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ABSTRACT

Salameh, Ahmad

Spreading Ideologies through Tweets: Examining Extreme and Moderate Mus-
lims Usage of Twitter
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Supervisors: Zhang, Yixin (Sarah) and Semenov, Alexander

Twitter enables groups with certain agendas to organize and distribute their
ideologies. This research compares the different practices performed by the ex-
treme and the moderate Muslims to build their networks and recruit more fol-
lowers. We carry out our research in the context of religious communication on
Twitter. The study contains two data sets of tweets written in the Arabic lan-
guage; the first one is retrieved from certain accounts that are leaning to extrem-
ism or moderation based on the generated content by the account holders, and
the second one is obtained through predefined keywords related to Islam,. Col-
lected tweets and retweets were analyzed through network analysis to under-
stand users’ networking behavior, and to examine whether polarization exists.
Regression analysis showed that negative sentiment in tweets has a significant
positive impact on the retweeting quantity, while interestingly; positive senti-
ment was not statically significant to affect retweeting. Features of hashtags,
URLs, tweet length, and the number of followers have a positive effect on re-
tweeting, whereas the number of mentioned names has a significant negative
effect on retweeting. Through network and centrality measures, we found that
extreme and moderate users have higher frequency of interaction within their
ideological group than with the ideologically-opposed users. We also suggest,
based on our findings and related research, that extreme and moderate Mus-
lims use provocation to introduce their partisan content to ideologically-
opposed users.

Keywords: Twitter, Arabic Tweets, Extreme, Moderate, Muslims, Information
Diffusion, Network Analysis.
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1 INTRODUCTION

Today, with the help of easy access to internet, more and more people have
shifted from connecting with other people personally towards building net-
works that allow communication through social media platforms such as Face-
book, Twitter, YouTube, etc. For example, Twitter’s average monthly active us-
ers, have grown to 328 million in the first quarter of 2017 adding more 9 million
users to the previous quarter (Forbes, 2017). Stieglitz and Dang-Xuan (2013)
stated that this enormous expansion in user base in social media has affected
communication and debate in our modern society. This could be clearly seen in
the cross-ideological discourse between different groups on such social-media
platforms. This research will compare the usage of Twitter by two ideologically-
opposed groups; extreme Muslims and moderate ones.

1.1 Why Social Media?

In the past, communicating with large amount of people was much more diffi-
cult than today; it was only done by few people who had enough power of
technical infrastructure to reach people. Nowadays, social media made it much
easier to connect with other people from all around the world, and it has be-
come widely used among different populations and cultures. The number of
social media users in 2017 is 2.46 billion users (Statista, 2017), which is more
than third of the world population; 33% out of 7.5 billion (UN, 2017). Statista
(2017) added that this number is estimated to grow in 2019 to 2.77 billion and is
expected to be ever-increasing worldwide.

Social media has expanded into being the prevalent type of media to share
and distribute information. Stieglitz and Dang-Xuan (2013) argued that “main-
stream adoption of social media” and “widespread access to the Internet” has
made social networks and weblogs most dominant in information dissemina-
tion. They also discussed how short-content microblogging (i.e. phrases, quick
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comments, images, or links to videos) has been adopted by online users to share
news, advocate for political stands, practice marketing, and follow real-time
events.

1.2 Why Muslims, from Arabic-speaking Countries?

Statistics about religious population of the world are showing that Islam is now
the fastest growing religion in the world (Huda, 2017). The recent years have
witnessed significant concern about what is and what is not Islam; in their book
“Framing Muslims”, (Morey and Yaqin, 2011) described how the headlines on
front pages and television screens scream out at us every day to draw a certain
picture about Muslims. Extreme Muslims see an opportunity to apply their rad-
ical values in extreme groups and present it to the media while approving and
adopting many terrorist attacks, spreading fear and panic through all over the
world. While, on the other hand, moderate Muslims try to present their case to
the masses using different channels of media as well; that this is not the way
Islam should be, instead, the word of God (Allah) should be spread by love and
peace, leading many people to believe that there is a different face of Islam that
should be considered, rather than just fight Islam and Muslims in general.

Studies about Muslim’s usage of social media are usually made with gen-
eralizations of all Muslims regardless of their type and where they come from.
This research is going to focus on Muslims from the Arabic-speaking countries
“from the Middle East and North Africa”. The number of Muslims in the Arab
world is more than 370 million which make up nearly a quarter “21%” of the
total Muslim population of the world “1.8 billion” (Huda, 2017). Muslims of the
Arab world speak Arabic as their native language which is the language used in
the Quran; “the central religious text of Islam” (Jones, 2011), and Sunnah; the
Islamic teachings and practices taught by the Islamic prophet Muhammad (Is-
lahi, 2011). In her article about the importance of the Arabic language in Islam,
Huda (2017) stated that “it is the Arabic language that serves as the common
link joining this diverse community of believers and is the unifying element
that ensures believers share the same ideas”.

1.3 Why Twitter?

Alongside several other microblogging services, Twitter stands as one of the
major social networking services by being ranked the fourth after Facebook,
YouTube, and Instagram respectively, with 330 million monthly active users
(Kallas, 2017). Conover et al. (2011) stated that Twitter is a prevalent social net-
working and microblogging website, in which, users have the ability to post
140-character short messages “tweets”, allowing them to find and share matters
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of interest in a network that is built with “Followers” in real time. Stieglitz and
Dang-Xuan (2013) defined “following” on Twitter as subscribing to a user’s
tweets and described this action as being not automatically mutual; with the
user being followed is having the option to follow back or not.

