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Abstract: During the COVID-19 pandemic, pro-vaccine and anti-vaccine groups emerged, influencing
others to vaccinate or abstain and leading to polarized debates. Due to incomplete user data and
the complexity of social network interactions, understanding the dynamics of these discussions is
challenging. This study aims to discover and quantify the factors driving the controversy related to
vaccine stances across Kuwaiti social networks. To tackle these challenges, a graph convolutional
network (GCN) and feature propagation (FP) were utilized to accurately detect users’ stances despite
incomplete features, achieving an accuracy of 96%. Additionally, the random walk controversy (RWC)
score was employed to quantify polarization points within the social networks. Experiments were
conducted using a dataset of vaccine-related retweets and discussions from X (formerly Twitter)
during the Kuwait COVID-19 vaccine rollout period. The analysis revealed high polarization periods
correlating with specific vaccination rates and governmental announcements. This research provides
a novel approach to accurately detecting user stances in low-resource languages like the Kuwaiti
dialect without the need for costly annotations, offering valuable insights to help policymakers
understand public opinion and address misinformation effectively.

Keywords: graph convolutional network; stance detection; controversial; polarization; Kuwait;
vaccine

1. Introduction

Stance detection is a task used to determine an individual’s attitude or viewpoint
regarding a particular target, concept, or event based on the content they produce [1].
This task has gained significant attention in recent years due to its diverse applications
in analyzing social and political issues across various social media platforms [2]. Unlike
sentiment analysis, which detects the general polarity of a text, stance detection is a finer-
grained task that focuses on identifying whether the author is in favor of, against, or neutral
regarding a specific target [3].

Researchers from various domains, including healthcare, politics, and sociology, have
studied stance detection. For example, some have studied it in political debates [3,4],
in COVID-19 vaccination discussions [5], and in identifying misinformation [6]. Moreover,
research has been conducted on conversational stance detection, which aims to infer stances
regarding a given target within conversation threads [7].

Various approaches have been proposed to classify the stance of social network
nodes, such as text-based semantic mining using convolutional neural networks [8], mul-
titarget stance detection [9,10], and the use of graph topological information and user
opinions [4,8,11,12]. Researchers have also proposed approaches such as sentiment-based
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pre-training for few-shot cross-lingual stance detection [13] and a signed network-based
approach for detecting stances from tweets [14].

Although many studies have examined general stances on social media, few have
specifically looked at the polarization of opinions on vaccines in the context of Kuwait.
This study aims to fill this gap by analyzing the polarization of vaccine attitudes on social
media, focusing on a retweet network analysis of users in Kuwait.

This study proposes an approach to classifying user stances into pro-vaccine or anti-
vaccine by incorporating a social network retweet graph and textual features of nodes with
graph conventional network (GCN) and feature propagation (FP) algorithms to overcome
challenges; the first of these challenges is handling low-resource language datasets, such
as social networks containing Arabic dialect text. Furthermore, the proposed approach
eliminates the need for costly and time-consuming annotations, as it relies on a small
annotated dataset and achieves high performance through graph convolutional network
learning. Additionally, it addresses the issue of missing or incomplete features within
nodes, which can often affect node classification accuracy, by implementing feature prop-
agation on the dataset. It proposes a new, cost-effective, and time-efficient approach to
analyzing controversial social issues to understand polarization instances on social me-
dia utilizing the random walk controversy (RWC) score as a social network polarization
measure for examining the retweet network between pro- and anti-vaccine individuals in
Kuwait. Unlike traditional studies that rely on conducting surveys, which can be costly
and time-consuming, the proposed system offers a faster and more affordable alternative.
Finally, by understanding and quantifying social network polarization, researchers and pol-
icymakers will gain insight into public opinions, and will thus be able to develop strategies
to mitigate the negative effects.

The main contributions of this paper are the following:

1. Social Network Graph-Based Stance Semi-Supervised Classification: The implementa-
tion of a GCN and FP classification algorithm based on [15,16], inspired by the success
of the approach in the political domain [4], to detect user stances with high accuracy
(96%) in the presence of incomplete features.

2. Measurement of Effects: The application of the RWC score [17] to measure the polariza-
tion effects and detect points of controversy between social network users regarding
their stance on vaccines.

3. Detecting Factors of Polarization: The detection of divergent social network points
and an investigation of the factors driving debates and arguments between users
during polarization periods.

This paper is organized as follows: Section 2 covers the related literature. Section 3
presents the methodology and details of the proposed system’s architecture. Section 4
introduces the experimental results, followed by a discussion of the findings in Section 5.
We provide the conclusion and future research in Section 6. Finally, the last section presents
the limitation.

2. Related Work

This section, serving as the basis of our study, contains background information on
significant related works.

2.1. Graph-Based Semi-Supervised Node Classification

Node classification is a task that involves classifying the unlabeled nodes in a graph;
the graph convolutional network model leverages the connectivity between labeled and
unlabeled nodes to improve classification performance [18]. The task involves classifying
the remaining unlabeled nodes in a graph, given the small set of labeled nodes and feature
vectors for each node [19]. Various graph-based neural network models have been proposed
for the fast and scalable semi-supervised classification of nodes in a graph [15]. These
models have broad applications, ranging from security and networking to data mining
and machine learning [20]. They have achieved state-of-the-art results and demonstrated
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a promising performance in this context [21]. In contrast, while NLP can be useful for
analyzing textual data within social networks, it may be less effective in capturing the
complex relationships and interactions between nodes.

