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1. Abstract  52 
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The COVID-19 virus spread from China throughout the world, causing out of control 53 

challenges to the public health community. During the epidemic, it is difficult to act against 54 

infectious disease due to its unknown trends, so the spread prediction becomes difficult in light 55 

of the scarce data. With the absence of treatment for COVID-19 infection, countries have taken 56 

some mitigation steps and policies, such as general lockdown and social distance measures, but 57 

there has been variation in the extent of viral spread due to several additional factors. Prediction 58 

methods based on Artificial intelligence (AI) and Machine Learning (ML) can help in 59 

suggesting new policies or even assessing the effectiveness of the existing ones. Such methods 60 

have attracted wide attention from researchers implementing statistical modeling and machine 61 

learning methods.  62 

The objective of this study is to examine different supervised classification approaches to detect 63 

the degrees of possibility of Coronavirus disease infection in different countries. Naïve 64 

Bayesian Classifier (NBC), Decision Tree Classifier (DTC), Linear Discriminant Analysis 65 

(LDA), Support Vector Machine (SVM) and Artificial Neural Network classification (ANN) 66 

are machine learning algorithms used for the prediction of coronavirus disease cases according 67 

to the time of their evolution while considering data collected from official reports and scientific 68 

journals. Since we collected mixed data, we suggested to also apply the supervised classifiers 69 

available for mixed data, such as Extended Gamma (EG) and Naive Associative Classifier 70 

(NAC).   71 

The results showed that ANN and DTC supervised algorithms allow better discrimination 72 

between the degrees of possibility of Coronavirus disease infection among advanced methods 73 

like NBC, SVM, NAC, EG and LDA. 74 

 75 
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3. Introduction  109 



 110 

In December 2019, the novel coronavirus appeared in Wuhan city in China [1] as the first case 111 

was reported to the World Health Organization (W.H.O) on 31 December 2019. The virus 112 

created a global threat and was announced as coronavirus disease (COVID-19) by the W.H.O 113 

on 11 February 2020. The COVID-19 epidemic caused serious global socio-economic turmoil 114 

[2]. As of 29 July 2020, more than 17 million cases were recorded. The virus was detected in 115 

215 countries causing more than 665,000 deaths [3]. 116 

 117 

The early detection of any disease, whether it is infectious or not, is a critical task for rapid 118 

treatment to save more lives [4]. Fast diagnosis and screening processes help prevent the spread 119 

of pandemic diseases like SARS-CoV-2 [5]. Moreover, predicting the probability degree of 120 

getting infected with covid-19 may help national authorities in taking proactive mitigation 121 

measures to contain possible epidemic waves of infections. The biggest challenge is to build a 122 

technique to improve the detection of covid-19 disease. Several Data Science and Artificial 123 

Intelligence techniques have been used to aid the Coronavirus Response [6, 7]. In the literature 124 

review, deep learning methods to predict the structure of proteins and their interactions with 125 

chemical compounds to facilitate new antiviral drugs/vaccines or recommend current drugs is 126 

widely used [8]. A machine learning-based prognostic model to predict if a patient infected 127 

with Covid-19 would survive the infection based on age and other risk factors [9]. Data-Based 128 

Analysis, Modelling and Forecasting infection rates and spread/patient prognosis to enable 129 

hospitals/health officials to better plan resourcing and response [10]. 130 

 131 

Machine learning technologies are used to improve the accuracy of prediction for screening 132 

both infectious and non-infectious diseases [11]. The machine learning methods were used in 133 

modeling former pandemics (e.g., Ebola, Cholera, swine fever, H1N1 influenza [12], dengue 134 



fever [13], Zika, oyster norovirus [14]). Table 1 represents notable Machine Learnings methods 135 

used for outbreak prediction. 136 

 137 

Table 1. Notable Machine Learning techniques for outbreak prediction 138 

References Outbreak 

infection  

Machine learning 

methods 

Resources used to collect data 

Geospatial 

Health [15]  

Dengue fever  Neural Network  The computerized database for 2016 has 

been obtained from Taiwan Centers for 

Disease Control (Taiwan CDC, 2016), 

which contains all national dengue fever 

records daily from 1998, including age, 

gender, township of residence and time of 

disease onset. 

Malaysian 

Journal of 

Public Health 

Medicine [16]  

Dengue/Aedes  Bayesian Network  The Aedes outbreak database sourced 

from the Ministry of Health at pre-

determined localities around the Klang 

Valley, Malaysia. 

Global Ecology 

and 

Biogeography 

[12]  

H1N1 flu  Neural Network   Data on the prefectural distribution of the 

H1N1 influenza pandemic in 2009 were 

provided by the Ministry of the 

Environment of Japan. 

Current Science 

[17]  

Infectious 

Disease 

Modelling [18] 

Dengue  Naïve Bayes 

Classification and 

regression tree 

(CART)  

The data has been collected on the monthly 

dengue cases from the Government of the 

National Capital Territory (NCT) of Delhi 

(India). 

Environment 

International 

[19]  

Oyster norovirus  Neural Network  The epidemiological data were obtained 

from various online data sources. 

Specifically, historical norovirus 

outbreaks in Louisiana oyster harvest 

areas were collected from Louisiana 

Morbidity Reports released by Louisiana 

Department of Health and Hospitals 

 139 



Another recent study presents a comparative analysis of machine learning and soft computing 140 

models to predict the COVID-19 outbreak as an alternative to Susceptible- Infectious-Removed 141 

(SIR) and Susceptible-Exposed-Infectious-Removed (SEIR) models. Among a wide range of 142 

machine learning models investigated, two models showed promising results (i.e., multi-143 

layered perceptron, MLP, and adaptive network-based fuzzy inference system, ANFIS) [20]. 144 

Also, Machine learning and deep learning can replace humans by giving an accurate diagnosis 145 

[21]. The perfect diagnosis can save radiologists’ time and can be cost-effective than standard 146 

tests for COVID-19. X-rays and computed tomography (CT) scans can be used for training the 147 

machine learning model. Several initiatives are under-way in this regard. Wang and Wong 148 

developed COVID-Net, which is a deep convolutional neural network, which can diagnose 149 

COVID-19 from chest radiography images [22]. Moreover, Recent studies [28] show the 150 

potential of Artificial Intelligence and Machine Learning tools by suggesting a new model that 151 

comes with rapid and valid method SARS-CoV-2 diagnosis using Deep Convolutional Network 152 

[23, 24]. In this regard, the remarkable performance suggests the use of the convolutional neural 153 

network (Resnet-101) as an adjuvant tool for increase the accuracy of Covid-19 diagnosis. 154 

Recent studies used the supervised machine learning techniques for classifying the text into 155 

four different categories COVID, SARS, ARDS and Both (COVID, ARDS). Logistic 156 

regression and Multinomial Naïve Bayes showed better results than other ML algorithms for 157 

detecting COVID-19 using clinical text data set [25].  158 

 159 

In a comparative analysis framework between various supervised machine learning algorithms 160 

in diagnosing COVID-19 infections, Pijush Dutta implemented bagging algorithm, k-nearest 161 

neighbor, and random forest for classifying the datasets of COVID-19 [26]. Random Forest 162 

gave better results with employing accuracy of 85.71%. Haochen Yao and Nan Zhang built a 163 

