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Abstract

Digital influencers play an essential role in determining information diffusion during crisis
events. This paper demonstrates that information diffusion (retweets) on the social media
platform Twitter (now X) highly depends on digital influencers” number of followers and
influencers’ location within communication networks. We show (study 1) that there is
significantly more information diffusion in regional (vs. national or international) crisis events
when tweeted by micro-influencers (vs. meso- and macro-influencers). Further, study 2
demonstrates that this pattern holds when micro-influencers operate in a local location (are
located local to the crisis). However, effects become attenuated when micro-influencers are
situated in a global location (outside of the locality of the event). We term this effect ‘influencer
network compression” — the smaller in scope a crisis event geography (regional, national, or
international) and influencer location (local or global) becomes, the more effective micro-
influencers are at diffusing information. This shows that those who possess the most followers
(meso- and macro-influencers) are less effective at attracting retweets than micro-influencers
situated local to a crisis. As online information diffusion plays a critical role during public
crisis events, this paper contributes to both practice and theory by exploring the role of digital
influencers and their network geographies in different types of crisis events.

Keywords: information diffusion, public crisis events, digital influencers, influencer network
compression, computationally intensive methods.

1 Introduction

Throughout the last decade, public crisis events, defined as events that interrupt the typical
dynamics of economic, cultural, social, or political life (Martinez-Rojas et al., 2018) of regional,
national, or international significance (Hagar, 2011), have been exposed to the effectiveness of
social media platforms to disseminate information (Mirbabaie, Bunker, Stieglitz, Marx, &
Ehnis, 2020; Roy et al., 2020). Since the Arab Spring event in 2010, information diffusion of
crisis events now rely on platforms such as Twitter (now known as X) to share and spread
information (Jones, 2013) rather than relying on traditional one-way television, newspapers,
and radio (Bang et al., 2021; Schneider & Check, 2010). The connectedness of the ‘everyday
person’ on social media to key information, experts, and influential opinion leaders (Aleti et
al., 2016) makes it a convenient and rapid way for users with access to a smart device to diffuse
information online. Twitter has emerged as one of the key social media platforms during such
crisis events (J. Kim et al., 2018; Oh et al., 2013), driven by features such as brief narrative text,
simple retweeting, and #hashtag topic handles that allow for the diffusion of information (Rao
etal., 2020). Crises rapidly increase information communication (Laylavi et al., 2017) and initial
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impressions of crisis news are now more regularly shared on social media rather than
traditional news sources (J. Kim & Hastak, 2018).

Important actors in public crisis events on Twitter are influential opinion leaders who play a
role in how information is shared amongst networks (Aleti et al., 2016). One important actor
group with an increasingly significant impact on crisis events are digital influencers (Bonnevie
et al., 2020; Singh et al., 2020), becoming an important topic in Information Systems (IS)
research (Harrigan et al., 2021; Robinson, 2020). Prior research has shown that only a few social
media users with a high number of followers become highly effective at diffusing information
(Roy et al., 2020). In contrast, alternative research has argued that active peer-to-peer sharing
of influencer content plays a more crucial role than a large followership (Zhang et al., 2019).
To understand the effectiveness of digital influencers in the diffusion of information during
crisis events, it is important to explore which influencer types (Mirbabaie, Bunker, Stieglitz,
Marx, & Ehnis, 2020) are the most effective at diffusing information (Boerman, 2020; Kay et al.,
2020). Therefore, this study concentrates on comparing the information diffusion potential of
different influencer types (micro-, meso- and macro-influencers) in a variety of settings.
Existing research assumes that meso- or macro-influencers, who possess the most followers,
are more effective at spreading information during a crisis (Roy et al., 2020), whereas we
explore how smaller-sized networks possess greater magnitude in information diffusion in
micro-influencers.

We query whether there is more information diffusion in regional (vs. national or
international) crisis events when tweeted by micro-influencers (vs. meso- or macro-
influencers). In doing so, we aim to identify if information diffusion potential is heightened
when micro-influencers operate in locations that are local (i.e., located local to the crisis) rather
than situated in locations that are global (i.e., outside of the locality of the event). We explore
this theoretically through what we term as ‘influencer network compression” which
encapsulates that the smaller the geography of the crisis event (regional vs. national vs.
international) and the closer the proximity of the influencer (local vs. global) to the crisis event,
the greater the potential information diffusion amongst micro-influencers might be. Such
knowledge is important as understanding how social media users share peer-to-peer
information (Rathore et al., 2021) and how influencers lead the dissemination of information
(Aleti et al.,, 2016) is crucial. This knowledge offers valuable insights for researchers and
policymakers as it provides guidance on the regulation and design of information
communication technologies to appropriately channel the diffusion of crisis-related
information.

The remainder of the paper has been divided into five main sections. Section 2 includes a
theoretical underpinning for our hypotheses on how information is defused via retweets
during regional, national, and international crisis events and how this interacts with digital
influencers and their local or global location in proximity to crisis events. Section 3 introduces
three case backgrounds for regional, national, and international crisis events used in the
research. In Section 4, we then introduce our methodology and data collection process within
the context of our crisis event cases. Subsequently, Section 5 explores the results of the analysis
and our research findings in relation to our hypotheses. The last of the main sections, Section
6, discusses the implications of our research including limitations and future research. Lastly,
we conclude the paper with our final remarks in Section 7.
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2 Theoretical underpinning
2.1 Information diffusion during crisis events

Dissemination of pertinent information to relevant stakeholders during crisis situations
presents a challenging problem as insufficient access to information reduces decision-making
capabilities of both individual actors and collective entities (Y. Wang et al., 2021; Xu et al.,
2020). The scarcity of on-the-ground information sources accessible through conventional
media channels further delays information consumption (Mirbabaie, Bunker, Stieglitz, &
Deubel, 2020). In this regard, social media platforms such as Twitter emerge as a viable real-
time source of information that can supplement existing sources (Oh et al., 2013; Reuter et al.,
2019). In fact, Twitter is widely known as the preeminent social media platform in the context
of news consumption (Walker & Matsa, 2021). Rapid diffusion of information through
platforms such as Twitter is attributed to the inherent design of social networks. Social
networks can be conceptualised as graphs, “where nodes are users and edges are
relationships” between users and the content that they generate (Guille et al., 2013, p. 18).
Retweets serve as directed relationships within social networks, as numerous users have the
ability to retweet a singular tweet. This action exposes the tweet to one’s network of followers,
who in turn may further retweet the tweet, thereby expanding its reach (Stieglitz & Dang-
Xuan, 2013).

