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ABSTRACT 

During complex health crises, social media has become a primary outlet to circulate harmful 

misinformation. Facing risky contexts like health crisis misinformation, understanding people’s 

reactions, including their expressed emotions and subsequent behaviors such as sharing 

misinformation on a social media platform (Twitter (now X)), are crucial in safeguarding a 

possibly affected community. Utilizing the COVID-19 pandemic as a use case, we investigate how 

people’s emotions in the context of risk, together with platform-specific features, relate to online 

misinformation sharing behaviors (reflected by Twitter’s retweets). In addition, we investigate 

how risk (measured as estimated risk by healthcare experts) moderates the relationship. We collect 

a dataset of social media conversations on Twitter platform related to 30 COVID-19 

misinformation scenarios. Findings from the analysis contribute to theoretical understanding about 

(mis) information diffusion and crisis communication and can also have practical implications for 

mitigation of online harmful misinformation flows.  
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INTRODUCTION 

A crisis, such as the COVID-19 pandemic, exposes various communities to risks that impact their 

life and well-being. This drives people to consume unverified yet fast circulating messages on 

social media (Beydoun et al., 2018). Traditional or mainstream sources of information are often 

unable to relay relevant and timely information to the affected people (Oh et al, 2015) and as a 

result, various social media platforms have become the go-to source for timely, albeit often 

incorrect information (Tran et al., 2022; Valecha et al., 2020). Prior studies have found that 

misinformation is far more likely than verified true information to be shared on social media. For 

example, in the context of the Zika virus, one study found that half of the leading news stories 

were based on misinformation, and these were three times more likely to be shared in social media 

than fact-based news stories (Sommariva et al., 2018). Especially, prior studies have shown that 

during COVID-19 pandemic, misinformation about COVID-19 spread much faster and wider than 

true information, (Himelein-Wachowiak et al., 2021). Such a context calls for serious efforts to 

confront widespread health misinformation on social media (Rai, 2020).  

Prior research has shown that in a health crisis, people’s reactions can be shaped by their emotions 

(Chew and Eysenbach, 2010; Li et al., 2014; Son et al., 2020). Affective emotions, such as fear 

and anger, that are pervasive during a crisis, increase the desire for information seeking and sharing 

(So et al., 2019).  While information seeking and sharing during a crisis through social media can 

help speed up the spread of critical information in crisis responses, it can produce significant risk 

when there is misinformation. Risk of harm from misinformation can be recognized by people in 

this context for many reasons – for instance, they may have heard about evidence of hundreds of 

deaths and thousands of hospitalizations due to belief in misinformation and rumors (Islam et al., 

2020).  Various scholars have also argued that during health crises, perceptions regarding risks can 
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trigger information sharing behavior (Bode and Vraga, 2018; Reiss and Diamond, 2019). 

However, in much of the literature, the presence of misinformation and the resultant risks of 

negative consequences has not received sufficient attention, especially in the context of social 

sharing of emotions. In the context of this paper, the term “risk” refers to the risk of harm from 

misinformation messages that can result in incorrect decisions by the readers rather than the risk 

of associated COVID-19 health crisis. In the following sections, we measure the term risk by 

specifically asking several doctors as health experts to estimate the risk of harm to the readers 

(concerned persons) when they read the misinformation messages. 

This research aims to address two key areas: first, understand how emotions in the context of 

misinformation risk influence (mis) information sharing by the public on social media. Second, it 

seeks to understand how risk (estimated by contextual experts, i.e., medical doctors in this case), 

moderates information sharing. By providing these insights, the study aims to equip those involved 

in fighting misinformation with better strategies to improve social well-being (Tran et al., 2023). 

Specifically, this paper focuses on the following research questions (RQ) on X (formerly Twitter) 

social media platform:  

(RQ1) How do emotions that arise in a risky situation impact social sharing of information 

in a health crisis? 

(RQ2) How does the (expert’s assessment of) risk moderate the relationship between the 

emotions and the social sharing of information? 

Using X data, this study investigates the relationship between expressed emotions and information 

sharing (retweets) in the context of the risk of harm from COVID-19 misinformation. By building 

on social sharing of emotions (SSE) theory, we examine how emotions influence information 

sharing in various risk scenarios. This research aims to inform social media platforms, 
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governments, and policymakers in developing strategies to combat misinformation's negative 

impacts during health crises. For example Facebook implemented a strategy called remove, reduce, 

and inform to address misinformation harm content. This approach involves removing content that 

violates their policies, limiting the visibility of problematic content that doesn't explicitly break 

the rules, and providing users with additional information to help them make informed decisions 

about what to click, read, or share (Rosen, 2019). 

The following sections of our paper reviews relevant literature, detail the methodology (scenario 

selection, data collection, analysis), presents results, and offer conclusions and future research 

suggestions. 

THEORETICAL BACKGROUND  

In this section, we provide a review of prior research in addressing misinformation, emotion and 

risk in health crises. 

Misinformation on Social Media  

Wang et al (2019) performed research on misinformation about health with the primarily focus on 

vaccine and infectious diseases. The results of their study indicate that misinformation is very 

common in social media. Along similar lines Suarez-Lledo and Alvarez-Galvez (2021) found that 

the most common places to find misinformation about health was Twitter, for significant public 

health topics like vaccines and diseases. To study misinformation, prior studies have mainly 

focused their efforts in two areas: detecting misinformation and controlling the spread of 

misinformation. In the first research stream, various studies have built misinformation detection 

systems by using extracted patterns from text data such as messages circulating online through 

various channels like YouTube (Li et al., 2020) or Twitter (now X) (Kouzy et al., 2020). In the 

second research stream, several studies have examined behavioral or psychological features 
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influencing the spread of online misinformation (Valecha et al., 2020) such as trust and risk 

perceptions (Krause et al., 2020).   

Yet, there is a paucity of research specifically on risks of harm from misinformation, emotions and 

information sharing during large-scale health crises. This study fills this literature gap and helps 

address how emotions under risk of harm from misinformation affect its sharing.  

Emotion and Risk in Health Crisis 

Prior literature has explored the impact of emotions on public behavior (Chew and Eysenbach, 

2010; Marquis et al., 2018) such as during the 2003 SARS Epidemic (Yin et al., 2015), the 2012 

Fukushima Nuclear Radiation disaster (Li et al., 2014), the 2011 Egyptian Revolution (Oh et al., 

2015) amongst others. Regarding the COVID-19 pandemic, the study by Ning et al. (2020) showed 

that different types of people’s emotions shaped their protective actions facing the health crisis. 

Wang et al. (2021) studied public reaction to risk message characteristics by examining the articles 

related to 2018 romaine E. coli outbreak. They concluded that the emotional tone of the food safety 

communication message was associated with greater virality of those articles on social media. 

