Who shapes crisis communication on Twitter? An analysis of German
influencers during the COVID-19 pandemic

Abstract

Twitter is becoming an increasingly important
platform for disseminating information during crisis
situations, such as the COVID-19 pandemic. Effective
crisis communication on Twitter can shape the public
perception of the crisis, influence adherence to
preventative measures, and thus affect public health.
Influencers are particularly important as they reach
larger audiences more quickly. This study identifies
influencers in German-language crisis communication
from almost 3 million tweets collected between January
and May 2020 by constructing a retweet network and
calculating PageRank values. We capture the volatility
of crisis communication by structuring our analysis into
seven stages based on key events during the pandemic
and we profile influential accounts into roles. QOur
analysis shows that news and journalist accounts were
influential throughout all phases, while government
accounts were particularly important shortly before
and after the lockdown was instantiated. We discuss
implications for crisis communication during health
crises and for analyzing long-term crisis data.

1. Introduction

Over the last decade, social media has evolved
into an important tool for procuring and disseminating
information in different domains [1]. The low
transaction costs to exchange information, in addition
to the significantly higher usage of mobile devices over
the last years, further increased the rates in which
ad-hoc information is shared [2]. As individuals
use social media platforms as an information source
during crises [3, 4], they present an opportunity for
the government and health organizations to quickly
disseminate crisis-relevant information among the
public and shape public perception of the crises.
Thereby, the communication of crisis managers and
stakeholders can influence individual perceptions of the
crisis positively or negatively [5], and the trust of the

population depends on the measures taken by these
actors [6]. Crisis communication can also influence the
perceived risk or threat posed by a crisis and thereby
influence the adherence to preventative measures, and
ultimately the safety of society [7]. Misleading
information on preventative measures shared on social
media can influence behavior and cause fatal injuries if
the information is inaccurate [8]. Thus, understanding
crisis communication on social media can support
managing crises more effectively [9] by enabling health
professionals, researchers, and policymakers to better
protect public health, improve policy decisions and
provide quality health information [10].

In the ongoing health crisis caused by the
coronavirus disease (COVID-19) outbreak, Twitter
became a key communication and public health
dissemination tool [11] and provide the opportunity to
positively influence the health of large audiences[12].
In Germany, 22% of the internet users were active
Twitter users in 2020, compared to only 7% back in
2015 [13], making Twitter an increasingly important
platform to disseminate and gather information during
crises. Thereby, some Twitter users have a particularly
big influence on the network and reach a large
audience. The content which these influencers share
is distributed in micro-networks on the platform and
therefore receives a lot of attention from many people
[14]. In the case of the COVID-19 pandemic, the
national, state, and local governments of different
countries had to implement preventative measures to
inhibit the spread of the virus, such as washing hands,
wearing face masks, and social distancing. Here,
influencers could raise awareness of health issues and
initiate changes at the societal level [15, 16] which could
improve the crisis response during pandemics. Thus, an
analysis of those users who have a major influence on
others is particularly important for understanding crisis
communication and could be decisive for preventing or
attenuating future COVID-19 infection waves [17].

However, crises can be complex, often involve
different stakeholders, and evolve over time. As the



crisis changes, so do crisis communication. One option
to consider the dynamic course of crisis communication
in the analysis is to separate the communication into
several timeframes [18]. Previous research categorized
crises into multiple stages [19, 20] which capture
the different behaviors and emotions that individuals
might exhibit and experience depending on the current
development of the crisis. For example, before (or at the
beginning of a crisis), there might be higher uncertainty,
perceived risk, and associated information-seeking
behavior than in later crisis stages. Furthermore, as
the COVID-19 pandemic evolved differently in different
countries and local authorities responded differently
to the threat, an investigation of the connection
between the development of the pandemic and public
communication must consider geographical factors.
Therefore, like Park, Park, and Chong [21], who
analyzed the COVID-19 conversation in Korea, this
research focuses on German-language communication.
To summarize, the social media platform Twitter is
an important platform for crisis communication and
could support (or hinder) effective crisis response.
Thereby, influencers have a larger impact on the content
which gets distributed in a network and can thus
shape crisis communication. Lastly, the stage of the
crisis and geographical location are relevant boundary
conditions potentially influencing crisis communication.
Against this background, we pose the following research
question:

RQ: Who are the German-speaking influencers on
Twitter during the different stages of the COVID-19
pandemic?

To answer the research question, we analyzed 3 million
tweets from different stages of the COVID-19 pandemic
by constructing a retweet network and calculating
the PageRank to determine the top influencers. For
each stage, the influencers’ accounts were manually
reviewed and profiled into roles. Our research
contributes to practice by illustrating which accounts
had the most influence on the public debate during
the COVID-19 pandemic, which could support the
evaluation of past and the management of future crises
[18, 9] Furthermore, we contribute to research by
developing a structured approach for analyzing volatile
crisis communication based on key events and in
relation to the stages of a crisis. The remainder
of the paper is structured as follows: We provide a
theoretical background on social media analytics and
crisis communication in the next section. Then, we
describe our method and the tools used to identify
influencers in the different stages. Afterward, we
describe and discuss the results and limitations of this
research and discuss possible future work.

