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ABSTRACT Twitter data have been used widely in times of pandemics and crises. Currently, the world is
suffering from the outbreak of new coronavirus disease 2019 (COVID-19), in which the COVID-19 virus
has infected more than one hundred and twenty million people worldwide with more than two million
deaths. Consequently, people tend to share COVID-19-related content on social media extensively. As a new
pandemic, only a small number of studies have been conducted to analyze COVID-19-related tweets, and
even fewer were meant for Arabic tweets. This research explores the influence of the COVID-19 pandemic
on Saudi users’ tweeting behavior. In particular, the research adopts a social network analysis (SNA) for
COVID-19 Arabic tweets. This approach is interesting, as it is based on analysis of social structures, such
as Twitter users and the relationships among them, through the use of networks and graph theory without
the contents of the tweets themselves. Based on 8905 collected Arabic tweets, this research resulted in three
main contributions: 1) a visualization of the social network for COVID-19 tweets of Saudi users, 2) an
identification of information sources that Twitter users employ during the COVID-19 pandemic, and 3) an
identification of the most popular influencers among users of COVID-19 tweets. The results of this study
may help identify themost popular Twitter influencers and those who deliver the information to Twitter users,
utilizing them to increase awareness and deliver information and instructions to overcome the COVID-19
pandemic.

INDEX TERMS COVID-19, social network analysis, twitter analysis.

I. INTRODUCTION
New coronavirus disease 2019 (COVID-19) is an infectious
disease that recently appeared in December 2019 as lung
syndrome. The symptoms mostly include fever, cough, dys-
pnea and viral pneumonia [1]. The first case was reported in
Wuhan, China and soon after, it spread rapidly all around the
world. At the time of this writing, 219 countries and territories
have been affected, with approximately 130 million repo-
rted cases (https://www.worldometers.info/coronavirus/). On
March 11, 2020, the World Health Organization (WHO)
declared the outbreak of the new coronavirus a global pan-
demic. As ofMay 21, 2021, there have been 165,069,258 con-
firmed cases of COVID-19 worldwide, including 3,422,907
deaths. (https://covid19.who.int).

Consequently, governments all over the world were and
are still looking for ways to contain the disease and
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alleviate its disastrous consequences to their people’s health
and economy.

Several preventive measures have been implemented by
governments to stop the spread of the virus. These include
social distancing, school and business closures, travel bans
and others. As a result, the daily practices of people have been
affected, andmost of the social interactions and conversations
have moved online on social media platforms.

Social media outlets, such as Twitter, are real-time com-
munication platforms that allow individual users to cre-
ate and share content with anyone on Earth or with many
people simultaneously [2]. This powerful tool has become
central during the COVID-19 pandemic so that people can
find the latest information and follow what is happening in
real-time [3].

With the enormous number of tweets associated with
COVID-19 shared and retweeted daily, different research
directions have been proposed to make use of these loads
of relevant tweets. One line of research was to investigate
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the behavior of people and how they access information
of COVID-19 via Twitter [4]–[7]. For example, Yum [4]
conducted a study in the United States to explore the key
players of COVID-19 based on a collected Twitter dataset.
Additionally, Jain and Sinha [5] have identified the influential
users on Twitter using COVID-19-related tweets. Moreover,
Schild et al. [6] studied the emergence of Sinophobic behav-
ior on Twitter during the COVID-19 pandemic. The sec-
ond line of research was to apply text mining methods to
social network data. These include sentiment analysis, e.g.,
[8]–[14], and misinformation modeling, forecasting and
detection, e.g., [15]–[19]. The third line of research was to
diagnose COVID-19 patients using machine and deep learn-
ing methods, e.g., [20]–[24].

This research falls in the first research direction in which
the study explores how people access information onCOVID-
19 via Twitter social networks using Arabic tweets. In other
words, the study focused on revealing social activity pat-
terns of the Arabic world. According to [25], there were
4,514,136 Arabic tweets related to COVID- 19 that were
available for public research and analysis by the beginning
of April 2020 [25]. Nevertheless, very few studies have been
published and used these enormous loads of relevant Arabic
tweets.

To this end, the study collected Twitter data streams in
Saudi Arabia since it was ranked globally in 2021 as the
eighth in terms of the number of Twitter users, with more than
12 million active users. Similar to other countries, COVID-19
has infected many people in all Saudi districts. By the end of
March 2021, Saudi Arabia had confirmed cases of more than
390,000 and more than 6500 deaths. This study is in line with
other COVID-19 studies that have been conducted based on
region-specific data, such as [8] in Brazil, [26] in Romania,
and [27] in Egypt, Kuwait, and Saudi Arabia.

However, this study followed a social networking anal-
ysis (SNA) approach to investigate how COVID-19 influ-
ences Saudi Twitter users’ behavior and how public key
players such as news channels play an essential role in
communications.

SNA is the process of examining social structures through
network usage and graph theory [28]. SNA describes network
structures in terms of nodes and edges. The nodes represent
the people within the network, and the edges represent the
relationships or interactions that connect them. Such net-
works are mostly visualized graphically via sociograms in
which nodes are represented as points and edges are rep-
resented as lines. These visualizations provide a means of
qualitative assessment of the network using attributes of inter-
est [28]. This approach is special as it gives an overview of the
current situation using simple data, i.e., users and interactions
among them.