Users on Twitter can interact with each other by “user-accepted norms”,
they can answer some questions about an issue or draw attention to an external
matter by starting the conversation through using the “@” sign in order to indi-
cate the receiver of the message (Stieglitz & Dang-Xuan, 2013). In addition,
Twitter users can communicate via two main public methods; retweets and
mentions. Conover et al. (2011) defined retweeting as “a form of endorsement,
allowing individuals to rebroadcast content generated by other users, thereby
raising the content’s visibility” (as cited in Boyd, Golder, and Lotan, 2008). On
the other hand, mentions operate in a different manner; they enable a user to
write the name of another user directly in the public feed or to point out an in-
dividual in the third person (Conover et al., 2011 as cited in Honey and Herring
2008).
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FIGURE 1 Tweet with retweet and mention features
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1.4 Twitter and Social Change

Twitter and other social media platforms (i.e. Facebook, YouTube) play a major
role alongside in social change. Oh et al. (2015) concluded that Twitter had a
crucial part in social change that was presented in the 2011 Egypt Revolution
and forced President Mubark to resign from his 30-year dictatorship. Twitter
enables groups with certain agendas to organize and distribute their ideologies
through tweets. Conover et al. (2011) investigated how Twitter facilitated the
communication process in the network between “ideologically-opposed indi-
viduals” with different political orientations. Similarly, this study will follow
Muslims” usage of the social network, and compare between both types; ex-
treme Muslims (i.e. ISIS, Boko Haram, the Taliban and Al-Qaeda - all of these
groups follow Wahhabism, an extreme conservative branch of Islam - according
to the Global Terrorism Index, 2016), and the moderate ones (i.e. Liberal and
Progressive Muslim Movements, according to Safi, 2003) to build their net-
works and recruit more followers. Therefore, the aim of the study is to answer
the research question:

RQ: how extreme Muslims and moderate ones are connected on Twitter and how do
they disseminate their ideologies on the platform?
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2 RELATED LITERATURE AND HYPOTHESES DE-
VELOPMENT

2.1 Users Network and Information Diffusion

In the research paper “Political Polarization on Twitter”, Conover et al. (2011)
analyzed 250,000 tweets to examine how political Communication Networks
are formed on Twitter. They defined how many nodes are there in their “largest
connected component accounts”; and then only focused on these accounts for
the rest of the analysis because of their dominance in the network. They per-
formed their analysis through different stages; they used clustering algorithms
of the network to explore the two different communities, statistical analysis of
tweets’” content to present that generated tweets by users of the same communi-
ty have more similar content than those generated by users from different
communities.

To examine the community structure for our network, we used the meth-
odology applied in the study of Ji et al., (2015), in which they established arti-
cles relationship and visualized the article network using an analytical and
graphical tool, Gephi; which was described as an open source software for
graph and network analysis. It helps data analysts to understand graphs and
reveal hidden patterns and test their hypotheses (Gephi.org, 2017). Ji et al.,
(2015) analyzed networks using graph diameter, closeness centrality, and mod-
ule classes to test the relationships between different articles. They revealed the
distribution of articles and how they formed aggregations in specific module
classes. Using similar evaluation measures, we will use the network graph
measures to identify extreme and moderate communities and provide mathe-
matical support for our hypothesis.

As Conover et al. (2011) used manual annotating of users to determine
which ideology the belong to, in our study, we conducted a questionnaire to
label users as extreme, moderate, or neutral, based on their generated content
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(discussed in detail in the data collection section). By focusing on extreme and
moderate users, we could investigate their communities by using network cen-
trality measures as in Ji et al., (2015), to test how they are connected within their
community and with the ideologically-opposed one.

Based on the findings of Conover et al. (2011), we hypothesize that our
sample users interact similarly with both; their own community and the op-
posed one. Conover et al. (2011) results showed that users retweet other users
with similar opinions, but mention users with opposed ideologies. As retweet-
ing is the key technique for information diffusion in Twitter, and mentions have
negative association with retweeting (Suh et al., 2010), we suggest that users
diffuse their information in a greater rate within their community rather than
while interacting with external community users who believe in a different ide-
ology. This is demonstrated by the following hypothesis:

H1: Users’ interaction with ideologically-similar users has a higher frequency of re-
tweets and mentions than their interaction with the ideologically-opposed users.

2.2 Tweet & User Features and Information Dissemination

Information diffusion in social networks has attracted many researchers to in-
vestigate its powerful capacity to direct or influence behavior of others or
course of events. Many theories about information diffusion in social networks
have been established by information systems researchers in different fields; for
example physical and computational sciences, and for different reasons; such as
specifying political-communication behavior on social networks, designing ad-
vertisements for social media users (Conover et al. 2011, and Stieglitz & Dang-
Xuan, 2013), defining the crucial role of social ties for information dissemination
that leads to forming opinions and discovering products (Susarla et al., 2012),
and documenting the relationship between social interactions and the levels of
similarities of users” generated content (Zeng, & Wei 2013).

A significant number of studies have concentrated on Twitter because the
information diffusion is clearly represented on the platform through retweets,
and it shows the different links in the social network by specifying which of
them play major and minor roles in the information dissemination process
(Stieglitz & Dang-Xuan, 2013). Past literature discussed the quantity and speed
of retweeting (Yang & Counts 2010) and their relationship with virality and
susceptibility in Information diffusion (Hoang & Lim2012). Social ties and users’
status and their effects on information diffusion were also taken into considera-
tion in previous research (Zeng, & Wei 2013) as well as the structural position in
the social network (Susarla et al., 2012).
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2.21 Emotions

Stieglitz and Dang-Xuan (2013) argued that literature about users’ cognitive and
arousal-related effects from written communication on sharing behavior could
also work in the computer-mediated communication (CMC) presented in social
media and particularly for their study on Twitter. They collected tweets from
Twitter during the period of German elections due to the higher level of users’
participation in political discourse on Twitter. The tweets that were collected
contained the six most important German parties’ names, after that, redundant
and irrelevant tweets were eliminated. They conducted Sentiment analysis be-
cause it is a “systematic computer-based analysis of written text... It provides a
fine-grained examination that aims to establish the overall orientation (positive
or negative) and intensity (weak or strong) of the sentiments expressed by
statements”.

“SentiStrength” is the tool that was used to perform the sentiment analysis
because of its ability to classify emotions in short informal messages from
Myspace and Twitter”; it classifies positive and negative emotions with defined
scales. Similarly, in this research, tweets are going through a Python code that
contains a large lexicon of words, phrases, and emojis with already defined po-
larity (positive +1, negative -1). The code works in a similar way to SentiS-
trength; by granting the tweet a total polarity result based on the used words in
it. Some examples are provided below to show how the code works with defin-
ing polarity of tweets.

