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ABSTRACT
Millions of lives were affected rapidly throughout the world when the
Covid-19 outbreak spread by leaps and bounds. During this catastrophic
period, people used to express their condolence as well as emotions through
different social networks. In order to analyze the public comments on Twit-
ter, an experimental approach is developed based on popular words regard-
ing this pandemic. In this paper, various NLP-based research works are
discussed on sentiment analysis, trend prediction, topic modeling, learn-
ing mechanisms, etc. Furthermore, the hybrid deep learning models are
developed based on the Naive Bayes sentiment model to predict the sen-
timent from the collected huge number of Coronavirus-related tweets. Af-
ter performing the n-gram analysis, the Covid-19 specific words are ex-
tracted based on their popularity. The public sentiment trend has been
analyzed using the extracted topics related to Covid-19 and the tweets
are classified according to their sentiment scores. The distinguished senti-
ment ratings are assigned to the collected tweets based on their sentiment
class. Then Convo-Sequential and Convo-Bidirectional long-short term
networks are trained using fine-grained sentiment-rated tweets to catego-
rize Covid-19 tweets into five different sentiment classes. Finally, our pro-
posed Convo-Sequential and Convo-Bidirectional LSTM models achieved
84.52% and 85.03% of validation accuracy respectively for the first phase
dataset whereas using the second phase dataset the models obtained the
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validation accuracy of 86.58% and 87.22% respectively.
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1. INTRODUCTION

The Covid-19 pandemic was initially detected in
Wuhan, Hubei Province, China on 31st December
2019, and was continually expanding around the
world. On March 11, 2020, the World Health Orga-
nization (WHO) officially declared the Covid-19 out-
break as a pandemic, after witnessing the trend of
its spread [1]. This virus spread from China to Rus-
sia, the United States, the United Kingdom, Brazil,
Spain, Italy, and many other countries by infecting
and Kkilling thousands of people. The pandemic has
claimed the lives of millions of people, prompting
many countries to take a hard lockdown to prevent
the spread of this virus. According to doctors, even

after the discovery of the covid-19 vaccine, it is im-
portant to maintain social distancing otherwise, the
spread of the virus will never be stopped [2]. Var-
ious social media platforms have been instrumental
in regularly disseminating information about the epi-
demic around the world. Many people have shared
their views about the disease on Twitter during the
lockdown, so we’ve been inspired to analyze a huge
amount of Twitter data to measure people’s aware-
ness about the epidemic.

Many people in different countries have used their
first language to post their opinions on social media
so we initially faced many challenges during the pro-
cess of streaming English tweets around the world
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[3]. However, exclusive English tweets on Covid-19
have been collected in two phases over seven months
for August - October 2020 and April - June 2021 re-
spectively. The first and second-phase datasets have
been developed with almost 320k and 489k Covid-19
tweets. Then we used the n-gram model to analyze
the trend of tweets so that the most relevant grams
can be extracted for further computation. The most
popular Covid-19 related words have been identified
from the word corpus using the Bag-of-Words model.
The sentiment polarities of the pre-processed tweets
have been evaluated to classify them into positive,
negative, and neutral classes. For the fine-grained
classification of positive and negative tweets, we used
the Nalve Bayes classifier for assigning the refined
sentiment scores to the classified tweets based on
the probability of being in the binary classes. In-
stead of using conventional Machine Learning algo-
rithms, Hybrid Deep Learning models have been in-
troduced since the deep hybrid neural networks are
beneficial in text generation, word representation es-
timation, vector representation, feature presentation,
sentence modeling, and sentence classification. Fi-
nally, both Hybrid Convolutional LSTM networks
have been trained using fine-grained tweets to clas-
sify the tweets into five different sentiment classes.

1.1 Motivation & Objective

The inspiration behind this work is to study the
recent workflow on Covid-19 from a dedicated natu-
ral language research perspective and to analyze the
behavioral aspects and nature of people around the
world about this epidemic. Twitter is one of the most
famous microblogging social media platforms which
can be considered as a source of valuable information.
In 2021, out of 330 million active T'witter users from
around the world, India has 17.5 million active Twit-
ter users, making India currently the third-highest
user country in the world!. Twitter users tweet their
expressions in 280 characters. As many people have
shared their feelings about the epidemic on Twitter
during the lockdown episode due to the epidemic sit-
uation, we have been inspired to analyze the public’s
emotional state from time to time.

This pandemic not only claimed the lives of mil-
lions but also plunged the entire world economy into
recession. During this difficult time, many people
lost their jobs and because of this, the unemploy-
ment rate is increasing day by day all over the world.
The various NLP-based research works have been dis-
cussed along with their respective proposals, method-
ologies, and contributions from recent years. Since
both datasets have been developed by collecting raw
tweets without any sentiment label, we evaluate the
polarity ratings of the tweets using the NLTK-based
sentiment analyzer and classify them into positive,

Lwww.statista.com

negative, and neutral classes. The polar tweets are
analyzed using the Naive Bayes sentiment model for
fine-grained classification. Furthermore, the neutral
tweets and the fine-grained tweets are combined for
final analysis. The major objective of this research
work is to analyze the public sentiment for find-
ing the global sentiment trend about this pandemic
and finally train both Convo-Sequential and Convo-
Bidirectional LSTM models based on the fine-grained
tweets to predict the sentiment class of the unseen
tweets by analyzing correlations between tweet words.

1.2 Research Contribution

The novel contributions of this paper are:

e Lexical N-gram Model for extraction of most
popular unigrams, bigrams, and trigrams to find
the trend of tweet-specific words.

e Covid-19 Specific Word Identification based on
the Bag-of-Words Model to find the impact of
those words over the tweets.

e Sentiment Analysis of the unlabeled tweets to
evaluate the polarity ratings of each of the
tweets.

e Naive Bayes sentiment model for evaluation of
refined sentiment ratings for positive and neg-
ative tweets based on the previously extracted
features.

e Fine-grained Classification of tweets based on
their sentiment polarity ratings using the Naive
Bayes Model for finding the global sentiment
trend.

e Sentiment classification using Hybrid Convolu-
tional LSTM based on the fine-grained tweets
and their refined sentiment ratings for sentiment
prediction.

The organization of the paper is as follows: Sec-
tion 2 represents the literature review on previously
published research works. The system architecture
of our proposed methodology for this research work
has been discussed in Section 3. In Section 4, the
structure of the Covid-19 dataset and proposed pre-
processing technique have been demonstrated. The
trend of tweet words using the n-gram model has
been identified as Feature I in Section 5. In Section
6, the Covid-19 specific words have been extracted
as Feature II from the Bag-of-Words model based on
the word lexicon. Section 7 consists of the evolution-
ary classification of the sentiment-rated tweets con-
sidering their sentiment polarities. We demonstrated
the Naive Bayes Model to evaluate the refined sen-
timent ratings of the positive and negative tweets in
Section 8. The global sentiment trend on Covid-19
throughout the world has been presented in Section
9. In Section 10 we trained the Hybrid Convolutional
LSTM models based on the fine-grained tweets along
with their sentiment ratings. Section 11 represents
the comparative analysis of the performance of the
proposed mode with other similar research works. Fi-
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nally, Section 12 concludes with the future prospects
of the research work.