2. Literature Background

In this section, we discuss relevant previous
work on crisis communication, social media analytics,
influencers in crisis communication and provide a
brief overview of the development of the COVID-19
pandemic in Germany.

2.1. Crisis Communication

In severe crises, such as natural disasters,
pandemics, or terrorist attacks, the public often
experiences uncertainty and negative emotions [22].
The crisis communication of the media, government,
organizations, and among citizens can shape the
perception of the crisis and behavioral responses to the
threat [6]. For example, the perceived risk or threat of
the crisis can influence the willingness and capability of
individuals to adhere to protective behavioral measures
[7]. Furthermore, the language used to describe a
crisis can foster discrimination of individuals and
groups. For example, the at-the-time US President
Donald Trump frequently used the term ”Chinese
virus” to describe SARS-CoV-2, associating the virus
with ethnicity, which, especially at the beginning of
the crisis, contributed to increased racism towards
phenotypically Asian individuals [23]. Thereby,
crisis communication changes in accordance with the
development of the crisis. To account for the dynamic
course of crisis communication, the analysis can be
separated into several timeframes [18]. For example,
Chew and Eysenbach used 4-week periods to analyze
the Twitter communication regarding misinformation
during the HIN1 pandemic of 2009 [24]. However,
the selection of these timeframes tends to be arbitrary
concerning the development of the crisis itself. The
development of a crisis was formalized by Fink [19],
who structured crises into four stages according to
certain characteristics and key events. In the prodromal
stage (1) first signs of a possible crisis can be observed.
A key event then initiates the crisis breakout stage (2).
In the chronic stage (3), the effects of the crisis are
visible over a longer period and despite taking measures.
Finally, in the resolution stage (4), stakeholders and the
public no longer consider the situation to be threatening.
In this research, we combine the described approaches
in the analysis of crisis communication by selecting the
time frames following the stages of the crisis, as defined
by key events.



2.2. Social media analytics for crisis
communication

Nowadays, social media is used to communicate
with family, friends, and acquaintances to share content,
exchange opinions, and obtain information. In times
of uncertainty, individuals use Social Media platforms
to communicate with each other, gather information,
and make sense of the situation [25]. Primarily Twitter
and Facebook evolved into important mediums for crisis
communication both as an information source and a
communication channel [4]. Thereby, social media
has become an important tool to disseminate (health)
information among the public during crises but also to
draw inferences on the public perception and response to
disease outbreaks by using social media analytics [11].
A recent study showed that the organizational account
is also involved in crisis communication, and around
53% of them spread harmful content [26]. Not only on
Twitter, but it is spread over multiple platforms [27, 28].

2.3. Influencers in crisis communication

As information spreads more effectively on Social
Media if it is shared by accounts that are influential
within the network [15, 16], identifying influential
accounts on Social Media marks an important step
towards understanding crisis communication on
Social Media and the role of government and health
organizations in it. There are different definitions
for influential accounts [29, 30]. In this research,
we adopt the definition of Bakshy et al.[31], who
define Influencers as “individuals accounts who
disproportionately impact the spread of information or
some related behavior of interest” (p. 2). Influence
can be measured and quantified, for example, by
considering the number of followers of an account
(i.e., the popularity of an account) as it determines
how many people will see the post. However, if the
post’s viewers are passive recipients, the information
will not disseminate further through the network
[32]. Therefore, an important measure is the level
of engagement of Social Media users with the
shared information by an account and their number
of followers, as the interactions of users strongly
impact further dissemination of the information within
the network [32]. On Twitter, retweets, replies,
and mentions are forms of engagement [33, 34]
and especially retweets as an act of sharing content
generated by other users increase the range and visibility
of the information [35]. Thus, measures for influence
increasingly analyze the account under consideration
and the associated retweet network. A well-known
measure that considers network information to quantify

the influence of an account is eigenvector centrality
[36]. Researchers argue that it is a suitable value in
measuring node influence since this approach considers
how influential the accounts retweeted the message’s
original message [37]. A variation of this measure is the
PageRank algorithm which was specifically developed
for directed graphs (such as retweet networks) and
integrating the flow of influence to compute the
authority of a node in a network [38]. Originally
developed by Google and used to rank websites in
Google search [39], it is applied for various purposes
such as measuring influence in Social Networks [16].
For instance, it has been applied on graphs of retweets
and replies for the analysis of influencers on Twitter
[40]. Furthermore, compared to eigenvector centrality,
the degree centrality of the neighbors is added up
and divided by the number of successors. This limits
the value of a node by its importance within the
neighborhood [41]. Using a dampener for each hop in
the researched nodes’ neighborhood, the effect of direct
and indirect influence decreases. Therefore, in this
research, PageRank is chosen to measure the influence
of the accounts.