Observing retweets during crisis events is considered as a valid mechanism to understand
how information is diffused within online social networks (Firdaus et al., 2018). In this
research, information diffusion is operationalized as average retweets per day per 10,000
followers. This approach is particularly useful as the majority of tweets typically do not receive
retweets (Boyd et al.,, 2010). Thus, adopting this operationalization of information diffusion
not only facilitates quantitative data analysis but also enhances interpretability by offering
clear effect sizes and p-values. Important to this definition of information diffusion on Twitter,
self-managed functions such as retweets improves both the agility of rapid communication as
well as funnels information hierarchies based on the volume of peer-to-peer sharing (Rao et
al., 2020). In this way, retweets become a tool to self-manage information to make sense of the
events (Stieglitz et al., 2018), as well as navigate users to central networks (Martinez-Rojas et
al., 2018).

One theory helpful in guiding how users may funnel information during times of crisis is
homophily. This theory posits that individuals in a social system have an inclination to bond
more intensely with those who share similarities with them (De Choudhury et al., 2010;
McPherson et al., 2001). Although research on homophily has historically been oriented
towards similarities in characteristics such as ethnicity, age, religion, or gender (McPherson et
al., 2001), we extend the conceptualization to refer to geographic location (Bastos et al., 2018).
Research indicates that spatial proximity, as a component of homophily, influences the
formation of online relationships. Huang et al. (2013) demonstrated that proximity between
individuals impacts interactions in digital environments. Following the reasoning that spatial
proximity between individuals influences online relationships, this may extend to
geographical proximity and networks. Homophily may disrupt how information spreads
within networks. Information that flows through networks tends to be localized (Wang et al.,
2019), whilst overall, information diffusion is more viral when the source of information is
closer to the crisis event (King & Wang, 2021). In times of crisis, the geographic location of a
crisis may have a significant impact on how users share information.
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Homophily may play a role in shedding light on the dynamics of information diffusion during
regional crisis events, as compared to national or international events. In such circumstances,
the process of information dissemination tends to concentrate around a central network of
influential opinion leaders. The significance of opinion leaders, as highlighted by the two-step
flow theory (Katz, 1957; Lazarsfeld et al., 1968), becomes particularly evident in understanding
the media’s impact on the public, especially within the context of social media platforms such
as Twitter (Choi, 2015). During crises, opinion leaders situated in close proximity to events
play an especially critical role in distributing emergency information.

While the two-step flow theory does not specifically address the geographic proximity of
opinion leaders to crisis events, it emphasizes the role of opinion leaders in mediating the flow
of information (Katz & Lazarsfeld, 1964). Geographic proximity to a crisis event may lead
opinion leaders to have firsthand experiences and perspectives that align more closely with
the realities of the event itself. This firsthand knowledge might make their information more
credible to users in any location seeking updates about the crisis. Audiences instinctively seek
out trusted sources on social media, perceiving them as pivotal nodes connected to crisis
events (Zhang et al.,, 2019). This behavior highlights the value of verified sources, known
individuals or reputable organizations that have established interpersonal trust with their
followers (Mehta et al., 2017; Zhang et al., 2019). Individuals that perceive communicators to
be close in proximity to a crisis event may deem them to be more credible (Thomson et al.,
2012). Additionally, civilians value local sources and local information more than sources
distant from the crisis event (Starbird & Palen, 2011).

Second, theory on network patterns helps shed light on why social media users may navigate
to smaller and more central networks in times of crisis; specifically, between regional, national,
and international crisis events. Regional events, such as Tropical Storm Cindy which occurred
in the U.S,, rely on news sources close to the event, as they are both agile in their information
timing and have ‘on-the-ground” knowledge (J. Kim et al., 2018). Important to our research is
the understanding of how such patterns are disseminated. During regional crisis events it has
been found that the ‘betweenness’ of centrality in networks has different roles (J. Kim &
Hastak, 2018). In one aspect, homophily helps explain why regional crisis events may be more
conducive to central opinion leaders who can be perceived as proximal to the event, while on
the other hand ‘on-the-ground” knowledge of proximal sources may be viewed as more agile
and timely.

2.2 The role of influencers in information diffusion during crisis events

We define micro-influencers as users possessing between 1,000 and 10,000 followers, meso-
influencers as users possessing between 10,001 and 100,000 followers, and macro-influencers
as users possessing over 100,001 followers, based on a combination of current research
categorizing influencers (Boerman, 2020; Kay et al.,, 2020). Categorizing influencers into
different types allows us to explore the different roles influencers may play in different types
of crisis events (Mirbabaie, Bunker, Stieglitz, Marx, & Ehnis, 2020) and the diffusion of
information in such events.