2.2. Measuring Polarized Network

Quantifying controversy in social networks involves measuring the level of disagree-
ment, conflict, and polarization within these networks. This can be crucial for understand-
ing the dynamics of information spread, community formation, and opinion polarization.
Several studies have proposed various approaches to quantifying controversy in social
networks. For instance, [17] conducted a systematic study on controversy detection in
social media by analyzing content and network structures. They took a general approach
to studying controversial topics across different domains. The research in [17] also devel-
oped a graph-based pipeline to quantify controversy by building conversation graphs and
identifying potential sides.

Moreover, [22] found that controversial information spreads faster and farther than
non-controversial Reddit content, highlighting the impact of controversy on information
dissemination. Additionally, [23] introduced a novel method for detecting controversial
interactions in multiplex social comment networks, emphasizing the importance of contro-
versy detection in understanding spaces of public discourse.

In a different domain, [24] focused on measuring political polarization using data from
Twitter, showcasing how influential individuals can propagate opinions through social
networks and contribute to polarization. Additionally, in [4], the random walk controversy
metric was used to measure polarity in Ukrainian and Russian tweet activities. Further-
more, [25] identified controversial Wikipedia articles by analyzing editor collaboration
networks, demonstrating the utility of network metrics in detecting controversy.

By leveraging network structures, content analysis, and user interactions, researchers
can gain insights into the nature of controversy, its impact on information dissemination,
and strategies to mitigate polarization and conflict within social networks.

2.3. Vaccine Stance Detection Using Graph Network Algorithms

Due to its implications for public health and in understanding public opinions, signifi-
cant attention has been drawn towards stance detection in the context of vaccine-related
discussions, specifically on social media platforms such as X (formerly Twitter). Various
studies have explored graph network algorithms and machine learning techniques to
classify social media posts based on their stance on vaccines [26]. Traditional community
detection algorithms have also been employed to identify groups with distinct stances [27].

Detecting communities and clusters within graphs is a critical task in fields such as
computer science, biology, and sociology, where graphs are frequently used to represent
systems [28]. By applying natural language processing techniques, researchers have been
able to automatically infer trends in public opinion regarding vaccination stances, enabling
significant shifts in opinions to be detected [29].

Moreover, distinguishing between vaccine hesitancy identification and vaccination be-
havior detection is essential, where the former focuses on attitudes or stances, and the latter
is concerned with detecting actions related to getting vaccinated [30]. Stance detection al-
gorithms have been utilized to study hesitancy and attitudes regarding vaccination during
critical periods, such as the initial vaccine rollout phases [31,32].

Studies have highlighted the importance of sentiment analysis and stance detection in
addressing vaccine hesitancy and enhancing public acceptance of vaccines, especially in
the context of COVID-19 [5,33]. By employing advanced predictive models and natural
language processing techniques, researchers have been able to classify tweets as “anti-
vaccine’ or ‘pro-vaccine” and identify key topics in vaccine-related discourse [34].

In conclusion, the application of machine learning models, graph network algorithms,
and natural language processing techniques has significantly advanced the field of vaccine
stance detection on social media platforms. These approaches not only help in understand-
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ing public perceptions and attitudes towards vaccination but also play a crucial role in
public health decision-making processes.

2.4. Studies of COVID-19 Vaccination in Kuwait

Many researchers of COVID-19 vaccine acceptance and hesitancy in Kuwait [35] have
conducted online, exploratory, cross-sectional studies using structured questionnaires to
collect data. The authors of [36] focused on healthcare workers in Kuwait and employed
a cross-sectional study to assess COVID-19 vaccine acceptance. In [37], other researchers
conducted a public cross-sectional survey in Kuwait to explore COVID-19 vaccine hesitancy.
The authors of [38] conducted a large cross-sectional study to identify the prevalence of and
factors associated with vaccine hesitancy in Kuwait. For [39], the authors obtained data
from the COVID-19 Snapshot Monitoring (COSMO Kuwait) study that was implemented
using the WHO tool for behavioral insights into COVID- 19. The data analysis methodology
in these studies involved statistical analysis to interpret the collected data. The authors
of [35] analyzed survey responses to determine factors influencing vaccine hesitancy. Addi-
tionally, ref. [36] used 5C and vaccine conspiracy belief scales to analyze the psychological
determinants of vaccine acceptance among healthcare workers. The authors of [37] likely
conducted statistical analysis to identify predictors of vaccine hesitancy among the public.
Similarly, ref. [38] employed statistical methods to examine the factors associated with
vaccine hesitancy in the general population of Kuwait, and ref. [39] conducted the same
type of analysis to detect vaccine acceptance in the country during the pandemic. All
of the above studies were survey-based and depended on statistical analysis; as a result
of this, there are some limitations in the dataset’s volume and resources. On the other
hand, in this paper, the proposed system is based on the retweet social network dataset,
which has a higher volume and coverage. It also implements advanced methods like graph
neural networks, feature propagation, and random walk controversy. Thus, one of the
contributions of this study is that it is the first to use the Kuwaiti Twitter dataset related to
vaccine stance, as well as the first to visualize social opinion change from diverse points
of view.

