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Abstract

Since the COVID-19 vaccine became available, people have been
sharing their opinions on social media about getting vaccinated,
causing discussions of the vaccine to trend on Twitter alongside
certain events, making the website a rich data source. This paper
explores people’s perceptions regarding the COVID-19 vaccine
during certain events and how these events influenced public
opinion about the vaccine. The data consisted of tweets sent during
seven important events that were gathered within 14 days of the
first announcement of each event. These data represent people’s
reactions to these events without including irrelevant tweets. The
study targeted tweets sent in Arabic from users located in Saudi
Arabia. The data were classified as positive, negative, or neutral in
tone. Four classifiers were used —support vector machine (SVM),
naive Bayes (NB), logistic regression (LOGR), and random forest
(RF)—in addition to a deep learning model using BiLSTM. The
results showed that the SVM achieved the highest accuracy, at
91%. Overall perceptions about the COVID-19 vaccine were 54%
negative, 36% neutral, and 10% positive.
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1. Introduction

COVID-19 is upending people’s lives worldwide and is
adversely impacting many aspects of society as well as the global
economy. COVID-19 is caused by severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) [1,2]. Clinical
manifestations range from mild or asymptomatic to more severe
illnesses that can lead to respiratory arrest and death [3]. One of
the earliest precautionary measures governments took worldwide
was applying community containment. Community containment
is a strategy intended to slow the transmission rate of new viruses
without an available vaccine or a highly effective antiviral therapy.
Community mitigation measures against COVID-19 included
physical/social distancing, the closure of schools, restaurants, and
movie theaters, and encouraging organizations to allow employees
to work from home. Also, large gatherings such as festivals,
graduations, and sporting events were discouraged or prohibited
[4]. The economic impact of community mitigation has destroyed
many businesses. For example, in the United States alone, more
than 40 million people filed initial claims for unemployment
benefits [5,6]

Multiple vaccines have been developed to contain the

COVID-19 pandemic, including vaccines from AstraZeneca,
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Johnson & Johnson, Moderna, and Pfizer-BioNTech. Given
their high degree of development and otherwise lengthy
vaccine approval timeframe, the COVID-19 vaccine
received temporary emergency approval. Still, both
manufacturers and researchers emphasized the vaccine's
safety and efficacy in reducing the risk of serious illness
associated with COVID-19 infection. They guaranteed that
the new vaccine had undergone rigorous testing to verify its
safety before being recommended for widespread use [7].
Upon the availability of the COVID-19 vaccine, world
governments announced plans to provide COVID-19
vaccinations to end the global pandemic [8-11]. For instance,
in Saudi Arabia, the Ministry of Health has urged citizens
and residents to get vaccinated as an essential step to return
to normalcy [12]. However, many individuals have
responded to these efforts with skepticism and have raised
various concerns about the vaccine. Additionally, many
activists have fueled concerns about vaccine safety on social
media platforms, particularly Twitter [13]. In response,
officials and experts have emphasized the vaccine's safety
and have urged citizens and residents to receive the vaccine
for the well-being and safety of all [14].

Social media is vital to this issue as it connects people
from different geographical locations and allows them to
exchange their opinions and ideas. The new measures
imposed by authorities regarding vaccination enforcement
have prompted many to express their thoughts on social
media. Social networks have been used to discuss
controversial topics that attract people's attention. Some
people use information posted on social network platforms
and consider the websites a reliable source. Thus, social
media is considered one of the largest information systems,
one that can yield rich data for analytical purposes [15].
Therefore, policymakers and government officials must
understand people's attitudes toward specific issues as
portrayed on social media. In this respect, the potential of
sentiment analysis can be exploited. Sentiment analysis is a
commonly used task in natural language processing (NLP).
It comprises subtasks including polarity analysis, which
detects the tone of the text (positive, negative, or neutral)
[16]; emotion recognition, which recognizes feelings, such as
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happiness, sadness, or fear, behind the given text; and
subjectivity identification, which classifies the text as
subjective or objective [17,18]. The present study used
sentiment analysis to analyze public opinions about
COVID-19 vaccination in Saudi Arabia as posted on Twitter.
Our results demonstrated that negative sentiment was the
most dominant tone among the analyzed posts. We also
gained insight into changes in public opinion alongside
certain events over time.

The Twitter platform has become an important channel

for governments and health sectors to disseminate crucial
information and to communicate and understand public
concerns and attitudes. The massive amount of available
data generated every second on Twitter has garnered broad
interest from researchers. The motivation of this research
was to assist the Saudi Arabian health sector and
government in understanding people's opinions (positive,
negative, or neutral) regarding the COVID-19 vaccine
during selected events.
We obtained insights into public opinions concerning the
COVID-19 vaccine in the Saudi community by performing a
sentiment analysis of “tweets” related to the research topic.
This study answered the following research questions:

What were public perceptions in Saudi Arabia about
COVID-19 vaccination during specific events?

Which event had the most significant impact on public
opinions about the COVID-19 vaccine based on the number
of tweets per event? What was the overall sentiment
regarding that event?

The main contributions of this paper are as follows:

The detection of social polarity, via sentiment analysis,
concerning COVID-19 vaccination during specific events in
Saudi Arabia,

The estimation of the overall sentiments of Saudi citizens
regarding the most prominent events,

The exploration of the effect of applying the oversampling
technique with classical machine learning algorithms.

This paper is structured as follows. Section 2 presents
related work that employed sentiment analysis on tweets.
Section 3 describes the materials and methods used in the
current study, while section 4 presents the research results.
Section 5 presents a discussion of these results, while section
6 provides conclusions based on this discussion.

2. Related Work

Many studies have applied sentiment analysis to study
public opinions on social media. For instance, Hung et al.
[19] used machine learning methods to analyze COVID-19
discussions on Twitter over a one-month period from users
located in the United States. The main goal was to