;'@
@i i

e dilo cliliS Jubsg dll o Juniy slg> &l )i

FIGURE 2 Example for a tweet with positive-sentiment polarity
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Tweet Translation in Figure 2: you know brother Jihad thank God and thanks for
your book One Hundred Great Muslims, I am now interested in reading and in
the future I can start writing. The code generated a positive-sentiment polarity,
+5.

9 d-hg-y y _.G Follow v

09l> py=0 91 gl &e 0yall Z9)> du)> 9o 1S
ply> pelatule dgn Wl puldl ju ply> 1ig

& Trar

1 Lke (‘)
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FIGURE 3 Example for a tweet with negative-sentiment polarity

Tweet Translation in Figure 3: for sure it is not freedom for a woman to go out in
Uber without a mahram (legal male-escort of a woman) and this is haram (for-
bidden) but people who do it do not say it is. The code generated a negative-
sentiment polarity, -7.

In addition, as presented in Stieglitz and Dang-Xuan (2013) and Zhang
and Zhang (2016) studies, regression analysis will be performed to test the posi-
tive relationship between tweets’ sentiments and emotions, and the retweet
quantity. The main finding in Stieglitz and Dang-Xuan (2013) study was that
“emotionally charged Twitter messages tend to be retweeted more often and
more quickly compared to neutral ones”. Thus, we hypothesize:

H2a: Tweets that are emotionally-charged with positive sentiments have a higher likeli-
hood to be retweeted comparing with tweets which are emotionally neutral.

H2b: Tweets that are emotionally-charged with negative sentiments have a higher like-
lihood to be retweeted comparing with tweets which are emotionally neutral.

2.2.2 Tweet-related Features

Tweets” Textual Analysis will be conducted to find out how the tweets” textual
content affects the retweeting behavior. Suh et al. (2010), Stieglitz and Dang-
Xuan (2013), and Zhang and Zhang (2016) found out that there are certain
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tweet-related factors that affect the retweeting attitude; content features such as
hashtags and URLs have a solid relationship with other tweet characteristics
could also affect retweeting such as tweet length (number of characters), and
number of mentioned names using the @ symbol.

2
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FIGURE 4 Tweet with URL and mention features

Also, it was noticed that in which type of language the tweet written (i.e.
formal or spoken language) is important. We believe that Modern Standard Ar-
abic (MSA) affect the retweeting behavior because it is a closer type of language
to Classical Arabic which is the language in the old Islamic texts and it is the
literary standard language across the Arab world. However, there is no tool to
detect MSA so far, but it could be manually done only on a small set of tweets
(i.e. top 100 retweeted tweets) to figure out if the usage of MSA in tweet has a
positive effect on retweeting quantity.

Based on the above discussed features, we hypothesize the following:
H3a: Hashtags, have a positive effect on retweeting.
H3b: URLs have a positive effect on retweeting.

H3c: Tweet length has a positive effect on retweeting.
H3d: Number of mentioned names has a positive effect on retweeting.

2.2.3 User-related Features

Susarla et al. (2012) examined the dynamics of diffusion of digital content con-
structed by a social network, and tested if the initial phase of the diffusion pro-
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cess is affected by different factors from those in the phases that follow. Past
literature concluded that product diffusion is classified between aware-early
adopters and late adopters. The authors concluded that the effect of central
channels comes from their structural position in the social network, and the dif-
fusion is processed through direct links in the network in this type of communi-
ty. Features such as the number of followers and followees also affect the re-
tweeting behavior. Stieglitz and Dang-Xuan (2013) added that it is likely that a
user’s followers have similar interests so it is expected that they will retweet
their content. This could be even more powerful when users are following a
religious ideology such as extreme or moderate Islamic ideology. This leads us
to form the following hypothesis:

H4: Number of followers has a positive effect on retweeting.
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3 METHODOLOGY

3.1 Data Collection

Two datasets were collected to test the hypotheses. From the first dataset, data
was retrieved to test H1. Out of the second dataset, data was retrieved to test
H2, H3, and H4.

3.1.1 The First Dataset

The first data set is collected from certain Twitter accounts that were classified
as leaning to extremism or moderation based on their generated content. The
labeled users are important to perform the network analysis as they will repre-
sent their community’s ideology, and then we will be able to perform meas-
urements on different communities to show how users are connected in the
network (i.e. how extreme Muslims are connected within their community and
with another community that has moderate Muslims).

To identify which accounts belong to extreme groups and which accounts
belong to moderate ones, a classification process started by selecting random
tweets (a tweet per account, 46 in total from 46 accounts without mentioning
the account user or what they are leaning to). The tweets were then put into a
questionnaire to be examined by a group of people (22 persons) with Islamic
backgrounds to vote whether the tweet is extreme, moderate, or neutral in or-
der to specify whether the holder of the account is leaning to extremism or
moderation. If the voting was dominant (has more than 55% votes) for a certain
category (Extreme, Moderate, Neutral), it is considered descriptive for an ac-
count, if not, the account will be discarded.

Each selected account has a number of followers between 1000 and 50,000.
This will ensure that:
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- The account holder has a sufficient number of followers that can be
tracked when they interact with them.

- The account holder is not a very popular or famous person so follow-
ers will not interact with them only because of their status.

The questionnaire had 46 tweets; for each tweet there were three descrip-
tions with a possibility to choose only one of them as follows:
- Extreme: the tweet and the account holder lean to extremism.

- Moderate: the tweet and the account holder lean to moderation.
- Neutral: If the person is not sure about their decision.

fagun W U1 5 hed 5 gl ge U8 aSal i g aSllane oLl s S gal) flew ) giglem Y

._'_‘u
® =

—d_ala
19 (86.4%)

FIGURE 5 Example from the questionaire (extreme option as dominant)

Tweet translation in Figure 5: do not neglect hearing music in any environment..
Its consequences are dire and its effects are gross!!

