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Abstract

The coronavirus disease 2019 epidemic (COVID-19) that arose has led to a key community medical hazard in
Wuhan, China. Indicators that could be utilized as best prognosticators for COVID-19 patients' experimental
results are crucial to be recognized. Machine learning (ML) is effective in helping to make decisions and
forecasts based on the vast volume of data generated by the healthcare sector. The most imaginable approach
to improving the probability of patient recovery is early detection of COVID-19 illness. In this article, a novel
approach named K-Nearest-Neighbour technique (CHI-KNN) was used to diagnose the stage of patients'
iliness, for which a chi-square algorithm was used to effectively select features to minimize the dimensions of
the dataset and increase the classifier speed. The greatest value for k was calculated utilizing an investigational
method to maximize the precision of the projected algorithm. The system was evaluated using the confusion
matrix in terms of accuracy, precision, and sensitivity. The system had a performance accuracy of 99.5%. The
study was also compared the proposed CHI+KNN algorithm with other previous researches.
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1. Introduction

It is an incredibly difficult process to diagnose disease and multiple studies are typically required for patients
to draw a detailed conclusion. This will cause us to utilize diagnostic instruments intended to aid physicians in
their decisions (Maleki, Zeinali & Niaki, 2021). The early decision reduces the time of recovery and can save lives.
All of these disorders are the malignant development of the lungs, which develops as the cells in the lung tissues
multiply uncontrollably (Maleki, Zeinali & Niaki, 2021).

In Wuhan, Hubei Province, China (Phelan, Katz & Gostin, 2020), an occurrence of acute respiratory syndrome
coronavirus (CoV) pneumonia arose in December 2019 and received intense interest globally (Ogundokun, &
Awotunde, 2020; Adeniyi, Awotunde, Ogundokun, Kolawole, Abiodun, & Adeniyi, 2020; Lukman, Rauf,
Abiodun, Oludoun, Ayinde, Ogundokun, 2020). The World Health Organization (WHO) identified the 2019
COVID-19 virus based on its recognition from the pharyngeal swab sample of a patient (Xu, Shi, Wang, Zhang,
Huang, Zhang, ... & Wang, 2020; World Health Organization, 2020; Daniyal, Ogundokun, Abid, Khan,
Ogundokun, 2020; Ogundokun, Lukman, Kibria, Awotunde, Aladeitan, 2020; World Health Organization, 2020).
SAS-nCov 2 is a CoV species that belongs to the largest, enveloped, single-stranded, positive-sense RNA virus
family (Su et al., 2016). In monitoring the growing severity of the COVID-19 pandemic, the science community
and infectious response organizations face immense challenges. The epidemic has spread exponentially across the
world by 26 June 2020, with more than 9,621,470 established incidents and 487,295 demises globally and it had
infected 213 countries (COVID-19 CoV-Update https://virusncov.com/, accessed 26 June 2020). The least
absolute regression of the shrinkage and selection operator (LASSO) was utilized to classify major severity
transition factors in patients with COVID-19 (Liu et al., 2020), and unsympathetically sick individuals showed
respiratory failure, severe breathing distress condition, cardiac failure, and septic tremor, which increased the
demise of persons with COVID-19 (Zhou et al., 2020).
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Earlier findings have found that elderly persons with asthma, heart disease, chronic breathing ailments, or
malignance have an elevated chance of mortality associated with COVID-19 globally (Guan et al., 2020; Huang
et al., 2020b; Ji et al., 2020; Wang et al., 2020; Wu & McGoogan, 2020; Zhou et al., 2020). To forecast COVID-
19 ailment in an organism, few models have been used, however. To forecast COVID-19 disease built on
monotonous test center evaluations, an accurate and robust model is therefore urgently needed. The early diagnosis
of badly infected individuals is of excessive importance and will help to maximize the utilization of scarce capital
and to ensure appropriate treatment.

Machine learning uses science algorithms to discern trends in extensive databases and to iteratively strengthen
this identifiable evidence with additional knowledge. In innumerable submissions, such as commercial, defense,
fund, internet-built existence, and falsification detection, medical diagnosis, and some other applications, these
algorithms are commonly used (Adebiyi, Ogundokun, & Abokhai, 2020; Adeyinka, Adebiyi, Akande, Ogundokun,
Kayode, & Oladele, 2019; Oladele., Ogundokun, Kayode, Adegun, Adebiyi, 2019; Ogundokun & Awotunde,
2020; Adegun, Ogundokun, Adebiyi, & Asani, 2020; Awotunde, Ogundokun, Ayo, & Matiluko, 2020; Adegun,
Akande, Ogundokun, & Asani, 2018) attaining to diverse sorts of knowledge collected uninterruptedly and over
multiple channels. Since medical knowledge is most commonly unavailable for open investigation, it may be a
difficult challenge to use these techniques to determine disease outcomes (Lynch et al., 2017).