understand sentiments toward COVID-19 in addition to
predominant associated topics. The tweets under study
were classified as positive, negative, or neutral sentiments,
and the geographic areas in which users were located were
considered. Latent Dirichlet allocation (LDA) was used for
topic modeling, along with the VADER tool for sentiment
analysis. The results indicated a range of positive and
negative sentiments, and five major topics were identified
(emotional support, social change, healthcare environment,
business economy, and psychological stress). The study
concluded that people who expressed the most negative and
most positive sentiments via tweets lived in states with the
highest and lowest infection rates, respectively. The authors
ensured that their results from both topic modeling and
sentiment analysis were validated. First, the topic modeling
results were validated using centrality measurements and
by plotting the social network graphs associated with each
dominant topic. Second, the sentiment analysis obtained
from VADER was validated by manually annotating a
random sample of the dataset and then measuring its
sensitivity and specificity to verify the quality of the
sentiments it contained in comparison to manual human
sentiments.
Another study, conducted by Manguri et al. [16], mined
people's opinions on COVID-19. The data were collected
from Twitter for seven consecutive days using the Tweepy
library, and the search mainly utilized two hashtags:
“#COVID-19” and “#coronavirus.” Then, the data were
analyzed using the TextBlob library, which employs the
naive Bayes (NB) classifier. The results showed that most
tweets expressed neutral sentiments about COVID-19. The
authors also found that people who used the COVID-19
hashtag were more optimistic than those who used the
coronavirus hashtag. However, despite the fact that the
authors mentioned evaluating their sentiment analysis, no
such evaluation was covered in their paper.
An interesting observation, made by Samuel et al. [20], was
that tweet length directly affects the performance of
machine learning algorithms. The authors examined Twitter
textual analytics during COVID-19 to assess trends in public
fear and negative sentiment over time as COVID-19 peaked
in the United States. Using NB and logistic regression
(LOGR), the study conducted an exploratory sentiment
analysis to model two machine learning methods for the
purpose of classifying positive and negative sentiments
from different tweet lengths. The research found that the
length of tweets influences classification accuracy, with both
methods showing weak performance with long tweets.
Meanwhile, the performance of the NB classifier was better
than that of LOGR when analyzing short tweets.

Unlike other studies that used supervised machine
learning algorithms, Alanezi and Hewahi [21] performed
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sentiment analysis using clustering methods. Their research
was aimed at examining the effects of social distancing on
people during COVID-19. The researchers compared k-
means clustering and mini-batch k-means clustering for two
datasets collected from Twitter in both Arabic and English.
They found that better results were achieved with the
English-language dataset and by using k-means clustering.
According to the authors, the reason behind the variation in
the performance of the two datasets was that some of the
Python libraries used did not support the Arabic language.

Du et al. [22] proposed hierarchical machine learning
based on a three-level support vector machine (SVM)
classification to explore sentiment-related refusal of the
human papillomavirus (HPV) vaccine as expressed on
Twitter. The study classified tweet polarity into three
categories (positive, negative, and neutral) and examined
the causes of negative sentiments, such as safety, efficacy,
emotional resistance, and cost. The system's overall
performance in automatically predicting the labels of
unannotated tweets was promising. The system predicted
the labels of 184,214 tweets in the collected unannotated
corpus. The results showed that the system achieved an
accuracy rate of around 70% for both micro-averaging and
macro-averaging. Moreover, the authors added an
additional step in which they performed a time series
analysis on the predicted sentiment. This step allowed them
to find trends in different sentiment categories.

Raghupathi et al. [23] studied public perceptions
regarding vaccination during a measles outbreak in the
United States. Tweets related to vaccines were collected
from January 1, 2019, to April 5, 2019. After applying
sentiment analysis, the data were clustered using k-means
into topics using the term frequency inverse document
frequency (TF-IDF) technique. The results showed that most
of the tweets were concerned with finding new vaccines for
these diseases (i.e., the Ebola virus, influenza, and HPV),
while the remaining tweets were sent between people who
were concerned about the measles outbreak as well as by
supporters and opponents debating the efficacy of measles
vaccination. The authors depended on VADER to extract
sentiments from the tweets. However, an evaluation of the
machine-extracted analysis was not available.

Salathé and Khandelwal [24] used Twitter data to
study sentiments toward the influenza (HIN1) vaccine
during the fall wave of the HIN1 pandemic in the United
States. Different machine-learning classification algorithms
were tested to classify the data as positive, negative, neutral,
or irrelevant. The sentiment polarity of the training set was
assigned manually by undergraduate students from
Pennsylvania State University. To validate the sentiment
analysis results, the findings were compared to vaccination
rates provided by the Centers for Disease Control and

Prevention (CDC). A correlation was found between
opinions expressed on social media and the vaccination rate.
Concerted efforts were made by the authors to develop an
algorithm to create a network of Twitter users to track the
flow of opinions regarding the HIN1 vaccine on the state
level. However, a graphical representation of the network
was not included.

In [25], the authors applied SVM and NB models to
detect text sentiments in the context of COVID-19
vaccination. The study compared classical machine learning
and deep learning approaches to select the best-performing
algorithm. The authors reported that NB outperformed
SVM and deep learning approaches with a 76% accuracy
score.

An essential point was raised by Praveen et al. [26] in
their study of the unbalanced data issue; they had some
concerns that not handling this issue could affect the overall
performance of the sentiment analysis. Therefore, their
solution included selecting the same number of tweets per
month. The authors studied Indian citizens’ opinions
toward the COVID-19 vaccine. The Twint library was used
to collect the data from social media posts that included the
phrase “COVID vaccine.” The study consisted of two parts.
First, sentiment analysis was performed using the TextBlob
Python library to find overall perceptions about the COVID-
19 vaccine. Second, topic modeling was applied using LDA
on negative-sentiment posts to identify the issues that
concerned citizens regarding the COVID-19 vaccine. The
results showed that most of these discussions on social
media had a neutral tone, followed by a positive tone and
then a negative tone. The study also found that the main
issues that concerned Indian citizens regarding the COVID-
19 vaccine were allergic reactions and fear of side effects.

Nurdeni et al. [27] conducted sentiment analysis on
citizen opinions about two types of vaccines used in
Indonesia: Sinovac and Pfizer. The data were collected from
Twitter using Twitter's API from October 2020 to November
2020. The dataset was split in two based on the vaccine type.
Also, the data were labeled manually into three classes:
positive, negative, and neutral. Three algorithms were
applied for both datasets. Accuracy, precision, recall, and
the Fl-score were measured using NB, SVM, and random
forest (RF). Both vaccines received positive reviews;
however, Pfizer earned more positive perceptions than
Sinovac. The best accuracy was achieved by SVM in both
datasets.