Micro-influencers have been shown to elicit greater trust among their followers than meso- or
macro-influencers (Kay et al., 2020). Such trust has been attributed to an increased feeling of
social closeness towards micro-influencers in comparison to meso- or macro-influencers
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(Campbell & Farrell, 2020) who may appear further away from ‘peer-to-peer” relationships
due to their celebrity-like status (Martinez-Lopez et al., 2020). Further, micro-influencers may
appear to be more similar to the general citizen than meso- or macro-influencers who hold a
perceived celebrity-like status, making them more psychologically distant to followers (Park
et al., 2021). From this perspective, micro-influencers have been shown to attain high levels of
credibility (Park et al., 2021) and trust (Kay et al., 2020), as they appear ‘just like friends’ to
followers online (Alampi, 2019). This intimacy may enhance micro-influencers’ “stickiness’
(Farivar et al., 2021; Hu et al., 2020) in crisis contexts where opinion leaders may be viewed as
“peer-to-peer’ (King & Wang, 2021) and as connected to grassroots knowledge in the locations
in which they operate (Bonnevie et al., 2020).

Such connectedness micro-influencers have with their audiences may be a pull factor that
motivates peer-to-peer sharing (Hodis et al., 2015). Rather than using tweet activity as a
predictor of information diffusion, an impacting factor is the dynamic “pull” strategy of how
users engage with social media influencers. The interactive nature of social media allows for
users to engage in conversations and diffuse influencer messages through retweeting, which
pulls audiences towards digital influencers, rather than by information being pushed out by
traditional channels with limited capacity for interaction (Hodis et al., 2015). Essentially, as
crisis event communication may be motivated by peer-to-peer sharing and depends on the
pull factor of influential opinion leaders and their content, digital influencers play a significant
role. Because micro-influencers may appear closer to sources of news and more trustworthy,
they may have more effective pull strategies that motivates followers to retweet their tweets.

In contrast, national and international events, such as the COVID-19 outbreak, rely on broad
tools of governance, regulation, and system-level push controls to diffuse information (Janssen
& van der Voort, 2020). Such tools differ from regional events in that they do not naturally
encapsulate agility and adaptive governance. Pressure to create consistency of information as
crisis events expand in their reach creates a dichotomy between sources viewed as “official’
(e.g., government, reporters, NGOs) and sources viewed as ‘“unofficial’ (e.g., civilian users)
(Rao et al., 2020). Meso- and macro-influencers may be viewed as unofficial information
sources during national or international crisis events, as they oscillate between a celebrity-like
status and being an individual source of information unrelated to the official crisis context.
Unofficial information may result in an insignificant push to diffuse information about
disaster control, alarm, or reassurance (Rao et al., 2020). Further, there is a loss in the ability to
be agile, broadly connect with audiences, and the opportunity to seize time. For instance,
micro-influencers may have an advantage in seizing trends or zeitgeists with more agility in
what they say and when they say it in comparison to meso- and macro-influencers (Hu et al.,
2020).

Overall, the intersection of homophily, network patterns during crisis, and influencer theory
suggests that if users find that micro-influencers appear similar to themselves (De Choudhury
et al., 2010), are more credible the closer they are in proximity to a crisis event (Thomson et al.,
2012), and more agile in their timing and ‘on-the-ground” knowledge, they may have more
effective pull strategies that motivate followers to retweet their tweets. Therefore, we argue
that micro-influencers are critical to understanding information diffusion during crisis events,
as the trust they hold in networks may influence how the public may disseminate important
information (Singh et al., 2020). We predict that the information diffusion associated with each
crisis event type will depend on the type of influencer generating the content:
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H1. Average retweets during regional (vs. national or international) crisis events will be significantly
higher for micro-influencers (vs. meso- or macro-influencers).

2.3 Information diffusion in local and global influencer locations

Research recognizes that information diffusion may diverge based on an influencer’s location
during public crisis events (Kotlarsky et al., 2022). Whether an influencer is situated local to
the event (i.e., inside local proximity of the event) or in a global location (i.e., outside local
proximity of the event) (Hogan, 2008) may impact diffusion. For instance, it has been shown
that localized networks tend to be favored (X. W. Wang et al., 2019). This is due to the
perception of the public having a belief that more accurate information is found in locality of
crisis events. As an outcome, diffusion may be more viral and diffused at a greater rate when
the source of information is closer to the crisis event (King & Wang, 2021).

We can look to prior explanations that information diffusion may follow through proximity of
key communicators. Huang et al. (2013) argues that offline proximity, where a communicator
is physically located, plays an important role in digital environments. As discussed previously,
in times of crisis, citizens look to opinion leaders with ‘on-the-ground” knowledge (J. Kim et
al., 2018) and may be more likely to retweet information when it is perceived to come from
close to the crisis event (X. W. Wang et al., 2019). Further, physical proximity plays a role in
how audiences find information to be credible, and therefore worthy of sharing. Individuals
that perceive communicators to be close in proximity to a crisis event may deem them to be
more credible (Thomson et al., 2012) and value local sources and local information more than
sources distant from the crisis event (Starbird & Palen, 2010).

Thus, influencers who are local in proximity to the crisis event may be seen to have more
accurate and credible information. We argue that micro-influencers possess greater potential
for information dissemination in comparison to meso- and macro-influencers when
participating in a local location (inside local proximity of the event). However, when
influencers participate in a crisis from a global location (outside local proximity of the event),
they may not appear as informed to the crisis, therefore there will be no difference amongst
any influencer types:

H2. Average retweets during regional (vs. national or international) crisis events will be significantly
higher for micro-influencers (vs. meso or macro-influencers) in local networks, however, will
attenuate in global networks.