Much of the prior literature has found that emotions play a key role in social media behavior and 

has explored the impact of emotions on the public (Chew and Eysenbach, 2010; Li et al., 2014; 

Oh et al., 2015; Yin et al., 2015). 

The effect of risk on information sharing has also been investigated within the IS literature. For 

example, Wang et al. (2015) have investigated the effect of perceived risk of computer security 

threats on its sharing and searching. We also note that in the literature of health crisis 

communication, the concept of risk plays a vital role in defining people’s fear, which then triggers 

subsequent emotional reactions and behavioral decisions (Malecki et al., 2021). In this paper, since 

the background of all concerned misinformation contexts are within such a large-scale health crisis 
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as COVID-19 pandemic, we rely on the domain expert judgements from medical doctors to 

identify the risk from misinformation messages for our analyses.  

Particularly, in our chosen context of health crisis misinformation, while the health crisis like 

COVID-19 pandemic itself has widely recognized risks, since the main concern is the potentially 

harmful misinformation, in this paper, we identify the concept of interest related to risk as the risk 

of harm from the misinformation messages. 

In the risky context, according to Kim (2021), the themes that media messages transmit have the 

ability to elicit a variety of distinct emotions. For instance, one is prone to become angry over a 

certain problem if media information implies undue offense to oneself. Similarly, one might 

experience fear if the message suggests an undesirable outcome that could endanger oneself. Thus, 

based on the distinctive themes presented in media messaging, people may have differing feelings 

regarding risky contexts. In a similar vein, studies have revealed that people's emotional responses 

vary based on their assessment of risk facing possible impactful concerns such as stressful 

lifestyles (Lazarus, 1991). People experience emotions like anger and sadness when they believe 

a situation is risky and uncontrollable, which influences their decisions and actions. Fear is a 

feeling that is highly correlated with situational control and great uncertainty. The inability to 

escape the imminent risk connects fear to an increased perception of how disastrous the risk could 

be. Numerous empirical research has also revealed that a person who is afraid tends to view risk 

more negatively and may advocate preventative measures or give up on the battle altogether 

(Lerner and Keltner, 2001). When a person is surrounded by risky atmosphere they are more prone 

to get overwhelmed by anger, fear, disgust and sadness emotions associated with the loss and 

overestimated risks that they see (Yang and Chu, 2018). Yıldırım and Güler (2021), findings point 

to the importance of positivity in a risky COVID-19 situation which can help people in the 
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development of strength-based therapies and preventions that aim to lessen psychological distress 

and increase happiness.  Peng and Huang (2020) suggest that emotion surprise can also be found 

in a risky health situation. Therefore, in this paper we consider 6 specific emotions that have strong 

ties to risky contexts: anger, fear, sadness, disgust, joy and surprise. 

Social Sharing of Emotions   

During crises like the COVID-19 pandemic, understanding the factors influencing information 

sharing behavior is critical, as misinformation can rapidly propagate and disrupt social order. 

Misinformation often evokes emotional responses in social media users, who then share content 

within online conversations. This study employs the Social Sharing of Emotion (SSE) theory to 

investigate the relationship between emotions and information sharing behavior on social media 

in a risky context.  

Social sharing of emotions (SSE) theory examines the sharing of emotion as an interactive process, 

wherein people start to engage in interactive behavior by talking and sharing their emotional 

experience about the event with others (Rimé et al., 1991). SSE theory suggests that people are 

motivated to share their emotions during an event. SSE identifies two distinct features namely 

emotion and sharing in the context of the usage of an IS artifact. User emotion reflects users’ affect 

or attitudes and the other feature represents users’ sharing action.  

RESEARCH MODEL   

Social sharing of emotion theory suggests that emotions play a vital role in influencing individuals 

to search and share information (Rimé, 2009). When confronted with an ambiguous, complex, 

unpredictable, and  risky event such as the pandemic, the lack of verified information can lead to 

emotions about the issue (Lundgren and McMakin, 2009; Palenchar and Heath, 2002). Looking at 

the emotion in posts on social media, people have a tendency to share the posts to regulate their 
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emotional status (Rimé et al., 2020). These posts also engage other social media users via sharing, 

liking, and commenting (Ji et al., 2019). A few studies have considered two broad categories of 

emotions, i.e. negative emotions (such as anger, fear or sadness) and positive emotions (such as 

joy, happiness or surprise) as antecedents triggering people’s associated behaviors, such as 

information sharing online (Rimé et al., 1991; Rimé et al., 2020). However, in order to consider 

the nuances of the negative and positive emotions in the risky context, when applying SSE to our 

context of health misinformation during COVID-19 pandemic, we follow the approach of 

separately considering specific emotions rather than the two groups of positive or negative 

emotions in examining the effects on risk of harm from misinformation sharing.  

In the context of misinformation, Starbird et al. (2014) studied the 2013 Boston Marathon bombing 

event to examine the use of X for the spread of misinformation and rumors. They observed that 

tweets containing negative emotions, such as anger, and disgust tend to be retweeted more than 

tweets containing positive emotions. Hasell and Weeks (2016) examined data from the 2012 U.S. 

presidential election and found posts that showed the presence of more anger were shared more on 

social networking platforms. In a similar vein, Han et al. (2023) discovered that misinformation 

about COVID-19 was more likely to be spread by citizens that reflected anger in their messages.  

Berger and Milkman (2013) state that "Content that evokes high-arousal emotions like anger is 

more viral." Social media posts with emotions thus result in different effects on information 

sharing (Lwin et al., 2020). As a result, we hypothesize that anger would play a crucial role in 

triggering the spread of information. Therefore, we hypothesize: 

H1: Social media misinformation messages that convey anger are positively associated 

with their sharing. 



 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  9 

Fear is defined by the uncertainty about one's ability to get away or prevent an undesirable outcome 

(Smith and Ellsworth, 1985). Ruiter et al. (2001) have suggested that the state of fear is an 

emotional state that involves physiological arousal and motivates behavioral reactions directed 

towards mitigating the threat. When fear is concerned, it drives people to engage in different 

protective measure (Yang and Chu, 2018). During COVID-19, the amount of misinformation 

found on social media was overwhelming and made people fearful about the situation and the 

protective measure one needs to take, which creates a widely concerned “infodemic” (Rai, 2020). 

In the context of misinformation sharing (Zhang and Zhou 2020) suggests that fear arousal greatly 

increased the intention to explicitly communicate risk warnings. Therefore, we hypothesize: 

H2: Social media misinformation messages that convey fear are positively associated with 

their sharing. 

