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oronavirus and COVID-19 have become global household names in the last three years.
People in all corners of the planet have experienced the issues related to the COVID-19
pandemic and hear about it from the news, social media, schools, churches, mosques,
offices, grocery stores, and neighbors with millions of people in lockdown or quarantine
around the world (Diseko, 2020). The COVID-19 pandemic is an infectious disease
caused by the outbreak of novel coronavirus which began in Wuhan, China, in December 2019 (Q & A
on Coronavirus, 2020). The most common symptoms of COVID-19 are fever, tiredness, and dry cough.
Although around 80% of the people who are infected with the disease recover without needing special
treatment, around 1 out of every 6 people who get infected become seriously ill and have difficulty
breathing (Q & A on Coronavirus, 2020). As of January 2022, the number of confirmed cases around the
world has reached more than 377 million with about 5.6 million deaths (Coronavirus Map: Tracking the
Global Outbreak, 2022). The United States has the highest number of confirmed cases (more than 76
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million) followed by India (more than 41 million), and Brazil (more than 25 million) (Coronavirus Map:

Tracking the Global Outbreak, 2021). In different parts of the world, at certain points, hospitals have
been running out of space and supplies and begging for help for more ventilators and masks (Ducharme,
2020).

Social media have become one of the main bridges between people during this period of
physical/social distancing. With the free time and lack of outdoor activities, millions of people have
turned to social media such as Facebook, Twitter, YouTube, Instagram, Snapchat, Reddit, and TikTok to
connect with others, share information, or entertainment. For instance, some people started making DIY
videos of how to make hand sanitizer, facemasks, and food (#COVID19: Social media both a blessing
and a curse during coronavirus pandemic, 2020). Others have turned to spreading conspiracy theories
about the coronavirus and blaming and shaming certain countries and individuals.

This study seeks to examine social media networking and exchange of information among
people during coronavirus pandemic in the world. Using social networks and selective exposure theory,
the purpose of this study is to explore how people are interacting, sharing information, and supporting
each other virtually during the time of physical social distancing. This longitudinal multimethod study is
a combination of social network analysis (SNA) and content analysis of Twitter networks during on the
COVID-19 pandemic in the world in 2020 and 2021. Twitter is one of the top social media platforms
used by people of different ages and backgrounds that does not need very high-speed internet —it is
easier for people with low-speed internet to use Twitter as opposed to YouTube and TikTok.

LITERATURE REVIEW
Social Media Use during Health Crisis

Social media are used for different purposes such as social interaction, content production, and
sharing information from other sources in addition to social and political gatherings on pages and events
(Ankerson, 2015; Himelboim et al., 2013). Online social network structures take shape when people get
connected either via direct friendships and following or via content sharing, tagging, and replying to
certain topics and issues (Himelboim et al., 2013; Lieberman, 2014; Himelboim et al., 2017). Social
media create the environment for free expression and exchange of ideas and information in the forms of
creating, sharing, spreading, and reflecting about any topics and problems in their lives (Arceneaux &
Johnson, 2013; Barnidge, 2018; Castells, 2015). Twitter has become a virtual hub for political discourse,
where people from all walks of life discuss their thoughts and opinions and take part in discussions they
are interested (Himelboim et al., 2013). Twitter users have both the in-degree (being followed, being
tweeted, being retweeted, being tagged, or being replied to) and out-degree (following, tagging, sharing,
and replying to others) ties (Lieberman, 2014). These in-degree and out-degree ties shape the network
structure and shows how dense or fragmented a network is.

Studies have shown that for some people, social media have become the main source of
information during crisis situations (Jang & Baek, 2019; Ratzan & Moritsugu, 2014). Not only have
social media played an important role in spreading awareness about socio-political crisis and natural
disasters (Castells, 2015), but also during health crisis such as pandemics (Bulunmaz, 2019). Social
media use can be effective for health communication because the interaction process is easier, cheaper,
and faster (Bulunmaz, 2019). For instance, social media played an important role in spreading
information about the Swine Flu pandemic of 2009 (Szomszor, Kostkova, & Louis, 2011) and the Ebola
epidemic in 2014 (Allgaier & Svalastog, 2015; Fung, Fu, Chan, Chan, Cheung, Abraham, & Tse, 2016).
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Existing research show that people use a variety of information sources to communicate with
each other during health pandemics (Allgaier & Svalastog, 2015; Fung et a., 2016), which are briefly
discussed in the following section.