3 Regional, national, and international crisis events: Case
backgrounds

Major crisis events rapidly garner international attention and support. We differentiate three
cases based on the locality of the effected population. This is an important distinction to make
as observers often rely on those directly impacted for accurate updates (Kotlarsky et al., 2022;
Liu & Xu, 2018). The regional case, which focuses on the murder of George Floyd, saw
Minneapolis as the center of discourse and single source of truth which motivated
international protests (AP News, 2022). The national case centers on the Russo-Ukrainian war
which severely affected the population of Ukraine (United Nations Office for the Coordination
of Humanitarian Affairs, 2022). Thus, those outside of Ukraine relied on Ukrainian sources to
create and disseminate content. Conversely, our international case concentrates on the
COVID-19 pandemic which severely impacted numerous populations simultaneously across
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the globe (Cucinotta & Vanelli, 2020). While London and the United Kingdom (UK) was
significantly impacted in the early stages of the pandemic, there are multiple sources of truth
rather than a singular reliable source which demonstrates the unique characteristics of each
event. Each of these cases are discussed in detail in the following sections.

3.1 Regional event: George Floyd

On the 25% of May 2020, George Floyd was murdered by Derek Chauvin, a police officer in the
Minneapolis Police Department. This murder, closely following the controversial deaths of
Breonna Taylor and Ahmaud Arbery, sparked widespread protests fuelled by longstanding
racial injustice in the U.S., mainly portrayed in the context of the Black Lives Matter movement.
Violent protests erupted in Minneapolis on the 26th and 27th of May, rapidly spreading to
cities across the U.S. including Memphis, Los Angeles, Atlanta, and New York (Taylor, 2020).
Between 15 and 26 million people in the U.S. alone participated in Black Lives Matter protests
in 2020 (Buchanan et al., 2020).
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Figure 1. Total tweets and unique users by influencer type in the George Floyd case

As shown in Figure 1, the scale of these protests received widespread media attention and
were driven by an exponential increase in online activism related to George Floyd and Black
Lives Matter (Nguyen et al., 2021). As events continued to unfold in Minneapolis, the city was
continually the focal point of discussion and progress (AP News, 2022). Thus, we focus on the
murder of George Floyd in the city of Minneapolis as our regional case study.

3.2 National event: Russo-Ukrainian war

Russia invaded Ukraine on the 24% of February 2022, causing widespread civil unrest and the
swift condemnation of Russia’s actions. Within less than a month, 6.48 million Ukrainians
were displaced, creating a humanitarian emergency for the country (United Nations Office for
the Coordination of Humanitarian Affairs, 2022). Combined with widespread televised media
coverage, this crisis took place in a world where access to social media platforms is ubiquitous
as evident in Figure 2.
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Figure 2. Total tweets and unique users by influencer type in the Russo-Ukrainian war case

Russia has been known to spread misinformation online through the Internet Research
Agency (IRA), a Russian organization specializing in spreading online propaganda (Bastos &
Farkas, 2019). This organization has spread misinformation related to Ukraine since 2014,
when Russia annexed Crimea (Brown, 2022). Recent reports show that Russia has conducted
similar misinformation campaigns targeted at Ukraine during the recent invasion (Scott, 2022).
However, in this occurrence, both sides are using social media to support the spread of both
information and disinformation (Chen & Ferrara, 2022). For example, Ukraine has used social
media to crowdsource a virtual army to support humanitarian causes (Brown, 2022; Cohen,
2022; Garner, 2022). As multiple cities were targeted within Ukraine, the country as a whole
was severely affected by the invasion, and therefore, we utilize the Russo-Ukrainian war for
our national case study.

3.3 International event: COVID-19 pandemic

On the 11t of March 2020, the World Health Organization (WHO) characterized COVID-19 as
a pandemic, an outbreak affecting the entire world (Cucinotta & Vanelli, 2020). This
announcement produced an enormous amount of public engagement as depicted in Figure 3.
Two weeks later, on the 234 of March, the UK entered its first national lockdown (Sample,
2021). Deaths in the UK reached a five-year high in 2020, even when excluding deaths
explicitly related to COVID-19 (Office for National Statistics, 2020). While COVID-19 was an
international event, in the initial stages, the UK and the pressures on the National Health
Service (NHS) were regularly reported in the international media (NHS England, 2021; Roxby
et al., 2020). In combination with the fact that the UK contains a substantial proportion of
Twitter users (Statista, 2022a), we focus on the UK as our point of reference for local networks.
Specifically, we use the COVID-19 pandemic as our international case study and focus on the
capital of the UK, London, to identify local micro-, meso-, and macro-influencers.
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Figure 3. Total tweets and unique users by influencer type in the COVID-19 pandemic case

4 Method

The exponential increase in the availability of time-stamped digital trace data, such as social
media trace data, creates new opportunities for researchers to envision, reformulate, replace
and extend both theory and practice (Berente et al., 2019; Grisold et al., 2023; Miranda et al.,
2022; Pentland et al., 2021). It allows researchers to develop theoretical implications through
an iterative process of data exploration, analysis, and theorization using data-driven and
computationally intensive techniques (Bachura et al., 2022; Berente et al., 2019; Miranda et al.,
2022). In particular, this type of data extends our capacity to develop theory pertaining
extreme events (Kishore et al., 2022; Kotlarsky et al., 2022; Oh et al., 2013). This paper takes
advantage of this opportunity by collecting and intensively analyzing data from Twitter.
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Figure 4. Data collection and pre-processing stages

Twitter was selected as the primary source of empirical data as it represents the most popular
social media platform in terms of news consumption, with 59% of its users regularly using the
platform to seek information on current events (Walker & Matsa, 2021). With over 211 million



Australasian Journal of Information Systems Kishore & Errmann
2024, Vol 28, Research Article A Social Media Analytics Approach

active daily users (Statista, 2022b), Twitter allows users to create and maintain a public profile,
follow others, post short pieces of text containing up to 280 characters (known as tweets) and
repost other’s messages (known as retweets). A summary of the data collection and pre-
processing stages are presented in Figure 4 above. Each stage is discussed in detail in the
following sections.