In this study, the tweet owners are analyzed and visualized
to form a directed social network graph using different cen-
trality measures, including degree, closeness, betweenness,
eigenvector, and page rank.

Directed graphs do not base on symmetric edges between
vertices. In a directed graph, if a and b are two vertices
connected by an edge (a, b), this does not necessarily mean
that an edge connecting (b, a) also exists. Directed graphs are
most common as they do not impose the restrictive assump-
tion of symmetry in the connection demonstrated by the
edges [28]. This kind of graphs is suitable to model twitter
data as connections among different users may occur from
one side only.

Based on 8905 collected tweets, this study identifies infor-
mation sources and influencers in social networks through
centrality measures. Moreover, the study provides visual-
ization for the entirety of social networks and communities
within the network and uses word cloud analysis of the
interests and topics of individuals for COVID-19. To the best
of our knowledge, this is the first work that explores Arabic
COVID-19 tweets using a social network analysis approach.

The main contributions of this study are as follows:
1) A visualization of a social network for COVID-19

tweets of Saudi users.
2) An identification of information sources that Twitter

users are using during the COVID-19 pandemic.
3) An identification of the most popular influencers

among COVID-19 tweet users.
By identifying the key information sources and influencers on
Twitter, the SaudiMinistry of Health and other authorities can
understand the awareness of tweeter behaviors. Additionally,
the identified information sources and influencers can be used
by the government to deliver instructions and safety protocols
to the public.

This paper is structured as follows: Section II presents
the related work. Section III describes the proposed method.
Section IV provides the experimental results. Section V dis-
cusses the main findings. Section VI concludes the paper.

II. RELATED WORK
Numerous COVID-19 twitter studies focused on the senti-
ment analysis of the tweets’ text, e.g., [12]. In the present
study, our focus is on the social network analysis, and thus,
we summarize the studies that follow this approach. Social
network analysis applies graph theory to explore the social
structure within a network using nodes and edges [28]. People
in the network are represented using nodes and connections
among them are represented using edges.

Table 1 shows a summary of the related studies that applied
social network analysis in the context of COVID-19.

Jain and Sinha [5] have focused on merging the profile
activity and underlying network topology to designate online
users with combined effects. That study aims to build a
weighted correlated influence (WCI) approach to compute
each user’s influence scores in the Twitter network. The study
results have shown the performance of the proposed WCI
compared to existing methods.

Tahmasbi et al. [6] collected two datasets to analyze how
online Sinophobia has evolved as a COVID-19 pandemic.
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TABLE 1. A summary of twitter and COVID-19 studies.
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Awal et al. [7] have proposed an automatic online antiso-
cial behavior annotation framework to annotate COVID-19
tweets. This study conducts an empirical analysis to identify
the targets of antisocial behaviors and factors that influence
the dissemination of online antisocial content during the
COVID-19 pandemic.

The study of Park et al. [9] has applied social network
analysis in conjunction with content analysis to analyze how
COVID-19-related issues circulate on Twitter in Korea. The
studywas based on three approaches: social network analysis,
news channel classification, and content analysis. The study
results have shown that the spread of information transmis-
sion was faster on the COVID-19 network than the other
networks. A study conducted in the United Kingdom [29] has
used a COVID-19 dataset to produce sentiment analysis for
COVID-19 Tweets. The study results have shown that most
of the studied tweets have positive content, while only 15%
percent have negative content. The study results have shown
that Twitter users have grouped in social network graph clus-
ters, and influential users are ranked using the betweenness
centrality metric.

Sunmoo et al. [30] have applied social network analysis
techniques on COVID-19 tweets mentioning cannabis and
opioids to detect the similarity between groups and iden-
tify the stakeholders on the topics within Twitter. The study
results have shown that the betweenness centrality algorithm
could better reveal the spread of information and disinfor-
mation on illicit drug use during COVID-19 than the degree
centrality algorithm.

Kim [31] conducted semantic network analysis and
computer-assisted content analysis to evaluate the South
Korean public’s attention toward the COVID-19 epidemic.
The content analysis identifies the social factors that reduce
user’s incivility comments about the COVID-19 situation.
Semantic network analysis is used to analyze how people
express their thoughts.

Ordun et al. [32] used uniform manifold approximation
and projection (UMAP) and DiGraphs to assess the speed
of information dissemination and network behaviors for
COVID-19 tweets. The dimensionality reduction algorithm,
UMAP, was applied to visualize latent Dirichlet allocation
(LDA) to generate the topics that discuss case spread and
healthcare workers. The study results have shown that UMAP
has allowed a good clustering of different topics generated
by LDA.

Another study was conducted on a Twitter dataset to
investigate social networks among public key players for
COVID-19 in the United States [33]. This study explored
the in-degree centrality to examine the relationship between
vital public players and social networks. It uses word cloud
analysis to visualize the individual interest for COVID-19.
The study results have shown that topic-based networks
and person-based networks play different roles in the social
network.

