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ABSTRACT : The COVID-19 pandemic forced the 
research community to discover different methods, 
ideas, and medicines to handle the pandemic. The 
research articles in COVID-19 literature have been 
growing exponentially, and manual classification of 
these articles is an impossible task. Therefore, automatic 
extraction and classification of COVID-19 related 
articles from the vast COVID-19 literature emerge as a 
significant task. Hence, thisthesis implements the vital 
Machine Learning (ML) algorithms like decision tree, k-
nearest neighbourhood, Rocchio, ridge, passive-
aggressive, multinomial naïveBayes, Bernoulli naïve 
Bayes, support vector machine, and artificial neural 
network classifiers such as perceptron, random gradient 
descent, and Backpropagation neural network in 
automatic classification of COVID-19 text documents 
on benchmark PubMed Abstract dataset. Finally, the 
performance of all the said constitutional classifiers are 
compared and evaluated utilizing the well-defined 
metrics like accuracy, error rate, precision, recall, and f-
measure.  
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1. INTRODUCTION 

Ever since COVID-19 pandemic broke out in China, it 
took approximately 0.36 million valuable life and 5.8 
million people were infected. The research community 
has been developing different innovative techniques and 
materials to tackle COVID-19 pandemic. More 
specifically, COVID-19 research publishes a large 
volume of electronic research articles leads to significant 
COVID-19 literature. Due to a large number of COVID-
19 text documents in literature, manual categorization of 
COVID-19 documents becomes a tough task. 
Consequently, the automatic classifier model design for 
classifying COVID-19 documents grows a thrust area of 
research. Machine learning (ML) is a sub-field of 
artificial intelligence, which disseminates intelligence to 
the classifier model from the training data set. So that 
the build-in classifier model captures the inherent 
patterns and relationship based on the corresponding 
labels assigned to the given text documents 

(training data set). After the classifier developed from 
the training dataset, then it can automatically predict or 
classify the class label for a new text document.   

Depending on the usage of the ML algorithms, 
automatic document classification task is often classified 
into three broad classes specifically supervised 
document classification, unsupervised document 
classification, and semi-supervised document 
classification. In supervised document classification, 
some external mechanism is needed manually to the 
classifier model, which contributes information related 
to the precise document classification. In unsupervised 
document classification, there is no scope of having an 
external mechanism to provide information to the 
classification model to the correct document 
classification. In semi-supervised document 
classification, a partial amount of the documents is 
labelled by an external mechanism. This thesis focuses 
on the application of the supervised ML algorithms for 
COVID-19 text document classification. The Decision 
Tree(DT),k-Nearest Neighborhood (KNN), 
Rocchio(RC), Ridge, Passive-Aggressive(PA) classifier, 
Multinomial Naïve Bayes(MNB), Bernoulli Naïve 
Bayes(BNB), Support Vector Machine (SVM), Artificial 
Neural Network (ANN) classifier including 
Perceptron(PPN), Stochastic Gradient Descent(SGD), 
Back Propagation neural network(BPN) are the most 
prominent classifier found in the literature of supervised 
ML community[1].  

In the COVID-19 literature, researchers have developed 
lots of ML techniques to fight with COVID-19 
pandemic.Only a little work has done for COVID-19 
text document classification and analysis using all the 
progressive machine-learning algorithms in one 
platform. This thesis exhibits the application of 
prominent supervised ML algorithms in COVID-19 text 
document classification. The well-defined performance 
metrics such as accuracy, error rate, precision, recall, 
and f-measure compares and evaluates the performance 
of the built-in classifiers on benchmark PubMed 
Abstract datasets. Therefore, the primary aim of this 
thesis is to perform an end-to-end performance analysis 
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of all the unique supervised ML algorithms for 
automatic text document categorization. 