2. LITERATURE REVIEW

Recently, a wide variety of work has been found
in the research domain of Natural Language Process-
ing. In this limited literature review, we have pre-
sented the proposed work, methodology, and analysis
for some of those state-of-the-art research works. The
entire literature review is mainly divided by consid-
ering three different aspects e.g., sentiment analysis
from social media, the healthcare industry, and the
Covid-19 pandemic.

2.1 Sentiment Analysis from Web and Social
Media

Different types of text are available in traditional
media, and among them, microblogging messages are
noisy, brief, and socially embedded. In order to
manage networked texts in microblogging, several re-
searchers developed a unique sociological technique
(SANT) [4]. They used social theories to extract
sentiment relations between tweets and created an
optimization approach for SANT to obtain consis-
tent performance for various volumes of training data.
The probability model was used to build a semi-
automated sentiment analysis based on the online
social network [5]. The authors developed a model
that scans a train set of text messages to prepare
a sentiment lexicon that includes the list of words
that appeared in the messages along with the prob-
ability that a text message having those words was
carrying a positive sense. The positivity score of
text messages of the test set was then calculated
and each message was classified as positive or nega-
tive based on the threshold value established using a
train set. Few researchers implemented a model that
can use Twitter data to demonstrate a potentially
integrated methodology based on sentiment analysis
and social network analysis [7]. They collected three
types of data from #SamSmith (Grammy Awards in
2015) and #Ukraine (crisis of 2014) Twitter channels.
They used a classifier based on the Multinomial Naive
Bayes algorithm to identify the tweets from different
sentiment classes.

In order to perform Topic-based and Message-level
sentiment analysis, some researchers described a deep
LSTM architecture [10]. On top of the word embed-
dings pre-trained on a large collection of T'witter con-
versations, the authors deployed LSTM networks en-
hanced with two types of attention mechanisms. Ac-
cording to some researchers, the bidirectional LSTM
with two-dimensional max-pooling can improve text
categorization [8]. They proposed two combinational
models: BLSTM-2D Pooling and BLSTM-2DCNN
and used a 2D filter size and 2D max-pooling size
as (5,5) for training purposes. Finally, they achieved

the 52.6% of the highest prediction accuracy. A neu-
ral network-based Emotion Recognition framework
was developed by a group of researchers using the
LSTM hyperparameter optimization mechanism [12].
They discovered that adjusting LSTM hyperparame-
ters improved the recognition rate of four-quadrant
dimensional emotions by 14 percent. Finally, the
model based on the optimized LSTM classifier ob-
tained 77.68% accuracy by applying the Differential
Evolution algorithm. Another research work repre-
sents the use of a multimodal feature learning ap-
proach using neural network-based Skip-gram and
Denoising Autoencoders [9]. The models analyzed
the sentiment of micro-blogging content like tweets
containing short text and images. The proposed
semi-supervised model CBOW-LR used the senti-
ment polarity classifier to learn the vector representa-
tion and achieved better accuracy over CBOW rep-
resentation on a similar volume of tweets. In com-
parison to previous state-of-the-art approaches, an-
other hybrid model (CBOW-DA-LR) works in an un-
supervised and semi-supervised manner and achieved
higher classification accuracy.

A novel learning strategy was introduced to over-
come language variation, considering the tendency of
socially proximate individuals in 2017 [11]. The pro-
posed approach focused on different local regions of
the social network to capture subtle shifts in mean-
ing across the network. The model was formulated
based on the social attention mechanism to predict
the weighted combination of the outputs of the basic
models considering the unique weighting of authors
in the social network. The model outperforms the
standard CNN model in analyzing the sentiment rat-
ings of Twitter and review data. Although some re-
searchers discovered that combining deep CNN with
word embedding is preferable instead of using the
TF-IDF vectorizer [15, 16]. A generative model
HUB was built to incorporate two companion learn-
ing tasks of opinionated content modeling and so-
cial network structure modeling to examine the prob-
lem of user behavior modeling using many sources of
user-generated data [13]. On two large collections of
review datasets from Amazon and Yelp, the predic-
tive user behavior models outperformed the compa-
rable baseline algorithms in sentiment classification
and item/friend recommendations. Topic modeling
was used to automatically extract the many topics of
climate change conversation, and sentiment analysis
was utilized to categorize tweets as positive, neutral,
or negative [14]. The pooled Latent Dirichlet Alloca-
tion (LDA) model was trained by looking at word
co-occurrences in collected tweets. Finally, based
on the average UMass coherence score, the pooled
LDA model outperforms both the unpooled LDA and
Biterm Topic Model.
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2.2 Sentiment Analysis in Healthcare

The public’s anxiety over a global pandemic can be
measured using Sentiment Analysis for textual cate-
gorization. Some researchers developed the Epidemic
Sentiment Monitoring System (ESMOS), which can
be used to track disease progression and peaks [17].
Multinomial Naive Bayes produced better predic-
tion accuracy in categorizing negative versus neutral
tweets. Using natural language processing, a group
of academics from Johns Hopkins University investi-
gated mental health occurrences from widely avail-
able Twitter data [18]. They examined the charac-
teristics of post-traumatic stress disorder (PTSD),
depression, bipolar disorder, and Seasonal Affective
Disorder (SAD) and provide some insights regard-
ing the classification of quantitative linguistic data.
In order to analyze the sentiment polarities (posi-
tive, negative, or neutral) of textual data, there are
some commercial and non-commercial applications.
Semantria and TheySay are two prominent commer-
cial tools, whereas WEKA and Google Prediction
API are two popular non-commercial tools. An-
other study highlights the difficulty of analyzing sen-
timent using several tools in the healthcare domain
[19]. The authors presented a performance compari-
son of the various tools across huge datasets and dis-
covered that WEKA performed best on their data.
Another study demonstrates a sentiment-tracking al-
gorithm for detecting symptoms of depression from
tweets [20]. The sentiment classifier categorized the
depressive tweets within three sub-classes i.e., de-
pressed mood, disturbed sleep, and loss of energy.
According to the researchers, the machine learning al-
gorithms enhanced the precision of simple keywords
for accurately recognizing depressed symptoms. A
group of researchers proposed the iDoctor healthcare
recommendation system based on hybrid matrix fac-
torization methods [21]. They employed the LDA
model for topic modeling to capture the user’s la-
tent priority, and doctor features may be recovered
from user review comments on doctors. Finally, both
features were used in matrix factorization to provide
more accurate counseling. A group of researchers de-
veloped a system for analyzing the public’s thoughts
regarding health technology and identifying their re-
quirements by using social media to uncover trends
in health information [23]. SentiWordNet was used
to classify the sentiment of the collected tweets based
on the most frequently used words in the corpus. An-
other comparative study based on sentiment analysis
in healthcare represents that SVM with Naive Bayes
classifier performs better than different supervised al-
gorithms [24]. Some researchers proposed a psycho-
metric analyzer to analyze the sentiment and emotion
of patient health based on previous medical history
and recorded speech [22]. The researchers used the
Support Vector Machine (SVM) and Support Vector
Regression (SVR) for sentiment analysis, as well as

the Decision Tree to detect emotions.