Belso-Martínez et al. [34] have focused on social network
analysis techniques and the social services approach to study

the COVID-19 pandemic in Spain (Valencian region). The
study aims to analyze the roles and positions of the participat-
ing organizations in the ecosystem. The quadratic assignment
procedure (QAP) regressionmethod is used to find the critical
factors that influence the relationship between the different
organizations. The results have shown that SNA is a suitable
tool for identifying and analyzing the relationship between
organizations.

Zhao et al. [35] have used the Sina microblog hot
search list to evaluate the attention of the Chinese pub-
lic toward the COVID-19 epidemic. They used the ROST
Content Mining System to analyze the collected data for
segmentation and sentiment analysis and build a social net-
work of public opinion content. The obtained results can
help public health professionals provide better communi-
cation to the public in terms of identifying the public
needs, making prevention measures to control the spread
of COVID-19.

Montes-Orozco et al. [36] have proposed a methodology
to identify COVID-19 spreaders in different countries. This
study aims to use the vertex separator problem in multiplex
complex networks to analyze the effect of socio-cultural and
economic factors on the spreading of COVID-19 in each
country. The results have shown that the methodology can
help classify the spreader countries based on their numerical
values in socioeconomics, population, health, etc.

In Saudi Arabia, only a few studies have been found.
Alhajji et al. [37] have conducted a sentiment analysis for
COVID-19 tweets in Saudi Arabia. The study used the naïve
Bayes model to predict a Twitter user’s sentiment based
on their tweets. Most of the studies showed positive tweets
and attitudes for the infection control measures to combat
COVID-19.

Additionally, Alsuias et al. [38] have combined qualitative
and quantitative studies to identify and analyze one million
Arabic tweets related to the COVID-19 pandemic. Three
types of analysis are performed to investigate the collected
data: cluster, rumor detection, and source type prediction.
The study results have shown that health professionals and
academics write 60% of the rumor-related tweets. One more
study was focused on large Arabic tweets collected during the
COVID-19 pandemic to identify information super-spreaders
of COVID-19 [39].

Alqurashi et al. have applied two ranking algorithms,
hyperlink-induced topic search (HITS) and PageRank,
to determine the influencers in the Arabic content of Twitter.
The study results have shown that HITS and PageRank dis-
covered a similar subset of spreaders in which 40% were ver-
ified as Twitter accounts, and 50% of the influential accounts
were located in Saudi Arabia.

Based on our review, we can derive the following
observations:

1) During the COVID-19 epidemic, social media, espe-
cially Twitter, has played an increasingly important
role in public health emergencies. In particular, it can
help study the spread of the disease and find the latest
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FIGURE 1. The methodology followed in the study. First, Arabic twitter data related to COVID-19 are stream-based data. Second, the collected data are
filtered. Third, twitter data are analyzed and visualized to form a directed social network graph. Last, twitter data are clustered into several
communities with similar characteristics.

information on COVID 19 and tweets from public
health experts [3].

2) The majority of studies have focused on analyzing
the English content of Twitter. Only limited studies
[37]–[39] have been conducted in analyzing COVID-
19-related Arabic tweets. Most of the studies examin-
ing Arabic tweets have focused on sentiment analysis
and topic modeling of Twitter data. None of them used
social network analysis for COVID-19-related tweets
to explore the pandemic’s influence on Saudi Twitter
users’ tweeting behavior.

III. THE PROPOSED METHOD
Analyzing Twitter data allows for understanding public
behavioral responses, and longitudinal tracking allows for
identifying changes in responses. By applying social net-
working analysis for tweets about COVID-19, various infor-
mative resources of tweets are identified. Moreover, people’s
interest and awareness about COVID-19 can be detected.
Twitter is particularly suitable for network analysis. The brief
tweets that users openly share with followers contain a wealth
of data as they share their thoughts and knowledge and pro-
vide links to other sources of information.

The followed method to solve this problem uses a sim-
ilar effort to the research work of Bermudez and col-
leagues on social network analysis (SNA) [40]. In particular,

the methodology of the current study consists of four main
phases (Fig. 1): dataset collection, data cleaning, social net-
work analysis, and tweet community detection.

A. DATASET COLLECTION AND ANALYSIS
The dataset collection phase aims to obtain the raw data from
Twitter to be used in the social network analysis process.
Existing datasets for COVID-19 Arabic Twitter data, such
as the dataset available in [41], cannot be used to visualize
the social network. It contains tweet texts only but not users
and the relationships among them.We attempted to obtain the
network inputs from the dataset mentioned above with the
hydrator tool’s help. However, the retrieved Twitter objects
did not contain source, target, or strength attributes essential
for SNA.

In this study, data was collected and analyzed using
Gephi software (https://gephi.org). Gephi is an open-source
and free visualization and exploration software for graphs
and networks. It was used mainly in our study to col-
lect the data, explore it, and apply the social network
analysis.

To collect our data, an application was submitted to
the Twitter Developers Website. After the application was
approved, suitable COVID-19 hashtags were entered with a
chosen geographical coordinate usingGephi Software and the
Twitter Streaming Importer plugin.
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The tweets were collected from Riyadh city, the capital
of Saudi Arabia. The reason behind choosing Riyadh was
and still is that the city has the highest infection rate of
COVID-19.

