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Abstract: The COVID-19 pandemic has created a global health crisis that has affected economies and
societies worldwide. During these times of uncertainty and crisis, people have turned to social media
platforms as communication tools and primary information sources. Online discourse is conducted
under the influence of many different factors, such as background, culture, politics, etc. However,
parallel comparative research studies conducted in different countries to identify similarities and
differences in online discourse are still scarce. In this study, we combine the crisis lifecycle and
opinion leader concepts and use data mining and a set of predefined search terms (coronavirus and
COVID-19) to investigate discourse on Twitter (101,271 tweets) and Sina Weibo (92,037 posts). Then,
we use a topic modeling technique, Latent Dirichlet Allocation (LDA), to identify the most common
issues posted by users and temporal analysis to research the issue’s trend. Social Network Analysis
(SNA) allows us to discover the opinion leader on the two different platforms. Finally, we find that
online discourse reflects the crisis lifecycle according to the stage of COVID-19 in China and the US.
Regarding the status of the COVID-19 pandemic, users of Twitter tend to pay more attention to the
economic situation while users of Weibo pay more attention to public health. The issues focused on in
online discourse have a strong relationship with the development of the crisis in different countries.
Additionally, on the Twitter platform many political actors act as opinion leaders, while on the Weibo
platform official media and government accounts control the release of information.

Keywords: social media; COVID-19; Twitter; Weibo; crisis lifecycle; opinion leader

1. Introduction

Social media platforms such as Twitter and Weibo are regarded as interactive commu-
nication tools for public debate and discourse [1] that reduce the cost of communication
between users [2,3]; thus, individuals can express their own opinions on public issues and
interact with likeminded people spontaneously [4]. The huge volume of data available on
social media can help us understand the feelings of users about a certain issue or event, as
these platforms store individual discourse. Additionally, online discourse about the same
issues can be different on different social media platforms due to users’ differing societies,
politics, and cultures. However, existing studies of social media have been conducted using
different methods in different countries, while parallel comparative studies conducted
using the same methods in different countries to identify similarities and differences are
still rare [5]. It is particularly noteworthy that the Chinese state separates its citizens from
the rest of the world through its firewall; this information control method may influence
the expression of online discourse [6]. Due to this reason, although Chinese social media
users occupy an important position in the global Internet, they have received relatively less
attention [7]. Moreover, few issues generate worldwide interest, so the opportunities to
perform comparative study in different countries are also limited.
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Since the end of 2019, the outbreak of coronavirus (referred to as COVID-19) has caused
a global public health crisis which has had a serious impact on international society. Unlike
other types of emergencies, public health events do not affect a fixed population and are
difficult to predict in terms of area and mode of occurrence [8]. The COVID-19 pandemic
provides a suitable example for a comparative thematic research. As individuals around
the world are stakeholders and risk takers under direct threat, they have paid attention to
the development of the COVID-19 pandemic and taken part in intense online discussions.
These online discourses contain references to personal emotions and valuable information
from different countries [9], but little research attention has been given to the similarities and
differences of online discourse in different countries during the COVID-19 pandemic.

This article applies text analysis techniques to analyze two social media platforms,
Twitter and Weibo, and provides cross-platform comparisons of the discourse in these
two social media ecosystems. We selected these two platforms as they are the most
widely used social media platforms in both the English-speaking world (particularly in
the US, where there are 48.35 million monthly active Twitter users, representing around
22 percent of US adults) and the Chinese-speaking world (in China, there are 511 million
monthly active users of Sina Weibo—namely, Weibo—representing around one third of
the population).

Although many scholars have conducted creative studies based on the COVID-19
pandemic or other representative public emergencies, most of them focus on the construc-
tion of emergency governance systems and departmental response strategies at the macro
levels and do not pay enough attention to the reaction of people on the Internet [10,11]. In
addition, there is a lack of research on data mining with regard to online public opinion
and the visualization/measurement of large samples of data. Scholars tend to focus more
on the problems of their own countries or certain regions, ignoring the diverse cultural
backgrounds involved. There have been few empirical studies that have comparatively
investigated the pandemic in different national contexts. It is difficult to clarify the elements
of different countries that affect online public opinion or to propose strategies to identify
opinion leaders.

Based on this, the core aim of this paper was to discover the similarities and differ-
ences in terms of online discussions and social networks between two platforms from
two different countries. Is it possible to find an appropriate method to effectively conduct
such a comparative study? In the face of the COVID-19 outbreak and continuously chang-
ing online environment, how can we measure social media users’ opinions and identify
opinion leaders? Additionally, how can we scientifically explore the changing patterns of
Internet topics involving the COVID-19 pandemic in the global context? Therefore, using
the technique of data mining, this study takes Twitter and Weibo—two global social media
platforms—as its research objects to compare the evolving trends of users’ opinions and
hot topics in different periods, outline the patterns of information communication, and
identify the leaders of online opinion. We explore the core nodes and development logic
that affect the attention of users of the two platforms and respond to the concerns of online
opinions about COVID-19.

Informed by social media’s function, characteristics, and opinion leaderships, our
primary interests focus on several substantive research questions: What are the main issues
that have been hotly debated on Twitter and Weibo during the COVID-19 pandemic? Are
there any similarities and differences between Twitter and Weibo concerning the salient
issues during different periods of the crisis? What are the characteristics of the social
network structures of the different platforms? Who (account/user type) are the online
opinion leaders on the two platforms?

2. Literature Review
2.1. Comparison between the Twitter and Weibo Platforms

Social media are used incrementally to promote citizens to express different opin-
ions [12], which enables the public to play a more active role in the running of the coun-
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try [13]. Social media platforms with great influence can morph from information networks
into social networks [14]. This can be seen as the development of collective intelligence
through an online collaborative approach to create content; it also evolves rapidly and
plays a profound role in people’s perceptions and attitudes [15]. Among the different
social media platforms, Twitter has proven to be a strong force in promoting international
discourse due to its open, horizontal, and networked architecture and has already been
extensively studied [16]. Weibo is regarded as the counterpart of Twitter in China. It has
hundreds of millions of users and plays a foremost role in discourse in China, but has
received relatively less attention from around the globe [17].

Some prior studies have compared Twitter and Weibo [17–20]. Twitter has been
blocked in China since 2009. The users of the two platforms are mostly divided by China’s
firewall, which separates the online social network users of China and those of the rest of
the world (mainly users in the US in this research) [20]. The two platforms share many
similarities in terms of influence, function, and structure, but barely overlap [17]. The
two platforms are situated in two completely different political and social environments—
liberal democracy versus state-regulated authoritarian. While we may assume that the
different platform features may influence the nature of users’ behavior, few studies have
actually compared the characteristics of social media in different cultures and countries [21].

Some comparative studies have investigated this issue from different perspectives.
For instance, Han et al. [17], through an analysis of social networks, found that interac-
tion between users of Weibo is weaker than that between users of Twitter. Bolsover and
Howard [19] discussed the propaganda strategies and algorithms used on the two plat-
forms and discover more evidence of automation on Twitter than on Weibo. Lin et al. [22]
compared users’ information communication behaviors on Twitter and Weibo during
extreme climatic events and found that Twitter users tended to use more humorous expres-
sions than those of Weibo, but that the latter showed more organizational participation.
Gao et al. [23] analyzed individuals’ habits and explored the cultural differences between
the two platforms. They concluded that Twitter users (mainly from the US, which tends
towards individualism) are more willing to present their posts for public discussion but
that they are less positive than Weibo users (from China, which tends towards collectivism).
Kim et al. [24] carried out a quantitative content analysis and suggested that US Twitter
users tend to engage in mockery and political expression more than Chinese Weibo users,
who rarely disagree with the government or its politics. However, there has been limited
research focusing on an international event that affects individuals from different countries
in an equal way. Thus, these comparative studies lack some control variables and little is
known about how the dynamics of certain events may affect different online environments.