Votes: 86.4% extreme (19 votes), 4.5% moderate (1 vote), 9.1% neutral (2 votes).
Most of the sample voted for the tweet as extreme, thus, the extreme option is
dominant. This indicates that the account holder leans to extremism.
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FIGURE 6 Example from the questionnaire (no dominant option)

Tweet translation in Figure 6: following the West in some things is not a culture,
what happened is abnormal and does not fit our customs and traditions and
principles as Muslims! #_groom_celebrates_jeddah

Votes: 36.4% extreme (8 votes), 31.8% moderate (7 votes), 31.8% neutral (7
votes). The voting is nearly divided between the three options with no domi-
nant one. This cannot indicate whether the account leans to extremism or mod-
eration, thus no data will be collected from such an account.

Based on the selection process above, 33 accounts were selected for the
study. 16 were leaning to extremism and another 17 to moderation. The ques-
tionnaire results can be found in the Appendix 1.

3.1.2 The Second Dataset

The second dataset was retrieved based on specific keywords that are related to
Islam (listed in Table 1 below). Collecting tweets based on keywords is one of
the common data collection methods in social-media relevant research, for ex-
ample, the method is adopted in Oh, Agwarl and Rao (2013) when examining
rumor disseminations in social crisis, and in Conover et al. (2011) when examin-
ing political polarization on Twitter. The selected keywords referred to hot and
sensitive topics that Arab Muslims are concerned and tweet about.

The program that was used to retrieve tweets is Python; collecting data
through Python was done using Twitter Streaming API (Application Program-
ming Interface) to download tweets. Four API keys were needed from Twitter
to access the Twitter Streaming API; API key, API secret, Access token and Ac-
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cess token secret. Next, a Python library called “Tweepy” was used to connect
to Twitter Streaming API and download the data. After that, a file was created
to retrieve the data, it included the credentials from Twitter, specific keywords
that are related to Islam, and the information we wanted to retrieve for our re-
search; Retweets, User ID, Followers” Count, Friends” Count, Posts” Count, Lo-
cation, Time Stamp, Hashtags, and Media URLs.

The program was run for two weeks to get a significant sample size. The
data was stored in a text file in JSON format which makes the data easier to un-
derstand for humans, and then it was imported into Excel to present the data in
columns and rows to simplify data measurement and analysis. 100,000 tweets
were collected using this process over the two-week period. As not every tweet
has been retweeted, the second dataset size was reduced from 100,000 tweets to
53,271 tweets, each of which has generated at least one retweet.

TABLE 1 Keywords used in Python to retrieve Twitter data

Keywords in Arabic English translation

3 yall 2L Women to drive

3l (3 s8a Women rights

o Nigab (garment of clothing that covers the face)
bl Gl g Saudi women

3l all Jas Women'’s right to work

A2 el e Cinemas in Saudi Arabia

2 582 Jews

el s People who support Isis

),y Liberalism

e Jihad, refers to armed struggle against unbelievers
ala haraam (taboo, forbidden)

dnla Wahhabism, fundamentalist Islamic movement
dapd Shia, a branch of Islam

=il Rafida, the term is used in a derogatory manner

by Sunni Muslims who refer to Shias
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Cual 5 Nasibi, the term is used in a derogatory manner by
Twelver Shias against Sunnis

dditla Sectarianism, form of bigotry, discrimination
a0 Stoning

wla ) Terrorism

oha Circumcision

&yl America

3.2 Measurements

For the data-analysis part of the study, network evaluation measures and mul-
tiple variables were determined to find out how Muslims interact within their
group and with outsiders, and to measure the information diffusion through
determining retweet quantity due to sentimental speech, tweet-related features,
and user-related features.

3.2.1 First Dataset Measures

3.2.1.1 Network Evaluation Measures

From the second data-collection phase, two lists of accounts were selected to
represent extreme Muslims (16 users) and moderate ones (17 users). The select-
ed users were then imported to Gephi, which has a Twitter plugin (Twitter
Streaming Importer) as shown in Figure 7 below. Levallois and Totet (2017)
stated that the plugin allows the user to collect tweets in real time based on the
topic that was chosen, acquire the mentioned users in these tweets and the con-
nections between them, and visualize these connections after in Gephi or export
the data to Excel. They added that the plugin has three main ways to collect
tweets and user connections; the first way is by using the Words to follow tab
which enables following one or multiple words, second is the Locations to follow
tab that enables following the activity of one or multiple locations so any geo-
tagged tweet will be captured. For our study, we chose the Users to follow tab
which enables following the activity of one or multiple users including tweeting,
retweeting, and mentioning the user. Twitter users that were collected in the
first dataset were added into the Users to follow tab to capture their activity and
connectivity.
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After importing users to into the Users to follow tab, we had to select which
Network Logic would be practical for our research. Levallois and Totet (2017)
explained the network logic as how the incoming tweets are treated and how
they are transformed into a set of nodes and edges. The dropdown list has 4
network logics to choose from; the first is Full Twitter Network which represents
all types of entities (User, Tweet, Hastags, URL, etc...) as a graph, the second is
Hashtag Network which creates hashtags network, the third is Emoji Network
which functions in a similar way as the hashtag network but with focus on
Emoji characters, and the fourth option is User Network which was suitable for
our study because it captures the interaction between users represented by re-
tweets and mentions, and the size of the edge which demonstrates the number
of interactions between users.#

Next, we were connected to Twitter network, Gephi started collecting data
and made nodes and edges based on users transactions in the network. After a
4-day collection period, 1,575 nodes and 2,713edges were created, which was
enough to represent already-labeled users (extreme or moderate) networking
behavior.

