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ABSTRACT : COVID-19, a major topic of discussion in every field, has shaken up the entire world. It is at
times like these that social media blows up and the activity on these platforms drastically increases. In the past
one year, there have been a lot of tweets related to Corona Virus and its Vaccines. This paper focuses towards
exploring innumerable tweets regarding covid vaccines to summarize the public's opinion and discover key
inferences from this data-set. This data-set pertains to the tweets related to the following vaccines:
Pfizer/BioNTech

Sinopharm

Sinovac

Moderna

Oxford/AstraZeneca

Covaxin

Sputnik V

Through the course of this paper, you will find word clouds, time series plots, histograms etc to show important
features of this data-set like retweet counts with time, average text length, countries from where tweets have
come, and many more. | have also carried out basic sentiment and emotional analysis on the tweets (using
lexical features) to display the public’s feedback about COVID 19 Vaccines. The objective of this paper is to
eliminate the problem of twitter users, browsing through thousands of tweets to summarize the public's opinion
about the covid vaccines to make their personal decisions about related situations.
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. INTRODUCTION

The novel coronavirus disease (COVID 19), which started on 31st December, 2019, is still in the air
and has shaken up the entire world, attacking its health system and economy to its core. As of now there are
approximately 200 million active covid cases and 4 million deaths, but in the past few months there have been
some major developments in terms of vaccinations and handling the covid pandemic. For the same, many
people have tweeted about the different covid vaccinations, namely Pfizer/BioNTech, Sinopharm, Sinovac,
Moderna, Oxford/AstraZeneca, Covaxin, and Sputnik V. There are approximately 125 thousand tweets recorded
till 8th August 2021 for these vaccinations. The challenge any person would face is how to summarize and form
a general analysis of these tweets to summarize general feedback of the public to these vaccines. Through the
course of this paper, we tackle this problem by using NLP (natural language processing), NRCLex (Lexicons),
Machine Learning and data visualisations, analysing minute features of this data-set to carry out key inferences
from the general public about these vaccines. The motivation behind the paper is to eliminate the problem of
twitter users browsing through thousands of tweets to summarize the public's opinion about the covid vaccines
to make their personal decisions about related situations.
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1. MATERIALS AND METHODS
2.1 DATA-SET :

In this study, | have incorporated data from the” COVID-19 All Vaccines Tweets” data-set that pertains
to the tweets related to COVID-19, different Coronavirus Vaccines, and lockdowns etc. Thisdata-set has been
recorded and provided by Gabriel Preda on Kaggle who has been logging tweets from 20th December, 2021 till
today. The data is available at https://www.kaggle.com/gpreda/all-covid19-vaccines-tweets. This data-set
consists of the following fields:

Id (Numerical Id provided by twitter)

User Name

User Location (Location from where tweet has been sent)
User Description (User’s bio)

User Followers (Number of followers on twitter)

Users Friends (Number of friends on twitter)

User favourites (Number of favourites on twitter for user)
User Verified (Is the user verified?)

Date (Date of tweet)

Text (Text in tweet)

Clean text (Pre-processed Text)

Hashtags

reTweets (Number of retweets)

Favourites (Number of favourites for tweet)

For the purpose of this paper, we have used the following fields:
e User Name

e  User Location (Location from where tweet has been sent)
Date (Date of tweet)

Text (Text in tweet)

Clean text (Pre-processed Text)

Hashtags

reTweets (Number of retweets)

Additionally, the vaccines that this data-set focuses on are

e Pfizer/BioNTech

e Sinopharm

e Sinovac

e Moderna

e  Oxford/AstraZeneca

e Covaxin

e Sputnik V

2.2 LIBRARIES:

. Pandas: For the purpose of this paper, this library has been used to convert the data-set into a
dataframe, which makes data manipulation and analysis easier.

) NLTK (Natural Language Toolkit): This library is used for computational linguistics and provides

easy-to-use interfaces to over 50 corpora and lexical resources. For the purpose of this paper, this library has
been used for pre-processing of text (stemming, lemmatization, and removal of stop words), tokenization,
sentiment analysis (NLTK Sentiment Intensity Analyser), and Emotional Analysis (Lexicon based).