2.2. Online Discourse on COVID-19

When public crises occur, it is well known that individuals tend to seek immediate
information through social media, especially in public health crises that have a lasting and
widespread impact. Social media platforms have become the focus of many studies, as they
have evolved into new legitimate sources of news and information and been increasingly
relied upon by the public and officials when dealing with a crisis [22]. Except for official
news, another main use of social media is seeking and spreading interpersonal information,
as well as social support [25]. Social media provide a wealth of information on public
emergencies on a micro level. On the one hand, social media can be used as a data source
for detecting and tracking unexpected public events, such as the outbreak of a disease.
Typical examples include Google Flu Trends, a real-time allergy surveillance system [26],
and Twitter surveillance of the Ebola outbreak [27]. On the other hand, some studies have
used social media to assist in public emergency management [28]. Thus, data mining from
social media platforms is based on the growing awareness of its ability to provide insight
into public opinion, extract hidden information, and identify trends. In public health crises
such as epidemics, social media can be used to investigate public awareness, attitudes, and
reactions [29].
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Due to the outbreak of COVID-19, many individuals have been staying in isolation or
total lockdown and social media have thus become their main means to share their experiences
or concerns [30]. As such, a number of researchers have conducted studies based on the
data from social media platforms [30–36]. For instance, Wicke and Bolognesi [31], through
a topic analysis of users’ tweets, found that Twitter is generally used for “communications
and reporting, community and social compassion, politics and reacting to the epidemic”.
Meanwhile, social media platforms have also become prominent public spheres for debate.
Some celebrities and public figures use social media to express their opinions. Thelwall and
Thelwall compared the tweets of male and female Twitter users, suggesting that male users
prefer to talk about sports cancellations, the global spread of the virus, and political reactions.
Meanwhile, they found that female users pay more attention to family, social distancing, and
healthcare [32]. Through text analysis, Goel and Sharma [30] identified some highly influential
users during the debate around COVID-19 on Twitter and categorized these leaders into four
clusters: research, news, health, and politics.

Meanwhile, some Chinese scholars have conducted a large amount of work on re-
searching information flow on the Weibo platform. Cao and Yue [33] used topic mining
and evolution analysis in their study and suggested that Weibo users keep a close eye on
the development of the COVID-19 pandemic. They also stated that there were significant
differences between the topics discussed in each stage of the COVID-19 pandemic. Li
et al. [34] found that during the COVID-19 pandemic, Weibo users tended to show more
concern more about personal health and their family members and focused less on leisure
and friends. They also stated that the social media data suggest an increase in negative
emotions and sensitivity to social risks in China. Li et al. [35], through analyzing the
behaviors of Weibo users from Wuhan, discovered a positive correlation between user
attention level and crisis severity level in Wuhan during the early stages of the COVID-19
pandemic and discussed the potential value of using social media data to predict real-world
public health statistics. Su et al. [36] compared Weibo users in Wuhan and Twitter users
in Lombardy in an attempt to explain public reactions and psychological states in the
context of COVID-19. In summary, discourse content and user behavior analysis of social
media can reveal the development trajectory of public attention during the COVID-19
crisis. However, most previous case studies have typically investigated a single linguistic
or ethnic social media platform; cross-cultural comparisons of crisis communication using
social media are scarce [22].

2.3. Theory Guiding: Crisis Lifecycle and Opinion Leaders

Scholars have found that online discourse bears a strong relation to news reports
as well as the development of a crisis [37]. The public gradually regard social media
as a means to make sense of news in times of crisis [22]. Considering that there was a
time lag in the development of the COVID-19 pandemic between the US and China, in
order to analyze the topics trend of online discourse according to the development of the
COVID-19 crisis we introduced lifecycle theory as a guideline. Scholars have studied the
lifecycle of a crisis from various perspectives; for instance, in 1986 Fink [38] provided a
four-stage map of a crisis, which included the prodromal crisis stage, the acute crisis stage,
the cornice crisis stage, and the crisis resolution stage. As not all crises can be divided
into four stages, Pearson and Mitroff [39] suggested that a crisis goes through five stages:
signal detection, preparation/prevention, containment/damage limitation, recovery, and
learning. After a comparison and combination of Fink and Mitroff’s models, Coombs [40]
suggested a three-stage model, which included the pre-crisis, crisis, and post-crisis stages.
Some existing studies have used one or more crisis lifecycle models and discovered the
law of development [41–43].

To better analyze the structure of a social network, we introduced the opinion leader
concept. An opinion leader can be regarded as a person who can reach out to and inspire a
large number of people; these people are important actors in the diffusion of information
and can significantly affect individuals’ behavior [44]. Opinion leaders are individuals who
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are strategically located in the nexus of information flows and whose remarks are influen-
tial. Opinion leaders can generate many discussions to gain support from other actors [45].
They also apply social support and social pressure to influence their networks [46,47]. Their
presence facilitates the process of opinion building at the periphery, and they can strategi-
cally transfer information to more passive and less central members of the network [48,49].
Unsurprisingly, these characteristics are replicated in digital environments (including so-
cial networks), but in these environments, traditional forms of social hierarchies and cues
are replaced with other attributes that confer influence [50]. Opinion leaders with more
knowledge resources might be better able to engage in producing content than those who
are not opinion leaders [51–53].

Overall, the communicative content and structures of social media platforms such
as Twitter and Weibo are determined by two overlapping and interdependent networks.
However, in the extant literature only a few scholars have performed a cross-national
comparative analysis; most studies instead compare different media within a single country
to determine factors such as partisanship or compare media in different countries in order
to frame the same event or group. Scholarly studies that examine both social media in
different societies and various forms of media within a given society are very scarce [54,55].

3. Methods
3.1. Data Collection

In this study, we selected comments from users of Twitter and Weibo as our dataset.
Firstly, we determined the time frame of the sample. Relevant tweets (posts) on Twitter
and Weibo were collected between 9 February and 10 March 2020. This was a period
when the number of daily new confirmed cases in both China and the US were at a
high level (https://covid19.who.int/, accessed on 10 January 2021) and is representative
enough to reflect the public reactions to COVID-19. In addition, several important and
controversial international events took place during this period and people’s fears and
discussions about the epidemic were reflected in their social network posts, which are
significantly representative. We used Houyi (https://houyi-caiji.oss-cn-beijing.aliyuncs.
com/update/zh-CN/nature/houyicaiji-setup-3.6.0.exe, accessed on 10 January 2021), a
powerful web crawler tool equipped with an IP pool to guarantee the effectiveness of the
data crawling. Houyi is also an intelligent tool that can capture comments and identify
users’ information, such as their region or gender. We collected text from Twitter and
Weibo—namely, American and Chinese users’ comments about COVID-19. Additionally,
we decided to collect and analyze only tweets/posts that contained specific keywords
following these three steps:

(1) Identify keywords on different platforms. Keywords on Twitter = “coronavirus”,
“COVID-19”; keywords on Weibo = “新型冠状病毒肺炎”, “新冠肺炎”.

(2) Data in the two ‘ecosystems’ were collected at the same time each day: 11 a.m. China
standard time and 10 p.m. EST in the US.

(3) The comments collected from users were collected based on four common items on
the platform: users’ id, content, publishing time, and geolocation [56].

After an initial data cleaning to remove emojis and comments in other languages, the
sample size included N = 101,271 tweets (more than 2 million words) and N = 92,037 Weibo
posts (more than 26 million words). To better arrange the data, we divided the comments
in one document into three different days, thus obtaining two corpora representing the
Twitter and Weibo platforms, with each corpus containing 10 documents.

3.2. Data Preprocessing

Before the text analysis, we needed to complete some pre-processing operations, in-
cluding word segmentation (mainly for Chinese text), data cleaning, and weight calculation.
These operations were implemented using the open-source Python scripting language and
combined with manual correction (https://blog.csdn.net/Eastmount/article/details/1046
98926#_161, accessed on 10 January 2021).

https://covid19.who.int/
https://houyi-caiji.oss-cn-beijing.aliyuncs.com/update/zh-CN/nature/houyicaiji-setup-3.6.0.exe
https://houyi-caiji.oss-cn-beijing.aliyuncs.com/update/zh-CN/nature/houyicaiji-setup-3.6.0.exe
https://blog.csdn.net/Eastmount/article/details/104698926#_161
https://blog.csdn.net/Eastmount/article/details/104698926#_161
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Word segmentation. When dealing with a Chinese corpus, the text may be incorrectly
segmented due to the lack of reference vocabulary [57]. The most effective way to solve
this problem is to use a more extensive dictionary to enhance the vocabulary collection. We
introduced the most popular Chinese word segmentation module Jieba to segment each
sequence; this module has been widely applied in text analysis.

