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Prediction of the Impact of Covid-19 Vaccine on
Public Health Using Twitter
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Tukoro Matsuo

Abstract--Social media is a source of big data. Media like
Twitter and Facebook has been used for collecting and
analyzing user data for different purposes. The data can be
used to analyze people opinions towards certain topics and
incidents by applying sentiment analysis and then certain
useful insights can be drawn from the analyzed data. During
the current time of Covid-19, people have been sharing
information regarding Covid-19 statistics, vaccines, and
discussing the effects of the vaccine concerning public health.
The purpose of this study is to analyze tweet data regarding the
Covid-19 vaccine by applying sentiment analysis and
predicting the impact of the vaccine on public health. Also, the
tweets are analyzed for hidden topics by applying Topic
Modelling using Latent Dirichlet Allocation (LDA) and Latent
Semantic Analysis (LSA). The source of data for this study is
Twitter APl. The coding and data analysis is done using
Python programming language in the Spyder (Scientific
Python Development Environment) that is an integrated
development environment for scientific programming, testing,
and data analysis. The results of the study indicate a greater
positive sentiment reflecting a healthy public discussion about
the Covid-19 vaccine, information, awareness, and public
acceptance. With these results, a positive impact of the Covid-
19 vaccine on public health is predicted. The results of topic
modeling discovered 10 hidden topics from the tweet dataset.

Index Terms—Covid-19, public health, positive, sentiment
analysis, vaccine, topic modeling

l. INTRODUCTION

HE global Covid-19 pandemic emerged at the end of
the year 2019 in Wuhan, a city in China that spread
across the globe within few months and was declared
by WHO as an emergency for public health [1]. Along with
some common strategies, nations of the world have
implemented various public health strategies to reduce the
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transmission and control the pandemic spread [2]. The
scientific research community has been engaged in finding
better treatment options for the disease as well as
developing a safe and effective vaccine to control the
spread of the disease [3].

Together with a direct influence of the pandemic on
public health, there is a collective influence on peoples’
emotions as well due to change of norms, social distancing
and, style of living [4]. People with heightened or charged
emotions are less likely to support and get involved in
preventive behaviors. Many are concerned over vaccine
safety and side effects, thus exhibiting fear, a negative
emotion. The intentions of the people towards the Covid-19
vaccine have also been affected by the prevailing anxiety
and loss factors [5]. Still, a part of the population is hopeful
and shows a good acceptance of the vaccine and other
preventive measures.

The motivation for this work is to make a scientific
contribution to the efforts for disease reduction or
mitigation strategies in this time of crisis by conveying
useful information regarding public opinions about the
Covid-19 vaccine to healthcare practitioners and
policymakers.

This paper presents an analysis of tweets related to the
Covid-19 vaccine and public health using Twitter.
Sentiment analysis is applied to examine and understand
people’s thoughts and emotions towards the Covid-19
vaccine concerning public health. Topic modeling is done to
uncover topics discussed in the tweets. Theoretically, it is
known that vaccination is a core factor of public health [6].
In a real scenario, it surely depends on the vaccine
communication, education, awareness, and acceptance by
the public. The misinformation and hoax about the Covid-19
vaccine found on the internet is also threatening to the
health of people because it makes people reluctant towards
preventative health behaviors and unwilling to get
vaccinated [1] and this attitude is also passed onto their
friends and family. Therefore, analyzing emotion in the case
of the Covid-19 vaccine is very useful to inform the public
healthcare community. The results of the sentiment analysis
are used to predict the impact of the Covid-19 vaccine on
public health.

Section Il of the paper provides a background for the
research and discusses some of the existing related work.
Section 1l discusses the research methodology and
experiment details. Section IV presents the results of the
analysis extensively. Section V is the discussion section that
provides some implications from the research. Section VI
concludes the paper.
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1. BACKGROUND AND RELATED WORK

In times of crisis especially that of the Covid-19
pandemic, people turn towards social media to voice their
opinions and share their thoughts. Social media is a digital
tool that allows users to connect and engage with others and
share their content. There are several social media tools and
applications available currently. A huge volume of data is
generated by these media every day. Twitter is a very
popular social media that generates a huge number of
tweets posted by its users every day about different topics,
events, incidents, and issues. Sentiment Analysis is a
technique that can be applied to analyze the attitudes,
opinions, and emotions of people towards certain topics,
issues, events, incidents, products, or services [7].
Sentiment Analysis using Twitter provides useful insights
into a topic, product, or incident by analyzing people’s
thoughts, opinions, and emotions in a certain context [8].