News media. Research has found that during health crisis, people often use social media to
spread factual information, mainly from mainstream media. Fung el al. (2016), examined the social
media use for the information and misinformation on Ebola after a major Ebola outbreak in 2014. They
analyzed data from Twitter and Sina Weibo, the leading Chinese microblog platform from August 8-9
and again seven days after from August 15-16. Their findings showed that most of the information on
social media came from the mainstream news media that referred to the information from health
organizations.

Official sources. Government officials and Public Health Organizations (PHOs) have been
among the key sources of information in social media discussions during health crisis. Studies have
found that during health crisis, people actively search for information from official sources on social
media (Strekalova, 2016; Szomszor, Kostkova, & Louis, 2011). Strekalova (2016) found that during the
Ebola pandemic, Facebook posts about Ebola received more comments and attention than other posts
and that users were actively searching for previously published Ebola posts while engaging with the
immediate health promotion posts. Similarly, during Swine Flu pandemic of 2009, Twitter users mostly
promoted articles on Swine Flu from official media organizations such as WHO and CDC (Szomszor et
al., 2011).

In the context of the United States of America during the past health crisis, people were less
likely to seek health information from the CDC website, and instead, they searched for other sources
such as social media (Ratzan & Moritsugu, 2014). Thus, CDC has started reaching out to people via an
official Twitter account to initiate conversation with the public through live chat (Crook, Glowacki,
Suran, Harris, & Bernhardt, 2016). A content analysis of the tweets during a live chat hosted by CDC
found that public wanted to get information about individual behavior, the environment, policy,
etiology, and the spread of the Ebola virus (Crook et al., 2016). This can be seen as an example that the
public want to get verified information from a trusted source when they want to understand and tackle a
health issue. Therefore, health organizations such as CDC and WHO, used social media platforms such
as Twitter and Facebook to share relevant updates with people during the HIN1 flu pandemic (Biswas,
2013).

Word of mouth. Although, the public mostly rely on official information sources during a health
crisis, there have been instances when people had to turn to word-of-mouth and social media for
information during a health crisis (Jang & Baek, 2019). This was the case of 2015 MERS outbreak in
South Korea. After the PHOs withheld important information on the disease outbreak in the country, the
public sought information from alternative channels such as online media (Jang & Baek, 2019).

Social media influencers. The term “viral” is popular in social media where messages are
transmitted from an individual to another through a chain process like transmission of an infectious
disease (Liang et al., 2019). Messages on social media are often spread through broadcast model where
many individuals get the information from the same source, for example, a tweet is retweeted many
times from the original source (Liang et al., 2019). A social network analysis on Twitter during Ebola
outbreak found that broadcast model was dominant in Ebola-related Twitter communication (Liang et
al., 2019). The results further found that influential users (such as celebrities) and hidden influential
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users triggered more retweets than disseminators and common users. Influential users are the users with

more followers than followees and get retweeted more by their followers than retweeting their followees
(Liang et al., 2019). Hidden influencers are the users who have more followees than the followers and
are retweeted more by their followers than retweet their followees (Ligan et al., 2019).

Misinformation. The nature of social media makes it easy for the incorrect and misleading
information to spread from one individual to another in a short time. While the Ebola virus disease
(EVD) was spreading in West Africa, misinformation and rumors were spreading in lowa, USA. The
rumor stated that the virus has spread among the citizens in lowa and compelled the Department of
Public Health to issue a statement dismissing the rumor (Allgaier & Savalastog, 2015). Similarly,
Biswas (2013) found that some users participated in dissemination of rumors about the HIN1 flu on
Facebook and Twitter (Allgaier & Savalastog, 2015; Smallman, 2018). During the Swine Flu pandemic
of 2009, Twitter users promoted blog posts that were not scientific (Szomszor et al., 2011). Funng et al.
(2016) found that misinformation on Ebola was distributed at a very low level globally (Fung et al.,
2016).

The spread of misinformation can also increase mistrust among affected people during a
pandemic (Algaier & Savalastog, 2015). According to a recent survey by Pew Research Center,
Americans who most commonly use social media for political and election news are less likely than
others to follow the news coverage of the COVID-19 outbreak. And 57% of those who rely mostly on
social media for political and election news said that some or a lot of news and information about the
outbreak seemed to be completely made up (Jurkowitz & Mitchell, 2020). Hence, from a selective
exposure theory perspective, choosing social media as the only source of information can lead to
exposure to misinformation during health crisis.