COVID-19 severeness detection model based on supervised machine learning algorithms [27], 164 



and obtained the best model using the Support Vector Machine algorithm (SVM) with 28 165 

features and overall accuracy of 81.48%. Mahbubunnabi Tamal trained a supervised machine 166 

learning algorithms to distinguish between COVID-19 and other diseases, where he found that 167 

SVM and Ensemble Bagging Model Trees (EBM) when trained on 71 radiomics features can 168 

distinguish between COVID-19 and other diseases with an overall sensitivity of 99.6% and 169 

87.8% and specificity of 85% and 97% respectively [28]. Davide Brinati developed two 170 

machine learning classification models using hematochemical values from routine blood exams 171 

to discriminate between patients who are either positive or negative to the SARS-CoV-2 [29]: 172 

their accuracy ranges between 82% and 86%, and sensitivity between 92% and 95%. 173 

 174 

Due to the highly complex nature of the COVID-19 outbreak and variation in its behavior from 175 

nation-to-nation, this study suggests applying the machine learning as an effective tool to model 176 

the detection and improve the accuracy of prediction for screening coronavirus disease 177 

(COVID-19) according to the time of their evolution (in days) in different country. Various 178 

supervised machine learning algorithms exist in the literature. The best-known are Linear 179 

Discriminant Analysis (LDA) [30], Naïve Bayes Classification (NBC) [31], Decision Tree 180 

Classification (DTC) [32, 33], and Support Vector Machine Classification (SVM) [34], 181 

Artificial Neural Network (ANN) [35]. Since we collected mixed data, I strongly suggested 182 

comparing the classifiers available for mixed data, such as Extended Gamma Associative 183 

Classifier (EG) [36], Naive Associative Classifier (NAC) [37]. Irrespective of the method 184 

chosen, the use of Cross-validation is a model assessment technique used to evaluate a 185 

supervised classification algorithm’s performance in making predictions on new COVID-19 186 

datasets that it has not been trained on. This paper aims to investigate the generalization ability 187 

of the proposed Machine Learning models and the accuracy of the proposed models for 188 



detecting the degrees of possibility of Coronavirus disease infection from official reports of 189 

COIVD-19 data. 190 

 191 

4. Mathematical Methods 192 

The goal of supervised learning is to build a concise model of the distribution of class labels in 193 

terms of predictor features. The resulting classifier is then used to assign class labels to the 194 

testing samples where the values of the predictor feature are known, but the value of the class 195 

labels are unknown. The classifier’s evaluation is most often based on prediction accuracy (the 196 

percentage of correct prediction divided by the total number of predictions) [38]. There are at 197 

least three techniques which are used to calculate a classifier’s accuracy. One technique is to 198 

split the available data by using part of them for training and the other for estimating 199 

performance, for example two-thirds for training and the other third for testing. In the second 200 

technique, known as cross-validation, the training set is divided into mutually exclusive and 201 

equal sized subsets and for each subset the classifier is trained on the union of all the other 202 

subsets. The average of the error rate of each subset is therefore an estimate of the error rate of 203 

the classifier. The third technique is the leave one out validation, which is a special case of cross 204 

validation. All test subsets consist of a single sample. This type of a validation is more 205 

expensive computationally, but useful when the most accurate estimate of classifier’s error rate 206 

is required. 207 

Supervised classification is one of the tasks most frequently carried out by so-called artificial 208 

intelligence. Many techniques have been developed based such as Logic-based techniques, 209 

Perceptron-based techniques, Bayesian Networks, etc. In this application, we have chosen 210 

Decision Trees classifiers as logic learning methods, and Linear Discriminant Analysis, 211 

Support Vector Machines and Naïve Bayes Classification as statistical learning algorithms. 212 

These techniques are widely used in several research areas, such as biology, medicine fields 213 



and advanced technology [35]. Conversely to artificial neural network, statistical approaches 214 

are characterized by having an explicit underlying probability model, which provides a 215 

probability that a sample belongs in each class, rather than simply a classification. In addition, 216 

the perceptron-based techniques require several parameters which must be studied such that the 217 

size of hidden layers and number of neurons. For this, it is difficult to adapt the neural network 218 

method as an objective function in the methods of selection of variables such as Genetic 219 

Algorithms. 220 

Let 𝐗 =  {𝐱𝐣}𝑗=1𝑛
 be a training set of 𝑛 samples of observed variables, where each sample is 221 

represented by an S-dimensional vector and let 𝑐𝑘 denoting the class membership of 𝐱𝒋, where 222 𝑐𝑘  ∈ {𝑐1, … , 𝑐𝐾} with K denoting the number of classes of training set.  223 

 224 

4.1.Naive Bayesian classifier  225 

The naïve Bayesian classifier (NBC) is based on Bayes' theorem and predicting independence 226 

requirements. A naïve Bayesian model is simple to construct since it does not need costly 227 

iterative parameter estimates, resulting in a quick computing time for training [39]. 228 

Given 𝐱𝒋 = [𝑥𝑗1, … , 𝑥𝑗𝑠 , … , 𝑥𝑗𝑆]𝑇 ∈  ℝS, selection of observed data retrieved from the training 229 

data set X and belonging to the class  𝑐𝑘. The Naïve Bayes classifier can predict that 𝐱𝒋 belongs 230 

to the predicted class �̂� with the following Maximum a Posteriori Probability (MAP) based on 231 𝐱𝒋 :  232 MAP(𝐱 = 𝐱𝒋) = arg 𝑚𝑎𝑥𝑘∈{1,…,𝐾} 𝑃(𝐶 = 𝑐𝑘|𝐱 = 𝐱𝒋).                     (eq. 1) 233 

According to Bayes’ theorem, the probability 𝑃(𝐶 = 𝑐𝑘|𝐱 = 𝐱𝒋) that we wish to calculate 234 

could be defined in terms of 𝑃(𝐶 = 𝑐𝑘), 𝑃(𝐱 = 𝐱𝒋|𝐶 = 𝑐𝑘) and 𝑃(𝐱 = 𝐱𝒋) as 235 

𝑃(𝐶 = 𝑐𝑘|𝐱 = 𝐱𝒋) = 𝑃(𝐱=𝐱𝒋|𝐶=𝑐𝑘)𝑃(𝐶=𝑐𝑘)𝑃(𝐱=𝐱𝒋)  ,                          (eq. 2) 236 

where 𝑃(𝐱 = 𝐱𝒋) in the denominator may be discarded since it does not rely on C, and the 237 



value of C, and the value of 𝑃(𝐱 = 𝐱𝒋) is a known constant. 𝑃(𝐱 = 𝐱𝒋|𝐶 = 𝑐𝑘) is called the 238 

Class-conditional Probability Distribution (CPD). Thus, [40, 41] gives the computation of the 239 