Manual classification and analysis of social media data is
not a feasible approach. However, several automatic
techniques have been developed and available for automatic
text polarity classification. These are either lexicon-based
methods or learning-based techniques [9]. When the
sentiment is identified by breaking down the text into words
whose polarity is already specified in the dictionary, the
approach is known as the lexicon-based approach and when
the sentiment classification is done by training classifier
with pre-annotated text in terms of sentiment polarity, it is
known as machine learning-based approach [10]. Examples
of lexicon-based methods are bag-of-words, n-grams and,
n-grams graphs while learning-based methods include
Support Vector Machines (SVM), Naive Bayesian, Logistic
Regression, etc.

[11] applied sentiment analysis on Twitter data regarding
Covid-19 during April-May 2020. The data was analyzed
for the polarity of the sentiment as well as its subjectivity.
The results indicated the largest number of neutral
sentiments, medium number of positive sentiments, and
lowest negative sentiments. Regarding subjectivity, 64% of
data was found to be objective, 22% was indicated as
subjective and the rest 14% was neutral.

[12] utilized Twitter content to observe the opinions and
attitudes of Saudi nationals towards the Covid-19 disease
prevention measures and initiatives taken by the
government. The model for sentiment analysis was
developed using a machine learning approach and the Naive
Bayes classifier was used. Out of seven measures, the
results of six measures contained more positive sentiment
as compared to the negative. Negative polarity was
dominant only in a single case. The results indicated an
overall positive attitude of the people towards prevention
policies implemented by the government to control the
spread of the virus.

[12] conducted an Infodemiology study using a machine
learning approach. Infodemiology is a research domain that
utilizes unstructured textual data from the public available
across internet media (social media, blogs, websites) for
collection and analysis to inform and improve public health
and policies related to public health [13]. The study was
proposed to observe public discussions and sentiments
regarding Covid-19. In addition to sentiment polarity, the
researchers also identified discussion topics under five
themes. The results revealed an emotion of ‘fear’ when the
discussion topic was about Covid-19 new cases and
mortality rate.

[9] analyzed sentiments from tweets during the Covid-19
outbreak in Nepal. Text mining and sentiment analysis was
performed using the Google Colab platform. Python was
utilized as the programming language. The results of the
study indicated a mix of emotions like hope, fear, sadness,
and disgust across Twitter data during the last ten days of
May 2020.

[14] performed a study that targeted the identification of
key topics posted by the public on Twitter related to Covid-
19 starting from February until the mid of March 2020. The
researchers employed Twitter API, Python libraries, and
Postgre SQL database for data collection and analysis.
Initially, tweet data and detailed metadata were obtained
using Twitter API. Then, the tweets were analyzed by
unigram and bigram word frequencies. Finally, the topics
discussed in the tweets were identified by applying Latent
Dirichlet Allocation (LDA). The results of this study
recognized 12 topics under the main themes of virus origin,
source, impact, and mitigation strategies. Out of a total of 12
topics, 10 topics exhibited a positive sentiment while the
remaining 2 topics exhibited a negative sentiment.

I11. METHODOLOGY AND EXPERIMENT DETAILS

The methodology for this work as presented in Fig. 1,
starts with the collection of tweets from the Twitter API
followed by tweet cleaning and analysis processes and
finally ends with predicting the impact of the Covid-19
vaccine on public health. The keyword used for tweet
collection is a combination of four words and is specified as
‘#covid-19+vaccine+public+health’. It results in the
collection of tweets containing all of these words. For this
experiment, three datasets of tweets have been collected.
The first dataset has tweets from October 2020 — December
2020, while the second dataset contains tweets from
January 2021 — June 2021. The third dataset is updated with
tweets from July 2021 — October 2021. The tweets are
analysed in four different ways: word frequency analysis,
bigram and trigram analysis, sentiment analysis, and topic

modeling.
S

T{ Keyword: #covid-19+vaccine+public+health

[1 Import Tweepy ] [2 Obtain and msert credentials ]

[3 Create Tweepy object ]  Call Twitter API

Tweet Cleaning |<—

Tweet Collection |—

[1 Remove URLs J[z Convert lowercase ][3 Split text ]

[-4 Remove Stop words ] [5 Remaove Collection words ]