3. Methodology

This section details the approach used in the research, outlining the procedures em-
ployed to gather and process the dataset, as well as the proposed system architecture and
experimental setup for classifying the retweet network and identifying network polarization.

3.1. Dataset Collection

To collect the dataset containing posts (tweets) related to the COVID-19 pandemic in
Kuwait, an online tool, Communalytic [40], along with the X (formerly known as Twitter)
academic API (the data collection was before the cancellation of the Twitter academic API),
was used to extract retweets and their original posts. The keywords and hashtags from [41]
were used to search for historical posts. The dataset collection time frame was from the
start of the vaccination campaign in Kuwait to the end of all precautions against COVID-19
(December 2020 to July 2022).

3.2. Dataset Preparation

To ensure that the dataset only contained posts from Kuwait, posts that did not have
one of the following keywords in the user_location field were filtered out: Koweit, Q8,
kw, kwt, kuwait, Ku, ,LJ! -y (Homeland of the day), 4, o5 (Kuwaiti), & o5 (Kuwaiti),

and <o $5J! (Kuwait). Additionally, unrelated posts were programmatically removed by

excluding all posts not written in Arabic or containing keywords related to Arabic spam
posts. Next, the text was cleaned by removing digits, special characters, URLs, emojis,
mentions, tashkil (diacritics), and punctuation. The URLs and hashtags were extracted
from the text and included in separate columns to be used later as features. The posts were
labeled for their stance on vaccines using a labeling system called Q8VaxStance [41]. This
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system utilized weak supervised learning and zero-shot learning by implementing labeling
functions using stance keyword detection in conjunction with three multilingual zero-shot
models with the input prompt “the attitude towards COVID-19 vaccination is {}” [41].

Finally, from this dataset, the retweet relationship dataset was created, which contains
the following information:

e User who retweeted: the user who retweeted a post originally posted by another user;

*  Retweeted user: the username of the person who posted the original tweet;

*  Tweet id: the unique identifier of the original post;

e Tweet text: the text content of the original post;

*  Tweet clean text: the text content of the original post after it had been cleaned and
prepared for analysis;

e  Tweet stance: the label indicating the post’s vaccine stance;

*  Extracted URLs: the list of URLs extracted from the post’s text;

¢  Extracted hashtags: the list of hashtags extracted.

Furthermore, to test and validate the GCN and FP model, a ground truth dataset was
needed. The posts’ vaccine stance labels were used to distinguish anti- from pro-vaccine
users; based on [41], the posts were labeled as 1 if the text was anti-vaccine and 0 if the text
was pro-vaccine. Next, the following conditions were applied to label each user:

pro-vaccine if Mean(stance) < 0.2
User Stance = < anti-vaccine if Mean(stance) > 0.8

Undecided otherwise

where stance is calculated by counting the number of pro- and anti-vaccine posts for
each user.

3.3. User Stance and Network Polarization Detection System Architecture

Figure 1 illustrates the proposed system architecture. In step (1), the retweet network
graph was created using the Kuwaiti retweet dataset from the previous section; then, in
step (2), various feature matrices were built. These feature matrices were formed using
diverse features from each user’s retweet data. Next, the retweet network graph and
the feature matrices were used in (M1) the GCN and FP to classify user stances on the
COVID-19 vaccine into pro- or anti-vaccine. Then, based on (4) the vaccination rate in
Kuwait, the dataset was divided into five periods to detect where vaccine hesitancy oc-
curred (5). Next, using (M2) the RWC algorithm, the network polarization for each period
was measured (6). Furthermore, after detecting the periods where vaccine hesitancy started,
the retweet network graph was divided into ten smaller periods, and the network polariza-
tion was measured for each. Finally, the network polarization periods were compared with
the events’ timeline, as well as with the top bi- and trigrams, to gain further insight into
what drives conversations during polarized periods. The details of each step are explained
in the next sections.
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Figure 1. Social network data processing pipeline and system architecture. The yellow boxes represent
dataset and data representations, the red boxes represents methods or algorithms.

3.4. Stance Detection Using Graph Convolutional Network and Feature Propagation

The researchers decided to utilize GCNs to classify the users based on their vaccine
stance using a user-to-user retweet network graph. In a social network, users share sim-
ilar ideologies with their neighboring users [42], and retweet activity expresses content
endorsement [43,44]. GCNs utilize social network information and represent an excellent
choice for classifying user vaccine stances using the retweet network graph dataset.

Since users in social networks share similar ideologies and similar tweet content [42],
it can be assumed that neighborhood tweet content would have some common features.
Thus, feature matrices were created with each user’s tweet text, hashtags, bigrams, trigrams,
and URLs.

One of the critical requirements/assumptions in a GCN is that all the entries in the
feature matrix are available and observed. However, not all users have complete feature
matrices for various features. Therefore, the missing value issue needs to be handled. The re-
searchers in [16] suggested using the FP approach to handle this issue. The GCN with the
FP method proved to have high accuracy in political field social network classification [4].
The FP approach was used to reconstruct the missing values by propagating the known
features from the neighboring nodes. Once a full feature matrix was obtained, the recon-
structed features were used for the GCN in the required node classification task.