The organization of this thesis is as follows. Section 2 
explains the background details for text classification 
process including preprocessing along with document 
representation, document classification that includes 
mathematic formulation for document classification, and 
literature review for COVID-19 text document 
classification using machine-learning algorithms: 
section 3presents, the various machine learning 
algorithms considered in this thesis for COVID-19 
document categorization purpose. Section 4 holds the 
results and discussion on the experiments conducted for 
application of ML for COVID-19 text document 
classification. Section 5concludes the thesis and explain 
the possibilities of further research. 

2. BACKGROUND: 

2.1 TEXT CLASSIFICATION PROCESS 

Text classification deals with unstructured text 
documents from differentrepositories like PubMed and 
Medline, web blogs, e-newspapers, medical reports, and 
social media. The primary aim of the text classification 
process is to predict a class label of the given test 
document with the prior knowledge of trained dataset. In 
general, text classification process involves three crucial 
steps: text preprocessing, text classification, and post-
processing. Fig. 1 shows the various steps involved in 
building an automatic document classification model. 

2.1.1 TEXT PREPROCESSING 

Generally, in document classification, the first and 
crucial key component is text preprocessing, which has a 
high impact on classification performance. It usually 
consists of three tasks, namelyfeature extraction, feature 
reduction, and document representation.  

 

FIGURE .1 Text Document Classification Process Using 
ML Algorithm 

FEATURE EXTRACTION:It includes many activities 
such as tokenization, filtering or stop-word removal, 
lemmatization, and stemming of words to scale down 
the document complexity and to present the 
classification method in an accessible manner.  

 Tokenization: The input for tokenization activity 
is the raw text data or text document. It breaks [2] 
the sequence of strings from the given raw text 
data into small character pieces that can be a 
distinctive word, phrases, or keywords known as 
tokens. 

 Filtering: It removes unwanted words from the 
documents so that more focus is given to 
essential words. Stop-Words removal is a well-
known filtering method in which those words that 
are often used without meaningful content is get 
removed [3-4]. Examples of such stop-words are 
prepositions, conjunctions, and determiners. 

 Lemmatization: In documents, there is varied 
inflected sort of words whose meaning are almost 
in the same nature. In such a situation, 
lemmatization is a kind of task which performs 
grouping of those words having similar meaning 
into one word by using vocabulary and 
morphological analysis of those words in that 
cluster of words.   

 Stemming: It is the task of reducing derived 
words to their base or root form. Otherwise, it is 
like a crude chopping of affixes. For example, 
words like "running”, and "runs" will be reduced 
to their base form like "run." Several stemming 
algorithms have been developed with time. In the 
field of Text Mining, Porter Stemmer is the 
mostly used stemming technique [5-7]. 

FEATURE REDUCTION: Normally, in a text 
document, the numbers of words otherwise called 
features are incredibly large, and those words 
play a vital role in document representation. 
Therefore, it is necessary to use the feature 
reduction methods to make a useful 
representation of the given text documents 
without changing the meaning of text data. 
Feature reduction methods are loosely divided 
into two categories, namely, feature selection and 
feature transformation. 

 Feature Selection: It involves the selection of a 
subset of features that can equivalently represent 
the original physical meaning with a better 
understanding of data which leads to the elegant 
learning process [8]. The primary goal of the 
feature selection method is to reduce the curse of 
dimensionality to make the training dataset in the 
smaller size that can lead to lesser computational 
time. The advantage of reducing the curse of 
dimensionality is to increase the classification 
accuracy and to decrease the over-fitting 
problem. There are different types of feature 
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selection methods [9] available text mining 
literature namely Term Frequency  (TF),  Mutual  
Information  (MI),  Information  Gain  (IG), CHI-
square statistic (CHI)  and  Term  Strength  (TS). 

 Feature Transformation: It generates a new and 
smaller set of features by transforming or 
mapping the original set of features. Some well-
known feature transformations methods are 
Latent Semantic Indexing (LSI) [10], 
Probabilistic Latent Semantic Indexing (PLSI) 
[11], Linear Discriminant Analysis (LDA)[12-
13], and Generalized singular value 
decomposition methods [14-15]. 