Blaming Others on Social Media. Social media are not only used for information during a
health epidemic or pandemic but are also the platforms where the public try to make sense of a health
crisis through discussions with each other and blaming (Roy et al., 2019). During health crisis, blaming
is “a specific part in the process of sense-making of the outbreak” (p. 58). Roy and colleagues’ study on
Twitter and Facebook content found that blames circulating on these social media targeted national
governments more than global figures such as global elites, global health authorities and others. Based
on this study, conspiracy theories were not at the center of discussion on social media about the Ebola
epidemic. The instance of blame was also found during the 2003 Severed Acute Respiratory Syndrome
(SARS) epidemic. The rumor that a local restaurant owner had died of SARS was circulating via emails
warning residents to avoid the Chinatown restaurants (Eichelberger, 2007). Chinese system (Chinese
societal-government forces) and its “culture” of eating meat and being “inferior” to American culture
were blamed for the SARS epidemic (Buus & Olson, 2006; Eichelberger, 2007). During the 2009 HIN1
flu pandemic, the pharmaceutical companies and media were framed as villains and media was blamed
for exaggeration and fear mongering by laypersons in Switzerland (Mayor et al., 2012). With the
COVID-19 pandemic, the online scapegoating, blaming, and heroization have started circulating on
social media (Atlani-Duault, Ward, Roy, Morin, & Wilson, 2020). People who tend to enact selective
exposure to health message are at risk of spreading the virus. Tracking these messages of hate, blame
and heroism in real time can be beneficial for health authorities to comprehend public attitudes about the
disease and discourage the online scapegoating and blaming (Atlani-Duault et al., 2020).
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Selective Exposure in Social Media Networks

Selective exposure theory suggests that people often rely on or pay attention to news and
information that supports their existing attitudes and viewpoints (Iyengar & Hahn, 2009; Knobloch-
Westerwick, 2014; Knobloch-Westerwick & Meng, 2009; Sweeney & Gruber, 1984). Such preferences
of information sources can limit the users’ understanding of the world and viewpoints to those sources
(Metzger, Harsell, & Flanagin, 2020). Online media have deepened the information gap between people
with the rise of niche media sources and users’ control over information choices (Metzger et al., 2020).
Exposure to information in line with users’ existing thoughts and opinions can increase the chance of
biased information sharing from the users in the online world (Iyengar & Hahn, 2009; Knobloch-
Westerwick, 2014; Metzger et al., 2020). Existing literature has also explored people’s selective
exposure in relation to cognitive dissonance theory (Metzger et al., 2020; Zillmann, 2000). Cognitive
dissonance theory suggests that people feel mental discomfort when they are aware of inconsistencies
between their own attitudes and behaviors or between their multiple attitudes (Festinger, 1957).
According to this theory, people avoid or are motivated to reduce dissonance as a result of which they
rationalize their existing attitudes and behaviors, diminish the importance of others’ views that are in
conflict with their own, and selectively seek information that confirms their existing attitudes and
behaviors (Festinger, 1957). Dissonance on sources of information can occur due to conflict in ideology,
lack of confidence in accuracy of the information based on one’s own beliefs, or fear that one’s own
opinion will come under question (Metzger et al., 2020). Meanwhile, selective exposure to information
consistent with one’s own thoughts and behaviors can reduce dissonance and further reaffirm them
(Taber & Lodge, 2006). Metzger et al. (2020) examined differences in people’s experiences of cognitive
dissonance when exposed to attitude-challenging, attitude-consistent, and ideologically balanced
information. Their findings showed that participants reported higher levels of cognitive dissonance when
exposed to attitude challenging news source than exposer to attitude consistent news sources. Selective
exposure is not inherently dangerous to people, but when individual, family, and community health
require people to be safe, selective exposure puts more than the individual at risk.

Research Questions and Hypotheses

Selective exposure in a community health crisis like COVID-19 needs to be studied. Overall,
literature on social media networks show that people are fragmented into cliques and clusters of people
around certain topics and issues (Himelboim et al., 2013; Lieberman, 2014; Ankerson, 2015; Himelboim
et al., 2017). Studies have found similar patterns in social media networks during health crisis (Liang et
al., 2019). Thus, the following research question was asked.

RQ1: How were the Twitter networks structured during the COVID-19 global pandemic?

Based on selective exposure theory, people are more likely to talk about topics that are related to
their own problems and ideas rather than issues and topics that are not relevant to them (Iyengar &
Hahn, 2009; Knobloch-Westerwick, 2014; Metzger et al., 2020). Existing literature shows that during
health crisis, people tend to talk about a series of topics including the number of cases, affected areas,
how to prevent the spread of the disease, conspiracy theories, and blaming (Allgaier & Savalastog, 2015;
Crook et al., 2016; Liang et al., 2019; Roy et al., 2019). Thus, the following research question was
asked.

