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Abstract
In the absence of clear, consistent guidelines about the COVID-19 pandemic in the United States, many people use social media
to learn about the virus, public health directives, vaccine distribution, and other health information. As people individually
sift through a flood of information online, they collectively curate a small set of accounts, known as crowdsourced elites,
that receive disproportionate attention for their COVID-19 content. However, these elites are not all created equal: not
all accounts have received the same attention during the pandemic, and various demographic and ideological groups have
crowdsourced their own elites. Using a mixed-methods approach with a panel of Twitter users in the United States over the
first year of the COVID-19 pandemic, we identify COVID-19 crowdsourced elites. We distinguish sustained amplification
from episodic amplification and demonstrate that crowdsourced elites vary across demographics with respect to race,
geography, and political alignment. Specifically, we show that different subpopulations preferentially amplify elites that are
demographically similar to them, and that they crowdsource different types of elite accounts, such as journalists, elected
officials, and medical professionals, in different proportions. In light of this variation, we discuss the potential for using
the disproportionate online voice of crowdsourced COVID-19 elites to equitably promote public health information and
mitigate misinformation across networked publics.
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Introduction
Local COVID-19 caseloads, community guidelines, national
directives, international travel bans, testing locations, and vaccine availability all change rapidly, sometimes on a daily or
even hourly basis, as we endure the pandemic. The fluidity of
the ongoing public health crisis makes it difficult for individuals to find reliable information online, forcing them to sift
through both high-quality expert information and life-threatening misinformation, particularly on social media platforms. As
people individually engage with an imperfect assortment of
local news media, epidemiological specialists, political pundits, public health officials, and financially motivated opportunists online, they collectively amplify a small set of
disproportionately influential COVID-19 information sources,
or crowdsourced elites (Papacharissi & de Fatima Oliveira,
2012). Crowdsourced elites were originally theorized by
Papacharissi and de Fatima Oliveira within the context of
Twitter and the 2011 Egyptian revolution to describe the process of how bloggers, activists, and ordinary citizens gained
visibility and “elite” status by being amplified by

other ordinary Twitter users. Subsequently, the concept of
crowdsourced elites has been used widely to explain organic
grassroot amplification and the emergence of non-traditional
elites on social media during other mass protests, elections, and
social justice movements (Jackson & Foucault Welles, 2016;
Jungherr, 2016; Papacharissi & de Fatima Oliviera, 2012).
With respect to COVID-19, crowdsourced elites are key pillars
in the online information ecosystem because they are the most
capable of disseminating both critical health information and
divisive anti-scientific opinions.
However, different publics amplify different information
sources, meaning that different publics crowdsource different
elites. While prior work has demonstrated the multiplicity of
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networked publics on social media platforms (Jackson et al.,
2020; Shugars et al., 2021), quantitative approaches still typically identify crowdsourced elites in aggregate without distinguishing how they vary in prominence and visibility across
different subnetworks. Furthermore, we also often only study
crowdsourced elites around particular focal events, and operationalize amplification accordingly by counting reshares—
or retweets on Twitter. While counting reshares measures the
volume of amplification, it does not measure its consistency.
This distinction is critical when we consider crowdsourced
elites with respect to sustained events, like the pandemic,
rather than more episodic conversations that quickly emerge
and dissipate online. If we do not account for the sustained
nature of amplification or the diversity of crowdsourced elites
across different publics, we will be unable to produce reliable
maps of public dialogue around ongoing events like the pandemic, presidential elections, or social justice movements.
Here, within the context of COVID-19, we identify elites
that have been crowdsourced through sustained amplification across different publics on Twitter. We first introduce a
measure of sustained amplification. Using a panel of Twitter
users matched to public US voter registration files over the
first year of the pandemic, we apply our measure to enumerate nearly 1,900 crowdsourced COVID-19 elites—both
nationally and across different demographic, geographic,
and ideological subgroups—and show how they differ from
those produced by episodic amplification. Nationally, we
find that journalists, media outlets, and political accounts are
most often crowdsourced as COVID-19 information sources,
while epidemiologists, public health, and medical professionals make up only a small portion of all COVID-19 elites.
There is also considerable variation in COVID-19 elites
across demographics though, which accentuates racial, political, and geographic homophily among elites and their corresponding demographic publics. We conclude with how our
findings can be leveraged to disseminate high-quality public
health information among marginalized populations most
devastated by the pandemic, and how our methods can be
used to measure crowdsourced elites across sustained conversations and networked publics more generally.

