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Abstract

Recently Natural Language Processing (NLP) constituted an important
area of computational linguistics and artificial intelligence, where the virtual
and digital world has become an essential aspect of our daily lives.
Sentiment analysis and data mining are sub-fields of NLP, which draw the
attention of researchers to search and mine various issues on social media.
This study explores the public's sentiments and opinions towards the SARS-
CoV-2 vaccination doses in Saudi Arabia. It tries to provide insights on the
motivations and barriers in taking the first and second vaccine doses and
how the public's awareness and attitudes differ in the two doses. The
research objects are 6.232 public tweets and comments that have been
harvested from official social media platforms (Twitter and YouTube)
between December 19, 2020, and December 10, 2021. The sentiment
analysis measured polarity using the NLTK VADER analyzer, and the
opinions were identified and classified based on the multidimensional
scaling method. The results show that in the case of the first vaccine dose of
the 2989 opinions enrolled, 61.5% of the public were willing to take the
COVID-19 vaccination—the majority trust the vaccine safety and the
Ministry of Health measures and decisions. While 21.1% show negative
attitudes towards the vaccination, most of them untrust the vaccine and are
worried about its syndromes. In the case of the second vaccine dose of the
3,243 opinions enrolled, 63.2% also show positive attitudes towards taking
the vaccine. Trusting the vaccine safety and not being prevented from work,
travel, and other activities are the primary motivations to receive the vaccine
in this phase. While negative sentiments scored 30.3%, the most frequent
determinant is the suspicion of the vaccine safety, symptoms, and decision
discrepancies. ldentifying public sentiments and attitudes toward COVID-
19 vaccination would provide a better understanding of the reasons behind
vaccine rejection or acceptance would help the health policymakers better
develop and implement vaccine awareness strategies and appropriate
communication to enhance vaccine taking.

Keywords: Sentiment Analysis, Content Analysis, Data Mining, Opinions
Classification, COVID-19, Vaccination, Multidimensional Scaling
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Introduction

Sentiment analysis and data mining are sub-fields of Natural Language
Processing, drawing the attention of researchers to investigate various issues
on social media. The rapid and devastating spread of the COVID-19
pandemic worldwide caused an immediate response from public health to
contain the pandemic. Some COVID-19 vaccines were developed,
approved, and rollout in less than a year. It is expected that over 70% of the
population needs to be vaccinated to reach the level of herd community
(Orenstein & Ahmed, 2017; Aguas et al., 2021). Measuring the public's
sentiments and opinions towards vaccination is extremely important to
identify the public's support for vaccination. And that helps achieve the
public health goal to reach the level of herd community, stop outbreaks of
vaccine-preventable illnesses, and ensure adoption of novel vaccines
(Callender, 2016). Identifying public attitudes toward COVID-19 would
provide a better understanding of the reasons behind vaccine hesitancy and
how to develop better and implement vaccine awareness strategies
(Eibensteiner, 2021). In addition, public health policymakers could design
appropriate and effective communication to reach out to the public (Mitra et
al., 2016; Salathé & Khandelwal, 2011). Recently, social media has been
increasingly used for expressing and sharing individuals' opinions on
various topics. Currently, the COVID-19 pandemic increased the use of
social media by users besides public health professionals discussing many
issues, including a vaccine. Social media network is a platform for
surveillance and a helpful communication tool for worldwide health actors
(Deiner et al., 2019). The individual's sentiments and views on social media
are crucial in figuring out the public mode on different topics. Various
government sectors have tried to preserve and mitigate the consequences of
the pandemic. They have taken many precautionary measures, such as
switching to online education (Mahyoob, 2021).

Consequently, the public's sentiments are influenced positively or
negatively by individuals' opinions on vaccines. The information
disseminated on social media could affect people’s decision to accept, delay
or refuse vaccination (Rosselli et al., 2016; Broniatowski et al., 2018). To
detect these opinions and thoughts, sentiment analysis which is an
application of opinion mining is, emerged as a technique to computationally
analyze a piece of text applying natural language processing (NPL)
(Padmaja & Fatima, 2013).