RQ2: What were the topics of discussions on Twitter during the COVID-19 global pandemic?
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According to selective exposure theory, people tend use sources that are in line with their own

viewpoints in their conversations with others and that social media have given more power and control
to users to do so (Allgaier & Svalastog, 2015; Fung et al., 2016; Metzger et al., 2020; Taber & Lodge,
2006). Studies have found that during health crisis, social media users rely more on credible sources of
information such as news media and government and health officials (Fung et al., 2016; Strekalova,
2016; Szomszor et al., 2011). Hence, the next research questions focused on sources of information on
Twitter during the COVID-19 global pandemic.

RQ3: What were the sources of information on Twitter during the COVID-19 global pandemic?

RQ 4: How were the sources of information used by users on Twitter associated with their topics of
discussion during the COVID-19 global Pandemic?

METHODS

The population of this study included all the English tweets related to coronavirus in the world.
The current software programs are not able to draw a random sample from the millions of online tweets.
They can only collect a snapshot of the most recent posts or tweets at a specific point of time
(Himelboim et al., 2017). The data was collected from Twitter through NodeXL Pro, a software program
designed as a template in Microsoft Excel that not only retrieves network data from social media into an
excel sheet, but also analyzes the network structures and visualizes them in graphs (Himelboim at al.,
2017). The term “coronavirus” was chosen because it is broad enough to be included in almost every
tweet about the COVID-19 pandemic. Coronavirus is a general term that most people have been using
(regardless of their language, geography, and education level) since the emergence of the first cases in
China. The data included tweets, mentions, and replies.

To make sure the sample is representative of diverse geographies, four Twitter networks were
retrieved on March 25, 2020, and one on March 25, 2021, one in the morning (8:00a.m. central time)
and one in the evening (9:00p.m. central time) in America.

A general graph metrics of data and of the clusters were calculated on NodeXL and then the
clusters or groups were ordered in descending order based on the number of Twitter users in each one of
them (Hansen et al., 2010; Himelboim at al., 2013). A sample of the 10 largest groups from each of the
two networks was chosen for analysis. These 10 groups represented the largest and most active groups
in the network which means they were most representative of the primary Twitter discourse for the
networks sampled (Himelboim et al., 2013). The 40 groups contained 1,655 tweets, replies, and unique
retweets (one retweet each). For March 2020 sample, there were 1091 unique tweets in the ten largest
groups in the morning (521) and the evening (570) networks. For March 2021 sample, there were 563
unique tweets, from which 377 were from the morning and 187 from the evening sample. All tweets and
retweets in other languages were also excluded from the sample.

There were two levels of analysis in this study. First, the network structures were analyzed for
both morning and evening networks. The measures included were density, modularity, reciprocity, and
geodesic distance. Network density deals with interconnectivity among individuals in a network
(Himelboim et al., 2017). It is “a function of pairwise ties between actors or between events,” which is at
the heart of a community, social support, and high visibility (Wasserman & Faust, 1994, pp. 29-31).
Dense communities are cohesive, good sources of social support, and effective transmitters, which helps
with the transmission of information, ideas, rumors, and diseases (Kadushin, 2012). A low-density score
means loosely connected nodes, and high-density score means highly interlinked nodes either as a result
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of “sparse but connected set of users or a network of isolated with a few clustered subgroups of users”
(Himelboim et al., 2017, p. 6). Network modularity is a measure of quality of clustering that measures
the extent to which nodes within clusters are interconnected with themselves, but the clusters are
disconnected from other clusters in the network. Modularity measure ranges from 0 to 1. A 0 modularity
means the nodes are very divided within their clusters and 1 means the node are very unified. Together
network density and modularity explain how divided or unified a network is. A network with a high-
density score and low modularity is a single dense group or a unified community. Conversely, a network
with low density and high modularity has “a few highly intraconnected clusters that are loosely
interconnected” (Himelboim et al., 2017, p. 4). Reciprocity is about whether the relationship between
actors is two-way (Lieberman, 2014). It is the ratio of the number of pairs with reciprocal ties with the
number of pairs with any ties —meaning person A may have a relationship with person B, but person B
may not have the same relationship with A (Hanneman & Riddle, 2005). Twitter ties are directional
where a tie is reciprocal when two users follow each other, which will enable both sides to have each
other’s tweets on their Twitter pages (Lieberman, 2014). Geodesic distance refers to the short paths
among the nodes in a network shows how close the nodes are to each other (Choi, Thomee, Friedland,
Cao, Ni, Borth, & Poland, 2014; Ghosh & Lerman, 2010; Kadushin, 2012; Wasserman & Faust, 2009).
Different paths give different interpretations about information flow in a network. Thus, “it is important
to be on many efficient paths in networks that reach out to various parts of the extended network”
(Krebs, 2016, para. 9).