2.3 Sentiment Analysis on Covid-19

Machine learning algorithms also performed bet-
ter to predict the sentiment ratings from Covid-19
tweets. Some academics have used adaptive K-means
clustering on Covid-19 tweets [26]. The n-gram model
was used to examine the tweet patterns. As a result,
they noticed a variation in the frequency of n-grams
in the dataset. According to the comparative per-
formance analysis of four different ML-based classi-
fiers, it has been found that the Naive Bayes classi-
fier outperforms the Logistic Regression classifier and
achieved 91% classification accuracy for short Tweets
[29].

In order to estimate the number of Covid-positive
cases in different states of India, a Covid-19 trend
model was proposed by some researchers [25]. The
authors primarily focused on LSTM-based predic-
tion models and used historical data to test several
LSTM variations such as stacked, convolutional, and
bi-directional LSTM. Finally, they discovered that
for short-term prediction, the Bi-LSTM outperforms
other LSTM models. An interactive web applica-
tion was developed for real-time tweet tracking on
COVID-19 [28]. The bigrams were extracted from
the tweets and the LDA has been used to extract the
popular topics on Covid-19. Finally, the Sentiment
Intensity Analyzer was used from the NLTK library
for finding the sentiment polarities of each tweet. A
deep LSTM network was developed to analyze the
sentiment from Coronavirus-related tweets based on
the specific topics extracted by the LDA model [30].
The model classified the tweets into positive, nega-
tive, and neutral classes and achieved 81.15% of clas-
sification accuracy. In another study, it has been
found that the CNN-based LSTM model with GloVe
embeddings can perform better sentiment prediction
on large-scale Covid-19 tweets [27]. Some academics
proposed an LSTM network on John Hopkins Uni-
versity data to analyze the Covid-19 trend [31]. The
model achieved 93.40% for short-term and 93.40% for
long-term tweets. A few researchers suggested a hy-
brid artificial intelligence (AI) methodology for pre-
dicting the global Covid-19 trend [32]. RoBERTa is
a type of BERT model for textual feature selection.
To analyze the Coronavirus trend, they created an
improved susceptible-infected (IST) model embedded
with the LSTM network to determine the distinct in-
fection rates.

3. PROPOSED METHODOLOGY

Large-scale tweet collection is the foundation of
this research as well as the first phase of our proposed
method. Initially, we collected 320k tweets related
to Covid-19 during the phase of August - October
2020. The second dataset consists of 489k Covid-19
tweets which have been collected during the phase
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April - June 2021. Then using the NLTK? (Natural
Language Toolkit) package, the collected tweets are
cleaned and pre-processed from both corpora by elim-
inating noisy data from the tweets. Then the tweets
are tokenized to extract the smaller tokens from the
tweets and lemmatization is used to convert the to-
kens into their original word lemma. After cleaning
and pre-processing the most frequent unigrams, bi-
grams, and trigrams are extracted from the dataset.
Then we identify the Covid-19 exclusive words and
their frequency of recurrence in the corpus to under-
stand the impact of those words on the tweets.

On the other hand, the NLTK-based sentiment an-
alyzer has been used to evaluate the sentiment polar-
ity of each cleaned and pre-processed tweet. Then
using evolutionary classification, the tweets are clas-
sified into positive, negative, and neutral classes based
on their compound sentiment ratings. Then Naive
Bayes Sentiment model is developed based on the
popular grams to perform fine-grained sentiment clas-
sification on positive & negative tweets and assign the
Refined Sentiment rating to fine-grained tweets. The
model calculates the probability scores of each tweet
for being in respective classes. We further classify the
tweets into four sentiment classes i.e., Most Positive
(1.0), Positive (0.5), Negative (-0.5), and Most Neg-
ative (-1.0) based on the probability scores. Then we
merged the previously categorized neutral tweets with
fine-grained data by assigning the class as Neutral
(0.0). Finally, we calculate the daily Global Senti-
ment Trend for Covid-19 using refined sentiment rat-
ings.

Considering the fine-grained tweets from the cor-
pora we label them into five integer values (from
0 to 4) and transform them into word vectors for
further processing. The datasets are divided into
80:20 ratios for training and validation of the hybrid
models. Finally, both Convo-Sequential and Convo-
Bidirectional deep LSTM networks are trained using
the vectorized tweets and their corresponding labels
to categorize the tweets into sentiment classes. After
completion of training the proposed models achieve
certain accuracy considering predicted and evaluated
data from both datasets. We also train these models
on different widely available public corpora to identify
the noticeable performance efficiency of our system by
performing a comparative study with other previous
benchmark experiments. In Figure 1, we present the
Proposed System Architecture of this research work.

4. PREPARING COVID-19 DATASET

During the past two years, almost every country
has been affected by the coronavirus throughout the
world. On January 30, 2020, WHO declared the out-
break a Public Health Emergency of International
Concern, and on March 11, 2020, it was declared

2https://www.nltk.org/

Data Cleaning & Pre-processing

Popular Covid-19 Specific
‘Word Identification

Frequent unigrams, bigrams
& trigrams Identification

Convolutional
[+ CNN+ Seq-LSTM Model
[+ CNN+BiLSTM Model

Fig.1:  Proposed System Architecture of Covid-
19 Sentiment Analysis using Hybrid Convolutional
LSTM Based on Naive Bayes Sentiment Modeling.

a pandemic. According to government reports, the
United States, Italy, Spain, and France had the most
confirmed cases. Even in countries where the new
coronavirus hasn’t spread as widely, they're still un-
der a lot of pressure. To stop the infection rate at
a local level, many governments have announced re-
strictive measures such as lockdown, home isolation,
and stay-at-home orders. However, some people were
surprised to find that if their government had taken
appropriate measures to curb this pandemic at an
early stage, they might not be facing the current sit-
uation today. It’s been two years since the Covid-
19 epidemic broke out, claiming millions of lives and
changing the way we communicate and explore the
world with each of us.

4.1 Collection of Tweets

The live streaming of tweets from Twitter was
started after WHO declared Covid-19 as a pandemic.
Since this pandemic has affected the entire planet, we
have collected Covid-19-related English tweets at a
frequency of 10k per day in two different periods, be-
ginning in August - October 2020 and ending in April
- June 2021. We prepared the first phase dataset
of about 320k tweets collected from 20th August to
20th October 2020 when the pandemic was spread-
ing with its fatal intensity. Since the beginning of
2021, with the approval of WHO, various companies
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like Pfizer, and BioNTech have increased production
of the covid vaccine in response to worldwide growing
demand. After six months we again start collecting
tweets from Twitter as at that time first dose vaccina-
tion was started in different countries. Almost 489k
tweets were collected in the period from 26th April
to 27th June 2021 for the second phase dataset.