People's discussion on taking the COVID-19 vaccination started after the
rollout of vaccines in the USA, UK, China, and Russia on social media,
which highly increased in January 2020. A global survey on public
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acceptance of COVID-19 vaccines revealed wide-ranging acceptance rates
of below 55% to a high of about 90% (Lazarus et al., 2021). In KSA, people
started discussing taking the first vaccine dose in December 2020, as the
vaccine reached KSA on December 16, 2020. It was first limited to older
people above 65 years old, those suffering from chronic diseases, and health
workers (the first defense line), and later it was available for all adults. The
health centers started giving the second dose on July 5, 2021, for people
aged 40 years old or above, and later it was available for all adults. This
discussion comprises a rich research object that needs to be analyzed to
identify the public's support for vaccination.

Indeed, many researchers have conducted a content analysis of the
public's tweeters about vaccination to explore and assess their sentiments
and attitudes towards vaccination (Nuzhath et al., 2020; Piedrahita-Valdés et
al., 2021; DeVerna et al., 2021; Kwok et al., 2021; Ritonga et al., 2021).
Other studies discussed the role of Twitter opinions conversation on social
media on vaccine hesitancy and oppositions (Bonnevie et al., 2021; Cossard
et al.,2020; Puri et al., 2020). Indeed, this is the first study exploring public
sentiments and reactions towards the COVID-19 vaccination in KSA. The
study aims to assess the public emotions or attitudes towards the first and
second COVID-19 vaccine doses between December 2020 and December
2021 on Twitter and Facebook in Saudi Arabia and the motives and barriers
behind these opinions for and against the COVID-19 vaccination. It studies
how their awareness and attitudes differ in the two doses. The sentiment
metrics are assigned to the NLTK (VADER) dataset analyzer. Then dataset
contents are categorized into motives for accepting the vaccine, including
"trust the vaccine and their worries about their woks, study, travel, etc." and
barriers or hesitancy for refusing the vaccine, including "untrust the vaccine,
vaccine side effects, and vaccine protocols discrepancies”. These categories
are clustered based on the classic multidimensional scaling method
representing the positive and the negative public attitudes. The authors
employed the YouTube platform and the Twitter platform as a popular
outlet and source expressing discussions and the actual and real-time
opinions related to health information (Love et al., 2013). Indeed, providing
the policymakers with an overall public attitude towards the vaccine enables
them to enhance vaccine confidence among the population.

The rest of the paper is structured as follows: Section 2 introduces a brief
description of the related studies in the literature. In section 3, the authors
present the proposed method and data collection and describe the tool used
in this study. Section 4 discusses the results. Section 5 concludes.
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Literature review

Social networks emerged as an essential source for opinion expression
and information mining. Many studies have been conducted to detect
people's sentiments and opinions on the COVID-9 vaccine. Though many
studies detected people's sentiments and analyzed datasets related to
different topics about COVID-19, few studies dealt with the COVID-19
vaccine. Previous studies have performed sentiment and attitude analysis
concerning the COVID-19. Villavicencio et al. (2021) proposed a Naive
Bayes model to perform a sentiment analysis of English and Filipino tweets
(993) and classify them into positive, negative, and neutral using the
RapidMiner data science software and scored 81.77% accuracy. Kwok et al.
(2021) explored Australian Twitter users' sentiments about the COVID-19
vaccine between January and October 2020. They utilized the R library
package syuzhet to assign each tweet with its sentiments (positive, negative)
and eight emotions (anticipation, fear, disgust, trust, surprise, sadness, joy,
and anger). Last, they identified three topics in the tweets: attitudes toward
COVID-19 and the vaccination, misconceptions and complaints about
COVID-19 control, and advocacy of infection control measures against
COVID-19. Bonnevie et al. (2021) quantified the increase in Twitter
conversations around vaccine opposition during the COVID-19 pandemic in
the United States. They started collecting tweets, categorized them into
topics, and then traced them. After four months of observation, they noticed
an apparent increase in vaccine rejection on Twitter. Exposure to these
increased amounts of vaccine opposition may mislead people to oppose
vaccines, which could drastically impact the health of populations for
decades to come. Therefore, to ensure the most comprehensive support for a
COVID-19 vaccine, it is crucial to identify and investigate the messages
used by vaccine opponents.