Related Work
Networked Gatekeeping and Crowdsourced Elites
The networked mix of journalists, media outlets, politicians,
celebrities, and everyday people on Twitter makes it a critical
conduit of both credible information and misinformation.
The platform plays a particularly important role during
breaking news events and rapidly evolving situations when
mainstream media are not able to quickly adapt and provide
on-the-ground, authoritative information (Hu et al., 2012), or
when those outlets are blocked, restricted, or mistrusted
(Howard, 2010; Papacharissi, 2009). In these information
gaps, ordinary users and alternative sources are able to rise in
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prominence, acting as on-the-ground citizen journalists
(Jackson & Foucault Welles, 2016; Lotan et al., 2011),
resource coordinators (Pourebrahim et al., 2019), and afar
commentators (Jackson et al., 2020; Tufekci, 2017). As traditional broadcast media outlets catch up to these events, they
often rely upon these emergent sources when framing their
news stories (Chadwick, 2011; Molyneux & McGregor,
2021), treating them as representatives of the ensuing online
and offline conversations (McGregor, 2019). The synergy
between social media and news media can help direct critical
information (Tufekci, 2017) and shine light on important
social issues (Jackson & Foucault Welles, 2016). However,
while journalists can be receptive to crowdsourced stories,
potentially widening the array of voices represented in mainstream media, they are also vulnerable to media manipulators who use that receptiveness to inject misinformation into
still fluid and fragile situations (Lukito et al., 2020; W.
Phillips, 2018). So although Twitter can be an important
source of credible information, there is a delicate balance
involved in properly curating and amplifying that information, particularly during emerging and evolving events.
Journalists play an important role in striking that balance,
as gatekeepers that select which information is broadcasted
through traditional print and news media outlets (Shoemaker
& Vos, 2009). Despite their disproportionate influence
though, they do not assert unique control over what gains
attention on social media. They are positioned among many
other regular users who curate information by choosing what
to share or ignore on their own feeds. Because social media
affords the ability to amplify particular pieces of content and
not others (Meraz, 2009), they act together as networked
gatekeepers, determining what others—including journalists—see on a platform (Barzilai-Nahon, 2008; Meraz &
Papacharissi, 2013). Through their individual acts of curation and filtering, users collectively amplify crowdsourced
elites, that is, accounts that gain the most visibility through
the networked gatekeeping process (Jackson & Foucault
Welles, 2015; Papacharissi & de Fatima Olivera, 2012). At
times, these crowdsourced elites may be traditional political
and media elites or those who already have established followings (Goel et al., 2016), but Twitter’s particular affordances allow for more permeability in who is deemed “elite.”
As such, domain experts, social justice activists, fringe
antagonists, and ordinary users can also emerge as crowdsourced elites during acute and rapidly evolving events
(Jackson & Foucault Welles, 2016; Lotan et al., 2011;
Pourebrahim et al., 2019), and have their local, technical,
and situational knowledge placed alongside traditional elites
(Chadwick, 2011; Molyneux & McGregor, 2021). Overall,
the complex interactions of networked gatekeeping with
mainstream media produce social media conversations that
are an agglomeration of both established elites and emergent
crowdsourced elites.
As an ongoing public health crisis consisting of a constant
stream of evolving news, the COVID-19 pandemic sits at the
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delicate intersection of mainstream media, scientific experts,
locally affected citizens, and financially motivated opportunists. In the United States, there has been a lack of unanimous,
authoritative guidance from federal and local health officials
regarding the pandemic. In its place, elected congressional
officials have broadcasted polarized messages about the
virus (Green et al., 2020). Together with the historically low
trust in mainstream news (Fink, 2019), this has prompted
many to turn to social media—and Twitter in particular—for
information about COVID-19 (Fisher & Weiner, 2020).
Although it is possible to find reliable health information and
updates about the pandemic online, it is generally variable in
quality and can lead people to make erroneous conclusions
that are not grounded in scientific fact (Fisher & Weiner,
2020). So in the absence of top-down, authoritative messaging informed by epidemiologists, medical professionals, and
public health officials, the uncertainty around COVID-19
creates space for politically and financially motivated actors
to rise through the networked gatekeeping process and disseminate conspiracy theories and misinformation (Bridgman
et al., 2020; Donovan, 2020) that further politicize pandemic
responses (Allcott et al., 2020; Enders et al., 2020). To measure the extent to which various benevolent and malicious
actors have gained visibility during the pandemic, we need
effective methods for identifying crowdsourced elites.

Identifying Sustained Crowdsourced Elites Across
Publics
Amplification is often operationalized by counting the
number of reshares—or retweets in the context of
Twitter—that an account receives. This is not without reason: it is easily calculated, interpretable, and effective at
identifying crowdsourced elites across contexts. Its simplicity, though, hides richer contextual and temporal
dynamics.
First, measuring amplification by counting reshares does
not account for diversity among the amplifiers. While
reshares are often counted in aggregate across entire datasets, many online communication networks are polarized
(Conover et al., 2011; Yardi & boyd, 2010) or otherwise fragmented. While such fragmentation is not necessarily bad, it
does have implications for the networked gatekeeping process. Because different networked publics tend to amplify
different sources, they can also have different crowdsourced
elites. So, methodologically, if we only produce a single
ranked list of crowdsourced elites across an entire dataset,
we may overestimate the importance of general elites for
some publics, or underestimate the importance of specific
elites for other publics. This has downstream consequences:
behavioral change campaigns—including those designed to
spread accurate information about things like health risks,
treatment, and vaccination—are considerably more effective
when trusted opinion leaders are enlisted to encourage their
adoption and compliance (Valente & Davis, 1999; Xu et al.,

3
2014). Community-specific crowdsourced elites can trigger
larger informational cascades (Cha et al., 2010) and reach
more people with public health information. When identifying crowdsourced elites, we must account for how different
publics amplify different accounts.
Second, measuring amplification by only counting
reshares collapses several possible outcomes of amplification into one number. This conflates three types of visibility
that may be possible through amplification. One, some
accounts receive many shares because they have a single
post “go viral,” momentarily elevating them on the platform.
Two, other accounts, particularly spam accounts, may garner
many shares because they produce an abundant amount of
low-quality posts that each happen to get a little amplification. Third and finally, an account may sit between these two
extremes: it may not always receive abundant amplification
at the magnitude of virality, but it consistently posts about a
topic and receives attention. When we are studying the conversations around a particular focal event, like the announcement of a vaccine, a presidential campaign gaffe, or an
extrajudicial police murder, the distinction between amplification outcomes is less important: an account is seen widely
at a particular moment whether it had one viral post or many
impactful ones. However, when we consider ongoing conversations online, like those around the pandemic, US elections, or Black Lives Matter more broadly, the differences
between sustained and episodic amplification become more
acute. Health practitioners would not want to seed a campaign with an account that was only viral at the beginning of
the pandemic, and platforms would not want to expend significant effort suspending spam accounts that receive little
amplification. By measuring sustained amplification of
crowdsourced elites across different publics, we help ensure
that relevant crowdsourced elites can be employed for health
campaigns or targeted for platform interventions.
We focus primarily on three research questions.
1.
2.

3.

In the United States, who have people crowdsourced
as COVID-19 elites on Twitter over the course of the
pandemic?
How does our understanding of who those crowdsourced elites are change depending on whether we
measure them according to sustained or episodic
amplification?
How do COVID-19 crowdsourced elites vary across
different demographics, including race, gender, age,
state of residence, and political affiliation?