As an emotional reaction to an unpleasant stimulus, disgust is a sense of revulsion that prompts 

withdrawal from the stimulus (Rozin et al., 2000). It is believed that the definition of disgust is 

basically "something offensive to the taste" (Darwin, 1872) and, based on the flavor that is 

offended, has been divided into many disgust subtypes (Haidt et al., 1997; Tybur et al., 2009). One 

category, for instance, is core disgust, also known as pathogen disgust, and it has to do with 

consuming potentially hazardous food (drinking bleach). Other side to this would be, people who 

were more sensitive to disgust exhibited more concern of catching COVID-19 (McKay et al., 

2020) and were also more inclined to practice preventive health measures including washing their 

hands often and donning face masks (Shook et al., 2020). To understand the sharing behavior, 

experiments by Peters et al. (2009) revealed that individuals were more likely to share social events 

that disgusted them to an unidentified audience. When used in the context of COVID-19, 

misinformation disgust will lead to more sharing of such information. Therefore, we hypothesize: 
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H3: Social media misinformation messages that convey disgust are positively associated 

with their sharing. 

With its theme of irreversible loss, sadness is the emotion that assumes the highest unpleasantness 

and situational control. It seems that a key component of sadness is the conviction that the 

unfavorable circumstances are beyond one's control and that there is nothing that can be done to 

change them (Smith and Ellsworth, 1985). Sadness, is accompanied by helplessness (Roseman et 

al., 1994). During COVID there were many situations that let people to feel sad as they were stuck 

at their home and did not know what should be done. To understand the effect of sadness with the 

misinformation sharing Hancock et al. (2008) investigated emotional communication in computer-

mediated communications (CMC) by eliciting negative affect in one condition and neutral affect 

in another. The findings showed that those with negative emotion exchanged messages more 

slowly and used more sad terms. Berger and Milkman (2013) also found a similar finding and 

suggests that sadness-inducing content is less viral. Therefore, we hypothesize:  

H4: Social media misinformation messages that convey sadness are negatively associated 

with their sharing. 

In the same vein, positive emotions (e.g., joy or happiness) also play an important role in helping 

individuals obtain support and build rapport during uncertain times (Li et al., 2014). Such positive 

content shared can help others improve their feelings and give them the strength to handle the 

disaster situation better (Chen et al., 2020). If true or helpful information sharing can be triggered 

by happiness or joy, in our context of possibly harmful misinformation, we expect the reverse 

effect where the expressed joy emotions can lower people’s decision to share misinformation 

messages. Similarly, Peters et al., 2009 also conducted experiments to show that participants were 

more inclined to share information related to happiness or joy. Therefore, we hypothesize: 

https://www-tandfonline-com.libweb.lib.utsa.edu/doi/full/10.1080/13669877.2016.1247378
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H5: Social media misinformation messages that convey joy are positively associated with 

their sharing. 

Finally, surprise is also recognized for its impact on individual behaviors. In their Surprise-

Interruption-Reorientation model, Wessel and Aron (2017) suggested that the feeling of surprise 

will interrupt decision makers’ ongoing actions, direct their attention to the emerging situation, 

and start corrective actions aiming at resolving the unexpected situation. When applied in the 

misinformation context, it means that the surprise feeling may divert citizens’ attention to the 

misinformation messages and motivate social actions, such as sharing OEM messages, that restore 

the normal life in a neighborhood. Scholars have even conjectured that the reason misleading 

information provided on Twitter spreads more than accurate information is because the incorrect 

information tended to be more inventive and likely to surprise people (Vosoughi et al., 2018).  

Therefore, we hypothesize that: 

H6: Social media misinformation messages that convey surprise are positively associated 

with their sharing. 

Risk has become a central focus in crisis communication and policy. Understanding risk and its 

role is important for public health agencies to effectively counter health misinformation during a 

pandemic and mitigate the risks of harms associated with it (Politi et al., 2007). Risk (of harm from 

misinformation) can be an umbrella for many emotions. For example, a controversial subject that 

depicts a higher level of risk may increase the relationship between emotions and sharing. People’s 

emotions are frequently accompanied by their feelings of uncertainty about the accuracy of the 

information related to COVID-19 (Mohammed et al., 2021). As such, people are less likely to 

share risky information because it drives their feelings of anxiety. Lee and Ho (2018) concluded 

that texts and images portraying risk and emotion drastically reduced the support from the public 
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for nuclear energy. During the COVID-19 pandemic, tweets containing information on the number 

of death cases or lockdowns commonly provoked negative emotions among the public (Abd-

Alrazaq et al., 2020; Lwin et al., 2020). More specifically, risk (from misinformation) can have 

significant moderating effects on social sharing of emotions. Social media users’ likeliness to share 

may decrease when they observe risk indicators in the shared message on social media. We 

collected risk scores that we refer to as Doctor’s risk. Due to hesitation facing risk of harm from 

misinformation, we argue that interaction between risk (as estimated by doctors, as health experts) 

and emotions (expressed by the public, represented by Twitter users) may weaken subsequent 

behavioral reactions. Therefore, in our context, we expect the risk of harm from misinformation 

scenarios to have negative moderation effects on the emotions (including anger, sadness, fear, 

disgust, joy and surprise) in shaping people’s misinformation sharing behaviors. In accordance, 

we propose the following hypotheses: 

H7a,b,c,d,e,f: Doctors’ risk negatively moderates the relationship between 

anger/fear/disgust/ sadness/joy/ surprise emotions and the sharing of the misinformation 

messages. 

In addition to the above, we also consider control variables, the number of hashtags and the number 

of URLs in the tweet which has been shown to influence its sharing (Suh et al., 2010; Tsur and 

Rappoport, 2012).  

The research model with all the aforementioned hypotheses is illustrated as shown in Figure 1. 
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Figure 1. Research model and hypotheses. 

METHODOLOGY    

In this section, details about the methodology of the study are presented. 

Choosing COVID-19 Misinformation Scenarios   

We first identify various COVID-19 misinformation scenarios. The misinformation scenarios are 

chosen based on the following criteria. The scenarios must: (1) be significant or widely known so 

that people have sufficient understanding; (2) any action based on the scenarios should have the 

risks of harm from misinformation, and (3) must cover a wide range of topics within the context 

of COVID-19 pandemic. These scenarios are the many false claims that were debunked by various 

factcheckers employed by social media companies (like Facebook or X), from media sources (like 

CNN, BBC, etc.), professional factchecking organizations (like Snopes.com, Politifact.com, 

Factcheck.org), or governmental organizations (such as CDC – Centre for Diseases Control or 

WHO – World Health Organization). Based on these, we chose a list of 30 scenarios that reflected 

the main themes of the COVID-19 pandemic such as prevention methods, treatments, or different 

ways to prevent the spread of the virus (see Table 1). Listed debunked dates were later used for 

defining the time frame of data collection, which will be further discussed. 
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Scenarios Summary of misinformation messages Debunked 

dates 

Fact 

checker 

S1: Wearing 

masks 

People should not wear masks in public and 

masks can only be used when having proper 

symptoms. 