Thelwall et al. (2021) investigated the types of vaccine hesitancy
information shared on Twitter to address the public's misleading attitudes.
They discussed vaccine safety, conspiracies, and vaccine development speed
as the main themes in the tweets. Their findings revealed that 79% of those
who showed negative attitudes towards vaccines expressed right-wing
views, conspiracy theories, or fear of the deep state. Lyu et al. (2021)
utilized Kwok et al. (2021)'s method to explore public perceptions,
concerns, emotions, and topics in general discussions related to the COVID-
19 vaccine on social media and how they influence the achievement of herd
immunity goals. Monselise et al. (2021) investigated the public sentiment
and topics related to COVID-19 vaccines in their discussions about the
vaccines on social media for 60 days starting from December 16, 2020,
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when the vaccines were begun in the United States. The sentiments were
identified using the sEntiment Reasoner sentiment analysis library and
Valence Aware Dictionary, using sentence bidirectional encoder
representations from transformer embeddings. The discussion topics were
identified by nonnegative matrix factorization. Their results revealed that
fear was the leading emotion in tweets, then joy, and the primary public
concern was about the administration and access to vaccines. Hussain et al.
(2021) utilized natural language processing and deep learning-based
techniques to predict average sentiments, sentiment trends, and discussion
topics on social media in the United Kingdom and the United States from
March 1 to November 22, 2020. These aspects were analyzed longitudinally
and geospatially, and manually reading randomly selected posts on points of
interest helped recognize underlying themes and validated insights from the
analysis. The finding revealed that public optimism over the vaccine trial,
development, and effectiveness were identified besides corporation control,
concerns over their safety, and economic viability.

Methodology

This study comprises four phases. Phase one concerns the data
collection. The data is initially preprocessed in the second phase by cleaning
and removing irrelevant information. The third phase introduces the use of
NLTK'S VADER analyzer for analyzing and assigning the sentiments
metrics to the data. The fourth phase involves classifying the data to
introduce the main themes (motives and barriers for taking the vaccine)
using the classic multidimensional scaling method.

a.Data collection

This section introduces the construction of the study harvested data. A total
of 6,232 tweets, retweets, and comments have been collected from the Saudi
Ministry of Health (MOH) official accounts on Twitter® and YouTube®
concerning COVID-19 vaccination two doses. The data represents (n = 2,989)
public's tweets and comments on receiving the COVID-19 vaccination after the
declaration of the first dose registration in Saudi Arabia within the timeline of
December 15, 2020, to July 1, 2021, and (n = 3,243) tweets and comments on
the second dose register declaration from July 5, 2021, to December 20, 2021.
Table one below shows a detailed description of the harvested data where type-
token-ratio (TTR) measures the language elaboration. In collecting tweets,
the irrelevant tweets are not considered for this analysis because they have
no value for achieving the main goals of this analysis, i.e., they will not

(1) https://twitter.com/SaudiMOH?ref_src=twsrc%5Egoogle%7Ctwcamp%%7Ctwgr¥%5Eauthor
(2) https://www.youtube.com/channel/UCP_wyoQnTjZbFJt7DLGIE4A
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provide any reasons (motivations and barriers) for accepting or refusing
vaccination.