24. COVID-19 in Germany

COVID-19 is an infectious respiratory disease that
first appeared in Wuhan, China, in December 2019
[42]. It quickly spread in China and other countries
around the world and caused an ongoing global health
crisis. In Germany, the first cases were confirmed
from January 28, 2020 [43]. To slow the spread of
the disease, the German government recommended the
cancellation of major events on March 9, closed schools
from March 16, and instantiated a nationwide lockdown
with physical contact restrictions (’social distancing”)
between March 23 and April 19. Since then, restrictions
were partially loosened and are re-instantiated locally
in response to rising infection numbers. To date (June
15, 2021), 3.716.170 Germans were tested positive,
and 89.937 people died from COVID-19. Besides
the detrimental health implications, the pandemic also
increased unemployment by 14 % from March to April
alone [44] and is still causing severe economic cuts, for
example, for restaurants, the performing arts, and local
businesses. The Kiel Institute for the world economy
estimated at the end of April that economic performance
in Germany dropped by about 20% during the lockdown
[45]. Regardless of these negative impacts, it is likely
many of the restrictions will persist until a critical
proportion of the population is vaccinated. Thereby,
effective crisis communication could improve adherence
to preventative measures and public opinion of the crisis



Phase Time Short Description Stage of
crisis[19]
1 01/28/20 First infections  Prodromal

- started in some stage
02/26/20 region of Germany

2 02/27/20 Spread of infection Breakout
- in other federal stage

03/08/20 states of Germany

3 03/09/20 Two weeks  Chronic

- before = lockdown stage
03/22/20 announced by the
government
4 03/23/20 First half of  Chronic
- lockdown in stage
04/05/20 Germany
5 04/06/20 Second half of Chronic

- lockdown in stage
04/19/20 Germany

6 04/20/20 The government  Chronic
- started first stage
05/03/20 relaxations

7 05/10/20 The government  Chronic
- gave further stage
05/22/20 relaxations and

the situation
normalized.

Table 1. Division into multiple crisis phases with
their respective names, the categorization, according
to Fink [19], and the corresponding number of tweets

within the dataset

management.
3. Research Method

In this study, we have used the social media
framework [2] to guide the data collection and analysis
of Twitter data. The social media analytics process is
visualized in Figure 1. In the following section, we
provide a detailed description of the data collection and
method used to identify and profile influencers.

3.1. Data Collection

We have collected the data between January 28
and May 22, 2020, by applying a self-developed Java
crawler using the Twitter4] library and saving it in a
MySQL database. Since the terms and expressions
used to refer to the COVID-19 pandemic changed
over time, three separate crawling processes were
conducted. First, worldwide German-speaking
tweets were collected from January 28 to May

22, 2020, by tracking the following hashtags:
#Coronavirus, #nCoV2019, #WuhanCoronaVirus,
#WuhanVirus, #CoronaVirusOutbreak, #Ncov2020,
and #coronaviruschina. Since the coronavirus got an
official name by the WHO in February, new hashtags
and terms appeared in the public discourse, which
should be involved in the tracking process in order to
retrieve a reliable data set. Thus, a second data crawling
from February 27 to May 22, 2020, was conducted
by tracking tweets using the hashtags: #covidl9,
#covid-19, #covid_19, #sarscov2, #covid, #cov and
#corona. Furthermore, German-language tweets were
crawled from March 8 to May 22, 2020, containing the
following terms: ‘“corona Germany”, #COVIDI19de,
#coronapocalypse, #staythefuckhome, #flattenthecurve
and #stopthespread. Finally, we filtered the tweets in
the German language, and all three crawled data sets
were merged, and duplicates were removed.

3.2. Data Processing

For the phase-wise analysis, the data set needed to be
divided into different subsets. Considering the overall
situation of COVID-19 in Germany, we divided the
time span into different phases [46] following the key
events provided by the Federal Ministry of Health [47].
Each phase was classified according to Fink’s four-stage
model [19]. The fourth stage, the resolution stage,
had not been reached in the tracked time frame due to
the ongoing threat posed by the COVID-19 pandemic
and is therefore not included in the classification.
The phases and their classification are shown in table
1. The first period covers the recording of the first
infection in Germany until it spreads to other federal
states, indicating the first signs of an impending crisis.
Therefore, it can be compared to the first stage of Fink’s
model [19]. Both subsequent periods reflect the phase
before the lockdown in Germany and thus are essential
phases in which communication increases and changes
due to the rising level of perceived dread [48]. At the
time of the lockdown, we define two phases as Jones
et al. [49] imply that there are several peaks within
a lockdown during short-term crisis communication,
which we also want to investigate for long-lasting crises.