To obtain an idea of the number of cases in Riyadh and
other cities, Table 2 shows the number of cases recorded on
07/18/2020 for the high infected Saudi cities according to the
Saudi Ministry of Health (https://www.moh.gov.sa).

TABLE 2. The number of confirmed cases in the different Saudi cities as
of 07/18/2020.

On this day, Riyadh city was the highest infected city
with 51,331 cases, followed by Jeddah and Makkah with a
number of 28618 and 27016 confirmed cases, respectively.
The hashtags used were the most common ones provided by
the Saudi Ministry of Health and the hashtags used in related
Saudi studies.

The settings used in data collection are presented
in Table 3.

TABLE 3. Parameter settings used to collect tweets.

1) DATASET FEATURES DESCRIPTION
The collected dataset contains Arabic tweets of X features as
follows:
• ID: Twitter user ID
• Label: Twitter user label
• Timeset: Tweet date and time

• Created_at: The place where the Twitter user was
created

• Friends_count: Number of friends
• Followers_count: Number of followers
• Location: Place where the Twitter user was whenwriting
the tweet

B. DATASET PREPROCESSING
To be able to obtain accurate social network visualiza-
tion, data preprocessing shall take place. Thus, after data
were loaded into the Gephi environment, tweets were fil-
tered, and unrelated tweets were excluded from the analysis.
Ajao et al. [42] indicated that locations that can infer Twitter
are of three types: user home residence, tweeting location,
and message context.

In this work, the first type was considered. As shown in
Fig. 2, only accounts of users who reside in Saudi Arabia
were included (colored in yellow), while others who interact
and respond with Saudi residences from outside Saudi Arabia
were excluded (colored in blue).

FIGURE 2. Number nodes in the different locations. Only users who
reside in Saudi Arabia were included (colored in yellow), while others
were excluded from the analysis.

The initial number of nodes was 10391 and after exclud-
ing the unrelated tweets, the network’s resulting dataset
became 8905.

1) AN OVERVIEW OF THE STREAMED DATASET
The collected tweets were of three types: mentions, quotes,
and retweets. Some of the tweets may have more than
one type. To obtain an idea about the collected tweets,
Fig. 3 shows the number of tweets in each type. As the
figure shows, most of the tweets were of the mention type
followed by retweets and quotes.

Fig. 4 depicts the users’ followers number range. The
figure shows that the most common followers’ range was
0-500 followers with a total number of 2844 users. This is
followed by the 1001-4000 range with 1399 users.
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FIGURE 3. Counts of tweet types. Mention tweets are the most common
tweets followed by retweets.

FIGURE 4. Number range of user followers. Most of the users
(approximately 2800 users) have less than 500 followers. Many of them
(approximately 1400 users) have between 1001 and 4000 followers.

C. SOCIAL NETWORK ANALYSIS
In the social network analysis phase, tweet owners were
analyzed and visualized to form a directed social network
graph. A few algorithms were used to obtain a better view
of the network used to gain insights from the visualization of
the tweet owners and their connections.

One of the key characteristics of social network analysis
is finding prominent and influential nodes in the social net-
work. Centrality measures are among the most commonly
used indices based on network data. They usually represent
the importance of a node; this can be its status, visibility,
structural power, or prestige. Among the popular centrality
measures are degree, closeness, betweenness, eigenvector,
and page rank. In the following, these measures are explained
briefly.

1) DEGREE
Degree centrality is the most straightforward centrality mea-
sure to compute. A node’s degree is simply a count of how

many social connections it has, i.e., edges. The degree cen-
trality for a node is its degree. Separate in- and out-degree
measures are suitable for nonsymmetric data. A node’s degree
centrality CD (i) reflects its number of relationships [43] as
shown in (1).

CD(i) =
∑N

j = 1
(i 6= j)

xij (1)

2) CLOSENESS
A closeness measure conceives of a node as central to the
extent that it is related to other nodes via short geodesics.
Closeness centrality CC(i) is defined only for sets of nodes
that are mutually related via finite geodesic distances. Nodes
linked to others via short geodesics have comparatively little
need for intermediary nodes and thus possess relative inde-
pendence in managing their relationships [43]. Refer to (2).

CC(i) =
N − 1∑N
j=1 dij

(2)

3) BETWEENNESS
Betweenness centrality is a widely usedmeasure that captures
a person’s role in allowing information to pass from one part
of the network to another. A widely used measure CB (i)
reflects node i’s ‘‘betweenness’’ [43]. Refer to (3).

CB(i) =
∑N

j = 1
(j 6= i)

∑j−1

k = 1
(k 6= i)

gjk (i)
gjk

(3)

where gjk is the number of geodesic paths linking nodes j and
k, and gjk (i) is the number of those geodesics on which node i
occupies an intermediary location.

4) EIGENVECTOR AND PAGE RANK
Eigenvector centrality measures a node’s importance while
considering the importance of its neighbors. It is determined
by performing a matrix calculation to determine what is
called the principal eigenvector using the adjacency matrix.
A variant of eigenvector centrality is the PageRank algorithm,
which is used to rank web pages.

