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In addition to infecting millions of people and causing hundreds of thousands of deaths, COVID-19 has
also caused psychological and economic devastation. Studies on the vaccine, which is considered to be
the only way to eliminate this pandemic, have been rapidly completed and more than 10 vaccines have
begun to be applied worldwide by 2021. One of the biggest obstacles to the fight against COVID-19 is the
hesitation against the vaccine. The fear factor, fed by incomplete and false information spreading rapidly
through social media applications such as Twitter, is thought to be the main reason for this hesitation. In
this study, the general sentiment against the COVID-19 vaccine is analyzed. For this, in the first week of
January 2021, more than 8000 tweets are extracted with R statistical software and Twitter API, and
appropriate sentiment analysis methods are applied. On the other hand, accuracy values are obtained by
applying Logistic Regression and Naive Bayes methods, which are effective and widely used supervised
machine learning methods, for sentiment classification. Although the results indicate that there is a
positive attitude about the vaccine, it is remarkable that the rate of negative sentiments is relatively high
(30%). Trust is the dominant sentiment on the positive side, while fear is the dominant sentiment on the
negative side. According to the results of the classification methods, accuracy values are close to 90%.

Povzetek: Studija obravnava splosno razpolozenje glede cepiva za COVID-19 na Twitterju.

1 Introduction

COVID-19 is a disease caused by the virus called severe
acute respiratory syndrome coronavirus 2 (SARS-CoV-
2), which is transmitted from person to person, affecting
the respiratory tract. This disease, which emerged with
the detection of the first case in Wuhan province of China
in December 2019 and spread all over the world in a few
months, was declared a pandemic by the World Health
Organization (WHO) on March 11th, 2020 and has been
the most important agenda item in the world until today.
COVID-19 is transmitted by inhaling droplets emitted by
sick individuals during a speech or sneezing/coughing.
For this reason, it is recommended to pay attention to
social distance, use of masks, and cleanliness as a
method of protection from disease. Since these
recommendations were found to be insufficient to
contain the spread of the disease, governments have
implemented various advanced measures such as
restrictions and closures.

The measures taken by many countries around the world,
in the form of travel and gathering bans and lockdowns,
have contributed to overcoming the periods in which the
spread of the epidemic accelerated, called waves, and
ensured the control of the epidemic to a certain extent, as

seen in Figure 1. However, the restriction of economic
activity and social life in this dimension has created great
pressure on individuals and the economies. Especially
individuals who are currently trying to cope with the
shock effect of a worldwide epidemic have also faced the
loss of social interaction. As a result, individuals have
started to experience disorders such as stress, anxiety,
and depression [1].

700,000
600,000 \/ Worid
500,000
400,000
300,000

200,000

100,000

Jan 22, 2020 Mar 11 Apr 30 Jun 19 Aug 8 Sep 27 Nov 16 Jan 26, 2021

Figure 1: Daily new confirmed COVID-19 cases
(world).

On the other hand, these measures had a great impact on
macroeconomic indicators such as unemployment and


https://doi.org/10.31449/inf.v47i1.4055

74 Informatica 47 (2023) 73-82

budget balance. This situation caused a sudden decline in
the Gross Domestic Product of the countries, causing
almost all of them to experience a large decrease. As seen
in Figure 2, the shrinkage experienced in GDP has found
an average of 4.4%. In addition, there also have been
dramatic increases in unemployment rates. All these
negativities experienced in economic terms ultimately
caused the psychological conditions of individuals to get
even worsen [3].
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Figure 2: Real GDP growth (Annual %).

Simultaneously with the emergence of the disease,
scientists in many parts of the world began working to
develop a vaccine that would be effective against the
virus. It is known that years, not months, are needed for
an effective and safe vaccine to emerge after all
procedures are completed. Despite this, a great effort has
been made for an effective vaccine that will end the
COVID-19 pandemic, and the development process of at
least 3 vaccines has been completed before the end of
2020. In some countries such as China, United Kingdom,
and Russia, it has even been granted permission to use
these vaccines in emergencies. As of January 2021, 10
vaccines have been used by various countries and over
70 million people have been vaccinated. Figure 3 shows
the course of vaccination in 10 countries where the most
doses are applied.
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Figure 3: Cumulative COVID-19 vaccines doses
administered (highest 10 countries).