Data cleaning. We expanded the basic English and Chinese stop-word lists based
on our corpus features to accomplish stop-word removal. Due to certain limitations,
Jieba could not fully identify some typical Chinese words. To complete the task of stop-
word removal, we utilized a list of Chinese stop-words to conduct manual adjustment (
https://gitee.com/UsingStuding/stopwords, accessed on 15 January 2021). Thereafter,
each public comment document was represented as a vector of words. In addition, we
performed a conversion of the language characters and eliminated punctuation.

Weight calculation. We used Term Frequency-Inverse Document Frequency (TF–IDF)
to calculate the weights. This is the most fundamental form of document representation for
transforming unstructured documents into a structured numerical vector and it supports
language processing in both English and Chinese. TF-IDF is based on the Bag of Words
scheme, in which a document can be represented by a collection of words used in the
document. The method also assumes that if a word is important in a document, it should
repeatedly appear in this document and not in other documents, which is why the TF-
IDF produces statistics, term frequency (hereafter TF), and inverse document frequency
(hereafter IDF). This step was implemented using the Python scripting language (https:
//blog.csdn.net/Eastmount/article/details/104698926#TFIDFKMeans_456, accessed on
15 January 2021).

The parameter tfij is defined as the number of times word i appears in document j.
The value is larger if the word is more important. The parameter dfi is the number of
documents in which word i appears at least once. The larger the value is, the more common
the word is. If a word i is assumed to be important in document j, it should have a large TF
(tfij) and a small DF (dfi). The formula of TF-IDF is as follows:

TF − IDFij = tfij × log (
N

dfi + 1
).

3.3. Structure Topic Model with LDA

The topical model is a methodology that is widely used in natural language processing,
topic discovery in disordered documents, and semantic mining. The most common topic
probability model used in social science is Latent Dirichlet Allocation (LDA) [58]. As the
method is automatically implemented based on mathematical algorithms, it can minimize
subjective deviation when analyzing data. LDA has been widely applied in politics,
economy, and entertainment in different countries [59–61]. Inspired by these methods, this
research used LDA to implement a text analysis to identify the topics discussed in the
collected data.

The LDA process is based on text information in a corpus that is generated by the
public in tweets or posts about diverse aspects of COVID-19, as stored in the website
backend database. The topical modeling by LDA in this study used the following steps:

LDA programming. The LDA analysis processing in this paper was implemented by
open-source Python programming (https://blog.csdn.net/Eastmount/article/details/10
4698926, accessed on 15 January 2021). This allowed us to find typical lexical units (LDA
words) and topics (LDA topics) in a subset of the corpus by extracting the underlying
context to identify the users’ discourse.

The number of topics. We selected the number of potential topics as K = 15, 20, 25,
30, 35. According to other studies, if the number of topics is too small, terms that originally
belong to different topics will be grouped under the same topic; if the value is too large,
terms that should belong to the same topic will be assigned to different topics. In this study,
after a series of comparisons we found that the extraction efficiency was highest when the
total number of classified topics for Twitter is K = 35 and K = 30 for Weibo.

https://gitee.com/UsingStuding/stopwords
https://gitee.com/UsingStuding/stopwords
https://blog.csdn.net/Eastmount/article/details/104698926#TFIDFKMeans_456
https://blog.csdn.net/Eastmount/article/details/104698926#TFIDFKMeans_456
https://blog.csdn.net/Eastmount/article/details/104698926
https://blog.csdn.net/Eastmount/article/details/104698926
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The number of iterations. This number is the number of iterations needed to perform
Gibbs’s sampling. We started with 200 and continuously increased the number of iterations
to improve the consistency of the topics. We found 2000 to be the optimal number of
iterations for this study dataset to maintain the accuracy of the data analysis and minimize
the possibility of errors in the results.

The number of keywords present. This is the number of words most likely to be
printed for each topic after model estimation (see Table 1). Due to the space limitation of
the paper, here we show the top three keywords used in Twitter and Weibo posts. The
co-occurring words are sorted from highest to lowest average fit.

Table 1. Twitter and Weibo topics and keywords.

(a) Twitter

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4

Wuhan covidoutbreak UK inter workers
infected US emergency Lombardia elderly
patience trump Iran lockdown industry
. . . . . . . . . . . . . . .

Topic 5 Topic 6 Topic 7 Topic 8 Topic 9

vaccine quarantine epidemic dangerous city
united released prevention violence reported
prepare test discharged gain truth
. . . . . . . . . . . . . . .

Topic 10 Topic 11 Topic 12 Topic 13 Topic 14

response American Brazil declares community
California Texas pandemic Pence deploys
democrats event Tenerife constituents minister
. . . . . . . . . . . . . . .

Topic 15 Topic 16 Topic 17 Topic 18 Topic 19

Russia race hoax president fight
markets lies Donald leader school
CNN trash deaths confirmed close
. . . . . . . . . . . . . . .

Topic 20 Topic 21 Topic 22 Topic 23 Topic 24

destroy airport Asia quarantined fears
oil populism trade fight spread
funding Obama business treat contagious
. . . . . . . . . . . . . . .

Topic 25 Topic 26 Topic 27 Topic 28 Topic 29

source Russia Trump gas covidupdate
response carnival president oil confirms
wash-hands covidoutbreak announced conservative concern
. . . . . . . . . . . . . . .

Topic 30 Topic 31 Topic 32 Topic 33 Topic 34

pandemic Africa fears deaths Seattle
diamond Egypt outbreak live congress
ship rages symptoms breaking coronaalert
. . . . . . . . . . . . . . .
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Table 1. Cont.

(b) Weibo

Topic 0 Topic 1 Topic 2 Topic 3 Topic 4

epidemic good news Italy martyr epidemic-prevention

confirmed united World Health
Organization medical-staff committee

cases support overseas donation Adjust
. . . . . . . . . . . . . . .

Topic 5 Topic 6 Topic 7 Topic 8 Topic 9

research implementation Nanshan Zhong send for testing Iran
expert accurate University clinical Trials Italy
institution guarantee promote experiments increase
. . . . . . . . . . . . . . .

Topic 10 Topic 11 Topic 12 Topic 13 Topic 14

World Health
Organization
foreign
million cases
. . .

autopsy
human remains
expert panel
. . .

Wenhong Zhang
Lei Feng Spirit
advanced-individual
. . .

designated-hospitals
infected-persons staff
. . .

economic and social
induced
worry
. . .

Topic 15 Topic 16 Topic 17 Topic 18 Topic 19

level 1 doubt donation control Korea
prevention anxiety plasma source outbreak
response critical illness medical staff attendance global
. . . . . . . . . . . . . . .

Topic 20 Topic 21 Topic 22 Topic 23 Topic 24

work resumption global offer treatment medical team
labor resumption organization donation discharge prevention
leave hospital import blood plasma declaration command
. . . . . . . . . . . . . . .

Topic 25 Topic 26 Topic 27 Topic 28 Topic 29

France death services isolation outbreak
global region leadership treatment cure

report overseas National Health
Commission detection resume work

. . . . . . . . . . . . . . .

Topics clustering. Through an analysis of the latent meaning of the keywords of
each topic, we clustered all the topics into several topic homogeneous groups, namely
issues (see the results section). This necessary cluster analysis step allowed us to evaluate
the distribution of issues in the corpus and helped us to explain and infer the thematic
evolution of patterns of discourse.

3.4. Temporal Analysis

In this part, we will focus on the temporal analysis of discourse and the aggregate
corpus in three-day units to produce a regular time series to see how the meanings of
issues may evolve over time [62]. Previous studies have examined online discourse from a
time series perspective, revealing the evolution of issues over time [63,64]. Combined with
the crisis lifecycle concept, the issues brought up in discourse may occur in the following
scenarios: (a) a peak of issues that are rarely mentioned before or after, or (b) a period of
continuous discussion without a peak, or (c) a fairly constant discussion with occasional
spikes due to relevant events. Similar to the issue trending outlined above, although the
method we proposed is not aimed at event prediction, we sought to verify whether the
user comment time-based mode can reflect the events in a rise-and-fall temporal pattern.



Int. J. Environ. Res. Public Health 2021, 18, 6487 9 of 20

3.5. Social Network Analysis

As a third methodology, this study adopts social network analysis (SNA) on social
media networks to examine the interaction patterns of Twitter and Weibo accounts. As a
common method for social media analysis, network analysis is used for a range of aspects,
such as identifying bots, fake news, and opinion leaders [65,66]. The main purpose of
this study is not to improve a new method or technique but to perform a comparison
of the discourse communication patterns and opinion leaders between different social
network environments. The interactions among these users are created when they reply to
or mention one another. The network graph is comprised of nodes and lines, the nodes of
a graph are considered to be actors, and the lines that link those actors are considered to
show the correlation [67]. This exhibits the interactions between the various individuals
(accounts) on social media, including mentioning, retweeting (reposting), and replying;
through the graph, we can recognize the main groups and sub-groups of actors in a network
during online discourse.