Table 1. The absolute number of Tweets and YouTube comments

Tweets & Comments Type-token-
number Tokens | Types ratio (TTR)
1st dose registration
(December 19 202-July 2,989 39505 | 3590 0.0909
1, 2021)
2nd dose registration
(July 5, 2021 - 3,243 33180 | 3272 0.0986
December 10, 2021)

b. Preprocessing the data

After collecting the data and for results accuracy, the authors need to
prune the text data, so the series of preprocessing steps were conducted to
remove irrelevant information from the dataset such as stop words, users'
names, posters, digits, abbreviations, profiles, timing, and other special
characters using a regular expression (Regex) in Python. Then, tokenize the
tweets into individual words, tokens, and stems using the NLTK function
(Porter Stemmer). After the data preprocessing phase, the word types
(Arabic without sentiment weights) are converted into English versions to
facilitate sentiment analysis. Now, the data are ready for sentiment
classification. In the third phase, the data sentiments were classified. Each
word is given its appropriate weight between (1 and -1) for positive,
negative, and neutral with the support of Valence Aware Dictionary and
sEntiment Reasoner (VADER), a python lexicon, and a rule-based
sentiment analysis tool. It calculates input sentiment scores and expresses
sentiments in social media (Hutto & Gilbert, 2014). VADER is designed to
determine the sentiments of social media posts based on individual words
and sentences (Elbagir & Yang, 2019). First, we applied a sentiment
intensity analyzer to classify the preprocessed data, and the outcome metric
has four parts: positive, negative, neutral, or compound score, as shown in
table two. Then the polarity scores method was applied to define the
sentiment. The compound score is the sum of the lexicon ratings,
standardized values between -1 and 1, and was used as a classifier, i.e.,
comment or tweet with a compound score more than or equal to 0.05 is
classified as a positive sentiment. While a comment or tweet with a
compound score less than or equal to -0.05 is identified as a negative
sentiment, and any score between those values is considered a neutral
sentiment.
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Table 2. Sentiment scores as positive, negative, neutral, and compound assigned by
NLTK VADER Sentiment Analyzer

SA ("The vaccine has side effects that are produced after the vaccine")
(T 3ny 8 Ay ) 9o Al 1A

{"'neg": 0.104,

'neu': 0.896,

'pos': 0.0,

‘compound®: -0.4874}

SA(‘Take the vaccine, it is effective and excellent, and the government will not
bring something harmful to people")

(AUl piaa (o i o gSal) Jiaiaa g Jldany Jlad | 5 AL 533)
{'neg': 0.0,

'neu‘: 0.779,

'pos': 0.221,

‘compound': 0.7783}

c. Public's opinions categorization

The public's opinions on the vaccine have been classified into five
categories; trusting vaccination, keeping life activities (work, study, travel,
etc.) as public positive orientation or motivations towards taking the
vaccination; and untrusting vaccination, vaccination syndromes, and vaccine
protocols discrepancies as public negative orientation and barriers to taking
the vaccine. The first opinion category conveys positive public beliefs such
as vaccination is a cause of increasing immunity, decreasing the affected
cases, and lightening the effects of COVID-19. They trust their government
and its measures and recommendations. The second category displays that
people are willing to receive a vaccination that enables them to practice their
life activities smoothly, such as traveling, studying, working, entering public
and private institutions, etc. The third category reflects the people's
convictions about the speed of development of the COVID-19 vaccine, and
they think that it is still under experiment and harmful. The fourth category
reveals people's resistance towards vaccinations due to the vaccine's side
effects. The last category indicates that the public is against vaccination, and
they are upset by the inconsistencies in the proposed protocols related to
taking the vaccine. These categories are labeled by enquiring specific
phrases as representatives of the proposed categories from the data with
Boolean operators. These phrases are selected manually by scanning the
data and assessing (n= 1000 tweets). Then the opinion categories are labeled
by enquiring these phrases from data with Boolean operators and revised.
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These categories have been used as codes in the QDA software (Qualitative
Data Analysis software) for facilitating clustering the same data and thus
classifying the data based on the classic multidimensional scaling. QDA
software provides a data annotation and a lexicon approach with assessing
metrics for opinion mining and allows a systematic qualitative and
quantitative content analysis (Mahyoob et al., 2020). It is worth mentioning
that there is an overlapping between the categories as they are in some cases
labeled to the same data, which is illustrated in the results section. After
annotating the data with the five categories, the public's opinions are
compared based on these categories.