Considering the psychological and economic destruction
of this pandemic, it is expected that the beginning of the
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vaccination process, which is likely to end the epidemic,
would have a positive effect on people. This virus has
infected 100 million people worldwide and caused the
death of 2 million people as of January 2021. Despite this
phenomenon, the positive attitude towards the vaccine is
not high as is expected. Although it varies based on
countries, it is observed that there is a remarkable rate of
skepticism in the society against the vaccine [5]. The
most important factor that triggers this attitude, which is
an important obstacle in the effective fight against a
pandemic, is the rapid spread of misleading information
based on conspiracy theories. Social media has become
the primary communication tool that enables information
to spread rapidly around the world. However, the
accuracy of the aforementioned information cannot
always be guaranteed, and this causes information
corruption. This situation makes it difficult to manage
the perception of society in such an important period. As
a result, even the vaccine, which is the world's only hope
to end this global crisis, was faced with a significant
negative response.

This study aims to reveal the public sentiment against the
COVID-19 vaccine as of the first week of 2021 by
examining the posts (tweets) from Twitter, which is an
important social media tool with a large user base, while
the ongoing vaccination activities are given. For this
purpose, using the R statistical software, Twitter posts
are compiled, and sentiment analysis is performed with
the data cleaned with appropriate methods. Then, the
efficiency of the established models is examined by
applying Logistic Regression and Naive Bayes
Classification methods, which are the most frequently
used machine learning methods.

2 Background and literature review

Studies on COVID-19 disease have increased
dramatically after spread around the world and declared
as a global pandemic by WHO. Not only the medical
effects of COVID-19 on sick people, but also the
psychological and behavioral effects on the whole
society, and even the socio-economic effects on the
countries are examined in these studies. Considering the
scope and impact of the disease, evaluating these studies
independently from each other will prevent one to
understand the real dimension of each effect. For this
reason, some of the wide-ranging researches are referred
and their contribution to this study is examined.

As in every large socio-economic incident, the primary
impact of the COVID-19 outbreak has been on the
psychology of individuals. Especially, the increasing
number of cases and deaths and the restrictions imposed
by the governments started to create increasing pressure
on the individuals in the society. It is thought that
determinants such as education, age, gender, and social
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status have an important contribution to the extent of this
pressure. Accordingly, certain groups are experiencing
unemployment and cost of living pressure, while others
must cope with concerns such as education and
socialization. Psychological problems such as stress,
anxiety disorder, and depression accompany this
pressure. With the rapid spread of the disease itself, the
spread of true and false information about it on social
media has increased the extension of individual traumas.
Although efforts are made to alleviate social trauma
through various methods such as free online group
therapies, some researchers argue that the effects of this
trauma will extend into the post-pandemic period and
only then will its profound effects be understood [1, 6, 7,
8,9, 10, 11].

Today, people prefer to share their feelings on social
media. For this reason, social media applications such as
Twitter have become a very large and important data
source to measure the feelings of individuals and
societies in the face of certain events. In this process,
many studies have been conducted using tweets to
investigate how people feel about the COVID-19
outbreak. In these studies, which are called sentiment
analysis, researchers have applied various machine
learning classification methods such as Logistic
Regression, Naive Bayes, Vector Support Machine, and
Recurrent Neural Network, which are widely used today.
The results vary according to the demoFigureic structure
and the measures taken by the governments. However, it
is seen that the presence of high polarity in relatively
homogeneous groups, the reaction of individuals to an
event is generally directly related to their characteristics
[12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22].