DOCUMENT REPRESENTATION: Once the features 
are extracted from the raw text data, all the given 
documents are normalized to unit length to perform 
classification economically. There are three most used 
models on the market within the literature for document 
representation namely, Vector Space Method (VSM) 
[16], probabilistic models [17], and the inference 
network model [18]. Among the three models, VSM is 
the most used model, and the following section 
describes briefly about VSM. 

It initially used for indexing and information retrieval. It 
converts documents into numerical vectors with the 

document set D; vocabulary set V and the term vector dt


 

for document d. Set 1 2{ , ,..., }DD d d d is a collection 

of Documents, the set 1 2{ , ,..., }vV w w w  is a set of 

unique words or terms in the set D and the term vector 

1 2( ( ), ( ),..., ( ))d d d d vt f w f w f w


where ( )df w  

represents the frequency of term w V in the document 

d D and ( )Df w represents several documents 

contain the word w . 

In VSM, the Boolean model and TF-IDF are the two-
term weight schemes are used to calculate the weight of 

each feature. The Boolean model assigns 0ijw  to 

each term iw if i jw d  and assigns 0ijw  i jw d
if. However, the TF-IDF scheme calculates the term 
weight of each word w d as follows. 

( ) ( )*log
( )d

D

D
q w f w

f w
                                                               

(1) 

Where D is the number of documents in the set D . 

3. TEXT CLASSIFICATION STEP 

Mathematically, the text classification problem wants 
three sets to outline. First one is the training document 
set D= {d1,d2,…,dn}, the second one is the category label 
set C={c1,c2,…,cn} and third one is the test document set 
T={d1, d2,…,dn}. Every document di of the training 

document set D is labelled with a category label 
cifrom the category label set C; however, not every 
document of the test document set T has been labelled. 
The most aim of text classification is to construct a text 
classification model, i.e., a text classifier from the 
training document set by relating the features within the 
text documents to one of the target class labels. When 
the classification model is trained, it will predict the 
category labels of the test document set. Mathematical 
formula of text classification algorithm both for training 
and testing is given below.   

f:D→C          f(d)=c                                    (2) 

In equation 2, classifier assigns the proper class label to 
new document d (test instance). If a class label is 
assigned to the test instance, then this sort of 
classification is termed hard or multi-class classification, 
and on the other hand, classification is termed soft if a 
probability value is assigned to the test instance. In 
multi-label classification, multiple class labels are 
allotted to a test instance. 

POST PROCESSING STEP 

In post-processing step evaluation of the classifier is 
performed. The evaluation of the classification models is 
performed through various elegant performance 
measures like accuracy, precision, recall, and F-1 scores. 

3.1 LITERATURE REVIEW 

Nowadays, the COVID-19 information organization and 
access becomes a prominent requirement for research 
community because of the exponential growth of 
COVID-19 text documents. F. Sebastiani surveys [19] 
concerning the various types of text document 
classification, application of text document 
classification, and mentioned the role of machine 
learning algorithms in automatic text document 
classification thoroughly. Aaron M. Cohen developed 
[20] a replacement classification algorithm by 
assembling SVM with rejection sampling and chi-square 
based feature selection technique for automatic 
document classification. The TREC 2005 genomics 
track biomedical dataset was used to compare the 
classification performance of the classifier with a 
different variant of SVM classifier. 