Shahriar et al. [28] followed a different and more
complicated approach compared to other studies, one that
incorporated the four types of data analytics—descriptive,
diagnostic, predictive, and prescriptive—to develop a data
analytics-based framework to analyze people’s perceptions
of COVID-19 vaccination brands from a gender perspective.
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The predictive analytics part was mainly based on deep
learning models (RNN, CNN, GRU, BiLSTM, and
LSTM). LSTM outperformed other deep learning
models with 86% in precision, recall, and F1-score.
Another model was proposed by Alabrah et al.
[29] to improve the accuracy of
classification in the context of COVID-19 vaccine
hesitancy among residents of gulf countries. The
authors proposed feeding the sentiments extracted by
three different methods (VADER, TextBlob, and Ratio)
into an LSTM and four other machine learning
algorithms (SVM, Fine-KNN, ensemble Boost, and
Total Boost) separately. They also proposed passing
the normalized features from the LSTM to the four
machine learning algorithms. Compared to [28], the
model proposed by [29] achieved a classification
accuracy of 94.01% by both Fine-KNN and Ensemble
Boost through the method incorporated using

sentiment

VADER and LSTM. On the other hand, a simpler
architecture of deep learning implementation of
LSTM with word embeddings was proposed by Khan
et al. [30]. Their model, which was aimed at exploring
people’s perceptions regarding COVID-19 in Saudi
Arabia, achieved a higher accuracy rate (95%)
compared to [29]. A summary of the related work
discussed above is provided in Table 1.

Table 1. Summary of Related Work

Reference Technique Accuracy Language  Feature Extraction No. Tweets Virus
Salathé and Khandelwal NB and Maximum 84.29% English N-gram 477,768 HlNl
(2011) Entropy vaccine
Hierarchical F score:
D(lz‘oelt;‘)l' Classification 78.6%  English I\Jv'ogrrg‘éll’u Egrss’ 184,214 HPV
(SVM)
Raghupathi et al. . TF-IDF measles
(2020) VADER ) English Vectorizer 9,581 vaccination
Manguri .
(2020) TextBlob - English - 530,232 COVID-19
Hung et al. Sen: 89.3% .
(2020) LDA, VADER Spe: 77.3% English - 902,138 COVID-19
Alanezi and : .
Hewahi o k-means, ) Engll;h, PCA E: 23,490 COVID-19
mini-batch k-means Arabic A: 13,088
(2020)
Sa‘?;g;g)t al. NB, LOGR 91% English N-gram >900  COVID- 19
Nurdeni et al. NB, SVM, RF 85%  English POS 3242 COVID-IO
(2021) vaccine
Praveen et al. . COVID-19
(2021) TextBlob, LDA - English - 73,760 vaccine
MNB, RF, SVM,
Cotfas BiLSTM, CNN,  78.94%  English Bag-of-Words, 2349659 COVID-19
(2021) word embeddings vaccine
BERT
LSTM, SVM,
Alabrah ct al. Fine-KNN, 94.61%  Arabic Deep features 685 COVID-19
(2022) vaccine
Ensemble Boost
Shahriar et al. LSTM, RNN, CNN, o . Word2vec COVID-19
(2022) BiLSTM, GRU 86%  English (Skip-gram) 39,750 vaccine
Khan et al. SVM., NB, LOGR, . N-gram, TF-IDF, COVID-19
(2022) LSTM 95% Arabic word embeddings 3,000 vaccine
(Fast Text Word2vec)
SVM, NB, LOGR, o . TF-IDF Vectorizer, COVID-19
Current study RF, BiLSTM 1% Arabic word embeddings 56,665 vaccine
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3. Materials and Methods

We investigated public perceptions about the COVID-
19 vaccine in Saudi Arabia during specific events by

17

analyzing sentiments gleaned from Twitter data. Our
method is described in the following steps (Figure 1).

{ 1. Data collection 2. Data pre-processing N\
I | scrape Duplicate Unrelated I
| Keywords ——> Twlnt | > Tweets removal Tweets removal
Stop words Diacritics marks I
Raw tweets
| Nov 24, 2020 - June 22, 2021 etoect removal removal |
~ - \__________/
— N -
e 3. Labeling \ 4. Feature Extraction 3\
| Positive ]
FR e I
| Tweet [ ek Negative 1 |
I dataset I I
| Neutral Tfidf Vectorizer |
) | , Words Embedding ]
~ - _
5. Modeling N\

Machine Learning |
Algorithm ]
(NB, RE, LOGR, SVM)

|
|
~

Tweets

classification

Figure 1. Method pipeline

3.1. Data Collection

The Python libraries Twint [31] and NLTK [32] were
used to extract data from Twitter and to perform sentiment
analysis, respectively. The Twitter API was not used since it
has some limitations regarding the period and number of
extracted tweets [33]. Data collection focused on collecting
tweets generated during and around specific events
between November 24, 2020, and June 22, 2021. The list of
events included:

o
e resuming in-class school attendance starting
September 2021,

mandating vaccination for entry to any public or
private establishment starting August 2021,

Pfizer vaccine approval,

AstraZeneca vaccine approval,

appearance of India’s COVID-19 variant, and
appearance of Vietnam’s COVID-19 variant.

lifting the international travel ban for Saudi citizens,

The collected tweets needed to satisfy three criteria
with respect to location, language, and date. The location
was set to Saudi Arabia in the following format: (23.885942,
45.079162, 400 km). This represents Saudi Arabia’s
coordinates with a 400-km radius. The language was set to
Arabic. The tweet dates needed to be within 14 days of the
first day of the event (some events had overlapping dates).
To extract all possible tweets related to an event, several
keywords were used. Each search included a combination
of keywords related to both vaccines, such as (g (7 Glll (1),
and to the event itself, such as (Ll jaudl dygan (uans o),
Table 2 lists the search keywords, the collection period, and
the number of extracted tweets. The search resulted in
92,998 tweets and 56,665 filtered tweets.

Table 2. Summary of Keywords and Collected Tweets per Event

Event Period Search keywords Collected Filtered
tweets tweets
Pfizer vaccine Dec. 10,2020
- de n/ ol /a2 1,950 754

approval Dec. 23, 2020
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.18, 2021
AstraZeneca vaccine Jan. 18, 20

1
approva Jan. 31, 2021

&/ 2 5T /180 ) i/ aanda / 28 533 441
B + aldiel/ & + slaie ) / S 3l yiud
1S3 i) + B gl /1800 3) i

Gosan [\ ysan+ZW/ ZE 4 ) s

10, 2021
Resuming in-class May 10, 20

attendance May 24, 2021

17,2021
Lifting the ban on May 17, 20

. ional flich
international tlights May 31, 2021

Mandating the vaccine to May 18, 2021

+C1§S/uw+k|)3&|/k‘)&+u4ma.m

[ ki 4 ) guma / paalei +
/A a4 U S+ /Al il +
_ W /US43 se Hiaagmall /Uy S+ 2,313 520
/A oAl + 33 e + 8l / GOl 48250
M358 U/ pnli 4 (2

A+ 2

/CN+M\/M\+3&P
- &+ il 4+ U g )5S/ lendl) + L 1,076 742
BM‘+2_.3A}MJ\/3M\+E)AQ+C&X

erilter any pu.blic or - Tyt P8 (pand 1,278 269
private establishment June 1, 2021
., March 25, 2021 + gl + el / # G 4 il + ) paiall”
sottys USSR
April 8, 2021 cd/cu