In FP, missing features are handled in two steps. In the first step, some of the unknown
features are initialized with values. Next, the features are propagated by applying the
normalized adjacency matrix, where A = D~ 2 AD" 2 is the normalized adjacency matrix
and D = diag(}¥;a1j, ..., L ay;) is the diagonal degree matrix. Using filtering, only the
missing values are modified, keeping the known values intact. The FP algorithm repeats
these two operations until the feature vectors converge.

The formula for the GCN proposed by Kipf and Welling [15] is as follows:

H*! = o(AH'W) 1)

where

. H' is the feature matrix at layer i, H 0 is initialized to the feature matrix X, and at each
layer, the feature matrix will be replaced with the previous layer’s output H'~1;

e 0(-) represents the activation function;

e Ais A+1Iand is the graph’s adjacency matrix with added self-connections, where
(A) is the social network graph adjacency matrix that contains the encoding of the
network graph structure, and [ is the identity matrix;

* Wi is the layer weights and feature vectors for each node propagating in each iteration.
After a certain number of iterations, the feature vectors aggregate and transform their
neighboring nodes’ representation vectors (W?).
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3.5. Measuring Network Polarization

Social network polarization refers to the extent to which individuals within a social
network are divided into distinct and often opposing groups based on their beliefs, opin-
ions, or ideologies [45]; it provides insights into the level of division and conflict within
a society, which can have significant implications for decision making and the spread of
misinformation. By understanding and quantifying social network polarization, policy-
makers can develop strategies to mitigate the negative effects and promote more inclusive
communities [45]. To quantify the polarization in the vaccine stance retweet social net-
work, the RWC score from [17] was adopted; the RWC approach implements a three-stage
pipeline, which involves the following;:

1.  Building a conversation graph about a topic;
2. Partitioning the conversation graph to identify the potential sides of the controversy;
3. Measuring the amount of controversy from graph characteristics using the RWC score.

Stages 1 and 2 of the above pipeline are covered in the previous sections. Using the
retweet network graph, the users’” conversations were labeled and partitioned based on
their vaccine stance and their side of the controversy.

To implement stage 3 and detect diverging points based on polarization, retweet
network graph polarization was observed according to the vaccination population data for
Kuwait [46]. The RWC score was used to observe the change in polarization over several
periods in order to identify the highest polarization moment from the timeline. To calculate
the RWC score, the following equations were applied [17]:

RWC = Prp, Prr, — PLr, Pre. 2)
Prryy = CLL(SLj_(E)LRH) 3)
Frr(+) = CRR(f)Ri(E)RL(-&-) @
Fire = CLR(f)LIj'(E)LL(Jr) ©
Pris) = oo ) ©

(+) T Crr(+)
where

e Ppp, represents the probability of a random walk starting at a random left node (L)
and finishing at a central left node (L );

*  Pgg, is the probability of starting on any right node (R) and ending on a central right
node (R4 );

*  Prg, and Pg;, measure the probability of a walk crossing sides;

¢ Cdenotes the number of walks that fall into one of the previously identified classes.

Figure 2 illustrates the RWC approach. In this paper, the left side is assumed to refer
to the anti-vaccine group, while the right side refers to the pro-vaccine group.
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Figure 2. Random walk controversy. The red represents the anti—vaccine group and the blue depicts
the pro—vaccine group.

The RWC polarization score returns values ranging from 1 (perfect polarization) to —1
(no polarization). These values were evaluated over different periods, and then a deeper
analysis was conducted into sub-periods, showing high polarization and explaining the
factors or issues that led to the divergence.

4. Experiment Results

In this section, the results obtained from implementing the proposed system outlined
in the Methodology Section will be discussed. This includes the data collection process and
preparation, the experimental outcomes of applying a GCN and FP to classify user stances
within the retweet network, and the identification of network polarization in Kuwait
using RWC.

4.1. Dataset Collection and Preparation

The steps in Sections 3.1 and 3.2 were implemented to collect the social network dataset
containing posts (tweets) related to vaccine stances during the COVID-19 pandemic in
Kuwait. The final collected retweet social network dataset (dataset available upon request
by email from the corresponding author) contains 141,823 retweets, and their original
tweets, from December 2020 to July 2022; the retweets were between 15,246 unique users.

In addition to the main dataset of retweets related to vaccine stance, all the official
announcements made by the Kuwaiti government regarding the COVID-19 pandemic from
December 2020 to July 2022 were gathered. The primary source for these data was the
Twitter account of the Center for Government Communication, Kuwait (@CGCKuwait).
This account was used as the official resource for publishing all government regulations
and precautions related to the COVID-19 pandemic. These extra posts were needed for
later use in analyzing the polarization points and identifying the announcements that led
to the spike in debates between the two camps.

4.2. Stance Detection Using Graph Convolutional Network and Feature Propagation

The steps explained in Sections 3.3 and 3.4 were applied to construct a vaccine stance
retweet network adjacency matrix. Then, the GCN and FP algorithms were implemented.

Since some user nodes’ vaccine stances were not recognizable because they retweeted
both anti- and pro-vaccine tweets in equal quantities, 10% of users (1525) with a stable
stance on the COVID-19 vaccine were selected as the ground truth dataset to start the graph
convolutional network. These 1525 users were divided into 784 pro- and 741 anti-vaccine.