We conducted a social network analysis to examine the key influencers (opinion lead-
ers) during the COVID-19 pandemic on Twitter and Weibo. We analyzed the relationships
between key participants and the whole network of each influencer and identified the top-
ranked influencers after the measurement. The social network analysis process followed
three steps:

(1) Structure the relationship matrix of key influencers.
(2) Map the whole network of key influencers.
(3) Calculate the top-ranked influencers.

(1) Structure the relationship matrix of key influencers. Referring to several studies
on social media actor relationship extraction [68,69], we selected all accounts containing
“@” mentioning two or more accounts in the tweets/posts of the dataset as the sample
data of key influencers. The total numbers of valid accounts after filtering was 206 Twitter
accounts and 214 Weibo accounts. Then, we constructed a relationship matrix of the key
influencer accounts on the Twitter and Weibo platforms (see Tables 2 and 3).

Table 2. Relationship matrix of key influencer accounts (206 for Twitter and 183 for Weibo).

01 @realDonaldTrump 02 @GOP 03 @FoxNews 04 @WHO 05 @CDCgov . . .

01
@realDonaldTrump 0 1 1 1 1 . . .
02 @GOP 1 0 0 0 1 . . .
03 @FoxNews 1 0 0 0 0 . . .
04 @WHO 1 0 0 0 0 . . .
05 @CDCgov 1 1 0 0 0 . . .
06 @ABC 1 0 1 0 1 . . .
07 @CNN 1 0 1 1 1 . . .
. . . . . . . . . . . . . . . . . . . . .

206 @seanHannity 1 0 0 0 0 . . .

Table 3. Relationship matrix of the 183 Weibo key influencer accounts.

01 @People’s daily 02 @CCTV News 03 @WHO 04 @gov.cn . . .

01 @People’s daily 0 1 0 1 . . .
02 @CCTV News 1 0 1 1 . . .
03 @WHO 0 1 0 0 . . .
04 @gov.cn 1 1 0 0 . . .
05 @Wuhan Release 0 1 0 1 . . .
06 @Shimian 0 1 0 0 . . .
07 @Xinhua viewpoint
. . . . . . . . . . . . . . . . . .

183 @Healthy China 1 0 0 1 . . .

In Tables 2 and 3, it can be seen that the horizontal and vertical account numbers are
identical and correspond in sequence. The intersection of the two is represented by 0 or 1,
where 0 means no intersection and 1 means intersection. Based on this, we can identify
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which accounts generate connections between them [70–72]. The matrix data were also
imported into UCINET 6 social network analysis software for the next analysis.

(2) Map the whole network. Next, we used the UCINET 6 software to map the
whole network of Twitter and Weibo key influencer accounts. We also calculated the
types of actors present in both graphs using different color schemes, defining them as
“media, politicians, companies, etc.”. Finally, the percentage of key influencer types for
both platforms was also counted in a comparison chart (see the results section).

(3) Calculate the top-ranked influencers. Secondly, we used the network to calculate
the key actors to identify opinion leaders in the network. The main indicator for finding
opinion leaders is the centrality of the network [50]. In social network analysis, several
indicators/measurements show how the key actors’ network and wield influence within a
social structure. The centrality measure is one of the most popular methods for calculating
the centrality score for each node [67]. The individual in one unit represents the number of
connections that this account has, which means that if any individual has a high centrality
score this account (he/she/organization) may be identified as the most popular opinion
leader, with the most connections with other actors in the group of networks. On the
contrary, if it receives a low score, this means that the actor is on the periphery [67].

We introduced DegreeCent and Betweenness as our research indicators to describe the
actor’s centrality. DegreeCent (degree centrality) is defined as the number of ties incident
upon a node, which can indicate the relative importance of a node in the network [73]. A
given node x is calculated as a ratio between the number of nodes connected with node
x and the total number of nodes in the network (decreased by one) [74]. Betweenness
(Betweenness centrality) captures the number of shortest paths between other nodes when
passing through a given node. Betweenness can be regarded as a complementary measure
of power, because it tends to capture actors’ actual access to resources [75]. Actors with a
high betweenness can mediate and capitalize upon flows of information or other resources
between disconnected actors [76].

4. Results
4.1. LDA Analysis Results

Through the semantic analysis of the keywords belonging to each topic, we identified
six outstanding clustering topical issues from the dataset of two platforms. Figures 1 and 2
show the results for issues, probability values, and corresponding topics.

From this analysis, we found that the two platform users gave similar attention to the
issue ‘Domestic situation’. Twitter (n = 0.286391674) had the main keywords “virus outbreak,
virus escalation, country, confirm, citizen, parade” and Weibo (n = 0.394134095) had the
related keywords “epidemic, new case, cases of cure, confirmed, diagnosed, resumed
production, discharge from hospital”. Both of those ranking first mainly reflect information
updates and descriptive comments on the internal spread of the epidemic in each country.
Besides the domestic situation, users also focused on issues related to the issue ‘International
situation’ during the entire studied period. Twitter (n = 0.201997953) had keywords such
as “WHO, offshore, global, cumulative, countries”. Weibo’s (n = 0.107792817) keywords
included “Iran, Italy, increase, World Health Organization, foreign, million cases, Korea,
outbreak, global”.
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Secondly, the issue ‘Response and measure’ focused on implementing solutions and
countermeasure suggestions; it gained some user attention. The probability values show
that the cluster topic ranked four on Twitter (n = 0.176605722), as well as second on
Weibo (n = 0.28899222). Keywords for both platforms include “vaccine, united, prepare,
quarantine, released, control, source, attendance”, etc.

Thirdly, during the COVID-19 epidemic, it is not surprising that the issue ‘Worried
emotion’ was the main concern on Twitter (n = 0.221291308). The keywords of this issue
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include “pessimistic status” and specific keywords such as “trigger, worry, doubt, anxiety,
fear, lie” had a high probability of occurrence. In contrast, Weibo (n = 0.02323773) users
focused on keywords such as “economic and social, induced, worry, doubt, anxiety, critical
illness”, etc. This issue on Twitter is very high, but has the lowest proportion on Weibo. In
contrast with this, users of the Weibo platform like to discuss the issue ‘Encouragement and
unity’, which replaces the worry emotion to some extent; this is also a unique issue of the
Weibo platform, emphasizing the promotion of positive and typical deeds.

Last but not least, we also verified other sets of issues corresponding to the plat-
forms. Among them, Weibo includes the prominent issue, ‘Scientific research’, which is
emphasized by using scientific research, impartial attitude for country’s response to the
epidemic, and complete control of the outbreak through vaccine development and scientific
experimental methods (related keywords include “research, expert, institution, Nanshan
Zhong, University, experiments”). Regarding Twitter users’ special two issues, we found
the issue ‘Diplomacy and foreign trade’ (n = 0.06371778); its representation keywords include
“Trump, President, Democrats, Mike Pence, voters, Russia, prices”). There was also the
issue ‘Economy and employment’ (n = 0.049995564); its corresponding keywords include
“workers, seniors, money, industry, gas, oil”, expressing Twitter users’ concerns about the
country’s foreign affairs, trade policy, social employment, and economic status. These
specific issues also show the different value orientations of the two countries; for example,
Twitter users are more concerned about the economy’s health, while Weibo users focus
more on public health [77].

4.2. Temporal Analysis Results

Similar to tracking peaks in messages over time, we also examined the trends of issues
over time. We compared the topics discussed on Twitter and Weibo in the context of the
COVID-19 pandemic during the same period. By doing this, we identified the co-variation
between a topical trend in the social media networks and changes in the real world, as well
as the differences between the two platforms. Finally, after aggregating the temporal trends
of each issue, we constructed a temporal heat map of all the issues.

Figure 3a,b shows the topic time trend graphs for Weibo and Twitter, respectively. Here.
the horizontal axis represents the unit period of three days, with the total time interval being
the same as that used in the topical analysis (9 February to 9 March 2020), while the vertical
axis represents the value of the issue’s probability of occurrence at specific moments in time.
This value can be between 0 and 0.6. To facilitate the comparison, we mainly compared the
same classification of issues from the two platforms (a) and (b) in turn.