The impact of COVID-19 on the world economy has
been devastating. In addition to the restriction of
international transportation and trade, because of the
lockdown implementations and the dramatic decline in
commercial activity, the economies around the world
rapidly entered a severe recession. As a natural
consequence of this, unemployment rose to record levels
and financial difficulties increased significantly.
Although developed and rich countries have taken some
measures to mitigate the impact of the pandemic on the
general economy and individuals, the crisis has deepened
in countries that are already experiencing difficulties.
Another reason for the psychological disorders that
coped with the COVID-19 pandemic is the mentioned
unemployment. While most research show that
unemployment is an important trigger of stress and
depression, it also emphasizes that this situation causes
an increase in suicide cases. Again, the researchers
concluded that the groups considered as minorities are
more vulnerable when considering the factors of race,
gender, and age in the face of the above factors [23, 3,
24, 25, 26, 27, 28, 29].
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Experts point out the need for herd immunity to end this
pandemic and therefore stop the material and moral
losses. Accordingly, in order for the epidemic to slow
down and disappear, at least 60% of the population must
be immunized [30]. This can be done in two ways. First,
this proportion of people should get sick. Second, people
should be vaccinated at this rate. There have been
countries that have tried the first method at the early
stage of the pandemic. However, with the realization that
the cost of this is too high to be incurred, the second
method has become the only hope for the whole world.
Especially the shock wave experienced at the beginning
of the pandemic provided support for vaccination studies
to a large extent.

With the availability of at least a few different vaccines
in the last months of 2020, conspiracy theories that
spread rapidly on social media emerged. These
conspiracy theories have triggered an unsafe
environment for the vaccine. In this context, the
hesitation against the COVID-19 vaccine is being
studied extensively. [31] argue that the current hesitation
against vaccination will not disappear in a short time,
even with a devastating pandemic such as COVID-19,
and this should be tackled at the local level. [32] found
that 71.5% of the participants were willing to get the
COVID-19 vaccine in their survey in June 2020, with
13,426 people from 19 countries. [33] measured vaccine
literacy and attitude against possible COVID-19 vaccine
in their survey study for Italy. Again, the results of this
study carried out in June 2020, show that there is an 80-
90% positive attitude towards the vaccine.

Examining the size of the hesitation against vaccines in
China in May 2020, [34] found that 95% of the
participants trust the vaccine to be developed in the
country and 83% want to get the COVID-19 vaccine
when it is ready. [35] conducted a similar study for the
USA in May 2020 and as a result, 69% positive response
was obtained for the COVID-19 vaccine. On the other
hand, [36] revealed in the survey they conducted for the
UK in September 2020 that 54% of the participants had
a positive approach to the COVID-19 vaccine. [37], who
examined the rate of refusal of the COVID-19 vaccine
by 5 consecutive survey studies in France between May
and October 2020, found that this rate gradually
increased. According to the findings of [38], who
conducted similar research for Italy, the situation was in
line with the results of the previous study. Researchers
have stated that there is a decrease in the intention of
vaccination between the two stages of the epidemic in
Italy and that the proportion of people who intend to be
vaccinated is not enough to end the epidemic (pp. 786-
787).

Many similar studies have been conducted for many
countries such as Finland, Israel, Pakistan, and
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Indonesia. According to the findings and the joint
opinion of the researchers, the skeptical attitude towards
the COVID-19 vaccine is alarming and urgent action
should be taken against it [39, 40, 41, 5, 42, 43]. On the
other hand, in the survey study conducted for nursing
students, who are healthcare professionals of the future,
it was revealed that 63% of the participating students
intend to get the COVID-19 vaccine [44]. This rate
clearly shows that even young people with health
education have a skeptical attitude towards vaccination.
When the studies are evaluated as a whole, it is seen that
the size of the hesitation against the vaccine is at a
worrying level. Almost all researchers agree that a
proactive method should be followed in solving this
problem.

3 Data set and methodology

In this study, public sentiment analysis about the
COVID-19 vaccine is examined. The data set used for
this purpose is extracted from Twitter with the keywords
""coronavirus vaccine" on January 9th, 2021, using the R
statistical software and the “rtweet” library. More than
8000 tweets are converted to lowercase letters, freed
from repetitions, punctuations, numbers, stop words,
URLs, and non-ASCII words, and finally lemmatized in
order to make them ready for analysis. Finally, the
remaining 7935 tweets have been converted into a term
document matrix.

To analyze the general attitude towards COVID-19
vaccines, the sentiment analysis method, which is a
frequently used and effective method in big data
analytics, is used. Sentiment analysis is defined as the
classification of the main idea in a text with the
applications of natural language processing and text
analytics. Sentiment analysis aims to understand the
attitude of the author by detecting the emotion
polarization in a text and classifying it as positive,
negative, and neutral ([45] pp. 53-54). For this, a
dictionary-based emotion score is determined for each
word in the text using flexible and open-source
programming languages such as R and Python and
related packages. Later, this score, determined on the
basis of words, is calculated for the whole text. As a
result, the text is classified as positive, negative, or
neutral [45].