Results and discussion

The results of the top ten positive and negative words, the comments and
tweets sentiment analysis using VADER analyzer, and public opinions
categories on taking the COVID-19 vaccine are discussed in this section.
Table three displays the top ten positive words related to the keyword
"vaccine" for the first and second doses declarations with their frequencies
in the second column, sentiment polarity scores in the third column, and
their weights in VADER in the fourth column. For both doses, the word
Allah, 4 "God" is the highest positive word with a score of 0.2732 and
weighs 1.1 in VADER (word occurrence 685 times for the first dose and
776 times for the second dose). The following positive word is - accept,
"&4l 5" with a positive score of 0.3818 and weighs 1.6 according to VADER.
While the words solution, "Jd=" and natural, " =xk" are the lowest positive
with a score of 0.3182 and 0.3612, respectively.

Table 3. The top ten positive words in the context of COVID-19 for the first and
second doses declarations

Word Frequency Vader weights
English Arabic | Firstdose | Second dose | Word score | Word polarity
Allah ] 685 776 0.2732 1.1
accept Gy 690 884 0.3818 1.6
thanks (B 455 340 0.4404 1.9
good By 265 149 0.4404 1.9
effective Jud 290 135 0.4767 2.1
wellness 4l 200 165 0.4404 1.9
free Ol 40 920 0.5106 2.3
want L 75 109 0.0772 0.3
solution da 50 60 0.3182 1.3
natural b 35 45 0.3612 15

Similarly, table four displays the top ten negative words related to the
keyword "vaccine™ for the first and second doses declarations. For both
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doses, the word NO, "¥" is the highest positive word with a score of -0.296
and weighs -1.2 in VADER (word occurrence 1210 times for the first dose
and 924 times for the second dose). The table below illustrates that the
terms "stop, dangerous, and forced scored high frequency and weights".
While the words poison, "~" and Conspiracy, "s_<l3<" are the lowest
frequent negative with a score of -0.5267and -0.5423, respectively.

Table 4. The top ten negative words in the context of COVID-19 for the first and
second doses

Word Frequency VADER weights
English Arabic | First dose | Second dose | Word score | Words polarity
no b 1210 924 -0.296 -1.2
stop g 280 140 -0.296 -1.2
dangerous ha 265 180 -0.4767 -2.1
forced A 223 422 -0.4588 -2.0
affected Glas 190 106 -0.1531 -0.6
complain L 132 129 -0.3612 -1.5
refuse oAl 102 82 -0.296 -1.2
died Caa 75 35 -0.5574 -2.6
poison s 65 35 -0.5423 -2.5
conspiracy | 3l 55 38 -0.5267 -2.4

Figure one summarizes the overall frequency of the positive and negative
tweets and comments in the keyword context (Corona). It is noted that the
sentiments related to the COVID-19 vaccine changed from phase to phase.
Generally, the positive sentiment was dominant for the first and second
doses in KSA. Positive opinions showed more significant engagement
metrics than negative opinions, which reached 61.5% and 63.2%,
respectively, forming approximately two-thirds of sentiments. It is similar to
the results of recent studies on the public's sentiments towards the COVID-
19 vaccine by (Kwok et al., 2021; Hussain et al., 2021; Piedrahita-Valdés et
al., 2020).