Next, several Boolean feature matrices X were constructed, including the post-text
feature matrix, hashtag feature matrix, bigram feature matrix, trigram feature matrix,
and URL domain feature matrix. Each feature matrix was built such that if user; retweet
text had that feature, then the cell was filled with “1’; otherwise, the cell was filled with ‘0’.
Furthermore, in cases where the user post did not contain common features in their retweet
text, entries were filled with ‘—1’. To fill the missing (undecidable) features, the FP algorithm
was run; Table 1 shows the initialization process of the feature matrix X.
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Table 1. Feature matrix X: user x features.
(User x Features) featy feat, e feat,_1 feat,
userq 1 1 ... 1 0
usery 0 1 e 0 0
users 1 1 ... 1 0
et —1 -1 .. -1 -1
usery, 1 1 .. 0 1

After preparing the dataset, it was split into training and test datasets; of the labeled
dataset, 70% was randomly selected as a training set and 30% as a test set. Then, the training
set was used to train a two-layer GCN model. The model was built with a 0.05 learning
rate and 64 hidden dimensions. As shown in Table 2, different epoch values were tested,
and the best performance was achieved when the number of epochs was 200. For better
validation, we tested 10 runs with randomly selected training and test datasets. Then, we
considered the mean and standard deviation values. The experiments showed that the
best-performing GCN model is that where bigrams are used as the feature matrix; this
setup achieves 96.53% accuracy and 96.51% AUC. Next, the training and test datasets
were combined to train the final GCN model. Using this model, all 15,246 users in the
retweet social network graph were labeled as either pro- or anti-vaccine, giving 9364 pro-
and 5882 anti-vaccine users. Figure 3 illustrates the labeled vaccine stance retweet social
network graph.

Table 2. Accuracy of different epochs. The best model is marked with *.

Epochs Acc Mean Acc Std F1 Mean F1 Std AUC Mean AUC Std

50 0.9561 0.0083 0.956 0.0084 0.9554 0.0086
100 0.9624 0.0055 0.9624 0.0056 0.9622 0.0057
200 * 0.9653 0.0042 0.9652 0.0042 0.9651 0.0042
300 0.9653 0.0048 0.9652 0.0048 0.9651 0.0047

® Pro-Vaccine @ Anti-Vaccine

Figure 3. Network graph with pro- and anti-vaccine users.

To validate the performance of a GCN with FP models, we compared the result
of the our model with the label propagation (LP) as a baseline model. For this, we
used the same dataset used to train a GCN with the FP algorithm in order to clas-
sify the nodes. The GCN with the LP algorithm achieved mean accuracy and F1 scores
of 94.48% and 94.55%, respectively. On the other hand, the GCN with the FP model,
with different types of features, was able to outperform the base model in all performance
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measures. The best-performing GCN with FP is that which uses bigrams as features and
achieved 96.53% and 96.52% in mean accuracy and F1 scores, respectively. Table 3 shows
the detailed results of the experiments.

Table 3. Results from different feature matrices. The best model is marked with *.

Algorithm Features  AccMean AccStd FlMean F1Std AUCMean AUCStd

LpP — 0.9448 0.0087 0.9455 0.0075 0.9457 0.0082
Tweet text 0.9574 0.0066 0.9573 0.0066 0.9572 0.0067
Hashtags 0.9587 0.0060 0.9587 0.0060 0.9582 0.0064

FP Bigrams * 0.9653 0.0042 0.9652 0.0042 0.9651 0.0042
Trigrams 0.9611 0.0051 0.9610 0.0051 0.9608 0.0054
Domains 0.9513 0.0061 0.9512 0.0061 0.9510 0.0060

4.3. Network Polarization Based on the Vaccinated Population in Kuwait

The steps outlined in Section 3.5 were implemented, with the RWC score adopted
from [17], in order to detect the levels of division and conflict among users in the vaccine
stance retweet social network. Then, Kuwait’s vaccinated population data were extracted
from the “Our World in Data” website [46]; retweet network polarization was observed
according these data. For this purpose, the dataset was divided into five periods based
on vaccination percentage (less than 10%, between 10% and 25%, between 25% and 50%,
between 50% and 75%, and greater than 75%).

Figure 4 represents the percentage of vaccinated citizens in Kuwait. In the figure,
lines 1, 2, and 3 were drawn to compare the slopes of the vaccinated population; the change
in the slope can be used to detect the periods where vaccine rates became slower, indicating
vaccine hesitancy. From the figure, we recognized that the slope of line 2, with a slope value
of 1.34, is smaller than the other two lines’ slopes, which are around 2. From this value, we
conclude that fewer people were getting vaccinated during those periods, indicating that
vaccine hesitancy started between periods 2 and 3. Next, to further understand the reason-
ing and the level of division within the vaccine stance retweet social network graph, we
measured network polarization using the RWC score, as explained in Section 3.5. Based on
the five vaccination periods, Figure 5 shows that the RWC polarization score increased until
75% of the population was vaccinated, indicating that the two sides were in a continuous
argument during those periods. However, after 75% of the population was vaccinated,
arguments started to cool off between them. Figure 5 shows that the changes in the average
polarization RWC score were the most pronounced in the periods between 10% and 25%
vaccination, with average RWC values of 0.553 and 0.662, respectively. This significant
change was during the first-dose vaccination period. During this period, the anti-vaccine
group was very active in expressing their attitudes toward vaccines. At the same time,
the pro-vaccine group aimed to raise awareness about the significance of getting vaccinated;
the second most significant change in retweet network polarization was the change in
the period between 25% and 50%, i.e., from 14 March 2021 to 22 August 2021, where the
average RWC values were 0.662 and 0.679, respectively. Finally, the third largest change
was between 50% and 75%, i.e., from 22 August 2021 to 21 November 2021, where the
average RWC values were 0.679 and 0.686.



