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Abstract

Purpose: The rise of fake news is an increasing issue for cancer patients. Spe-
cifically, the use of cannabis as a cure for cancer is the most shared social media
content regarding alternative cancer treatments (Shi, Siyu, Arthur R. Brant,
Aaron Sabolch & Erqi Pollom. 2019. False news of a cannabis cancer cure. Cureus
11(1). e3918. DOI:10.7759/cureus.3918). To better understand the relationship
between fake news, perceived credibility, social sharing, and belief in health
misinformation, we conducted an online experiment in the United States to
explore how people react to fake cancer news on Facebook.
Design/methodology/approach: A four-condition between-subjects online
experiment was conducted to examine whether the perceived credibility of infor-
mation and comments serve as mediating factors to influence misperceptions and
social sharing of cancer misinformation.
Findings: We find that it is the comments’ credibility rather than information
credibility that acts as a mediator between the effects of exposure to variations of
comments on cancer treatment misperceptions and social sharing intentions.
Practical implications: Our study provides important insights into correcting
health misinformation on social media. Findings demonstrate the importance of
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healthcare professionals and organizations engaging with misleading and
potentially harmful misinformation posted. Additionally, practitioners need to
provide training to enhance individuals’ media literacy to better discern credible
health information from misinformation on social media.
Value: The study advances prior misinformation correction and credibility
literature. Theoretically, we find that perceived comments’ credibility act as a
mediator in mitigating the spread of fake news. Furthermore, exposure to vari-
ations of corrective comments (vs. peers’ supportive comments) increased can-
cer cure misperceptions via comments’ credibility, a backfire effect indicating
that cancer cure misperceptions persisted, were complicated, and difficult to
correct.

Keywords: backfire effect; comments’ credibility; experiment; expert corrections;
Facebook; health misinformation; the United States

1 Introduction

The widespread circulation of fake health news on social networking sites is
dangerous to health consumers (Carlson 2018; Pennycook et al. 2020). The use of
cannabis as a cancer cure represents the largest category of social media content
about alternative cancer treatment (Shi et al. 2019). Viral claims thatmarijuana can
treat serious health conditions, such as cancer, is a growing concern for the Food
and Drug Administration (2017) in the United States. To combat the spread of
cancer misinformation, Facebook has changed its algorithms to reduce the pro-
motion and sharing of miracle cures (Hernandez and McMillan 2019), and noted
U.S. health organizations also addressed the health effects of marijuana (e.g.,
National Cancer Institute 2017; U.S. Department of Health and Human Services
2014), but the outreach exerted a low level of influence on socialmedia (Wang et al.
2019).

Although fake news is not a new phenomenon, the rapid sharing of fabricated
and fraudulent health information across multiple platforms continues to garner
scholarly attention (Sharma et al. 2017; Southwell et al. 2018). Researchers are
exploring how health-related misinformation on social media presents a serious
risk to public health and action (Melchior and Oliveira 2021). Extensive literature
exists on the prevalence (Chen et al. 2018; Pennycook et al. 2020; Pulido et al. 2020;
Waszak et al. 2018) and impact (Albarracin et al. 2018; Chua and Banerjee 2018;
Johnson et al. 2022) of health misinformation. Most research found that
prevention-related misinformation diffused more broadly and deeply than accu-
rate information on social media (Chen et al. 2018; Pennycook et al. 2020), and
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misinformation about cancer was potentially harmful by promoting unproven
treatments as alternatives (Johnson et al. 2022). Many social media users lack
health literacy and struggle to distinguish accurate information from misleading
claims (Oh and Lee 2019). As a result, they continue to spread health-related
misinformation by sharing posts on their personal pages (Broniatowski et al. 2018;
Chou et al. 2018; Kata 2012).

Extant studies explore how health organizations can create message in-
terventions to contradict health-relatedmisinformation on social media (Bode and
Vraga 2017; Chou et al. 2018; Gesser-Edelsburg et al. 2018; van der Meer and Jin
2020; Vraga and Bode 2017a, 2017b) and expert sources are found to be more
effective in correcting misinformation than users who engaged in corrections on
social media (Lewandowsky et al. 2012; van derMeer and Jin 2020; Vraga and Bode
2017b). However, only a few studies examine the mediating role of credibility
perceptions in reducing belief in misinformation (Vraga and Bode 2018; Kim et al.
2020).

