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Abstract 

The spread of COVID-19 misinformation on social media has elicited concern amongst 

scholars, health agencies and governments owing to its potential harms to public health. This 

article addresses the question of how networks of Australian health professionals engaged 

with COVID-19 facts and myths on Twitter between August and October 2020. After 

reviewing selected literature on COVID-19 misinformation, we present our analytical choices 

and the methodology we used to constitute datasets of COVID-19 factual and mythical 

hashtags and of verified Australian health professional accounts (N:377). The article 

distinguishes between the capacities of ‘actor-actants’ and ‘issue-actants’, and between the 

adoption of ‘field’ and ‘contested’ hashtags during a controversy. We identify categories of 

Australian health professional Twitter accounts such as GPs, nurses, specialists, public health 

professionals and researchers, and analyse the patterns of connections between these actor-

actants and COVID-19 facts and myths. We find that these categories exhibit clearly distinct 

behaviour when tweeting or retweeting factual and mythical hashtags. Even though the rate 

of Australian health professionals’ connection with myths in comparison to facts on Twitter 

is low, hashtags such as #hydroxychloroquine attracted significant engagement. We examine 

these hashtags’ context and find that they were mainly being debunked, though a minority of 

accounts endorsed them. We analyse these adoption patterns, and critically assess the ‘echo 

chamber effect.’ We also consider public health and privacy implications for the 

dissemination of accurate information, for trust in health professionals during a pandemic, 

and for combatting misinformation. 

 

Keywords: Coronavirus, COVID-19, health professionals, misinformation, social network 

analysis, Twitter 
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I. INTRODUCTION 

The public health crisis due to the coronavirus (COVID-19) has been worsened by 

misinformation: rumours, disinformation (intentionally misleading information) and hoaxes 

regarding the aetiology, prevention, and cure of the disease spread globally. COVID-19 

myths – such as the notion that the virus was purposely engineered in a laboratory – built on 

and cross-pollinated with other online-based conspiratorial belief systems such as those of 

‘anti-vaxxers’ who reject vaccinations for measles, mumps and rubella, and of QAnon 

devotees (QAnon rehashes antisemitic myths about bloodthirsty cabals which rule the world 

in secret). The prodigious rapidity of the contagion’s global spread meant there were no well-

established collective opinions about its provenance and prevention: this favoured the spread 

of misperceptions. In early 2020 Cuan-Baltazar et al. (2020) sounded the alarm. Their 

analysis of the quality and reliability of online information about COVID-19 determined that 

hardly any of the top 110 websites found by querying ‘Wuhan coronavirus’ on Google had 

been vetted by the Health on the Net Foundation Code of Conduct (2% had the HONcode 

seal) or met the Journal of the American Medical Association benchmark (10% had all four 

quality criteria required by JAMA). Gallotti et al. (2020) classified the reliability of news 

being circulated on social media, analysing more than 100 million Twitter messages posted 

worldwide during the early stages of the pandemic’s spread, from 22 January to 10 March 

2020. They found that waves of potentially unreliable information preceded the rise of 

COVID-19 infections, posing a serious threat to public health.  

The spread of incorrect information was supercharged by the ease of sharing content 

on social networking platforms, and compounded by these platforms’ lack of regulation of 

hate or disinforming speech, ever-increasing the public’s likelihood of being exposed to 

misleading or misinformed opinions. An early study in 2020 found that much of the 
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misinformation about the coronavirus remained unchecked and continued to circulate, 

particularly on Twitter (Brennen et al., 2020).   

COVID-19-related misinformed opinions can hinder healthy behaviours such as mask 

wearing and social distancing and promote deliberate engagement in risky behaviours which 

contribute to the spread of the virus and result in poor health outcomes (Pennycook et al., 

2020; Tasnim et al., 2020). Debunking such myths is hindered by the erosion of trust in 

expert authority and public institutions (Battiston et al., 2020; Cairney & Wellstead, 2020; 

Caulfield, 2020). Before the pandemic, Walter et al. (2020) argued that trust in health 

professionals and health authorities had declined. After the advent of COVID-19, Battiston et 

al. (2020) found weakened trust in experts in Italy, which they attributed to the public’s 

frustration with authorities’ inability to control the viral contagion. In contrast, others suggest 

that healthcare professionals retain a relatively high level of trustworthiness, particularly 

during crises (Caulfield, 2020; Pew Research, 2020). In Australia survey research showed 

that scientists and health experts were the most trusted sources of information about the 

coronavirus (Park et al., 2020).  

In this article, we conduct content and network analyses of how a sample of 

Australian health professionals connected to COVID-19 factual and mythical information on 

Twitter. We review the literature on COVID-19 misinformation, then present our case study, 

analytical contribution, and the methodology we used to constitute datasets of COVID-19 

factual and mythical hashtags and of Australian health professionals Twitter accounts. We 

analyse the patterns of connections between actors and issues and find that categories of 

health professional accounts such as GPs, nurses, specialists, etc., exhibit distinct behaviour 

when tweeting or retweeting factual and mythical hashtags. We discuss the implications of 

these adoption patterns in terms of the identification of misinformation and of social network 

analysis, finding some evidence of an ‘echo chamber effect,’ though we are mindful that 
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studies relying on digital trace data systematically come to this conclusion. The public health 

and privacy implications of the dissemination of inaccurate information by health 

professionals during a pandemic are intertwined: combatting health misinformation raises 

ethical questions, which we address also.  