. Matplotlib: This is a library used for making static, animated and interactive data visualizations. For
the purpose of this paper, this library has been used for plotting time series graphs and histograms.
. Wordcloud: This is a library used for representing text data in which the size of each word indicates its

frequency or importance.
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2.3 METHODS AND DATA VISUALIZATION TECHNIQUES:

2.3.1 TOKENIZATION:

Tokenization is a way of separating a piece of text into smaller units called tokens. Here, tokens can be either
words, characters, or subwords. In this project I have used NLTK’s treebank tokenizer to execute word level
tokenization on tweets.

2.3.2 PRE-PROCESSING:

Text Pre-processing is used to clean the text data and remove the unnecessary features like stopwords, hashtags,
and emojis etc so that the text is ready to be fed to the model. For the purpose of this paper, we can categorize
our pre-processing function into two parts:

STOPWORDS:
Stop words are a set of commonly used words in a language. Here is a list of generalized stopwords which have
been used in this paper:

> stopwords ("english™)

[1 ] LB e nl‘l.','_'g' " "rr.yself " Myram

[6] Ay ™ "Aurs"” "Aurselves® lr-fo-‘:n rlyﬂurll
[11] "wyours™ "yourself™ "yourselves" "he" "him"
[16] "his" "himself" "she" "her" "hers"
[21] "herself”™ "it" "its" "itself" "they"
[26] "them" "their" "theirs" "themselves" "what"
[31] "™which" "whao" Twhom" "this" "that"
I36] "thega" "thoge" "am™ mign Nayan
]:4"_,] "WE,S ] !IWEIE!I I'tbe " "been" llbeingn
[46] "::ll_’."n?E" !Ihasﬂ "._':ad" "hl_’.."n?i:g" lldc!l

I have also added a few stopwords like “amp”, “ed”, “https”, "00B8", "00BD”, and “00AQ" that are unnecessary
only to this data-set that are present in humerous tweets. In our pre-processing function we have removed these
stopwords from each tweet to simplify our data that is to be fed to our sentiment analysis model.

LEMMATIZATION:

Lemmatization in linguistics is the process of grouping together the inflected forms of a word so they can be
analysed as a single item, identified by the word's lemma, or dictionary form. In our pre-processing function we
have used lemmatization to reduce the complexity of the data-set.For example, the words organize, organized,
organization, organizer, and all other forms of the word organize will turn into the word organize after
lemmatization. After applying all these techniques, this is how the text changes after pre-processing:

tweet df['text'][0]

'Same folks said daikon paste could treat a cytokine storm #PfizerBioNTech https://t.co/xeHhIMglkF

tweet df['clean text'][@]

'Same folks said daikon paste treat cytokine storm PfizerBioNTech'

2.3.3 WORDCLOUD:

A word cloud is a simple yet powerful visual representation object for text processing, which shows the
most frequent word with bigger and bolder letters, and with different colors. The smaller the size of the word the
lesser it's important. For the purpose of this paper, | have made wordclouds on the on the most frequent words
from worldwide tweets, and tweets from India, China, US, and UK.

For example, when we look at covid vaccination related tweets worldwide, words like Covaxin,
vaccine, Moderna, dose and slots etc have a high frequency in the data-set and therefore in our wordcloud they
would have a larger size. In the figures below you would find the top 20 most frequent words in the worldwide
covid vaccination tweet data-set and its corresponding wordcloud with top 100 most frequent words.
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Common Words Found in Tweets (Without Stop Words)

== count

COVID

SIDE EFFECT

Most frequent words in tweet_df

2.3.4 TIME-SERIES PLOTTING:

Time series graphs can be used to visualize trends in counts or numerical values over time. Because date and
time information are continuous categorical data (expressed as a range of values), points are plotted along the x-

axis and connected by a continuous line.

For the purpose of this paper, | have tracked features like number of retweets per hour, per day, and per minute,
average length of tweets per hour, and sentiments and emotions of tweets per day. For example,

40(

-~ retweets

2.3.5 HISTOGRAMS:

In statistics, a histogram is representation of the distribution of numerical data, where the data are binned and
the count for each bin is represented. For the purpose of this paper, we have used histograms to show word
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counts, distribution of tweets over the seven days of the week, distribution of tweets based on locations, and the
percentage distribution of tweets based on sentiments and emotions. For example,

Sentiment analysis: Text

t sentiments

xt sentiments

ex

Percentage

eutral -
Negative
Negative

N

2.3.6 SENTIMENT INTENSITY ANALYZER:

For the purpose of this paper, | have used the VADER (Valence Aware Dictionary and sentiment Reasoner)
sentiment analysis tool provided by NLTK. Specifically, | used the polarity scores method that returns the
compound (aggregate), positive and negative (extent of positivity/negativity) score of the text input, on a scale
of -1 to +1, based on the lexical features (word based) of the input. In this project, | have only used the
compound score to categorize each tweet under the categories positive, negative, and neutral. If the score is
greater than O, then it is positive, if less than 0, then negative and if it is equal to O, then neutral.