Figure 3a depicts the trends on Weibo/Twitter over time during the outbreak of
COVID-19, which started to spread in China in early 2020, until March. Although the
international outbreak also began to emerge and spread on a small scale during this month,
Weibo users were much more concerned about the Chinese outbreak than an international
pandemic. The situation started to change from “2.21–2.23”. As the epidemic in China
gradually declined but the situation became worse in Italy, South Korea, and the United
States, Weibo began to see more discussion about the international pandemic in early
March (3.7–3.9).
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Figure 3. Issues (a): Domestic situation/international situation on Twitter and Weibo; Issues (b): Re-
sponse and measure/worried emotion on Twitter and Weibo.

In contrast, Twitter users’ early focus on their home country (the US) remained largely
consistent with the foreign outbreak, but in contrast to the Weibo platform the level of
discussion changed significantly as the domestic situation evolved (between 2.24 and 2.26);
the attention given to the domestic situation continued to rise, while discussion of the
international situation continued to fall. As such, this result can also confirm the rationality
of using temporal analysis for social media topic tracking.

In Figure 3b, it can be seen that, except for a small peak in Worried emotion during
the “2.21–2.26” period, Weibo users maintain a constant downward trend, rarely posting
negative comments about the epidemic. Instead, there are many positive comments
concerning Response and measure. Twitter users show a significant difference from Weibo
users concerning these two issues, with Worried emotion showing a continuous increase
from “2.9–2.11” to “2.21–2.23”. Perhaps reflecting the fact that many people felt depressed
at this time, this orange line reached a peak from “3.1–3.3”. By contrast, Response and
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measure remained flat from “2.15–2.17” to “3.7–3.9”. Although direct comparison between
online opinion and the real world is not easy, given the different lifecycles of COVID-19
in China and the US, the way the probability distribution in the dynamically changing
dataset increases/decreases as the quantity of related issues increases/decreases can be
used as a valid indicator to track the reality in real time.

4.3. Social Network Analysis Results

After the SNA, Figure 4 shows the network of key actors related to COVID-19 on
Twitter. The most connected node is the former president Donald Trump’s personal Twitter
account (@realDonalTrump), which served as the largest central point of opinion leaders,
controlling and influencing the topics of accounts from the surrounding circles. This
account is closely surrounded by three types of opinion leaders: The first is the official
accounts of media corporations in the United States, including @CNN, @ABC, @ABC News,
@CBS News, and @FoxNews. The second is the personal Twitter accounts of key staff
members of the U.S. government leaders, such as @Mike_Pence, the personal account of
the former U.S. Former Vice President Mike Pence; current president Joe Biden; Speaker of
the House @SpeakerPelosi; Senator @SenTedcruz; and @BernieSanders.

1 

 

 Figure 4. Whole network of Twitter.
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The third is the official accounts of relevant U.S. government departments, such as the
White House @WhiteHouse, the Republican Party @GOP, the U.S. Department of Health
and Human Services @CDCgov, and the Democratic Party @House Democracy. Finally, the
network also includes an intertwined coalition of various other types of accounts, including
the official World Health Organization @WHO and individual corporate accounts such as
@YouTube and @Apple TV.

The results of Figure 5 show that the opinion leaders in Weibo are mainly concentrated
in three major sections: first, the core central layer (e.g., @People’s Daily, @CCTV News,
@Xinhua Viewpoint, @World Health Organization, @HealthChina, etc.), with China’s
official media as the core and co-existing with the official account of the WHO; second, “XX
Release”, which is used by local governments to issue updates on the latest news, such
as @Wuhan release, @Shanghai release, @Beijing release, @Shandong release, etc.; third,
the professional consultation layer, which includes hospitals, doctors, and medical health
professionals as the core actors (such as @Mammography Doctor, @Doctor’s Something,
@Pharmaceutical Circle, @Palmed Medical News. These three sub-circles are at the center
of Weibo’s opinion leader accounts and have the highest number of connections. At the
same time, the network periphery is also surrounded by some relatively minor opinion
leader alliances, including a local government accounts circle shown in the top left of
Figure 5, a procuratorate alliance circle on the right, a medical sector-related alliance circle
on the top right, and an alliance circle formed by Weibo accounts opened in China by the
United Arab Emirates at the bottom left of the figure. This shows the scope of influence of
COVID-19 and what these related departments respond to.
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According to the results of the UCINET calculation of the centrality of networks (Table 4),
on Twitter, US President Donald Trump, CNN News, and the World Health Organization
become the most influential opinion leader accounts. Trump (@realDonaldTrump) was the first
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influencer and was more than twice as influential as the next nodes in during the COVID-19
pandemic, followed by CNN News (@CNN), which is a private news media organization.
Additionally, in third place was the official account of the World Health Organization (@WHO).
There is a significant relationship between the level of activity of the country’s current political
activists, with a total of five of the top 10 being politicians such as the current US President
Joe Biden (@JoeBiden), Congressman Ted Cruz (@SenTedcruz), US House Speaker Pelosi
(@speakerPelosei); two being political party accounts for the Department of Health and
Human Services (@CDCgov) and the Republican Party of the United States (@GOP); and
two being news media accounts, @CNN and @ABC. This shows that, on the Twitter platform,
political actors play a mainstream role in impacting public opinion. Corresponding to this in
the Weibo network alliance, we found that China’s official media organizations @People’s
Daily and @Xinhua Viewpoint were the most influential in terms of the overall structure of the
network, ranking in the top two, while the third and fourth were @CCTV News and @World
Health Organization, respectively. According to the statistics of the average ranking of the
top 10 opinion leaders in terms of influence, six were official media and three were official
accounts of the central government. In the China context, the official media accounts were
conceived as the official “mouthpiece” or “transmission belt” of the official party ideology and
government policies [78]. Other major institutions ranking in the top 10 in terms of influence
included @People’s Daily, @HealthChina, @WuhanPublished, @ChinaDaily, @HubeiPeople’s
Procuratorate, and @ChinaCivilization.com.

Table 4. Network centrality measurements on Twitter and Weibo.

Weibo Twitter
User’s Name DegreeCent Betweenness Rank User’s Name DegreeCent Betweenness Rank

@People’s Daily 28.000 6021.398 1 @realDonaldTrump 58.000 8316.265 1
@Xinhua Viewpoint 24.000 6730.424 2 @CNN 26.000 1845.803 2

@CCTV News 19.000 5822.823 3 @WHO 14.000 2280.219 3
@WHO 17.000 4390.561 4 @CDCgov 16.000 1137.272 4

@people.com.cn 16.000 5278.575 5 @GOP 12.000 1442.524 5
@Health China 15.000 3916.136 6 @JoeBiden 12.000 784.282 6

@Wuhan Release 14.000 3358.000 7 @ABC 15.000 601.810 7
@China Daily 11.000 1896.098 8 @SenTedcruz 7.000 742.000 8

@Hubei People’s 9.000 1240.625 9 @SpeakerPelosi 8.000 226.117 9
@ChinaCivilization.com 8.000 1478.000 10 @CPAC 4.000 1152.000 10

. . . . . . / / / . . . . . . / / /
Minimum 1.000 2.000 / Minimum 1.000 0.500 /
Maximum 28.000 6730.424 / Maximum 58.000 8316.265 /

5. Conclusions

By applying text analysis, temporal analysis, and social network analysis, this compar-
ative study probed how the public expresses opinions through social media; we detected
the information flow during the COVID-19 pandemic within different platforms from
China and the US. Through researching the online content and active actors, this study
demonstrates several significant findings. Firstly, through LDA analysis, we found that,
in the predominantly US social networks, represented by Twitter, participants were more
concerned about the impact of COVID-19 on the economy and science and technology
issues. Meanwhile, in the other social media sphere, represented by Weibo in China, poli-
tics and public health development were always the center of the discussion. A possible
explanation for this is that the two governments applied different measures to control the
spread of the virus during the early stages of the crisis. The US government used a soft
and moderate approach at first—namely, a herd immunity strategy—in order to avoid
seriously affecting economic development and people’s personal lives or work. China, on
the other hand, applied more forceful measures, such as lockdowns, trajectory tracking,
and strict quarantines. Thus, public health was protected at the cost of the decline of the
economy and changes in people’s daily lifestyles [10]. This finding is relatively different to
that of some other existing research based on the analysis of single social media platforms
such as Twitter or Weibo [31,32,34–36]. This could be due to the fact that the data from
these studies were drawn from different periods of the COVID-19 pandemic, meaning that
their focus varies. Furthermore, it is important to note that, from a comparison perspective,
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the significant secondary concerns of the two sides are more likely to be prominent than a
single perspective.