Big Data Cogn. Comput. 2024, 8, 60

11 0f 18

Covid 19 Vaccinated population(percentage)

g0 — Vaccinated Population per Hundred i
P
70
60 Line1 =241y
p rd
— '
= ’
¥ 50 < Line 2 = 1.34y + 8.5
@
j= 3
ot
] 40
[ =
G
o
o
=30
20
<=10%
~ 2021-03—14/ .
10 —FF—~ :
10%< and ==25% 25%< and ==50% 50%< and <=75% 75%<
/,’. 2021-03-14~2021-05-09 || 2021-05-09~2021-08-22 | | 2021-08-22~2021-11-21 2021-11-21 ~
0{—= : : , ‘ : ‘
Apr Jul Oct Jan Apr Jul
2022
Date
Figure 4. COVID-19—vaccinated population in Kuwait (per 100 vaccinated people).
Average polarization score : 10% - 0.5532, 25% - 0.662 , 50% - 0.6795, 75% - 0.6869 , 100% - 0.6698
1 10%
50 25% /\
1 50% [ )
1 75% /

04 100%
230 /
1% /

C
]
o
20
10 \

0.600 0.625 0.675 0.700

Polarization(RWC)

0.525 0.550 0.575

Figure 5. Social network polarization based on COVID-19 vaccination rates in Kuwait.

5. Discussion

To gain further insight, after analyzing Figure 6, we observed how polarization sig-
nificantly increased during periods 2, 3, and 4 after vaccine hesitancy appeared. These
periods were thus divided into ten smaller sub-periods, each spanning 3 weeks, starting
from 17 April 2021, which, as shown in Figure 4, marks the starting point of vaccine
hesitancy. Then, the RWC score was measured for each sub-period. Figure 6 shows the
RWC score values for each sub-period; the results showed that the maximum increase
in polarization was observed between periods 5 and 6 (July to August 2021), with an
average increase of +0.1. This indicates that some new events or announcements took
place during that period, leading to an increase in debates or arguments between users.
The second largest average increase of +0.08 was observed between periods 8 and 9
(September to October 2021), and the third largest increase of +0.05 was observed be-
tween periods 3 and 4 (May to July 2021). The polarization RWC score was the lowest in
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period 10 at 0.523, indicating that people were no longer interested in discussing vaccines or
that the announcements during that period were not compelling enough to spark debates.

Average polarization score : Period 1 - 0.6649 , Period 2 - 0.6785 , Period 3 - 0.6494 , Period 4 - 0.6927 , Period 5 - 0.6962 , Period 6 - 0.7901 , Period 7 - 0.6634 , Period 8 - 0.6777 , Period 9 - 0.7556 , Period 10 - 0.5231
70

Period1 - 21/04/17~/21/05/08
Period2 - 21/05/08~/21/05/29
Period3 - 21/05/29~/21/06/19
60 Periodd - 21/06/19~/21/07/10
3 Periods - 21/07/10~/21/07/31
[0 Period6 - 21/07/31~/21/08/20
Period7 - 21/08/20~/21/09/10
[ Period8 - 21/09/10~/21/09/30
[0 Period9 - 21/09/30~/21/10/20
3 Period10 - 21/10/20~/21/11/10

Polarization(RWC)

Figure 6. Polarization graph for sub-periods after the vaccine hesitancy starting point.

To understand why social media users became divided on the topic of vaccination dur-
ing specific periods, the official governmental COVID-19 announcements were examined.
Specifically, the Twitter account of the Center for Government Communication, Kuwait
(@CGCKuwait), was analyzed to identify the topics that sparked debate between those
who were pro- and those who were anti-vaccine.

The government made several significant announcements during periods 5 and 6
(July to August 2021); these announcements included the following;:

1. On 26 July, the government announced that all activities were open for vaccinated
people. Non-vaccinated individuals could only visit supermarkets, food and grocery
stores, hospitals, pharmacies, and government agencies. A screenshot of this post is
shown in Figure 7.

2. On 27 July, the government announced new travel procedures for departures from
and special measures for arrivals to Kuwait. The government maintained their ban
on international travel for citizens who were not vaccinated against COVID-19. Addi-
tionally, specific vaccination requirements applied for arrivals.

3. On11 August, the government announced that public schools would open on Septem-
ber 29th.

4. On 18 August, the government announced the initiation of direct commercial flights
to India, Egypt, Bangladesh, Pakistan, Sri Lanka, and Nepal.