Despite the important advantage of being less complex,
the score calculation method is not efficient enough in
some cases. A positive sentence with negative score
words will be evaluated as negative by this method. On
the other hand, the machine learning approach, which
automates processes more, is widely used in sentiment
classification. In particular, a sentiment classification
model is created by training the available data with
supervised machine learning methods, and the obtained
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accuracy values are compared. This comparison is used
to determine if the model has been set correctly, or if
there is an overfit or underfit issue. Logistic Regression
and Naive Bayes, which are among these supervised
machine learning methods, are used in this study.

Logistic regression is a common type of generalized
linear models and models the probability of some events
occurring as a linear function of a set of predicted values.
In other words, the Logistic Regression method tries to
estimate the probability of the dependent variable having
a certain value instead of estimating the value of the
dependent variable. For example, instead of guessing
whether a soccer team will beat the round it played, it
tries to predict the probability of passing the round. The
actual state of the dependent variable is determined by
looking at the estimated probability. If the predicted
probability is greater than 0.50, the estimate is closer to
YES (i.e., to pass the round), otherwise, the failure to
pass the round is more probable. Logistic Regression is
used only when the dependent variable is a categorical
binary (0 or 1, YES or NO, etc.). In this case, these two
possibilities are calculated as P(y; = 0) = 1 — p; and
P(y; = 1) = p;with the available data. In this case, the
linear logistics (logit) model is established as follows
([46] pp. 157-158).

p.
log <—1) =a+piXij+ B Xoj + BaXsj+ -
[1-p)]
+.8anj

Naive Bayes is a simple but effective machine learning
classification method that uses the Bayes rule based on
the assumption of conditional independence of variables.
Bayes theory is a method of calculating the probability
of event A to occur depending on event B. It is basically
formulated as follows:

P(B|A)P(A)

P(AIB) = PB)

where, P(A) and P(B) are the probability of occurrence
of events A and B, respectively, P(B|A) is the
conditional probability of event B to event A, and lastly,
P(A | B) is the conditional probability of event A to
event B. Based on this, the Naive Bayes classification
equation is simply shown as:

P(x L, X |y)P(y)
P(y|x1,...,xj)= 1P(x1] x')
e X

where, P(y|x,,..,x;) is the posterior conditional
probability of class (y) to observation values (x,),
P(xy,..,x;|y) is the conditional probability of
observation values to class. Finally, while P(y) is the
prior probability of the class, P(xy, ..., x;) is called the
marginal probability ([47] pp. 279-280).
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4 Findings

In this part of the study in which the sentiment analysis
about the COVID-19 vaccine is examined, the obtained
findings are presented. Accordingly, the frequency
distribution of 200 or more words in extracted and
cleaned tweets with appropriate methods is presented in
Figure 4.
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Figure 4: Word frequency of COVID-19 vaccine
tweets.

As seen in Figure 4, 4 words namely, free, give, scientist,
and health are used more than 300 times. Another
important result that is seen from the Figure is that there
are words with positive meanings such as good, safe, and
approve among the words used more than 200 times, and
the absence of words with negative meanings. On the
other hand, all the words in the tweets used in the study
are presented in Figure 5 in the form of a word cloud.

\it vide
R &dayq§yelop trlal m\\gm
m\';\o ’Fa \(e,,de . a M trust o

e octo
2900 cure gll/ 550 s
02 efrées.,star afg‘e%\
4 grtestscient!st |f§°b\ e
F"lem ent@ 8

Figure 5: Word cloud of COVID-19 vaccine tweets.

Although it has a lower frequency, there are also negative
words such as stop, kill, opposition, and death in tweets,
as seen in Figure 5. When evaluated as a whole, the
distribution of sentiments in the tweets of this study is
shown in Figure 6.
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Figure 6: Sentiment frequency distribution of COVID-
19 vaccine tweets.