Twitter Streaming Importer X —

1 - Set Credentials : Credentials
2 - Define the query :
Load Query File Save Query File
Words to follow | Users to follow | Location to follow
Add
Add From List User : List Name :
Delete Screen Name 1d
moko276 : 104102808 A
_ksrn949 545137877
s_sad_ 2336303140|
alitamni 333467412
jhamssonosi | 300730233
jhomamageel | 200334722|
nasser __alsahly 2807182921
wadad2341 | 703532688016506580
adnanfmuctafa [ 553155644) ¥ |
3 - Choose Network Logic to apply : | User Network v
Doaumentation
Connect

FIGURE 7 Twitter Streaming Importer plugin in Gephi
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Network Centrality Measures

In order to mathematically represent the clustering of users, network diameter
and betweenness centrality were measured. Network diameter is the shortest
path between the most distant nodes. The diameter is representative of the line-
ar size of a network. Running the network diameter in Gephi generates the fol-
lowing measures, as seen in Figure 8 below and defined by Hirst (2010):

Betweenness centrality: is measured by the number of shortest paths between any
two nodes that pass through a particular node. Nodes around the edge of the
network would typically have a low betweenness centrality. A high between-
ness centrality might suggest that the individual is connecting various different
parts of the network together.

Closeness centrality: shows how close a node is to all the other nodes in a net-
work. A high closeness centrality means that there is a large average distance to
other nodes in the network, and a small closeness centrality means there is a
short average distance to all other nodes in the network.

Eccentricity: measures the distance between a node and the node that is furthest
from it; so a high eccentricity means that the furthest away node in the network
is a long way away, and a low eccentricity means that the furthest away node is
actually quite close.

4 Graph Distance settings n

Distance
The average graph-distance between all pairs of nodes. Connected nodes have graph distance 1. The
diameter is the longest graph distance between any two nodes in the network. (i.e. How far apart are the
two most distant nodes).

[ ] Normalize Centralities in [0, 1]
() Undirected
Betweenness Centrality: Measures how often a node appears on shortest paths between nodes in the network.

Closeness Centrality: The average distance from a given starting node to all other nodes in the network.
Eccentricity: The distance from a given starting node to the farthest node from it in the network.

OK Cancel

FIGURE 8 Measuring network diameter in Gephi
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Modularity class

Ji et al., (2015) defined modularity class as a measure to detect communities in
networks and determine the strength of divisions inside a network. They used
this measure to investigate the resulting communities or module classes. This
could be also performed by Gephi as shown in Figure 9 below.

Modularity settings “

Modularity
Community detection algorithm.

E] Randomu&: Produce a better decomposition but increases computation time

[v] Use weights Use edge weight

Resolution: Lower to get more communities (smaller ones) and higher than 1.0 to get less

1.0

OK Cancel

FIGURE 9 Measuring network modularity in Gephi
3.2.2 Second Dataset Measures

3.2.2.1 Dependent Variables

e RtwtTotal: total number of retweets that a retweet receives. It was calculated
using the count function in Excel to count the duplicates of the retweets in
all rows and display the results in a separate column.

3.2.2.2 Independent Variables

o TwtSntPos, TwtSntNe: classifies a tweet with positive sentiment or negative
one. It is further discussed in the data analysis section.

3.2.2.3 Control Variables

Tweet-related factors

o TwtLength: length of a tweet message in terms of characters. It was calculat-
ed using the LEN function in Excel to calculate how many characters are in
in a cell.
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TwtURL: measures the number of the tweet’s Universal Resource Locator
(URLs). It was calculated using the COUNTIF and VLOOKUP functions in
Excel to determine whether a tweet has URL(s) and counting how many, or
not (0) and display the results in a separate column.

TwtMentd: measures the number of mentioned usernames in a tweet, e.g.
@username. It was calculated using the COUNTIF and VLOOKUP functions
in Excel to determine whether a tweet has mentioned usernames and count-
ing how many, or not (0) and display the results in a separate column.

Twt#: counts the number of hashtags (#) a tweet contains. It was calculated
using the COUNTIF and VLOOKUP functions in Excel to determine wheth-
er a tweet has hashtags (#) and counting how many, or not (0) and display
the results in a separate column.

TwtMSA: shows whether the tweet is written in Modern Standard Arabic (1),
or not (0). It was classified manually by the author whose mother tongue is
Arabic only for the top 100 retweets.

User-related factors

UsrFol: shows a user’s number of followers at the time the tweet was gener-
ated. It was retrieved automatically by Python.

Table 2 shows a summary of variables” descriptive statistics.

TABLE 2 Descriptive statistics of the dataset

Variable Mean  Std. Dev. Min Max
RtwtTotal 1.008 9.862 0 1,098
TwtSntPos 0.143 0.540 0 12
TwtSntNeg -1.469 1.534 -13 0
Twti# 0.281 1.038 0 22
TwtURL 0.524 0.516 0 3
TwtLength 98.25 42.85 1 216
TwtMentd 0.749 1.147 0 14
UsrFol 7,425 112,267 0 1.364e+07
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4 HYPOTHESES TESTING

4.1 Data Analysis

4.1.1 First Dataset Analysis

4.1.1.1 Network Analysis

After collecting data from Twitter Streaming Importer plugin in Gephi, we ex-
amined the network graph diameter, betweenness centrality, closeness centrali-
ty, eccentricity, and module class. We used the Yifan-Hu layout to visualize the
users’ network. In order to provide clear network visualization, the Giant Com-
ponent filter under Topology option was added; to clear out the nodes that are
not connected to the main cluster since they tend not to contribute to the net-
work analysis. Furthermore, a sub-filter called Degree Range with the value of 2
was added to the Giant Component filter; to filter out the nodes that have less
than two connections; this made the network more manageable. The findings
are discussed in the results section.

4.1.2 Second Dataset Analysis

4.1.2.1 Sentiment Analysis

Sentiment analysis in the Arabic language is limited due to the lack resources
about the topic, however, the research is progressing within this area and some
researchers of the field have provided a public collection of datasets that con-
tain lexicons with already polarity-labeled (positive or negative) words, phrases,
emojis, etc. in Modern Standard Arabic (MSA) and other Arabic dialects.