Unsurprisingly, these tweets were significantly
noisy with grammatical errors, misspelled words, ex-
tra white spaces, numbers, URLs, misspelled punctu-
ations marks, stop words, misused emojis and emoti-
cons, similar tweets, tweets without any information,
and so on. The datasets contain important informa-
tion about most of the tweets as attributes e.g., -

e id [Number]

e created_at [DateTime]
e source [Text]

e original_text [Text]

e favorite_count [Number]

e retweet_count [Number]
e original_author [Text|

e hashtags [Text]

e user_mentions [Text]

e place [Text]

Twitter users can typically live stream only 1-2
percent of total tweets on a given keyword using the
Twitter API. However, we were able to collect tweets
at a rate of about 10k each day. Twitter used to
allow a maximum of 140 characters per tweet, in-
cluding emoticons, until October 2017. However, on
7th November 2017, Twitter expanded the character
limit per tweet to 280 characters. In this research,
we considered the raw tweets (original text) and the
creation date (created_at) attributes for further anal-
ysis.

Finally, we collected 3,20,316 tweets for the
first phase dataset and 4,89,269 tweets for the
second phase dataset using 10 hash-tagged key-
words i.e., #covid-19, ##coronavirus, Fpan-
demic, #covid, #lockdown, Fhomequaran-
tine, #quarantinecenter, #socialdistancing,
#stayhome, and #staysafe. We selected these
keywords since these were the most used terms by
different news channels, verified social media handles,
and government authorities during that period.

4.2 Data Preprocessing

In NLP, text preprocessing is an essential step for
cleaning and preparing text data for building a Ma-
chine Learning model. Data pre-processing is pri-
marily used to clean raw data by performing a set
of operations to produce a better outcome for subse-
quent analyses. The Twitter RESTful API tweepy?®
was used to access data about both Twitter users and
what they are tweeting about this pandemic. As the
raw tweets were collected for developing the datasets,
they contain lots of duplicate tweets having the same
status ID. However, all the duplicate tweets have been
removed from the datasets and 1,20,509 and 1,47,475
tweets have been found from the first phase and sec-
ond phase Covid-19 datasets. After removing all the
duplicate tweets, the final size of the datasets was

35MB and 43MB respectively.

The tweets were pre-processed by creating a
user-defined pre-processing function using NLTK, a
Python toolkit for Natural Language Processing. It
converts all tweets to lowercase in the first phase.
The tweets are then stripped of all excess white
spaces, numerals, special characters, ASCII charac-
ters, URLs, punctuation, and stop words. Then the
hash-tagged keywords are removed from the tweets
since the higher frequency of the hash-tagged key-
words may affect the feature extraction process. To-
kenization is the method for splitting a large chunk
of text into smaller parts called tokens. The tweets
have been tokenized using the function so that the
sentence can be divided into smaller parts of the
word. Lemmatization is a process that reduces words
to their base or dictionary form, known as a lemma.
Using lemmatization, the pre-processing function has
normalized the words by reducing them to a common
base. In Figure 2, the daily distribution of tweets has
been presented from both datasets.

Tweet Frequency during Aug - Oct, 2020

Tweet Frequency during Apr - Jun, 2021

Date

Fig.2:
corpora.

Tweets distribution of the Covid-19 tweets

5. FEATURE I: WORD TREND IDENTIFI-
CATION USING N-GRAM

In Natural Language Processing, lexical n-gram
models are commonly used for statistical analysis and
syntax feature mapping. We found the popularity of
words or a collection of adjacent words by developing
an n-gram model to analyze the generated corpus of
tokenized words. Here the probability chain rule has
been used to determine the likelihood of the occur-
rence of a series:

P(:L'l, T2, T3,... .’Ifn) = P(:L’l)P(.’BQ‘.ZL'l)P(Z'3|(L'1,.’L'Q)
"’Ij(nfl)) (1)

.. AP(.’L',,L|‘I‘1,.I‘2,.Z‘3,. .

" i—1
=1, Pliei™)

Shttps://www.tweepy.org/
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For example, a sentence can be considered as “Now
Covid-19 wave is increasing”. Now according to the
probability chain rule, P(“Now Covid19 wave is in-
creasing”) = P(“Now”) x P(“Covid19” | “Now”) x
P(“wave” | “Now Covid19”) x P(“is” | “Now Covid19
wave”) © P(“increasing” | “Now Covid19 wave is”).

The probabilities of words in each sentence after
applying the probability chain rule:

PW) = Hj P(W;|Wy, Wa, Ws, ... W(;_1))
=[1_, pov;wi™Y)

A Markov assumption states that the probability
of a word is entirely dependent on the probability of
the previous word. According to this probabilistic
model, the probability of some future unit can be
predicted without looking too far into the past. The
bigram model estimates the probability of a word by
using only the conditional probability P(W;|W;_1) of
one preceding word on the given condition of all the
previous words P(W;|W;~1) [6].

P(Wy,Wa) =[] P(Wa[W1) (3)
The expression for the bigram probability is —

count (W_1y, W)
count(W,_1y)

P(Wi|W(g-1)) = (4)

The most popular unigrams, bigrams, and tri-
grams have been extracted from the corpora using
the n-gram model. The n-gram analysis provides a
summary of the most popular topics to determine the
reason behind a sentiment for a better understanding
of human emotions on Covid-related tweets. From
this analysis, it is evident that there is a significant
difference between the popularity of grams identified
during the two different time phases as some new
grams have been detected in the period Apr — Jun
2021.

According to this n-gram model, the popularity of
trigrams is lower than that of bigrams, and the pop-
ularity of unigrams is the highest. However, Table 1
represents some of the most frequent unigrams, bi-
grams, and trigrams from both datasets along with
their popularity count.

Table 1: Most Popular N-grams.
Covid-19 Dataset I | Covid-19 Dataset II
(Aug - Oct 2020) (Apr - Jun 2021)

n=1/| (‘case’, 10654), (‘vaccine’, 19776),
(‘new’, 9796), (‘new’, 12009),
(“trump’, 7603), (‘case’, 11607), (‘people’,
(‘people’, 6957), 8414), (‘death’, 6365)
(‘death’, 5836)

n=2| ((‘new’, ‘case’), 2690), | ((‘new’, ‘case’), 3478),
(

(‘tested’, ‘positive’),
1997), ((‘test’,
‘positive’), 1147),

((“fully’, ‘vaccinated’)
1013), ((‘case’, ‘death’),
912), ((‘public’,

((‘white’, ‘house’),
993), ((‘president’,
‘trump’), 801)
((‘report’, ‘new’,
‘case’), 366), ((‘new’,
‘case’, ‘new’), 184),
((‘new’, ‘case’,
‘death’), 170), ((‘case’,
‘new’, ‘death’), 169),
((‘president’, ‘donald’,
‘trump’), 158)

Tealtl’), 848),
((“vaccine’,
‘appointment’), 828)
((‘appointment’,
‘available’, ‘walgreens’),
658), ((‘vaccine’,
‘appointment’,
available’), 628),
(‘new’, ‘available’,
appointment’), 578)
(‘available’,
‘appointment’,
‘detected’), 578),
((‘appointment’,
‘detected’, ‘provider’)
578)

n=3

—

6. FEATURE II: COVID-19 SPECIFIC WORD
DETECTION

After the completion of the pre-processing phase,
the Bag-of-Words (BOW) model has been proposed
based on frequently occurring words from the Covid
lexicon, and we have extracted the most common
Covid-19 specific words. The word cloud is mainly
used for the novel visual representation of text data.