04/03/2020 CDC 

S2: 

Microwaved 

masks 

After each wear, masks should be placed in a 

Ziplock bag and microwaved in 2 to 3 minutes to 

sanitize. 

04/10/2020 Snopes 

S3: Lemon 

juice 

Drinking lemon juice or consuming vitamin C 

will boost immune systems and prevent or cure 

COVID 19. 

01/30/2020 
BuzzFeed 

News 

S4: Banana 
Eating bananas will boost immune systems and 

prevent or cure COVID-19. 
03/22/2020 Snopes 

S5: Oregano 

oil 
Oregano oil effectively fights COVID 19. 01/27/2020 

Washingto

n Post 

S6: Most 

throat 

Keeping your throats moist by constantly 

drinking warm water is effective to prevent 

COVID-19. 

01/28/2020 Snopes 

S7: Drink 

water 

Drinking water every 15 minutes will prevent 

COVID. 
03/11/2020 Snopes 

S8: Eating 

garlic 
Eating many garlic to prevent COVID-19. 02/11/2020 

BBC, 

WHO 

S9: Garlic 

water 

Drinking boiled garlic water will cure COVID-

19. 
03/10/2020 Snopes 

S10: 

Homeopathy 

Homeopathy and medicine can help prevent and 

manage COVID-19 symptoms. 
01/29/2020 

BuzzFeed 

News 

S11: Bleach Drinking bleach will kill COVID-19. 01/28/2020 FDA, BBC 

S12: 

Chloroquine 

Chloroquine can kill 100% COVID-19 and is safe 

for the public to use. 

03/23/2020; 

06/15/2020 

PolitiFact, 

Facebook 

S13: Hand 

sanitizer 

Hand sanitizer can only kill bacteria and not the 

virus. 
03/03/2020 

BuzzFeed 

News 

S14: Vodka 

sanitizer 

Vodka can be used to make hand sanitizer that is 

effective enough to prevent COVID-19. 
03/05/2020 Snopes 

S15: Self-test 
Holding breaths for more than 10 seconds can be 

used to self-test for COVID 19 infection. 
03/11/2020 Snopes 

S16: Immune 

children 

Children are immune to COVID 19 and should 

not be worried about being infected. 
03/19/2020 

BuzzFeed 

News 

S17: Flu shots People can get COVID-19 from the flu shot. 05/14/2020 Snopes 

S18: 

Antibiotics 
Antibiotics will fight and kill COVID 19. 5/19/2020 WHO 
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S19: Chinese 

packages 

It is not safe to receive a package from China 

because the package can be contaminated by 

COVID-19. 

07/14/2020 
Live 

Science 

S20: Compare 

to flu 
COVID 19 is less deadly than the flu. 07/14/2020 

Live 

Science 

S21: Salt water 
Gargling warm and salt water will kill COVID-19 

and prevent infection. 
03/28/2020 Reuters 

S22: Heat 
COVID-19 is not heat-resistant and will be killed 

by a temperature of just 26 to 27oC (79 to 81oF). 
03/12/2020 FactCheck 

S23: Fish tank 

cleaner 

Fish tank cleaner has chloroquine and can treat 

COVID 19. 
03/24/2020 Politifact 

S24: Air 

purifier 

Air purifier can kill COVID 19 within a single air 

pass. 
01/27/2020 

BuzzFeed 

News 

S25: Cold food 
People should stay away from ice cream and 

eating cold to avoid contracting COVID-19. 
03/25/2020 

UNICEF, 

WHO 

S26: Runny 

nose 

If you have runny nose, you are not infected by 

COVID 19. COVID has dry cough with no 

running nose. 

03/12/2020 
Factcheck. 

org 

S27: Toilet 

paper 

COVID 19 had been found in packages of 

contaminated toilet paper, and people should start 

using a wet washcloth to clean themselves 

instead. 

03/11/2020 Snopes 

S28: Pets Pets can spread COVID 19. 07/14/2020 
Live 

Science 

S29: Chinese 

restaurants 

You can get COVID if eating at Chinese 

restaurants. 
07/14/2020 

Live 

Science 

S30: Old 

people 
COVID 19 only affects the old people. 03/25/2020 WHO 

Table 1. Descriptions, details, and sources of misinformation scenarios. 

Measures 

Sentiment analysis (Ho et al. 2019) is applied on the tweets to find the emotions associated with 

the tweets. We extract the scores for anger, fear, disgust, sadness, joy and surprise expressed in 

each of the tweets’ texts using the word-emotion lexicon of the National Research Council (NRC) 

sentiment and emotion lexicon (Mohammad and Turney, 2010). The NRC lexicon has been widely 

utilized in prior research for the classification of emotions in different contexts and varied domains, 
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such as disaster responses and sentiment classification for social media data on Twitter platform 

(Ragini et al., 2018; Bravo-Marquez et al., 2013). Emotion scores are calculated from each tweet 

based on emotional terms presented in the considered texts. By default, the NRC lexicon extracts 

eight emotions (anger, anticipation, disgust, fear, joy, sadness, surprise, and trust) as the texts’ 

emotional scores. As mentioned in section 2.2 about different types of emotions, we specifically 

focus on the specific types of emotions that have strong ties to such a risky context as the COVID-

19 health crisis, which resulted the list of six out of aforementioned eight NRC emotions, including 

anger, fear, sadness, disgust, joy and surprise. These six emotions were also the building blocks of 

our main and interaction effects in our research model. 

In addition to the scores of six extracted NRC emotions, the estimated risks from misinformation 

were captured for each scenario based on input from 3 doctors. The doctors had extensive 

experience ranging from 15 to 45 years. The doctors were also infected by the COVID-19 virus, 

along with their family members. Hence being the victim and the expert in the field we asked the 

doctors to estimate (1) the potential health harms; (2) morbidity and mortality harms; (3) likelihood 

of getting health harms; and (4) likelihood of getting morbidity and mortality harms for each of 

the COVID-19 misinformation scenarios on a scale from 1 to 10. Then, we calculated the average 

values of the two estimated severity and two estimated likelihood scores. Finally, we computed 

the estimated risk scores as the product of the average severity scores and average likelihood 

scores. While estimated risk scores were calculated at the scenario-level, the other measures were 

computed at the individual tweet-level. 