5. On 19 August, the government announced new terms and conditions for travelers
entering Kuwait; a screenshot of this post is shown in Figure 8.
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The head of the Center for Government
Communications and the Spokesman of the
Kuwaiti Government Tareq Al-Mezrem:

The Council of Ministers has determined

First:
The cancellation of The Cabinets decision to
close all commercial activities effective
Tuesday, the 27th of July 2021

Second:

.
Reopening all activities with the exception of

gatherings of all types, this is to include conferences,
weddings, and all other social events

L]
To reopen all children activities as of Wednesday,
the 1st of September 2021

Third:

Only fully vaccinated individuals are allowed to enter all
mentioned activities, whereas non vaccinated individuals
are only allowed entry fo the below:

L L]
Coops Pharmacies

L L
Supermarkets  Food and grocery centers
Note: They are also allowed the entry of Government

facilities, hospitals, and health centers, as of Sunday the
1st of August, 2021

https://corona.e.gov.kw

Figure 7. A tweet by @CGCKuwait announcing that the government opened all activities for
vaccinated individuals.

Based on these announcements, we concluded that the increase in controversy between
the two sides was mainly related to the ban on non-vaccinated people traveling to or from
Kuwait and the opening of all activities for vaccinated people. At the same time, non-
vaccinated individuals were only allowed to visit certain places. To confirm our conclusion,
we analyzed the bi- and trigram phrases related to the events mentioned above during
periods 5 and 6. Examples of such phrases are included in Table 4.

oSl dolsill jSyo &
@CGCKuwait

Terms & Conditions For Travelers Entering The State of Kuwait
#CGCKuwait

. ravelers vaccination sta
Approved vaccines

2 doses 2 doses 2 doses

1:43 PM - Aug 19, 2021

Figure 8. A tweet by @ CGCKuwait announcing about the new terms and conditions for travelers
entering Kuwait.
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Table 4. Sample bi- and trigrams from periods 5 and 6 related to controversial topics.
Bigram Arabic English Translation Trigram Arabic English Translation
JLURCVING Kuwait Mosahir App a2l o Travel ban for others
At okl Civil aviation Crandall ) 2! Traveling for non-vaccinated people
Jraw] o Travel ban f\..Ja.Jb ) Loy ) To link travel to vaccination
Slaemdl 525 Entering the malls NS ‘ﬁb o You do not have the right to transfer
Js=l RS Prevent them from entering o= A oS Turning the country into a prison

Next, between September and October 2021, two significant announcements were
made during periods 8 and 9. In the first one on 9 October 2021, registration for the booster
dose (third dose) was opened for all age groups from 18 years old and over, as shown
in Figure 9; this announcement opened up the debate between anti- and pro-vaccine
individuals. It led to an increase in polarization during this period. Additionally, many
fully vaccinated individuals started to complain and question the usefulness of taking
a third dose. We confirmed the occurrences of related words during periods 8 and 9 by
analyzing the bi- and trigram phrases related to these events. Examples of such phrases are
included in Table 5.

Later, on 20 October 2021, the last day of period 9, the council of ministers announced
the return-to-normalcy plan (phase 5). As shown in Figure 10, according to the plan, all
activities were allowed for vaccinated people, social distancing in mosques during prayer
was eliminated, face masks were not required in open spaces but only in closed places,
and the airport was working at full capacity. We assume that the effect of this announce-
ment is reflected in period 10, where the polarization decreased significantly as pro-vaccine
individuals started returning to their everyday lives and were no longer interested in de-
bating or discussing topics related to vaccines.Meanwhile, the anti-vaccine group remained
active and continued to retweet about their rights, guaranteed by the Kuwaiti constitution,
to not be vaccinated and to perform their daily activities without restriction.

wwgSall Jolsill 3Sye € @CGCKuwait - Oct 9, 2021
19-12655 2la) o (@AW dey2ll) dbopiniil] deyzll e Jguoal) Jizuuil]
(59 Lad @i 18) & yomll dxy jinll
2l o aulil deyall (il io il 6 8)i6 (i 35 sSy ol e
bit.ly/2YExUTd
#CGCKuwait
C(» <
7070
2.9

odle Jonal) Jraanill
dbhubiill depall

(@l dcyll)
9-susoscirve (I

(096 Lob diw 18)

VOl Ao Jaubl 66416 LKA0 16 UG Ul ude (B
elal (o Auill Aoyl

Os 052 Q 56 ih N &

Figure 9. A tweet by @ CGCKuwait announcing the registration start for third dose, ages 18 and above.
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Table 5. Sample bi- and trigrams from periods 8 and 9 related to controversial topics.
Bigram Arabic English Translation Trigram Arabic English Translation
LA s Path of Freedom o= CLB.U\ U2 ) We reject compulsory vaccination
oedl b s We reject PCR Uy, 3! f\.daj Jus 4l Two doses of Corona vaccination
skl (:.-_\alu For compulsory vaccination ges Al oast bl I took both doses
f\._\a::)l o Against vaccination Bl Cnendas _asdl I am the unvaccinated
SN as Against coercion < LY f:.._\a..U \Jj An order for compulsory vaccination

wogSall Jualgill jSye €2
@CGCKuwait

The Council of Ministers has determined the following in regards to The
Return to Normalcy Plan (Phase Five)
#CGCKuwait

UV UIy 11YU US3I3y VIl Y Yuiniers DI G INAICTT S01M (LS IR ) TSP TNGS

para sa pagbabalik sa normal na buhay: gfaster fRsfafsed Fdme swe

tan n:

() ® ATNICSTE T I qag 5A S o wifems E
AT AT AR &S el #1115 aza
Fam G oo grew afGora Trsre wnfey Frg iy
I B

b9 © sierm, frarg gae sy e ST e /
AT SIS (O 20 I S Sersrzer R
53T CRGHT T 3R STTRA LA oF=01 T

-l ool S
ne ToNowINg IN regardas 10 1Ne KeTurn 1o
Normalcy Plan (Phase Five)

B o Mosques to eliminate social distancing during

gﬁﬂ prayers but remain adherent to health regulations by
welcoming vaccinated individuals while maintaining
the use of face masks and the use of personal prayer
rugs.
Effective starting Friday 22nd of Ocfober, 2021

iy @ @ @ ® Allowing activities such as conferences, weddings.
her social events provided all atfendees are

ac nd wear their face masks.