In contrast, the negative sentiment scored 21.1% in the first dose. It
increased to 30.3% in the second dose, which displays the publics' negative
experience with the vaccine and its influence by the negative disseminated
news about the vaccine on social media. The neutral sentiment scored
15.7% in the first dose and decreased to 8.2% in the second dose, revealing
that public attention to the vaccine increased.
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Fig. 1. Overall sentiment polarity of Tweets and YouTube comments

Opinions' categories frequencies and relations in data

a. Phase one: The public's opinions frequency and relations for the

first dose declaration of the COVID-19 vaccination

Figure two below illustrates the public's opinions categories frequency
and similarity for the first dose from December 15, 2020, to July 1, 2021. It
introduces the main motivations and barriers to receiving the vaccine. Each
circle in the map represents an opinion category that has been assigned in
the data. The similarity between the opinions categories based on the classic
multidimensional scaling method is defined by the distance between the
circles. The larger the circle in the map, the more frequent the category it
represents. The connecting lines between the categories' circles displayed
coincidences between every two categories. It is worth mentioning that the
more two opinions intersect, the more comparably they are utilized in the
data, the closer they are positioned or clustered together on the map. Of the
2,989 opinions enrolled, the "trusting the vaccine" category scored the
highest positive frequency (52.9%) and was assigned to 1627 opinions,
while the second category, "work, study, and other life activities"”, scored
2.5% and was given to 73 opinions.

In contrast, the "untrusting the vaccine" category scored the highest
negative frequency, with 35.4% allocated to 1022 opinions because of the
safety of rapidly developed COVID-19 vaccines. It was monitored as the
main reason for untrusting the vaccine, which aligns with Elbagir & Yang
(2019); Mahyoob et al. (2020), who stressed the assurance of vaccine safety
as the main reason for accepting the vaccination. The second frequent
negative category is "vaccine's side effects”, which reached a 7.6% score
and introduced the attitudes of 220 subjects. The "protocols discrepancies"
category scored the lowest negative value with 1.6% and represented only
47 opinions of the obtained data.
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Fig. 2. public's opinions frequency and relations for the vaccine ™t dose

The low score of the category "work, study, travel, life activities” in this
phase displays that the public does not show considerable worries about
their work, travel, and other life activities. Because at this phase, there were
no official obligations to be immunized to travel, work, study, or enter any
public or private sectors. In the same vein, the map shows that unmentioned
opinions with a 1.6% score were upset with the protocols discrepancy
because the protocols were still unknown and consequently unannounced,
so no considerable reactions were monitored from the public's side.

The closure distance between the two categories: "trust the vaccine and
work, study, and other life activities” means they share the positive tone
towards receiving the vaccination, while the closure distance between
"untrusting the vaccine™ and "vaccine's side effects” categories indicates
their negativity along with “protocols discrepancy”. The category:
"untrusting the vaccine" is connected and closer to the "vaccine syndromes™
category rather than the "protocols discrepancies” category. Furthermore,
the distance between "vaccine syndromes” and "protocols discrepancies” is
further with no connection. It means that those who untrust the vaccine are
at most worried about the vaccine effectiveness and side effects of the
rushed speed developed the vaccine that is similarly found by (Nuzhath et
al. 2020). In contrast, the positive "work, study, travel, life activities”
category is far from negative. It connects only with the two negative
categories, "untrusting the vaccine” and "vaccine's syndromes”, which
means they are untrusting the vaccine but willing to receive the vaccine
because they want to keep their activities on safely.
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b. Phase two: The public's opinions frequency and relations for
the second dose declaration of the COVID-19 vaccination

Figure three shows the opinions categories relation for the second dose
of the COVID-19 vaccination, and the positive categories are clustered
together on the left side. In contrast, the negative categories are clustered on
the right side. Compared to the first phase, the number of those who trusted
the vaccine decreased after the declaration of the second dose of the
COVID-19 vaccination from 52.9 in the first phase to 43.0% score in the
second phase. The number of people who accepted to receive the vaccine to
keep their work, study, travel, shopping, meetings, etc. notably increased
from 2.5% in the first phase to 14.5 scores in the second phase as the
vaccine becomes officially obligated for practicing all these activities on
October 10, 2021. Similarly, the number of people who untrusted the
vaccine also decreased to 22.2%, but their worry about the vaccine side
effects and upset with the protocol's discrepancies increased more to reach
14.3% and 5.9%, respectively. That indicates some suffered from the
vaccine's side effects and suspect the vaccine due to the changing proposed
protocols regarding the age, time of immunity offered by the vaccine, and
the number of doses from time to time.