ElSahar and El-Beltagy (2015) built a large Arabic multi-domain lexicon
for sentiment analysis; data was gathered from various website reviews with a
total of 33,000 reviews on hotels, books, movies, products, and restaurants. A
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similar research was carried out by Aly and Atiya (2013) who classified Arabic
sentiment polarity of over 63,000 book reviews and published their lexicon after.
In addition, Abdulla et al. (2013) built a lexicon and made it available online; it
consists of 2000 manually-labeled tweets (1000 positive tweets and 1000 nega-
tive ones) from users’ opinions on different topics such as politics and arts.
They also made their lexicon available online.

All lexicons were combined together in one Excel sheet which was import-
ed after into Python. Using experiments code that has been made publicly
available for scientific purposes from ElSahar and El-Beltagy (2015), the collect-
ed tweets’ content from the second dataset was run through the combined lexi-
con to determine the sentimental polarity (polarity = positive + negative). This
was done to each tweet that was collected during the data gathering period,
and then the results were exported to an Excel sheet to perform further meas-
urements for sentiment analysis (i.e. regression analysis).

4.1.2.2 Regression Analysis

To test hypotheses H2, H3, and H4, which suggest that a positive relationship
exists between sentiment, tweet and user features, and retweeting quantity, the
following variables were used as in previous studies; Suh et al. (2010), Stieglitz
and Dang-Xuan (2013), and Zhang and Zhang (2016) in which it was demon-
strated that these variables affect the retweet quantity:

o RtwtTotal: total number of retweets that a retweet receives.
o TwtSntPos: the positive sentiment of a tweet.

o TwtSntNeg: the negative sentiment of a tweet.

e Twt#: the number of hashtags in a tweet.

e TwtURL: the number of URLs in a tweet.

o TwtLength: length of a tweet message in terms of characters.
o TwtMentd: the number of mentioned usernames in a tweet.
e UsrFol: user’s number of followers.

The dependent variable RtwtTotal represents count data which is nonnega-
tive and integer based, with standard deviation and variance values that are
larger than its mean in the second dataset, thus, the negative binomial regres-
sion analysis was applied in order to handle the over dispersion of the variables
RtwtTotal, TwtLength, and UsrFol. To deal with the over dispersion issue; Stieg-
litz and Dang-Xuan (2013) and Zhang and Zhang (2016) log-transformed the
variables before initiating the OLS regression. Similarly, a regression model was
designed to interpret the effect of the variables on the dependent variable
RtwtTotal as the following;:

Log(RtwtTotal) = PO + p1 * TwtSntPos + P2 * TwtSntNeg + p3 * Twt# + p4 *
TwtURL + p5 * Log(TwtLength ) + p6 * TwtMentd + p7 Log(UsrFol) + .
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Clustered robust standard errors were used in the regression analysis, be-
cause of its suitability for the data. As Zhang and Zhang (2016) stated, the clus-
tered errors take into account that observations within groups are correlated.
They added that using a large sample may lead to a significant reduction of the
p value and will strengthen the significance level of the results (as in Guo et al.
2014).

4.2 Results

4.2.1 First Dataset Results

4.2.1.1 Users Network Results

Measuring the network diameter enabled us to determine the network’s be-
tweenness centrality, closeness centrality, and eccentricity values. Module class
was measured after and resulted in three communities with percentages of
55.99%, 37.26%, and 6.75%. The first community, colored in red in the generated
graph below (Figure 10), had 11 labeled extreme users and 9 moderate ones,
which indicates that this community contains a mixture of users with different
ideologies interacting with each other. The second community, with green color,
had 8 moderate users and 0 extreme ones, marking it as a moderate community.
The third community, with blue color, had 5 extreme users, and 0 moderate
ones, hence, it is considered an extreme community. Table 3 shows the average
centrality measures for each community.

TABLE 3 Network centrality measures of the sample’s three communities

Centrality Measure Mixed Moderate Extreme
Betweenness centrality 0.852 210.06 237.56
Closeness centrality 0.039 0.282 0.349
Eccentricity 0.09 2.42 3.14

From the network centrality measures, we found that users from the ex-
treme and moderate communities have higher centrality measures than the
mixed community. The extreme community has slightly higher values than the
moderate community, which means that users from the extreme community
have individuals with more significant influence on the network and more con-
nectivity between users leading to more effective information dissemination.
Since the User Network logic represents the interaction between users including
retweets and mentions.#We conclude that members from the extreme and mod-
erate communities have higher interaction rates of retweeting and mentioning
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other users from within their community than with the ideologically-opposed
one. This confirms H1 meaning that users are more likely to respond and com-
municate with people who follow a similar ideology.

Lo

#

FIGURE 10 Users network graph. Nodes colored by module community (red=
mixed community, green= moderate community, blue= extreme community).

For the mixed community, we suggest that the heterogeneity of the users
in this community comes from similar grounds to what was described by
Conover et al. (2010) as “politically motivated individuals provoke interaction
by injecting partisan content into information streams whose primary audience
consists of ideologically-opposed users”. We believe that religiously motivated
extremist and moderates act in a comparable way.

The nodes in graph 10 represent network users, and the edges represent
interactions between these users (retweets and mentions). After a 4-day collec-
tion period, 1,575 nodes and 2,713 edges were created. This number was re-
duced to 1,436 nodes and 2,569 edges after applying the Giant Component filter
to provide clear network visualization. Then, the Degree Range sub-filter was
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added with the value of 2 to filter out the nodes that have less than two connec-
tions which made the network more manageable ending up with 753 nodes and
1,886 edges for the final visualization of the network.

To dig deeper in the network, we used the edge network measures to ex-
amine the interaction between the extreme users and the moderate ones. The
edges are directed from a node to another by retweets and mentions created by
users. As more interactions are performed on the edge, it gains higher weight.
Burns (2010) stated that the number of connections between two nodes deter-
mines the numerical weight of the network edge connecting them. He added
that the greater weight the edge has the stronger and deeper is the relationship
between users, and that the absence of highly weighted edges might indicate
that the discussion is relatively free ranging and without solid and lengthy con-
versations between specific groups of users.