Hayda Almeida et al. conferred supervised machine 
learning approaches like Naive Bayes, Support Vector 
Machine and provision Model Trees to perform text 
classification of PubMed abstracts, to support the triage 
of documents [21].Samal et al. measured the [22] 
performance of most of the supervised classifiers for 
sentiment analysis using movie review dataset and 
concluded that SVM classifiers performed best among 
all classifiers for large movie review datasets.S. Z. 
Mishu et al. analyzed the performance of various 
supervised machine learning algorithms such as 
multinomial Naïve Bayes, Bernoulli Naïve Bayes, 
logistic regression, stochastic gradient descent, SVM, 
backpropagation neural network for classification on 
Reuters corpus, brown corpus and movie review corpus 
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and concluded that backpropagation neural network is 
best among them [23].Xiangying Jiang et al. applied 
Naïve Bayes (NB) and Random Forest (RF) for 
classifying biomedical publication documents associated 
with mouse gene expression database [24]. 

T.T. Nguyen [25] did a survey on different AI methods 
like data analytics, text mining and natural language 
processing which to fight against COVID-19 pandemic. 
L. Li et al. [26] in their research paper tried to classify 
social Medias data related to COVID-19 into seven 
categories of situational information using ML 
techniques like support vector machines (SVM), random 
forest (RF), and Naive Bayes (NB). The situational 
information is helpful to understand public sentiments 
and also forecast the spread of COVID-19 pandemic.J. 
Samuel et.al.[27] applied ML methods like Naïve Bayes, 
logistic regression, linear regression and K-Nearest 
Neighbor algorithms on twitter text data for fear-
sentiment analysis of  United States people over 
COVID-19 pandemic. 

4  SUPERVISED ML ALGORITHMS 
FOR TEXT DOCUMENT 
CLASSIFICATION 

4.1 DECISION TREE CLASSIFIER(DT) 

In the decision tree classification model, the instances 
are the documents and attributes of every document are 
itself a bag of words or terms. The decision tree 
classifier [28] performs hierarchical decomposition of 
text documents of training dataset by labelling its 
internal nodes with names of the text documents, 
branches of the tree with the test condition on terms and 
leaves of the tree with categories (labels). The test 
condition on terms could also be of two varieties 
supported the document representation model. 

The first category test is to test whether a selected term 
out there within the documents or not. The second kind 
of test is to look at the weight of the terms within the 
text document. The primary class of the test is used if 
document representation is of the shape of the binary 
or Booleanmodeland also the second category of the test 
will be used if document representation is of the form of 
TF-IDF model. During the training phase, the 
decision tree is made from the training dataset, 
whereas making the decision tree from the training data 
set, totally different splitting criteria are used, and most 
of the decision tree classifiers use single attribute split 
combination wherever the one attribute is employed to 
perform the division [29]. The attribute or term whose 
information gain is high is considered as a base node, 
and also the procedure is continual consequently for 
choosing the remaining nodes. 
Meanwhile within the testing phase, to predict the 
category label of a new untagged document, the 
decision tree classifier tests the terms of the against the 
decision tree ranging from the root node (base node) 
to until it reaches a leaf node and assigns the 
category label of the leaf node. 

5 NAÏVE BAYES CLASSIFIER(NB) 

Naïve Bayes classifier is a probabilistic classifier based 
on Bayesian posterior probability distribution. It holds 
the restriction with the independent relationship among 
the attributes through conditional probability. There is 
two variant of naïve Bayes classifier, namely the 
multivariate Bernoulli model(B_NB) and multinomial 
model(M_NB) [30]. The multivariate Bernoulli naive 
Bayes model works only on binary data. Hence, in 
document pre-processing steps, each attributes 
corresponding to the list of documents in VSM must be 
either one or zero depending on the presence or absence 
of that particular attribute in that document [31]. On the 
other hand, the multinomial model works on the 
frequencies of attributes available in the VSM 
representation of the documents [32]. If the vocabulary 
size is small, then the Bernoulli model performs better 
than the multinomial model. 

6 K-NEAREST NEIGHBORHOOD 
CLASSIFIER(K-NN) 

Most of the classifiers within the literature pay longer in 
the training part for building the classification model are 
considered as an eager learner. However, k-NN 
classifier spends longer within the testing part for 
predicting the category label of the new untagged test 
document. Hence, it is known as a lazy learner. 