For example, for the sentence “I am happy.” we get the following scores,

nltk.download( 'vader_lexicon')
abc = SentimentIntensityAnalyzer(ﬂ
abc.polarity_scores("I am happy")

{'compound': ©.5719, 'neg': 0.0, 'neu’: 0.213, 'pos': 0.787}

And for the sentence” I am sad.” we get,

nltk.download( 'vader_lexicon')
abc = SentimentIntensityAnalyzer(ﬂ
abc.polarity _scores("I am sad")

{'compound': -8.4767, 'neg': ©.756, 'neu': ©.244, 'pos': 0.0}

Although, this method is not fully accurate as if the word mentioned in the input is beyond the scope of
VADER’s lexical dictionary, then our method would categorize it as neutral.

2.3.7 EMOTION RECOGNITION:

In this project, for emotion recognition, | have used the NRCLex library that allows us to measure the emotional
effect from the body of the text based on lexical features. | have used the top emotions method of this library to
recognize top emotions of the input. The emotions provided by the NRCLex library are as follows:

o [ear

e Anger
e Trust
e  Surprise
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e  Sadness
o Disgust
e Joy

For example, for the sentence “I am joyful” we get the following emotions,

text_object = NRCLex("I am joyful")
text_object.top_emotions

[("trust', ©.3333333333333333),
('positive', ©.3333333333333333),
('joy', ©.3333333333333333)]

And for the sentence “I am angry” we get the following emotions,

text_object = NRCLex("I am angry")
text_object.top_emotions

[("anger', ©.3333333333333333),
('negative', ©.3333333333333333),
('disgust', ©.3333333333333333)]

However, even for this method there are limitations, as this algorithm would also not be able to detect emotions
for words beyond the lexical dictionary used by NRCLEX.

I11.RESULTS AND FINDINGS
To carry out inferences from the vast number of tweets in our data-set, | have plotted the following graphs and
figures for data visualization and interpretation -
I. Word Clouds
a. Most frequent words in Worldwide tweets
b. Most frequent words in Indian tweets
¢. Most frequent words in American tweets
d. Most frequent words in tweets from UK
e. Most frequent words in tweets from China
Il. Time-series plot
a. Number of retweets by hour
b. Number of retweets by minute
¢. Number of retweets by day of year
d. The average length of tweets by hour
I1l. Histograms
a. Number and percentage of tweets by day of week
b. Number and percentage of tweets by user location
IV. Sentiment Analysis
V. Emotion Recognition
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3.1 WoRrD CLOUDS:
3.1.1 WORLDWIDE TWEETS:

COVID

PINCODE COVAXIN

DOSE. SLOT. e
NOW

FIRST DOSE

HOSPITA OVAXIN

SLOTS COVAXIN

Most frequent words in tweet_df (worldwide)

From the word cloud above, we can make the following inferences,

. Vaccines like the Pfizer/BioNTech, Covaxin, Moderna, Sputnik V, and AstraZeneca are being talked
about the most. A potential reason for this could be that these are the vaccines being used most by the public.
According to CNBC TV, Pfizer/BioNTech, Covaxin, Moderna, Sputnik V, and AstraZeneca are a part of the top
8 vaccines used in the world. This verifies our analysis.

. Additionally, topics like vaccine slots, first dosage and second dosage, age, and hospitals are frequent
topics of discussions, as these are some of the leading issues and doubts the users of the vaccine face before they
proceed to take it.