Data and Methods
We use a mixed-methods approach for identifying the sustained amplification of COVID-19 crowdsourced elites.
Drawing on a panel of Twitter users matched to public US
voting registration records, we use a set of keywords to identify tweets about COVID-19 posted during the first year of
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the pandemic in the United States. We introduce a measure
of sustained amplification and use it to enumerate sustained
COVID-19 crowdsourced elites nationally and across various demographically induced publics. Having identified
these elites, we undertake a qualitative hand-coding process
to annotate them according to their Twitter account type,
race, gender, political affiliation, and geographic locality. We
use these annotations to demonstrate how sustained amplification differs from episodic amplification, and how elites
differ across demographic publics.

Twitter Panel of Registered Voters
To focus our analysis on real US citizens, we use a panel of
Twitter users linked with public US voter registration
records. Matching Twitter users to these records has several
benefits over other methodological approaches. First, we can
be confident that we are studying the online behavior of real
people, and not that of media outlets, organizations, social
bots, and other non-human entities (Ferrara et al., 2016;
Gorwa & Guilbeault, 2020). Second, using a voter registration file gives us demographic information about the Twitter
users—which is not otherwise available using the Twitter
application programming interface (API)—and so we are
able to study demographic variation in how users crowdsource elites. Finally, the size of the panel allows us to focus
our analyses on demographic minorities and other marginalized populations while retaining a statistically reliable sample size (Foucault Welles, 2014).
We constructed the panel following the approach of
Grinberg et al. (2019). We started with a 10% sample of
tweets collected from the Twitter Decahose. From this
sample, accounts were extracted if they reported a US
location in their profile and included a full name in their
account or handle. These accounts were then joined with
public voter registration files—assembled by the data vendor TargetSmart—by matching unique entries according to
both name and location. In total, the matching process
resulted in a Twitter panel of about 1.6 million registered
voters across all 50 states and Washington, D.C. We estimate this to be about 3% of all adult Twitter users in the
United States (Perrin & Anderson, 2019).
We make use of several demographic attributes from the
panel data: state, race, gender, age, and political affiliation.
The state of residence, age, and gender of our panel members
come directly from the voter registration records. For race,
only the nine states required by the Voting Rights Act consistently report race through voter registration records. For the
remaining states, we use race as provided by TargetSmart,
which is reported by the company to be determined through
a combination of statistical inference and matching to other
commercial data files. For party affiliation, we use
TargetSmart’s estimate of party score, which is a statistical
estimate based on registered political party and a number of
other variables, including number of votes in Republican and
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Democrat primaries and Federal Election Commission
(FEC) contributions. Party status can vary notably across
states, and so this score helps maintain more consistency
across states. It falls within an interval from 0 to 100, indicating the probability that a registered voter supports the
Democratic party. Following TargetSmart’s recommended
guidance, we classify any individual with a score less than 35
as a Republican and more than 65 as a Democrat. The
remaining panel members are classified as Independent. In
separate work, we have validated that TargetSmart’s proprietary inferences of both race and political affiliation are reliable (Shugars et al., 2021).
There are a number of factors in the construction of the
panel that affect its final composition. Grinberg et al. (2019)
compared the demographics of their panel with a survey of
voters on Twitter by Pew Research and found that the composition of their panel largely agreed with the survey in terms
of gender, political affiliation, and race, though it contained
slightly more Democrats—which was explained by the number of users reporting no party. Hughes et al. (2021) conducted a more detailed comparison of the voter file approach
to several survey-based approaches that constructed panels
through voluntary responses. Compared with survey-constructed Twitter panels, the voter file panel contained younger
users, more women, more White users, and fewer Hispanic
and Asian users. Given these studies and the construction of
our panel, we confidently report results for panelists with
respect to state, age, and gender because there is no overwhelming over or underrepresentation. We are also confident
of the results with respect to White and Black panelists, but
results related to COVID-19 elites of Hispanic and Asian
panelists should be interpreted more tentatively as they are
notably underrepresented in our panel.

Ethical Considerations
The construction and use of the Twitter panel was approved
by our university’s Institutional Review Board. To create the
panel, we used names and locations that were clearly and
publicly disclosed on Twitter, as well as publicly available
voter registration records. However, many Twitter users do
not anticipate having their information extracted from
Twitter and linked across datasets (Fiesler & Proferes, 2018),
and their explicit consent was not obtained to do so. We balance this against the other methodological approaches that
we could have possibly taken. One option would have been
to work generally with a sample of Twitter data, based just on
keywords. With this approach though, we would not be able
to reliably identify human users and, among those, different
demographics. Given that different demographic groups—
particularly racial ones—have disproportionately borne the
burden of the pandemic (Azar et al., 2020), it is important to
identify elites that are trusted and amplified among those
communities. A demographic-agnostic approach would not
proportionately benefit those most harmed by the pandemic,
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which would be an unjust research outcome. Alternatively,
we could have constructed a panel through a survey allowing
for informed consent, but it would have resulted in a substantially smaller panel (Hughes et al., 2021). While we would
have access to demographic data, our identification of elites
would be less reliable because we have fewer users for any
particular demographic subset. In this case, we would not be
able to produce research that adequately benefits those most
affected by COVID-19.
In light of these considerations, we believe that our voter
file approach is most capable of identifying COVID-19
crowdsourced elites in such a way that we can justly distribute the outcomes of our research. We defend against misuse
of the data by storing and analyzing it on secure servers with
multiple checkpoints of restricted access. We do not include
private accounts in our analyses, and only report aggregate
trends across the panel. These precautions minimize the likelihood that harm will come to our panel members because we
linked their Twitter profiles with their voter registration
records.