In the training section of the model construction, k-
nearest neighbour classifier stores all the training 
documents together with their target class. Meanwhile, 
in the testing phase, once any new test document comes 
for classification whose target class is unknown, k-
nearest-neighbourhood classifier finds the distance of 
the test document from all the training documents and 
assigns the category label of the training documents that 
is nearest or most like the unknown document [33]. For 
this reason, k-nearest neighbourhood classifier is 
thought of as an instant-based learning algorithm [33]. 
Euclidian distance and cosine similarity are the foremost 
oftentimes-used approaches for measurement similarity 
quotient to find the nearest neighbourhood.  

7 SUPPORT VECTOR MACHINE 
(SVM) 

SVM is a kind of classifier has the potential to classify 
each linear and nonlinear data[34]. The core plan behind 
the SVM classifier is that it first non-linearly maps the 
initial training data into sufficiently higher dimension let 
be n, so the data within the higher dimension is 
separated simply by n-1 dimension decision surface 
known as hyperplanes. Out of all hyperplanes, the SVM 
classifier determines the simplest hyperplane that has 
most margins from the support vectors. Thanks to non-
linearity mapping, SVM classifier works expeditiously 
on an oversized data set and has been with success 
applied in text classification [35]. 
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8 ARTIFICIAL NEURAL NETWORK 
(ANN) 

ANN is a reasonably a data processing nonlinear model 
cherish the structure of the brain, and it will learn from 
the prevailing training data to perform tasks like 
categorization, prediction or forecast, decision-making, 
visualization, and others. It consists of a compilation of 
nodes otherwise known as neurons that are the middle of 
data processing in ANN. With context to the problem 
statement, these neurons are organized into three 
different layers, specifically the input layer, an output 
layer, and hidden layer. Within the context of text 
classification, the quantity of words or terms outlines the 
neuron numbers within the input layer, and therefore the 
classes (class label) of documents define the number of 
neurons in the output layer. ANN will have a minimum 
of one input layer and one output layer; however, it is 
going to have several hidden layers relying upon the 
chosen drawback. All links from the input layer to the 
output layer through hidden layers are appointed with 
some weights that represent the dependence relation 
between the nodes. Once the neurons get weighted data, 
it calculates the weighted sum, and a well-known 
activation function processes it. The output value from 
the activation function is fed forward to all the neurons 
within the input layer to map the proper neuron in the 
output layer. Some examples of well-known activation 
functions are Binary step, Sigmoid, TanH, Softmax, and 
Rectifier linear unit (ReLU) functions. ANN can be 
additional versatile and more potent by employing 
additional hidden layers. In particular, Perceptron 
(PPN), Stochastic Gradient Descent (SGD) neural 
network, and Back-propagation neural network (BPN) 
are the three widespread neural network primarily based 
classifiers that extensively used for text classification.  

9 ROCCHIO CLASSIFIER(RC) 

Rocchio classification algorithm [36] is outlined on the 
conception of relevance feedback theory established 
within the field of Information Retrieval (IR). It uses the 
properties of centroid and similarity measure 
computations among the documents within the training 

and testing phase of model construction and usage, 
respectively. If D=<d1,d2,…,dn> represents Document 
set which holds all the training documents and If 
C=<c1,c2,…,cm> represents class set which have all the 

distinct class labels. For each class ci C,
icD  represent 

all the documents of D the set which belong to class ci 

and dv


represents the VSM document representation for 

each document. In the training phase, the Rocchio 

classifier computes the centroid ( )ic


for each class 

from the relevant documents and establishes the centroid 
of each class as its representative Rocchio classifier 

computes the centroid ( )ic


 for the class ic  using the 

equation. 