Each case was selected due to the varying scales of each event as it occurred. While it could be
argued that all crises portrayed on social media rapidly become international events with
global reach and reaction, the crux of each event is primarily discussed by those directly
impacted by the crisis. On-the-ground information provided by first-hand observers possesses
the highest potential for information diffusion (Kotlarsky et al., 2022; Tim et al., 2017). For
instance, those experiencing or participating in the initial protests related to George Floyd in
Minneapolis were seen as the primary sources of information whereas other online and offline
actors were primarily redistributing and discussing content generated at the source. These
initial protests sparked other protests outside of Minneapolis, but Minneapolis remained as
the focal point of news coverage and social media discourse for an extended period (AP News,
2022). In comparison to the initial announcement of the COVID-19 pandemic, the outbreak
affected different regions simultaneously. Thus, the region in focus was rapidly changing over
time, making it difficult to focus on one region as the central point of discourse. This, in turn,
made this crisis an international event from the onset.

Data collection and analysis centers on three influencer types (micro-, meso-, and macro-
influencers), three event types (regional, national, and international), and two influencer
locations in relation to the crisis (local or global). We categorize events into different types as
each crisis possesses a locality where individuals within the locality are impacted by the crisis
more so than those outside of the locality. Thus, we classified the protests related to George
Floyd as regional in nature as the crisis locality was Minneapolis, whereas the Russo-
Ukrainian war impacted an entire country (i.e., national), and the COVID-19 pandemic
impacted multiple localities simultaneously (i.e., international).

Query generation represents the first step towards collecting data from Twitter. The authors
identified the most popular unique hashtag for each case through multiple iterations.
Specifically, #GeorgeFloyd, #UkraineWar and #COVID19. Hashtags play a critical role in
information dissemination as they allow tweets to be contextualized and grouped as a crisis
rapidly unfolds (Oh et al., 2013). Hashtags emerge naturally over time and allow users to take
note of important information quickly as well as participate in relevant dialogue in real-time
as information is created and disseminated (Palen et al., 2009; Rao et al., 2020). By selecting
one hashtag for each case study, we focus on the dominant discourse related to each event.

To collect data, the authors utilized the full-archive search endpoint available via Twitter API
V2 (Twitter, 2022). Upon approval, this API provides academic researchers with free access to
the entire archive of tweets which enables replicability and reproducibility. The authors used
a custom toolkit for query generation, query testing, and data collection (Kishore et al., 2019).
To focus each of the cases on the initial occurrence of the event, all English tweets (excluding
retweets) were collected one month following the beginning of each crisis (N = 7,983,044).
While Ukrainian is the dominant language in Ukraine (Translators without Borders, 2022), we
chose to focus on English tweets to maintain comparability. Retweets were excluded as the
focus of this study is to understand how the locality of different types of influencers effect

10



Kishore & Errmann
A Social Media Analytics Approach

Australasian Journal of Information Systems
2024, Vol 28, Research Article

information dissemination. Original tweets include the total number of retweets which is
sufficient in the context of this study.

Upon completion, each influencer was categorized as either a micro- (1,000 to 10,000
followers), meso- (10,001 to 100,000 followers) or macro-influencer (> 100,001 followers) based
on a combination of current research categorizing influencers (Boerman, 2020; Kay et al., 2020).
For the purpose of this paper, those with less than 1,000 followers were excluded to focus on
the core categories of influencers (Boerman, 2020; Kay et al., 2020) which decreased the total
number of tweets (N = 3,988,150) and primarily consisted of micro-influencers from the
COVID-19 case (Table 1).

Total
Total Micro- Total Meso- Macro- Total
Influencer Tweets Influencer Tweets Influencer
Tweets
George Floyd 327,771 93,493 28,680 449,944
Russo-Ukrainian War | 104,232 24,698 7,399 136,329
COVID-19 Pandemic | 2,213,288 827,605 360,984 3,401,877
Total 2,645,291 945,796 397,063 3,988,150

Table 1. Tweet distribution across cases and influencer types

In addition, each influencer was categorized as local if their location information included
Minneapolis (for the George Floyd case), Ukraine (for the Russo-Ukrainian case), or London
(for the COVID-19 pandemic case). If the influencer’s location did not match any of these
locations, they were labelled as global in terms of their proximity to the crisis. As discussed,
Ukraine was selected for the Russo-Ukrainian case study as it swiftly impacted the entire
country, whereas Minneapolis was a clear starting point of the protests related to the murder
of George Floyd. This also strengthens the results as it includes local influencers at different
regionalities. Overall, coding this data enabled the investigation of different types of
influencers and their impact on information dissemination in local and global networks.

Constructs Data Description Variables
Network Total number of | Each account was categorized as either a micro- Influencer type
followers per (1,000 to 10,000 followers), meso- (10,001 to 100,000 (micro, meso,
user account followers) or macro-influencer (> 100,001 followers) | macro)
to identify the different types of influencers
participating in the various crisis events.
Information Total number of | For each influencer type, average retweets per day Average retweets
diffusion retweets per 10,000 followers was calculated to enable

received per
user account

statistical analysis.

Crisis event N/A Each case was selected to represent different crisis Event type
geography scales. Regional (George Floyd), national (Russo-
Ukrainian war) and international (COVID-19 (regional,
pandemic). national,
international)
Influencer User account Each account was categorized as either local (if their | Influencer
location location account location was local to the specific crisis location
event) or global.
(local, global)

Table 2. Summary of constructs and operationalized variables
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Lastly, to facilitate quantitative data analysis, data was aggregated by day. Specifically,
average retweets per day per 10,000 followers was calculated and utilized for data analysis
across the different influencer categories and networks. As the majority of tweets do not get
retweeted (Boyd et al., 2010), evaluating the average number of retweets per day per 10,000
followers enables both interpretability and analysis. Aggregation makes the patterns that exist
clearer to analyze and separate (Kar & Dwivedi, 2020). This also reduced the sample size which
allowed for the application of standard statistical methods which produces more interpretable
and realistic p-values and effect sizes (N = 279 per case). A summary of the constructs and
operationalized variables are presented in Table 2 above.