COVID-19 Tweet Identification
Using the Twitter panel as our source of tweets, we identify
COVID-19-related content through a keywords-based
approach. We compiled a multilingual keyword list from
three sources: the keyword list for the COVID-19 Twitter
dataset assembled by Chen et al. (2020), the keyword list
from Green et al.’s (2020) study on elite polarization around
COVID-19, and the keyword filters for Twitter’s official
COVID-19 streaming endpoint.1 As the pandemic evolved,
we continued to augment those lists with additional terms to
expand our coverage across COVID-19-related topics and
misinformation. We also removed select words from the lists
that were likely to produce false positives as the pandemic
continued (e.g., “china”). After several iterations, we further
removed keywords that rarely uniquely identified COVIDrelated tweets: specifically, we dropped all keywords that
appeared by themselves and no other keywords less than 30
times. In total, our list consisted of 570 keywords, including
terms explicitly mentioning the pandemic (“covid-19” and
“coronavirus”), phrases referencing societal responses
(“social distancing” and “flatten the curve”), names for different types of masks (“n95,” “surgical mask,” and “face
covering”), and hashtags associated with misinformation
(“plandemic,” “faucifraud,” and “arrestbillgates2020”). The
full keyword list is available as an online supplement (covid_
keywords.tsv).
We labeled a tweet as COVID-related if at least one keyword matched the tweet text, including any quoted text, any
hashtags, or any substring of any URL included in the tweet.
We also identified “COVID-related” URLs and included any
tweet using at least one of those URLs. A URL was labeled
as “COVID-related” if it was used with our keywords at least
100 times and at least 20% of its use was with COVID
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keywords—even if the URL itself did not contain any
COVID keywords. These thresholds were chosen by manually inspecting the most frequently occurring URLs and
domains used by our panel and iteratively altering the thresholds until they appeared to filter non-COVID URLs while
still returning relevant links.
We searched for the keywords and COVID-related URLs
in all tweets posted by our panel members from January 1,
2020, to December 31, 2020. This resulted in 34,149,869
tweets posted by 504,096 panel members. Of those 9,840,552
were originally authored tweets and 24,309,317 were
retweets, where 5,402,637 were retweets of quote tweets.
The vast majority of the tweets (98%) were posted after
March 1, 2020, around which time COVID-19 first became a
major point of conversation in the United States.

Sustained Amplification
To identify sustained amplification around COVID-19, we
define a retweet h-index. The h-index, originally proposed
for measuring academic citations (Hirsch, 2005), is the maximum value of h such that an account has h COVID-related
tweets that each have at least h retweets. This metric balances the volume and consistency of amplification: in order
for an account to have a high retweet h-index they must produce many tweets about COVID-19 and receive notable
attention for each of those tweets. If an account did not consistently post about the pandemic and only had a single viral
tweet, then they will only have an h-index of 1. If an account
made many posts about COVID-19, but did not receive more
than one retweet on any of them, then they will also only
have an h-index of 1. However, if an account had 20 COVIDrelated tweets that each had at least 20 retweets, then they
will have an h-index of 20. The h-index discerns sustained
amplification from episodic amplification by prioritizing
volume and consistency, mitigating the noisy effects of virality and spam when measuring amplification for ongoing
events like the pandemic.

Identifying COVID-19 Crowdsourced Elites
We want to demonstrate the utility of measuring sustained
amplification through the h-index compared with measuring
episodic amplification by counting retweets. So for every
account retweeted by one of our Twitter panel members, we
calculated both the total number of COVID-19-related
retweets received by the panel and their COVID-19 h-index.
We then ranked all the accounts by each of these measures,
yielding two ranked lists from which we extract the top 0.1%
of accounts. We did this nationally across the entire panel.
We also want to demonstrate the utility of identifying
crowdsourced elites specific to different publics. While there
are a number of ways to identify (networked) publics, we
choose to use demographically induced publics, given the
demographic variation in COVID-19 health disparities and
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Table 1. The Typology of Account Types of Crowdsourced Elites.
Account type

Examples

Public health official
Medical professional
Epidemiologist
Elected official
Public service
Media outlet
Journalist (hard news)
Journalist (soft news)
Journalist (broadcast)
Journalist (new media)
Public intellectual
Political (other)

Surgeon general, director of CDC
Doctors, nurses, hospitals
Epidemiological researcher
Mayors, governors, senators
City offices, police departments
News outlets, TV news channels
Investigative journalists, public health and economics reporters
Sports and entertainment reporters
TV anchors, radio news hosts
Twitch streamers, podcast hosts
Academic researchers, mainstream opinion columnists
Activists, campaign staffers, political personalities, anonymous
hyperpartisan accounts, political pundits
Musicians, comedians, social media personalities
Baseball players, sports team managers
Priests, rabbis, churches
Organizations not classified above
Accounts not classified above, primarily personal accounts of
non-public figures
Accounts deactivated or suspended by the time of annotation

Entertainer
Athlete
Religious leader
Organization
Other
Deactivated/suspended

Political affiliation?

Geographic locality?

X

X

If hyperpartisan
If hyperpartisan
If hyperpartisan
If hyperpartisan
If hyperpartisan

X
X
X
X
X

X

CDC: Centers for Disease Control and Prevention. Only certain types of accounts were annotated with a political affiliation or geographic locality, as
indicated in the table.

vaccine hesitancy. As such, we also constructed the two
ranked lists—one ranked by retweet counts and another by
h-indices—for each demographic of age, race, gender, state
of residence, and political affiliation. For example, we identified the COVID-19 elites crowdsourced by residents of the
state Massachusetts by calculating the h-index using retweets
from only panel members in Massachusetts. For demographics where the top 0.1% resulted in less than 50 accounts, we
included all 50 of the top accounts, beyond just the top 0.1%.
We did this so that we had enough elites to reliably disaggregate them across account types, which we explain below.
Overall, across both amplification metrics and all demographics, this process yielded 1,896 unique accounts: 1,580
accounts are crowdsourced elites according to total retweets,
and 1,455 are sustained crowdsourced elites according to the
h-index.