 

II. BACKGROUND: HEALTH MISINFORMATION 

2.1. Pre-COVID-19 instances, role of hostile actors and social media platforms 

The spread of health misinformation online is not a new phenomenon: Scanfeld et al. (2010) 

examined 1,000 randomly selected tweets mentioning antibiotics and found that 700 of them 

contained medical misinformation. By creating spaces for the dissemination and reception of 

a range of health information, the Internet has reconfigured relationships between doctors and 

patients (Hardey, 1999). ‘Consumer autonomy’ has increased, as patients’ active engagement 

in their healthcare management has been encouraged (Dutta-Bergman, 2004). The challenge 

this presents to traditional knowledge hierarchies provided fertile ground for anti-vaccination 

activists to disseminate their messages (Kata, 2012). In their analysis of six popular anti-

vaccination Facebook pages, Smith and Graham (2019) observed that anti-vaccine discourses 

‘centered around moral outrage and structural oppression by institutional government and the 

media’ (1310), with conspiracy-style beliefs a common feature. As regards network structure, 

they determined that although anti-vaccination networks on Facebook were large and global 

in scope, activity in comment sub-networks appeared to be ‘small world’ – small groups are 

highly clustered and interconnected, whereas large groups are sparsely interconnected, 

leading to high rates of diffusion (Ibid.).  

Online misinformation spreads faster than factual information because it is more 

novel, and evokes stronger emotional reactions (Vosoughi, Roy, & Aral, 2018). Its 

exponential growth can be attributed to the Internet’s affordances: the means of creating 
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deceptive information have been democratised, and dissemination has been accelerated 

(Authors, 2020). Another contributing factor is lack of regulation. The rapid spread of QAnon 

in the first half of 2020 exemplifies the disastrous impact of platforms such as Facebook.2 

Gallagher et al. (2020) found the volume of QAnon posts on Facebook had increased by 

174.9% between March and June 2020. In comparison, between November 2019 and 

February 2020, the increase was 1.83%. People were led to QAnon via recommendations 

suggested by the platform’s algorithm (Sen & Zadrozny, 2020). Lockdowns and social 

distancing guidelines also played a role: public health measures disrupted daily lives, and 

whilst social media platforms helped people to maintain a connection with distant friends and 

relatives, they also spread confusion. 

 

2.2. COVID-19 misinformation research 

The profound impact of COVID-19 has resulted in an explosion of research. When it comes 

to COVID-19 misinformation, two factors contributed to this so-called ‘paperdemic.’ First, 

social media (and notably Twitter) data is relatively easy to collect. Second, enforced 

isolations and lockdowns away from workplaces provided opportunities for researchers, 

including medical scientists, to collaborate remotely. A plethora of research papers have been 

uploaded to websites such as the non-peer reviewed arXiv or the ‘crowdsourced’ Cureus, and 

duly indexed by Google Scholar. For example, Kouzy et al. (2020) classified Twitter user 

accounts ‘based on content [into] informal individual/group, business/NGO/government, 

news outlet/journalist, and healthcare/public health/medical,’ and claimed that ‘tweets from 

 
2 Facebook’s track record with regards to hate speech and misinformation is appalling (Mozur, 2018; Horwitz & 
Seetharaman, 2020; Silverman et al., 2020). On October 7, 2020, QAnon was banned from the platform, though 
related groups remained. On October 12, Facebook announced it would ban holocaust deniers. On October 13, 
Facebook declared that it would launch a new global policy that bans ads ‘that discourage people from getting 
vaccines’ (Graham & Rodriguez, 2020). On February 9, 2021, Facebook banned ‘posts with false information 
about vaccines’ (Paul, 2021). In September 2021, the Wall Street Journal began publishing internal documents, 
leaked by a former Facebook employee, which revealed that Facebook executives purposely chose to incite 
polarisation on their platform as ‘anger drives engagement’ (WSJ, 2021). 
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healthcare/public health accounts had the lowest rate of unverifiable information (12.3%).’ 

The authors do not explain how their dataset of accounts was built. Yet ‘technical’ details 

such as keywords used to identify accounts and the removal of ‘non-relevant’ accounts have a 

substantial impact on the shape and properties of an empirical object.  

Other researchers addressed patterns of content sharing on Twitter. Thelwall and 

Thelwall (2020) found that female users were more likely to discuss social distancing, whilst 

males were more likely to tweet about sport cancellations. Schild et al. (2020) collected 

datasets from Twitter and 4Chan and found an increase in sinophobic scapegoating. Cinelli et 

al. (2020) compared data from Twitter, Instagram, YouTube, Reddit and Gab and found that 

myths and valid information spread in similar ways. In terms of network structure, a mainstay 

of the research literature is that online myths spread in polarised ‘echo chambers.’ Menczer 

(2016) argued that ‘copying our friends and unfollowing those with different opinions give us 

[…] echo chambers [where] the network structure is so dense that any misinformation 

spreads almost instantaneously within one group, and so segregated that it does not reach the 

other.’ Memon and Carley (2020) characterised ‘competing [fact or myth-based] COVID-19 

communities’ based on Twitter users’ content-sharing behaviour and interactions, finding that 

‘COVID-19 misinformed communities are denser, and more organized than informed 

communities.’  

The effectiveness of health communication is a key concern. A much-quoted phrase is 

that ‘Communications in a public health crisis are as crucial as medical intervention. In fact, 

communications policies are a medical intervention’ (Tworek, 2020). The World Health 

Organization created an information network for epidemics or EPI-WIN3 to fight the 

COVID-19 ‘infodemic’ (Zarocostas, 2020). Social media has proved useful for public health 

authorities to communicate the need for social distancing, express support for healthcare 

 
3 https://www.who.int/teams/risk-communication/ 
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workers, and provide encouragement during lockdown (Thelwall &  Thelwall, 2020). Wang, 

Hao, and Platt (2020) tracked the flows of COVID-19 information amongst US public health 

organisations, finding that organisations were grouped into four clusters, organised around 

the CDC, federal research organisations, WHO, and four state agencies respectively. The 

CDC’s Twitter account had the highest degree (number of connections), followed by the 

Department of Health and Human Services, the Federal Emergency Management Agency, 

and WHO. Assessments of COVID-19 were incongruent with the severity of the crisis: 

organisations underestimated the risks in the early stage, possibly because coronavirus 

epidemics such as SARS COV-1 and MERS had a limited impact in the U.S.  