D. TWEETS’ COMMUNITY DETECTION
Once the social network was visualized, tweet owners were
clustered into several communities with similar character-
istics and a stronger relationship. Clauset, Newman, and
Moore’s (CNM) method [44] is one of the most important
methods for community detection in networks, and, currently,
it is one of the most studied methods for this purpose (Fig. 5).
Themethod is a heuristic method aiming at the fast identifica-
tion of communities suited for large-scale networks. As CNM
is a greedy heuristic method, and its application may lead to
partitions that differ from the optimal solution. In many cases,
the modularity obtained is much lower than the values found
by other methods.

As such, tweet owners are divided into distinct commu-
nities. Each community performs according to a related and
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FIGURE 5. Steps of CNM algorithm. CNM greedily optimizes the
modularity to detects community structure in a network of V vertices and
E edges using a hierarchical agglomeration approach.

connected tweet owner. Hence, insights related to the most
trusted resources in the network were perceived.

IV. EXPERIMENTAL RESULTS
In the following, the results are presented in terms of the
description of the extracted social network, the centrality
measures results, the detected communities, and the trend of
analysis.

A. OVERVIEW OF THE NETWORK
The diameter is representative of the linear size of a network.
If nodes A-B-C-D are connected, going from A->D, this
would be the diameter of 3 (3-hops, 3-links). For our studied
network, the diameter was calculated as 4 hops. For the
preliminary overall graph visualization, Fig. 6 demonstrates
the social network during the day of streaming.

FIGURE 6. Preliminary overall social network structure of twitter users.
The formed network shows the users and the interactions among them.

The network layout contains the nodes (users) and the
interactions among them (edges). The layout was created
based on the ForceAtlas2 algorithm.

According to Fig. 6, we see that the interactions among
some users are high, such as the interactions shown in the
right side of the figure, while they are low for other users, such
as the interactions in the top left of the figure. To show the
general overall graph metrics, Table 4 summarizes the overall
graph metrics of the Twitter social network.

TABLE 4. Overall graph metrics of twitter users.

B. NETWORK MEASURES
This section focuses mainly on the centrality measure, which
is used to identify the prominent nodes in the network. Specif-
ically, the section reports the characteristics of every vertex
based upon in-degree and out-degree, closeness, between-
ness, eigenvector, and PageRank measures.

1) IN-DEGREE AND OUT-DEGREE CENTRALITY RESULTS
Table 5 represents the in-degree and out-degree centrality of
the social network. As shown in Table 5, the highest in-degree
in the Riyadh network is 283, which indicates that the max-
imum number of interactions with a node is 283. Moreover,
the highest out-degree is 29, and this indicates the number of
interactions a node has. Moreover, there are some nodes that
interactedwith other nodeswhile their owners have no tweets,
whereas some nodes have some created tweets with no inter-
actions with other nodes. Furthermore, the average degree for
the network is 1.5, which indicates that normal Twitter users
who have a moderate active tweeting and reacting behavior
own most of the nodes.

TABLE 5. Degree overview of twitter user network.

To obtain a better idea of the in-degree and out-degree
measures of the created network, Fig. 7 and Fig. 8 show the
counts of each in-degree/out-degree value in the analyzed
dataset.

As shown in Fig. 7, for in-degree values, most of the nodes
(approximately 8400) have a small number of in-degree val-
ues (less than 5). Additionally, there is a small number of
nodes (9 nodes) with a high number of in-degree count (more
than 100).
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FIGURE 7. In-degree values and counts. Most of the nodes have a small
number of in-degree values.

FIGURE 8. Out-degree values and counts. A noticeable number of nodes
have small number of out-degree values.

For the out-degree values, as shown in Fig. 8, there is
also a noticeable number of nodes (more than 7500) with a
small number of out-degree values (0, 1, or 2). Moreover,
there are approximately 1000 nodes with an out-degree count
of 3,4, or 5, and approximately 200 nodes with an out-degree
count range of 6-10. The remaining nodes (45 nodes) have an
out-degree count of more than 10.

The in-degree value is the number of Twitter users
retweeted, mentioned, or quoted from a user tweet. Based on
the in-degree values generated by Gephi, the top users had
over 100 arrows pointing toward them, which represent the
most popular accounts in this context, as that indicates that
there are many other nodes that have interactions with their
tweets, as shown in Fig. 9.

By drilling down to the top 3 users with the highest in-
degree, the following users have been recognized from high-
est to lowest as: 1) @cgcsaudi with an in-degree of 283
(highlighted in red), 2) @banderalrezohan with an in-degree
of 252, and 3) @okaz_online with an in-degree of 202.

FIGURE 9. Over 100 in-degree users. The top three users are @cgcsaudi,
@banderalrezohan, and @okaz_online.

Subsequently, @cgcsaudi, which is a government com-
munication center for joint media, appears to be the most
popular account in our case in terms of the in-degree count.
Next in popularity are @banderalrezohan, a citizen who is
a former player in the Al-Hilal Club, an exclusive critic of
‘‘24 media channel’’, and a member of the Saudi Journal-
ists Authority and, finally, @okaz_online, which is a daily
newspaper issued by the OKAZ Organization for Press and
Publication.