Additionally, we also capture the actual retweet counts as the dependent variable and calculate the 

numbers of hashtags and URLs in the unprocessed tweet texts as the control variables in the model. 
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Data Collection and Data Processing   

We obtained a dataset comprising six-months of tweets collected from X using the REST search 

APIs (Twitter provides a RESTful API that enables developers to programmatically access 

Twitter's features) using the search keyword #covid and #coronavirus, resulting in more than 400 

million tweets. Along with these, factcheck statements were also collected from official sources 

and factcheckers. These claims were used to segregate the tweets into the groups of misinformation 

scenarios falling within the time frame of 15-days before and after the debunk date. The collected 

data was pre-processed by deleting ‘@’ symbol, special characters, emojis, hashtags and stop 

words (not meaningfully important words such as ‘a’, ‘an’, ‘the’, etc.). Then we performed 

stemming and lemmatization to reach singularity levels of words in tweets. After pre-processing, 

we segregated the tweets according to the scenarios. A Jaccard similarity index match was used to 

segregate the tweets into respective scenarios. Finally, employing human coder for labelling at 

different cutoff points of Jaccard similarity scores when matching the contents of the tweets and 

scenario descriptions, preferably from 10% to 40%, we identified a threshold level of the Jaccard 

score that is optimal in classifying relevant and irrelevant tweets for further analyses.  

Descriptive Statistics and Correlations 

We checked for correlation and descriptive statistics among the variables using the Pearson 

correlation test (see Table 2). The Pearson correlation test showed that most of the correlations 

were less than 0.5 indicating that there were no serious concerns related to multicollinearity 

(Kishore et al., 2004).  

Variable 
Mean 

(SD) 

Correlations 

[1] [2] [3] [4] [5] [6] [7] [8] 

Retweets 

108.67 

(2468.56

8) 

1  
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Anger 
0.021 

(0.083) 

0.025** 1 

      

Disgust 
0.023 

(0.0801) 

0.030** 

 

0.505** 

 

1  

    

Fear 
0.082 

(0.174) 

0.012* 

 

0.362** 0.187** 

1     

Joy 
0.0392 

(0.131) 

-0.010* -0.006 -0.027** 

 

-0.086* 1 

   

Sadness 
0.027 

(0.093) 

0.027** 0.561** 0.416** 

 

0.435** -0.013** 1   

Surprise 
0.018 

(0.078) 

0.024** 0.450** 0.173** 0.231** 0.154** 0.359** 1  

DrRisk 
21.908 

(23.949) 

0.024** 0.101** 0.035** 

 

0.417** -0.157** 0.128** 

 

0.10

5** 

1 

Note: SD: Standard deviation. 

Table 2. Descriptive Statistics and Correlations among Variables in Main Research 

Model 

Analysis   

For the proposed analyses the following steps after data collection was performed. We identify the 

outcome (dependent variable) of our analysis as the number of retweets from each captured tweet. 

In the social media context, especially on Twitter retweeting is considered as one of the very 

effective methods for disseminating information widely (Majmundar et al., 2018). Two recent 

updates from Twitter may increase the effectiveness of retweeting. One modification, for instance, 

concerns the algorithmic timeline, which presents users with trending subjects at the front of their 

feed and speeds up the spread of viral tweets (Oremus, 2017).  

Antecedents of the outcome include anger, fear, disgust, sadness, joy and surprise emotions 

obtained from tweets. In addition to these independent variables, we include two control variables, 

the number of hashtags and hyperlinks (URLs) in the tweets. We employ a mixed model using 

STATA15. The mixed model involves both fixed effects and random effects based on the COVID-

19 misinformation scenarios. Since the estimated risk from doctors is expected to moderate the 

relationships between emotions and retweets, its direct effect on retweets is also examined. The 

equation for the full proposed research model is: 
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Retweetsi,j = β0 + β1*Angeri,j + β2*Feari,j + β3*Disgusti,j + β4*Sadnessi,j + β5*Joyi,j + β6*Surprisei,j  

+ β7*DrRiski,j + β8*Hashtagi,j + β9*URLsi,j + β10*Anger*DrRiski,jj + 

β11*Fear*DrRiski,j + β12*Disgust*DrRiski,j + β13*Sadness*DrRiski,j+ + 

β14*Joy*DrRiski,j+ β15*Surprise*DrRiski,j + ɛ 

Where: β represents coefficients of the variables, ɛ the error term, i is the tweet level and j is the 

scenario level.  

Results 

The final analysis and hypothesis testing results for both main effects and interaction effects from 

STATA mixed effect regressions are shown in Table 2 and Figure 2. 

Note: Coef.: coefficient of the effect; SD: Standard deviation; CI: counter-intuitive result;  

NA: Not applicable (no hypothesis). 

Table 2. Analysis and hypothesis testing results. 

 

To Retweets Variable Coef. SD p-value Hypotheses 

Main effects 

Anger 9.767 1.826 0.000 H1: Supported 

Fear -0.460 1.163 0.692 H2: Not supported 

Disgust 9.456 1.583 0.000 H3: Supported 

Sadness -9.053 1.296 0.000 H4: Supported 

Joy 3.925 1.220 0.001 H5: Supported 

Surprise 
-8.004 1.920 0.000 

H6: Not supported, 

significant, CI 

Interactions 

Drs’ Risk 0.068 0.024 0.004 NA 

Anger* Drs’ Risk -0.140 0.042 0.001 H7a: Supported 

Fear* Drs’ Risk -0.042 0.021 0.048 H7b: Supported 

Disgust* Drs’ Risk -0.304 0.029 0.000 H7c: Supported 

Sadness* Drs’ 

Risk 
0.197 0.030 0.000 

H7d: Not supported but 

significant, CI 

Joy* Drs’ Risk -0.137 0.030 0.000 H7e: Supported 

Surprise* Drs’ 

Risk 
0.209 0.043 0.000 

H7f: Not supported but 

significant, CI 

Control 
Hashtag -0.172 0.015 0.000 NA 

URLs 0.524 0.074 0.000 NA 

Const 0.193 0.878 0.826 NA 



 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  20 

 

Figure 2. Analysis and hypothesis testing results. 