Nave Bayes classifier: 240 MAP(𝐱 = 𝐱𝒋) = arg 𝑚𝑎𝑥k∈{1,…,𝐾} 𝑃(𝐱 = 𝐱𝒋|C = 𝑐𝑘)𝑃(𝐶 = 𝑐𝑘).   (eq. 3) 241 

The likelihood of a classification error, often known as the classifier's risk, is defined as [31]: 242 𝑅𝑁𝐵𝐶(𝐱𝒋) = ∑ 𝟏𝐶(𝐱=𝐱𝒋)≠�̂�(𝐱=𝐱𝒋)𝑃(𝑿 = 𝒙𝑗)𝒙𝑗∈𝐗 = 𝐸𝑿 {𝟏𝐶(𝐱=𝐱𝒋)≠�̂�(𝐱=𝐱𝒋)},  (eq. 4) 243 

where 𝟏C(𝐱=𝐱𝒋)≠Ĉ(𝐱=𝐱𝒋) is the indicator function and 𝐸𝑿 is the expectancy over X and 244   C(𝐱 = 𝐱𝒋) is the real class which the vector 𝐱𝒋 corresponds and �̂�(𝐱 = 𝐱𝒋) is the expected 245 

class of  𝐱𝒋 provided by the NBC method. The Bayes error is the rate of misclassification (Bayes 246 

risk). When addressing classification issues, the Bayes risk is frequently specified as the 247 

reference. It is the least error rate when the distribution is given. 248 

 249 

4.2.Linear Discriminant Analysis  250 

Linear Discriminant Analysis (LDA) is a dimensional reducing and classification approach 251 

that has been widely used to the analysis of spectral data. Consider the challenge of allocating 252 

a sample of observed variables retrieved from the training set 𝐱𝒋 to the class 𝑐𝑘 in a classification 253 

task. The categorization score is calculated as follows:  254 𝑐𝑓(𝐱𝒋) = (𝐱𝒋 − 𝜇𝑘)𝑇Σk−1(𝐱𝒋 − 𝜇𝑘) + ln|Σk| − 2 ln[𝑃(𝐶 = 𝑐𝑘)]                 (eq. 5) 255 𝑃(𝐶 = 𝑐𝑘)  is the prior probability of class 𝑐𝑘, Σk is the class covariance matrix of class 𝑐𝑘, 256 

and 𝜇𝑘 is the mean vector of class 𝑐𝑘, and they are calculated by 257 𝜇�̂� = 1𝑛𝑘 ∑ 𝐱𝒋𝑛𝑘𝑗=1                                                          (eq. 6) 258 

Σ�̂� = 1𝑛𝑘 ∑ (𝐱𝒋 − 𝜇𝑘)(𝐱𝒋 − 𝜇𝑘)𝑇𝑛𝑘𝑗=1                           (eq. 7) 259 

𝑃(𝐶 = 𝑐𝑘)̂ = 𝑛𝑘𝑛                                                         (eq. 8) 260 

where 𝑛𝑘 represents the number of samples in class 𝑐𝑘, and n represents the total number of 261 



samples in the training dataset. The sample 𝐱𝒋 is classified as belonging to the class with the 262 

lowest classification score [32]. 263 

When the class covariance matrices are believed to be equal, a pooled covariance matrix is 264 

formed. 265 

    Σpooled = 1𝑛 ∑ 𝑛𝑘Σ𝑘𝐾𝑘=1                                            (eq. 9) 266 

and is substituted for the class covariance matrix in eq. (5). Without taking into account 267 

constants, the following classification rule for LDA is produced. 268 𝑐𝑓(𝐱𝒋) = (𝐱𝒋 − 𝜇𝑘)𝑇Σpooled−1 (𝐱𝒋 − 𝜇𝑘) − 2 ln[𝑃(𝐶 = 𝑐𝑘)]           (eq. 10) 269 

Equation (10) relates to the Mahalanobis distance when the prior probability 𝑛𝑖 is constant. The 270 

LDA classifier's error rate 𝑅𝐿𝐷𝐴, which is defined as: 271 𝑅𝐿𝐷𝐴(𝐱𝒋)  =   1𝑛 ∑ |𝑠𝑖𝑔𝑛(c𝑘(𝐱𝒋) − �̂�𝑘(𝐱𝒋))|𝑛𝑗=1  ,                 (eq. 11) 272 

with 𝒙𝒋 belonging to the class 𝑐𝑘 as determined by the LDA method classifier in the class �̂�𝑘 273 

4.3.Decision Tree Classifier  274 

A decision tree classifier is a non-parametric classifier that does not require any a priori 275 

statistical assumptions to be made regarding the distribution of data [43]. The basic structure of 276 

the decision tree, however, consists of one root node, a number of internal nodes and finally a 277 

set of terminal nodes [44]. A node is a subset of the predictors that is used to determine a split. 278 

A non-terminal node or parent node is a node that is further split into two child nodes. Growing 279 

a tree consists of selecting the optimal splits to determine a non-terminal node, and the 280 

assignment of each terminal node to a class. The data is recursively divided down the decision 281 

tree according to the defined classification framework. 282 

Classes are simply assigned to a terminal node by observing which class is mostly commonly 283 

observed in that region of the tree. Thus, the challenge is to optimally choose the best variable 284 

and split that variable to maximize the purity or similarity among the responses. The impurity 285 



of a parent node 𝜏, denoted 𝑖(𝜏), is zero when all observations are in the same class. A split s 286 

is determined by selecting the best predictor and split value that optimizes the highest reduction 287 

in purity [45, 46]  288 ∆(𝑠, 𝜏) = 𝑖(𝜏) − ∑ 𝑝(𝜏𝑏 𝜏⁄ )𝐵𝑏=1 𝑖(𝜏𝑏)                               (eq. 12) 289 

 290 

where 𝜏𝑏 denotes child node b, 𝑝(𝜏𝑏 𝜏⁄ ) is the proportion of observations in 𝜏 that are assigned 291 

to 𝜏𝑏, and B is the number of branches after splitting. Two common impurity functions are the 292 

entropy criterion [33] 293 𝑖(𝜏) = − ∑ 𝑝𝑘 log2(𝑝𝑘)𝐾𝑘=1                                      (eq. 13) 294 

and the Gini index criterion 295 𝑖(𝜏) = − ∑ 𝑝𝑘2𝐾𝑘=1                                                      (eq. 14) 296 

where 𝑝𝑘 is the proportion of observations in class 𝑐𝑘 with 𝑘 ∈ {1, … , K}. Pruning is based 297 

upon successive steps of removing lower branches that lead to improved classification rates. 298 

Once the final tree is determined by ∆(𝑠, 𝜏), it is natural to evaluate its predictive performance 299 

by comparing the observed class to the predicted class from the CT for observation 𝐱𝒋. In a 300 

terminal node 𝑚, representing a region 𝑅𝑚 with 𝑛𝑚 observations, let  301 �̂�𝑚𝑘 = 1𝑛𝑚 ∑ 𝟏𝑐𝑘(𝐱𝒋)𝑛𝑚𝑗=1                                          (eq. 15) 302 

denote the proportion of class 𝑐𝑘 observations in terminal node m. We classify the observations 303 

in node m to class 304 𝑐𝑘(̂𝐱𝒋) = argmaxk 𝑝 ̂𝑚𝑘                                            (eq. 16) 305 