Tweet Analysis

, ; 2_. . .
[1 Word Frequency Analysis J [ Bigram & Trigram Analysis ]

"

[ * Sentiment Analysis ] [4 Topic Modeling

Prediction of the impact of covid-19 vaccine on public health

Fig. 1. Methodology for Tweet Collection and Analysis
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The word frequency analysis, bigram, and trigram
analysis have been conducted on the first dataset. Sentiment
analysis has been accomplished on the first and second
datasets. Topic modeling has been done with the second
and third tweet dataset. On the second dataset, topic
modelling has been implemented using Latent Dirichlet
Allocation (LDA).On the third dataset, LDA and LSA
(Latent Semantic Analysis), both approaches have been
used to find the topic keywords.

A. Tweet Collection

The process of tweet collection requires importing the
Tweepy Python package that provides a simple and easy
approach to access Twitter APl through Python
programming language. The next step is to provide the
required credentials for fetching data from Twitter. These
credentials were obtained by creating an application in the
Twitter Development Portal. After setting the credentials,
the Tweepy object is created and used to call Twitter API
for data collection relative to the specified keyword.

B. Tweet Cleaning

Tweet cleaning follows the tweet collection process. In
the tweet cleaning process that is data pre-processing, first
URLs were removed using a regular expression (re)
package in Python, then tweets were converted to lowercase
followed by splitting tweet text and removing stop words
and collection words from the tweets. In the text splitting,
the tweets are converted into a split list of strings. This is
done by using the split () method in python. In a language,
stop words are those words that can easily be ignored
without affecting the meaning and information in a
sentence. The stop word removal process makes tweet text
more suitable and meaningful for analysis. The collection
words are the keywords specified for tweet collection. We
also removed collection words due to the reason that we
know that these words are surely part of all the collected
tweets so by removing these words from tweets we can
focus on other important words that occurred in tweets to
obtain useful insights.

C.Tweet Analysis

Finally, the clean tweets were analyzed for word
frequency, bigrams and trigrams, and most importantly, the
sentiments to predict the impact of the Covid-19 vaccine on
public health. The word frequency analysis of tweets is
done by flattening the clean list of tweet words and creating
a counter for the unique words across the tweet words list.
The bigram and trigram analysis extracts and counts the co-
occurring words in clean tweets. A bigram is two co-
occurring words sequence while a trigram is a triple co-
occurring words sequence. The analysis is done by using
the bigram and trigram functions from NLTK (Natural
Language Tool Kit) library in Python. The sentiment
analysis on both sets of tweets is performed using the
TextBlob package in Python. TextBlob helps to identify the
polarity of the tweets. The polarity value may be positive,
neutral, or negative. The positive polarity indicates a
positive sentiment towards the topic while a negative
polarity indicates negative sentiment.

D. Topic Modeling

For a large corpus of textual data, topic modeling
provides a way to organize and group the data in terms of
topics identified from the data itself. A topic model is a

model that is trained to identify and discover the topics in a
document automatically. Topics are made up of a group of
words that best describe the information contained in the
data. Topics can also be defined as the repeating patterns of
simultaneously occurring terms in the data. There are
various methods available for obtaining topic models. One
of the well-known methods is Latent Dirichlet Allocation
(LDA) proposed by [15]. LDA is a generative probabilistic
model that identifies various topics present in a corpus and
also determines the degree of presence of certain topics in
the documents contained in the corpus. To use LDA for
topic modeling, the number of topics to be discovered in the
corpus is specified. The algorithm then finds the hidden
topics in the form of a probability distribution of a grouping
of words over the vocabulary of the topic in the corpus. In
this experiment, topics in tweets are modeled using the
LDA technique in the Python programming language. The
number of topics is specified as 10. pyLDAvis has been
used to visualize the topic model and interpret the topics
obtained from our clean tweet data. LDAvis [16] is an
interactive visualization of topics discovered using the LDA
method. An important characteristic of LDAvis is the
relevance attribute that allows users to explore the
relationships between topics and terms to get the most from
the LDA fitted topic model. Latent Sematic Analysis (LSA)
is a technique to identify groups of words with same
semantics from the input text. The classification part is
done using TF/IDF (term frequency/inverse document
frequency) and the dimensions are reduced using Singular
Value Decomposition (SVD). The basic intuition behind
LSA is that the words that share similar meaning tend to
share similar contexts [17].