Classifying COVID-19 Crowdsourced Elites
To provide a meaningful differentiation of COVID-19
crowdsourced elites, we annotated them according to account
type, race, gender, political affiliation, and geographic locality. Two authors used their prior general knowledge of
Twitter, along with a related report on “COVID-19 “expertise” on Twitter (Gligorić et al., 2020), to devise a classification scheme of different types of accounts that can act as
COVID-19 opinion or information sources. Upon multiple
iterations, the typology was finalized such that an account
could be categorized as 1 of 18 account types (see Table 1 for

details). Journalists could be labeled according to whether
they report hard news, report soft news, broadcast news, or
publish through new media. Both journalists and media outlets could be identified as hyperpartisan. Hyperpartisan journalists and media outlets, elected officials, and other political
accounts were annotated with political affiliations. While
other accounts can also express political views, we focused
on identifying accounts that are primarily political actors. We
also labeled other types of accounts with a geographic locality if relevant: elected officials, media outlets, and journalists. While other accounts may have geographic information,
we focused on extracting it for people’s local officials and
news sources. We list the account types, summarize the
annotations, and provide examples in Table 1.
The two authors formalized this typology into a codebook. Three authors and seven research assistants were
trained on it and instructed to use publicly available information to research the COVID-19 crowdsourced elites, identify
their demographic attributes, and classify them according to
the typology. The codebook was updated iteratively based on
feedback from the coding team, and all data were re-coded
following codebook updates. Any ambiguous cases, as well
as all cases marked “Other” were reviewed by at least two
coders prior to finalizing a code. Krippendorff’s alpha was
calculated for a 5% random sample of the data that were
coded by at least one author and one research assistant. For
account types, Krippendorff’s alpha was 0.78, which is a reasonable indicator of intercoder reliability given the number
of account types in the typology.
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Results
Sustained Amplification of COVID-19 Elites
For our comparison of how counting retweets and the retweet
h-index differ in how they measure amplification, we focus
on the national-level COVID-19 elites. Each measure separately ranked the top 0.1% of accounts and produced 1,110
national elites. Together between the two metrics, there are
1,298 unique elites, where 922 of them (71%) are shared
between the h-index and retweet count rankings. President
Joe Biden is ranked first according to both his h-index and
total number of retweets (217,967 retweets and h-index = 273),
while former president Donald Trump ranks second according to h-index (h-index = 251) and third according to total
retweets (147,417 retweets). While we do not otherwise discuss individual accounts here and instead focus on aggregate
trends, we make the national COVID-19 elites available as an
online supplement (US_national_COVID-19_elites.tsv).
In Figure 1, we show the distribution of account types
among both the retweet and h-index rankings. Regardless of
the ranking, we see clear trends in what types of accounts have
been amplified around COVID-19. Journalists and media outlets command a significant portion of the COVID-19 discussion, followed by political accounts on both the left and right.
Notably across both rankings, medical professionals, public
health officials, and epidemiologists make up only a small portion of all crowdsourced elites (4%–5%). Relative to the
h-index though, counting retweets overestimates the prevalence of media outlets among COVID-19 elites, while underestimating the number of elites that are hard news journalists.
To a lesser extent, counting retweets also underestimates the
number of right-wing political accounts, and overestimates the
prevalence of “other” accounts among the elites.
While the two amplification metrics may look similar if
we only look at the distributions of account types, they rank
those accounts very differently. For Figure 2, we calculate
the median difference between each account’s h-index rank
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and retweet count rank. Accounts with a higher difference
are ranked higher when counting retweets, while those with
a lower difference are ranked higher by the h-index. When
ranking by total retweets, media outlets rank 341 positions
higher on average compared with the h-index rankings.
Medical professionals and public health officials are also
overranked by counting retweets as well: they rank 128 and
62 positions higher on average. On the contrary, the total
retweet rankings underrank the sustained amplification of
deactivated and suspended accounts, Republican elected
officials, and other right-wing political accounts.
The median rank difference appears to show that the retweet
counts and h-index rank some types of accounts similarly, like
left-wing accounts, entertainers, and other accounts. We see a
more complex story in Figure 3, which shows how each individual account is ranked by the two metrics. For media outlets,
we can clearly see how they are frequently overranked by counting retweets. There are a number of accounts, including
left-wing political accounts, medical professionals, public intellectuals, entertainers, and other accounts, that have much lower
h-index ranks than their total retweets ranks. These are the
accounts that were momentarily amplified, but have not received
consistent amplification over the course of the pandemic. These
plots provide a clear indicator that counting retweets is not
appropriate for measuring amplification over an ongoing event.
Together, Figures 1 to 3 demonstrate that the choice of
how we measure amplification notably affects what kinds of
accounts are determined to be important. In practice, we
often use such rankings for further content analysis, information campaigns, or platform interventions. Failing to account
for the sustained nature of the pandemic results in a muddled
view of who has been deemed a COVID-19 elite.

Demographic Crowdsourcing of COVID-19 Elites
Having demonstrated the need for measuring the sustained
amplification of COVID-19 elites, we now turn to show how

Figure 1. The distribution of COVID-19 crowdsourced elite account types, according to the retweet h-index (blue, left) and their total
number of retweets (red, right).