As displayed in the map, the two positive codes: "trusting the vaccine™
and "work, study, and life activities", are more coincidences and closer to
each other that indicating they share some of the labeled data, i.e., some of
the public accept to receive the vaccine to keep their activities going on also
trust the vaccine. However, it implies that some people are willing to receive
the vaccine for keeping life activities and do not necessarily trust the
vaccine. In contrast, the distance between the negative opinion categories
"vaccine syndromes™ and the positive opinion categories: "work, study, life
activities" is too much with a thinner connecting line, which indicates some
accept the vaccination for keeping their work, study, etc.; but they were
worried about the vaccine syndrome. In contrast, there is no connecting line
between the positive opinion "'trusting the vaccine" and any other negative
opinions, which indicates that those who trusted the vaccine did not have
any negative beliefs on the vaccine.

In contrast, there are connecting lines between all the three negative
opinions categories which means they are assigned similarly to the segments
in different degrees as displayed by the size of the lines. The category:
"untrusting the vaccine" is closer to the "vaccine syndromes" category rather
than the "protocols discrepancies”, and the distance between "vaccine
syndromes” and "protocols discrepancies” categories is further. It means
that among those who untrust the vaccine, some express concerns about the
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potential vaccine syndromes of the COVID-19 vaccine rather than showing
upset of the discrepancy in the proposed protocols regarding taking the
vaccine, which is in line with (Nuzhath et al. 2020, Kwok et al., 2021).
Moreover, very few of those worried about the vaccine syndromes show
negative attitudes to the vaccine because of the inconsistency in the
proposed vaccination protocols.

18.3% yoccine syndromes (429)

22.2% .
14.5% J L untrust the vaccine (ss=)
work, stud®.. activities(435) |

trust the vaccine¢1267) /
43.0% J

5.9% protocols discrepancies(429)

Fig. 3. Public’s opinions frequency and relations for the vaccine " dose

Moreover, only one negative category, "vaccine syndromes", is connected to
the positive category: "work, study, life activities” with a thinner connecting
line, which reveals some of those who are obligated to receive the vaccine
for keeping their life activities show negative tone and are worried of the
side effects of the vaccine.

Conclusion

The rapid development and rollout of the SARS-CoV-2 raise various
public sentiments that demand understanding, affecting vaccination taking.
In this study, the authors tapped into 6,232 tweets and comment harvested
from official social media platforms (Twitter and YouTube) between
December 19, 2020, and December 10, 2021, not only to assess the public
sentiments towards the COVID-19 vaccination doses in KSA but also to
gain insights into their motives and barriers behind these sentiments to
accept or reject the vaccine and how their awareness and attitudes differ for
the two doses. The metrics were assigned and classified using NLTK'S
Valence Aware Dictionary and sEntiment Reasoner (VADER) analyzer.
Through sentiment mining and analysis, the results revealed that the positive
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sentiment about the COVID-19 vaccination two doses was the dominant
polarity and having higher engagements towards both doses. These results
figurate the main reasons behind public positive and negative attitudes
towards the vaccine as discussed on social media. The main motive behind
this positivity is the public's trust in vaccine safety and the Ministry of
Health's measures and decisions. Then, their concerns on their work, study,
travel, and other activities, while the negative sentiment increased after the
declaration of the second dose as people were unwilling to take the vaccine
and show their worries on the vaccine safety, syndromes, and decisions and
protocols discrepancy. Understanding public sentiments and the reasons
behind the vaccine rejection or acceptance of COVID-19 vaccination doses
would help the health policymakers design better and implement vaccine
awareness strategies and appropriate, effective communication to boost
vaccine taking.
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