IV. RESULTS OF ANALYSIS

The word frequency analysis of tweets gives an
illustrative overview of what is being discussed by the
public. Secondly, it provides an opportunity for an in-depth
analysis of the commonly occurring data frequencies. Fig. 2
presents the frequencies of the 25 most commonly
occurring words in public discussions on Twitter. Here, we
note that the words ‘the’, ‘covid-19°, ‘vaccine’, ‘public’,
and ‘health’ have the highest frequencies of occurrence.

Common Words Found in Tweets (Including All Words)
the
covid19
fo
vaccine
public
health
of

and
n

words
[)
3

are
vaccines
has
that
we
will
amp
with
first
as

our count
this

0 50 100 150 200 250 300 350

Fig. 2. Word Frequency Analysis of top 25 common words including all
words in tweets
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The other commonly occurring words are mostly the stop
words that are not very useful in this analysis so, in the next
step, we removed stop words and then analyzed the word
frequencies. Fig. 3 shows word frequencies when the stop
words (like the, to, an, and, of, etc) are excluded. Now, we
observe that in addition to collection words, people are
discussing vaccine doses, Moderna, Pfizer, experts,
distribution, etc. Next, we excluded the collection words
(like covid-19, vaccine, public, health) from the analysis
because we know that these words are found in all the
collected tweets and it is useful to know other words. The
result of this analysis is presented in Fig. 4, where we find
further vocabulary in the discussion by the public, for
example, pandemic, healthcare, doses, received, Pfizer,
Moderna, amp, coronavirus, etc.

Common Words Found in Tweets (Without Stop Words)

covid19
vaccine
public
health
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first
today
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o
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Fig. 3. Word Frequency Analysis of top 25 common words excluding stop
words

Commen Words Found in Tweets (Without Stop or Collection Words)
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Fig. 4. Word Frequency Analysis of top 25 common words excluding stop
words and collection words

Table | presents top 10 preprocessed and clean tweets
from 1000 collected tweets. The topics about Covid-19
vaccine delivery, distribution, effects, public health are
being talked about. Table Il exhibits 19 commonly
occurring bigrams in the 1000 collected tweets and Fig. 6
gives a visualization of a network of 30 bigrams.

TABLE |
Tor 10 FROM 1000 COLLECTED TWEETS AFTER PREPROCESSING

No Tweet

1 Its arrived Taking delivery of the Pfizer BioNTech vaccine
into our Cold Chain Storage this morning We can now ha

2 This is the head of the Croatian Institute for Public Health
posing with the first case of COVID19 vaccine that ar

3 This is the Equity Matrix that is refd in the COVID19 vaccine
rollout recommendations | hope all provinces

4 this nprfreshair on corona covid19 w edyong209 discusses 1
first response public health is severely underfun

5 COVID19 The hype amp hullabaloo over the availability amp
distribution of the COVID19Vaccine in India have been gat

6 These rushed vaccines and their campaigns will go down in
history as a great disasterOur first responders shoul

7 So far only seven states have followed public health officials
advice to specifically prioritize incarcerated peo

8 Maximizing the Uptake of a COVID19 Vaccine in People
With Severe Mental llinessA Public Health Priority

9 Resources for healthcare professionals about receiving the

vaccine and communicating confidently about it to patien
10 Riverside University Health System Public Healthlf you have
a concern or have been contacted for what you belie
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Fig. 5. Word Cloud plot of tweet data
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TABLE Il
BIGRAMS FROM THE COLLECTED TWEETS

No Bigram Count
1 (‘two', 'doses') 30
2 (‘'said', ‘aware") 21
3 (‘aware’,”handful”) 21
4 (‘state’,’department”) 20
5 (‘department’,’said’) 20
6 (‘handful’,’teens”) 20
7 (‘teens’,’staffers”) 20
8 (‘staffers’,’received’) 20
9 (‘doses’,’needed’) 17
10 ('distribution’, ‘#covid19vaccine'’) 4
11 ('moderna’, '#covid19’) 10
12 (‘doses', '#covid19") 9
13 (‘supply’, ‘arrive’) 6
14 (‘first', 'doses’) 8
15 (‘findings', 'important’) 8
16 ('important’, 'vaccines,") 8
17 (‘vaccines,’, 'therapeutics') 8
18 (‘therapeutics', 'strategies') 8
19 (‘strategies’, ‘combat’) 8