5 Results
5.1 Study 1

Hypothesis 1 was tested using a two-way ANOVA model, exploring the interaction of crisis
event type as an independent variable (event type: regional (code = 1), national (code =2), and
international (code = 3) and influencer type as the second independent variable (influencer
type: micro (code = 1), meso (code = 2), and macro (code = 3)). The dependent variable was
average retweets.
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Figure 5. Average Retweets for Crisis Events by Influencer Type

The two-way ANOVA revealed a significant main effect for event type, F(2, 266) = 6.99, p =
.001. There was a main effect of influencer type, F(2, 266) = 44.35, p < .001. There was no
significant interaction effect between event type and influencer type on average retweets, F(2,
266) =1.70, p = .149. However, more importantly, pairwise comparisons revealed that retweets
in regional event types (M =15.61, SD =1.26) had significantly more information diffusion than
national (M =11.41, SD =1.30) or international (M =8.18, SD = 1.24) events when the influencer
type was micro, F(2, 258) = 8.80, p <.001. There was no significant effect on retweets in regional
event types (M = 6.00, SD = 1.26) when compared to national (M = 4.14, SD = 1.30) or
international (M =4.00, SD = 1.24) events when the influencer type was meso, F(2, 258) =.78, p
= .459. Further, there was no significant effect on retweets in regional event types (M = 3.62,
SD = 1.26) when compared to national (M = 1.41, SD = 1.30) or international (M = 1.95, SD =
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1.24) events when the influencer type was macro, F(2, 258) = .81, p = .443 (see Figure 5; Table
3).

Analysis of Variance (ANOVA) Results
DV: Average Retweets
Source of Variation F Statistic p Value
Event Type X Influencer Type 1.70 .149
Event Type X Influencer Type: Micro 8.80 .000
Event Type X Influencer Type: Meso .78 459
Event Type X Influencer Type: Macro .81 443
Event Type (1 =Regional, 2 = National, 3 = International) 6.99 .001
Influencer Type (1 =Micro, 2 = Meso, 3 = Macro) 44.35 .000

Table 3. Analysis of Variance (ANOVA) Results for Study 1

5.2 Study 2

Hypothesis 2 was tested using a three-way ANOVA model, exploring the interaction of crisis
event type as an independent variable (event type: regional (code = 1), national (code =2), and
international (code = 3), influencer type as the second independent variable (influencer type:
micro (code = 1), meso (code = 2), and macro (code = 3)), and influencer location (influencer
location: local (code = 1) and global (code = 2)) . The dependent variable was average retweets.
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Figure 6. Average Retweets for Crisis Events by Influencer Type in Local Locations

The three-way ANOVA revealed a significant main effect for event type, F(2, 533) =3.43, p =
.033. There was a main effect of influencer type, F(2, 533) = 16.33, p <.001. Finally, there was a
main effect of influencer location, F(1, 534) = 8.24, p = .004. There was no significant interaction
effect between event type X influencer type X influencer location on average retweets, F(4, 533)
= .662, p = .619. However, more importantly, pairwise comparisons revealed that local
influencer locations follow the same pattern as the prior study. In local networks, retweets in
regional event types (M = 35.92, SD = 93.52) had significantly more information diffusion than
national (M = 22.73, SD = 23.21) or international (M = 11.22, SD = 11.65) events when the
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influencer type was micro, F(2, 516) =7.46, p <.001. There was no significant effect on retweets
in regional event types (M = 12.25, SD = 21.00) when compared to national (M = 14.42, SD =
27.79) or international (M = 7.25, SD = 6.44) events when the influencer type was meso, F(2,
516) = .64, p = .524. Further, there was no significant effect on retweets in regional event types
(M =1.82, SD = 1.56) when compared to national (M = 4.41, SD = 9.06) or international (M =
1.57, SD =2.21) events when the influencer type was macro, F(2, 516) = .11, p = .892 (see Figure
6; Table 3).
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Figure 7. Average Retweets for Crisis Events by Influencer Type in Global Locations

Analysis of Variance (ANOVA) Results

DV: Average Retweets
Source of Variation F Statistic p Value
Event Type X Influencer Type X Influencer Location .662 .619
Event Type X Influencer Type: Micro X Influencer Location: Local 7.46 .000
Event Type X Influencer Type: Meso X Influencer Location: Local .64 .524
Event Type X Influencer Type: Macro X Influencer Location: Local 11 .892
Event Type X Influencer Type: Micro X Influencer Location: Global .65 .523
Event Type X Influencer Type: Meso X Influencer Location: Global .05 .946
Event Type X Influencer Type: Macro X Influencer Location: Global .06 .934
Event Type (1 =Regional, 2 = National, 3 = International) 3.43 .033
Influencer Type (1 =Micro, 2 = Meso, 3 = Macro) 16.33 -000
Influencer Location (1 = Local, 2 = Global) 8.24 .004

Table 4. Analysis of Variance (ANOVA) Results for Study 2

In global locations, retweets in regional event types (M = 15.44, SD = 18.96) was not
significantly different in information diffusion than national (M = 11.15, SD = 4.84) or
international (M = 8.18, SD = 2.32) events when the influencer type was micro, F(2, 516) = .65,
p =.523. Aligned with this pattern, there was no significant effect on retweets in regional event
types (M = 5.88, SD = 3.86) when compared to national (M = 4.03, SD = 1.98) or international
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(M=4.00, SD =1.21) events when the influencer type was meso, F(2, 516) = .05, p =.946. Further,
there was no significant effect on retweets in regional event types (M = 3.69, SD = 3.76) when
compared to national (M =1.37, SD = .86) or international (M =1.95, SD = .60) events when the
influencer type was macro, F(2, 516) = .06, p = .934 (see Figure 7; Table 4).