 

III. CASE STUDY AND ANALYTICAL CONTRIBUTION 

Are health professionals debunking misinformation on social media platforms by providing 

accurate and clear information, as suggested by Erku et al. (2020)? To answer, we investigate 

an under-explored issue in the literature: the connection of individual healthcare professionals 

to COVID-19 factual information and myths on social media. Healthcare professionals can be 

assumed to be better attuned to accurate public health information updates than the general 

population, on Twitter as anywhere else. Public health messaging spread across this 

population on social media arguably represents a best-case scenario for online health 

information diffusion, in all probability reaching the highest number of possible interactions 

between accounts and public health messages.  

We adhere to the Actor-Network Theory (ANT) concern with tracing – rather than 

superimposing overarching theoretical constructs over – connections between human and 

non-human ‘actants’ (Latour et al., 2012). We depart from ANT in several key respects: first, 

it is analytically mandatory to establish distinctions between the capacities of different 

categories of actants (Schraube, 2009; Davis, 2020; Authors, 2020). In line with previous 
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work, we distinguish actor-actants, who have the capacity to care about, and connect to, 

other actants, from issue-actants, who do not (Authors, 2020). The issue-actants we focus on 

are hashtags. Yang, Sun, Zhang, and Mei (2012) suggest that Twitter hashtags ‘serve as both 

a tag of content and a symbol of membership of a community’ (270) and Twitter users are 

aware of this dual function, as evidenced by comparing Twitter to other platforms: ‘the 

network density of hashtag communities is around a thousand times larger [on Twitter] than 

the network density among users, using the same tag(s) in Flickr, LiveJournal, or YouTube’ 

(Yang et al., 2012: 264). Hashtags enable the creation of ‘ad hoc issue publics’ (Bruns & 

Burgess, 2011). Further, ‘including a hashtag in one’s tweet signals a wish to engage in a 

wider communicative process, potentially with anyone interested in the same topic’ (Bruns & 

Moe, 2014: 18). Focusing on ‘hashtagged communication’ thus provides insights into 

Twitter’s ‘macro layer,’ since ‘a hashtagged tweet potentially reaches well beyond a user’s 

existing number of followers’ (Larsson & Moe, 2014: 322). 

In our view, hashtag use also has a strategic or reflexive dimension: actor-actants are 

aware that while some hashtags signal adhering to perspective a and belonging to community 

a, others signal connection to the distinct (or even opposite) perspective and community b. 

This reflexive quality led Authors (2019), who were drawing inspiration from Fligstein and 

McAdam’s (2012) concept of ‘strategic action fields,’ to make a distinction between field 

hashtags which both sides in a controversy are equally likely to use, and frame hashtags 

which tend to be used by actor-actants adhering to a particular perspective. In the Australian 

political context Authors (2019) thus defined #auspol as a ‘field hashtag’ since primary actors 

in the Australian political field from both the right and left side of politics use #auspol, while 

#marriageequality was an example of a ‘frame hashtag,’ as it was highly unlikely that 

opponents of marriage equality would have used this hashtag. While this classification is 

useful, it fails to account for the possibility that hashtags may be cited in order to be rejected 
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or criticised. We therefore advance Author’s (2019) classification scheme by making a 

distinction between COVID-19 ‘field hashtags’ which participants use uncritically (e.g. 

#covid19) and ‘contested hashtags’ which are the object of critical evaluations (for or 

against) and/or may be used as rhetorical tools to make a point against an opposing 

perspective. For example, #5G can be retweeted by people who believe in the conspiracy 

theory that 5G telecommunications are linked to the pandemic, as well as those who want to 

rebut this conspiracy theory; and #wearamask could be retweeted sincerely, by people who 

adhere to this public health message, or critically, by people who disapprove of government 

over-reach. This has several methodological implications: first, it is important to eliminate 

‘false positives’ (e.g., tweets featuring ‘#5G’ which have nothing to do with COVID-19). We 

avoid this by collecting co-occurrences of COVID-19 contested hashtags and field hashtags 

and keywords. A second implication is that a Twitter account tweeting or retweeting a 

message which includes ‘#5G’ does not necessarily mean the account-holder is endorsing this 

conspiracy, so the hashtag’s context must be systematically examined. 

In terms of behaviour, we primarily focus on Twitter retweets. Retweeting has served 

to verify the effectiveness of official information dissemination strategies during emergencies 

such as Hurricane Sandy (Wang & Zhuang, 2017). Retweeting can be interpreted as a strong 

indicator of the willingness to spread information one agrees with, as this information is 

being shared ‘as is,’ without a potentially negative or sarcastic preface, as occurs when one 

‘quotes’ a tweet - i.e., retweets with a comment. All a re-tweeter’s (or quoter’s) followers can 

read the original tweet, in contrast to @mentions where only mentioned user(s) can read a 

tweet.  

 

IV. METHODS AND DATASET 

4.1. Dataset 1: COVID-19 mythical and factual hashtags  



 
 

11 
 

In July 2020 we created a dataset of tweets [N: 187,814] containing COVID-19 facts and 

myths by searching for terms drawn from the WHO fact-checking website,4 from Google 

Trends COVID-19 related queries, and from our literature review (e.g., Gruzd & Mai, 2020; 

Memon & Carley, 2020). Examples include #coronavirus, #covidhoax, 

#coronavirusoutbreak, #imnotavirus, #ncov-19, #pandemic, #Wuhan, #IamNotAVirus, etc. 