Quite a few procedures, for instance, K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Naive
Bayes (NB), Classification Tree (C4.5), Gradient Boosting Machine (GBM), etc. are used in machine learning.
Although all of these approaches process knowledge otherwise, an insufficient lately projected ML techniques in
the field of finding tumor growth are reviewed chronologically in this section.

Chen et al., 2013 proposed a Fuzzy method utilizing KNN (FKNN) for analysis of Parkinson’s ailment (PD).
Besides, to discover the greatest unequal characteristics on which the ideal FKNN procedure was developed, they
used the key component analysis. They compared their scheme with the algorithm of the SVM and found that they
worked better with their proposed approach. The best precision of their FKNN for classification achieved 96.07
percent.

Odajima & Pawlovsky, 2014 claimed that with the sum of neighbors and the amount of knowledge exploited
for classification, the accuracy of the KNN system varies. In the meanwhile, descriptions of the variance of extreme
and least accuracy values with the sizes of the classification set and the number of neighbors were shown.

Iyer et al., 2015; Hayashi and Yukita, 2016; Sa’di et al., 2015; and Huang et al., 2015 utilized the Decision
Tree (DT) approach and obtained 77%, 84%, 77%, and 62% precision correspondingly.

Lynch et al., 2017 added to the SEER database several supervised learning classification methods for instance
Linear Regression (LR), DT, GRM, SVM, and a personalized ensemble to order survival for lung cancer patients.
The findings revealed that the GBM with a Root Mean Square Error (RMSE) value of 15.322 was the utmost
reliable of the five individual models used.

Hashi et al., 2017 used DT and KNN procedures from the Pima Indians Dataset to diagnose diabetes disorder,
using 768 datasets, all with 8 attributes, and achieved 90 percent and 77 percent accuracy correspondingly. This
means that, in terms of classification precision in this situation, the DT is the exceedingly supervised technique.

Khateeb and Usman, 2017 utilized NB, KNN, J48, and Bagging classifiers. ML classification procedures on
heart ailment data comprising of 303 cases, all with 14 characteristics were utilized. They split their investigational
findings into 6 instances and the KNN classifier using all 14 attributes found the maximum precision of 79.20
percent.

Pradeep and Naveen, 2018 utilized SVM, NBs, and C4.5 methods to assist specialists with improved cancer
survivability degree assumptions in the North Central Cancer Treatment Group (NCCTG) utilizing Lung Cancer
data collection. The findings indicate that C4.5 increases the estimation of lung tumors with an improvement in
the training data collection.

Joshi and Mehta, 2018 used a recognized ML procedure named KNN to validate its application on the
Wisconsin investigative Breast Cancer Dataset. 569 cases with 32 attributes and 2 classes were involved in the
dataset. They used two methods to minimize critical dimensionality Principal Component Analysis (PCA) and
Linear Discriminant Analysis (LDA) and found that KNN performed better with LDA than KNN and KNN with
PCA with 97 percent, 95 percent, and 96 percent precision correspondingly.
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Akben, 2018 used KNN, SVM and NBs pre-process results (CKD) to diagnose long-lasting kidney ailment.
They initially utilized the raw data techniques and pointed out that the description was not sufficiently precise to
attract therapeutic physicians. As such, immediately the data was pre-processed by the K-means clustering
technique, they employed the methods. The results showed that accuracy was meaningfully improved, particularly
for the KNN classifier, which attained 96 percent.

Lakshmanaprabu et al., 2019 established an amalgam procedure including an Optimal Deep Neural Network
(ODNN) and Linear Discriminant Analysis (LDA) to characterize Lung lumps as either malevolent or benevolent.
The ODNN was initially utilized in their work to draw out significant features from Computed Tomography (CT)
lung images, then LDA was utilized to decrease the dimensionality of the features. Lastly, to refine the ODNN, an
improved gravitational search procedure was used. Their algorithm's sensitivity, precision, and accuracy were
shown to be 96.2%, 94.2%, and 94.56%, respectively.

Therefore, to possibly diagnose the COVID-19 disease, we proposed the use of the Chi-square K-Nearest
Neighbor Chi-square-KNN) machine-learning algorithm. Chi-square was used for feature selection of the COVID-
19 datasets after which the datasets got was passed into the KNN ML classifiers and diagnoses are made based on
the reassure gotten from the implementation and related disease management measures need to be emphasized to
defend these patients against SAS-nCov 2.

The remainder of this article is formulated in the following way. Section 2 offers a summary of what has been
done in the literature on COVID-19 and which ML algorithms have been used. Section 3 outlines the proposed
methods meticulously, and the output of the projected procedure is evaluated in Section 4. Finally, this work is
concluded in Section 5 and proposes possible research.