8

Figure 2. The median difference between h-index rank and total
retweet rank across all accounts of each type. Positive values
indicate that the account was ranked more highly according to its
total number of retweets, indicating it is overranked relative to
the h-index. Negative values indicate that an account was ranked
more highly according to its h-index, indicating the total number
of retweets underrank the account according to the h-index.

different demographically induced publics crowdsourced
different elites. From here forward, we identify sustained
elites by using only the retweet h-index. According to the
h-index, there are 1,401 elites across all demographics. In
Figure 4, we map the different types of COVID-19 elites
crowdsourced by different demographics.
In line with the national trends, all demographics have
consistently amplified many journalists, and few medical
professionals, public health officials, or epidemiologists.
There are notable demographic-specific trends though.
Democrats and Republicans amplify more left- and rightwing accounts as their elites, respectively, which we discuss
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in further detail below. By the account type breakdown
though, we see that both political demographics crowdsource
relatively more general, but not elected political accounts
than elected officials themselves. In contrast, non-White
panel members amplify more elected Democrats than leftwing accounts, and fewer right-wing accounts overall.
Political accounts of all types are crowdsourced more as
elites by older users: 30.1% of elites for panel members ages
18–29 are political, 39.3% are for those ages 30–49, 44.4%
are for those ages 50–64, and 49.5% are for those ages 65
and older. Opposite this trend, 13.9% of elites for those ages
18–29 are media outlets, while that number falls for those
ages 30–49 (8.5%), 50–64 (6.8%), and older (5.5%). There
are also more subtle differences in elites. For example, those
who are 18–29 years old amplify less public intellectuals and
more “other” assorted accounts, while Republicans amplify
more accounts that are now suspended or deactivated.
As we see then, there is a rich diversity in the types of
accounts that are amplified across different demographic
publics. That diversity would be lost if we were to only consider the national elites in aggregate. As we show further in
Figure 5, these publics exhibit homophilic amplification,
amplifying elites that are like themselves.
In Figure 5a, we look at the COVID-19 elites of
Republicans and Democrats in our panel. For Republicans,
we measure the percent of their elites that are right-wing
accounts (both elected officials and others) and compare that
with the percentage nationally. Similarly, for Democrats we
measure the percent of their elites that are left-wing accounts
and compare with the national elites. Figure 5a shows that
both sets of panel members exhibit homophilic amplification
with respect to their political parties. When looking specifically at political COVID-19 elites—rather than all
elites—82.1% of Democrat’s political elites are left wing
(58.5% nationally), while 74.6% of Republicans political
elites are right wing (39.7% nationally).
While homophilic amplification with respect to political
ideology may be expected, we also find similar patterns
across the lines of race and geography (we did not find any
preferential amplification according to gender with respect
to the national baseline). In Figure 5b, we show that people
of color are more likely to have COVID-19 elites that align
with their racial demographic, compared with the national
elites. Black panel members in particular have significantly
more Black COVID-19 elites than the panel as a whole:
while only about 8.8% of COVID-19 elites nationally are
Black, 25.7% of COVID-19 accounts amplified by Black
panelists are themselves Black. While the absolute numbers
of Latinx/Hispanic and Asian COVID-19 elites are lower
both nationally and for each demographic, Latinx/Hispanic
panel members are about three times more likely to amplify
Latinx/Hispanic people as elites, and Asian panel members
are about two times more likely to crowdsource an Asian
elite. Generally, people of color are more likely to have
COVID-19 elites that are of color: when looking at accounts
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Figure 3. Comparisons of accounts when ranking by their total number of retweets and their h-index across COVID-19 account types.
The diagonal line in each plot indicates the line of equality. Accounts above the line of equality in red are ranked higher by their total
number of retweets. Accounts below the line of equality in blue are ranked higher by their h-index. The Pearson correlation of the ranks
is indicated in the top left of each subplot. Note the log-scale axes, which mean that small visual deviations from the line of equality can
be large in magnitude.

that have a race (e.g., as opposed to organizations), it is 2.4
times more likely for the elites of Black panel members to be
non-White compared with those of White panel members,
and 1.1 and 1.4 times more likely for the elites of Latinx/
Hispanic and Asian panel members to be non-White,
respectively.
With regard to geography, we find that there are relatively
more local COVID-19 elites among each state’s elites than
there are nationally. Figure 5c shows the difference in percentage points between the percent of a state’s elites that are
local journalists, media outlets, and elected officials and the
percent of all national elites that are from that same state.
The average state has 7.1 percentage points more local representation than is seen nationally, where 17 states have no
local representation at all among national COVID-19 elites.
Even states that are already represented relatively more
among national elites, including California (2.3% of all

national elites) and New York (1.2% of all national elites),
crowdsource more local elites: 6.1% of all Californian elites
and 3.0% of all New York elites are affiliated with California
and New York, respectively.
Given the variety of accounts that different demographic
publics amplify, and the homophily they exhibit in doing so,
it is clear that it is important to account for how different
publics amplify different elites. Doing so allows us to identify COVID-19 elites that are relevant and local to particular
political, racial, geographic, and age-based populations.
Measures which only look at nationally elevated elites disproportionately represent the most dominant populations and
overlook the contributions and discourse happening in marginalized populations. Such a misplaced focus may fundamentally misrepresent dynamics of discourse and information
spreading and could lead to poorly targeted intervention
strategies.
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Figure 4. The distribution of COVID-19 elite account types nationally and across different demographics. Darker shades of color
indicate that relatively more accounts of that type are crowdsourced as elites by that demographic.

URL Sharing by Sustained COVID-19 Elites
We finish by briefly examining the extent to which the sustained COVID-19 elites used URLs to share information and
the amount of amplification they received for doing so.
Looking again only at the national COVID-19 sustained
elites, we take the tweets of the COVID-19 elites amplified
by our panel (i.e., tweets retweeted at least once by our
panel), and count the number of them that contained at least
one URL. We then calculate what proportion of all their
retweets came from those tweets with URLs. If elites
received an equal number of retweets on URL and non-URL
tweets, then we would expect the number of retweets to be
proportional to the number of URL and non-URL tweets they
sent, respectively. The results are shown in Figure 6. Perhaps
unsurprisingly, media outlets shared the most links relatively: over 88% of their tweets contained a URL. In accord
with this, about 80% of all the retweets that media outlets
received came from those tweets with URLs. Unlike media
outlets though, while most other account types included
URLs approximately 30%–40% of the time, they often did
not receive a proportional number of retweets from those
tweets. In particular, irrespective of political party or status
as an elected official, all political accounts linked to external
websites in about 30% of their tweets, but only received 15%
of all their retweets from those tweets, which is half of what
we would expect based on how many URL tweets they sent.
So although political accounts have been consistently amplified in COVID-19 discussions on Twitter as we showed earlier, they are more often amplified for non-URL tweets than