Appearance of June 4, 2021
Vietnam’s COVID-19 -

variant June 18, 2021

General search May 10, 2021

keywords June 1, 2021

_ %J}M\+M/Cm/ﬁﬁ/\_\5)§

+JM‘/CQ+@@‘+JM‘
JrGA\.ﬂ:\sl\vL)};ldl/:&c)aJrsn\.u.\ﬂ\ 1,170 344
+:%.c‘);+‘54\_ﬁ=\sl\/cw+))aﬁd\/e.\a.kﬁ

CGI/J);:\AS\

84,157 53,295

Total

92,998 56,665

Although many authors have conducted
studies and analyses of public sentiments regarding
COVID-19 vaccine hesitancy and
attitudes on social media, especially on Twitter, the
results cannot be generalized across countries. This is
attributable to some potential factors observed in
previous research, such as cultural differences,
political issues, trust relationships, and detailed
information about the vaccine reported by the
government and health sector [22]. This study aimed
to classify polarity on Twitter regarding COVID-19
vaccines as positive, negative, or neutral. This
approach has previously achieved promising results
and is commonly used to classify sentiments on social
media [16,19,22,23,25].

anti-vaccine

3.2. Data Preprocessing

Arabic citizens exhibit cultural and linguistic
differences across regions. Thus, data pre-processing
steps are essential when dealing with the Arabic
language because Twitter users use informal written

language, known as a dialect, that must be normalized.
Furthermore, it is crucial to handle Twitter features,
such as tweet size and content diversity, that may
consist of texts, symbols, emojis, URLs, images, and
videos. Thus, we applied the following pre-processing
steps to the tweets before feeding them into the
classifier.

First, duplicate tweets were removed from the dataset.
Second, unrelated tweets, such as news tweets and tweets
that did not contain an opinion, were identified and filtered
out. Two features were inspected to determine unrelated
tweets: tweet handle and tweet content.

o  All tweets posted by a Twitter news handle were
removed. The following keywords were used to
identify Twitter news handles: e el e sia
pbive BOSI ans Cuaad Gage awlia Gals ) pena A
okal el ol Glsle JaY) hlSe S8 k) Allae
JGlis Au i Aasla aslie Sy 3Ol agme A yrall B lal
A Lsal) Aded) Bldad osiae 0V O ob A
s otk A Raaalal) Aol A el ALY A S
Selse Ao SN el Jls A 38 5y s Adsea
Jbal jual jaa @jsaa. This set of keywords
included known Twitter news accounts. In
addition, it included keywords such as “news,”
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“channel,” and “online,” which are known to be
used by Twitter accounts that broadcast news
(Figure 2).

e Tweets posted by non-Saudi users or residents
were removed from the dataset. Such tweets were
identified by the information Twitter users
attached to their tweets, such as a flag emoji or an
abbreviation (e.g., g8, Q8, Qa, kw, Kuwait, Kuwaiti,
uae, A, leban, syri, qata, qtri, lib, yem, oman, egy,
Egyp, EG, BH, Iraq, ps), in the Twitter handle that
showed the country with which they identified
(Figure 3). However, before such tweets were
deleted, we checked that they did not discuss
COVID-19 vaccines in Saudi Arabia. To examine
this, we used the following set of keywords: ksa,
Saudi, Tawakkalna, and W si 4 sl A<l Tweets
with any of these words were not removed from
the dataset, as shown in Figure 4.

Second, all punctuation and emojis were removed
from the tweets using the repressor library in Python.
Because this study aimed to extract only people’s opinions
from the tweets, we had to ensure that the tweets were free
from

‘I""."i,r Gagaull Jl+.=':l._‘ :

@SaudiN

mS)mXJI elgall aa

] 12 oo o0 JlabWU 501 Ug,eS 2la) plazeiwl 2lowwl
ple 15

12:30 AM - May 11, 2021 - Twitter for iPhone

Figure 2.Example of tweets posted by Twitter news
handles.

URLs and non-text elements, such as images and
videos. Since the study was concerned with the Arabic
language, several challenges related to its rules and
grammar affected the interpretation of the word meanings.
We normalized the Arabic text by replacing characters, such
as replacing 11 with ), ¢ with & 3 with s, and 3 with .

Third, to avoid errors that may have affected
classification accuracy, diacritical marks (Tashkeel) were
removed from all collected tweets. Moreover, Tatweel,
which extends the length of the line that connects letter pairs
in a word, was removed. For instance, the extension (. )
was removed from the word (z——2) to return it to its

original form (z&)). This was important for avoiding the
creation of different forms of the same word.

B
@Hunter_UAE

Replying to 3 NW 1 @SaudiNews5s(
«Soaall Uglaiyg UgysS g 2la) puisle Wl Sy b

. olilasl s wugSy Jashls

2:50 AM - May 11, 2021 - Twitter for iPhone

Figure 3.Example of tweets by non-Saudi users that were
removed.

Finally, sentence tokenization was applied to break
each sentence into multiple words, making it easier to

analyze.
(T =vuatemus
- @abudhabisoul999
Replying to
= | Jom 2o 2l8) Uggwy gow Lo
11:56 PM - May 10, 2021 - Twitter for Android

Figure 4. Example of tweets by non-Saudi users with
@SaudiNews50 tagged.

3.3. Labeling

Model training required a labeled dataset (with respect
to sentiment). Due to the large size of the dataset, annotation
was performed using Mazajak [34], which is a deep learning
sentiment analysis model for Arabic text. Mazajak analyzed
each tweet and assigned one of three sentiments (positive,
negative, or neutral) as follows:

e Positive tweets contain positive opinions regarding
the vaccine—for example, sharing news of
becoming vaccinated or encouraging others to do
so. The following tweet was assigned a positive
sentiment: “ W& 3a) alaall ALl 13 Jimd o3 alimd g dilaesy o
Ly, 8" [Thanks to God then to this great country, I
took the corona vaccine].

e Negative tweets contain negative opinions
regarding the vaccine—for example, by explicitly
expressing that the user does not want to be
vaccinated, asking other people to remain
unvaccinated, or sharing rumors to spread fear
about the vaccine. The following tweet was
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assigned a negative sentiment: “ 4xifia s4alial Lo Ul ~ Ul
023l a5 AL i ) lasi) B sia Jans) (5368 4alinl e i
43s 13 }u‘:_)gclim uaﬂﬁ)@mﬁr_éﬂ g4ia | [A vaccine
that I do not need, and I am convinced that I do not
need it. This is the simplest of my rights as a human
being. The person who is convinced of the vaccine
and wants to take it, this is his right, and the one
who is not convinced and refuses the vaccine also,
that is also his right].

e Neutral tweets lack a positive or negative opinion
toward the vaccine. These tweets usually are in the
form of a question. The following tweet was
assigned a neutral sentiment: “ el jlall s ka3 da
sl 4 jally &S ol Guaadll” [Do I need to be
immunized to attend the game or is one dose
enough?].