The final results indicated that most of our tested hypotheses were statistically supported, with 

some varied details. First, out of six main tested effects from six extracted NRC emotions to the 

DV (retweets), we had four supported hypotheses (H1, H3, H4, H5), associated with anger, disgust, 

sadness and joy emotions. Second, in two unsupported main hypotheses, while fear has 

insignificant result, surprise has significant but counter-intuitive results with a negative instead of 

expectedly positive effects toward retweets. While the majority of prior studies have stated that 

surprise triggers information sharing like retweeting behavior (Wessel and Aron, 2017; Vosoughi 

et al., 2018), some studies (Luo et al., 2021) stated that for the specific context of misinformation 

on social media, misinformation messages containing surprise factors are harder to be discussed 

and circulated online, which is in line with our seemingly unexpected result. This finding shed 

lights for future research to replicate and confirm the actual effects of surprise on (mis)information 

diffusion regarding conflicting suggestions from the current literature. Third, out of six interaction 

effects between doctors’ estimated risks and six emotions, we found four significant effects 

associated with hypotheses H7a, H7b, H7c, and H7e. The two unsupported hypotheses H7d and 

H7f (related to the interactions of risk – sadness and risk – surprise) are all extremely statistically 

significant (p-values = 0.000), but counter-intuitive (positive instead of expectedly negative 
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effects). Interestingly, both the main effect and the interaction effect related to surprise are very 

statistically significant but are all counter-intuitive, which strongly suggests future research to 

replicate and expand on our study to unbox the underlying mechanisms surrounding surprise 

emotion in shaping (mis)information sharing behaviors. On the other hand, it is a surprise that 

while fear has insignificant effect, its interaction with the estimated risk yielded very significant 

and desired result toward retweets, indicating the role of different risky contexts (as judged by 

medical experts) in triggering fear’s effects on information sharing behaviors. Finally, although 

not hypothesized, the two control variables (URLs and hashtags) also have very significant effects 

in shaping retweeting behaviors.   

 

DISCUSSION AND CONCLUSION 

Risks from misinformation are prevalent in social media and influence social sharing of emotions 

during crises situations such as the COVID-19 pandemic with significant implications for the 

effectiveness of interventions. This study is expected to contribute to the literature on managing 

information during a health crisis by explicitly considering social sharing of emotions in health 

crisis and misinformation scenarios. It also takes a rigorous approach to capturing variables from 

tweets. Our study can therefore provide guidance on the need to identify and manage social sharing 

of emotions for misinformation messages in health crises. 

This study examines the possible effects that the six distinct emotions and risks from a 

misinformation tweet could directly or indirectly play important roles in sharing behaviors during 

a crisis. It also examines if the contextual risky level (as judged by the domain experts, i.e. medical 

doctors) moderates the effects of emotional content on sharing behavior, reflected by retweets. 

Lastly, our study suggests that social media strategies to ensure speedy and reliable information 
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spread during crises need to consider the distinct characteristics of information such as the veracity 

of the information, and its risks of causing harms from misinformation.  

From our supported and unsupported hypothesis testing results, we have outlined several insights 

for future research. First, as our study anchors on 30 misinformation scenarios of the early stage 

of COVID-19 pandemic, future studies can replicate our research model in more phases of the 

pandemic, or in other health crises to investigate and confirm our findings. Second, as we detected 

the very significant but counter intuitive findings from both main effect (surprise to retweets) and 

two interaction effects (risk-sadness and risk-surprise to retweets), future research can extend our 

work to explore more about the underlying reasons leading to these results, especially about the 

main and interacting effects surrounding one emotions: surprise. Third, future research expansion 

can consider other platform-based behaviors from social media users beyond retweets, such as 

favorites or quotes, in replicating our research model. Fourth, in future we would like to extend 

this study by collecting and examining data from platforms like Reddit, Instagram or TikTok. Fifth, 

for our future research we plan to collect and examine vaccine misinformation related hashtags 

(#VaccineHoax, #VaccineScam, #DoNotVaxx, #VaxxKills, #BigPharmaLies). Sixth we plan to 

examine disinformation, which involves the malicious intent behind sharing false information. All 

of these can be valuable in enlightening theoretical and practical contributions facing harmful 

misinformation. 

ACKNOWLEDGEMENTS 

Thanks to the review team for the comments that have greatly improved the paper. 

This material is based upon work supported by the National Science Foundation under Grant 

No. 2149321. 



 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  23 

Disclaimer: “Any opinions, findings, and conclusions or recommendations expressed in this 

material are those of the author(s) and do not necessarily reflect the views of the National Science 

Foundation.” 

REFERENCES 

Abd-Alrazaq, A., Alhuwail, D., Househ, M., Hamdi, M., & Shah, Z. (2020). Top concerns of 

tweeters during the COVID-19 pandemic: infoveillance study. Journal of medical Internet 

research, 22(4), e19016. 

Berger, J., & Milkman, K. L. (2013). Emotion and virality: What makes online content go 

viral?. NIM Marketing Intelligence Review, 5(1), 18-23.  

Beydoun, G., Dascalu, S., Dominey-Howes, D., & Sheehan, A. (2018). Disaster management and 

information systems: Insights to emerging challenges. Information Systems Frontiers, 20, 649-

652. 

Bode, L., & Vraga, E. K. (2018). See something, say something: Correction of global health 

misinformation on social media. Health communication, 33(9), 1131-1140. 

Bravo-Marquez, F., Mendoza, M., & Poblete, B. (2013, August). Combining strengths, emotions 

and polarities for boosting twitter sentiment analysis. In Proceedings of the second 

international workshop on issues of sentiment discovery and opinion mining (pp. 1-9).  

Chen, Q., Min, C., Zhang, W., Wang, G., Ma, X., & Evans, R. 2020. “Unpacking the black box: 

How to promote citizen engagement through government social media during the COVID-19 

crisis”. Computers in Human Behavior, 106380, 106380. 

Chew, C., & Eysenbach, G. (2010). Pandemics in the age of Twitter: content analysis of Tweets 

during the 2009 H1N1 outbreak. PloS one, 5(11), e14118. 

Darwin, C. 1872. “The expression of the emotions in man and animals”. London, UK: John 

Murray. http://dx.doi.org/10.1037/10001-000 

Haidt, J., Rozin, P., McCauley, C., & Imada, S. 1997. “Body, psyche, and culture: The relationship 

of disgust to morality”. Psychology and Developing Societies, 9, 107–131. 

http://dx.doi.org/10.1177/0971333 69700900105 

Han, J., Lee, S. E., & Cha, M. (2023). The secret to successful evocative messages: Anger takes 

the lead in information sharing over anxiety. Communication Monographs, 90(4), 545-565. 

Hancock, J. T., Gee, K., Ciaccio, K., & Lin, J. M. H. (2008, November). I'm sad you're sad: 

emotional contagion in CMC. In Proceedings of the 2008 ACM conference on Computer 

supported cooperative work (pp. 295-298). 

Hasell, A., & Weeks, B. E. (2016). Partisan provocation: The role of partisan news use and 

emotional responses in political information sharing in social media. Human Communication 

Research, 42(4), 641-661. 