Several words have been identified in the prepared
word lexicon at various times and in different posi-
tions within the tweets. Identifying the most popular
words from both corpora helps to analyze the im-
pact of those words on the tweet. The lists of almost
1.06 and 1.32 million words have been identified from
both generated corpora. For the most popular Covid-
19 exclusive words, the frequency of each token has
been evaluated from the obtained lists. The popular-
ity score of each word has been calculated from both
datasets.

Following the identification of word frequency, the
likelihood of occurrence for each word has been cal-
culated based on a total of 10,66,548 and 13,22,513
words from both generated corpora. Table 2 rep-
resents the probability scores of some most popular
words from both first and second phase datasets.

count(W;)
i count(Wiky)

P(W;) = (5)

Table 2: Popularity & Probability of Most Frequent
Words.

Covid-19 Dataset I Covid-19 Dataset I1
(Aug - Oct 2020) (Apr - Jun 2021)
Words | Probability | Words | Probability

1 | case 0.009989 vaccine | 0.014953

2 | new 0.009185 new 0.009080

3 | trump | 0.007129 Case 0.008776

4 | people | 0.006523 People | 0.006362

5 | death 0.005472 death 0.004813

During the analysis, a total of 39,834 and 55,816
unique words have been extracted from both Covid-
19 corpora. It is also evident that in 2021 the “vac-
cine” keyword achieved much higher popularity than
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other important keywords. It signifies the global im-
pact on the availability, production, usage, and other
aspects of the Covid-19 vaccine.

7. NLTK-BASED SENTIMENT ANALYSIS
& CLASSIFICATION

Nowadays deep learning-based sentiment analysis
become more popular for extracting information and
text prediction to analyze public behaviors about any
event. Sentiment analysis is mainly used to measure
public opinion trends. It is a specific type of data
mining through natural language processing (NLP),
computational linguistics, and text analysis. The
subjective information can be analyzed and extracted
from social media to categorize the text into multiple
sentiment classes.

NLTK sentiment analyzer has become a popular
choice in gold standard research works for evaluat-
ing sentiment polarity, as it provides reliable and
accurate results for analyzing the sentiment of text
data. The Sentiment Analyzer function of the NLTK
library is used to evaluate the sentiment polarities
of the preprocessed tweets using a set of predefined
rules and heuristics for further analysis. Since both
datasets have been developed by collecting raw tweets
without having any sentiment label, sentiment analy-
sis has been required to understand the overall distri-
bution of tweets from different sentiment classes. The
sentiment polarity of each tweet has been evaluated
using the NLTK-based Sentiment Analyzer to get
the polarity scores for positive, negative, and neutral
classes and evaluate the compound sentiment scores
of each tweet.

The compound scores are computed by summing
the valence scores of each word in the lexicon, ad-
justed according to the rules. Then the valence scores
normalized to be between -1 (most extreme negative)
and +1 (most extreme positive) for producing a sin-
gle unidimensional sentiment measure considering a
given sentence. The more the compound score tends
to 41, the more the sentence will be positively sen-
sitive and the more it moves towards -1, the more
the sentence will be negatively sensitive. The tweets
have been classified using the sentiment classification
algorithm based on the compound polarity scores into
three different classes i.e., positive (polarity > 0), neg-
ative (polarity < 0), and neutral (polarity = 0). The
positive and negative tweets will be further used for
fine-grained sentiment analysis.

8. NAIVE BAYES SENTIMENT MODEL
DEVELOPMENT

The Naive Bayes algorithm is a standard and ef-
fective classification algorithm in machine learning.
To perform this classification, the Bayes theorem has
been applied with a strong independence assumption
between the features. According to several NLP-
based research works the Naive Bayes classifier yields

better outcomes when it is used for textual data anal-
ysis. The probabilistic classifier considers the high di-
mensional features by assuming that the occurrence
of certain words is independent of the occurrence of
other words. The naive Bayes model will prepare the
probability table based on the respective feature set.
Finally, the Bayes theorem will be used to calculate
the posterior probability.

The Naive Bayes sentiment model has been pro-
posed based on a Multinomial Naive Bayes classifier
for refining the polarity ratings for all positive and
negative tweets. A nalve Bayes classifier is a gener-
ative classifier that performs better than other base-
line algorithms on textual fragments for classifying
them based on their polarity ratings [3]. In the phase
of feature extraction, we extracted the frequent uni-
grams, bigrams, and trigrams from the N-gram model
as well as the Covid-19 specific words from the Bag-
of-Words model and our proposed model takes those
extracted features as its inputs for further computa-
tion. The model computed the probability of each
Positive and Negative tweet occurring in the respec-
tive classes. The computer probability ratings are
between 0.0 to 0.5 for negative tweets and 0.5 to
1.0 for positive tweets. The binary tweets are cat-
egorized between the Most Positive (prob >= 0.75),
Positive (prob < 0.75), Negative (prob > 0.25), and
Most Negative (prob <= 0.25) classes. In this phase,
the previously classified neutral tweets are merged
with the Naive Bayes sentiment-rated data. By us-
ing the classification algorithm presented in Table 3,
the positive, negative, and neutral tweets are catego-
rized into Most Positive (1.0); Positive (0.5), Neutral
(0.0), Negative (-0.5), and Most Negative (-1.0) senti-
ment classes along with the refined sentiment ratings
based on their probability score assigned by Naive
Bayes model.

Table 3: The Fine-grained Sentiment Classification
Algorithm.

Algorithm Fine-Grained Sentiment Classification (class, nb_proba, refined_sentiment):

. for each i in range (0, len(tweet.index)):

if tweeti[class] == ‘positive’ and tweeti[nb_proba] >= 0.75:

tweeti[refined_sentiment] € 1.0 # assigned 1.0 for Most Positive Tweets

elif tweeti[class] == ‘positive’ and tweeti[nb_proba] < 0.75:

elif tweeti[class] == ‘neutral’:

tweeti[refined_sentiment] € 0.0 # assigned 0.0 for Neutral Tweets

elif tweeti[class] == ‘negative’ and tweet;[nb_proba] > 0.25:

1
2
3
4.
5. tweeti[refined_sentiment] € 0.5 # assigned 0.5 for Positive Tweets
6
7
8.
9

tweet;[refined._. ] €-0.5 #
10.  else:
11. tweeti[refined_sentiment] € -1.0 # assigned -1.0 for Most Negative Tweets

12. end

ive Tweets

d-0.5 for N
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9. GLOBAL SENTIMENT TREND ANALY-
SIS

9.1 Overall Average Sentiment Trend

During this analysis, the fine-grained sentiment-
rated tweets along with the refined sentiment rat-
ings have been used to identify the average sentiment
trend. Some tweets from each sentiment class along
with their Naive Bayes probability scores have been
presented in Table 4.

Table 4: Covid-19 Tweets from Different Sentiment
Classes.