Furthermore, previous research [49] showed the
occurrence of a relaxation phase after a lockdown,
which was also investigated in this study. In Germany,
this relaxation of the lockdown took place in two steps.
In the first step, the lockdown was partly revoked so that
small shops and restaurants were allowed to open under
certain conditions like mask obligation and distance
regulation. In a second step, it was left to the federal
states to carry out further relaxation, which is why
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Figure 1. The framework used for analysis of public
discourse on Twitter.

there are differences in timing. During this second
relaxation, larger shops and service providers such as
hairdressers were also allowed to work with restrictions.
Based on the division into subsets described above,
further preprocessing and analysis was carried out. Each
preprocessing and analysis step was conducted on each
phase. Influential users were identified based on a
retweet network [50]. Using R in RStudio [51], the
retweet network was constructed, resulting in a directed
graph with nodes representing users who retweeted at
least once or who retweeted at least once. The retweets
are represented by edges from the retweeting user to the
author of the original tweet. Nodes that do not have an
edge at all are considered noisy and therefore extracted
from the network.

3.3. Influencer Analysis

To identify influential accounts, we evaluated the
user’s PageRank score in a retweet network. In doing
so, the top 100 influencers were identified in each
phase using Gephi and their implemented version of
PageRank with a probability of .85, epsilon of .001,
and considering edge weights. Consequently, the
influencers were profiled into roles in order to gain
further insights into who shapes the Twitter debate.
According to [52], who identified and categorized
important Twitter users during the swine flu debate,
influencers were classified into multiple categories.
Similar to Stieglitz et al. [4], who identified roles within
the sensemaking process during a crisis, we partially
adopted information sources such as government, a
public person (journalist), a public person (politician),
a public person (celebrity), other public person and
private person as roles. Additionally, the categories
news, health professional, and science-related accounts
were adapted from McNeill, Harris, and Briggs[53] who
categorized users into pandemic relevant categories.
Moreover, we added the category organization
(non-health-related) and organization (health-related).

This resulted in 11 distinct categories: science-related
account, organization (non-health-related), organization
(health-related), health professional, private person,
other public people, the public person (celebrity),
public person(politician), the public person(journalist),
government, news. If a user fitted into more than one
role, the content of the tweets was examined, and the
category was chosen according to the predominating
content of the tweets. The annotation process for
roles included three annotators, and the labeling was
conducted by examining the Twitter accounts and
considering further information from the internet. First,
two annotators independently labeled the influencers,
and the results were compared. Disagreements were
discussed until a consensus was reached. Subsequently,
the coding book was specified in more detail in order
to achieve a consistent and uniform annotation. A
third annotator then used the adapted coding scheme
to annotate the influencers, and these results were
compared with the consensus reached by the first two
annotators. In the first round, the interrater reliability
of .643 was computed using Cohen’s kappa [54]. After
reaching a consensus between the two researchers, this
consensus was then compared to the categorization
of the third researcher who was using the generated
codebook. The resulting Cohen’s kappa of .777 signaled
good interrater reliability. To unify the categorization of
the first and second rounds, deviations in classification
were discussed until consensus was reached.

4. Results

Descriptive information of the included accounts and
tweets in the seven phases is provided in 2. With the
spread of the infections in Germany, the communication
on the topic increased. Within each phase, we identified
the top 100 influential accounts by evaluating the user’s
PageRank scores. As mentioned before, these accounts
were subsequently divided into different categories
to give further insight into the German-speaking
influencers shaping the communication on Twitter
during the COVID-19 pandemic. Eight accounts were
removed from the record because they were deleted or
blocked at the time of labeling.

Figure 2 provides an overview of the identified
influencers in the seven stages of the pandemic. The
results show that most of the identified influencers
belong to the categories news, public person (journalist),
and government.  Of these three categories, the
influencers of the government category are not strongly
present in all phases, as this category is much less
present in the first and last phases. In contrast, however,
the influencing private persons are more often present
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Figure 2. Graphical representation of the
distribution of influencers among the seven phases.

in these two phases and less often in the intermediate
ones. Here, private persons don’t include explicitly to
the celebrities. In Figure 3, the development of the
influence of these accounts is illustrated. Thereby, news
accounts and those of journalists were combined.

Another aspect that is noticeable in the distribution
is that health-related influencers are generally not very
often present, have a peak in the second phase, and
decrease afterward. Only one influencer was regarded
as a celebrity in the first phase, and no other celebrities
were identified in other phases.  No remarkable
observations were found for the influencers of the other
categories, and the number of influencers remained
relatively constant throughout the phases.

5. Discussion

The identification and categorization of the
influencers delivered a useful insight into the dynamics
of the accounts which affect the public debate most
during the different stages of the crisis. Similar to the
research of Szomszor, Kostkova, and St Louis [55],
who analyzed the preferences of trusted or untrusted
sources while promoting online material on Twitter
during the swine flu pandemic, we found that posts from
news related users which are seen as trusted sources
(categories: news and public person (journalist))
were generally popular during the predefined phases.
However, contrary to the findings during the swine flu
pandemic, health-related users were only influential
during the breakout stage and had little influence in
the other phases. This might be explained by the
fact that when the virus started spreading in different
federal states, COVID-19 was still relatively unknown,
and professional opinions of health-related users
were sought to meet the demand for information on

Proportion

0%

4 5 6 7
Phase

government - - news and journalists — - private person

Figure 3. Distribution of the groups news &
journalists, government, and private persons. Phase 3
covers the two weeks before the lockdown, while
phases 4 and 5 cover the time of the lockdown itself.

respiratory disease. With time, the influence of these
health-related users decreased as the novelty of news
about the disease itself decreased, and more official,
periodic information about the development of the
disease was established (e.g., the daily press briefings
by the Robert-Koch Institute).