Being influential is not only determined by in-degree cen-
trality. Hence, out-degree centrality was considered, as well.
The users have been filtered to show nodes with more than
15 out-degree links. Fig. 10 shows the generated graph for
the top out-degree users. By narrowing down the list of
retrieved users with the highest out-degree rank, the top three
users found from highest to lowest are: 1) @sska1v with an
out-degree of 29, 2) @turkifa91328107 with an out-degree
of 27, and 3) @m055446_m with an out-degree of 21. Look-
ing at the 3 top out-degree nodes, the three accounts belong
to individuals who are very active in tweeting. They will
be excluded from being influencers or information sources
as they might have been tweeting much on the day of
data streaming. Moreover, the out-degree does not reflect
how people are reacting to one’s content. Noticeably, the
@enayah_t account has been found to be one of the top
accounts in both in-degree and out-degree, even though it is
not from the top 3 users. Surprisingly, the@enayah_t account
is a Saudi shop specializing in personal care kinds of items,
and being one of the top users during COVID-19 pandemic
might be due to selling goods online that are intensively used
to avoid the infection of the virus. Moreover, it might be
because of lockdown caution rules and constraints that lead
consumers to buy online.
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FIGURE 10. Over 15 out-degree user nodes. The top three users are
@turkifa91328107, @sska1v, and @m055446_m.

2) CLOSENESS CENTRALITY RESULTS
Closeness centrality measures calculate the shortest paths
between all nodes and then assign each node a score based
on its sum of shortest paths. It can be viewed as the effi-
ciency of each vertex (individual) in spreading information
to all other vertices. The larger the closeness centrality of a
vertex is, the shorter the average distance from the vertex to
any other vertex, and thus the better positioned the vertex
is in spreading information to other vertices. This type of
centrality is used for finding the individuals who are best
placed to influence the entire network most quickly. There-
fore, closeness centrality can help find good ‘broadcasters’ in
a social network. In the case of closeness centrality, or aver-
age shortest path length, lower values indicate more central
nodes.

For the studied Twitter users, only 38.8% of the users
have a closeness centrality value between 0 and 0.5. At the
same time, 12% of the nodes have a closeness score between
0.51 and 1. Based on the results, and as a lower closeness
centrality score designates a more central node, it can be
assumed that the network’s connectedness is complex but not
significantly connected. Hence, another filter, friends count,
was added to narrow down the most influential three nodes
(see Fig. 11).

The top three users with the lowest closeness rank (equal
to 0) and highest friends count are: 1) @alarabiya_brk with
19646094 friends count (highlighted in red), 2) @ajara-
bic with 15232214 friends count, and 3) @alarabiya with
14107107 friends count.

The nodes with the lowest closeness centrality nodes
and highest friends count were all found to be accounts
belonging to media channels. Therefore, they are consid-
ered as information sources in Riyadh during the Covid-19
pandemic.

FIGURE 11. op nodes with the lowest closeness rank (equal to 0) and
highest friend count. The top three users are @alarabiya_brk, @ajarabic,
and @alarabiya.

3) BETWEENNESS CENTRALITY RESULTS
The betweenness centrality measure shows Twitter users that
act as ‘bridges’ between vertices in the social media network
by identifying all the shortest paths and then counting how
many times each vertex falls on one. In Twitter, informa-
tion spreads through relatively short paths. Consequently,
these Twitter accounts on short paths control the information
broadcasting through the social media network. Thus, Twitter
accounts with many short paths have high betweenness cen-
trality and are considered influential information gatekeepers.

Fig. 12 represents the betweenness centrality results of the
studied Twitter user network. In our case, Twitter accounts
with the highest betweenness centrality from highest to low-
est were as follows: 1) @enayah_t with 1892 between-
ness rank (highlighted in red), 2) @okaz_online with
1156.5 betweenness rank, and@danaati with 391.6 between-
ness rank.

Notably, the @enayah_t account, which is a Saudi Shop
specializing in personal care items, was found to score
the highest betweenness value, followed by @okaz_online,
which a press agency, and finally, the account @danaati,
which belongs to one of the influencers that is a social activist,
writer, author, and office supervisor.

4) EIGENVECTOR CENTRALITY RESULTS
Eigenvector centrality is regarded as a ‘‘higher-level’’ type
of centrality. With eigenvector centrality, a Twitter user
with fewer connections could hold a very high eigenvector
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FIGURE 12. Top nodes with the highest betweenness values. The top
three users are @enayah_t, @okaz, and @danaati.

FIGURE 13. Three top nodes with highest eigenvector centrality. The top
three users are @cgcsaudi, @okaz, and @banderalrezohan.

centrality. However, those few connections need to be very
well linked to permit connections with a high variable value.
This implies that connecting to certain vertices is more bene-
ficial than a connection to others.

In our network, as shown in Fig. 13, the top nodes with
the highest eigenvector centrality scores were: 1) @cgc-
saudi with 1.0 eigenvector centrality (highlighted in red),
2) @okaz_online with 0.8 eigenvector centrality and @ban-
deralrezohan with 0.72 eigenvector centrality.