Himelein-Wachowiak, M., Giorgi, S., Devoto, A., Rahman, M., Ungar, L., Schwartz, H. A., ... & 

Curtis, B. (2021). Bots and misinformation spread on social media: Implications for COVID-

19. Journal of medical Internet research, 23(5), e26933. 

Ho, S. Y., Choi, K. W. S., & Yang, F. F. (2019). Harnessing aspect-based sentiment analysis: how 

are tweets associated with forecast accuracy?. Journal of the Association for Information 

Systems, 20(8), 2.  

http://dx.doi.org/10.1037/10001-000
http://dx.doi.org/10.1177/0971333%2069700900105


 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  24 

Islam, M. S., Sarkar, T., Khan, S. H., Kamal, A. H. M., Hasan, S. M., Kabir, A., ... & Seale, H. 

(2020). COVID-19–related infodemic and its impact on public health: A global social media 

analysis. The American journal of tropical medicine and hygiene, 103(4), 1621. 

Ji, Y. G., Chen, Z. F., Tao, W., & Li, Z. C. (2019). Functional and emotional traits of corporate 

social media message strategies: Behavioral insights from S&P 500 Facebook data. Public 

relations review, 45(1), 88-103.  

Kim, S. (2021). The role of discrete emotions in risk perception and policy support during public 

health crises: The moderation effect of SNS dependency. International Journal of 

Environmental Research and Public Health, 18(21), 11654. 

Kim, S. (2021). The role of discrete emotions in risk perception and policy support during public 

health crises: The moderation effect of SNS dependency. International Journal of 

Environmental Research and Public Health, 18(21), 11654. 

Kouzy, R., Abi Jaoude, J., Kraitem, A., El Alam, M. B., Karam, B., Adib, E., ... & Baddour, K. 

(2020). Coronavirus goes viral: quantifying the COVID-19 misinformation epidemic on 

Twitter. Cureus, 12(3).  

Krause, N. M., Freiling, I., Beets, B., & Brossard, D. (2020). Fact-checking as risk communication: 

the multi-layered risk of misinformation in times of COVID-19. Journal of Risk 

Research, 23(7-8), 1052-1059.  

Lazarus, R. S. (1991). Emotion and adaptation (Vol. 557). Oxford University Press. 

Lee, E. W., & Ho, S. S. (2018). Are photographs worth more than a thousand words? Examining 

the effects of photographic–textual and textual-only frames on public attitude toward nuclear 

energy and nanotechnology. Journalism & Mass Communication Quarterly, 95(4), 948-970. 

Lerner, J. S., & Keltner, D. (2001). Fear, anger, and risk. Journal of personality and social 

psychology, 81(1), 146. 

Li, H. O. Y., Bailey, A., Huynh, D., & Chan, J. (2020). YouTube as a source of information on 

COVID-19: a pandemic of misinformation?. BMJ global health, 5(5), e002604. 

Li, J., Vishwanath, A., & Rao, H. R. (2014). Retweeting the Fukushima nuclear radiation 

disaster. Communications of the ACM, 57(1), 78-85. 

Lundgren, R. E., & McMakin, A. H. (2018). Risk communication: A handbook for communicating 

environmental, safety, and health risks. John Wiley & Sons. 

Luo, H., Cai, M., & Cui, Y. (2021). Spread of misinformation in social networks: Analysis based 

on Weibo tweets. Security and Communication Networks, 2021(1), 7999760. 

Luo, H., Cai, M., & Cui, Y. (2021). Spread of misinformation in social networks: Analysis based 

on Weibo tweets. Security and Communication Networks, 2021(1), 7999760. 

Majmundar, A., Allem, J. P., Boley Cruz, T., & Unger, J. B. (2018). The why we retweet 

scale. PloS one, 13(10), e0206076. 

Malecki, K. M., Keating, J. A., & Safdar, N. (2021). Crisis communication and public perception 

of COVID-19 risk in the era of social media. Clinical infectious diseases, 72(4), 697-702. 

Marquis, E. B., Kim, S., Alahmad, R., Pierce, C. S., & Robert Jr, L. P. (2018, October). Impacts 

of perceived behavior control and emotional labor on gig workers. In Companion of the 2018 

ACM conference on computer supported cooperative work and social computing (pp. 241-

244). 

McKay, D., Yang, H., Elhai, J., & Asmundson, G. J. (2020). Anxiety regarding contracting 

COVID-19 related to interoceptive anxiety sensations: The moderating role of disgust 

propensity and sensitivity. Journal of anxiety disorders, 73, 102233. 



 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  25 

Mohammad, S., & Turney, P. (2010, June). Emotions evoked by common words and phrases: 

Using mechanical turk to create an emotion lexicon. In Proceedings of the NAACL HLT 2010 

workshop on computational approaches to analysis and generation of emotion in text (pp. 26-

34). 

Mohammed, M., Sha’aban, A., Jatau, A. I., Yunusa, I., Isa, A. M., Wada, A. S., ... & Ibrahim, B. 

(2021). Assessment of COVID-19 information overload among the general public. Journal of 

racial and ethnic health disparities, 1-9.  

Ning, L., Niu, J., Bi, X., Yang, C., Liu, Z., Wu, Q., ... & Liu, C. (2020). The impacts of knowledge, 

risk perception, emotion and information on citizens’ protective behaviors during the outbreak 

of COVID-19: a cross-sectional study in China. BMC public health, 20, 1-12. 

Oh, O., Eom, C., & Rao, H. R. (2015). Research note—Role of social media in social change: An 

analysis of collective sense making during the 2011 Egypt revolution. Information Systems 

Research, 26(1), 210-223.  

Oremus W. (2017). Twitters’ new order. The Verge. 

http://www.slate.com/articles/technology/cover_story/2017/03/twitter_s_timeline_algorithm_

and_its_effect_on_us_explained.html 

Palenchar, M. J., & Heath, R. L. (2002). Another part of the risk communication model: Analysis 

of communication processes and message content. Journal of Public Relations 

Research, 14(2), 127-158. 

Peng, W., & Huang, Q. (2020). An examination of surprise and emotions in the processing of 

anecdotal evidence. Health Communication. 

Peters, K., Kashima, Y., & Clark, A. (2009). Talking about others: Emotionality and the 

dissemination of social information. European Journal of Social Psychology, 39(2), 207-222. 

Politi, M. C., Han, P. K., & Col, N. F. (2007). Communicating the uncertainty of harms and 

benefits of medical interventions. Medical Decision Making, 27(5), 681-695.  

Ragini, J. R., Anand, P. R., & Bhaskar, V. (2018). Big data analytics for disaster response and 

recovery through sentiment analysis. International Journal of Information Management, 42, 

13-24. 

Rai, A. (2020). Editor’s comments: The COVID-19 pandemic: Building resilience with IS 

research. Management Information Systems Quarterly, 44(2), iii-vii. 