As previously mentioned, the seemingly alternating
impact of governmental accounts and private persons on
the network was particularly interesting. The incline
of influence of governmental accounts shortly before
and in the first half of lockdown might be due to the
associated uncertainty within the population. As the
federal government is considered as one of the most
trusted sources[56] individuals might have turned more
frequently to government-related accounts in response
to the uncertainty surrounding the nationwide lockdown.
Also, in times of uncertainty, people seek to compensate
for their lack of information by consuming news,
especially from traditional media, as they are perceived
to disseminate verified information from expert sources
[57]. Since both traditional media and experts are
represented on social media with their own respective
accounts, it is likely for information seekers to consume
the contents published by these sources, which explains
the high number of news accounts and journalists among
the influencers.

The finding that the influence of health-related (and
later also governmental) accounts decreases within the
ongoing chronic stage of the pandemic might also
be an indicator of fatigue due to the dominance of
COVID-19-related information and the adherence to
preventive measures. The negative effects of, for
example, social distancing on individual well-being
could result in the population neglecting social
distancing practices before the government relaxes or



reverses the adopted measures [58].

To continue containing the disease, awareness
and adherence to preventive measure is key.
Therefore, we suggest exploring new and more
proactive communication strategies for health-related
information and a stronger consideration of individual
well-being in crisis communication. First, as news
and journalists consistently rank high in influence
throughout the pandemic, health organizations should
consider reaching out proactively to media accounts
and journalists to disseminate their content. In light
of the finding that private accounts regain influence in
the chronic stage of the pandemic and in accordance
with Bavel et al. [22], health organizations could
also increase their efforts to identify and reach
out to influential private accounts who are, for
example, religious or community leaders to different
audiences to share public health messages. This is also
supported by Mirbabaie et al. [59] who emphasized
the importance of information-rich actors and their
influence on communication networks to facilitate
sense-making during crises.  Second, we suggest
considering the emotional and mental well-being of the
population more carefully in crisis communication by
acknowledging and discussing, for example, feelings of
loneliness. Potentially, the population could be advised
on "COVID-19-compatible” strategies. For example,
Block et al. [60] show first promising approaches
with the concept of contact groups, which should limit
possible infection chains to fewer individuals [60].
Lastly, the low proportion of celebrities among the
influential accounts was unexpected. In contrast to
a short-term crisis, where celebrities are among the
most influential due to a high number of retweets [18],
they appear to have little or no significance within
the COVID-19 pandemic in German-language Twitter
communication. This might be because celebrities were
either not creating original content on COVID-19 or
were not considered relevant sources for health-related
information and neglected by the network. Approaching
them might present an opportunity for more effective
dissemination of public health messages. For example,
the UK government paid social media influencers to
promote the COVID-19 test and trace service by the
national health service.

By taking Fink’s model [19] of crisis stages as a
basis and extending it into multiple phases based on key
events during the pandemic, we were able to derive more
nuanced insights into the development of influential
actors throughout the pandemic. Importantly, we found
indicators that the influence of governmental accounts
increases at the beginning of the chronic stage and drops
after a rather short time frame. These peaks would

Phase Number of Unique  Retweet

Tweets Accounts Count*
1 92,306 33,206 47.71
2 86,326 37,941 269.57
3 471,293 143,377  341.37
4 810,539 185,003  144.09
5 604,138 148,030  139.87
6 547,048 140,679 94,02
7 336,518 105,999  158.89

Table 2. Descriptive information for the data in the
seven phases (*represents the mean value.)

not have been found by the standard procedure of a
breakdown into the crisis stages by Fink (1986) [61] and
probably also not by dividing the data set into arbitrary
timeframes of equal size (e.g.,[62]). For future research
of long-term crises such as pandemics, we, therefore,
propose to structure the data and analysis according to
significant key events within the crisis stages.

6. Conclusion and Future work

In the present study, we showed that the most
influential German-speaking Twitter users during the
COVID-19 pandemic were news and journalist accounts
and the second most impactful were governmental
accounts. While the news-related influencers were
strongly present in all seven predefined phases, the
governmental influencers were especially impactful
shortly before and at the beginning of the lockdown but
not as much at the beginning of the pandemic (phase 1)
and the later chronic stages (phase 6). Contrary to the
governmental users, the influencers who were regarded
as private persons were especially influential in the first
and last phase. We discussed possible strategies to
account for these changes in influence to improve crisis
communication and adherence to preventive measures
during long-term crises such as pandemics.