2. Material and Methodology

This section discussed the materials such as dataset and methods such as the machine learning algorithm used for
the implementation of this investigation. The ML adopted in this study is Chi-Square and KNN algorithms and
they will be discussed in this section also.

2.1. Dataset

The dataset utilized for this investigation was gathered from the NCBI database. The dataset consists of a
sample pf 234 affected persons with COVID-19 (n=93), other virus-related (n=100), or non-virus-related (n=41)
acute respirational illnesses (ARIs). The datasets were downloaded from the following links:

https://www.ncbi.nlm.nih.gov/gds/?term=covid
https://www.ncbi.nIm.nih.gov/geo/download/?acc=GSE156063
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE156063.

2.2.Proposed system

The proposed system was implemented using MATLAB 2015. The system used COVID-19 datasets. The datasets
were passed into the feature selection algorithm in this case Chi-square to determine useful values or variables
from the datasets passed and also to rank the features according to their relevance. The K-Nearest Neighbour
(KNN) procedure which is an ML classification procedure was utilized for disease detection.

2.3.System block diagram

Figure 1 shows the proposed system block diagram. The COVID-19 datasets are loaded into the system after which
the Chi-square feature selection algorithm is used on it and then the remaining datasets are passed into the KNN
classifier algorithm. The system then classifies the datasets and the results gotten are evaluated.
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COVID-19 Dataset

Chi-square for feature selection

Evaluation of results

Figure 1. The proposed system block diagram

2.4. Chi-square (X?) feature selection algorithm

Chi-squared is an algorithm for the selection of features and has been used for feature selection (Jeung, Baek,
Beom, Cho, Her, Yoon, 2019; Wu, Jing, Liu, Ma, Yuan, Wang, et al., 2020) in various research papers. From each
feature and target variable, this algorithm calculates X2 and selects the required number of features with the best
X2 scores. If a function is independent of the target variable, the institution is uninformative in classifying
observations. For categorical properties in a data set, the Chi-square test is used. Between each feature and the
goal, we measure the Chi-square and pick the optimal number of features with the best Chi-square scores. It decides
whether the relationship between the two sample categorical variables represents their actual association in the
population.

2.5.K-Nearest Neighbour (KNN)

The KNN procedure is a popular ML method built on computer codes to give human-acquired knowledge to run
down and create. It is straightforward, spontaneous, quick to execute, and has an extensive variety of applications
practically ideal for various kinds of data structures. As a result, the KNN method has been widely used as a non-
parametric technique appropriate for non-inactive and non-linear active structures for forecast analysis in various
research areas: Davis and Nihan (1991) utilized the KNN technique in interim highway traffic forecasting.
Mehrotra and Sharma (2006) proposed a resampled KNN technique optimized for the utilization of manifold
prognosticator variables. Bannayan and Hoogenboom (2008) established a method to forecast the understanding
of instantaneous regular climate results by incorporating two separate approaches for the KNN method. Mangalova
and Agafonov (2014) considered a modeling technique to forecast the power generation of wind farm power
generators, and the KNN process was the fundamental modeling solution.

The performance of the KNN procedure is based on the data’'s demonstrative and comprehensive nature,
comparable to other data-driven procedures. As a standard regression method, the KNN procedure has an actual
basic operating process: k signifies the sum of the closest neighbors. In the training set, K training models can be
initiated, built on the distance extent technique, determine the k value to minimize the error, and the length of the
sample, I. In other words, the fundamental postulation of the KNN procedure is that an additional or reduced
amount comparable to that projected in the upcoming neighborhood may be initiated in the previous neighborhood.
The KNN method does not level the old data, particularly once distinct events transpire, the forecast performance
was improved compared to the parametric process.
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3. Results

The two machine learning algorithms were introduced using the kit MATLAB 2015. After the reduced COVID-
19 datasets were collected, the COVID-19 datasets were entered into the MATLAB and then moved into the PPSO
algorithm. The decreased dataset was then moved to the KNN classifier, and the outcome was collected. The
efficiency metrics used for the measurement is the uncertainty matrix, and some interfaces from the design and
testing of the framework are below.

234 Attributes loaded 15979 Instances loaded

GSE156063_swab_gene_counts..

NaN RR057e_0... RR057e_0... RRO57e_0... RR057e_0... RRO57e_0... RR057¢_0... A
1534 621 1903 2796 416 15
153 123 344 12 20
295 185 626 170 79
49 31
19 47 284 38 539
500 3m 20 Piz Select Data Category v
27 190 663 98 23
2540 91
136 87
337 209 12
219 18
146 21
315
175
64
808
128

LOAD |

SELECT FEATURES

PREDICT w

Figure 2. COVID-19 datasets uploaded

The COVID-19 datasets used for the implementation can be seen in Figure 2. The original COVID-19 datasets
inserted into the MATLAB are the basic interface in Figure 2 and the Chi-square algorithm was used for the
preprocessing point, which is the dataset extraction function.
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Figure 3. Reduced Dataset using Chi-square algorithm

Figure 3 shows the reduced COVID-19 datasets using the Chi-square algorithm.