Secondly, we found that combining the results of LDA and temporal analysis, such as
for the issues of Domestic Situation and International Situation, which appear alternately on
Twitter and Weibo, to some extent reveals that online discourse reflects the crisis lifecycle
according to the different stage of COVID-19 occurring in China and the US. However, the
differences in the level of discussion of positive issues such as Response and Measure and
negative issues such as Worried Emotion in different countries reflect their differences in society,
value, cultural background, health communication, and administration systems in the real
world beyond the social media ‘sphere’. For example, when facing the crisis, the Chinese
government tended to launch campaigns through social media to inform and motivate the
public [22]. The significance of the public comment framework in different social media
contexts has been vividly debated within research on online media [79,80], which echoes the
results of previous literature, such as how Weibo users tend to be more positive than Twitter
users and the Chinese tendency for collectivism rather than individualism [24].

Thirdly, through the SNA technique, we were able to better discover the opinion
leaders in different political backgrounds and conclude the pattern of the information
communication actors’ network. This enabled us to better understand the dynamics of
the discourse and to identify the opinion leaders without any preconceived views. The
difference was that, in the US, political leaders played more important roles than the media.
They tended to directly express their opinion and emotion. Since the United States is a
multi-party system and different opinion leaders have different views and numbers of
followers, the clusters of the discourse network were polycentric. However, in China
the official media and government accounts mainly controlled the release of information,
meaning that the main structures of opinion leaders’ networks were more concentrated.
Additionally, the most important opinion leaders followed a hierarchical order, with central
media occupying a more essential position than the local media, which is determined by
China’s top-down and unitary administrative system [5]. This also strengthens the result
of Lin et al. [22] and Gao et al. [23], who found that the US praises individualism while
China upholds collectivism.

Taken together, the findings discussed here offer a glimpse into the content and
structure of discourse from social media platforms, such as Twitter and Weibo, which may
vary in terms of crisis development and different cultures in the context of COVID-19. This
study contributes to the small body of comparative research on this topic; we provide
methods and concepts for an international comparative perspective to fill this gap and
to expand our understanding of social media functions within different culture domains.
This research also has some limitations. Firstly, because of the platform filter function and
censorship, the data we acquired may be not incomplete, thus the research sample may
be not comprehensive. Secondly, this study does not expand more on the comparison of
arithmetic automation on opinion manipulation between the two representative countries.
Thirdly, in further analysis, semantic network analysis should be combined with temporal
analysis to explore the details of discourse trends.

Author Contributions: Conceptualization, W.D. and Y.Y.; methodology, W.D.; software, W.D.; val-
idation, W.D. and Y.Y.; formal analysis, Y.Y.; investigation, Y.Y.; resources, Y.Y.; writing—original
draft preparation, W.D. and Y.Y.; writing—review and editing, W.D. and Y.Y.; visualization, W.D.;
supervision, Y.Y.; project administration, W.D. and Y.Y.; funding acquisition, Y.Y. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by State Scholarship Fund of China Scholarship Council, grant
number 202006160125.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.



Int. J. Environ. Res. Public Health 2021, 18, 6487 18 of 20

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Acknowledgments: The authors appreciate the College of Public Administration and Huazhong
University of Science and Technology for research support for this article.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Bird, D.; Haynes, K.; Ling, M.; O’Brien, J. The use of crowd sourcing for gathering information about natural disasters. Risk Front.

Newsl. 2011, 11, 1–4.
2. McDermott, P. Building open government. Gov. Inf. Q. 2010, 27, 401–413. [CrossRef]
3. Mergel, I. The social media innovation challenge in the public sector. Inf. Polity 2012, 17, 281–292. [CrossRef]
4. Pariser, E. The Filter Bubble: What the Internet is Hiding from You; Penguin Press: London, UK, 2011.
5. Zheng, L. Social media in Chinese government: Drivers, challenges and capabilities. Gov. Inf. Q. 2013, 30, 369–376. [CrossRef]
6. Stockmann, D.; Luo, T. Authoritarianism 2.0: Social Media and Political Discussion in China; Leiden University: Leiden, The Netherlands,

2015.
7. Jiang, M.; Fu, K.-W. Chinese Social Media and Big Data: Big Data, Big Brother, Big Profit? Policy Internet 2018, 10, 372–392.

[CrossRef]
8. Jin, Y. The effects of public’s cognitive appraisal of emotions in crises on crisis coping and strategy assessment. Public Relat. Rev.

2009, 35, 310–313. [CrossRef]
9. Stieglitz, S.; Dang-Xuan, L. Emotions and Information Diffusion in Social Media—Sentiment of Microblogs and Sharing Behavior.

J. Manag. Inf. Syst. 2013, 29, 217–248. [CrossRef]
10. Moon, M.J. Fighting COVID-19 with Agility, Transparency, and Participation: Wicked Policy Problems and New Governance

Challenges. Public Adm. Rev. 2020, 80, 651–656. [CrossRef] [PubMed]
11. Haug, N.; Geyrhofer, L.; Londei, A.; Dervic, E.; Desvars-Larrive, A.; Loreto, V.; Pinior, B.; Thurner, S.; Klimek, P. Ranking the

effectiveness of worldwide COVID-19 government interventions. Nat. Hum. Behav. 2020, 4, 1303–1312. [CrossRef]
12. Koliba, C.J.; Mills, R.M.; Zia, A. Accountability in Governance Networks: An Assessment of Public, Private, and Nonprofit

Emergency Management Practices Following Hurricane Katrina. Public Adm. Rev. 2011, 71, 210–220. [CrossRef]
13. Linders, D. From e-government to we-government: Defining a typology for citizen coproduction in the age of social media. Gov.

Inf. Q. 2012, 29, 446–454. [CrossRef]
14. Myers, S.A.; Sharma, A.; Gupta, P.; Lin, J. Information network or social network? The structure of the Twitter follow graph. In

Proceedings of the 23rd International Conference on World Wide Web, Seoul, Korea, 7–11 April 2014; pp. 493–498.
15. Schoder, D.; Gloor, P.A.; Metaxas, P.T. Social Media and Collective Intelligence—Ongoing and Future Research Streams. KI 2012,

27, 9–15. [CrossRef]
16. Park, C.S. Does Twitter motivate involvement in politics? Tweeting, opinion leadership, and political engagement. Comput. Hum.

Behav. 2013, 29, 1641–1648.
17. Han, W.; Zhu, X.; Zhu, Z.; Chen, W.; Zheng, W.; Lu, J. A comparative analysis on Weibo and Twitter. Tsinghua Sci. Technol. 2016,

21, 1–16. [CrossRef]
18. Chen, S.; Zhang, H.; Lin, M.; Lv, S. Comparision of microblogging service between Sina Weibo and Twitter. In Proceedings

of the 2011 International Conference on Computer Science and Network Technology, Harbin, China, 24–26 December 2011;
pp. 2259–2263.

19. Bolsover, G.; Howard, P. Chinese computational propaganda: Automation, algorithms and the manipulation of information
about Chinese politics on Twitter and Weibo. Inf. Commun. Soc. 2019, 22, 2063–2080. [CrossRef]

20. Stockmann, D. Big Data from China and Its Implication for the Study of the Chinese State—A Research Report on the 2014 Hongkong
Protests on Weibo; Leiden University: Leiden, The Netherlands, 2015.

21. Chen, Y.; Fay, S.; Wang, Q. The Role of Marketing in Social Media: How Online Consumer Reviews Evolve. J. Interact. Mark. 2011,
25, 85–94. [CrossRef]

22. Lin, X.; Lachlan, K.A.; Spence, P.R. Exploring extreme events on social media: A comparison of user reposting/retweeting
behaviors on Twitter and Weibo. Comput. Hum. Behave. 2016, 65, 576–581. [CrossRef]

23. Gao, Q.; Abel, F.; Houben, G.-J.; Yu, Y. A Comparative Study of Users’ Microblogging Behavior on Sina Weibo and Twitter; Springer:
Berlin/Heidelberg, Germany, 2012; pp. 88–101.