There are several limitations of this work. Firstly, the
number and type of relevant tweets changed throughout
the data acquisition process, for example, due to
new descriptors of the virus emerging. Further, the
Twitter API did not allow exhaustive tracking of such
extensive communication. Thus, while almost 3 million
tweets were collected in total, our analysis might not
be representative of the entire Twitter communication
on COVID-19 in the respective phases. And, of
course, Twitter communication only represents a part
of German society. Secondly, in the acquisition of
German tweets, tweets from other German-language
countries are included as well, which have not had the
same pandemic course as Germany. While Switzerland



shows a similar time pattern, the governmental measures
in Austria were taken at a slightly different time than
in Germany and Switzerland. Recent literature shows
that the selection of the period under investigation
can significantly influence the results [4]. Therefore,
data from Austria might have skewed the analysis.
The analysis of the different phases are, therefore, an
approximation of the evolution of central actors. We
are aware of potential biases caused by the selection and
sampling of data.

In future research, the proposed analysis approach
can be applied in other countries to detect potential
differences in influential actors during long-term crises.
Especially in areas with different numbers of infections,
the comparison of communication can yield interesting
findings. The analysis could also be enriched by using
topic modeling or sentiment analysis to provide insights
into how users feel about the virus and governmental
measures in different pandemic stages. Furthermore, to
verify our results regarding the low number of influential
celebrities, actor-based tracking approaches could be
used to analyze celebrities’ contents and communication
behavior during pandemics. Lastly, one could analyze
whether the proportion of misinformation changes in the
different stages of the pandemic and how this relates to
the influential accounts.

7. References
References

[1] K. W. M. Beier, “Social media adoption: barriers
to the strategic use of social media in smes,” 2016.

[2] S. Stieglitz, L. Dang-Xuan, A. Bruns, and
C. Neuberger, “Social media analytics,”
WIRTSCHAFTSINFORMATIK, vol. 56, 4 2014.

[3] E. M. Milad, Zapatka, “Sensemaking in social
media crisis communication — a case study on the
brussels bombings in 2016,” 2016.

[4] S. Stieglitz, C. Meske, B. Ross, and M. Mirbabaie,
“Going back in time to predict the future-the
complex role of the data collection period in social
media analytics,” Information Systems Frontiers,
vol. 22, no. 2, pp. 395-409, 2020.

[5] S.-U. Yang, M. Kang, and P. Johnson,
“Effects of narratives, openness to dialogic
communication, and credibility on engagement
in crisis communication through organizational
blogs,” Communication research, vol. 37, no. 4,
pp. 473-497, 2010.

[6] K. Lee, “How the hong kong government lost
the public trust in sars: Insights for government

(7]

(8]

(9]

(10]

(11]

[12]

(13]

(14]

[15]

[16]

(17]

(18]

(19]

communication in a health crisis,” Public Relations
Review, vol. 35, 3 2009.

P. Poletti, M. Ajelli, and S. Merler, “Risk
perception and effectiveness of uncoordinated
behavioral responses in an emerging epidemic,’
Mathematical Biosciences, vol. 238, 8 2012.

K. Soltaninejad, ‘“Methanol mass poisoning
outbreak, a consequence of covid-19 pandemic
and misleading messages on social media,”
The International Journal of Occupational and
Environmental Medicine, vol. 11, 7 2020.

C. Ehnis, M. Mirbabaie, D. Bunker, and
S. Stieglitz, “The role of social media network
participants in extreme events,” in 25th Australian
conference of information systems, 2014.

G. Eysenbach, “Infodemiology: the epidemiology
of (mis)information,” The American Journal of
Medicine, vol. 113, 12 2002.

W. Ahmed, P. A. Bath, L. Sbaffi, and G. Demartini,
“Novel insights into views towards hlnl during
the 2009 pandemic: a thematic analysis of twitter

data,” Health Information Libraries Journal,
vol. 36, 3 2019.

Y. Albalawi and J. Sixsmith, “Identifying twitter
influencer profiles for health promotion in saudi
arabia,” Health Promotion International, vol. 32,

6 2017.

C. HIMMELBERG, “Digital 2020 — deutschland
zu 90% online,” 2020.

I. Anger and C. Kittl, “Measuring influence on
twitter,” ACM Press, 2011.

J. Golbeck and J. Hendler, “Inferring binary trust
relationships in web-based social networks,” ACM
Transactions on Internet Technology, vol. 6, 11
2006.

F. Riquelme and P. Gonzilez-Cantergiani,
“Measuring user influence on twitter: A survey,’
Information Processing Management, vol. 52, 9
2016.

B. Bikbov and A. Bikbov, “Communication on
covid-19 to community—measures to prevent a
second wave of epidemic,” 2020.

S. Stieglitz, D. Bunker, M. Mirbabaie, and
C. Ehnis, “Sense-making in social media during
extreme events,” Journal of Contingencies and
Crisis Management, vol. 26, no. 1, pp. 4-15, 2018.