3.1.2 TWEETS FROM INDIA:

COVID

BHARATBIOTECH

COVAXIN WILLS

covip vaccine DOSE

VACCINATTON

CENTRE

BHARAT BIOTECH

Most frequent tweet_df in India

From the word cloud above, the following inferences can be made:

) First of all, Covaxin and Covisheild were the two most used vaccines in India and therefore are one of
the more prominent words in the word cloud. Additionally, vaccines like Moderna and Sputnik V have been
used frequently and have been a topic of discussion in Covid Vaccines related tweets in India

. Also, Bharat Biotech and the word “Government " have been mentioned in this data-set quite
frequently, probably because Bharat Biotech is a mass manufacturer of India’s prominent vaccine - Covaxin and
the government tackles with the distribution and and supports the development of these vaccines.

. Additionally, topics like vaccine slots, first dosage and second dosage, age, and hospitals are frequent
topics of discussions, as these are some of the leading issues and doubts the users of the vaccine face before they
proceed to take it.
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3.1.3. TWEETS IN USA:

COVID

JOEBIDEN MSNBC

E ‘OFE
RNA"PFTZER 1opay

COVID VACCINE
vACCINATTON COVID

Most frequent tweet_df in US

. This word cloud suggests that Pfizer and Moderna Vaccines were the most frequently used ones as they
are very frequent in this data-set.

. Additionally, the president of the United States, Joe Biden has also been a topic of discussion as he has
been directly involved in handling the covid pandemic.

. Also, topics like vaccine slots, first dosage and second dosage, age, and hospitals are frequent topics of
discussions, as these are some of the leading issues and doubts the users of the vaccine face before they proceed
to take it.

3.1.4 TWEETS IN CHINA:

CovID

BATCH

EMERGENCY

. CHINESE

ekl s VACCINE

I RS—L—\PPROVAL

W

~EFFICACY

Most frequent tweet_df in China

. This word cloud suggests that the vaccines used most in China are Sinovac Vaccines and are mass
manufactured by Sinopharm as the word “Sinovac” and “Sinopharm” are repetitive in the Chinese tweets.
. Additionally, topics like vaccine slots, first dosage and second dosage, age, and hospitals are frequent

topics of discussions, as these are some of the leading issues and doubts the users of the vaccine face before they
proceed to take it.
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3.1.5 TWEETS IN UK:

COVID

v PETARREINT

ASTRAZENECA
NOW

o
<C
>
o
=
=
%]

GOT

GOOD

()
o
<
—
O

Most frequent tweet_df in UK

VACCINATED

BLOOD CLOT

ECH

COVAXIN

UK

. This word cloud tells us that vaccines like AstraZeneca, Pfizer, and Moderna have been used the most

as they are quite prevalent in this data-set.

. Additionally, a unique phrase “Blood Clots” is unique to this word cloud suggestive of a formation of

blood clots after receiving the vaccine dosage in the UK.

. Also, topics like vaccine slots, first dosage and second dosage, age, and hospitals are frequent topics of
discussions, as these are some of the leading issues and doubts the users of the vaccine face before they proceed

to take it.

3.2 TIME - SERIES PLOTS:
3.2.1 NUMBEROF RETWEETS BY HOUR AND MINUTE:

The number of retweets by hour
45000 - |
|
40000 - [
1
|1
35000 - |1
II II
30000 - [
A [ |
25000 - M\ /\/_ [
I\ |
20000 - [\ ;’f \ '
/ \
15000 - ,\/«H
10000 -
5000 -
IC EI ]_|I:| ]_I:. z:l
hour

retweets
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The number of retweets by minute
25000 - — metweets
20000 -
15000 -
10000 -
5000 -
0 10 20 30 10 50 60
minute

The above plots show that the maximum number of retweets were observed at the 15th hour (3:00PM)
of each day and at the 30th minute of each hour.

. First of all, the precise time of maximum activity on twitter about covid vaccines is around 3:30PM,
suggested by these graphs.

. This may be because this time is close to the lunch time for most people where people browse their
social media to tweet.

3.2.2 NUMBER OF RETWEETS BY DAY OF YEAR:

count | Number of retweets in tweet_df by day of yvear

2500

A l | I

count

= w

02106
1

date_only

This graph suggests that there was maximum activity in March, 2021. This may be because of the
maximum covid cases and deaths recorded for India (maximum activity by this country on twitter) in this
month. Additionally, we have an increasing trend of activity starting in July, 2021 as during this period Covid
Vaccinations have taken a stronger hold and have increased in number, becoming a major topic of discussion.
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3.2.3 AVERAGE LENGTH OF TWEETS BY HOUR:

The Average of length of tweets by hour

126 - text_len
125 - \

124 -

123 -

122 -

121 -

0 5 Bl 15 0
haur

The above graph suggests that the average text length was 125/126 words during the time range of 5:00AM to
5:00PM after which it decreases.