The second level of analysis examined the tweets from the top 10 largest groups of each
network. The measure included country, topic, and source of information. Country was coded based on
the information retrieved from the Twitter networks via NodeXL. The Countries of the users that didn’t
mention their country or geographical location in their Twitter account, were coded N/A (not available).
Topic was coded as blame, celebrity, crime, economy, medical, politics, quarantine, religion, statistics,
and other (Heldman et al., 2013; Arceneaux & Weiss, 2010; Allgaier & Svalastog, 2015; Liang et al.,
2019; Fung et al., 2016; Roy et al. 2019). Source of information was coded as news, official, self, social
media, data website, and other (Fung el al.2016; Strekalova, 2016; Liang et al., 2019; Szomszor et al.,
2011).

Inter-Coder Reliability

All tweet (N = 1,655) were coded by one of the researchers. To ensure a level of consistency in
coding, the other researcher coded slightly over 10% of the sample (n =166) of the tweets. According to
Wimmer and Dominick (2011), using 10% of the sample can establish inter-coder reliability. Cohen’s
kappa was calculated to measure the inter-coder reliability, or the level of agreement between the coders
on each variable (Riffe, Lacy, Fico, & Watson, 2019). The kappa coefficients were .891 for topic and
.959 for sources of information, which showed high levels of reliably between the coders (Fleiss, Levin,
& Paik, 2013).

RESULTS

This study was a combination of social network analysis and content analysis of public discourse
on Twitter during the COVID-19 pandemic. In order to explore the social network of people from
different parts of the world with time differences, the study included four Twitter networks from
morning and evening of March 25, 2020, and March 25, 2021, with 81,793 nodes and 109,204 edges.
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Research question 1 asked about the Twitter network structures during the global COVID-19

pandemic. As the Table 1 shows, the 2020 samples had higher number of nodes/user (24,044 and
22,171) and edges (28,472 and 27,813) than the 2021 samples 18,626 and 16,952 nodes, and 27,650 and
25,269 edges. This means that the 2020 networks (Figures 1 and 2) were larger than the 2021 networks
(Figures 3 and 4) because of having more users and ties.

Table 1
Twitter Networks During COVID-19 Pandemic
Networks Nodes  Total Graph  Modularity Reciprocity Geodesic
Edges  Density Distance
March 2020 Morning 24044 28472 0.000003 0.796 0.001 10.5
March 2020 Evening 22171 27813  0.000004 0.792 0.001 8.7
March 2021 Morning 18626 27650  0.000005 0.779 0.010 9.6
March 2021 Evening 16952 25269 0.000006 0.745 0.007 9.4
Figure 1. March 2020 Morning Network Figure 2. March 2020 Evening Network

Created with NodeXL

Figure 4. March 2021 Evening Network

-

= > Created with NodeXL Pro (http/nadexd.codeplex com) from the Social Media Research Foundation {hitp://www.smrioundation.org)

The graph density scores were very low for all four networks, which showed a low level of
interconnectivity among nodes across the entire network. Considering that network density ranges from
0 to 1 (Hanneman & Riddle, 2005; Wasserman & Faust, 2009), the density scores of 0.000003 and
0.000004 mean that there were 0.0003% and 0.0004% general interconnections among the users in the
morning and evening network. In contrast, the modularity scores in all networks were higher than 0.7,
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which suggest high levels of interconnectivity among nodes within clusters groups (Himelboim at al.,
2017). In other words, more than 70% of the users were connected to people within their own clusters,
not with nodes from other clusters in the network. The reciprocity scores in all networks were the same
(0.001), which indicate that Twitter users responded to only 0.1% of the total number of tweets in each
network. In other words, one out of 1,000 tweets drew a response, or interaction. The average geodesic
distance (e.g., diameter) score was similar across the four networks ranging from 8.7 t0 20.5, which
means on average, the shortest distance between two nodes ranged from 8 to 10 paths in the networks.

The next research questions are discussed based on the data from the top 10 largest groups from
each of the four networks, a total of 40 groups (N = 1,655) unique tweets and retweets).

Research question 2 asked about topics of discussion on Twitter during the COVID-19
pandemic. As Table 2 shows, about one-third of the discussions were on medical issues (29.4%),
followed by politics (22.5%), blame and statistics (10.9%), economy (10.8%), quarantine (5.4%),
celebrity (2.6%), crime (1.9%), and religion (0.7%), which means that together, users focused more on
medical issues, politics, and blaming related to the COVID-19 pandemic. A chi-square test was
conducted to find whether there were significant differences in topics of discussion between the 2020
and 2021 networks and found significant differences (¥2 = 216.233; df = 9; p <.000).