Table 111 reveals 20 trigrams and their counts from the
collected tweets. The network of 30 trigrams can be
visualized in Fig. 7. Table IV lists the polarity value along
with the corresponding tweet. It can be noted that out of 15
listed tweets, 10 tweets have a positive polarity value and
therefore, exhibit a positive sentiment while 5 tweets have a
negative polarity revealing negative sentiments.
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Fig. 9. The plot of Sentiment Analysis with tweet polarity values across the
x-axis and tweet count across y-axis (Neutral tweets are excluded for clear
visualization of negative and positive sentiments) (Tweet set 1 — October
2020 to December 2020)
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Fig. 10. The plot of Sentiment Analysis with tweet polarity values across
the x-axis and tweet count across the y-axis (Tweet set 2 — January 2021 to
June 2021)
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Fig. 11. The plot of Sentiment Analysis with tweet polarity values across
the x-axis and tweet count across y-axis (Neutral tweets are excluded for
clear visualization of negative and positive sentiments) (Tweet set 2 —
January 2021 to June 2021)

Fig. 8 and Fig. 9 show the plots of sentiments from tweet
set 1. From Fig. 8, it can be observed that the number of
neutral tweets ranges between 500 and 600, positive
between 50 and 100, and negative tweets are less than 20.
In Fig. 9, neutral tweets have been eliminated to allow for a
clear picture of the negative and the positive sentiment. Fig.
10 and Fig. 11 depict the plots of sentiments for tweet set 2.
It is observed that in both sets of tweets, positive sentiment
is dominant. Overall, we conclude that the opinions and
discussions of the people are positive about the Covid-19
vaccine in relation to public health.

In Fig. 12, the global topical view of the tweet data is
presented. Since the number of topics to be discovered is
specified equal to 10 while writing the Python code, LDA
has discovered 10 topics represented by the circles plotted
along a two-dimensional plane. The area of the circle
defines the prevalence of the topics. For example, in Fig.
12, topic 1 is the most commonly discussed topic while
topic 10 is the least. The circle colored dark represent topic
1. Fig. 13 to Fig. 18 present bar charts for interpreting topic
1 with varying values of the relevance metric A. The bar
charts have overlaid bars. The light grey bars give the
corpus-wide frequency of the terms while the dark grey
bars give the topic-specific frequency.

Slide to adjust relevance metric:i2) @

A=0 0.0 02 04 06 0.8 10

Top-30 Most Relevant Terms for Topic 1 (21.9% of tokens)
1] 20 40 &0 a0 100

officials [
dose |

hesitancy -
amp [
work .
new [N

encourage [l
receive .
support .
director .
england -

series .
cdc .

second -

Fig. 13. Most useful terms for interpreting topic 1 with the relevance
metric A=0

The relevance metric A determines the ranking of the
usefulness of the terms exclusive to the topic. [16] found
the optimal value of X to be 0.6 based on an experiment that
resulted in 70 percent chance of correct topic identification.
For values of A close to 0, the estimated probability of
correct topic identification was found to be 53 percent
while for values of A close to 1, it was around 63 percent.
The ratio of the width of the dark grey and light grey bars
indicate clearly whether a term is a common term or it is
more relevant to the selected topic.

We observe in Fig. 14, with A=0.2, the top three terms
are ‘dose’, ‘received’, ‘officials’. Comparing these terms,
the term ‘officials’ is most exclusive to this topic. The topic
can be interpreted as related to the vaccine administration.

Slide to adjust relevance metric:(2) ®

A=019 0.0 02 04 06 08 10

Top-30 Most Relevant Terms for Topic 1 (21.9% of tokens)
o 20 40 &0 a0 100

dose [N
received -
officials [l
amp [
heatn |
today -
new [
hesitancy .

vaccine [

encourage .
receive .
england -
support .
covia1o [N
director .
cdc l
june .
series I
end .
experts .
Fig. 14. Most useful terms for interpreting topic 1 with the relevance
metric A=0.2
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Intertopic Distance Map (via multidimensional scaling)
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Fig. 12. The global topic view using pyLDAVvis

Slide to adjust relevance metric:(2) ’

A=039 00 02 04 05 0.8 10
Top-30 Most Relevant Terms for Topic 1 (21.9% of tokens)

0 20 40 &0 80 100

neatn I
dose [N

hesitancy .
england -
work .
receive .
encourage [l
support .
june .
end
director .
second
cde I

community .
P,

Fig. 15. Most useful terms for interpreting topic 1 with the relevance
metric A=0.4