3.3 HISTOGRAMS:
3.3.1 NUMBER AND PERCENTAGE OF TWEETS BY DAY OF WEEK:

Number and percentage of tweet_df / day of week

16.41% 17.08% 16 40%

25000 - 15 .00% 15 .44%

20000 -
11 40%
15000 -

B27%

count

10000 -

5000 -

=

dayofwesk

The above figure tells us that tweets are maximum on Wednesday, and comparatively more tweets on weekdays
than on weekends. (0 denotes Monday and 6 denotes Sunday)

3.3.2 NUMBER AND PERCENTAGE OF TWEETS BY USER LOCATION:

Number and percentage of User location
6000 - 3-75%
— 322%
4000 -
§ 3000 -
151% 148%
2000 -
0.93%
_ 0.69%
00 - 0.59%
1000 049% 0.49% 0432 049% 045% 044% 043% 0373 037% 036% 033% 032% 030%
2 g g £ 2 i 3 E 2 2 2 2 £ 5 g 5 5 i ]
= = = = o = =] 3 5 E = H K . F o g
g H 5 T = g & k - B B 2
& = H £ 2 T E z <
& N 5 " = : 5 8
5
user_location

The plot above suggests that most of the tweets were concentrated in India, USA, UK, and China as these were
the countries struck the most by Covid and they have a high vaccination progress.
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3.4 SENTIMENT ANALYSIS:

Sentiment analy5|5 Text

80000

70000 -

£0000 -

0000

40000 -

30000 - bz
20000 -

10000 -

From the above histogram, we can infer that most of the tweets in this data-set have a neutral or positive
sentiment. It tells us that the public has had a generally moderate or positive feedback to the covid vaccinations.

=1

xt sewtimewt

e

- Text sentiments

Counts
Percen:age :

Neutral -|
Positive -
Neutral |
Positive

Megative
Megative

3.5 EMOTIONAL RECOGNITION:

Sentiment analysig; Text

lac|II |II
---_ ---_

From the above histogram, we can infer that most of the tweets in this data-set have a trust and anger emotion. It
tells us that the public trusts these vaccines but at the same time have feelings of anger and fear regarding the
vaccinations and getting slots etc.

xt sc—‘wtir".ewts

B

: Text sen:i ments

Counts
Percen:age :

anger
fear -|
anger
fear -|

sadness
surprise
sadness
surprise

V. CONCLUSION

In conclusion, we can say that we have successfully carried out Exploratory Analysis and baseline level
sentiment and emotional analysis on the tweets of the COVID Vaccinations data-set from December, 2020 to
8th August, 2021. Throughout this paper, we have used algorithms of Natural Language Processing, and
different types of data visualization techniques to analyze different features of this data-set and infer the
feedback the public has for the most prevalent vaccines from the countries most affected by the novel
coronavirus.

We have used sentiment and emotional analysis to take this research one step forward and focus
specifically towards summarizing the public's opinion about these vaccines used.

To summarize the results, we can say that the vaccines have had a positive toll on the public and most
people are either neutral or positive towards the different types of vaccines provided. People highly trust these
vaccines, but there are negative emotions of anger and fear still in the community as still many people are
affected by the fatal coronavirus and many of these vaccines have had negative side effects. Most of the tweets
in this data-set are from India, USA, UK, and China as these were the countries most affected by the virus or
most involved in the development of the coronavirus vaccines. We can additionally infer that the vaccines most
used in today's time are the following,

e Pfizer/BioNTech
e Sinopharm
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Sinovac

Moderna
Oxford/AstraZeneca
Covaxin

Sputnik V

The tweets usually peak at the 15th hour (3:00PM) of the day, precisely at 3:30PM each day. The

activity was the most in the month of march as this was the month in which coronavirus hit humanity the most
and maxed out in cases and deaths. From July onwards, activity on twitter showed an increasing trend as this
was the time when vaccine development and production gained a stronger hold.

Therefore, we can say that the public generally has positive feedback regarding the covid vaccinations

and we are moving in the right direction when it comes to fighting this disease. It is important to stay safe in
these uncertain times, so stay safe and isolated, get vaccinated and keep tweeting!
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