The misclassification error rate is simply the proportion of observations in the node that are not 306 

members of the majority class in that node. 307 𝑅𝐷𝑇𝐶(𝐱𝒋) = 1𝑛 ∑ (1 − max𝑘 (𝑝 ̂𝑚𝑘(𝐱𝒋))𝑛𝑗=1                                       (eq. 17) 308 

 309 



4.4.Multi-Class Support Vector Machine (SVM) 310 

Support vector machines (SVMs) are a type of learning algorithms that are used for 311 

classification and regression. SVM classifiers, like Decision Trees, are non-parametric [47]. 312 

The one-against-all technique [48] is now the most fundamental technique for implementing 313 

SVM multi-class classification. K binary SVM models are built in this simplest application of 314 

the SVM to a K-class issue. Class c k is isolated from the other classes in the kth class SVM 315 

problem. To create a final multi-class classifier, all k binary SVM classifiers are concatenated. 316 

The term "remaining" refers to the fact that all data points from classes other than 𝑐𝑘 are merged 317 

to form a single class 𝑐𝑙. Using the usual SVM technique [42], the ideal hyperplane that 318 

separates data points from the class 𝑐𝑖 and the combined class 𝑐𝑙 is obtained. The best separating 319 

hyperplane distinguishing the classes 𝑐𝑖 and 𝑐𝑘 is denoted as: 320 𝑔𝑘(𝐱𝒋) =  𝐰𝒌. 𝜑(𝐱𝒋) + 𝐛𝒌      𝐤 ∈  {1, … , K}                (eq. 18) 321 

where 𝐰𝒌  ∈ ℝS is the weight vector, b is the bias, and the transfer function 𝜑 maps the training 322 

data into an appropriate feature space ℝS to allow for complex nonlinear surfaces. The 323 

following minimization is used to estimate the parameters of the decision function 𝑔𝑘(𝐱𝒋): 324 min 𝐽(𝐰𝒌, 𝜉) = 12 ‖𝐰𝒌‖2 + 𝐶 ∑ 𝜉𝑗𝑛𝑗=1                                (eq. 19) 325 

subject to  326 𝑦𝑗(𝐰𝐤 T 𝜑(𝐱𝒋) + 𝐛𝒌 ) ≥ 𝟏 − 𝜉𝑗        𝜉𝑗 ≥ 𝟎 ; 𝑗 = 1 … n,     (eq. 20) 327 

To loosen the separability restrictions in with scalar 𝑦𝑗  ∈ {−1, +1} signifying its class label, 328 C ∈ ℝ+ is a regularization constant, and 𝜉𝑗 is a slack variable (eq. 19). 329 

The 𝑓𝑘(𝐱𝒋) decision rule, which allocates the vector 𝐱𝒋 to the class 𝑐𝑘 provided by: 330 𝑓𝑘(𝐱𝒋) = 𝑠𝑖𝑔𝑛(𝑔𝑖(𝐱𝒋))                                           (eq. 21) 331 

The fundamental challenge with this strategy is that the classifier outputs 𝑓𝑘(𝐱𝒋) are binary 332 

numbers. The standard approach to this problem is to disregard the sign-operator in eq. 21. We 333 



say 𝐱𝒋 is in the class with the biggest value of the decision function and is provided by after 334 

finding all the optimum hyperplanes given by 𝑔𝑘(𝐱𝒋) for 𝐤 ∈  {1, … , K}. 335 𝑐𝑘(̂𝐱𝒋) = argmax𝑘 𝑔𝑘(𝐱𝒋)                                        (eq. 22) 336 

The index of the biggest component of the different classifiers 𝑔𝑖(𝐱𝒋) for 𝐤 ∈  {1, … , K} is 337 

allocated to the data point 𝐱𝒋 in this manner. The SVM classifier's error rate 𝑅𝑆𝑉𝑀, which is 338 

defined as: 339 𝑅𝑆𝑉𝑀(𝐱𝒋)  =   1𝑛 ∑ 𝟏𝑐𝑘≠𝑐̂𝑘(𝒙𝒋)𝑛𝑗=1  ,                                      (eq. 23) 340 

with 𝒙𝒋 belonging to the class 𝑐𝑘 as assessed by the method classifier in the class �̂�𝑘 and 341 𝟏𝑐𝑘≠c𝑘(𝒙𝒋) being the indicator function defined as: 342 

                                    𝟏𝑐𝑘≠�̂�𝑘(𝒙𝒋) = {  1 if class �̂�𝑘 of 𝒙𝒋  ≠  class 𝑐𝑘,0 if class �̂�𝑘 of 𝒙𝒋 =  class 𝑐𝑘.                               (eq. 24) 343 

 344 

 345 

4.5.Artificial Neural Network 346 

Artificial Neural network (ANN) method is an algorithm in machine learning and artificial 347 

intelligence, which is inspired by the human nervous system to analyze and model complex, 348 

nonlinear systems, and parallel computations [49]. Haykin introduces an artificial neural 349 

network as a massively parallel learning machine, made up of simple processing units called 350 

neurons [50].  351 

A neuron has asset of inputs 𝑥1, 𝑥2, …, 𝑥𝑅 and each connection from the inputs to the processing 352 

element is affected by different connection strengths known as synaptic weights. A neuron is 353 

showed in mathematical and schematic terms by the following equations (25 ,26) and Figure 1. 354 𝛴 =  𝑤1𝑥1 + 𝑤2𝑥2 + 𝑤3𝑥3 + ⋯ + 𝑤𝑛𝑥𝑛 + 𝑏                  (eq. 25) 355 𝑦 = 𝑓(𝛴) ,                                                (eq. 26) 356 



Where 𝑥1, 𝑥2, …, 𝑥𝑛 are the inputs and 𝑤1, 𝑤2, …, 𝑤𝑛 are the synaptic weights of the neuron 357 

L. b is the bias, f is the activation function, and y is the output of the neuron. 358 

 359 

 360 
 361 

Figure 1. Structure of a neuron 362 

 363 

The output of the neuron is defined by applying an activation function to the linear combination 364 

of inputs and weights. There are many different activation functions as shown in Figure 2. 365 

