, including GCN, SVM, and ANN, were
utilised in the construction of these models. Before beginning the process of creating the model, it was essential to
investigate the correlation coefficients that existed between the independent and dependent characteristics. All of the
dependent features in the dataset generate a strong positive correlation with the independent variables, which creates
a robust positive association. Only a modest correlation exists between the independent variable and any of the
associated dependent characteristics.
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These categories are positive and negative. By utilising this approach, we are able to train the model with eighty
percent of the data while simultaneously verifying the classifier with twenty percent of the data. Using sensitivity,
specificity, and accuracy measures, we are able to evaluate the efficiency and precision with which the models are
able to make predictions.

1
0.9
0.8

0.6

0.4

0.3

0.2

0.1

0
10 20 30 40 50 60 70 80 90 100

Testset

o
~N

Accuracy
©
(9]

M Logistic Regression M Decision Trees B SVMs & Naive Bayes B ANNs ® Proposed Method

Figure 3: Accuracy
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Figure 7: MAPE
DISCUSSION AND LIMITATIONS

Currently, there is a lack of a warning system for COVID-19 patients, which could potentially lead to a quicker
diagnosis. For the purpose of developing classification models for the virus, this research made use of a GCN
supervised learning dataset that contained both positive and negative COVID-19 cases. Through the use of their
respective accuracy measures, the results of analysing the overall performance of each model are displayed in Figures
3-7.

The research demonstrates that supervised machine learning models can effectively classify COVID-19 cases. Despite
the strong positive correlation between independent and dependent variables, the models as depicted in Figures 3-
Figure 6. Also, the further metrics like Sensitivity and specificity metrics further helps to evaluate the models'
performance, highlighting their potential in accurately predicting infections. However, limitations include the absence
of an early warning system for prompt diagnosis, underscoring the need for further refinement and real-world
application of these models.

5. CONCLUSIONS

This work includes a detection module that comprises preprocessing, feature extraction, and the identification of
COVID-19 patients through CT images. This module is present in this study. It is necessary to perform GLCM-based
fundamental image processing and feature extraction on the images before moving on to algorithmic classification. In
the course of the simulation, the researchers will have the opportunity to evaluate the model's capacity to predict CT
images from a wide variety of patients. Training the model uses up 80% of the data, while post-development testing
and evaluation use the remaining 20% of the data. The decision tree model emerged victorious with a success rate of
94%, despite the fact that every model was capable of producing accurate results. Additionally, when compared to the
average of the solutions that are currently available, the technique that has been suggested is 2% better than the
average. As a consequence of this, SVM models achieved a combined sensitivity and specificity of 93%, which was
superior to the performance of any other models. There is a possibility that in the future, additional enhancements to
feature extraction will be attainable with the assistance of advanced models that permit the possibility of a reduction
in the number of features.

In future enhancement this work focuses on integrating the machine or deep learning models into real time diagnostic
system which improves the accuracy and faster detection of Covid 19 disease. Also, it should focus on expanding the
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diverse dataset and comprehensive model of patient data set which improves the robustness and generalizability.
Efforts should also be directed towards developing an early warning system to enhance proactive healthcare responses.
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