tweets directed toward off-platform information. Generally,
most other account types received much more amplification
for their non-URL tweets relative to the number of URL
tweets they sent.
There are some accounts other than media outlets that
were amplified at the same rate as the number of URLs they
shared. In addition to media outlets, journalists (except soft
news journalists) received a proportional number of retweets
on their tweets containing URLs. As professional information gatekeepers, this proportionality reflects a balance in the
amount of amplification they receive with respect to the
amount of off-platform information that they share. The
other notable exceptions to the URL amplification imbalance
are epidemiologists and public health officials. Both types of
accounts included URLs in 36%–39% of their tweets, and
both received 39% of their retweets from those tweets with
URLs. This suggests that epidemiologists and public health
officials receive balanced amplification with respect to
URLs, which is only on par with media outlets and journalists. Still though, while epidemiologists and public health
officials—those who have direct experience managing the
pandemic—may receive amplification proportional to their
information sharing, they make up only a small portion of all
COVID-19 elites, as we showed at the start of our analysis.

Discussion
We have taken a census of who Americans have given disproportionate attention to during the first year of the pandemic on Twitter around COVID-19 by measuring sustained
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(b)

(c)

Figure 5. (a) The political affiliation of elites amplified nationally and panelists of that political party. For example, the percent of rightwing accounts amplified by Republican panel members is compared with the percent of right-wing accounts amplified across the panel
nationally; the percent of left-wing accounts amplified by Democrats is compared with the percent nationally. (b) The racial composition
of elites amplified nationally and by particular racial demographics. For example, the percent of Black COVID-19 elites amplified by Black
panel members is compared to the number of Black elites amplified nationally. (c) The distribution of differences between the percent of
local elites in each state and the percent of those same local elites among the national elites. Larger values indicate that more accounts
from that state are amplified locally than nationally.

Figure 6. URL information sharing by different types of sustained COVID-19 elites. Blue bars to the left indicate the percent of tweets
that contained at least one URL. Red bars to the right indicate the percent of received retweets that resulted from tweets with URLs.
If a type of COVID-19 elite received equal amplification of their URL and non-URL tweets, then we would expect the bars to be level.
Accounts where the right (red) bar is lower than the left (blue) bar are those that received less retweets for their URL tweets than
their non-URL tweets, relative to the number of URL tweets they sent.
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amplification across various demographic populations. By
constructing a measure of sustained amplification and
applying this measure to a panel of Twitter users in the
United States, we have shown that people have primarily
amplified journalists and media outlets as COVID-19 elites,
followed by assorted political accounts across the political
spectrum. Furthermore, we have also shown that epidemiologists, public health officials, and medical professionals
only make up a small fraction of all COVID-19 elites crowdsourced nationally and across demographics. We discuss the
immediate implications of these results for public health
communication regarding COVID-19, and the more general
consequences of our methods for identifying sustained
crowdsourced elites across networked publics beyond the
pandemic.

COVID-19 Elites and Opportunities for Fighting
“Infodemics”
Previous research suggests that the US public, across demographic and ideological lines, trusts medical professionals
and scientists more than elected officials and journalists,
and this trust is on the rise since the start of the pandemic
(Funk et al., 2020). We see evidence of this in our own
results, as epidemiologists and public health officials
(though not medical professionals) are the only types of
accounts other than journalists and media outlets to receive
amplification proportional to the amount of information
they share via URLs. Yet, our results also suggest that scientists and medical professionals have not consistently
played a central role in driving conversations about
COVID-19 on Twitter, while political accounts and journalists—who also may be perceived as partisan (Iyengar &
Hahn, 2009)—have. This research cannot say exactly why
this is the case; it may be that epidemiologists, public health
officials, and medical professionals do not have established
followings to amplify their messages, their messaging itself
is ineffective, or they do not post about the pandemic as
much as other types of accounts. All of these explanations
suggest different communication strategies: the information of scientists and public authorities may need to be
amplified further, their public communication needs to be
improved, or they generally need to engage with the Twitter
public more. Regardless, at the start of the pandemic in
March 2020, all of the major social media platforms made
a statement that they were “elevating authoritative content”
on their platforms in response to the pandemic (Shu &
Shieber, 2020). Despite this, Americans appear to be receiving a sizable portion of their COVID-19 information from
political sources—likely resulting from and contributing to
political polarization around the pandemic (Green et al.,
2020). Our work suggests that social media platforms may
not have gone far enough over the first year of the pandemic to ensure that experts are consistently centered in
COVID-19 discussions with their messages widely visible.
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If relevant scientific and public authorities are not being
regularly consulted for COVID-19 information, then effective public health messaging campaigns on these platforms
should focus on crowdsourced COVID-19 elites who already
share a sustained portion of COVID-19 discussions online.
Importantly, we have shown that these elites vary across
demographic groups along the lines of race, geography, and
political affiliation: people are more likely to amplify accounts
that share their beliefs and background. In particular, we have
shown that people of color have been more likely to share
COVID-19 information from elites of color. People of color
are disproportionately affected by the pandemic (Azar et al.,
2020), and our results suggest that there is a need for more
non-White experts and authorities to communicate with these
marginalized populations. Such figures could be algorithmically amplified and prioritized on social media platforms, so
that they may transmit reliable information about COVID-19
to their respective communities online. Another route might
involve institutional intervention, following the example of
the United Kingdom where the government paid social media
celebrities to encourage participation in COVID-19 testing
and contact tracing (Bolat, 2020). Prior research suggests that
paid celebrity promotions may be more effective than the
same information provided by the World Health Organization
(WHO) and Centers for Disease Control and Prevention
(CDC), partially because politicians’ and celebrities’ tweets
tend to have more positive undertones (Kamiński et al., 2021).
If crowdsourced elites can advocate among people of color,
then they may be able to combat particular types of COVID19 misinformation that exploit the understandable mistrust
that portions of these communities have toward scientists and
the United States government because of unethical experimentation on them (Collins-Dexter, 2020). Leveraging
COVID-19 crowdsourced elites to communicate public
health messaging to these marginalized communities may be
a critical component in combating COVID-19 misinformation over the coming years, as the virus likely becomes
endemic in parts of the world (N. Phillips, 2021) and vaccines
continue to be distributed.
Not all COVID-19 crowdsourced elites are appropriate
for disseminating information though: certainly, a number of
them are distributors of COVID-related misinformation. In
itself, it is not necessarily concerning that content from journalists and media outlets are elevated significantly more than
content from epidemiologists, public health officials, and
medical professionals. Indeed, if the latter do not already
have an established social media following, they may need
media platforms and journalists to amplify their expertise in
the news. However, media outlets vary widely in their commitment and ability to share high-quality, accurate information, and the WHO and other experts have warned of an
online “infodemic” coinciding with the offline pandemic
(Donovan, 2020; World Health Organization [WHO], 2020).
For instance, disinformation agents, such as the Russian
Internet Research Agency, acted as local news aggregators
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on Twitter in 2016 and disproportionately focused on crime
rates in their respective areas (Bastos & Farkas, 2019). Thus,
there is a potential that similar local strategies have been
used during the pandemic. Previous research has also highlighted the prevalence of religious misinformation in the
Middle East and North Africa online sphere (Alimardani &
Elswah, 2020), suggesting that such beliefs might be also
amplified in other countries and communities affiliated with
these regions. Future research needs to evaluate the quality
of information shared by crowdsourced COVID-19 elites so
that we can better monitor and intervene upon misinformation in future health crises (Gallotti et al., 2020; Shams et al.,
2021; WHO, 2021).