 366 
 367 

Figure 2. Different activation functions 368 

 369 

The procedure in which neurons are arranged in a neural network is known as the network 370 

topology or architecture. There are many different types of neural network such as MLP, RBF 371 

and PNN. One of the famous ANN architecture which is most widely used in remote sensing 372 

application is multilayer perceptron, or MLP that has been used in this study. An MLP is a feed-373 



forward neural network with one or more layers of neurons between the input and output layer 374 

called hidden layers [51]. 375 

 376 

4.6. Extended Gamma Associative Classifier 377 

The Gamma Associative Classifier (EG) is a supervised learning used as prediction model for 378 

classification. This algorithm has able to handle mixed data, or absence of information in the 379 

data. The extended gamma association classifier (EG) includes two stages: training and 380 

classification. Let X and Y be the training and testing datasets, respectively, where each 381 

instance 𝑥𝑗 ∈ X, 𝑦𝑗 ∈ P is described by a set of attributes or factors. [36] 382 

The training stage of the classifier starts with the storage of the training set and incorporates the 383 

calculations of various parameters such that the pause and stop parameters. Within the 384 

classification stage, EG employments an iterative handle, based on the calculation of the 385 

average similarity with each class of the samples to be classified [52]. To analyze the similitude 386 

between test sample and training sample, the extended generalized similitude 𝛾𝑒𝑥𝑡 is utilized. 387 

After getting the similitudes, the average of the generalized similarity of said test pattern for 388 

each class 𝑐𝑘 is calculated. The number of samples belonging to the class k in the training data 389 

is given by n, and 𝑥𝑖𝑗 represents the value of the j-th attribute of the i-th sample of the class 𝑐𝑘, 390 

and 𝑤𝑗 represents the weight of the jth feature with 𝑤𝑗 ∈ [0 1]. 391 

𝑐𝑘 = ∑ ∑ 𝑤𝑗𝛾𝑒𝑥𝑡(𝑥𝑗,𝑦𝑗,𝜃)𝑚𝑗=1𝑛𝑖=1 𝑛                                        (eq. 27) 392 

𝛾𝑒𝑥𝑡(𝑥𝑗 , 𝑦𝑗 , 𝜃) = { 𝛾𝑛𝑢𝑚(𝑥𝑗 , 𝑦𝑗 , 𝜃)  if jth feature is numeric𝛾𝑐𝑎𝑡(𝑥𝑗 , 𝑦𝑗)         if jth feature is categoric𝛾𝑚𝑖𝑠𝑠(𝑥𝑗 , 𝑦𝑗)              if xj or yj are missing                 (eq. 28) 393 

where 394 

𝛾𝑛𝑢𝑚(𝑥𝑗 , 𝑦𝑗 , 𝜃) = { 1  if |xj − yj| ≤ θ0           otherwise                                 (eq. 29) 395 



𝛾𝑐𝑎𝑡(𝑥𝑗 , 𝑦𝑗) = { 1            if xj = yj0          otherwise                         (eq. 30) 396 

𝛾𝑚𝑖𝑠𝑠(𝑥𝑗 , 𝑦𝑗) = {1  if xj = yj = "? "0           otherwise                      (eq. 31) 397 

In case a single greatest is found among all the values of 𝑐𝑘 , the process ends. If not, the values 398 

of the stop and pause parameters, as well as the value of the θ parameter, are taken under 399 

consideration in an iterative process [53]. 400 

 401 

4.7. Naïve Associative Classifier 402 

The Naïve Associative Classifier (NAC) a novel supervised learning model, directly handles 403 

mixed and incomplete data [37]. In its training stage, the NAC stores the training set and 404 

calculates, for each numerical attribute, the standard deviation. However, the NAC classifier 405 

needs to store the entire training set of data. It also uses similarity comparisons with respect to 406 

the entire training set to classify a new sample [54].  407 

In the classification stage, the Mixed and Incomplete Data Similarity Operator (MIDSO) and 408 

the total similarity operator are used to analyze the similarity between the test samples and the 409 

training samples 𝑠𝑡(𝑥, 𝑦).  410 

 411 𝑠𝑡(𝑥, 𝑦) = ∑ 𝑤𝑖 ∗ 𝑀𝐼𝐷𝑆𝑂(𝑥, 𝑦, 𝐴𝑖)𝑚𝑖=1                                (eq. 32) 412 

𝑀𝐼𝐷𝑆𝑂(𝑥, 𝑦, 𝐴𝑖) = {𝑠𝑛(𝑥, 𝑦, 𝐴𝑖)   if 𝐴𝑖 is numeric𝑠𝑐(𝑥, 𝑦, 𝐴𝑖)  if 𝐴𝑖 is categoric           (eq. 33) 413 

𝑠𝑐(𝑥, 𝑦, 𝐴𝑖) = { 0  if ((xj ≠ yj) ⋁(xj =′ ?') ⋁(yj = ′?'))1                                                           otherwise       (eq. 34) 414 

 415 

𝑠𝑛(𝑥, 𝑦, 𝐴𝑖) = { 0  if ((|xj − yj| > 𝜎𝑖) ⋁(xj =′ ?') ⋁(yj = ′?'))1                                                                      otherwise         (eq. 35) 416 



With 𝑤𝑖 represents the weight of the ith attribute. After having obtained the similarities, we 417 

calculated the average of the generalized similarity of the test instance for each class kl, noted 418 𝑠𝑙(. ). 419 𝑠𝑙(. ) = 1𝑛 ∑ 𝑠𝑡(. , 𝑦)𝑦∈𝑘𝑙                              (eq. 36) 420 

If a single maximum is found among all the values of 𝑠𝑙(. ), the process ends. If not, any of the 421 

classes with maximum similarity is assigned [55]. 422 

 423 

5. Application and results  424 

In this section, we first present data collection that contains the several indicators that directly 425 

or indirectly affects the spread of the coronavirus pandemic. The discrimination analysis of 426 

samples of infected patients using the proposed approach of supervised classification 427 

algorithms is presented and discussed regarding the size of training and validation dataset. All 428 

data treatments were performed using the MATLAB R2019b environment, and scripts are 429 

available upon request. 430 

 431 

5.1.Data set collection  432 

The essential pavement procedure to examine the test hypothesis and to evaluate the predicted 433 

outcome is in collecting and processing the data. Thus, to predict the behavior of coronavirus 434 

spread, four countries have been chosen. These countries have adopted different methodologies 435 

to deal with the coronavirus pandemic and achieved different results related to the methodology 436 

used: China, Lebanon, Italy, and Iran. The date range for the data for each of the four countries 437 

is as the following: 438 

China: 9 January 2020 – 28 March 2020 (80 days) 439 

Lebanon: 21 February 2020 – 31 March 2020 (40 days) 440 

Italy: 31 January 2020 – 31 March 2020 (61 days) 441 



Iran: 19 February 2020 – 31 March 2020 (42 days) 442 

 443 

 After studying the situation of the virus in these countries, we noticed that there are several 444 

indicators that affect directly or indirectly the spread of the coronavirus. These indicators are 445 

presented as follows : 446 

 The governance reactions: the different responses and reactions from governments of 447 

the four countries during the outbreak. These indices are used to explore whether the 448 

government response affects the rate of infection and identify correlates of intense 449 

responses. 450 

 The medical resources:  This factor refers to the health system policies such as the 451 