In order to investigate and compare the strength of the relationships with-
in the extreme and the moderate groups, the network edges” weights were ana-
lyzed for the previously-labeled extreme and moderate users. Table 4 below
shows the edge-weight statistics of the labeled users in the network (16 extreme
users and 17 moderate ones).

TABLE 4 Edge network, weights statistics

Users Count Ret. Ment. W. Mean W. Std. Min W. Max W.
Dev.

Extreme 401 256 145 2.28 4.16 1 57

Moderate 1096 640 457 1.87 2.38 1 34

Although the moderate users had more transactions including retweets
and mentions (1,096) compared to the extreme ones (only 401), the extreme us-
ers had higher edge weights on average with the value of 2.28 compared to the
value of the average weights of the moderate users with 1.87. This confirms that
the extreme users have stronger relationships and connectivity within their
group than the moderate users.

The direction of the edges was determined in Gephi through allocating
sources and targets of the edge. Meaning that, for example, if user A mentions
user B, an edge from A to B is formed with user A being the source and user B
being the target. Tables 5 and 6 below display the statistics of the sources and
the targets transactions respectively. While the moderate users had more
sources and targets transactions, still, their edges” weights were lower than the
weights of the extreme edges, indicating weaker relationships among the mod-
erate users compared to those which are formed between the extreme users.
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TABLE 5 Edge network, sources statistics

Sources Count Ret. Ment. Ret.W. Ment. W. Avg. W.
Extreme 130 66 64 1.29 4.05 2.65
Moderate 266 124 142 1.29 3.65 2.54

TABLE 6 Edge network, targets statistics

Targets Count Ret. Ment. Ret.W. Ment. W. Avg. W.
Extreme 271 191 80 1.4 3.75 2.1
Moderate 830 515 315 1.33 2.17 1.65

Additionally, figures 11 and 12 present comparisons between the extreme
and the moderate users by showing the interactions quantity identified by re-
tweets and mentions, and the weights of these transactions including sources

and targets own average weights.
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FIGURE 11 Edge network; transactions quantity of the extreme users and the

moderate ones, including retweets and mentions.
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2.65

2.5

1.5

0.5

Avg. Weight Source Avg. W. Target Avg. W.

M Extreme ™ Moderate

FIGURE 12 Edge-network average weights, including sources and targets of the
extreme and moderate users.

4.2.2 Second Dataset Results

4.2.2.1 Regression Results

To ensure better fitting of the regression model, clustered robust standard er-
rors were used; this made the P value more meaningful, leading the model to be
statistically significant. Below in Table 7, are the overall data analysis results of
the second dataset based on the regression model.

TABLE 7 Regression results

Variable Log(RtwtTotal)
TwtSntPos -0.00694
(0.0245)
TwtSntNeg 0.0799***
(0.00863)
Twt# 0.194™

(0.0194)
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TwtURL 0.144
(0.0339)
Log(TwtLength) 0.0215™
(0.000420)
TwtMentd -0.551™
(0.0134)
Log(UsrFol) 0.00000299™
(0.000000451)
Constant -2.369™
(0.0367)
Lnalpha 2.016™
Constant (0.0132)
Observations 53271

Standard errors in parentheses
“p <0.05, " p<0.01,™ p<0.001

The variable TwtSntPos has a coefficient of -0.00694 which is not statistically
significant. This means that for each unit increase on TwtSntPos, the expected
Log(RtwtTotal) decreases by 0.00694, resulting in not supporting H2a . On the
other hand, supporting H2b; negative sentiment in tweets has a significant posi-
tive impact on retweeting. We believe, as was shown in the findings of
Baumeister et al. (2001), Rozin and Royzman (2001), and Stieglitz and Dang-
Xuan (2012 & 2013) that it is the power of negativity bias on users that leads
them to diffuse more negative content than neutral one.

Content features of hashtags and URLs had the most positive effect on re-
tweeting with coefficients of 0.194 and 0.144 respectively, supporting H3a and
H3b. They were followed by tweet length with coefficient of 0.0215 supporting
H3c and marginally positive effect by the number of followers supporting H4.
The number of mentioned names had a significant negative effect on retweeting
opposing to H3d; Suh et al. (2010) explained such findings as the following
“URLs and hashtags correlate positively..., whereas mentions have a negative
correlation. This makes sense given that tweets are limited in the amount of
content they can communicate, so having one kind of content (e.g., URLs) will
tend to be exclusive of another (e.g., mentions)”.

Table 8 below shows the hypotheses testing results.
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TABLE 8 Hypotheses testing results

Hypothesis Result
H1: Users” interaction with ideologically-similar users has a higher fre- Supported
quency of retweets and mentions than their interaction with the ideolog-
ically-opposed users.

H2a: Tweets with positive sentiments have a higher likelihood to be re- Not supported
tweeted comparing with tweets which are emotionally neutral.

H2b: Tweets with negative sentiments have a higher likelihood to be Supported
retweeted comparing with tweets which are emotionally neutral.

H3a: Hashtags, have a positive effect on retweeting. Supported
H3b: URLs have a positive effect on retweeting. Supported
H3c: Tweet length has a positive effect on retweeting. Supported
H3d: Number of mentioned names has a positive effect on retweeting. Opposite
H4: Number of followers has a positive effect on retweeting. Supported
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5 DISCUSSION

In this paper, the type of interaction between extreme Muslims and Moderate
ones was examined, and their strategies to diffuse their information were inves-
tigated. Also, the effect of emotions and other tweet features on retweeting be-
havior was tested. The study focused on Muslims from the Arab-speaking
countries because of the lack of such studies on that significant and fast-
growing population with more than 370 million who have similar beliefs and
speak the same language. The study contributes to research by extending litera-
ture about the Arab-Muslims’ usage of Twitter and goes deeper by categorizing
two groups among them; one that supports extreme approaches to diffuse and
share information, and one that believes in more moderate measures to dissem-
inate their ideology. The topic of the study was controversial because of the re-
lated sensitivity to describing a group as extreme Muslims; however, we believe
that the study approach was performed ethically and followed the scientific
methodology by relying on previous research and evidence to form the hypoth-
eses and demonstrate the findings.