1
( )

cii

i d
d Dc

c v
D




 
 

                 (3)

 

 In testing phase to predict the category label ic C of 

an untagged test document d D , Rocchio classifier 
calculates its Euclidean distance from the centroid of 

every class ( )ic


 and assigns that class label which has 

a minimum distance from untagged test document using 
the following equation. 

arg min ( )c i ddist c v 
 

            (4)
 

10 RIDGE CLASSIFIER(RIDGE) 

The Ridge classification algorithm [37]relies on 
subspace assumption, which states that samples of a 
specific class lie on a linear subspace and a new test 
sample to a category will be described as a linear 
combination of training samples of the relevant class. 
The ridge classification algorithm is presented in 
Fig.X.2.

 

 
FIGURE X.2Ridge Classification Algorithm 
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PASSIVE AGGRESSIVE CLASSIFIER (PA) 

The passive-aggressive classifiers belong to the family of a large-scale learning algorithm [38]. The working principle 
of this kind of classifier is similar to that of Perceptron classifier; meanwhile, they do not require a learning rate. 
However, it includes a regularization parameter c. Fig. X.3 shows the pseudo-code description of the Passive aggressive 
classifier.  

 
 

FIGURE X.3Pseudo Code for Passive-aggressive Classifier. 

 

11 RANDOM FOREST(RF) 

Random forest classifier is a bagging type ensemble-
learning algorithm. Fig. X.4 shows the overall 
architecture of the random forest classifier. In the 
training phase, it builds several decision tree classifiers 
from the random sub-sample of documents. In the 
testing phase, each decision tree performs prediction for 
a new test document and assigns that class label, which 
is mostly predicted by all of the decision tree classifiers. 
The main advantage of random forest over the decision 
tree is that it eliminates the problem of over-fitting and 
increases the classification accuracy. 

FIGURE X.4Random Forest classification. 

12 RESULTS AND DISCUSSION 

12.1 EXPERIMENTAL SETUP 

The experimentation is performed on a machine having 
Intel(R) Pentium(R) CPU 3825U processor 1.90 GHz 
with 4.00 GB of RAM. All the coding implemented 
using python programming language on Jupiter 
notebook of Google Colaboratory. 

Dataset:The experimentation has performed on PubMed 
Abstract dataset, which iscreated by scraping a large 
number of research articles from the National Library of 
Medicine.The PubMed Abstract dataset contains 45399 
article abstracts related to different areas of research 
such as Deep learning, COVID-19, Human Connectome, 
Virtual reality, Brain-machine interfaces, Electroactive 
polymers, PEDOT electrodes, and Neuroprosthetics. 
The dataset is freely available on the Kaggle website at 
https://www.kaggle.com/bonhart/pubmed-abstracts. In 
this experiment, COVID-19 documents in one category 
and Human Connectome, Brain-machine interfaces, 
Electroactive polymers, PEDOT electrodes, and 
Neuroprosthetics in another category. The summary of 
these datasets are presented in Table X.1, and their 
descriptions are detailed below:  

 

 



International Journal of Recent Advances in Engineering & Technology (IJRAET) 
__________________________________________________________________________________________ 

_______________________________________________________________________________________________ 
ISSN (Online): 2347 - 2812, Volume-9, Issue -8, 2021 

41 

TABLE X. 1Summary of PubMed Abstract dataset 

Document type No. of documents category Class Label 

COVID-19 8954 COVID 0 

Human Connectome 4877 Non-COVID 1 

Brain-Machine Interfaces  4377 Non-COVID 1 

Electroactive Polymers  907 Non-COVID 1 

PEDOT electrodes 206 Non-COVID 1 

Neuroprosthetics  715 Non-COVID 1 

13 PERFORMANCE MEASURE 

The classification performance measures [39] likeAccuracy, Precision, Recall, and F1-Score are used to evaluate the 

performance of the classification algorithms [40]. The properties of the confusion matrixsuch as True Positive ( itp ), 

True Negative ( itn ), False Positive (
ifp ), and False Negative (

ifn ) defines aforementioned performance metrics.The 

confusion matrix has shown in Table X.2. 