Table 2
Topic of Discussion on Twitter during the COVID-19
Topics Network Total
March 2020 March 2021
Medical 266 220 486
(24.4%) (39.0%) (29.4%)
Quarantine 68 22 90
(6.2%) (3.9%) (5.4%)
Blame 150 31 181
(13.7%) (5.5%) (10.9%)
Politics 301 72 373
(27.6%) (12.8%) (22.5%)
Statistics 96 84 180
(8.8%) (14.9%) (10.9%)
Economy 125 53 178
(11.5%) (9.4%) (10.8%)
Celebrity 38 5 43
(3.5%) (0.9%) (2.6%)
Crime 27 5 32
(2.5%) (0.9%) (1.9%)
Religion 9 3 12
(0.8%) (0.5%) (0.7%)
Other 11 69 80
(1.0%) (12.2%) (4.8%)
Total 1091 564 1655

2 =216.233; df=9; p <.000
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As Table 2 shows, users in 2021 networks significantly talked more about medical issues
(39.0%) than users in 2020 networks (24.4%). Political discussions were significantly higher in 2020
networks (27.6%) than 2021 networks (12.8%). Users in 2021 networks talked about statistics in relation
to Covid-19 (14.9%) significantly more than users in 2020 (8.8%).

The 2020 networks had significantly more blaming (13.7%) than the 2021 networks (5.5%).
Also, users in 2020 networks talked about quarantine (6.2%) than users in 2021 networks (3.9%).

Research question 3 about the asked information sources in Twitter networks during the global
COVID-19 pandemic. Overall, more than 60% of the information sources were from the news, more
than 26% from self, and about 6% from official sources. There were significant differences in the use of
sources among the users in the 2020 and 2021 networks (x2 = 99.727; df = 5; p <.000). Users in 2020
networks significantly relied more on self (29.1%) than users in 2021 networks (14.2%). The 2021
networks significantly relied more on official sources (8.0%), and social media (6.4%) than the 2020

networks (4.8%, and 1.8%).

Table 3
Sources of information on Twitter during the COVID-19
Source Network Total
March 2020 March 2021
News 666 350 1016
(61.0%) (62.1%) (61.4%)
Officials 52 45 97
(4.8%) (8.0%) (5.9%)
Self 318 80 398
(29.1%) (14.2%) (24.0%)
Social Media 20 36 56
(1.8%) (6.4%) (3.4%)
Data Websites 15 8 23
(1.4%) (1.4%) (1.4%)
Other 20 45 65
(1.8%) (8.0%) (3.9%)
Total 1091 564 1655

Research Question 4 asked about the association between topics of discussion and source of
information among Twitter users during the COVID-19 pandemic. There were significant differences
between the use of information sources and topics of discussion among Twitter users (x2 = 169.751; df
=45; p <.000). As Table 4 shows, users significantly relied on news sources for discussing crime
(81.3%) more than statistics (47.5%), religion (58.3%), blame (59.1%), politics (63.5%), medical issues
(63.6%), economy (65.2%), and quarantine (66.6.7%), celebrity (65.1%), and religion (65.9%). The
discussions on statistics (35.6%), politics (31.6%) and blames (31.5%) significantly relied more self-
sourcing than crime (12.5%), quarantine (13.3%), and medical issues (15.4%). This means that people

gave numbers and percentages about new cases, deaths, recoveries, political and economic issues
without mentioning any sources. Medical issues (11.5) and quarantine (5.6%) were significantly
discussed based on official sources than religion (0.0%), blame (0.6%), politics (1.3%), statistics (1.3%),
celebrity (2.3%), and economy (3.9%). Discussing blaming (7.8%), quarantine (7.8%) and celebrity
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(7.0%) users significantly relied on social media as a source of information compared to crime (0.0%),
politics (2.4%), economy (2.8%), statistics (2.8%), and medical issues (2.8%).