As seen in Figure 6, the strongest sentiment against the
COVID-19 vaccine as of the first week of January 2021
is positive. Accordingly, positive sentiments are about
twice as much as negative sentiments. With a simple
approach, it can be said that approximately 66% of the
tweets about the COVID-19 vaccine are positive and
approximately 33% are negative. These results coincide
with the findings of [35], [36], and [44] examined in the
literature section of the study. Although these rates give
the impression that there is a positive approach to the
vaccine at first glance, it is critically close to 60%, which
is required for the immunity rate also known as herd
immunity, to end the pandemic. Therefore, it is not
wrong to comment that the rate of negative sentiments
towards the vaccine is high. On the other hand, it is seen
that feelings of trust and hope are dominant on the
positive side, and fear is dominant on the negative side.

In order to classify tweets with supervised machine
learning methods, the tweets with positive emotion score
are marked as 1, and the ones with negative scores are
marked as 0. With this marking, the Logistic Regression
model is established and applied to the train and test data
set separated as 80%-20%. The obtained confusion
matrix and accuracy values are presented in Table 1.

Table 1: Confusion matrix and accuracy values for
logistic regression.

Train data Test data

Actual Actual
Predicti | Negati | Positi | Predicti | Negati | Positi
on ve ve on ve ve
Negative 509 161 Negative 129 38

Positive 388 4109
Accuracy: 0,8937

Positive 83 1009
Accuracy: 0,9039

As seen in Table 1, the Logistic Regression model has
made the negative and positive classification of the
sentiment of tweets with very high accuracy. In addition,
the sensitivity value giving the true positive rate is
calculated as 0.9637 for the train data set, while the
specificity value giving the true negative rate is
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calculated as 0.6085. On the other hand, the results of the
Naive Bayes model created for emotion classification of
tweets about the COVID-19 vaccine are presented in
Table 2.

Table 2: Confusion matrix and accuracy values for

naive bayes.
Train data Test data
Actual Actual
Predicti | Negati | Positi | Predicti | Negati | Positi
on ve ve on ve ve
Negative 544 254 Negative 132 65

Positive 353 4016
Accuracy: 0,8825

Positive 80 982
Accuracy: 0,8848

As seen in Table 2, where the results of the Naive Bayes
classification model are presented, the accuracy values
are close to the results of Logistic Regression. The
sensitivity value for the train data set is 0.9405 and the
specificity value is 0.6065. When the findings are
compared with the results obtained from the Logistic
Regression model, it is seen that the Logistic Regression
classification model is slightly more effective.

5 Conclusion

The aim of this study is to measure and evaluate the
attitude towards the COVID-19 vaccine with social
media, which has become the most important
communication tool today. For this purpose, the tweets
about the vaccine are extracted and sentiment analysis
about the vaccine is made with various classification
methods. For this, on January 9th, 2021, more than 8000
tweets belonging to the previous week are extracted via
R statistical software and Twitter API, and the obtained
data set is cleaned through appropriate libraries and
made ready for analysis. The results of the sentiment
analysis and machine learning classification are shared
in the findings section of this study.

When the results of the study are evaluated, it is seen that
positive sentiments about the COVID-19 vaccine are
more than negative ones. Therefore, the vaccine, which
is seen as the best possible solution to the major problems
caused by the pandemic, is generally accepted. On the
other hand, the high rate of negative sentiments is
worrisome. Similar to the study conducted by [48], this
rate (more than 30%) is an indication that hesitation
against vaccination should be evaluated carefully. The
results obtained with the classification of sentiments
reveal that the most dominant sentiment among negative
sentiments is ‘fear'. Thus, in order to ensure that the fight
against the COVID-19 pandemic is not interrupted and
the desired level of immunity is achieved, those in the
public decision-making position must take strategic steps
to combat fear and the underlying uncertainty. The most
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basic way of this is to fight against misinformation that
spread rapidly, especially in social media, by sharing
effective and accurate information.

Logistic Regression and Nalve Bayes supervised
machine learning methods are applied to classify tweets
about the COVID-19 vaccine and their effectiveness is
determined and compared. According to the findings,
both methods have very high classification efficiency.
However, positive sentiment classification is more
successful than negative sentiment classification in both
methods. It can be thought that the reason for this is the
way the negative feelings are expressed (using "not
good" instead of "bad"). In this study, which tries to take
a snapshot of the attitude towards the vaccine in terms of
its results, it is recommended to examine the sentiment
locally in future studies on this subject and to investigate
how certain practices or developments affect the attitude
towards the vaccine instantly.
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