TABLE X.2.Confusion Matrix for class Ci 

Total Documents Predicted Class  
Ci Not Ci 

Actual Class Ci True Positive (TP) False Negative (FN) 
Not Ci False Positive (FP) True Negative (TN) 

 

a. True Positive ( itp ): The documents, which 

belong to class Ci, are correctly predicted to class 
Ciby the classifier. 

b. True Negative ( itn ): The documents, which do 

not belong to the class Ci, are correctly predicted 
to other class rather than class Ci.  

c.  False Positive (
ifp ): The documents, which do 

not belong to the class Ci, are wrongly predicted 
to the class Ci. 

d. False Negative (
ifn ): The documents, which 

belong to the class Ci, are wrongly predicted to 
different class rather than class Ci. 

The performance measures explained below.  

 Accuracy: It is the average of per class ratio of 
correctly classified documents to the total documents. 

1
i i

i i i i

n

i

t

n

p t n

t p f p f n t n


  

   (7) 

 Error Rate: It is the average of per class ratio of 
incorrectly classified documents to the total documents. 

1
i i

i i i i

n

i

f

n

p fn

tp fp fn tn


  

        (8) 

 Precision: It is the average of per class ratio of 
true positive prediction to total positive prediction. 

1
i

n i
i

i

n

tp

tp fp 
          (9)

 

 Recall: It is the average of per class ratio of true 
positive prediction to a total number of actual positive 
documents in the test set. 

1
i

n i
i

i

n

t p

t p f n 
              (10)

 

 F1-Score: 

2(P r R e )

P r R e

ecision call

ecision call




      (11) 

In all the above cases, n is the no of classes or labels in 
the dataset. 

14 HYPER-PARAMETERS FOR 
DIFFERENT CLASSIFIERS 

The initialization of the input parameters among the 
different classifiers has a great impact on the 
classification performance measurements. 
TableX.3highlights the respective parameter setting 
procedures adapted in the experimental process of 
building the corresponding classifier.  
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TABLE X.3 Hyper-parameters settings of different classifiers 

classifiers Parameters 
DT Splitting="Gini" splitter="best" min_samples_split=2 

M_NB alpha=0.01  fit_prior=True class_prior=None 
B_NB alpha=0.01 binarize=0.0 fit_prior=True 

K-NN K=10 metric="minkowski" weights="uniform" 

SVM penalty factor="l2"  tolerance(tol)="1e-4" loss="hinge" 

PPN max_iter="50", tolerance(tol)="1e-3" n_iter_no_change=5 

SGD alpha="0.0001" Maximum iteration="50", loss="hinge" 

Ridge solver="sag" tolerance(tol)="1e-2" max_iter=None 

RC metric="Euclidean" shrink_threshold="None"   

PA max_iter="50", tolerance(tol)="1e-3" loss="hinge" 

RF n_estimator="100" Splitting="Gini" min_samples_split=2 
BPN max_iter=200 Hidden layer size="1000" activation function=relu 

 

15 PERFORMANCE ANALYSIS 

This section elaborates the implementation of ML 
algorithms on PubMed Abstract dataset and investigates 
the outcomes of the ML algorithmsto comparetheir 
performance.  All the ML methods have implemented in 
the Scikit-learn ML library. The text preprocessing 
methods like tokenization, stop word removal, stemming 
and lemmatization has been performed by the 
TfidfVectorizerof Python Scikit-learn library, and it 
finally transforms all the documents to TF-IDF [41] 
based vector space model (VSM)[42] document 
representation. In this experiment, the TF-IDF based 
VSM representation generates 24365 number of features 
forPubMed Abstract dataset. Once the features of the 
documents present in TF-IDF based VSM document 