S. Fink, Crisis management: Planning for the
inevitable. American Management Association,
1986.



[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

S. Youngblood, “Ongoing crisis communication:
Planning, managing, and responding, 2nd edition
(coombs, w. t.) and handbook of risk and crisis
communication (heath, r. 1. and o’hair, h. d.,
eds.) [book reviews,” IEEE Transactions on
Professional Communication, vol. 53, 6 2010.

H. W. Park, S. Park, and M. Chong,
“Conversations and medical news frames on
twitter:  Infodemiological study on covid-19
in south korea,” Journal of Medical Internet
Research, vol. 22, 5 2020.

J.J. V. Bavel, K. Baicker, P. S. Boggio, V. Capraro,
A. Cichocka, M. Cikara, M. J. Crockett, A. J.
Crum, K. M. Douglas, J. N. Druckman, J. Drury,
O. Dube, N. Ellemers, E. J. Finkel, J. H. Fowler,
M. Gelfand, S. Han, S. A. Haslam, J. Jetten,
S. Kitayama, D. Mobbs, L. E. Napper, D. J.
Packer, G. Pennycook, E. Peters, R. E. Petty, D. G.
Rand, S. D. Reicher, S. Schnall, A. Shariff, L. J.
Skitka, S. S. Smith, C. R. Sunstein, N. Tabri, J. A.
Tucker, S. van der Linden, P. van Lange, K. A.
Weeden, M. J. A. Wohl, J. Zaki, S. R. Zion, and
R. Willer, “Using social and behavioural science
to support covid-19 pandemic response,” Nature
Human Behaviour, vol. 4, 5 2020.

J. Viala-Gaudefroy and D. Lindaman, “Donald
trump’s ‘chinese virus’: the politics of naming,”
The Conversation, vol. 21, 2020.

C. Chew and G. Eysenbach, “Pandemics in the age
of twitter: Content analysis of tweets during the
2009 hi1nl outbreak,” PLoS ONE, vol. 5, 11 2010.

E. M. Milad, Zapatka, “Sensemaking in social
media crisis communication — a case study on the
brussels bombings in 2016,” 2016.

G. K. Shahi, A. Dirkson, and T. A. Majchrzak,
“An exploratory study of covid-19 misinformation
on twitter,” Online social networks and media,

p. 100104, 2021.

G. K. Shahi, “Amused: An annotation framework
of multi-modal social media data,” 2020.

G. K. Shahi and D. Nandini, “FakeCovid — a
multilingual cross-domain fact check news dataset
for covid-19,” in Workshop Proceedings of the 14th
International AAAI Conference on Web and Social
Media, 2020.

A. Goyal, F. Bonchi, and L. V. Lakshmanan,
“Learning influence probabilities in social
networks,” in Proceedings of the third ACM
international conference on Web search and data
mining, pp. 241-250, 2010.

(30]

(31]

(32]

(33]

(34]

[35]

(36]

(37]

(38]

[39]

[40]

D. J. Watts and P. S. Dodds, “Influentials,
networks, and public opinion formation,” Journal
of consumer research, vol. 34, no. 4, pp. 441-458,
2007.

E. Bakshy, J. M. Hofman, W. A. Mason, and
D. J. Watts, “Everyone’s an influencer: quantifying
influence on twitter,” in Proceedings of the fourth
ACM international conference on Web search and
data mining, pp. 65-74, 2011.

D. M. Romero, W. Galuba, S. Asur, and B. A.
Huberman, “Influence and passivity in social
media,” in Joint European Conference on Machine

Learning and Knowledge Discovery in Databases,
pp. 18-33, Springer, 2011.

D. Boyd, S. Golder, and G. Lotan, “Tweet, tweet,
retweet: Conversational aspects of retweeting
on twitter,” in 2010 43rd Hawaii international

conference on system sciences, pp. 1-10, IEEE,
2010.

M. Cha, H. Haddadi, F. Benevenuto, and
K. Gummadi, “Measuring user influence in twitter:
The million follower fallacy,” in Proceedings of the
International AAAI Conference on Web and Social
Media, vol. 4, 2010.

M. Conover, J. Ratkiewicz, M. Francisco,
B. Gongalves, F. Menczer, and A. Flammini,
“Political polarization on twitter,” in Proceedings
of the International AAAI Conference on Web and
Social Media, vol. 5, 2011.

P. Bonacich, “Factoring and weighting approaches
to status scores and clique identification,” Journal
of mathematical sociology, vol. 2, no. 1,
pp- 113-120, 1972.

S. Winter, G. Neubaum, S. Stieglitz, and
B. Ross, “# opinionleaders: a comparison of
self-reported and observable influence of twitter
users,” Information, Communication & Society,
pp- 1-18, 2019.

C. C. Yang and X. Tang, “Estimating user
influence in the medhelp social network,” IEEE
Annals of the History of Computing, vol. 27,
no. 05, pp. 44-50, 2012.

L. Page, S. Brin, R. Motwani, and T. Winograd,
“The pagerank citation ranking: Bringing order to
the web.,” tech. rep., Stanford InfoLab, 1999.