Reiss, D. R., & Diamond, J. (2019). Measles and Misrepresentation in Minnesota: Can There Be 

Liability for Anti-Vaccine Misinformation That Causes Bodily Harm. San Diego L. Rev., 56, 

531. 

Rimé, B. (2009). Emotion elicits the social sharing of emotion: Theory and empirical 

review. Emotion review, 1(1), 60-85. 

Rimé, B., Bouchat, P., Paquot, L., & Giglio, L. (2020). Intrapersonal, interpersonal, and social 

outcomes of the social sharing of emotion. Current opinion in psychology, 31, 127-134. 

Rime, B., Mesquita, B., Boca, S., & Philippot, P. (1991). Beyond the emotional event: Six studies 

on the social sharing of emotion. Cognition & Emotion, 5(5-6), 435-465. 

Roseman, I. J., Wiest, C., & Swartz, T. S. (1994). Phenomenology, behaviors, and goals 

differentiate discrete emotions. Journal of personality and social psychology, 67(2), 206. 

Rosen G. (2019). Remove, Reduce, Inform: New Steps to Manage Problematic Content. Meta. 

https://about.fb.com/news/2019/04/remove-reduce-inform-new-steps/ 

Rozin, P. H. J., & McCauley, CR (2008). Disgust. Handbook of emotions,, 757-776. 

Ruiter, R. A., Abraham, C., & Kok, G. (2001). Scary warnings and rational precautions: A review 

of the psychology of fear appeals. Psychology and health, 16(6), 613-630.  

http://www.slate.com/articles/technology/cover_story/2017/03/twitter_s_timeline_algorithm_and_its_effect_on_us_explained.html
http://www.slate.com/articles/technology/cover_story/2017/03/twitter_s_timeline_algorithm_and_its_effect_on_us_explained.html


 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  26 

Shook, N. J., Sevi, B., Lee, J., Oosterhoff, B., & Fitzgerald, H. N. (2020). Disease avoidance in 

the time of COVID-19: The behavioral immune system is associated with concern and 

preventative health behaviors. PloS one, 15(8), e0238015. 

Smith, C. A., & Ellsworth, P. C. (1985). Patterns of cognitive appraisal in emotion. Journal of 

personality and social psychology, 48(4), 813. 

So, J., Kuang, K., & Cho, H. (2019). Information seeking upon exposure to risk messages: 

Predictors, outcomes, and mediating roles of health information seeking. Communication 

Research, 46(5), 663-687.  

Sommariva, S., Vamos, C., Mantzarlis, A., Đào, L. U. L., & Martinez Tyson, D. (2018). Spreading 

the (fake) news: exploring health messages on social media and the implications for health 

professionals using a case study. American journal of health education, 49(4), 246-255. 

Son, J., Lee, J., Larsen, K. R., & Woo, J. (2020). Understanding the uncertainty of disaster tweets 

and its effect on retweeting: The perspectives of uncertainty reduction theory and information 

entropy. Journal of the Association for Information Science and Technology, 71(10), 1145-

1161.  

Starbird, K., Maddock, J., Orand, M., Achterman, P., & Mason, R. M. (2014). Rumors, false flags, 

and digital vigilantes: Misinformation on twitter after the 2013 boston marathon 

bombing. IConference 2014 proceedings. 

Suarez-Lledo, V., & Alvarez-Galvez, J. (2021). Prevalence of health misinformation on social 

media: systematic review. Journal of medical Internet research, 23(1), e17187. 

Suh, B., Hong, L., Pirolli, P., & Chi, E. H. (2010, August). Want to be retweeted? large scale 

analytics on factors impacting retweet in twitter network. In 2010 IEEE second international 

conference on social computing (pp. 177-184). IEEE. 

T Tran, T., Valecha, R., & Rao, H. R. (2022). Health-related Misinformation Harm during the 

COVID-19 Pandemic: An Investigation of Non-comparative and Comparative Harm 

Perceptions. AIS Transactions on Human-Computer Interaction, 14(2), 185-206. 

Tran, T., Valecha, R., & Rao, H. R. (2023). Machine and human roles for mitigation of 

misinformation harms during crises: An activity theory conceptualization and 

validation. International Journal of Information Management, 70, 102627. 

Tsur, O., & Rappoport, A. (2012, February). What's in a hashtag? Content based prediction of the 

spread of ideas in microblogging communities. In Proceedings of the fifth ACM international 

conference on Web search and data mining (pp. 643-652). 

Tybur, J. M., Lieberman, D., & Griskevicius, V. (2009). Microbes, mating, and morality: 

individual differences in three functional domains of disgust. Journal of personality and social 

psychology, 97(1), 103. 

Valecha, R., Volety, T., Rao, H. R., & Kwon, K. H. (2020). Misinformation sharing on Twitter 

during Zika: An investigation of the effect of threat and distance. IEEE Internet 

Computing, 25(1), 31-39. 

Vosoughi, S., Roy, D., & Aral, S. (2018). The spread of true and false news 

online. science, 359(6380), 1146-1151.  

Wang, J., Xiao, N., & Rao, H. R. (2015). Research note—An exploration of risk characteristics of 

information security threats and related public information search behavior. Information 

Systems Research, 26(3), 619-633.  

Wang, X. R., Nan, X., Stanley, S. J., Wang, Y., Waks, L., & Broniatowski, D. (2021). Emotion 

and Virality of Food Safety Risk Communication Messages on Social Media. Journal of 

Applied Communications, 105(3), 5.  



 Health Misinformation Sharing on Social Medi  

  

Proceedings of 2024 IFIP 8.11/11.13 Dewald Roode Information Security Research Workshop 

Kennesaw, Georgia, USA  27 

Wang, Y., McKee, M., Torbica, A., & Stuckler, D. (2019). Systematic literature review on the 

spread of health-related misinformation on social media. Social science & medicine, 240, 

112552. 

Wessel, J. R., & Aron, A. R. (2017). On the globality of motor suppression: unexpected events 

and their influence on behavior and cognition. Neuron, 93(2), 259-280.  

Yang, J. Z., & Chu, H. (2018). Who is afraid of the Ebola outbreak? The influence of discrete 

emotions on risk perception. Journal of Risk Research, 21(7), 834-853. 

Yıldırım, M., & Güler, A. (2021). Positivity explains how COVID-19 perceived risk increases 

death distress and reduces happiness. Personality and individual differences, 168, 110347. 

Yin, J., Feng, J., & Wang, Y. (2015). Social media and multinational corporations’ corporate social 

responsibility in China: The case of ConocoPhillips oil spill incident. IEEE Transactions on 

Professional Communication, 58(2), 135-153. 

Zhang, X., & Zhou, S. (2020). Sharing health risk messages on social media: Effects of fear appeal 

message and image promotion. Cyberpsychology, 14(2), 4. 