3.4. Modeling

This study experimented with both classical machine
learning models and a deep learning model. Sections 1 and
2 provide an overview of the selected algorithms.

3.4.1. Applied Machine Learning Algorithms

Four supervised machine learning models were used
and compared in the analysis: SVM, NB, LOGR, and RF.
Both the SVM and NB models have been demonstrated to
achieve superior results in sentiment analysis in different
languages [35-37]

3.4.1.1. Support Vector Machine (SVM)

The SVM classifier has been widely used to classify
text because of its simplicity and accuracy [38]. The SVM
model requires a trained, labeled dataset based on a specific
set of features extracted from the text.

3.4.1.2. Naive Bayes (NB)

The NB model is a popular machine learning model in
text content classification. NB has recently been applied in
different domains, including marketing and entertainment
[20,39-43]. Two types of NB algorithms are provided by the
Scikit-learn library [44]: binary NB and multinomial NB. The
binary, or Bernoulli, NB is used to assign the text to one of
two classes of sentiments. The multinominal NB is used to
iteratively count the number of times a word occurs in a
document [45].

3.4.1.3. Logistic Regression (LOGR)

Logistic regression (LOGR) determines class
probabilities by generating variables that contain natural
logs of the odds of classes occurring. Then, it applies a
maximum likelihood estimation algorithm to estimate the
probabilities. [46].

3.4.1.4. Random Forest (RF)

Random Forest (RF) is an ensemble method made up
of a combination of decision trees, called estimators. Each
tree votes for its preferred class, after which the final
prediction is given based on the most voted class [46].

3.4.2. Applied Deep Learning Model

One of the widely used methods in NLP is recurrent
neural networks (RNNs). RNNs are employed in tasks such
as text classification and document-level sentiment
classification, for which they must handle variable
sequential input length [47]. The limitation of RNNs is that
they use either “sigma” cells or “tanh” cells, which fail to
learn relevant information when the input gap is large. An
enhanced type of RNN was introduced to overcome this
problem: long short-term memory (LSTM). The structure of
LSTM is aimed at extending the memory of RNNs and
handling the issue of long-term dependencies by adding
three gates: the input gate, which allows or blocks the
update on input; the forget gate, which disables neurons
found to be unimportant based on the learned weight by
algorithm; and the output gate, which controls the neuron
sate on the output [48,49]. LSTM has become one of the
state-of-the-art models for handling wide machine learning
problems [50].

A more advanced variant of LSTM is bidirectional
LSTM (BiLSTM). BiLSTM consists of two LSTM cells,
forward and backward LSTM. BiLSTM considers all of the
previous and upcoming words to extract the sentiment—
unlike LSTM, which has a one-directional structure that
only considers past words to extract sentiments from the
text [51]. In our study, we chose to use a deep learning
model based on BiLSTM since it is the most advanced
variant of LSTM and compared the results with our four
selected machine learning algorithms.

3.5. Synthetic Minority Oversampling Technique

The synthetic minority oversampling technique
(SMOTE) [52] was designed to handle imbalanced datasets
by oversampling the minority classes in the training set.
SMOTE generates synthetic samples based on the “feature
space” similarity between existing minority samples
without changing the size of the majority classes [53].
SMOTE considers the “feature space” instead of the “data
space” to introduce synthetic instances by randomly
selecting a minority class and then interpolating its k-
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nearest neighbors (KNN). New instances are generated by
the KNN within the dataset by considering other instances
near them. Imbalanced data can affect the training process
of the machine learning models; as a result, imbalanced data
introduces biases in the class prediction. According to [54],
it is essential to handle the issue of imbalanced data as a
preliminary step before the classification. In this study, we
used SMOTE because the classes in our dataset were
imbalanced. The class distribution was 10% positive, 36%
neutral, and 54% negative. The implementation of SMOTE
is provided as a class by an open-source “Imbalanced-learn”
library, which is an MIT-licensed library relying on Scikit-
learn [55].

3.6. Experiment Setup and Environment

The full implementation of both machine learning and
deep learning models was accomplished using the Python
language in Google Colaboratory (Colab). Colab is a cloud
service based on the Jupyter notebook environment. The
GPU was utilized to accelerate the training process [56].
First, the preprocessed data were split into 80:20 training
and testing, respectively. Then, feature extraction was
applied using the TF-IDF Vectorizer from the Scikit-learn
(Sklearn) library for the machine learning part. The TF-IDF
Vectorizer is equivalent to applying a count vectorizer
followed by a TE-IDF transformer. Its primary function is to
convert text into a matrix of TF-IDF features. TF refers to
“term frequency,” while “IDF” refers to inverse document
frequency [57]. TF provides the word frequency in the
corpus and represents the ratio of word occurrences in the
document compared to the total number of words in the
document. IDF measures the weight of the rare words across
the corpus. Words that infrequently occur in the corpus
have higher IDF scores. The product of TF and IDF gives the
TE-IDF score of the words in the corpus [23]. Then, the
performance of all machine learning classifiers can be
validated using the Stratified KFold method with K=10. The
Stratified KFold method, provided by the Sklearn library,
was selected among different cross-validation methods. The
main concept of KFold cross-validation is to split the
training set into KFolds, with the training performed on the
K-1 fold, and the evaluation completed on the remaining 1-
fold [58]. Stratified KFold was chosen because it guarantees
that each training and testing set contains a representative
ratio of each class (positive, negative, neutral) to avoid any
possible estimation bias [59].

Before building the deep learning model, a set of
hyperparameters was defined. We set the out-of-vocab
token (oov _token) = ‘<oov> ‘, an argument provided by
Keras API to substitute any unknown word in the

vocabulary with a word of our choice. The main benefit of
the out-of-vocab token is that it tells the model that
information is present in the place of ‘<oov>". Also, the
maximum number of words = 5,000, representing the most
common 5,000 words from our tokenized corpus, in
addition to pad type = “post’ and truncating type = ‘post’.
The preprocessed data were tokenized using Keras API's
“Tokenizer” class. The “Tokenizer” vectorizes the text into
a sequence of integers, after which the sequence is split into
a list of tokens. Using the “fit_on_texts” method, which
updates the vocabulary based on the provided set, we
created a training sequence that contained tokens from the
training set and a test sequence that contained tokens from
the testing set. Then, with the “texts_to_sequences” method,
the text was converted into a list of integers, after which we
applied the “pad_ sequences” function, which transformed
the list of sequences into a 2D Numpy array. The function
assumed several parameters: “maxlen,” “padding,” and
“truncating.” The maximum length (maxlen) = 100 limits,
the maximum length of all sequences, while padding = “post”
defines where to add the pad before or after the sequence in
case the sequence is less than the defined length. Truncating
= “post” is useful when a text is longer than the defined
maximum length; it removes the extras from the beginning
or end based on the selected truncating type.