By focusing on cancer cure misinformation in the United States, we examined
the role of various corrective comments in cancer cure misperceptions and social
sharing. Specifically, the study investigates whether the perceived credibility of
information and comments serve as mediators in this process. The study advances
the health misinformation correction and credibility literature.

1.1 Defining misinformation and misperceptions

Bothmisinformation – the inadvertent sharing of false information (Bauer and von
Hohenberg 2020) and disinformation – “a coordinated or deliberate effort to
knowingly circulate misinformation in order to gain money, power, or reputation”
(Swire-Thompson and Lazer 2020, 435) are growing and pervasive threats to the
healthcare community (Allington et al. 2020; Rodgers and Massac 2020). Chou
et al. (2018, 1) defined health-related misinformation as a “health-related claim of
fact that is currently false due to the lack of scientific evidence.”Research indicates
that health misinformation can have negative effects in the real world, including
spreading controversy on vaccines (Broniatowski et al. 2018) and amplifying false
cancer treatments (Gage-Bouchard et al. 2018).

Misperceptions refer to “cases in which people’s beliefs about factual matters
are not supported by clear evidence and expert opinion” (Nyhan and Reifler 2010,
305). Misinformation, unlike misperceptions, is about the creation and dissemi-
nation of inaccurate information (Su et al. 2022). Conversely, misperceptions are
individuals’ beliefs in false or inaccurate information not supported by expert
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evidence (Vraga et al. 2020b). Research suggests that misinformation facilitates
misperceptions. For example, after exposing to misinformation on social media,
people become less likely to engage in disease prevention behaviors (Larson 2018;
Massey et al. 2020). The pervasive use of socialmedia has contributed to the spread
of health misinformation, and Su et al. (2022) found that social media information
seeking was positively related to COVID-19 misperceptions. Misinformation and
misperceptions work together to encourage the spread of inaccurate information.
In other words, before individuals can produce or spread false information, they
must first hold misperceptions and consume misinformation (Bode and Vraga
2015).

1.2 Social correction versus expert correction

To mitigate the spread of misinformation on social media, scholars and practi-
tioners have examined various correction strategies, such as media literacy
programs (Jones-Jang et al. 2019; Vraga et al. 2020a) fact-checkers (Ecker et al.
2020a; Lewandowsky et al. 2012) artificial intelligence (Fernandez-Luque and
Imran 2018) algorithm correction (Huang and Wang 2020) and responsive
correction—a correction from a platform (Bode and Vraga 2015) or another social
media user refuting a claim (Margolin et al. 2018).

Scholars are exploring the importance of social corrections in limiting the
circulation of false information (Bode and Vraga 2017; van der Meer and Jin 2020).
Social correction, unlike other methods, relies on acquaintances on social net-
works, who are not necessarily credible but are part of a large and unknown
audience (Bode and Vraga 2017; Edwards et al. 2014; Marwick and Boyd 2011).
When social media users refute misinformation with either an external source
(e.g., a link to an expert source) or no evidence, a social correction occurs (Bode
and Vraga 2017). In most cases, social corrections are statements made by peers or
other socialmedia users. Individuals use online comments to navigate information
and assess credibility (Metzger et al. 2010). According to Vraga and Bode (2017a)
social corrections are effective in reducing misinformation, especially when there
are multiple corrections and corrective information is cited from credible sources
(Vraga andBode 2020). In a study of the Zika virus, social correctionswere effective
in clarifying misinformation and reducing misperceptions about the causes of the
Zika virus (Bode and Vraga 2017).

Social corrections can function to correct misperceptions but differ across
social media platforms (Vrag and Bode 2018). On Facebook, adding an external
source to reinforce the social correction greatly enhanced perceptions of the
corrective comments, while providing this source did not influence evaluations of
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corrective replies on Twitter (Vraga and Bode 2018). Given competing social media
channels provide different affordances (Majchrzak et al. 2013) and could be
perceived differently by their users, the present study only focuses on a single
social media platform – Facebook – because cancer treatment misinformation
articles obtained higher engagement on Facebook than other platforms (Johnson
et al. 2022).