To test the hypotheses, two sets of data were collected; the first dataset
was retrieved to examine the first hypothesis H1 and test the users’ network on
Twitter, it was collected from certain accounts that were classified as leaning to
extremism or moderation based on their generated content. The classification of
the accounts was performed by 22 Arab Muslims who have voted for the gen-
erated tweet by the account holder as extreme, moderate, or neutral. It should
be mentioned that 1 generated tweet might not be enough to determine the ac-
count holder ideological leaning, but the classification process was simplified
for practical reasons such as that most people would not answer the question-
naire if it was very long (the questionnaire consisted of 46 relatively-long ques-
tions), and also for the reason that it is most likely that users will generate simi-
lar content that fits their ideology; as it was described in the study for finding
extremists in online social networks by Klausen et al. (2018), in which they stat-
ed that "users that engage in some form of online extremism or harassment will
have very similar behavioral characteristics in social networks”. We used Gephi,
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version 0.9.2 to analyze and visualize the first dataset, identify extreme and
moderate communities, and apply the graph measures to ultimately find that
users - whether they are extreme or moderate - have better connectivity and
able to diffuse their information in a higher frequency of retweets and mentions
within their communities rather than with the ideologically opposed users. The
extreme community however, had stronger connectivity among its users, more
than that within the moderate community; this was determined by the network
centrality measures and supported by the network-edge weight analysis which
confirmed that the extreme users have more solid relationships within their
group than the moderate users. We also believe that religiously-motivated Ar-
ab-speaking Muslims act similarly to politically motivated individuals (from
the study by Conover et al., 2010) in their way of diffusing their partisan con-
tent to users with opposed ideologies.

To test the hypotheses H2, H3, and H4, a second dataset was retrieved us-
ing Python, version 2.7.0, based on specific keywords that are related to Islam.
100,000 Arabic tweets were collected, which then was reduced to 53,271 tweets,
each of which has generated at least one retweet. We used a Python code to de-
tect sentiment of the retrieved tweets, the code contained a large lexicon of
words, phrases, and emojis with already defined polarity (positive +1, negative
-1) and worked by granting the tweet a total polarity result based on the used
words in it. One of the limitations of the study is that the lexicons that were
used were limited in size and domain specific. Additionally, Arabic dialects
vary widely and have new terms added on a regular basis without following
any rules or grammar, which makes it harder to build a highly accurate lexicon
that contains all Arabic dialects. A point that was noticed during examining the
tweet-related features is that the top 100 retweeted tweets of the second dataset
showed that 86 of them were written in Modern Standard Arabic (MSA), which
predicts the positive effect of using such language on retweeting. This might be
because it is a closer type of language to Classical Arabic which is the language
in the old Islamic texts and it is the literary standard language across the Arab
world. Future research can focus on developing a tool that can detect MSA to
measure its effect on the retweeting behavior and information dissemination.

The study findings indicate that tweets that contain an overall negative
sentiment have a significant positive impact on retweeting quantity, while in-
terestingly; positive sentiment was not statically significant to affect retweeting.
Additionally, Hashtags, URLs, and tweet length have strong relationships with
retweetability, and user’s number of followers seems to have an effect on re-
tweetability as well. Moreover, the number of mentioned names had a signifi-
cant negative effect on retweeting. The results regarding negative sentiments
are similar to findings from previous research in different fields (i.e. psychology
and organizational studies) which explored negative emotions and their effect
on people. Stieglitz and Dang-Xuan (2013) relied on the studies of Baumeister et
al. (2001) and Rozin and Royzman (2001) to explain the Negativity Bias phe-
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nomenon; how people tend to give more weight to negative entities. We sug-
gest that negativity bias could be one factor that could lead to such results but
more detailed research is needed to support this claim. Stieglitz and Dang-Xuan,
(2013) added that within a political or ideological atmosphere, people will dif-
fuse even negative emotions if it was originally generated by someone who has
similar ideological values. We believe that we have a similar case as Muslims
with different backgrounds tend to retweet content even if it was negative be-
cause the original tweeter was another follower of their ideology.

The study contributes to existing literature in several fields such as infor-
mation diffusion, sentiment and emotions in tweets, communication on Twitter
and users’ network. Although there is existing literature about the previously
mentioned fields, this research offers a view on a different region, language,
and religion; there are few studies on tweets generated in Arabic, and they are
mostly done for political reasons such as the study by Lotan et al. (2011) and Oh
et al. (2015) about the Tunisian and the Egyptian revolutions. Additionally, this
study offers a view on the usage of Twitter within a religious context, which is a
major topic for Muslims to diffuse information about on such a microblogging
platform. The study also compares the networking behavior of two ideological-
ly-opposed groups; extreme and moderate Muslims. This is important to grasp
because it could be used as a practical implication to determine in which way
these groups are communicating and recruiting more people. It could also pre-
dict the tendency of a geographical region heading towards extremism or mod-
eration. Additionally, religious and political parties in the Arab world can use
the findings to analyze what kind of speech and sentiment the crowd is more
attracted to and where the influential users are located in the network. Arabic
companies could also use the sentiment analysis on their products and services
reviews on social media platforms and in creating advertisements that use emo-
tions to reach more audience.
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6 CONCLUSION

Nowadays, social network platforms are frequently used for information dis-
semination. This has affected people notions driving societies to change, and
leading to form groups of members with similar ideas debating other groups
with different beliefs on social-media platforms. This research examines the Ar-
ab-Muslims usage of Twitter, how they are connected and how do they dissem-
inate their ideologies on Twitter. Different from prior studies which focus on
political relevant information dissemination in the English spoken world (e.g.
Conover et al. 2011), or English tweets during the Egypt Revolution (e.g. Oh et
al. 2015), this study examines two ideologically-opposed groups, extreme Mus-
lims and moderate ones, and analyzes Arabic tweets. We hope the findings of
this research will provide insights regarding information dissemination in the
Muslim world and help us understand polarization in the online Arab-Muslim
social network communities.
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