From Fig. 15, A=0.4 and the top three terms are ‘health’,
‘dose’, ‘vaccine’. As appears from the bar chart, the terms
‘health’ and ‘vaccine’ are common terms across the tweet
dataset that are also belonging to topic 1 while the term
‘dose’ best describes this topic. So, we can interpret that the
discussion is related to ‘vaccine doses’.
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Fig. 16. Most useful terms for interpreting topic 1 with the relevance
metric 2=0.6
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In Fig. 16, the value of X is set to 0.6, here we exclude
the first four terms in our interpretation because these terms
represent the keywords used to collect the tweet dataset.
Following these four terms, the top 3 are ‘dose’, ‘received’,
‘amp’. Again, we interpret the topic as related to
‘administration of vaccine doses’.
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F|g 17 Most useful terms for interpreting topic 1 with the relevance
metric A=0.8

It is observed from Fig. 17 and Fig. 18 that with A=0.6
and 0.8. There is not much difference in the top topic terms
when compared with Fig. 16 with A=0.6, so topic 1 is
interpreted to be about ‘administration of vaccine doses’.
The rest of the topics determined by LDA are interpreted by
plotting the word cloud.

Table V summarizes the topics discovered from tweet
dataset 2 and Table VI compares five keywords from each
of the five topics computed using LDA and LSA on tweet

dataset 3.
TABLE V
TOPICS DISCOVERED FROM TWEETS (TWEET SET 2)

Topic
Administration of vaccine doses
Vaccination of young residents to combat virus

Experts opinion on covid 19 immunization
Vaccination of state population

Health clinics in Ramban 2021

Expert opinions on public health during June
Administration of the second dose

Scientific discussion on covid 19 and vaccine

Vaccine delivery in England
Myocarditis and pericarditis

z
©

PO 0 N O Ul bW N

o

TABLE VI
ToprIC KEYORDS USING LDA & LSA (TWEET SET 3)

Topic  Latent Dirichlet Latent Sematic Analysis
Allocation (LDA) (LSA)

1 vaccine, achieve, vaccine, Texas, kids,
milestone, govaxx,10k Friday, share

2 vaccinated, weekly, public, October, national,
holding, leaders, community, information
reminder

3 cases, positive, tests, health, Texas, minister,
daily, updateoct leaders, govt

4 vaccines, booster, today,  doses, local, refusing,

clinic, new

good, information

govaxx, partner, 10k,
achieve, milestone

5 mandates, govabbott,
Texas, republican, says
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Fig. 18. Most useful terms for interpreting topic 1 with the relevance
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Fig. 19. Word cloud for 20 frequent terms in topic 2

From Fig. 19, we interpret the focus of discussion in
topic 2 as ‘vaccination of young residents to combat virus’.
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Fig. 20. Word cloud for 20 frequent terms in topic 3

From Fig. 20, we interpret topic 3 as opinions of ‘experts
on covid 19 immunization’.
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Fig. 21. Word cloud for 20 frequent terms in topic 4
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From word cloud in Fig. 21, topic 4 is interpreted to be
‘vaccination of state population’.
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Fig. 22. Word cloud for 20 frequent terms in topic 5

From word cloud in Fig. 22, topic 5 is interpreted to be
‘health clinics in Ramban 2021’
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Fig. 23. Word cloud for 20 frequent terms in topic 6

From word cloud in Fig. 23, topic 6 is interpreted to be
‘expert opinions on public health in June’.
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Fig. 24. Word cloud for 20 frequent terms in topic 7
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From word cloud in Fig. 24, topic 7 is interpreted to be
‘administration of the second dose’
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Fig. 25. Word cloud for 20 frequent terms in topic 8

From word cloud in Fig. 25, topic 8 is interpreted to be
‘scientific discussion on covid 19 and vaccine’
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Fig. 26. Word cloud for 20 frequent terms in topic 9

From word cloud in Fig. 26, topic 9 is interpreted to be
‘vaccine delivery in England’.
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Fig. 27. Word cloud for 20 frequent terms in topic 10
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From word cloud in Fig. 27, topic 10 is interpreted to be
‘myocarditis and pericarditis.

V. DISCUSSION

The word frequency analysis helps in identifying the
patterns of words that are trending in the discussions on
Twitter and other media and can also reflect the Twitter
users’ psychology [18] under particular circumstances, for
example, pandemic, natural disasters, fire, etc. In this
research, the word frequency analysis gives an insight into
the most common words uttered by the people about the
Covid-19 vaccine and public health. From the analysis, the
most common words found in tweets included Covid-19,
vaccine, public, health, pandemic, Pfizer, Moderna,
healthcare, etc.