We retained tweets containing field hashtags (e.g. #covid19, #pandemic, #sars2) or terms 

(e.g. covid, pandemic, sars2) to ensure the tweet was relevant. We divided the collected 

hashtags and terms into those based on myths or facts, and then further categorised them 

according to their main topic. Table 1 lists examples of the contested hashtags and terms we 

collected. 

 

 
4 https://www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public/myth-busters 
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Table 1. Contested mythical and factual hashtags and key terms (selection). 

 

  

Hashtag/Terms Type Subtype  
#microchip Myth Conspiracy theories 
#obamagate Myth Conspiracy theories 
#deepstate Myth Conspiracy theories 
#kungfluvirus Myth Virus origins 
#lab Myth Virus origins 
#bioweapon Myth Virus origins 
#hoax Myth Virus severity or cure 
#hydroxychloroquine Myth Virus severity or cure 
#nomasks Myth Virus severity or cure 
#staysafe Fact Pandemic slogans 
#stopthespread Fact Pandemic slogans 
#suppression Fact Pandemic slogans 
#contacttracing Fact Physical protection 
#maskupmelbourne Fact Physical protection 
#washyourhands Fact Physical protection 

#stayhome Fact 
Social behaviour 
adaptation 

#stayhomesavelives Fact 
Social behaviour 
adaptation 

#stayhomestaysafe Fact 
Social behaviour 
adaptation 

agenda 21 Myth Conspiracy theories 
bill_gates Myth Conspiracy theories 
id 2020 Myth Conspiracy theories 
beijing Myth Virus origins 
ccp Myth Virus origins 
ccpvirus Myth Virus origins 
coronahoax Myth Virus severity or cure 
covidhoax Myth Virus severity or cure 
fake_news Myth Virus severity or cure 
go_for_elimination Fact Pandemic slogans 
health care worker Fact Pandemic slogans 
flatten the curve Fact Pandemic slogans 
face_covering Fact Physical protection 
mask Fact Physical protection 
wash_your_hands Fact Physical protection 

social distanc Fact 
Social behaviour 
adaptation 

stay at home Fact 
Social behaviour 
adaptation 

stay home Fact 
Social behaviour 
adaptation 
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4.2. Dataset 2: Australian health professionals who engaged with COVID-19 tweets 

We collected between August 1, 2020 and October 2, 2020, using the ‘rtweet’ R package 

(Kearney, 2019) 5,776,687 tweets including contested-mythical hashtags and 4,769,340 

tweets including contested-factual hashtags. To exclude irrelevant tweets, only tweets 

featuring co-occurrences of contested hashtags and COVID-19 keywords or hashtags were 

retained. We used automatic sorting based on hashtags to classify tweets in the resulting 

single dataset, identifying 1,132,969 tweets featuring contested-mythical hashtags and 

COVID-19 field keywords and hashtags and 1,675,373 tweets featuring contested-factual 

hashtags and field COVID-19 keywords and hashtags.  

There were 585,295 unique accounts in Dataset 2. Of these, 11,171 accounts were 

identified as Australian Twitter accounts by filtering for location5 and country-code (‘AU’). 

These accounts’ health professional status was manually evaluated. Firstly, we selected 

accounts featuring medical or public health degrees (e.g., ‘MD,’ ‘BMed,’ ‘MPH,’ ‘Medical 

Doctor’ and ‘Doctor of Public Health’) in their handle, name, or profile information; accounts 

featuring terms relating to health professionals (e.g., ‘GP,’ ‘general practitioner,’ ‘nurse,’ 

‘midwife,’ ‘NP,’ ‘ED Reg’ and ‘pediatrician’); and accounts featuring researcher titles (eg., 

Professor, Assoc. Prof., Lecturer and Doctor) and research fields of medicine and health (e.g., 

‘biomedical,’ ‘public health’ and ‘Indigenous Health’). We then manually checked the 

selected accounts to exclude the accounts which didn’t claim to be health professionals in 

their profiles. During this process a new pattern emerged: some of the health professionals 

also used informal terms (‘heart doctor’ and ‘kid doctor’) rather than formal occupational 

terms such as ‘cardiologist’ and ‘pediatrician.’ Informal health occupational terms were thus 

introduced to extend the selection of potential health professional accounts. Finally, the 

 
5 Users featuring Australian location names listed in the Australian Statistical Geography Standard (ASGS) 
Edition 3 (https://www.abs.gov.au/statistics/standards/australian-statistical-geography-standard-asgs-edition-
3/jul2021-jun2026/access-and-downloads/allocation-files) and not featuring location names in other countries 
are considered as Australian accounts.  
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registration and affiliation status of the accounts which claimed to be health professionals 

were manually checked on the Australian Health Practitioner Regulation Agency website (in 

the case of general practitioners, nurses, midwives and specialists), or on the websites of 

affiliated organizations (in the case of researchers, epidemiologists, and public health 

professionals). In the end 377 Australian health professionals (AHPs) were identified as 

having engaged with 822 tweets featuring COVID-19 contested hashtags or terms. Table 2 

presents the distribution of health professionals in our dataset.  

 

Table 2. Number of accounts in professional categories by affiliation. 

 

Number of accounts Academic Practice Other Total  

GP 1 25 4 30 
nurse 3 65 19 87 
Specialist 6 90 8 104 
Public health and epidemiology 24 7 6 37 
Researcher 110 4 5 119 

Total 
 
‘Other’ includes govt. employees, politicians, activists. 

144 191 42 377 

 

V. FINDINGS 

5.1. Overall engagement of Australian health professionals with COVID-19 hashtags 

Figure 1 shows the network of factual hashtags Australian health professionals used during 

the period of our study, and Figure 2 the equivalent myth hashtag network.  
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Figure 1. Connections between top-10 co-occurrences of field and contested factual hashtags 
in 822 tweets featuring COVID-19 keywords Australian health professionals engaged with, 
01.08.2020 – 09.10.2020. 
 