M. Zhang, C. Sun, and W. Liu, “Identifying
influential users of micro-blogging services: A
dynamic action-based network approach,” in
Proceedings of the 15th Pacific Asia Conference



[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

on Information Systems (PACIS), pp. 1-12,

Queensland University of Technology, 2011.

T. Was and O. Skibski, “Axiomatization of the
pagerank centrality.,” in IJCAI, pp. 3898-3904,
2018.

W. H. Organization et al., “Novel coronavirus (
2019-ncov): situation report, 3,” 2020.

W. H. Organization, “Who coronavirus disease
(covid-19) dashboard,” 2020.

B. fiir Arbeit, “Auswirkungen der coronakrise auf
den arbeitsmarkt,” 2020.

G. Felbermayr, J. Hinz, and H. Mahlkow,
“Deutschlands wirtschaft seit dem
corona-lockdown,” tech. rep., Kiel Policy Brief,
2020.

W. Johansen, H. K. Aggerholm, and F. Frandsen,
“Entering new territory: A study of internal
crisis management and crisis communication in
organizations,” Public Relations Review, vol. 38,
no. 2, pp. 270-279, 2012.

Bundesgesundheitsministerium, “Coronavirus
sars-cov-2: Chronik der bisherigen mainahmen.,”
2020.

L. Xu, J. Qiu, W. Gu, and Y. Ge, “The
dynamic effects of perceptions of dread risk and
unknown risk on sns sharing behavior during eid
events: do crisis stages matter?,” Journal of the

Association for Information Systems, vol. 21, no. 3,
pp. 545-573, 2020.

N. M. Jones, R. R. Thompson, C. D. Schetter,
and R. C. Silver, “Distress and rumor exposure
on social media during a campus lockdown,’

Proceedings of the National Academy of Sciences,
vol. 114, no. 44, pp. 11663-11668, 2017.

J. Gentry, M. J. Gentry, S. RSQLite, and R. L.

Artistic, “Package ‘twitter’,” Cran. r-project,
2016.
J. Allaire, “Rstudio: integrated development

environment for r,” Boston, MA, vol. 770, p. 394,
2012.

G. W. Yun, D. Morin, S. Park, C. Y. Joa,
B. Labbe, J. Lim, S. Lee, and D. Hyun,
“Social media and flu: Media twitter accounts as
agenda setters,” International journal of medical

informatics, vol. 91, pp. 67-73, 2016.

A. McNeill, P. R. Harris, and P. Briggs, “Twitter
influence on uk vaccination and antiviral uptake
during the 2009 hlnl pandemic,” Frontiers in
public health, vol. 4, p. 26, 2016.

[54]

[55]

[56]

[57]

(58]

[59]

[60]

[61]

[62]

J. Cohen, “A coefficient of agreement for
nominal scales,” Educational and psychological
measurement, vol. 20, no. 1, pp. 37-46, 1960.

M. Szomszor, P. Kostkova, and C. St Louis,
“Twitter informatics: tracking and understanding
public reaction during the 2009 swine flu
pandemic,” in 2011 IEEE/WIC/ACM International
Conferences on Web Intelligence and Intelligent
Agent Technology, vol. 1, pp. 320-323, IEEE,
2011.

M. Dutta-Bergman, “Trusted online sources of
health information: differences in demographics,
health beliefs, and health-information orientation,”
Journal of medical Internet research, vol. 5, no. 3,
p- €21, 2003.

M. Seo, “Amplifying panic and facilitating
prevention: Multifaceted effects of traditional and
social media use during the 2015 mers crisis in
south korea,” Journalism & Mass Communication
Quarterly, p. 1077699019857693, 2019.

J. Zhao, M. Lee, S. Ghader, H. Younes,
A. Darzi, C. Xiong, and L. Zhang, “Quarantine
fatigue: first-ever decrease in social distancing
measures after the covid-19 pandemic outbreak
before reopening united states,” arXiv preprint
arXiv:2006.03716, 2020.

M. Mirbabaie, D. Bunker, S. Stieglitz, J. Marx,
and C. Ehnis, “Social media in times of
crisis: Learning from hurricane harvey for the
coronavirus disease 2019 pandemic response,’

Journal of Information Technology, vol. 35, no. 3,
pp.- 195-213, 2020.

P. Block, M. Hoffman, I. J. Raabe, J. B. Dowd,
C. Rahal, R. Kashyap, and M. C. Mills, “Social
network-based distancing strategies to flatten the
covid-19 curve in a post-lockdown world,” Nature
Human Behaviour, vol. 4, no. 6, pp. 588-596,
2020.

S. Fink, A. M. Association,
management:
Amacom,, 1986.

C. Chew and G. Eysenbach, ‘“Pandemics in the
age of twitter: content analysis of tweets during
the 2009 hlnl outbreak,” PloS one, vol. 5, no. 11,
p- el4118, 2010.

et al., Crisis
Planning for the inevitable.