The BiLSTM model is a sequential model built using
Keras APIL. The model consists of seven layers: an
embedding layer, a BiLSTM layer, two dense layers, and
three dropout layers between every two layers (Figure 5).
The dropout layer value is set to 0.3, where dropout is used
as a regularization method to avoid overfitting [60]. The
model layers employed were as follows: the first layer was
the embedding layer, which took two parameters,
vocab_size = 5,000 and embed_dim = 50, followed by the
dropout layer. Then, a BiLSTM layer was followed by a
dropout layer. Next, a dense layer with a “Relu” activation
function was followed by a dropout layer. Finally, the
output layer contained three neurons representing the
number of classes in our dataset (positive, negative, and
neutral) with a “softmax” activation function. The “softmax”
activation function, used for multiclass classification
problems, returned the probability for each data point of all
target classes [61]. Finally, the model was compiled with a
“categorical cross-entropy” loss function, in addition to
using an “Adam” optimizer and an “accuracy” metric. The
training was set for 10 epochs, a batch size of 32, and a
validation split of 0.1 to monitor the model’s performance
during the training.
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Figure 5. BILSTM architecture.

3.7. Model Validation and Evaluation

We validated the performance of each of the machine
learning models used in this study using a set of well-known
performance measures and a confusion matrix. Our goal
was to determine the model that performed better in
classifying the sentiments contained in Arabic tweets.

3.7.1. Performance Measurements

It is essential to report how well the predictors can
make correct predictions because doing so means that the
results can be trusted. A set of performance measures is

used to evaluate machine learning models [62]. To assess the
performance of each classifier of a tweet sentiment, four
metrics were used: precision, recall, F1-score, and accuracy.
The first three measures were based on four prediction
probabilities: True Positive (TP), True Negative (TN), False
Positive (FP), and False Negative (FN) (Table 3). TP
represents the number of positive tweets correctly classified
as positives. TN counts the number of tweets that were
classified correctly as negative. FP refers to the number of
negative tweets that were incorrectly classified as positive,
while FN represents the number of positive tweets that were
incorrectly classified as negative.

Table 3. Confusion Matrix Parameters

Predicted
Positive Negative
Actual Positive True Positive (TP) False Negative (FN)
Negative  False Positive (FP) True Negative (TN)
e e . TP + TN
Precision is the number of correctly identified positives Accuracy = (TP +TN) )

across all classes compared to the total number of positive

predictions for all classes. It is calculated as shown in (1):

precision — T -
recision = (TP n FP)

Recall shows the frequency of correctly predicted positives
from actual positive samples, which measures the ability of
a predictor to identify positive samples. It is calculated as
shown in (2):

TP

Recall = m 2

The Fl-score combines precision and recall into a single
measure as a weighted average. It is calculated as shown in
3):

(precision x recall)

F1=2x
(precision + recall) O

The accuracy metric measures the ability of a classifier to
correctly identify all samples. It is calculated as shown in (4):

(TP + TN + FP + FN)

Note that accuracy does not consider the possible error
types of classification that may occur in the models [63]. The
performance of the “Mazajek” sentiment analysis was
validated by taking a random sample of 300 tweets and
annotating them manually by the authors as positive,
negative, and neutral to check against the annotation of
Mazajek. Then, the precision, recall, and Fl-score were
calculated to evaluate the quality of the annotation done by
Mazajek.

3.7.2. Confusion Matrix

The confusion matrix is used to validate the
classification performance of machine learning models by
comparing actual and predicted results obtained by the
classifiers used [40].

3.7.3. Threats to Validity

The validity of research includes two domains: internal
and external validity. The validity of research implies to
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what extent the study participants’ results are accurate with
respect to those of similar individuals outside the study [64].
The applied method is not limited to detecting COVID-19
vaccination sentiment analysis, as it can also be used to
detect sentiments concerning any similar cases in the future
that require polarity detection in any area. However, several
factors can threaten the internal validity of a study. People's
opinions, for instance, can change over time. Also, social
interaction, the core idea of social network platforms, can
influence people's views concerning, for example, vaccines.
Certain people, such as social media influencers, might
affect people's acceptance and hesitancy about vaccines. The
main threat to external validity in the current study was that

Announcement of Pfizer vaccine approval

23

the opinions expressed through the Twitter platform may
not fully represent the opinions of the Saudi population.
However, in another study [65], which measured the
acceptance of COVID-19 vaccination among the Saudi
population via an online cross-sectional survey on
individuals aged 18 years and above, the authors found that
52% were uncertain or had not reported any intention to be
vaccinated, whereas 48% were willing to be vaccinated.
Their results nearly matched our results. In our study, 54%
showed negative sentiment, 36% were neutral, and 10%
were positive. Both the cross-sectional questionnaire and the
Twitter sample yielded close results.

Announcement of AstraZeneca vaccine approval
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Figure 6. Number and sentiment of tweets posted during the selected events.
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4. Results

Our goal was to apply machine learning and deep learning models
to identify and classify sentiments about the COVID-19 vaccine in
Saudi Arabia from a collected tweet dataset. We also sought to
identify which model demonstrated the best performance. The
dataset polarity showed that 54% of the tweets were assigned a
negative sentiment, 36% were given a neutral sentiment, and 10%
were given a positive sentiment. This result supports what was
reported in [65]. The per-event sentiment analysis, however, was
inconsistent. Next, we analyzed the sentiments contained in tweets
posted during each event (Figure 6).

4.1. Tweet Sentiment Analysis

4.1.1. Announcement of Pfizer Vaccine Approval

On December 10, 2020, the Saudi Ministry of Health
[66] approved the Pfizer vaccine (the first approved in Saudi
Arabia). The dates on which the vaccine would become
available were announced on the same day. Figure 6 shows
the distribution of tweets and their sentiments during two
weeks in December. Figure 6(a) shows a gradual increase in
the number of tweets regarding the Pfizer vaccine from
December 10 until December 17, when the number of tweets
reached its peak. The number of tweets between the 10th
and the 16th of December did not exceed 30 tweets per class;
while on the 17th, the number of tweets was between 65-100
per class (positive, negative, neutral). This rapid increase
can be explained by the fact that the Saudi Minister of
Health (Dr. Tawfiq Al-Rabiah) received the first dose of the
vaccine in one of the vaccination centers in Riyadh and
started the vaccination campaign around the kingdom [67].