24. Kim, S.; Sung, K.H.; Ji, Y.; Xing, C.; Qu, J.G. Online firestorms in social media: Comparative research between China Weibo and
USA Twitter. Public Relat. Rev. 2021, 47, 102010. [CrossRef]

25. Spence, P.R.; Lachlan, K.A.; Lin, X.; Del Greco, M. Variability in Twitter Content Across the Stages of a Natural Disaster:
Implications for Crisis Communication. Commun. Q. 2015, 63, 171–186. [CrossRef]

26. Lee, K.; Agrawal, A.; Choudhary, A.N. Mining Social Media Streams to Improve Public Health Allergy Surveillance. In
Proceedings of the 2015 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining, Paris,
France, 25–28 August 2015; pp. 815–822.

http://doi.org/10.1016/j.giq.2010.07.002
http://doi.org/10.3233/IP-2012-000281
http://doi.org/10.1016/j.giq.2013.05.017
http://doi.org/10.1002/poi3.187
http://doi.org/10.1016/j.pubrev.2009.02.003
http://doi.org/10.2753/MIS0742-1222290408
http://doi.org/10.1111/puar.13214
http://www.ncbi.nlm.nih.gov/pubmed/32836434
http://doi.org/10.1038/s41562-020-01009-0
http://doi.org/10.1111/j.1540-6210.2011.02332.x
http://doi.org/10.1016/j.giq.2012.06.003
http://doi.org/10.1007/s13218-012-0228-x
http://doi.org/10.1109/TST.2016.7399279
http://doi.org/10.1080/1369118X.2018.1476576
http://doi.org/10.1016/j.intmar.2011.01.003
http://doi.org/10.1016/j.chb.2016.04.032
http://doi.org/10.1016/j.pubrev.2021.102010
http://doi.org/10.1080/01463373.2015.1012219


Int. J. Environ. Res. Public Health 2021, 18, 6487 19 of 20

27. Yom-Tov, E. Ebola Data from the Internet: An Opportunity for Syndromic Surveillance or a News Event? Assoc. Comput. Mach. 2015.
[CrossRef]

28. Palen, L.; Anderson, K.M. Crisis informatics—New data for extraordinary times. Science 2016, 353, 224–225. [CrossRef]
29. Siyam, N.; Alqaryouti, O.; Abdallah, S. Mining government tweets to identify and predict citizens engagement. Technol. Soc. 2020,

60, 101211. [CrossRef]
30. Goel, R.; Sharma, R. Studying leaders & their concerns using online social media during the times of crisis—A COVID case study.

Soc. Netw. Anal. Min. 2021, 11, 1–12.
31. Wicke, P.; Bolognesi, M.M. Framing COVID-19: How we conceptualize and discuss the pandemic on Twitter. PLoS ONE 2020,

15, e0240010. [CrossRef] [PubMed]
32. Thelwall, M.; Thelwall, S. Covid-19 tweeting in English: Gender differences. EL Prof. Inf. 2020, 29. [CrossRef]
33. Cao, S.; Yue, W. Topic mining and evolution analysis of public opinion on Microblog of public health emergencies. Inf. Resour.

Manag. J. 2020, 10, 28–37.
34. Li, S.; Wang, Y.; Xue, J.; Zhao, N.; Zhu, T. The Impact of COVID-19 Epidemic Declaration on Psychological Consequences: A Study

on Active Weibo Users. Int. J. Environ. Res. Public Health 2020, 17, 2032. [CrossRef]
35. Li, J.; Xu, Q.; Cuomo, R.; Purushothaman, V.; Mackey, T. Data Mining and Content Analysis of the Chinese Social Media Platform

Weibo During the Early COVID-19 Outbreak: Retrospective Observational Infoveillance Study. JMIR Public Health Surveill. 2020,
6, e18700. [CrossRef]

36. Su, Y.; Xue, J.; Liu, X.; Wu, P.; Chen, J.; Chen, C.; Liu, T.; Gong, W.; Zhu, T. Examining the Impact of COVID-19 Lockdown in
Wuhan and Lombardy: A Psycholinguistic Analysis on Weibo and Twitter. Int. J. Environ. Res. Public Health 2020, 17, 4552.
[CrossRef]

37. Mollema, L.; Harmsen, I.A.; Broekhuizen, E.; Clijnk, R.; De Melker, H.; Paulussen, T.; Kok, G.; Ruiter, R.; Das, E. Disease Detection
or Public Opinion Reflection? Content Analysis of Tweets, Other Social Media, and Online Newspapers During the Measles
Outbreak in the Netherlands in 2013. J. Med. Internet Res. 2015, 17, e128. [CrossRef] [PubMed]

38. Fink, S. Crisis Management: Planning for the Inevitable; American Management Association: New York, NY, USA, 1986; p. 15.
39. Pearson, C.M.; Mitroff, I.I. From crisis prone to crisis prepared: A framework for crisis management. Acad. Manag. Perspect. 1993,

7, 48–59. [CrossRef]
40. Coombs, W.T. Ongoing Crisis Communication: Planning, Managing, and Responding; Sage Publications: London, UK, 2014.
41. Yang, Y.; Deng, W.; Zhang, Y.; Mao, Z. Promoting Public Engagement during the COVID-19 Crisis: How Effective Is the Wuhan

Local Government’s Information Release? Int. J. Environ. Res. Public Health 2020, 18, 118. [CrossRef]
42. Xia, Q.; Ye, X. National Media Coverage of SARS Crisis (February to May 2003). J. Commun. 2003, 2, 56–65.
43. Reynolds, B. Zika Crisis and Emergency Risk Communication (CERC) Discussion: What the Public Needs When Risks

Are Uncertain. Available online: https://www.cdc.gov/zika/zap/pdfs/Crisis-and-Emergency-Risk-Communication.pdf
(accessed on 14 September 2020).

44. Goleman, D. What makes a leader? Harv. Bus. Rev. 2004, 82, 82–91.
45. Valente, T.W.; Pumpuang, P. Identifying Opinion Leaders to Promote Behavior Change. Health Educ. Behav. 2006, 34, 881–896.

[CrossRef] [PubMed]
46. Katz, E.; Lazarsfeld, P.F. Personal Influence: The Part Played by People in the Flow of Mass Communication; The Free Press: New York,

NY, USA, 1955.
47. Dubois, E.; Gaffney, D. The multiple facets of influence: Identifying political influentials and opinion leaders on Twitter. Am.

Behav. Sci. 2014, 58, 1260–1277. [CrossRef]
48. Keller, E.; Berry, J. One American in Ten Tells the Other Nine How to Vote, Where to Eat and, What to Buy; The Free Press: New York,

NY, USA, 2003.
49. Karlsen, R. Followers are opinion leaders: The role of people in the flow of political communication on and beyond social

networking sites. Eur. J. Commun. 2015, 30, 301–318. [CrossRef]
50. Dewi, F.K.; Yudhoatmojo, S.B.; Budi, I. Identification of opinion leader on rumor spreading in online social network Twitter using

edge weighting and centrality measure weighting. In Proceedings of the Twelfth International Conference on Digital Information
Management (ICDIM), Fukuoka, Japan, 12–14 September 2017; pp. 313–318.

51. Yoo, Y.; Alavi, M. Emergent leadership in virtual teams: What do emergent leaders do? Inf. Organ. 2004, 14, 27–58. [CrossRef]
52. Cassell, J.; Huffaker, D.; Tversky, D.; Ferriman, K. The language of online leadership: Gender and youth engagement on the

Internet. Dev. Psychol. 2006, 42, 436. [CrossRef] [PubMed]
53. Welser, H.T.; Gleave, E.; Fisher, D.; Smith, M. Visualizing the signatures of social roles in online discussion groups. J. Soc. Struct.