For health misinformation, expert corrections are more effective compared to
corrections from non-experts (Walter et al. 2020). Because expertise is often
associated with credibility, expert corrections are effective in combating false
health information. High credibility bolsters the strength of corrections, especially
when the experts are perceived as unbiased actors (Bode andVraga 2015; Petty and
Brinol 2008; Slater and Rouner 1996). An expert was identified as either a health
professional or an official health agency (Vraga and Bode 2017b). Research shows
that expert sources like the CDC are more effective than other users in diminishing
misperceptions and anxiety (vanderMeer and Jin 2020; Vraga andBode 2017b) due
to their credibility in presenting themessages, which is in linewith ameta-analysis
that reveals high credibility sources are considered to be more persuasive (Porn-
pitakpan 2004; Walter et al. 2019).

Previous research indicates that user comments’ valence affects perceived
credibility and intentions of spreading misinformation (Naab et al. 2020; Col-
liander 2019). Naab et al. (2020) found that participantswho consumed critical user
comments perceived the article as less credible than participants who were
exposed to supportive comments. Colliander (2019) indicates exposure to user
comments critical of a fake news article leads people to have lower intentions to
share the article than exposure to supportive comments. The current study in-
vestigates whether users’ supportive comments can lead individuals to believe in
and spread inaccurate information.

Scholars have demonstrated how social and expert corrections help mitigate
beliefs in misinformation (Bode and Vraga 2017; Vraga and Bode 2017a; Walter
et al. 2020). However, research fails to address whether mixed social and expert
corrective comments can minimize misperceptions and the sharing of misinfor-
mation. Additionally, further research is needed to understand whether corrective
messages could cause backfire effects (Ecker et al. 2020b; Nyhan and Reifler 2010).
Thus, the study asks the following research question:

RQ1: What is the impact of exposure to comments (peers’ supportive comments
vs. peers’ correction comments vs. expert-only correction comments vs. mixed
correction comments) on (a) cancer treatment misperceptions and (b) social
sharing?
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1.3 Credibility evaluations as mediators

The role of credibility in reducing misperceptions was recently examined in the
correction literature (Huang and Wang 2020; Kim and Masullo Chen 2020; Kim
et al. 2020; van der Meer and Jin 2020; Vraga et al. 2020b). Credibility refers to the
believability of informationmessages and sources, as perceived by the information
receiver (Metzger and Flanagin 2011).

Metzger et al. (2003) defined credibility in terms of (a) the message source,
(b) the message itself such as message structure and content, and (c) the medium
as the message dissemination platform. Source credibility was defined as “judg-
ments made by a perceiver concerning the believability of a communicator”
(O’Keefe 1990, 130–131). There are two important dimensions related to perceived
source credibility: expertise and trustworthiness (Hovland et al. 1953; Pornpi-
takpan 2004). Based on source credibility, expertise is the perceived knowledge,
skill, and experience of the source (Fogg and Tseng 1999). Expertise helps in-
dividuals assess the extent a communicator can make correct statements (Viviani
and Pasi 2017). Trustworthiness is how likely people perceive the statement made
by a communicator to be valid (Hovland et al. 1953). This feature is closely related
tomessage credibility, which indicates information is trustworthy when it appears
to be valid, accurate, and fair (Hilligoss and Rieh 2008).

Extant misinformation research has identified the useful role of expert source
credibility in correcting misinformation across various expert sources, including
news media (Nyhan and Reifler 2010; Thorson 2016; van der Meer and Jin 2020)
health organizations (Vraga and Bode 2017b) government agencies (van der Meer
and Jin 2020) and fact-checking organizations (Amazeen et al. 2018; Bode and
Vraga 2015; Hameleers and Van der Meer 2019). Several studies examining expert
corrections (Garrett et al. 2013; Gesser-Edelsburg et al. 2018; Lewandowskly et al.
2012; Nyhan and Reifler 2010; Vraga and Bode 2017b) argue that expertise is an
integral part of credibility, and such source credibility can enhance the persuasive
impact of the communication (Austin and Dong 1994; Chaiken and Maheswaran
1994; Eastin 2001). For instance, Vraga and Bode (2017b) discovered that because
the public trusts the CDC, CDC corrections significantly reduced public mis-
perceptions and did not harm the credibility of the organization.