Date Original Tweet Naive Bayes Refined Sentiment
Probability Sentiment Class

Score Rating

27-09-2020 | New Irene Abridge % 0.10 -1 Most
@WriterOnRetreat GOP the party of lies, Negative
crimes, hypocrisy, caging children, killing
200,000 Americans with COVID-19,
forcing hysterectomies on immigrant
women, tearing families apart, allowing
bounties on our troops... Screwing over
Merrick Garland.

Aziz Shroff @azizshroffl What is the 0.31 -0.5
need for a new Parliament building when
funds are required for healthcare to tackle

29-09-2020 Negative

the COVID-19 pandemic? Absolute waste
of tax payers money just to satisfy one
man's €go.

14-05-2021 - 0.0
Health is not a condition of matter, but of
Mind. An awareness campaign on
#Covid19 was organised by #IndianArmy
for the locals of #Bunedevsar #Kashmir
#KashmirFightsCovid
#COVIDSecondWave #coronavirus
#COVID19Vaccine #MaskUplndia
Merrilee Fullerton, MPP 0.74 0.5
@DrFullertonMPP We have enhanced
testing requirements during the second
wave, recognizing the importance of
identifying a case of the virus before it can
spread from the community into a long-
term care home.

DRM Salem @SalemDRM Duc to 0.99 1.0 Most
COVID-19 issues all passengers are being Positive
permitted through main entry only to
enable monitoring and ticketing activities.
However the matter has been forwarded to
the concerned higher authority to take
further action to prevent spreading of
COVID-19 pandemic.

Neutral

04-05-2021 Positive

30-04-2021

The date-wise average sentiment ratings have been
calculated from the refined sentiment ratings to find
the average sentiment trend globally. It has been
found that there is a moderate contrast between the
data from different time phases. During the analysis
period, a certain drop in the average sentiment is no-
ticeable due to the massive impact of this pandemic.
Various emotions can be identified from the tweets
presented in Table 4 which may cause changes in the
worldwide sentiment trend.

9.2 Sentiment Trend Shift Detection

At the time of executing the sentiment trend anal-
ysis, it has been found that daily sentiment polari-
ties changed continuously for positive and negative
categories. So, the date-wise average positive and
negative polarities have been calculated from both
datasets to detect the polarity shift during the time
phases Aug — Oct 2020 and Apr — Jun 2021. The
Identification of Sentiment Trend shift helps to un-
derstand the changes in the daily positive (0.0 to 1.0)
and negative (-1.0 to 0.0) polarity trend. The aver-
age sentiment trend shift has been visualized using a

3D scatter plot to present the daily sentiment trend
shift for both positive and negative aspects. In Fig-
ure 3, we present the graphical representation of the
worldwide average sentiment trend shift.

Average Sentiment Trend Shift during Aug - Oct 2020 Average Sentiment Trend Shift during Apr - Jun 2021

o
3 .
o g; .:.:
¥ ..' K3
)
Date v 3’: @
o *

Fig.3: Graphical representation of the Average Sen-
timent Trend Shift throughout the world.

It is evident from the figure that the average senti-
ment trend from the period Apr — Jun 2021 is shifted
towards more positive and less negative compared to
the Aug — Oct 2020 phase due to the terrible sit-
uation during the initial wave of the Covid-19 pan-
demic. This change in sentiment reflects the impact
of the pandemic situation and the associated chal-
lenges faced by individuals and communities during
that time.

10. SENTIMENT MODELLING USING HY-
BRID CONVOLUTIONAL LSTM

10.1 Architecture of Hybrid Convolutional
LSTM Model

According to numerous researchers, the LSTM
(Long-Short Term Model) network outperforms sim-
ilar neural network models in conventional sentiment
analysis of textual data as it produces the most ef-
fective predictions. As a special RNN structure, this
model can forecast future predictions based on the
various extracted features from the dataset. The data
moves through the cell states in LSTM so that this
network can accurately recollect or overlook things
depending on the hyperparameters associated with it.
For the historical datasets, the information gathered
over progressive period frames and generally LSTM
is proposed to be an efficient methodology to produce
forecasts with these datasets. In LSTM, the memory
cell ¢; acts as an accumulator of the state information.
The self-parameterized controlling gates can modify
the LSTM cell. Every time for new input, if the in-
put gate i; is on then its information will be collected
to the cell. The past cell information will be forgot-
ten if they forget gate f; is activated. The output
gate 0; controls the flow of the information in the
rest of the network by propagating the present cell
output c¢; to the final state h;. The three gates and
memory cells control the information flow throughout
the network to trap the gradient in the cell and pre-
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vent them from disappearing too rapidly. The math-
ematical representation of the status of the gates and
cell are presented using the following equations where
W denotes the weight matrices, o denotes the logis-
tic sigmoid activation function, and ‘¢’ denotes the
Hadamard Product.

it = o(Waizs + Whihi—1 + Wi Oct—l + bi)
fr =0(Waszy + Wiphi—1 + Wey @ckl +by5)
= [t @ Cr—1 + it @tanh(WICﬂct + Whehi—1 + be) (6)
0t = 0(Waos + Whohi—1 + Weo (-) ¢ + bo)

hy = o4 O tanh(ct)

Although for handling local dependencies between
neighbor words, the LSTM has proven powerful at
the time of sentiment classification over large data, it
had to deal with excessive redundancy. The proposed
hybrid Convolutional LSTM network takes word em-
beddings as its input and feeds them into Convolu-
tional layers to extract local features. After that, the
output of the Convolutional model has been trans-
mitted to the LSTM network as input to learn long-
term dependencies between the sequence of words
for fine-grained sentiment classification. We ex-
ploit both Convo-Sequential and Convo-Bidirectional
LSTM models for sentiment evaluation of the fine-
grained Covid-19 tweets. Figure 4 represents the de-
tailed architecture of the proposed hybrid model.

Deep LSTM Network

yer  Sentiment Clasificaton
—
)
O
L@
lve

‘Word Embedding

Fig.4: System Architecture of proposed Hybrid Con-
volutional LSTM model.

10.2 Fine-grained Sentiment Classification

In order to perform sentiment classification, we
labeled the fine-grained tweets with integer values
(from 0 to 4) based on the associated refined senti-
ment scores since the classifiers cannot fit the non-
integer target class values. The cleaned and pre-
processed tweets have been labeled as Most Negative
(0), Negative (1), Neutral (2), Positive (3), and Most
Positive (4) to prepare a new dataset. The dataset
has been divided into two sets i.e., X and y sets based
on the independent and dependent attributes. Fur-
thermore, we split the X and y sets by an 80:20 ratio
to prepare the training sets (X _train,y_train) with
80% of the total data and the test sets (X _test, y_test)
with 20% of the total data respectively. This model

generated a substantial number of Covid-19 specific
words from the new dataset. We have converted these
words into word vectors using word2vec by setting
the vector dimension as 200 for each collected word
within a tweet. New X _train and X _test sets have
been prepared based on the evaluated word vectors
for further computation. The word vectors and senti-
ment scores from the new training set (X _train) are
supplied as the first layer of inputs into the model.