Table 4
Information sources for Discussions on Twitter during the COVID-19 Pandemic
Sources Topics Total
Medical  Quarantine Blame Politics Statistics  Economy  Celebrity Crime Religion Other
News 309 60 107 237 85 116 28 26 7 41 1016
(63.6%)  (66.7%) (59.1%)  (63.5%) (47.5%)  (652%)  (65.1%) (813%) (583%)  (51.2%) | (61.4%)
Officials 56 5 1 5 17 7 1 1 0 4 97
(11.5%) (5.6%) 0.6%)  (13%)  (1.3%) (3.9%) 23%) (3.1%)  (0.0%)  (5.0%) | (5.9%)
Self 75 12 57 114 64 38 10 4 3 21 398
(15.4%) (13.3%) (B15%) (30.6%) (35.6%) (213%)  (233%) (12.5%) (25.0%)  (263%) | (24.0%)
Social 14 7 7 9 5 5 3 0 2 4 56
Media (2.9%) (7.8%) (7.8%)  (2.4%)  (2.8%) (2.8%) (7.0%)  (0.0%)  (16.7%)  (5.0%) | (3.4%)
Data 7 2 2 2 7 1 0 1 0 0 23
Websites | (1.4%) (2.2%) (22%)  (0.5%)  (3.9%) (0.6%) (0.0%)  (3.1%)  (0.0%)  (0.0%) | (1.4%)
Other 25 4 4 6 2 11 1 0 0 10 65
(5.1%) (4.4%) 44%)  (1.6%)  (1.1%) (6.2%) (23%)  (0.0%)  (0.0%)  (125%) | (3.9%)
Total 486 90 181 373 180 178 43 32 12 80 1655

= 169.751; df = 45; p <.000

DISCUSSION

This study analyzed Twitter networks during the COVID-19 pandemic. Twitter has been one of
the dominant social media in recent years that has played an important role in health communication
among people during health crisis. Users of Twitter and other social media have the access and control
over a variety of information sources they can select from regardless of physical and geographic
boundaries. Yet, as selective exposure theory suggests, not only do these users rely on information
sources that confirm their existing thoughts and opinions, but also share such information with their
social media friends and followers (Iyengar & Hahn, 2009; Knobloch-Westerwick, 2014; Metzger et al.,
2020). Therefore, social media networks are structured with clusters of like-minded people who rely on
similar sources of information who talk about shared ideas and problems (Himelboim et al., 2013;
Lieberman, 2014; Himelboim et al., 2017). The findings of this study generally illustrate the selective
choices of topics and sources that people make during health crises in social media networks (Metzger et
al., 2020). This study raises some interesting points in relation to the selective exposure theory and
social media networks during global health crisis.

First, this study found that politics is one the most discussed topics among social media users,
which suggests that from every five tweets about the pandemic, one of them discussed politics —meaning
the pandemic was politicized. Studies on previous pandemic crisis such as Ebola (Crook et al., 2016;
Fung et al., 2016; Strekalova, 2016), the Swine Flu (Szomszor et al., 2011), the HIN1 flu pandemic
(Biswas, 2013), and MERS (Jang & Baek, 2019) have shown that people relied more on social media to
inform themselves and others about the latest updates on the pandemics in addition to share
misinformation and blaming others (Allgaier & Savalastog, 2015; Jang & Baek, 2019; Jurkowitz &
Mitchell, 2020; Smallman, 2018). Figure 5 shows the network of 60 countries (shown in circled shapes)
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and their topics of discussion (shown in squared shapes) during the COVID-19 pandemic. The largest

group of users in the Twitter network (39.8%) did not have their countries’ information on their Twitter
accounts.
Figure 5. Topics of Discussion among Countries on Twitter during COVID-19 Pandemic

.Swazﬂand @Peru .Turkey

Spain France Ttaly
@ Iceland o> * @ [ndonesia 4 @5 Lanka @t
@ China @ Chie it @ Venezucla i @bz
.Luxemhuurq .Rugg\a .Sweden L
Nigeria Uganda
@B<sim . ¢ .Kerlva L QU
.Nepal @ Malaysia @ Sngapore
Poltics @ apan
.Mechu Statistics .Camemuﬂ
Quarantine
Bangladesh
Poland *Rel\glan @ ang
@Foln Celebrity @ Zimbabwe
.Tha\\aﬂd Australia

Medical
.Zamb\a
Crime Greece
Other * L
T .Swrtzerland

Blame Economy. “
.Rwanda
.Ph\hppmes .Somal\a
.Hunq Kong .Ghana
@ Viemam .Flﬂ|aﬂd

.]raq

USA .Germany .Ire\and
@ Jamaica UK South Africa
Lebanon NA .
.Tarwan . .

‘Nether\amds

@ Saudi Arabia @ Portugal @ New Zealand

The second largest group consisted of people from the USA (34.9%), followed by India (6.2%),
the UK (5.8%), Nigeria (1.8%), and Canada (1.8%), and the rest of the countries made 9.7% of the users
in the networks. People from different countries talked about the issues that were more relevant and
important to them. For example, users from the top five groups engaged in discussions about a variety of
topics while people from the remaining countries focused on specific topics. The dominance of English-
speaking countries in these networks might be because exclusion of non-English Tweets from the data.
Also, the U.S., India, and Brazil have reported the highest number of confirmed COVID-19 cases and
deaths in the world (Coronavirus Map: Tracking the Global Outbreak, 2022).