Message credibility explores “howmessage characteristics impact perceptions
of believability, either of the source or of the source’s message” (Metzger et al.
2003, 302). Viewed in this way, source and message credibility are overlapping
concepts and closely connected (Slater and Rouner 1996; Stamm and Dube 1994).
However, credibility is context dependent (Vraga et al. 2020b). Appelman and
Sundar (2016, 63) defined message credibility as “an individual’s judgment of the
veracity of the content communication.”Message credibility is measured based on
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the content characteristics of the messages, such as ratings of believability,
authenticity, accuracy, or trustworthiness (Appelman and Sundar 2016; Flanagin
and Metzger 2000).

Scholars have investigated the impact of perceived source and medium
credibility to correct misinformation (Nyhan and Reifler 2010; Vraga and Bode
2017b, 2018; Mena et al. 2020). However, few studies have examined themediating
role of message credibility to reduce misperceptions (Huang and Wang 2020; Kim
et al. 2020; Vraga et al. 2020b).

For instance, to compare the two correction strategies (fact-focused vs. logic-
focused), Vraga et al. (2020b) conducted a study in which participants viewed
Instagram posts containing misinformation on climate change. Logic-focused
correction strategies refer to rhetorical methods used to reduce individuals’ mis-
perceptions by identifying the misleading techniques in the messages such as
pointing out fake experts, oversimplification fallacy, and incomplete evidence
(Cook et al. 2018) while fact-focused corrections mean combating misinformation
by providing audiences with accurate information. Vraga et al. (2020b) found
misinformation credibility serves as a mediator between the corrections and in-
dividuals’ misperceptions of climate change, an indirect pathway that is only
significant for the logic-focused correction rather than the fact-focused correction.
Another study demonstrated that attention to the correction image can reduce the
credibility of a misinformation tweet, resulting in reduced human papillomavirus
(HPV) misperceptions (Kim et al. 2020). Conversely, Huang and Wang (2020)
showed that narrative message format in social correction reduced credibility
evaluations and decrease intentions to stop using e-cigarettes.

Theoretically, corrections debunking a misinformation message should
decrease its credibility (Huang and Wang 2020; Vraga et al. 2020b). For instance,
Vraga et al. (2020b) found that logic-based correction reduced the credibility of the
misinformation tweet and led to more accurate attitudes toward the HPV vaccine,
because logic-based correction explains the fallacious reasoning in misinforma-
tion arguments (Cook et al. 2017). Given prior research (Kim et al. 2020; Vraga et al.
2020b) suggests corrections can reduce misinformation credibility, and leads to
lower misperceptions, we anticipate the following:

H1a: Perceived information credibility mediates the effects of exposure to varia-
tions of comments on cancer treatment misperceptions.

While existing researchoften studied the credibility ofmisinformationas amediator
to decrease misperceptions (Kim et al. 2020; Vraga et al. 2020b). it has not yet
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examined its effect on reducing sharing intentions. Prior fact-checking literature
found that fact-checking information decreased social sharing intentions (Chung
and Kim 2021). To bridge this gap, we expect that information credibility acts as a
mediator between the effects of corrective comments on sharing of misinformation.
Thus, we proposed the following hypothesis.

H1b: Perceived information credibility mediates the effects of exposure to varia-
tions of comments on social sharing intentions.

Furthermore, our study examines whether comments’ credibility acting as a
mediator affects misperceptions and social sharing. Given that comments valence
affects perceived news article credibility (Naab et al. 2020) and social sharing
(Colliander 2019) and Vraga et al. (2020b) revealed that perceived credibility of the
correction messages mediated the effect of logic-focused corrections on plant
misperceptions, we expect perceptions of comments’ credibility can act as a
mediator in affecting misperceptions and social sharing intentions of the inaccu-
rate claim. Thus, the following hypotheses are proposed:

H2a:Perceived comments’ credibilitymediates the effects of exposure to variations
of comments on cancer treatment misperceptions.

H2b: Perceived comments’ credibility mediates the effects of exposure to varia-
tions of comments on social sharing intentions.

2 Method

2.1 Study design

A four-condition between-subjects experimentwas conducted in early July of 2019.
Participants were randomly assigned to view one of the four types of comments
(peers’ supportive comments vs. peers’ correction comments vs. expert-only
correction comments vs.mixed correction comments) on a Facebook post claiming
marijuana can cure cancer.1

1 It is worth noting that all the corrective comments in the experimental stimuli (e.g., peers’
correction comments, expert-only correction comments, andmixed correction comments) are fact-
focused corrections, which aim to provide facts and accurate information on marijuana and
cancer.