Bigrams and trigrams provide further insight into the
topic by finding out two and three co-occurring words in
the tweets. The three common bigrams were found to be
(‘distribution’, '#covid19vaccine'), (‘moderna’, ‘#covid19’)
and, (‘doses', #covid19"). The three common trigrams were
(‘'doses’, ‘'#covidl9', ‘vaccine’), (‘findings', ‘important’,
'vaccines') and, (‘important’, 'vaccines', 'therapeutics’). In
[16], the word frequencies including unigram, bigram and,
trigram were represented using power law distribution
statistical technique.

Sentiment analysis is a well-known technique in Natural
Language Processing (NLP) research. Sentiment analysis
starts with text data as input followed by the identification
phase, feature selection process, sentiment classification,
and finally sentiment polarity and subjectivity
determination [11]. In this research, sentiment analysis is
done using Python library package TextBlob. TextBlob
uses the ‘Naive Bayes’ classification algorithm [9]. In
addition to some statistical techniques, several studies
utilized ‘Support Vector Machines’ and ‘Artificial Neural
Networks’ for analyzing sentiments [18]. [19] applied deep
learning to the tweet classification task and inferred that

Volume 49, Issue 1: March 2022



TAENG International Journal of Computer Science, 49:1, IJCS 49 1 03

tweet classification using Convolutional Neural Network
(CNN) vyielded a superior result as compared to the Naive
Bayes classifier.

Topic Modeling has many implications including
information retrieval, summarization, discussion analysis,
etc. The most commonly used techniques for topic
modeling are Latent Semantic Analysis (LSA) and Latent
Dirichlet Allocation (LDA). [20] evaluated various topic
modeling algorithms on tweet data including LSA, LDA,
LDA-U, Biterm Topic Model (BTM), and word2vec
Gaussian Mixture Model. They determined that LDA might
not perform very well on short text documents and BTM
gains performance improvement on LDA when specifically
working with tweets. [21] compared LSA and LDA
performance on tweet datasets and indicated that the results
of LDA are better as compared to LSA.

The results of topic modeling in this experiment indicate
the topics that are currently prevailing like administration of
vaccine doses, second doses, vaccination for the young
population, vaccine delivery, etc. The data obtained from
Twitter about the Covid-19 vaccine and public health can
be utilized by the concerned agencies in the healthcare
sector in several useful ways. For example, negative
sentiments can be further analyzed to identify the problems
and reasons for peoples’ negative attitudes. When the
problems are identified, concerned agencies can be
informed, and steps can be taken in real-time to overcome
those difficulties. In this case, if the people are talking
negatively about the vaccine, there might be a possibility
that vaccine education and communication are lacking to
those people or there may be financial issues with them.
The government can take appropriate measures to deal with
such issues efficiently and effectively. Secondly, due to
data limitations, user location is not considered in this
analysis. The user location together with tweet polarity can
be used to identify the regions from where positive and
negative sentiments are being received.

Our tweet sentiment analysis on both tweet datasets
indicated a large number of neutral sentiments, a moderate
number of positive sentiments, and a relatively small
number of negative sentiments. Taking only the negative
and positive sentiments into account, from this analysis we
predict a positive impact of the Covid-19 vaccine on public
health because more positive tweets as compared to the
negative, indicate a healthy discussion and show public
awareness and acceptance of the Covid-19 vaccine.

V1. CONCLUSION

The research concludes by discovering topics in tweets
related to the Covid-19 vaccine and public health as well as
predicting a positive impact of the Covid-19 vaccine on
public health employing sentiment analysis using Twitter
social media as the data collection platform. The research
also provides useful suggestions for using Twitter data for
better management of strategies relating to Covid-19
vaccine awareness, information, education, and public
acceptance. Twitter, therefore proves to be a useful source
of knowledge and information for public healthcare
officials that makes it possible to formulate better
healthcare policies for an overall improvement of public
health.

In the future, the research work can be extended by
employing deep learning methods or other classification
algorithms for sentiment analysis. This work utilized LDA

for topic modeling. In the future, other methods like Biterm
Topic Model (BTM) that have been proved to be effective
for tweet topic modeling might be utilized for better results.
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