In this experiment, the TensorFlow* framework
and Keras® library have been used to add Sequential
and Bidirectional LSTM models along with Embed-
ding, Convolutional, Max Pooling, and Dense layers.
The models have been trained for 6 epochs with two
types of outline activation functions with parameters,
optimizer, loss, and accuracy. The Embedding layer
has been used to initialize the words to assign ran-
dom weights and it learns the embedding to embed
all words in the training dataset. In this layer, input
length is the maximum length of a tweet that has
been used to represent a particular weighted word
from a sentence. The Convolutional layer with ReLU
(Rectified Linear Unit) activation function has been
used to take word embeddings as its input from the
Embedding layer. At the end of this network layer,
the Maz Pooling layer has been used to interpret all
the n-gram features to generate sentence representa-
tions. The Dense or fully connected layer has been
used to classify the extracted features of the Convolu-
tional layers. Using a dense layer, every current input
(neuron) in the network layer is connected to every
input in the proceeding layer of the network. We have
used the ReLLU activation function with 128, 64, and
32 units for the initial set of Dense layers, and the
Sigmoid activation function with 5 units for the out-
ermost Dense layer. The final Dense layer classifies
the tweets within five sentiment classes by predicting
the sentiment class of each tweet. During the train-
ing, we used 32 batches, 2 verbose, and a learning
rate of 0.001 for both models. The dropout technique
has been used to prevent the models from overfitting
by dropping the irrelevant information from the net-
work which does not contribute to further processing
to enhance the performance of the models. Table 5
represents the training and validation accuracy vs.
loss using Convo-Sequential LSTM on both datasets
respectively.

After completion of the training of the Convo-
Sequential LSTM model on Covid-19 Dataset I and
Covid-19 Dataset II, finally, the models achieved
90.12% and 90.30% of overall training accuracy
whereas 84.52% and 86.58% of validation accuracy
on the testing data respectively. Table 6 represents
the training and validation accuracy vs. loss using
Convo-Bidirectional LSTM respectively.

4https:/ /www.tensorflow.org
Shttps://keras.io/



Sentiment Analysis on Large-Scale Covid-19 Tweets using Hybrid Convolutional LSTM Based on Naive Bayes Sentiment Modeling 353

Table 5: Training and Validation Accuracy vs. Loss
using CNN+Seq-LSTM Model.

Table 7: Classification Report.

Table 6: Training and Validation Accuracy vs. Loss
using CNN+Bi-LSTM Model.

Epochs Train Loss Train Accuracy Val Loss Val Accuracy

Covid-19 Dataset I | [Initially 23.35% 73.22% 16.30% 82.88%
(Aug - Oct 2020) 2~ 16.87% 80.95% 15.42% 84.15%
3rd 12.74% 85.59% 16.56% 84.97%

4 10.30% 88.07% 17.68% 84.84%

5t 8.85% 89.47% 18.66% 84.90%

6 7.95% 90.33% 22.04% 85.03%

Covid-19 Dataset I | Initially 19.69% 78.27% 14.11% 85.21%
(Apr — Jun 2021) 2nd 15.36% 82.33% 13.36% 86.47%
3rd 11.88% 86.29% 13.46% 87.02%

4 9.74% 88.54% 15.61% 87.02%

5tk 8.59% 89.72% 16.09% 86.35%

6 7.77% 90.48% 18.08% 87.22%

After completion of the training of the Convo-
Bidirectional LSTM model on Covid-19 Dataset I
and Covid-19 Dataset 11, finally, the models achieved
90.33% and 90.48% of overall training accuracy
whereas 85.03% and 87.22% of validation accuracy
on the testing data respectively. It has been found
that the Convo-Bidirectional LSTM network per-
forms better than the Convo-Sequential LSTM net-
work on both datasets because they can learn each
token from the sequence based on both the past and
the future context of the token.

There is a substantial loss difference between the
training and testing epochs, as can be seen in both
figures. This represents small overfitting of the data,
which can be explained by the fact that sentiment
associated with the tweet streaming keywords varied
periodically during the tweet collection phase.

10.3 Classification Report & Confusion Ma-
trix

In this experiment, fine-grained tweets have been
considered from both validation datasets to evaluate
the classification accuracy during sentiment predic-
tion of the hybrid convolutional LSTM models. Ta-
ble 7 represents the classification report to present
the performance regarding the classification of fine-
grained tweets along with the different classes from
both first and second phase datasets.

In Figure 5, the heatmaps for the confusion ma-
trix are presented to identify the differences between
predicted and actual tweets along with the different
classes from both first and second phase datasets.

CNN + Seq-LSTM CNN + Bi-LSTM
ey = Support
Epochs Train Loss Train Accuracy | Val.Loss | Val Accuracy Preciion | Reeall | Fi-Score | Precision | Recall | Fi-Score
Covid-19 Dataset 1 | Initially | _ 23.65% 72.98% 16.57% 82.49% = o MM | 07 084 | 081 085 | 074 | 079 i
(Aug - Oct 2020) b= T YT e 405 58 [N 0384 0.78 031 0.80 086 | 083 5147
. T3 055 5219 T T 35 [N 098 095 0.96 0.98 095 | 097 6739
w o . Bemn o 68t a8 [Py 0.64 071 0.68 0.67 070 | 0.69 3568
= 210% T 2122% YT Ty | MPos 085 087 0.6 0.87 087 | 087 5902
: ’ : : 2 Z |Avg./Total | 085 0.85 0.85 0.85 085 | 085 23959
[Z 8.20% 90.12% 23.50% 84.52% o=
Covid-19 Dataset I | Initially 19.93% 77.93% 14.09% 85.22% = _ | M.Neg.(0) 0.84 0.84 084 0.84 085 | 084 3145
(Apr — Jun 2021) 2nd 15.61% 82.14% 13.21% 86.49% B S [ Neg. () 0.83 0.76 0.80 0.82 0.80 0.81 5111
3rd 12.22% 86.07% 13.72% 86.92% § S [Neu (2) 098 096 097 099 096 | 097 9462
4 10.10% 88.18% 14.77% 87.12% o 3 [ Pos.(3) 055 0.65 0.60 0.60 056 | 058 2944
5t 8.77% 89.53% 17.50% 86.99% 3 L [MPos ) 0.89 091 0.90 0.88 093 | 091 8613
6 8.01% 90.30% 19.49% 86.58% 8 < [Avg/Toul | 087 0.87 0.87 0.87 087 | 087 29275
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Fig.5: Confusion Matriz.

11. COMPARATIVE ANALYSIS

The comparative analysis is presented here to
analyze the performance of the proposed deep
Convolutional-LSTM models with different previous
benchmark experiments on large-scale Covid-19 data
as well as several public corpora. Although, in our
previous experiments we have already trained these
models on two different datasets collected during the
phases Aug — Oct 2020 and Apr — Jun 2021, and
the models performed consistently well for sentiment
prediction of tweets. Through this study, the effi-
ciency and the consistency of these models have been
compared to the different State-of-Art approaches we
have found during the phase of the literature survey.