Correspondingly, we noticed that the top nodes with the
highest Eigenvector Centrality values are just the same nodes
with the highest in-degree rank. Hence, these nodes could
have a high possibility to be considered as the most popular
and influential in our case.

FIGURE 14. Top nodes with the highest pageRank values. The top three
users are @cgcsaudi, @banderalrezohan, and @spagov.

5) PAGERANK RESULTS
PageRank is a variant of the eigenvector centrality measure,
which assigns nodes a score based on their connections and
their connections’ connections. The difference is that PageR-
ank also takes link direction and weight into account, so links
can only pass influence in one direction and pass different
amounts of influence. This measure uncovers nodes whose
influence extends beyond their direct connections into the
wider network. Because it takes into account direction and
connection weight, PageRank can be helpful for understand-
ing citations and authority.

As shown in Fig. 14, we found that the nodes with the high-
est PageRank value from highest to lowest are: 1) @cgcsaudi
(highlighted in red), 2) @banderalrezohan, and @spagov.

Consistently, the nodes @cgcsaudi and @banderalrezo-
han have scored high centrality values for other centrality
measures as well. Moreover, @spagov, which is the official
Twitter account for the Saudi Royal Family, was uncovered
to show its influence and centrality during the COVID-19
pandemic.

C. COMMUNITY DETECTION VISUALIZATION
For the purpose of detecting and visualizing communities, the
Clauset-Newman-Moore algorithmwas applied to display the
network vertices and their connections. Modularity as net-
work property was used in this algorithm to form a network
distributed into communities.

Fig. 15 shows the visualization of the communities
detected in the studied network.

As shown in Fig. 15, nodes were arranged into separate
groups to present the nodes with the same modularity value
in a separate group. The clusters are based on the parameters
used in choosing the groups, which has generated 70 groups
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FIGURE 15. Network general communities. There is only one dominant
cluster, highlighted in beige.

FIGURE 16. Network communities with pageRank. The dominant cluster
contains all top influencers and information sources in the studied
network.

displayed through various colors. Fig. 15 shows that the
largest cluster is focused in the middle with references to
many other nodes in the social network. In contrast, other
clusters contain limited numbers of nodes with few connec-
tions in between.

For a further and more in-depth view, the nodes’ labels
have been shown and resized according to the PageRank as
presented in Fig. 16. The central cluster in the studied network
is the beige color cluster. Moreover, the more influencing
nodes belong to that cluster too. That would conclude the
nodes’ strong connection in the network compared to the rest
of the clusters.

D. TREND ANALYSIS
Word clouds are a text-based visual illustration of words,
classically used to show the relative word frequency or impor-
tance by font size.

Fig. 17 and Fig. 18 show the overall word cloud based on
all collected hashtags and the word cloud of hashtags with a
count of more than 1, respectively.

FIGURE 17. Overall Word cloud of the hashtag network. The most often
mentioned hashtags are related to COVID-19 term.

FIGURE 18. Word cloud of hashtags that have occurred multiple times.
Beside COVID-19 hashtag, s ome words such as Riyadh ‘‘ ’’ and
Newspapers ‘‘ ’’ were in the trend too.

As shown in the figures, the most common keywords
were Coronavirus ‘‘ ’’ and synonyms of this terms
such as Novel Coronavirus ‘‘ ’’, Coro-
navirus Crisis ‘‘ ’’. In addition, some other words
not related to COVID-19, were in the trend as well. These
included Riyadh ‘‘ ’’ and Newspapers ‘‘ . Twitter
users share information about the highest infected city among
others. They are also interested in the role of media and
newspapers in understanding more about the pandemic.

V. FINDINGS AND DISCUSSION
Based on the results presented earlier in the previous section,
the following findings can be derived:

1) The information sources that Twitter users mostly
referred to during the COVID-19 pandemic were:
@cgcsaudi, @okaz_online, @alarabiya_brk, @ajara-
bic, @alarabiya, and @spagov.
The @cgcsaudi account represents the official Saudi
Government Communication Center for media on
Twitter. Hence, its popularity among Riyadh Twitter
users as a reference during the time of pandemic is jus-
tified. People might follow official announcements and

VOLUME 9, 2021 90627



A. A. Al-Shargabi, A. Selmi: SNA and Visualization of Arabic Tweets During COVID-19 Pandemic

COVID-19 pandemic-related news from their country’s
official account. The@okaz_online account belongs to
a newspaper issued by OKAZ Organization for Press
and Publication. TheOkazNewspaper is considered the
most popular paper in Hijaz and the third most popular
in Riyadh. Riyadh Twitter users mostly referred to it
during the COVID-19 pandemic. The @alarabiya-brk
and @alarabiya accounts both belong to Al Arabiya
Channel, which is a Saudi-owned free-to-air televi-
sion news channel located in Dubai. It is broadcast
in Modern Standard Arabic to a pan-Arab audience.
Consequently, these accounts were among the most
referred to accounts for information by Riyadh Twitter
users during the COVID-19 pandemic to obtain the
most trusted news and updates about the pandemic
and other news. The @ajarabic account belongs to Al
Jazeera Channel, an international Arabic news channel
founded in Doha, Qatar. As it one of the most popular
channels in the Arab World, it was also referred to by
Riyadh Twitter users during the COVID-19 pandemic.
The @spagov account represents the official account
for the news of the Saudi Royal Family. It broadcasts
their orders and official statements. As the COVID-
19 pandemic caused countries to issue frequent new
official statements regarding the operations of all gov-
ernment and private sectors, it is expected that people
refer to the authorized account that provides them the
latest updates regarding official statements during the
COVID_19 pandemic. @spagov is considered to be
trusted as an information source, whereas many other
untrusted accounts exist to spread rumors and fake
news.