 

Figures 1 and 2 are undirected co-occurrence networks: the size of a hashtag in the graph 

represents its degree (the number of times it has been connected to, or used), and connections 

between hashtags indicate their co-occurrence in a tweet. The connection’s thickness 

represents the frequency of the co-occurrence. To facilitate visibility, only the top-10 most 

frequent hashtags co-occurrences are shown. In the factual hashtag network #covid19 and 

#wearamask were the most frequently co-occurring hashtags. Figure 1 shows that 

Melbourne’s position as the Australian epicentre of the pandemic in 2020 was reflected 

online with hashtags such as #melbournelockdown, #victoria, and #covidvic co-occurring 
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with other prominent topics such as health care workers (#healthcareworkers, #getusppe, 

#healthcareheroes) and variations on public health slogans (#wearadamnmask, #stayathome). 

 

 
 
Figure 2. Network of top-10 co-occurrences of field and contested-mythical hashtags in 822 
tweets featuring COVID-19 keywords Australian health professionals engaged with, 
01.08.2020 – 09.10.2020. 
 

Myths relating to virus treatment and prevention such as #hydroxychloroquine are prominent 

in Figure 2. The most frequent co-occurring hashtags are #hydroxychloroquine and #covid19: 

this is the central myth in this network of Australian health professionals. The prominence of 

hydroxychloroquine can be attributed to the fact that this myth originated with a French 

medical professional who was not prima facie devoid of legitimacy. Conspiracy theories 

pertain to the origins of the virus (#ccp) and to the supposed widespread sexual abuse of 
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children by a worldwide cabal (#qanon). Field hashtags such as #covid19 and #coronavirus 

are not prominent in Figure 2: the contested-mythical hashtag network is not strongly 

connected to broad public discussions of the pandemic. The cluster on the right side of Figure 

2 comprises hashtags about medical conditions (#rheumatoidarthritis, #sle), which can be 

treated with hydroxychloroquine. 

Table 3 lists the most frequent co-occurrences presented in Figures 1 and 2. There are 

far less geographically specific hashtags (e.g., #victoria) in the myth network of top co-

occurrences – only one – than in the factual network of top co-occurrences, which has seven. 

This low frequency of Australian-themed hashtags may indicate tweets featuring COVID-19 

mythical hashtags originate from overseas. For Broniatowski et al. (2018), ‘anti-vax’ 

discourse was weaponised against the United States by Russian Internet Research Agency 

‘troll’ accounts as a form of information warfare. Further investigation would reveal whether 

similar campaigns are at work here. 

Table 3. Top-10 field/field, field/contested and contested/contested hashtag co-occurrences, 
01.08.2020 to 09.10.2020. 

 

Contested-factual and field hashtags 
co-occurrence 

Freq. Contested-mythical and field 
hashtags co-occurrence 

Freq. 

#covid19 #wearamask 99 #covid19 #hydroxychloroqu
ine 

10 

#covid19 #healthcareheroes 75 #covid19vic #qanon 3 
#wearamask #healthcareheroes 75 #auspol #hydroxychloroqu

ine 
3 

#covid19vic #healthcareworker
s 

59 #qanon #coronavirus 2 

#lockdownmelbou
rne 

#pandemicfashion 59 #covid19aus #hydroxychloroqu
ine 

2 

#covid19vic #melbournelockdo
wn 

56 #coronavirus #hydroxychloroqu
ine 

2 

#stayathome #victoria 46 #hydroxychloroqu
ine 

#healthprofession
als 

2 

#wearadamnmask #victoria 45 #covid19 #hydroxychloroqu
ine-induced 

2 

#stayathome #wearadamnmask 44 #hydroxychloroqu
ine-induced 

#rheumatology 2 

#lockdownmelbou
rne 

#stayhomesavelive
s 

43 #hydroxychloroqu
ine-induced 

#rheumatoidarthri
tis 

2 



 
 

18 
 

5.2. Engagement with facts and myths by health professional category 

We now examine how categories of health professional accounts engaged with factual or 

mythical hashtags (Table 4). The most frequent type of engagement by far for nurses and 

specialists are retweets, whereas for researchers and public health professionals it is original 

tweets; GPs have less clearly marked preferences. We indicate under each category its 

engagement ratio (‘ER’): the total number of tweets per total number of accounts. Out of a 

total of 2,023 engagements, the actor-actants connected much more to factual (N:1,984) than 

mythical (N:41) contested hashtags. The most engaged with factual topic was physical 

protection (N:1,517). The most engaged with myths were conspiracies (N:12) and the virus’ 

severity or cure (N:18).  

 

Table 4. Frequencies of COVID-19 contested hashtags / tweet types by Australian health 
professional category.  
 
  
Specialisation
  

Tweet 
type  

Rumour hashtags  Factual hashtags  Total 
engagement 

# 
Conspirac
y theories 

Virus 
origins

 

Virus 
severit

y or 
cure 

Pandemi
c 

slogans 

Physical 
protection

 

Social 
behaviou

r 
adoption 

Count (%) 

GP  
30 accounts  
81 tweets  
ER:2.7  
216 cont.# 
MR#:0.9% 

Original 
  

0 0 1 6 41 16 64
(29.6)

Reply  0 0 0 4 14 5 23
(10.6)

Retweet  0 0 1 26 54 3 84
(38.9)

quote  0 0 0 2 35 8 45
(20.8)

Specialist  
104 accounts  
153 tweets  
ER:1.5 
326 cont.# 
MR#: 2.5% 

Original  0 0 1 22 93 8 124
(38.0)

Reply  0 0 0 3 0 0 3
(0.9)

Retweet  0 3 2 39 123 11 178
(54.6)

quote  0 0 2 4 12 3 21
(6.4)