COVID-19 testing regime or emergency investments into healthcare (ICU beds...) and 452 

the health services quality in these four countries. The sensitivity effects of this factor 453 

on the results are proposed to be investigated in this study. 454 

 The quarantine commitment of the people in the country with the government 455 

Guidelines. This factor must have theoretically a straight depending on relation with the 456 

variation of the spread intensity of the virus between the countries.  457 

 The special events: this factor takes into consideration the existence of simultaneous 458 

events that affect the spread of the coronavirus: other disasters, economic problems, 459 

war, political problems or disturbance, official holidays, etc. 460 

 The economical level and governmental aids: This factor refer to the economic policies, 461 

such as income support to citizens or the provision of foreign aid. Depending on the 462 

direct relationship between this factor and the quarantine commitment of the people in 463 

the country, we have proposed it to be present in this study. 464 

 Previous experience history of the four governments that determines the existence of 465 

experience in such kind of critical disaster management or not.  466 



 The use of technology devoted to control the virus spread in these countries that help in 467 

the health and hospitalization services, the lockdown control, and the restrictions of the 468 

infected zones. 469 

 The population age average/ The population density which is considered as the number 470 

of the people in one km2/   in the four countries which causes a meaningful variation in 471 

the situation of the infected records. 472 

These direct and indirect factors are considered as parameters used by our model to predict the 473 

future behavior of the spread of COVID-19. The data is combined into a series of novel indices 474 

that aggregate various measures of each factor. Parameters are measured depending on a 475 

specific criterion presented in the following table 2:   476 

Table 2. The direct and indirect factors that affecting the spreading level of the coronavirus in 477 

different countries. 478 

 479 

Effective factors Indications Values 

Governance reactions (Lockdown) 

No lockdown measures at all (value =0). 

0, 0.25, 0.5, 0.75, and 1 

Disabling major facilities: Stop flights at 

airports, public transport, ports, tourist places, 

universities and school closures and restrictions 

in movement in the public places (value =0.25) 

Partially lockdown measures (value=0.5) 

Fully lockdown measures (value=0.75) 

Providing virus checks abundantly (value=1) 

Medical resources 

0 = no medical resources, 0.25 = low, 0.5 = 

medium, 0.75 = good, 1 = high 

0, 0.25, 0.5, 0.75, and 1  Number of nurses for 1000 people 

 Number of doctors for 1000 people 

 Number of icu beds for 1000 

Previous experience history yes / no 1/0 



The used technology 
0 = no technology, 0.25 = low, 0.5 = medium, 

0.75 = good, 1 = high 
0, 0.25, 0.5, 0.75, and 1 

Special events yes / no 1/0 

Economical resources and 

governmental aids 

0 = no economic resources, 0.25 = low, 0.5 = 

medium, 0.75 = good, 1 = high 
0, 0.25, 0.5, 0.75, and 1 

Population density / km2 * Number 

Family number * Number 

Quarantine commitment 

(Procedure) 

1 = no commitment, 0.75 = low, 0.5 = medium, 

0.25 = good, 0 = high 
0, 0.25, 0.5, 0.75, and 1 

The infected patients by the 

Covid-19 
- new confirmed daily cases Number 

 480 

Thus, we have collected real data for the four countries, from different official sources with all 481 

parameters and daily records (recovered, death, confirmed, PCR tests).  482 

 483 

Many factors have been known to be associated with the initial levels of the Coronavirus 484 

outbreak at the country level including geographical factors [56], demographical parameters 485 

[57], healthcare services [58], and economic status [59]. 486 

As for the technique of data collection, we relied on studies conducted in these four countries 487 

to obtain them. In Iran, the demographical data were extracted from the Statistical Centre of 488 

Iran [60], healthcare services and economic levels were extracted from [61]. The number of 489 

daily confirmed cases was obtained from the Iranian Ministry of Health and Medical Education 490 

website.  491 

In China, these factors have been selected using data from the Figshare site, nationwide survey 492 

in China and World Health Organization (WHO) [62]. In Italy, the collected data were extracted 493 

from the most recently updated databases on the website of the Italian Institute of Statistics 494 



(ISTAT) [63], and the ISTAT’s Health for All database [64, 65]. In Lebanon, the data has been 495 

collected from the Ministry of Health [66], Interior and Finance to obtain these factors and the 496 

number of daily confirmed cases. 497 

In another study, we conducted a Path analysis which is a statistical technique that uses both 498 

bivariate and multiple linear regression techniques to test the causal relations among the 499 

variables specialized in the model [67]. We evaluated the parameter estimates of the previously 500 

stated regressors on covid-19 daily cases to assess the most influential factors that contribute to 501 

the prediction of day-by-day covid-19 infections. The results showed that quarantine 502 

commitment (β = -0.823) and full lockdown measures (β = - 0.775), has the largest direct effect 503 

on covid-19 daily infections. The results also show that more experience (β = - 0.35), density 504 

in society (β = -0.288), medical resources (β = 0.136), and economy resources (β = 0.142) have 505 

indirect effects on covid-19 daily infections. 506 

These direct and indirect factors allow to measure the score of each sample which represents 507 

the times in days in four countries: China, Iran, Italy, and Lebanon. The daily records are 508 

basically the cumulative records for a dependent day-by-day scale. In other words, the record 509 

of the next day is the sum of the records of the current day and the new records obtained in the 510 

same day. The samples were classified into 3 categories which are the degrees of possibility of 511 

Coronavirus disease infection according to their evolution (in days): Low (if the standardized 512 

cumulative cases are between 0 and 0.09), medium (if the standardized cumulative cases are 513 

between 0.09 and 0.3) and High (if the standardized cumulative cases are above 0.3). The data 514 

collected is an imbalanced data meaning that a certain degree of possibility of infection is 515 

dominant over other degrees, where in our case the low-risk degree dominates the other two 516 

degrees. This is due to the data collected at the beginning of the covid-19 pandemic where most 517 

countries are still at low risk of infection and the virus is not fully spread. Regarding the 518 

distribution of the degree of possibility of getting infected by covid-19 among the countries 519 



studied, China (80 days) and Lebanon (40 days) remained at low risk for the whole durations 520 

while Iran maintained a low risk of infection in the first 20 days, medium risk of infection for 521 

the next 15 days and high risk of infection for the last 7 days of the 42 total days studied in this 522 

country. As for Italy, it remained at a low risk for the first 36 days, medium risk for the next 7 523 

days, and high risk for the rest 18 days of the 61 total days studied in Italy. 524 

In addition, the data collected do not include missing values. The application of supervised 525 

learning methods may result in better accuracy, unless a missing value is expected to have a 526 

very high variance. All Covid-19 data were preprocessed with a Standard Normal Variate 527 

(SNV) preprocessing method [68]. 528 

 529 

5.2.Analysis of discrimination of samples of infected patients by the Covid-19 530 

To deepen the obtained results, we analyzed the confusion matrices and the ROC curves. A 531 

confusion matrix is used to describe the performance of a classification model on a set of test 532 

data for which the true values are known. It is a summary of prediction results on a classification 533 

problem and allows the visualization of the performance of an algorithm.  Hence, the elements 534 

in the diagonal are the elements correctly classified, while the elements out of the diagonal are 535 

misclassified. It can easily be seen that the overall accuracy can be computed by dividing the 536 

sum of the diagonal elements (number of correctly classified samples) by the total sum of the 537 

elements of the matrix (total number of samples in the dataset). 538 



 539 

 540 

 541 

 542 
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 544 

 545 

Table 2. Results of average confusion matrix (of 100 runs) for the training (2/3 of samples) and 546 

testing (1/3 of samples) dataset using the supervised algorithms (A) LDA (B) NBC (C) SVM 547 
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(D) DTC (E) ANN (F) EG (G) NAC methods for the detection of infected patients by the Covid-548 