4.1.2. Announcement of AstraZeneca Vaccine Approval

On January 18, 2021, the Ministry of Health in Saudi
Arabia announced its approval of AstraZeneca’s vaccine
(the second approved in Saudi Arabia) [68]. Figure 6(b)
shows the distribution of tweets and their sentiments posted
during two weeks in January. Figure 6(b) shows a
fluctuation in the number of tweets regarding the
AstraZeneca vaccine. The overall sentiment was negative
for several days. However, neutral sentiment can be noticed
on the first day of the announcement of the AstraZeneca
vaccine, with a total of 30 neutral tweets, 12 negatives, and
18 positives. The number of neutral tweets decreased over
the following days, but a clear pattern could not be detected.
Compared to the tweets posted regarding the Pfizer vaccine,
a less negative reaction can be observed.

4.1.3. Appearance of India’s Covid-19 Variant

On March 25, 2021, a new variant (known as the Indian
COVID-19 variant) affected multiple countries worldwide
[69]. This event became one of the trending topics discussed
on Twitter, along with vaccine effectiveness against this
variant. Figure 6(c) shows the number of tweets and their
polarity over the two weeks following this announcement.
The number of positive tweets fluctuated during this time
frame. However, the number of negative tweets continued
to increase. The set of tweets with a neutral sentiment was
dominant during this event.

4.1.4. Appearance of Vietnam’s Covid-19 Variant

On June 4, 2021, Vietnam reported a new coronavirus
variant, a hybrid of the British and Indian variants.
According to Figure 6(d), the number of positive tweets was
consistently low during this period, when positives did not
exceed five tweets per day. Also, there was an increase in
negative tweets during the last few days of the timeframe,
between the 14th and 17th. A slight difference can be
observed between the number of negative and neutral
tweets. A potential reason for less interaction with this event
is that this variant did not affect large areas of the world [70] .

4.1.5. Resumption of In-class School Attendance

On May 10, 2021, the Saudi Ministry of Education [71]
announced the re-opening of schools and the resumption of
in-class attendance for students by the next academic year
(fall semester of 2021) [72]. During the pandemic, the
Kingdom of Saudi Arabia adopted online education at all
levels to reduce the risk of spreading the virus. Figure 6(e)
shows the distribution of opinions regarding this event.
More than 1,000 tweets were posted about this event on
announcement day, which is referred to in Figure 6(e) as
(E1). This number decreased gradually over the next few
days. The number of negative tweets was always higher
than the number of neutral and positive tweets.

4.1.6. Lifting the Temporary Travel Ban and Resuming All
International Flights

On May 17, 2021, the Saudi Ministry of the Interior
announced the lifting of the travel ban on Saudi citizens and
residents, as shown in (E2) in Figure 6(e) [73]. Figure 6(e)
shows an increase in the number of tweets that started on
May 14 (three days before the official announcement), with
more than 500 negative tweets. Another sharp increase
occurred on May 16 (one day before the official
announcement), with more than 1,500 negative tweets. This
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indicates that some individuals already knew about this
announcement through rumors. Generally, the number of
tweets with a negative sentiment was higher than the
number of neutral and positive tweets.

4.1.7. Mandating the Vaccine to Enter Any Public or Private
Establishment Starting August 2021

On May 18, 2021, the Saudi Ministry of the Interior
announced that vaccination would be mandatory in order to
enter any government, private, or educational institution. In
addition, it also announced that the vaccine would be
mandatory for using public transportation starting August
1, 2021 [74,75]. According to Figure 6(e), this event (E3)
caused the highest number of posted tweets within the first
two days compared to the other events. On the 18th, the
number of negative tweets reached 2,500, and the following
day, it increased to 3,000, indicating a strong reaction to the
decision. However, after the second day of the
announcement, the reaction started to decrease, with
negative tweets dropping to 2,000 but constantly fluctuating
over the 14 days. This fluctuation was more apparent for
tweets with a negative sentiment, while neutral and positive
tweets showed slight changes in their numbers.

In summary, the event that had the most significant
impact based on the number of tweets among the seven
events was the announcement of mandatory vaccination.
The overall sentiment toward this event was mainly
negative. However, most of the remaining tweets showed a
neutral sentiment, and a small set showed a positive
sentiment. Furthermore, general opinions toward some
similar events changed over time. For instance, even though
the announcements of Pfizer's vaccine approval and
AstraZeneca’s vaccine approval were one month apart, a
clear pattern in sentiments can be identified during the
former but not the latter.

4.2. Performance Analysis of Machine Learning and Deep
Learning Algorithms

Table 4. Classifier Performance

In Table 4, we have compared the results obtained
from training classical machine learning algorithms (RF,
LOGR, SVM, and NB) with the BILSTM. Among the classical
machine learning algorithms, both LOGR and SVM had an
accuracy of 82% regarding tweet data. Furthermore, their
performance among the three classes (negative, neutral, and
positive) demonstrated similar performance. On the other
hand, NB and RF had lower accuracy than LOGR and SVM:
73% and 78%, respectively. Moreover, BILSTM exhibited
improvement in accuracy compared to the classical machine
learning algorithms, at 83%, in addition to robust results in
term of precision, recall, and F1-score in all classes for which
it was noted that the performance of the machine learning
models with the minority class (positive sentiment) had a
recall between 3%—-46% and an Fl-score between 6%-84%.
Meanwhile, BILSTM demonstrated a recall of 64% and an
Fl-score of 68% for the minority class, which shows that
BiLSTM is capable of learning the features of all different
classes. Figures 7-11 show the confusion matrices of the
machine learning models and BiLSTM that best illustrate the
percentage of correctly classified and misclassified samples
in each class. BiLSTM correctly classified 56% of positive, 85%
of neutral, and 87% of negative sentiments.