Second, the study found that news media were the most dominant source of information among
Twitter users during the COVID-19 pandemic. The finding supports Fung et al. (2016) that social media
users tend to rely more on news sources in their discussions during health crisis and pandemics. Figure
6. illustrates the network of 60 countries and their sources of information during the COVID-19
pandemic. The second largest source of information among Twitter users was self or personal thoughts
and views with no reference to any sources. Research shows that spread of false information, word-of-
mouth, and rumors are also common phenomena on social media during health pandemics (Allgaier &
Savalastog, 2015; Biswas, 2013; Jang & Baek, 2019; Szomszor et al., 2011). Based on selective
exposure theory, people tend to reinforce their existing world views and thoughts to avoid dissonance
(Iyengar & Hahn, 2009; Metzger et al., 2020).

12 | Spring 2022 | SWECIMC



Southwestern Mass Communication Journal, Vol. 37, No. 2

Figure 6. Sources of Information among Countries on Twitter during COVID-19 Pandemic
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The third source of information among users was government and non-government officials.
This indicates that although official sources are still valuable for social media users during health crisis,
they tend to pay little attention to it (5.9%) compared to news media (62.1%) and their self-thoughts and
opinions (24.0%). This finding supports the existing research that people seek information from
government and health officials during health crisis (Strekalova, 2016; Szomszor et., 2011).
Furthermore, users blamed countries, organizations, politicians, and individuals for the COVID-19
pandemic in 10.9% of the discussions on Twitter. This finding supports the findings of previous studies
that showed social media users’ blaming and circulating conspiracy theories against global figures,
health authorities, the media, and other entities and individuals (Atlani-Duault et al., 2020; Buus &
Olson, 2006; Eichelberger, 2007; Mayor et al., 2012; Roy et al., 2019). With the findings about the
connection between coronavirus and bats and pangolins in Wuhan, China, both news media, social
media, and some politicians have been blaming China for the Covid-19 global pandemic (Goodwin,
2020). Former President Donald Trump even called it the “Chinese Virus” (Trump defends calling
coronavirus the 'Chinese virus', 2020).

Finally, this study found significant differences in how users use different sources of information
for different topics of discussion. In other words, those who were using news media, tended to spread
awareness about crimes during COVID-19 pandemic (81.3%), quarantine (66.7%), and economy
(65.2%) more than other topics. Self-sourced tweets discussed COVID-19 statistics (35.6%), politics
(30.6%), and blames (30.5% more than other topics (See Figure 7). Those who relied on self-sourcing,
shared random statistics about positive cases, number of deaths, and recoveries, which supports previous
findings that users share rumors and nonscientific information on social media during health pandemics
(Allgaier & Savalastog, 2015; Biswas, 2013; Szomszor et al., 2011). Due to the increase in the
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misinformation about coronavirus disease, WHO has dedicated a page for myth busters on its website

(Coronavirus disease (COVID-19 advice), 2020).

Figure 7. Topics of Discussion and Use of Sources in the Twitter Networks on COVID-19
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Conclusion

Twitter has become one the most popular sources of information and networking platforms in the
world where people share the information, ideas, and opinions about any topics and problems
(Himelboim et al., 2013; Himelboim et al., 2017). The COVID-19 pandemic has become one the most
dominant topics of discussion on Twitter and people discussing a variety of information and ideas about
this health crisis. This study contributes to the existing literature about selective exposure theory, health
communication, and social media networks during health crisis. The findings show that Twitter users
tend to focus on medical issues, politics, and blaming related to COVID-19 pandemic more than any
other topics. Also, users relied more on news and self-information during the COVID-19 pandemic
rather than officials.

Despite the significant contributions to research on selective exposure theory, health
communication research, and social media networks, this study has two main limitations. First, this
study only analyzed Twitter networks and English language content during the COVID-19 pandemic in
2020 and 2021. Future research can further explore other social media networks with content in other
languages such as Spanish, French, Arabic to name a few. Second, this study examined Twitter social
networks from two days (over two months) during the COVID-19 pandemic in 2020 and 2021. Future
research can go beyond this time frame to further analyze the social media networks on this pandemic.
This would potentially deepen the understanding of users’ emphasis on topics, sources, as well as their
virtual interactions over a longer period during the COVID-19 pandemic.
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