19 according to the time of evolution (in days) of coronavirus disease in different country  549 

 550 

Cross-validation is a model assessment technique used to evaluate a supervised classification 551 

algorithm’s performance in making predictions on new datasets that it has not been trained on.  552 

This is done by partitioning a dataset and using a subset to train the algorithm and the remaining 553 

data for testing. Several methods of cross validation exist such as k-fold, Holdout, Leave-out 554 

and Re-substitution. We use k-fold method that partitions samples of infected patients by the 555 

Covid-19 into k = 2 until 10 randomly chosen subsets of roughly equal size. With this approach 556 

there is not a possibility of high bias if we have limited data, because we would not miss some 557 

information about the data which we have not used for training. the discussion of choosing the 558 

value of K in K-fold cross validation, is shown in section 5.3. but here we will display the 559 

results of K = 3-fold. One subset is used to validate the model (1/3 of data = 74 samples) trained 560 

using the remaining subsets (2/3 of data = 149 samples). This process is repeated T=100 times 561 

to get the best stable model and to ensure that most of our samples of infected patients by the 562 

Covid-19 have been used for validation. 563 

The Linear Discriminant Analysis (LDA), Naïve Bayes Classifier (NBC), Support Vector 564 

Machine (SVM), Decision Tree Classifier (DTC), Artificial Neural Network (ANN), Extended 565 

Gamma Associative Classifier (EG) and Naive Associative Classifier (NAC) proposed 566 

supervised algorithms has been applied on the coronavirus data. Tables 2 (A)(B)(C)(D)(E) 567 

presents the performance of the LDA, NBC, SVM, DTC and ANN classifications as the mean 568 

over the T=100 samplings of the confusion matrix information for the samples of infected 569 

patients by the Covid-19 according to the time of evolution (in days) of coronavirus disease in 570 

different country. Each table show the confusion matrix for the true label’s targets and predicted 571 

labels outputs. The rows correspond to the predicted class (Output Class) extract by 572 

classification methods and the columns correspond to the infected samples degree true class 573 



(Target Class). We have three degrees of possibility according to their evolution of coronavirus 574 

that represents the classes of our COIVID-19 data: Low, Medium and Hight. The diagonal cells 575 

correspond to spectra that are correctly classified. The off-diagonal cells correspond to 576 

incorrectly classified of degree of infected samples (time of evolution) by the Covid-19. 577 

The results of classification accuracy for Detection True Classifier (DTC) and Artificial Neural 578 

Networks (ANN) algorithms registered 98.6% and 97.4% of validation datasets describing the 579 

degree of possibility of Coronavirus disease infection. However, the classification accuracy is 580 

worse for the Naïve Bayes Classifier (NBC) algorithm with 94.6 % of validation datasets 581 

correctly classified, the Support Vector Machine (SVM) algorithm with 85.1 % of validation 582 

datasets correctly classified and Linear Discriminant Analysis (LDA) algorithm with 89.8 % of 583 

validation datasets correctly classified. These values, presented in Table 3, confirm that the 584 

DTC and ANN algorithm allows a better discriminate within the degrees of possibility of 585 

Coronavirus disease infection according to days of their evolution than state of art methods of 586 

supervised classifications such as NBC, SVM, EG, NAC and LDA algorithms. 587 

 588 

A ROC (Receiver Operating Characteristic) curve summarizes the performance of a classifier 589 

over all possible thresholds. It is generated by plotting the True Positive Rate (y-axis) against 590 

the False Positive Rate (x-axis) by varying the threshold for assigning observations to a given 591 

class. A ROC curve is a performance measurement for classification problem at various 592 

thresholds settings. The plot of True Positive Rate (TPR; sensitivity) versus False Positive Rate 593 

(FPR; 1-specificity) across varying cut-offs generates a curve in the unit square called a ROC 594 

curve. ROC curves are used to compare different supervised classifiers. In our case we have 595 

used the multi-class ROC curves, which is a kind of multi-objective optimization to compare 596 

the supervised classification algorithm; LDA, NBC, SVM, ANN, DTC, EG and NAC. As in 597 

several multi-class problem, the idea is generally to carry out pairwise comparison: one class 598 



vs. all other classes, one class vs. another class [69]. If the curve has high values, it leads to the 599 

greater of area under the curve obtained, and the less error the classifier makes. ROC curve 600 

corresponding to progressively greater discriminant capacity are located progressively closer 601 

to the upper left-hand corner in "ROC space". To numerically assess the discrimination of the 602 

classes, the Area Under the Curve (AUC) was used to measure of the ability of a classifier to 603 

distinguish between classes and is used as a summary of the ROC curve. Higher the AUC, 604 

better the model is at distinguishing between classes of degrees of possibility of Coronavirus 605 

disease. 606 

The figure below represents the comparisons between ROC curves by LDA, NBC, SVM, ANN 607 

and DTC for each class of degrees of possibility of Coronavirus disease infection according to 608 

days of their evolution for validation datasets (1/3 samples). The ROCs of each model are 609 

plotted using the average of 100 runs. We can see that the classification threshold in ANN and 610 

DTC methods (figures 3D and 3E) are very close to 1 and very far from diagonal for all the 611 

classes of degrees of possibility of Coronavirus disease compared to other methods. But the 612 

classification threshold is relatively reduced for the LDA and SVM methods (figures 3A and 613 

3B). The area under the curves of each class of degrees of possibility of Coronavirus disease 614 

for the ANN and DTC methods are higher than that for NBC, SVM, LDA, EG and NAC 615 

methods. This also confirms that the measures of sensitivity and specificity of ROC curves for 616 

ANN and DTC algorithms are generally stronger than the other ROC curves for NBC, SVM, 617 

LDA EG and NAC algorithms for each class of degrees of possibility of Coronavirus disease 618 

in all figures 3(A-G), which indicates better in-sample accuracy than the other classifier 619 

methods. The AUC values, presented in Figures 3 (A-G), confirm that the ANN and DTC 620 

supervised methods allows a better classifier of degrees of possibility of Coronavirus disease. 621 
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 625 

Figure 3. The average of 100 iterations of Receiver operating characteristic (ROC) curve of A) 626 

LDA, (B) NBC, (C) SVM, (D) ANN and (E) DTC (F) EG (G) NAC supervised classifications 627 

algorithms for classify the degrees of possibility of Coronavirus disease infection according to 628 

days of their evolution using the validation datasets. 629 

 630 

5.3.Effect of the size of testing and training datasets 631 

As we already mentioned, cross validation is the most important part of machine learning 632 

models, and the results might depend on it. K-fold cross-validation is extremely useful with 633 

the appropriate K which is the number of folds chosen.  634 

Unfortunately, there is no theoretically perfect procedure of determining the appropriate value 635 

of K in K-fold cross validation. Many researchers used K = 10, for example, see Bengio and 636 