6 Discussion
6.1 General discussion

This paper demonstrates that influencers, specifically micro-influencers, are critical to
understanding information diffusion on Twitter during crisis events. We show that
information diffusion during regional, national, or international public crisis events depends
on the type of influencer (e.g., micro, meso, or macro) disseminating the information, as well
as the location of the influencer (e.g., local, or global) in proximity to the crisis event. By
applying a social media analytics approach to a large set of tweets, we analyzed three different
crisis events (regional, national, and international) one month following the beginning of each
crisis (N =7,983,044).
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Figure 8. Influencer network compression

In study 1, we show that there is significantly more information diffusion in regional (vs.
national or international) crisis events when tweeted by micro-influencers (vs. meso- or macro-
influencers). Further, study 2 demonstrates that this pattern holds when micro-influencers
operate in locations that are local (i.e., are located local to the crisis), however, effects become

15



Australasian Journal of Information Systems Kishore & Errmann
2024, Vol 28, Research Article A Social Media Analytics Approach

attenuated when micro-influencers are situated in locations that are global (i.e., outside of the
locality of the event). We term this effect ‘influencer network compression” — the smaller in
scope a crisis event geography (regional, national, or international) and network locality (local
or global) becomes, the more effective micro-influencers are at diffusing information. Further,
micro-influencers that participate in regional crisis events have the highest potential for
information diffusion — and those with local proximity in networks, rather than global
proximity, have the most potent effect on information diffusion (Figure 8 above).

The observed effects can be attributed to the active involvement of locally situated micro-
influencers in generating and disseminating up-to-date information relevant to crises. This
phenomenon can be explained by their possession of unique on-the-ground knowledge and
potential first-hand observation of the crisis, which becomes more attainable in regional crisis
scenarios. Hence, the distinct role played by locally situated micro-influencers emerges as a
critical element in crisis information dissemination, response, and management, primarily due
to their ability to contribute tangible and contextually rich insights.

6.2 Theoretical contributions

This work demonstrates that there is significantly more information diffusion in regional (vs.
national or international) crisis events when tweeted by micro-influencers (vs. meso- or macro-
influencers) and that this pattern is consistent when micro-influencers operate in local
networks, whilst effects become attenuated when micro-influencers are situated in global
networks. We contribute this effect to ‘influencer network compression,” which proposes that
the smaller in scope a crisis event location (regional, national, or international) and network
(local or global) becomes, the more effective micro-influencers are at diffusing information
online. Influencer network compression contributes to a greater understanding of scholars’
theoretical knowledge of influencers and their diffusion of information when it comes to crisis
events. Micro-influencers that participate in regional crisis events have the most significant
potential for information diffusion — and those with local proximity in networks, rather than
global proximity, have the most potent effect on information diffusion.

We theorize that micro-influencers situated locally (vs. globally) to regional (vs. national or
international) crises are more likely to possess on-the-ground knowledge and may be first-
hand observers of the crisis as it unfolds. We build upon the theoretical frameworks of
homophily (De Choudhury et al.,, 2010) and network patterns (J. Kim & Hastak, 2018) to
explore how opinion leaders with varying geographic proximities to a crisis event, might
possess firsthand information. Such proximity may lead to experiences that align closely with
the event’s realities, thereby enhancing their credibility. During crises, on-the-ground
knowledge is highly valuable as different types of online influencers, such as individual
citizens and journalists, can broadcast breaking news to their networks before traditional
media outlets (Fichet et al., 2016). Those situated local to the crisis have the added advantage
of utilizing their local knowledge, typically unavailable to collective entities, to provide
localized situational information to affected local communities (Li & Rao, 2010; Oh et al., 2013).
As real-time information can significantly enhance the decision-making process of a disaster-
affected-community, the inherent value of this type of information is heightened, thereby
increasing its widespread propagation throughout a network (Abedin & Babar, 2018).
Consequently, the dissemination of real-time, locally informed information through the
networks of micro-influencers become critical components in crisis communication and
response efforts.
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Further, understanding information diffusion in crisis events is still in the early stages
(Kotlarsky et al., 2022; Mirbabaie, Bunker, Stieglitz, Marx, & Ehnis, 2020; Zhang et al., 2019).
Our findings help shed light on characteristics of social media, specifically Twitter, in disasters.
For example, we find granularity and nuance of information diffusion in regional, national,
and international events, and how these may be amplified through different types of
influencers. Our research finds both commonalities and differences with existing research. For
instance, our findings are in contrast to the “power law’, which implies that centralized users
with a large number of followers and trending posts dominate information diffusion (Zhang
et al.,, 2019). However, in our case we isolate information diffusion to crisis events to help
highlight how they are different in dissemination than typical social network sharing. As such,
crisis events may heighten the “power law’ to be isolated to influencers or users closer in
proximity to the event. By examining these unique dynamics, we contribute to a deeper
understanding of how information flows and propagates during crisis events, thereby
expanding our knowledge of the role played by various types of influencers and users in crisis
communication on social media platforms.

6.3 Practical contributions

From a practical perspective, this research demonstrates micro-influencers' significant
influence in local networks and settings during crises. Micro-influencers local to Minneapolis
during protests related to the murder of George Floyd were, on average, more likely to be
retweeted than local meso- and macro-influencers with significantly larger networks. This
goes against the expectation that a more extensive network size corresponds to an increase in
information dissemination during crises. However, the prominence of micro-influencers in
information dissemination pertaining to local crises carries significant implications. On one
hand, their role is crucial in disseminating timely and relevant information to affected
communities. However, on the other hand, it is important to recognize that micro-influencers
also possess the potential to propagate misinformation and disinformation during crises.