2007, 8, 1–32.
54. Bertot, J.C.; Jaeger, P.T.; Grimes, J.M. Using ICTs to create a culture of transparency: E-government and social media as openness

and anti-corruption tools for societies. Gov. Inf. Q. 2010, 27, 264–271. [CrossRef]
55. Huang, X.; Chen, D.; Wang, D.; Ren, T. Identifying Influencers in Social Networks. Entropy 2020, 22, 450. [CrossRef]
56. Haustein, S.; Bowman, T.D.; Holmberg, K.; Peters, I.; Larivière, V. Astrophysicists on Twitter: An in-depth analysis of tweeting

and scientific publication behavior. Aslib J. Inf. Manag. 2014, 66, 279–296. [CrossRef]
57. Wu, M.Y.; Shen, C.-Y.; Wang, E.T.; Chen, A.L.P. A deep architecture for depression detection using posting, behavior, and living

environment data. J. Intell. Inf. Syst. 2018, 54, 225–244. [CrossRef]

http://doi.org/10.1145/2750511.2750512
http://doi.org/10.1126/science.aag2579
http://doi.org/10.1016/j.techsoc.2019.101211
http://doi.org/10.1371/journal.pone.0240010
http://www.ncbi.nlm.nih.gov/pubmed/32997720
http://doi.org/10.3145/epi.2020.may.01
http://doi.org/10.3390/ijerph17062032
http://doi.org/10.2196/18700
http://doi.org/10.3390/ijerph17124552
http://doi.org/10.2196/jmir.3863
http://www.ncbi.nlm.nih.gov/pubmed/26013683
http://doi.org/10.5465/ame.1993.9409142058
http://doi.org/10.3390/ijerph18010118
https://www.cdc.gov/zika/zap/pdfs/Crisis-and-Emergency-Risk-Communication.pdf
http://doi.org/10.1177/1090198106297855
http://www.ncbi.nlm.nih.gov/pubmed/17602096
http://doi.org/10.1177/0002764214527088
http://doi.org/10.1177/0267323115577305
http://doi.org/10.1016/j.infoandorg.2003.11.001
http://doi.org/10.1037/0012-1649.42.3.436
http://www.ncbi.nlm.nih.gov/pubmed/16756436
http://doi.org/10.1016/j.giq.2010.03.001
http://doi.org/10.3390/e22040450
http://doi.org/10.1108/AJIM-09-2013-0081
http://doi.org/10.1007/s10844-018-0533-4


Int. J. Environ. Res. Public Health 2021, 18, 6487 20 of 20

58. Daud, A.; Li, J.; Zhou, L.; Muhammad, F. Knowledge discovery through directed probabilistic topic models: A survey. Front.
Comput. Sci. China 2010, 4, 280–301. [CrossRef]

59. Hagen, L.; Harrison, T.M.; Uzuner, Ö.; Fake, T.; Lamanna, D.; Kotfila, C. Introducing textual analysis tools for policy informatics:
A case study of e-petitions. In Proceedings of the 16th Annual International Conference on Digital Government Research, Phoenix,
AZ, USA, 27–30 May 2015; pp. 10–19.

60. Qian, S.; Zhang, T.; Xu, C.; Shao, J. Multi-Modal Event Topic Model for Social Event Analysis. IEEE Trans. Multimed. 2015,
18, 233–246. [CrossRef]

61. Song, M.; Kim, M.C.; Jeong, Y.K. Analyzing the Political Landscape of 2012 Korean Presidential Election in Twitter. IEEE Intell.
Syst. 2014, 29, 18–26. [CrossRef]

62. Blei, D.M.; Lafferty, J.D. Dynamic Topic Models. In Proceedings of the 23rd International Conference on Machine Learning,
Pittsburgh, PA, USA, 25–29 June 2006; pp. 113–120.

63. Ma, B.; Zhang, N.; Liu, G.; Li, L.; Yuan, H. Semantic search for public opinions on urban affairs: A probabilistic topic modeling-
based approach. Inf. Process. Manag. 2016, 52, 430–445. [CrossRef]

64. Gruhl, D.; Liben-Nowell, D.; Guha, R.; Tomkins, A. Information diffusion through blogspace. ACM SIGKDD Explor. Newsl. 2004,
6, 43–52. [CrossRef]

65. Barbosa, C.M.G.; Félix, L.G.D.S.; Alves, A.P.S.; Xavier, C.R.; Vieira, V.D.F. SaraBotTagger—A Light Tool to Identify Bots in Twitter.
In Econometrics for Financial Applications; Springer: Berlin/Heidelberg, Germany, 2021; pp. 104–116.

66. Jain, L.; Katarya, R. Discover opinion leader in online social network using firefly algorithm. Expert Syst. Appl. 2019, 122, 1–15.
[CrossRef]

67. Bezerianos, A.; Chevalier, F.; Dragicevic, P.; Elmqvist, N.; Fekete, J.D. Graphdice: A system for exploring multivariate social
networks. In Computer Graphics Forum; Blackwell Publishing: Oxford, UK, 2010.

68. Zhang, J.; Tong, L.; Lamberson, P.; Durazo-Arvizu, R.; Luke, A.; Shoham, D. Leveraging social influence to address overweight
and obesity using agent-based models: The role of adolescent social networks. Soc. Sci. Med. 2015, 125, 203–213. [CrossRef]
[PubMed]

69. Kolli, S.; Khajeheian, D. How Actors of Social Networks Affect Differently on the Others? Addressing the Critique of Equal
Importance on Actor-Network Theory by Use of Social Network Analysis. In Contemporary Applications of Actor Network Theory;
Palgrave Macmillan: Singapore, 2020; pp. 211–230.

70. Wasserman, S.; Faust, K. Social Network Analysis: Methods and Applications; Cambridge University Press: Cambridge, UK, 1994.
71. Gunasekaran, S.; Nagarajan, N. A new group mobility model for mobile adhoc network based on unified relationship matrix.

WTOC 2008, 7, 58–67.
72. Bodendorf, F.; Kaiser, C. Detecting opinion leaders and trends in online social networks. In Proceedings of the 2nd ACM

Workshop on Video Summarization—TVS’08, Vancouver, BC, Canada, 31 October 2008; pp. 65–68.
73. Srinivas, A.; Velusamy, R.L. Identification of influential nodes from social networks based on Enhanced Degree Centrality Measure.

In Proceedings of the 2015 IEEE International Advance Computing Conference (IACC), Bangalore, India, 12–13 June 2015; pp.
1179–1184.

74. Bródka, P.; Skibicki, K.; Kazienko, P.; Musiał, K. A degree centrality in multi-layered social network. In Proceedings of the 2011
International Conference on Computational Aspects of Social Networks (CASoN), Salamanca, Spain, 19–21 October 2011.

75. Freeman, L.C. Centrality in Social Networks Conceptual Clarification. Soc. Netw. 1978, 1, 215–239. [CrossRef]
76. Burt, R.S. Structural Holes: The Social Structure of Competition; Harvard University Press: Cambridge, MA, USA, 2009.
77. Simons, G. Swedish Government and Country Image during the International Media Coverage of the Coronavirus Pandemic

Strategy: From Bold to Pariah. J. Media 2020, 1, 41–58. [CrossRef]
78. Zhongdang, P. Improving Reform Activities: The Changing Reality of Journalistic Practices in China. In Power, Money, and Media:

Communication Patterns and Bureaucratic Control in Cultural China; Northweatwen University Press: Evanston, IL, USA, 2000;
pp. 68–111.

79. Tandoc, E.C.; Eng, N. Climate change communication on Facebook, Twitter, Sina Weibo, and other social media platforms. In
Oxford Research Encyclopedia of Climate Science; Oxford University Press: Oxford, UK, 2017.

80. Jiang, H.; Qiang, M.; Lin, P. Assessment of online public opinions on large infrastructure projects: A case study of the Three
Gorges Project in China. Environ. Impact Assess. Rev. 2016, 61, 38–51. [CrossRef]

http://doi.org/10.1007/s11704-009-0062-y
http://doi.org/10.1109/TMM.2015.2510329
http://doi.org/10.1109/MIS.2014.20
http://doi.org/10.1016/j.ipm.2015.10.004
http://doi.org/10.1145/1046456.1046462
http://doi.org/10.1016/j.eswa.2018.12.043
http://doi.org/10.1016/j.socscimed.2014.05.049
http://www.ncbi.nlm.nih.gov/pubmed/24951404
http://doi.org/10.1016/0378-8733(78)90021-7
http://doi.org/10.3390/journalmedia1010004
http://doi.org/10.1016/j.eiar.2016.06.004

	Introduction 
	Literature Review 
	Comparison between the Twitter and Weibo Platforms 
	Online Discourse on COVID-19 
	Theory Guiding: Crisis Lifecycle and Opinion Leaders 

	Methods 
	Data Collection 
	Data Preprocessing 
	Structure Topic Model with LDA 
	Temporal Analysis 
	Social Network Analysis 

	Results 
	LDA Analysis Results 
	Temporal Analysis Results 
	Social Network Analysis Results 

	Conclusions 
	References