Nurse  Original  0 0 0 3 154 63 220
(34.9)
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87 accounts  
277 tweets  
ER:3.2 
631 cont.# 
MR#:3.0%  

Reply  0 0 0 0 15 4 19
(3.0)

Retweet  11 5 3 23 311 10 363
(57.5)

quote  0 0 0 0 27 2 29
(4.6)

Public health  
37 accounts  
85 tweets  
ER:2.3 
214 cont.# 
MR#:1.9%  

Original  0 0 1 6 95 11 113
(52.8)

Reply  0 1 0 2 21 0 24
(11.2)

Retweet  0 0 2 3 45 6 56
(26.2)

quote  0 0 0 1 20 0 21
(9.8)

Researcher  
119 accounts  
226 tweets  
ER:1.9 
636 cont.# 
MR#:0.9%  

Original  0 0 1 7 274 108 390
(61.3)

Reply  0 0 0 0 29 3 32
(5.0)

Retweet  1 0 3 32 124 18 178
(28.0)

quote  0 0 1 2 30 3 36
(5.7)

TOTAL #   12 9 18 185 1517 282 2023

 

 

Nurses had the highest engagement ratio (ER:3.2) and they also had the highest level of 

engagement with myths or ‘myth ratio’ (MR:3%). In contrast, GPs had the lowest (MR:0.9%) 

as they only engaged with a single myth hashtag. Specialists have the highest number of 

accounts (209) and the lowest engagement ratio (ER:1.5). They have the second-highest myth 

ratio (MR:2.5). This is apparent in Figure 3, which shows a weighted 2-mode network 

(hashtags and aggregated accounts by type). The node size represents the number of accounts 

in one type, and the hashtag node size represents its frequency. The width of the ties 

represents the number of times contested-mythical hashtags were connected to by categories 

of AHPs. Nurses and specialists connected to the central issue (#hydroxychloroquine), as 

well as to less prominent myth hashtags (#fakenews, #plandemic, etc).  

 



 
 

20 
 

 

 

Figure 3. Connections between categories of Australian health professional and tweets 
featuring contested-mythical hashtags and terms. Field hashtags removed. 

 

Qanteda (Benoit et al., 2018) was used to generate a keyness plot (Figure 4). This represents 

the extent of frequency difference of a hashtag in tweets featuring myth hashtags or terms, 

compared with tweets featuring fact-based hashtags or terms. The Chi-square measures this 

difference, with a larger absolute value indicating a higher difference of frequencies of a 

hashtag in two types of tweets. The top-4 hashtags, #hydroxychloroquine, #qanon, 

#coronavirus and #hoax have a p-value = 0 and occur in tweets featuring myths by nurses 

with significantly greater frequency than in tweets featuring fact-based hashtags or terms. 

 



 
 

21 
 

 

Figure 4. Keyness plots of tweets featuring contested-mythical and factual hashtags and 
terms. 
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The frequencies of other hashtags appearing in tweets by nurses featuring myths are not 

different from those in tweets by nurses featuring fact-based hashtags or terms. This is similar 

to tweets by specialists, with only the frequency of #hydroxychloroquine (p-value = 0) being 

significantly greater in tweets featuring myths than in tweets featuring fact-based hashtags or 

terms. Prominent factual contested hashtags for specialists include #socialdistancing, 

#maskup and #stayhome. Nurses shared public health injunctions (#wearamask, #getusppe) 

and celebrated #healthcareheroes.  

 

5.3. Understanding health professional engagement 

Can we assess the significance of engagements with contested hashtags without 

understanding its context? For example, what if #stayathome was used in a tweet which also 

put forward the idea that masks were of no use in mitigating the spread of the pandemic? To 

eliminate this possibility, we reviewed all the tweets in our dataset which contained factual 

and mythical hashtags. We found seven tweets which cited factual hashtags critically. Five 

used hashtags such as #melbournelockdown to draw attention to the detrimental effects of 

prolonged isolation, or to echo right-wing, Sky News-inspired critiques of the Victorian 

Premier (e.g., #DictatorDan). Two debunked factual hashtags, effectively propagating 

COVID-19 myths (e.g., asserting that #Masks do not stop the spread of the pandemic). 

We next examined the 41 tweets which featured myths in our dataset. Three were 

false positives (e.g. ‘what about working in a #laboratory?’) so were eliminated, leaving us 

with 38 tweets. We found that thirty of these tweets referred to #myths to rebut them (in 

addition, four of these tweets also comprised hashtags supporting pandemic slogans and 

fourteen featured physical protection hashtags). The greater part of the rebuttals concerned 

#hydroxychloroquine (N:13), followed by conspiracy theories (N:6). Two tweets featuring 
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#hydroxychloroquine clarified the safety issue involved with using this medication for 

patients suffering from diseases other than COVID-19. 

Six tweets, by six different accounts (three nurses and three specialists), expressed 

support for myths having to do with the rejection of masks (N:2), the origins of the virus 

(N:2), the virus’ severity (N:1) and hydroxychloroquine as a cure for COVID-19 (N:1). At 

the time of collection, this last tweet had been retweeted 8,883 times. In line with our 

previous observation concerning the lack of local content in most frequently co-occurring 

contested-mythical hashtags (see Table 3), 5 out of 6 tweets promoting myth hashtags 

originated from outside Australia: one tweet supporting the anti-mask myth originated from 

Canada (and was circulated by a specialist); of the five remaining, four retweets supporting 

myths were originally posted in the USA including anti-mask (N:1), virus severity (N:1), 

hydroxychloroquine as a cure for COVID-19 (N:1) and virus origins (N:1). The single 

retweet originally posted in Australia dealt with the origins of the virus. 