Grandvalet (2004), Vehtari and Lampinen (2004). Davison and Hinkley (1997) recommend K 637 

= min (n1/2, 10) in practice. Clark (2003) compares different values of K for his data and 638 

suggested that the choice of K = 4 will probably be good in general, though not necessarily 639 

optimal.  Duan et al.  (2003) used K = 5 for the number of folds. Anderson et al (2006) 640 

suggested, leaving 20% of the n-samples at a time for final model validation. For this, we have 641 

0 0.2 0.4 0.6 0.8 1

FPR

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
T

P
R

AUC for High class: 0.979

AUC for Low class: 0.997

AUC for Meduim class: 0.939

G 



tested the method of supervised learning classification LDA, NBC, SVM, ANN and DTC on 642 

different partitions of testing and training dataset depending on different values of K between 643 

2 and 10. To examine the influence of the cross-validation method, we have computed the ratio 644 

of classification (%) obtained for each method of the supervised learning classification LDA, 645 

NBC, SVM, ANN and DTC on COVID-19 data. The values in Table 3, indicate that the 646 

detection tree classifier (DTC) algorithm gives the best results of classification for different 647 

sizes of testing and training datasets for the samples of infected patients by Covid-19 according 648 

to the time of evolution (in days) of coronavirus disease in different countries. This sampling 649 

analysis is done to assess the importance of K-fold cross-validation method in determining the 650 

best classifier among the classifiers studied. 651 

 652 

Table 3. The Means and Standard Deviation of classification performance (expressed as %) for 653 

100 runs of LDA, NBC, SVM, ANN, DTC, EG and NAC supervised methods on different sizes 654 

of testing and training dataset of coronavirus diseases or different values of K in K-fold cross 655 

validation. 656 

 K-fold LDA NBC SVM ANN DTC EG NAC 

1/2 training & 1/2 

testing 

2 87.4 ± 2.7  

 

91.4 ± 2.2  

 

82.3± 4.5  

 

91.2± 2.8  

 

96.9 ± 1.7  

 

83.1 ± 

5.2 

91.8 ± 

3.3  

2/3 training & 1/3 

testing 

3 89.5 ± 3.4 94.5 ± 2.5 85.6 ± 5.2 97.3± 1.8 98.6 ± 0.7  

 

89.2 ± 

4.2 

93.2 ± 

2.6 

3/4 training & 1/4 

testing 

4 89.5 ± 3.2 94.5± 1.9 87.1 ± 4.4 98.1± 0.8 98.9 ± 0.5  

 

90.4 ± 

3.8  

93.3 ± 

2.6 

4/5 training & 1/5 

testing 

5 90.2 ± 3.4 95.4 ± 2.6 87.4 ± 3.8 99.1 ± 

0.5 

99.2 ± 0.3  

 

91.2 ± 

3.8  

93.5 ± 

2.4 

9/10 training & 1/10 

testing 

10 91.1 ± 2.8 95.8 ± 2.2 88.9 ± 3.8 99.5 ± 

0.2 

99.5 ± 0.3  

 

91.4 ± 

3.2  

94.5 ± 

2.2 

 657 

 658 



To quantify the results of the AUROC of each model performed 100 runs, we calculated in The 659 

Table 4 the mean and standard deviation of the AUROC for three classes of degrees of 660 

possibility of infection with Coronavirus disease infection and the proposed supervised learning 661 

methods. 662 

 663 

Table 4. The mean and SD of the AUROC for three classes of degrees of possibility of 664 

Coronavirus disease infection. 665 

 Low Medium High 

LDA 0.995 ± 0.004 0.972 ± 0.024 0.999 ± 0.001 

NBC 0.999 ± 0.001 0.953 ± 0.042 0.993 ± 0.006 

SVM 0.999 ± 0.001 0.936 ± 0.064 0.963 ± 0.032 

DTC 0.999 ± 0.001 0.981 ± 0.018 1.000 ± 0.000 

ANN 1.000 ± 0.000 0.998 ± 0.001 1.000 ± 0.000 

EG 0.972 ± 0.027 0.838 ± 0.158 0.989 ± 0.001 

NAC 0.979 ± 0.026 0.939 ± 0.058 0.979 ± 0.028 

 666 

In application of machine learning algorithms for classification tasks, we need to apply 667 

approximate statistical test for determining whether one learning algorithm out-performs 668 

another on a particular learning task. For this we propose to apply McNemar's test that is based 669 

on a X2 test for goodness of fit. So, we may reject the null hypothesis in favor of the hypothesis 670 

that the two algorithms have different performance if P-value is greater than 0.05. We found 671 

that the application of McNemar test between seven used supervised algorithms, gives the 672 

existence of performance difference between DTC and ANN algorithms and other algorithms, 673 

and there is no performance difference between DTC and ANN algorithms. 674 

 675 



6. Conclusions and Future Research  676 

COVID-19 has shocked the world due to the speed of its spread and its non-availability of 677 

vaccine or drug. Various researchers are working for conquering this deadly virus. We used 678 

224 reports recorded on specified dates in four countries which are labelled in three classes of 679 

degrees of infections for each day: Low, medium and Hight possibility of Coronavirus disease 680 

infection. Various direct and indirect factors like the economical level and governmental aids, 681 

medical resources, previous experience, Governance reactions and the used technology are 682 

being extracted from these COVID-19 samples according to the time of evolution (in days) of 683 

coronavirus disease in different countries. 684 

 685 

The machine learning algorithms are used for classifying daily samples in four countries into 686 

three different classes degrees of possibility of Coronavirus disease infection. After performing 687 

classification, it was revealed that decision trees classifier (DTC) and artificial neural networks 688 

(ANN) gives excellent results by having 98.6% and 97.3% accuracy well classified. Other 689 

machine learning algorithm that showed better results were Naive Bayesian classifier (NBC) 690 

by having 94.5% accuracy well classified. The efficiency of models can be improved by 691 

increasing the amount of data. 692 

 693 

Further studies should be performed to investigate some issues, for example, a study that takes 694 

into account a priori information such as the degrees of possibility of Coronavirus disease into 695 

the objective function through Partial Least Square (PLS) models. Furthermore, it would be 696 

very interesting to apply of new technology in the search for the degrees of possibility of 697 

Coronavirus disease infection such as the deep learning technique which allows to extract the 698 

spectral features to classify the state of COVID-19. 699 

 700 
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Table 3: Correlation between the degrees of possibility and the predictors 936 

Degrees of possibility 

Pearson Correlation Sig (2-tailed) 

Technology used -0.052 0.442 

Special event 0.061 0.362 

Procedure 0.027 0.69 

Experience -0.363 000 

Density -0.22 0.001 

Family Nb 0.152 0.022 

Temperature -0.009 0.893 

Lockdown -0.232 000 

Medical Resources -0.224 0.001 

Economy Resources -0.081 0.23 
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