11.1 Benchmark Comparison of NLP-based
Experiments on Covid-19 Data

Here we have demonstrated performance compar-
isons with some recent experiments on Covid-19 us-
ing different machine learning and deep neural net-
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work models along with any baseline algorithm(s).
The main objective of this analysis is to identify the
classification accuracy for sentiment or emotion pre-
diction achieved by other models considering simi-
lar large-scale textual data. Table 8 represents some
comparisons of prediction accuracy achieved by vari-
ous models we have identified throughout the survey.

Table 8: Performance Comparison between Differ-
ent ML & DNN Models on Covid-19 Tweets Data.

Sentiment
Classification Accuracy

Machine Learning or Deep Neural Network Classifiers

CNN w. GloVe Embeddings (3 classes) [27] 90.67%

CNN + Bi-LSTM w. Naive Bayes Sentiment Model (5 classes) 87.22%

CNN + Seq-LSTM w. Naive Bayes Sentiment Model (5 classes) 86.58%

XLNet on English Tweets (6 classes) [36] 84.70%

Stacking Classifier w. SVC + LR (3 classes) [37] 83.50%

MLP w. pre-trained Word2Vec embedding (3 classes) [35] 83.00%

LDA + Deep LSTM (3 classes) [30] 81.15%

Logistic Regression w. trigrams + Tf-Idf (3 classes) [33] 81.00%

SVM w. Gaussian Membership based Fuzzy logic (3 classes) [33] 79.00%

Deep RNN Model (4 classes) [34] 76.71%

During the analysis, it has been found that our
proposed deep CNN + Bi-LSTM and CNN + Seq-
LSTM classifiers perform better than different State-
of-Art machine learning and deep neural models. But
both models achieved slightly lower accuracy on val-
idation data compared to a similar model. However,
the performance of these ML or DNN models may
vary since different datasets along with several pa-
rameters and target classes have been used for the se-
lected experiments in this comparative analysis. The
CNN model with Glo Ve Embeddings [27] achieved the
highest accuracy than the proposed hybrid classifiers
considering 3-class classification.

11.2 Comparative Analysis of State-of-Art
Experiments on IMDB Dataset

Stanford’s large movie review dataset, also known
as IMDB is an open-source public corpus that is
widely used for sentiment classification. Here the per-
formance comparisons have been demonstrated with
some previous experiments on IMDB review senti-
ment analysis. Table 9 represents some comparisons
between various benchmark experiments.

The main intention behind this analysis is to iden-
tify the classification accuracy achieved by other deep
learning models. From the analysis, it has been found
that the proposed hybrid Convolutional LSTM neural
classifiers based on the Naive Bayes Sentiment model
outperform different State-of-Art deep neural models.

11.3 Comparisons with Benchmark Experi-
ments on Other Public Corpora

The performance of our models has also been com-
pared with previous State-of-Art experiments on dif-
ferent open-source public corpora. In order to per-
form this comparative analysis, two datasets have
been considered i.e., Amazon customer review and

Table 9: Performance Comparison between Differ-
ent Deep Neural Network Models on IMDB Data.

Sentiment
Classification Accuracy

Deep Neural Network Classifiers

CNN + Bi-LSTM w. Naive Bayes S Model 90.44%

CNN + Seq-LSTM w. Naive Bayes S Model 90.26%

Ensemble LSTM + CNN [43] 90.00%

CNN + LSTM w. Combined Kernels [39] 89.50%

CNN [43] 89.30%

CNN - LSTM w. Word2Vec embedding [41] 89.20%

LSTM [43] 89.00%

CNN + LSTM w. Vanilla or Multiword Pre-processing [42] 88.90%

CNN w. Multiword Pre-processing [42] 88.10%

CNN [41] 87.70%

MLP [41] 86.74%

Vanilla Neural Network [40] 86.67%

LSTM [41] 86.64%

LSTM w. Tuning and Dropout [44] 86.50%

Recursive RNN [38] 83.88%

Stanford Sentiment Treebank (SST). In Table 10,
we present the comparisons between the classifica-
tion performance between previous benchmark exper-
iments and our proposed models.

Table 10: Performance Comparison with Bench-
mark Experiments on Public Corpora.

Public open-source corpora Previous Our results

Benchmark

CNN + Seq-LSTM CNN + Bi-LSTM
results

Amazon customer review dataset 90.00% [45] 99.91% 99.92%

Stanford Sentiment Treebank (SST) 90.25%

dataset

86.99% [46] 90.07%

From this comparison, it can be concluded that the
proposed models achieved consistent validation accu-
racy over these datasets for sentiment classification.

12. CONCLUSION & FUTURE SCOPE

In this paper, the various recent NLP research
works were discussed on different large-scale event
analyses. We proposed a novel experimental ap-
proach, mainly focused on Fine-grained Sentiment
Classification on Covid-19 tweets using the deep hy-
brid classifiers. The popularity of a group of words
was analyzed using the n-gram model and the most
popular Covid-19 specific words were extracted as two
main features of the datasets. The tweets were ini-
tially categorized based on the sentiment polarities
calculated by an NLTK-based sentiment analyzer.
However, later the Naive Bayes sentiment model was
developed to assign the fine-grained sentiment scores
to the polar tweets based on their probability of oc-
curring in the binary classes, and the tweets are cat-
egorized into four sentiment classes. The previously
categorized neutral tweets are combined with these
fine-grained tweets to assign the refined sentiment
scores to all tweets using the fine-grained sentiment
classification algorithm. During the analysis, we con-
sidered all the Most Positive, Positive, Neutral, Neg-
ative, and Most Negative tweets to train the deep
learning-based hybrid LSTM network. The dataset
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was divided into 80:20 ratio i.e., 80% for training and
20% for testing purposes. With the first and sec-
ond phase Covid-19 datasets, the proposed Convo-
Sequential LSTM and Convo-Bidirectional LSTM
classifiers were trained for 6 epochs considering cer-
tain parameters. Finally, the models achieved 84.52%
and 85.03% of validation accuracy respectively for the
first phase dataset whereas using the second phase
dataset these models obtained validation accuracy of
86.58% and 87.22% respectively.

The second wave of coronavirus infection is consid-
ered more dangerous than the first because it has al-
ready spread around the world. Many countries have
taken different strict measures to stop the spread of
the new strain of coronavirus. Analyzing this situa-
tion, we hope that we will see a lot of such research
work shortly as there has been tireless research based
on Covid-19 over the last year and a half. We will also
continue our relentless efforts to improve this research
work considering specific events related to the Covid-
19 pandemic. For future work, we want to extend this
work by extracting the tweets from the datasets for
which the Convo-Bidirectional LSTM model performs
better than the Convo-Sequential LSTM model. We
will analyze the impact of different factors on senti-
ment analysis, such as the demographic information,
geographical locations of authors, and other associ-
ated parameters of the tweets to retrieve valuable
insights from the collected data. Finally, consider-
ing the novelty of our work we are eager to publish
our Covid-19 data on an open-source data repository
platform e.g., GitHub® so that other researchers can
experiment with our findings and compare their re-
sults with our outcomes.
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