In sum AHPs were much more actively involved in rebutting and debunking COVID-

19 myths on Twitter than in promoting them. Nurse-18 for example posted messages which 

aimed to correct COVID-19 related myths such as ‘#FactCheck: 'Thousands' of doctors have 

not said #hydroxychloroquine cures #COVID19.’ Figure 5 shows that nurse-18 was the most 

active myth debunker in the nurse network, connecting to a variety of hashtags. In contrast 

two myth propagators (nurse-59 and nurse-60) only connected to one hashtag each 

(#hydroxychloroquine and #CovidHoax), though the third (nurse-65) connected to four, 

mainly to do with the origins of the virus.  
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Figure 5. Connections between nurses and tweets featuring contested-mythical hashtags and 
terms. Field hashtags removed. Myth hashtags identified at the start of this research are in 
bold. Myth propagators are Nurse43, Nurse59, Nurse60, Nurse65. 

 

We present an equivalent representation of the specialist network: Figure 6 shows a similar 

picture with debunkers specialist-8 and specialist-19 using both myth and factual hashtags, 

whilst specialist myth propagators only use myth hashtags. 
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Figure 6. Connections between specialists and tweets featuring contested-mythical hashtags 
and terms. Field hashtags removed. Myth hashtags identified at the start of this research are 
in bold. Myth propagators are Specialist10, Specialist58 and Specialist79. 

 

5.4. Network properties 

To what extent do the overall network’s properties resonate with this behaviour? For 

example, which accounts are most influential or central, and is there evidence of clustering? 

The total retweet network shows some clustering and public health accounts are the most 

retweeted, but the majority of nodes are unclassified non-health professionals, so this graph 

has limited value and we choose not to include it (the high volume of non-health 

professionals stems from the retweet network including tweets posted by health professionals 

and retweeted by non-health professionals, as well as tweets posted by non-health 
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professionals and retweeted by health professionals). We focus instead on the @mention 

network. Mentioning another account in a tweet represents an attempt to create a connection 

with an entity in order to attract their attention, pay homage to them, or disparage them. 

Figure 7 shows that aside from the central cluster of densely interconnected accounts, there 

are a multitude of isolated groups of two, three or four nodes which mention one another, and 

that many of these groups comprise nurses and specialists.  

 

 
 
Figure 7. Mention network of Australian health professionals, isolates and loops removed. 
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Measuring who is most mentioned also shows which categories are the most central or 

influential in the network (Freeman, 1979). Figure 7 shows that health professionals 

specialising in public health and epidemiology are central: they are considered to be 

authoritative. This is confirmed by Table 5, though their highest indegree (number of 

incoming links) scores are dwarfed by those of specialists. In contrast nurses have the lowest 

mention indegree, showing that they less connected to by other categories. 

Table 5. Summary of mention network of Australian health professional Twitter accounts. 
 

N. nodes 593      

N. ties 795      

Density 0.0023      

Indegree Min. 1st quarter Median Mean 3rd quarter Max. 

GP (N = 20) 0.00 0.00 0.00 0.75 0.00 8.00 

Nurse (N = 57) 0.00 0.00 0.00 0.02 0.00 1.00 

Specialist (N = 65) 0.00 0.00 0.00 1.05 0.00 49.00 

Public health and 
epidemiology (N = 21) 

0.00 0.00 0.00 0.67 0.00 10.00 

Researcher (N = 66) 0.00 0.00 0.00 0.08 0.00 2.00 

Non-health 
professionals (N = 364) 

1.00 1.00 1.00 1.90 2.00 78.00 

 

We also consider the extent to which participants connect to others with similar social 

characteristics. Table 6 maps the homophily coefficient (or level) of the categories in our 

network, with values ranging from -1 to 1. Positive values indicate the nodes in a group tend 

to connect within the group, negative value indicates they tend to connect with nodes in other 

groups. The values of public health specialists and epidemiologists, GPs and (especially) 

researchers in the reply network is high: members of these categories are responding to each 

other, with discussions in relatively small circles. 
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Table 6. Summary of homophily coefficient of retweet, reply and mention networks by 
category. 
 

 Retweet Reply Mention 

GP -0.044 0.492 -0.010 

Nurse 0.000 0.217 -0.006 

Public health & 
epidemiologist -0.045 0.502 -0.033 

Researcher -0.010 0.739 -0.001 

Specialist 0.191 0.000 0.139 

Non-health professionals 0.000 0.000 0.000 

Whole 0.020 0.341 -0.017 
 

 

The values of GPs, public health specialists and epidemiologists, and (to a lesser extent) 

researchers in the retweet network are negative: this indicates that their tweets are more likely 

to be retweeted by accounts in other groups. The values of all health professionals in the 

mention network are negative, with one exception, specialists. Specialists being highly 

mentioned by accounts in other categories shows that members of other groups are referring 

to their expertise, or wish to engage them in discussion. Finally, specialists have a much 

higher retweet value than the other categories, showing that these health professionals 

primarily share content originating from other members of their own category.  

 

VI. DISCUSSION  

6.1. Debunking conspiracies: Reassessing the ‘echo chamber effect’ 

The professional category of specialists is one of the two main propagators of myths in our 

sample. For network analysts, the higher homophily of the specialist network might be 

understood as constituting an ‘echo chamber.’ Such spaces are characterised by the rapid 

spread of information and the low likelihood of being exposed to attitude-challenging 

content, resulting in heightened ideological polarisation and susceptibility to misinformation 
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(see Menczer, 2016; Smith and Graham 2019). Memon and Carley (2020) make this 

connection in relation to COVID-19, suggesting that misinformed communities are more 

densely interconnected. Our small-scale findings that specialists predominantly retweet and 

mention each other accords with big data research which focuses on homophily in interaction 

networks and bias in information diffusion toward like-minded peers (Cinelli et al, 2021).  