Scatter Plot of ChiCovid
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<
o
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Figure 4. Scattered plot for the KNN

Figure 4 displays a dispersed K Nearest Neighbour map displaying the COVID-19 dataset classification for
disease identification and prediction.
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Confusion Matrix for: k-Nearest Neighbor

True class

TPR/FNR

Predicted class

Figure 5. Confusion matrix for Chi-square with KNN (CHI+KNN)

For the proposed method, Figure 5 displays the Chi-square and K Nearest Neighbor (KNN) confusion matrix.

3.1 K-Nearest Neighbour (KNN)

Using the confusion matrix, the established method was tested. Sensitivity, precision, specificity, accuracy, F1
ranking, negative predictive value, false-positive rate, false discovery rate, false-negative rate, and Matthews
correlation coefficient were the measurements used in this analysis.

The performance evaluation metrics of Chi-Square and KNN is calculated as follows:

TP+TN

Correctly Classified Instances (accuracy) = AT o
- _ TP
Sensitivity (Recall) = —— >
it _ TN
Specificity = — >
Precision = ®
TP+FP
F-measure = 2-RecallPrecision ¢

Recall+ Precision
For this system, the TP, TN, FP, and FN values are as follows
TP =2946
TN =1915
FP=6
FN =19

Table 2: Confusion matrix for proposed system evaluation

Measures Value

Sensitivity 0.9936
Specificity 0.9969
Precision 0.9980
Accuracy 0.9949
F1 Score 0.9958
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Negative Predictive Value 0.9902
False Positive Rate 0.0031
False Discovery Rate 0.0020
False Negative Rate 0.0064
Mathews correlation coefficient 0.9893

Table 2 displays the confusion matrix for the proposed assessment of the device, and it was shown that the system
had 99.8% precision, 99.4% sensitivity, 99.7% specificity, 99.5% accuracy, and 99.6% F1 score. This has
demonstrated that the method is an accurate and efficient one.

3.2 System Comparison

The system was compared with previous researches that had used machine learning algorithms, as shown in Table
3 below

Table 3. System comparison with previous researches

Authors ML Methods used Disease Accuracy  Sensitivity  Specificity  Precision
predicted

Lakshmanapr  Optimal deep neural Lung Images 94.6% 96.2% - 94.2%

abu et al, network (ODNN)and

2019 linear classification

analysis (LDA)

Babaoglu, AIRS, PSO, and KNN  Coronary 76% 86% 54% 82%

Findik, Ulker, artery

& Aygul, disease

2012

Proposed Chi-square and COVID-19 99.5% 99.4% 99.7% 99.8%

System KNN

4. Discussion

Compared with three previous pieces of analysis, the scheme was found to work better in terms of accuracy,
sensitivity, specificity, and precision in the proposed review. Lakshmanaprabu et al., 2019 used two ML algorithm
which is an optimal deep neural network (ODNN) and linear classification analysis (LDA) for lung cancer
prediction, and got a 94.6% of accuracy, 96.2% sensitivity, and 94.2% precision, Babaoglu, Fundik, Ulker &
Aygul, 2012 used three ML algorithms to predict coronary disease and had 76% accuracy, 86% sensitivity, 54%
specificity, and 82% precision. But our proposed study used a Chi-square algorithm on the COVID-19 datasets for
feature selection with KNN for prediction and monitoring and had an accuracy of 99.5 percent, 99.4 percent
sensitivity, 99.8 percent precision, and 99.4 percent specificity, which indicated that our proposed study worked
higher, efficiently and effectively.

5. Conclusions

Machine learning is a popular approach for predictive modelling, yet it does not play a significant role in combating
COVID-19. Machine learning can help define treatment effects, pharmaceutical views, diagnostic prediction, and
improve several facets such as the economy the recent worldwide pandemic can bring. Improving proposed
approaches with its risk factors should concern and present efficient algorithms for rapid prediction, and
improvement should be considered. In this study, Chi-square and KNN (CHI+KNN) was used for predicting the
novel Covid-19, and an accuracy of about 99.5% was attained. Health care has been assisted by frameworks to
evaluate the strength of suggestions over the years. Several algorithms for assessing and understanding machine
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learning have been proposed, and significant public categories of learners can help predict and analyse COVID-
19. In the future, several ML algorithms could be utilized to enhance the performance and compared with the state-
of-art, using other approaches such as probabilistic PCA, Probabilistic Partial Least Square with classifiers such
as DT, SVM, ANN, RF, and so on.
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