’-é\. & _Fnca maske ore no lonaer neadad in anan snacas

10:55 PM - Oct 20, 2021
Figure 10. A tweet by @ CGCKuwait announcing the start of return- to-normalcy plan: phase 5.

Finally, the Kuwaiti government made the following significant announcements dur-
ing periods 3 and 4:

*  On7 June 2021, the government announced the reopening of museums and cultural
centers for vaccinated individuals and the continuation of direct flights to and from
the United Kingdom.

¢ On 8 June 2021, the government introduced regulations for 12th-grade high school
final exams, requiring students to take written exams on school premises.

¢ On 17 June 2021, the government announced that individuals who had received
two doses of the COVID-19 vaccine could travel internationally. Additionally, fully
vaccinated expats could enter the country after undergoing a PCR test.

*  On 24 June 2021, the government allowed vaccinated individuals, whose status ap-
peared in green and orange on the Kuwait Mobile ID and Immune applications,
to enter malls, restaurants, cafes, theaters, cinemas, cultural centers, gyms, and
beauty salons.

The requirement for 12th-grade students to take exams in school, restricting travel
for non-vaccinated individuals to or from Kuwait, and granting vaccinated individuals
exclusive access to certain activities sparked substantial debate and public discourse.
Many voiced their concerns and criticisms regarding the fairness and safety of these
policies. To confirm these conclusions, we extensively analyzed the bi- and trigram phrases
during periods 3 and 4, and the examples we found supported our assumptions included
in Table 6.
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Table 6. Sample bi- and trigrams from periods 3 and 4 related to controversial topics.
Bigram Arabic English Translation Trigram Arabic English Translation
oMb rLa.lr-\ Student protest JPi L Wb Our children are a red line
LA 5l Ministry of Education 3 o plasl Students protest in
a3, ol ol L=yl Paper tests oW L Restricting people’s freedom
s 13 The decision to ban them Ll S LY sl Going to public places
Js=ull o Prevent them from entering Js=l o Bk The decision to prevent them from entering

6. Conclusions

In this study, we used social retweet network graphs and structured features to classify
users into pro- or anti-vaccine stances. We employed a graph convolutional network
and a feature propagation-based classification algorithm. We achieved the best accuracy
of 96% using bigrams for the feature matrix; this approach was able to outperform the
base model, which used the graph convolutional network with a label propagation-based
classification algorithm. The random walk controversy (RWC) score was utilized as a social
network polarization measure to examine the retweet network between pro- and anti-
vaccine individuals in relation to Kuwait’s vaccinated population. The RWC polarization
score increased until 75% of the population was vaccinated, indicating ongoing debates
between the two sides during these periods. After 75% of the population was vaccinated,
the polarization decreased, marking a point of divergence from the polarization measure.
Furthermore, our analysis revealed that several governmental announcements, primarily
those related to travel and activity restrictions for non-vaccinated individuals, led to
increased debates between the pro- and anti-vaccine camps. To validate our assumptions
regarding the impact of these announcements, bi- and trigram phrases were analyzed over
the sub-periods, and related keywords for each triggering announcement were identified.

Our study demonstrates the effectiveness and high accuracy of a GCN and the FP
classification algorithm in identifying vaccine stances on social networks. The polarization
dynamics observed through the RWC score provide valuable insights into the impact of
vaccination campaigns and related governmental policies on public discourse.

As a future research avenue, we plan to explore different types of retweet networks
originating from Kuwait. Additionally, we want to incorporate bot detection in different
datasets to assess the impact of bots on polarizing conversations between opposing groups.
We plan to experiment with various graph convolutional networks to improve node clas-
sification performance and to extend the purposed approach to be capable of classifying
more than two opinions.

7. Limitations

The first limitation of the proposed method is that it is only applicable within polarized
social networks. Specifically, this method is designed to function effectively when two
parties are engaged in opposition. However, real-life scenarios often feature instances
where one party remains passive while the other is actively posting and retweeting. In such
cases, our proposed method would fail to identify spikes in conversations, since these
conversations will be single-sided. The second limitation is that the proposed method only
applies to networks divided into two opinions, and is thus incapable of classifying more
than two opinions.

Author Contributions: Conceptualization, Y.L., H.A. and H.D.; methodology, Y.L. and H.A ; software,
Y.L. and H.A; validation, Y.L. and H.A.; data curation, H.A.; writing—original draft preparation, Y.L.;
writing—review and editing, H.A., Y.L. and H.D,; visualization, Y.L. and H.A. All authors have read
and agreed to the published version of the manuscript.
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