representation, subsequently, training of all the ML 
algorithms performs with 10-fold cross-validation.In 10-
fold cross-validation, the model training of ML 
algorithms performs in ten iterations. In every iteration, 
all the documents of the dataset equally divided into ten 
parts and each part select documents randomly from the 
whole dataset. Out of ten parts, nine parts usually 
consider for training, and one part uses for testing. After 
ten iterations, the mean and standard deviation of all the 
performance measures are evaluated. All the ML 
algorithms used the default hyper-parameters defined by 
Scikit-learn ML library presented in table X.3 
Theclassification performance with mean and deviation 
has shown below in Table 4. The classification accuracy 
of the ML algorithms has been compared and presented 
graphically in Figure 2. 

 

Table 4. Performance of ML algorithms for PubMed Abstract dataset 

Classification 
Algorithm 

Performance Measure(Mean±Deviation) 

Accuracy Precision Recall F1-Score 

KNN 0.9745±0.0134 0.9756±0.0119 0.9745±0.0134 0.9745±0.0134 

DT 0.9924±0.0024 0.9924±0.0024 0.9924±0.0024 0.9924±0.0024 

MNB 0.9944±0.0027 0.9944±0.0027 0.9944±0.0027 0.9944±0.0027 

BNB 0.9721±0.0074 0.9733±0.0069 0.9721±0.0074 0.9721±0.0074 

RF 0.9950±0.0016 0.9951±0.0015 0.9950±0.0016 0.9950±0.0016 

SVM 0.9953±0.0017 0.9953±0.0017 0.9953±0.0017 0.9953±0.0017 

PPN 0.9946±0.0021 0.9946±0.0021 0.9946±0.0021 0.9946±0.0021 

SGD 0.9933±0.0021 0.9933±0.0021 0.9933±0.0021 0.9932±0.0021 

Ridge 0.9963±0.0015 0.9963±0.0015 0.9963±0.0015 0.9963±0.0015 

RC 0.9826±0.0030 0.9828±0.0029 0.9826±0.0030 0.9826±0.0031 

PA 0.9965±0.0009 0.9965±0.0009 0.9965±0.0009 0.9964±0.0009 

BPN 0.9957±0.0013 0.9957±0.0013 0.9957±0.0013 0.9957±0.0013 
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Figure 5:Box plot for Algorithm comparison on TREC 
dataset 

From Table 4, it is clear that for PubMed Abstract 
dataset, the PA classifier performs best among all the 
classifiers with respect to all the classification 
performance measures. The classification accuracy of 
the PAclassifiers is 0.9965±0.0009. The Ridge 
classifier performs well next to PA classifier. After 
Ridge, BPN and SVM classifiers perform well. 
However, KNN and BNB classifiers yield the lowest 
classification performance among all the classifiers for 
the dataset. Meanwhile, the remaining classifiers 
provide an average classification performance. Figure 2 
shows the statistical comparison among the classifiers 
with the help of boxplots.  

16 CONCLUSION AND FUTURE 
SCOPE 

Since the outbreak of COVID-19 pandemic, a vast 
number of research articles have been published to 
tackle the disease. Therefore the time demandsto 
classify COVID-19 related articles from other large 
volumes of research articles. Hence, this research paper 
summarizes in detail the procedures involved 
automatic document classification process for COVID-
19 related articles,exemplifies the working logic of the 
supervised ML algorithms and empirically evaluates 
how all the ML algorithmswhich are constituted to act 
as a classifier to the benchmark PubMed Abstract 
dataset. Notable, for COVID-19 text document 
classification, classification algorithms like PA, Ridge 
BPN and SVM outperforms among all the 
classification algorithms. However, the performance of 
KNN and BNB classifiers has shown poor results for 
the chosen dataset compared to 
otherclassifiers.Meanwhile, other classifiers have an 
average classification performance. The future scope is 
to perform COVID-19 document classification using 
Machine learning and Deep learning classifiers for the 
large-scale dataset.  
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