While this approach has merit, homophily only captures one dimension of online behaviour, 

so we contend researchers need a more diverse set of heuristics to help them characterise 

echo chambers and their effects: for example, how is attitude-challenging content received?  

Further, researchers should be mindful that there is a direct link between the 

methodologies used to detect echo chambers and the findings that are uncovered: studies 

relying on survey data suggest heavy consumers of digital news have the most diverse news 

diets (Fletcher & Nielsen, 2017), whereas network-based studies tend to show that 

engagement with news sources is ideologically balkanised (Benkler et al., 2017). A review of 

the online deliberation literature (Terren & Borge, 2021) finds a similar relationship between 

measurement choices and research findings: studies relying on digital trace data analysis 

attribute ideological polarisation to ‘echo chamber effects,’ whilst those which rely on self-

reported data obtained through surveys or focus groups connect polarisation to 

algorithmically-driven selective exposure. 

To understand how people come to believe in conspiracies and devise effective 

debunking strategies, we must bear in mind that what matters is not exposure to attitude-

challenging information, but the willingness to accept this attitude‐challenging information. 

People who believe in a conspiracy may have a varied news diet; they may be exposed to 

media sources which contradict their misled beliefs; but this will not change their opinion. 

Effective debunking thus mandates clarifying the difference between ‘echo chambers’ and 

‘epistemic bubbles.’ In epistemic bubbles the information people access is curated by 
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algorithms, but they can re‐assess their beliefs if presented with contradictory evidence; in 

echo chambers people place absolute trust in an authority and dismiss anything which 

contradicts this authority as ‘fake news’ (Nguyen, 2017). The difference is not purely 

academic, as developing effective metrics for whether people are part of an echo chamber 

would enable interventions tailored to this specific mindset – e.g., waving ‘the facts’ in front 

of such persons would not be an effective strategy. 

 

6.2. Public health and trust in health professionals  

Overall, Australian healthcare professionals are much more engaged in the diffusion of 

evidence-based information and scientific facts than medical myths. Our research shows that 

whilst GPs did not engage much, researchers, specialists and nurses were active: a possible 

area of focus for government outreach programs could be to encourage GPs to engage more. 

In the case of academics, we know that Twitter is often used to share research about COVID-

19 misinformation research (Fang & Costas, 2020). The researchers in our sample retweeted 

myths four times, whereas nurses retweeted myths on nineteen occasions (see Table 4). 

Sharing research with colleagues was an unlikely explanation for this behaviour, so it was 

necessary to delve more deeply into the context of hashtag use. While the majority of nurses 

and specialists engaged with COVID-19 myths in order to rebut or debunk them, we found 

that a small minority did promote such myths. This behaviour contradicts professional codes 

of conduct which specify that health professionals should not spread misleading health 

information. Indeed, the Australian Health Practitioner Regulation Agency issued a statement 

in September 2020 about the ‘appropriate use of social media’ because it had ‘received 

concerns about the conduct of some health practitioners engaged in online discussion, 

including in semi-private forums’ (Ahpra, 2020). Another Aphra statement was issued in 

2021: ‘Doctors, nurses and pharmacists could be stripped of their ability to practise if they are 
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found by the medical watchdog to be spreading COVID anti-vaccination claims’ (Piovesan, 

2021). 

Trust between healthcare workers and the community is vital to effectively deal with 

the pandemic crisis. Is the knowledge that a few Australian health professionals are spreading 

COVID-19 myths likely to affect this trust? This is difficult to establish. Polling data reveals 

there exist similar proportions of misinformed opinions in the broader Australian population 

(McGowan, 2021). Yet healthcare professionals, just like public health agencies, physicians, 

medical associations, scientific journals, and governments are bound to promote the 

circulation of evidence-based information on social media platforms. During these critical 

times, it could be argued that health professionals who spread misinformation on social media 

should be identified and reminded of their obligations.  

A contrasting view can be articulated from the perspective of political philosophy: we 

can look back to Hannah Arendt’s suggestion in The Human Condition (1959) that horrors 

such as totalitarianism occur when private emotions enter the public space, mandating in her 

view a strict separation between spaces. Since the advent of feminism in the 1970s we know 

that patriarchal norms are enforced in the domestic sphere, so that ‘the personal is political,’ 

and Arendt’s views appear at odds with this understanding. However we may follow Seyla 

Benhabib’s invitation to ‘think with Hannah Arendt against Hannah Arendt’ (1993). With 

social media, unformed or uninformed opinions which could traditionally be expressed or 

tested out in the private sphere are now instantly broadcast to a much wider audience. 

Maintaining boundaries between the public and the private spheres would enable people to be 

wrong in private, without endangering themselves and others. 
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VII. CONCLUSION 

Our article makes two contributions to research into the spread of health information. First, 

we identified different categories of Australian health professionals and examined how they 

connected to COVID-19 facts and myths. We showed that even though the rate of health 

professionals’ connection with myths is low on Twitter, terms such as #hydroxychloroquine 

attracted significant engagement. Second, we considered the context of hashtags, which 

enabled us to distinguish between a small minority of actors who endorsed COVID-19 myths, 

and the overwhelming majority who rebutted these myths. We also found instances where 

factual hashtags were being contradicted, so that the overall message was misleading. This 

highlights a limitation of big data analyses of the spread of myths over networks which do not 

sufficiently address how actor-actants frame the meaning of the issues they propagate, such 

as contested hashtags. 

From a public health perspective, our research provides Australian health authorities 

and other government stakeholders with a clear understanding of critical health information 

dissemination efficacy and coordination during this extraordinary health crisis. From the 

perspective of countering health myths, we do not argue that Australian health professionals 

should play a pivotal role in stopping the spread of unverifiable and false information. They 

are, however, a diverse group whose social media practices and influence during public 

health crises such as the COVID-19 pandemic warrant further investigation. 
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