Misinformation, which refers to the unintentional dissemination of false information, and
disinformation, which involves the deliberate spread of false information, both contribute to
problematic dynamics during crises, primarily due to their impact on public opinion (Tran et
al., 2021). An example can be seen in the case of George Floyd, where discussions surrounding
social injustice frequently cited the Black Lives Matter movement. However, intense online
discourse also gave rise to the oppositional movement, All Lives Matter, leading to
polarization and further division within public sentiment (Carney, 2016).

Given the influential role of micro-influencers in shaping public opinion during crises, it
becomes imperative for government agencies, policymakers, and social media platforms to
acknowledge their significance and take appropriate measures. In particular, these
stakeholders should ensure that micro-influencers, who possess heightened information
dissemination potential, are encouraged to cite factual sources when creating and
disseminating content online during an unfolding crisis. To increase accurate information
dissemination social media platforms should also consider incorporating behavioral nudges
and source ratings (A. Kim et al., 2019) primarily targeted at this group. This is especially
crucial when micro-influencers engage with emergent crisis-related hashtags that rapidly
spread to a large population in a short timeframe. Strategies aimed at promoting information
accuracy, fact-checking, and promoting critical thinking skills among both micro-influencers
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and their audiences can be instrumental in mitigating the adverse effects of false or misleading
information during crises.

6.4 Limitations and future research

This research should be viewed considering its intrinsic limitations. While the dataset is
complete and replicable as all data was collected from the Twitter API, the API only provides
access to public tweets. Therefore, the tweets of users with private accounts were not available
for data collection and analysis. In addition, this study focuses on average retweets per day
per 10,000 followers to reveal interpretable results. While statistical results were consistent
when data was aggregated at different levels, meso- and macro-influencers may possess
hundreds of thousands, if not millions, of followers. By using an aggregate approach, their
relative influence was potentially diluted. Nevertheless, this research shows that possessing a
large online following does not ensure that followers will reshare content at the same rate as
micro-influencers, which may possess a smaller, yet more engaged, followership (Kwak et al.,
2010). Furthermore, as only original tweets were collected, we are unable to analyze the
network dynamics at play. Future research should consider collecting retweets in a similar
context to analyze the different types of networks influencers engage with.

The authors consciously decided to exclude a control group. This would usually make the
results difficult to justify, however, this has been accommodated for by evaluating multiple
case studies. In addition, location information on Twitter is often limited to a small percentage
of public user accounts. Furthermore, as location information can be manually edited, some
users may list incorrect location information on their profiles (Burns & Eltham, 2009).
However, this is unlikely to occur on a large scale.

As each case utilized a single hashtag during data collection, it is likely that a proportion of
relevant tweets were excluded. Furthermore, while Ukrainian is the dominant language in
Ukraine (Translators without Borders, 2022), we chose to focus on English tweets only. As this
study’s aim is to compare trends in influencer types rather than identify influential
individuals, we narrowed our data collection scope to maintain comparability and
consistency. Future studies focusing on networks or individuals should consider an iterative
approach to identify all relevant parameters (Kishore et al., 2022).

Future research should also consider the relationship between temporality and distinct
categories of influencers. Temporality, or time, is an important, yet understudied, construct in
IS (Venkatesh et al., 2021). Micro-influencers locally situated to an unfolding crisis may be
quicker to post content on social media as they are experiencing the crisis first-hand. In some
contexts, they may be reporting breaking news and news updates before traditional media
agencies and news reporters which may partially explain why their content is being retweeted
significantly more often in local networks. This finding is in line with current developing
research (Kotlarsky et al., 2022), however, this relationship requires further examination. In
addition, delving into multi-step dissemination offers an additional avenue for future research
examining the temporal dynamics of networks. Given the potential for tweets to be retweeted
by various types of influencers and users, the original tweet may reach a considerably larger
network of followers over time, leading to subsequent retweets. Consequently, investigating
the roles of influencers, both situated locally and globally, within the context of multi-step
dissemination may yield promising insights on the dynamics at play within networks.
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Interestingly, alternative research also shows that virality is higher for misinformation, novel
tweets, and tweets with negative sentiment (King & Wang, 2021). Specific to the cases we
explored, misinformation during crisis events is a risk due to complexity of the information,
and further, polarization among networks may occur when there are large networks with
multiple actor motivations (Tornberg, 2018). Although our research focused specifically on
how information diffuses amongst networks, it is of great interest to explore risks of
misinformation within information diffusion, as well as the centrality of key actors and what
role they play in this situation.

Future research may also explore the content of influencer tweets, rather than the effectiveness
of information diffusion, to understand if different types of influencers are more adept at
spreading misinformation or negative sentiment. It would be revelatory to apply Natural
Language Processing (NLP) methods to understand how discourse is evolving over time
during crisis events, and how this discourse varies between regionalities and influencer types.

7 Conclusion

This paper investigates how different types of influencers (micro, meso, and macro)
participating in different public crisis event geographies (regional, national, and international)
and different network localities (local and global) effects information diffusion on the social
media platform, Twitter. Online information diffusion plays a critical role during public crisis
events. We show (study 1) that there is significantly more information diffusion in regional
(vs. national or international) crisis events when tweeted by a micro-influencer (vs. meso-
influencers or macro-influencers). Further, study 2 demonstrates this pattern holds when
micro-influencers operate in local networks (are located local to the crisis), however, effects
become attenuated when the micro-influencer is situated in a global network (outside of the
locality of the event). We term this effect ‘influencer network compression” — the smaller in
scope a crisis event geography and the network becomes, the more effective micro-influencers
are at diffusing information. In summary, this research sheds light on how micro-influencers
have the power to do big things in a small way.
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