Sustained Amplification Across Publics Beyond
COVID-19
Our work speaks more broadly to how crowdsourced elites
are identified in practice. First, we have distinguished sustained amplification from episodic amplification, and have
argued that a reshare h-index should be used in place of
simply counting reshares when studying crowdsourced
elites over the course of longer, ongoing events. While we
have focused on COVID-19 elites here and which accounts
have received sustained attention over the course of the
pandemic, sustained amplification can be measured for
other discourses that operate at longer time scales. For
example, identifying crowdsourced elites by counting
reshares is sufficient when studying any particular Black
Lives Matter protest. In that case, it is less necessary to
concern ourselves with the consistency of amplification
because it is all relatively brief in that moment. However,
if we want to string together the conversations around multiple protests that take place over the course of several
weeks, months, or even years, it becomes increasingly
important to distinguish between episodic and sustained
amplification. We have demonstrated how to operationalize each type of amplification and encourage other
researchers to carefully consider how the timescale of their
data and how they measure amplification affect who is
considered a crowdsourced elite.
We have also emphasized the need to acknowledge how
different publics crowdsource different elites. Here, we have
used demographically induced publics, as they are particularly relevant to the health disparities regarding COVID-19.
However, crowdsourced elites can be identified for any networked public, not just demographic ones. For example, any
politically contentious topic in the United States will very
likely result in a polarized interaction network online. Rather
than extracting crowdsourced elites in aggregate across all of
the users in that network, one could run a community detection algorithm and identify crowdsourced elites that correspond to each of the different network components. While it
may seem like an obvious point that different publics, especially political ones, will have different crowdsourced elites,
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researchers need to explicitly account for that in their methods going forward.

Limitations
We acknowledge that there are limitations to our study. With
respect to our Twitter panel itself, we have had to make decisions that affect how representative it is of the US Twitter
population, and the US offline population more broadly. We
have also used inferences of political affiliation and race provided by the data vendor TargetSmart. Although prior work
suggests our results are not overwhelmingly biased (Grinberg
et al., 2019; Hughes et al., 2021), it is important for future
work to continue mapping COVID-19 elites across demographics. With respect to COVID-19 elites, we only labeled
a small portion of all users retweeted by our panel members—which may partly explain why epidemiologists, public
health officials, and medical professionals do not appear
highly among the COVID-19 elites—and we did not measure the quality of the information being shared by these
accounts. With respect to information seeking behavior, we
cannot say to what extent COVID-19 crowdsourced elites
were amplified algorithmically. Furthermore, our panel
members certainly acquired information beyond just
retweets, and sought information directly from external
sources. We also do not know to what extent our panel members have taken advantage of COVID-19 “information portals” that many social media platforms have introduced since
the start of the pandemic. More broadly, Twitter is just one
platform in the larger information ecosystem, and it is valuable to understand how amplification on Twitter compares to
information crowdsourcing on other platforms like Facebook,
Reddit, YouTube, Google, Instagram, WhatsApp, and
TikTok, and with traditional news media. For example,
emerging evidence suggests that users of more niche social
media platforms, such as Gab, are more susceptible to posts
with questionable sources of information about COVID-19
than users of other mainstream platforms (Cinelli et al.,
2020).

Conclusion
COVID-19 will have a lasting impact on our global community, and people will continue to need relevant and trusted
information about the virus to safeguard themselves and
adapt to its social consequences. Our work begins to map the
information ecosystem that has emerged in the wake of the
pandemic, and identifies sustained COVID-19 crowdsourced
elites: those who have been consistently amplified around
the pandemic across different demographic groups. These
elites are focal points in online communication networks
because they have been given an authoritative platform with
respect to COVID-19, and their voices are more likely to
resonate with the audiences that crowdsourced them. By
working with COVID-19 elites to promote scientifically
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informed guidelines and counter misinformation, particularly among already devastated populations, we may be able
to leverage the natural crowdsourcing potential of social
media to promote the public’s health more equitably.
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