Classifier Class Precision Recall F1-score Accuracy

negative 0.77 0.92 0.84

RF neutral 0.79 0.69 0.74 0.78
positive 0.87 0.33 0.84
weighted avg 0.79 0.78 0.77
negative 0.80 0.96 0.87

LOGR neutral 0.87 0.70 0.78 0.82
positive 0.85 0.46 0.60
weighted avg 0.83 0.82 0.81
negative 0.80 0.96 0.87

SVM neutral 0.86 0.71 0.78 0.82
positive 0.87 0.45 0.59
weighted avg 0.83 0.82 0.81
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negative 0.70 0.97 0.81

NB neutral 0.83 0.55 0.66 0.73
positive 0.97 0.03 0.06
weighted avg 0.77 0.73 0.68
negative 0.87 0.87 0.87

BiLSTM neutral 0.80 0.82 0.81 0.83
positive 0.73 0.64 0.68
weighted avg 0.83 0.83 0.83
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Figure 8. Logistic regression (LOGR) confusion

Figure 7. Naive Bayes (NB) confusion matrix. .
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The learning curves in Figures 12 and 13 show the training and validation accuracy increasing to 83% (Figure
training and validation scores of BiLSTM for every epoch. 12), and the loss\ error decreasing to the minimum value of
As the number of epochs increased, with every iteration, the 43% (Figure 13).

training and validation scores started to converge, with the
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Additionally, we experimented with the effect of
applying the SMOTE technique, oversampling the minority
class, on the dataset since it was imbalanced and discovered
its effect on the performance of the machine learning
algorithms. Also, we validated the performance of the
machine learning algorithms by applying a 10-fold stratified
cross-validation method on the data before and after
oversampling (Table 5). According to Table 5, in comparison
with the weighted average results of all measures presented
earlier in Table 4, we observed a slight improvement—a 1%
increase —in recall, Fl-score, and accuracy, except for SVM,
for which the accuracy remained the same. On the other
hand, after applying oversampling to handle the
imbalanced data issue, the results significantly improved in
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terms of all measures. Providing a balanced dataset to the
machine training algorithms boosted performance. Among
the machine learning algorithms, SVM achieved the best
results, scoring 91% on accuracy, recall, and Fl-score, and
92% on precision.

The results of comparing the Mazajek annotation
against manual annotation resulted in a precision of 79.7%,
a recall of 74%, and an F1-score of 73.8%. Mazajek showed
an acceptable performance above 70% in precision, recall,
and Fl-score, making it suitable for annotation tasks in
sentiment analysis.
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Figure 12. BiLSTM learning curve.

5. Discussion

Handling unbalanced data was addressed differently
in [26]. In this work, the authors chose to select an equal
number of samples per month. However, opinions toward
events can be expected to vary over time, and the number of
samples reflects people's reactions toward that event. So,
following this method —i.e., taking equal samples—was not
suitable for our case, as our goal was to analyze people’s
reaction to COVID-19 vaccination during certain events and
report it as is, which eventually yielded insights into which
events influenced people the most. In our study, we chose
to use SMOTE, which allowed us to use all of our collected
data while handling the issue of imbalanced classes to avoid
bias in the training dataset, which might have led us to
ignore the minority class and could thus have affected the
predictions made via the machine learning algorithms.
Significant improvements were achieved after resolving
these imbalances, with the accuracy of the SVM increasing

from 82% to 91%; similar improvements in precision, recall,
and Fl-score were also observed.

The comparison we provided in Table 4 between
classical machine learning algorithms and BiLSTM
demonstrated that BiLSTM performed well in terms of
learning and differentiating between classes compared to
the classical machine learning algorithms without applying
oversampling. BiLSTM provided promising results
regarding sentiment analysis. Its remarkable performance is
attributable to its architecture—similar to [76], in which
remarkable performance was observed when LSTM was
compared to BiLSTM. BiLSTM yielded a better recall score
for the minority class (positive) than all of the other machine
learning algorithms. The recall score in the minority class
generated by BiLSTM was 64%; while in the machine
learning algorithms, the recall score was between 3%-46%
maximum.
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Both of the most recent studies [29,30] to discuss
COVID-19 vaccination with Arabic tweets suffered from the
dataset size limitation, as both had a size between 600 to
3,000. In our study, we addressed this limitation by
collecting a larger Arabic dataset of 56,666 tweets.

Although [28] tested multiple deep learning
techniques, we noticed that their BiLSTM results were
slightly higher—but close—to our results, achieving 85%
accuracy, whereas our BiLSTM model achieved 83%
accuracy. The difference between their method and ours is
that they used word2vec for feature extraction, while we
created our list from word embedding.

A variety of techniques have been proposed by authors
of related works, with either machine or deep learning
techniques, or sometimes a combination of both. The best-
obtained results, however, cannot be generalized based on
one technique. For instance, the two most recent studies
focused on individuals’ perceptions about COVID-19
vaccination with Arabic tweets achieved competitive results,
with Alabrah et al. [29] scoring 94.61% with Fine-KNN and
Ensemble boost, and Khan et al. [30] achieving an accuracy
of 95% with LSTM. In comparison, our study demonstrated
a great capability to improve the results of machine learning
algorithms by handling imbalances, with the SVM achieving
an accuracy of 91%, well within high range performance.

Table 5. Comparison of the Performance of the Machine Learning Algorithms with and without Oversampling Technique
with 10-fold Stratified Cross-validation

e . 10-Fold 10-Fold
Classifier Metrics . ) .
Without Oversampling Oversampling
Precision 0.79 0.89
RF Recall 0.79 0.89
F1-score 0.78 0.89
Accuracy 0.79 0.89
Precision 0.83 0.90
Recall 0.83 0.90
LOGR F1-score 0.82 0.89
Accuracy 0.83 0.90
Precision 0.83 0.92
Recall 0.82 0.91
SVM F1-score 0.82 0.91
Accuracy 0.82 091
Precision 0.77 0.83
Recall 0.74 0.83
NB F1-score 0.69 0.83
Accuracy 0.74 0.83

6. Conclusions

The present study used sentiment analysis of Twitter
data related to the COVID-19 vaccine to explore reactions
during events in Saudi Arabia. The data classification
revealed that a majority (54%) of public perceptions about
the COVID-19 vaccine were negative, while 36% were
neutral and 10% were positive. Four classical machine
learning classifiers were used in addition to the deep
learning method using BiLSTM, and the best accuracy was
obtained with the SVM classifier, whose accuracy score was
91%. Regardless of the results, the Twitter community does
not represent the general population; thus, the opinions
expressed on the platform do not fully represent those of the
general public in Saudi Arabia. However, [24] found a

correlation between the sentiments expressed on social
media and the vaccination rates provided by the CDC,
suggesting that these data may help generate better
understanding of public opinions in Saudi Arabia. In
addition, a recent study by Alfageeh et al. [65] measured the
acceptance among the Saudi population of the COVID-19
vaccine by distributing an online survey to adult
participants. They found that 48% of respondents were
willing to be vaccinated, while 52% were not.

In future work, negative tweets can be used to identify
emotions associated with user perceptions of the vaccine.
These data could be collected over consecutive days to study
how opinions change in terms of the three categories over
time.
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