2) The most popular influencers among COVID-19 Twit-
ter users are @cgcsaudi, @banderalrezohan, and
@okaz_online. As shown in Table 6, these were the
common accounts among multiple network measures.
The @cgcsaudi and @okaz_online accounts have been
found to be among the top nodes based on different
measures. As mentioned earlier, these two accounts
represent media centers and channels for information in
Saudi Arabia in general and specifically in Riyadh. As a
result, they are dominant in Riyadh’s Twitter Social
Network and mostly referred to by Twitter users. The
@banderalrezoha account belongs to a former football
player in the Hilal Club, currently an exclusive critic
of the # 24 channel. Moreover, he is a member of
the Saudi Journalists Authority. Thus, it was found
that his account has scored the highest in importance
among other personal Twitter accounts in the Riyadh
Twitter Network. Being a famous journalist made him
an influencer during the COVID-19 pandemic. More-
over, as a former football player, he sometimes tweets
about football-related analysis and opinions, and this
is a favorite of youth Twitter users while staying home
during the lockdown period.

TABLE 6. Top influencers and information sources based on the different
measures.

3) Based on community detection results, there are
numerous miniclusters scattered around the social net-
work. However, there is only one dominant cluster,
highlighted in beige color (Fig. 16), and this cluster
contains all top influencers and information sources in
the studied network.

Based on the findings above, two accounts were found to be
the main key players in Twitter during COVID-19 pandemic:
@okaz_online and@cgcsaudi. Both accounts were identified
to be the most referred information sources and also the most
influential users.

@okaz_online belongs to a Saudi daily newspaper,
Okaz (www.okaz.com.sa). Based on the results of a
media survey conducted by Ipsos Stat research company
(https://www.ipsos.com/en), Okaz is the first in readership
ratings, beating many other newspapers published in Saudi
Arabia. According to Dubai Press Club (https://dpc.org.ae),
Okaz newspaper, is mostly preferred by Saudi nationals and
younger people. Okaz Twitter account is very popular among
Saudi tweeters as it has around 1M followers.

@cgcsaudi, which belongs to the Government Commu-
nication Center (cgc.gov.sa), is one main platform of Saudi
Media Ministry that connects the ministry with people other
organizations and authorities. The Twitter account of this
center is also popular as it has around 950k followers.

The popularity of the two accounts mentioned above
explains at least partially why they were the main key players
in Saudi Arabia during COVID-19 pandemic.

The Saudi Ministry of Health and other authorities can
exploit the identified key information sources and influencers
to disseminate instructions and safety protocols to the public,
such as motivating them to obtain COVID-19 vaccination.

VI. CONCLUDING REMARKS
Twitter has been a highly useful tool in healthcare for
rapid information dissemination and acquisition during the
COVID-19 pandemic. It helped researchers study the spread
of the disease, find the latest information on COVID 19 and
tweets from public health experts, and follow what is happen-
ing in real time during the pandemic. This study studied the
influence of the COVID-19 pandemic on Saudi Twitter users’
tweeting behavior using social networking analysis (SNA).

As Twitter influencers have a worldwide scope and access
to different age sectors, the Saudi government may invest
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them in reducing the severity of COVID-19 and increasing
the awareness of the disease consequences. As indicated
by [45], countries with lower COVID-19 cases have gen-
erated a higher load of tweets to contribute to their public
awareness.

The analysis of the Twitter social network performed in
this study can be used to anticipate the spread of the virus
in Saudi Arabia. Such analysis gives a detailed behavioral
overview of Twitter users towards COVID-19 Pandemic in
Saudi Arabia. This can help the Saudi government to fight
COVID-19 spread, as they gain a hint of problems that require
governments’ consideration. In addition, the governmentmay
make use of influential users in fighting outbreaks as their
influence in tremendous domains and communities can help
decision-making bodies.

In the following, we propose few practical implications for
the government and health authorities in Saudi Arabia, in how
the study findings can be adopted to reduce the pandemic
consequences.

1. To cooperate with the identified key Twitter influencers
and interactive information sources in Saudi Arabia,
to spread awareness that helps in stopping COVID-19
at borders.

2. To enable partnering these Twitter influencers
and information sources with governmental entities
in fighting COVID-19 by spreading well-designed and
reliable content regarding the current situation.

3. To encourage social media influencers to be among the
first batch to be vaccinated in order to tackle the new
vaccination skepticism.

As a part of future work, related data of other social media
websites can be studied and analyzed.Machine-learning tech-
niques can be applied to create a prediction model to predict
the trend for tweets of COVID-19. Furthermore, text analysis
can be used in addition to SNA. In addition, more locations
and timeframes can be added for future result comparisons.
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