558 Liu et al.



2.2 Sample

A total of 358 participants were recruited via Amazon’s Mechanical Turk (MTurk)
and completed the experiment. To participate, individuals needed to reside in the
U.S. and be at least 18 years old. The resulting sample was 64.2% male, 69.8%
obtaining a college degree, with an average age of 31.4. The sample was comprised
of 43.3% who identified as Caucasian, 41.3% as Asian, 7.3% as Black or African
American, 4.2% as Hispanic, and 3.9% as others. Using 5-point Likert scales
(1 = strongly disagree to 5 = strongly agree). Participants considered information
from the Centers for Disease Control and Prevention (CDC) (M = 4.05, SD = 0.829).
American Red Cross (M = 3.94, SD = 0.938) and World Health Organization (WHO)
(M = 4.09, SD= 0.887) as credible. Additionally, 18.7% of participants self-reported
that theywere diagnosedwith cancer, spent amoderate amount of time looking for
cancer treatment information (M = 3.44, SD = 2.27), and indicated generally higher
health efficacy (M = 5.50, SD = 0.96).

2.3 Procedure and manipulations

Participants were randomly exposed to a simulated Facebook post featuring a fake
health news headline claiming, “marijuana kills cancer” with a list of different
types of comments (see Appendix) and asked to imagine that they came across it in
their news feeds. The post contained a photo, headline, and the same number of
“likes,” “shares,” and “comments” across all four groups. To enhance external
validity, the study used a fake news article claiming marijuana kills cancer from
snopes.com (Kasprak 2018).

In the condition of peers’ supportive comments, 85 participants were exposed
to three user comments supporting the Facebook post’s claim. As for the condition
of peers’ corrective comments, 84 participants were shown three user comments
criticizing the posts’ points of view. A 5-point Likert scale asked participants’ level
of agreement that user comments under the Facebook post were supportive of the
Facebook news. A manipulation check confirms that participants who encoun-
tered peer comments supporting the post were more likely to recognize that the
user comments support the claimof the post (M=4.04, SD=0.79) thanparticipants
who read peer comments opposing the post (M = 2.95, SD = 1.46) t (167) = 6.02,
p < 0.001.

In the condition of expert-only comments, 94 participants were exposed to
three expert-only organizations (e.g., CDC, World Health Organization, and
American Red Cross) correcting the claim. In the condition of mixed comments, 95
participants received combined comments (two users’ comments and one CDC
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comment) critical of the claim. Two questions asked participants to report how
many user comments are from individuals and organizations. A manipulation
check showed that there were significant differences across the experimental
conditions in terms of the number of individual comments χ2 = (12, 355) = 118.74,
p < 0.001, and the number of comments from the organizations χ2 = (12,
355) = 113.91, p < 0.001.

After exposure to the stimuli, participants were asked about their perceptions
of how credible the claim is, the perceived credibility of comments, their beliefs in
the claim, and demographic information. There were no significant differences in
participants’ background characteristics, diagnosis of cancer, seeking cancer
treatment information, and health efficacy by experimental conditions, indicating
successful randomization.

2.4 Measures

The predictor variables of interest in this study were the exposure to different types
of comments, which was a manipulation in the study design.

Perceived credibility of information. Participants were asked to rate the Face-
book post on 7-point scales adapted from Vraga and Bode (2017b) to measure its
trustworthiness, credibility, accuracy, and informativeness (M = 4.33, SD = 1.83,
Cronbach’s α = 0.97).

Perceived credibility of comments, which was adapted from Vraga and Bode
(2017b) to measure how participants perceived the comments they viewed as
trustworthy, credible, accurate, relevant, and useful on 7-point Likert scales
(M = 4.67, SD = 1.28, Cronbach’s α = 0.92).

Misperceptions about cancer treatment were measured with five items. Using
7-point Likert scales (1 = strongly disagree to 7 = strongly agree). participants were
asked their level of agreement on (a) marijuana can cure cancer, (b) more mari-
juana should be used to cure cancer, (c) use of marijuana will greatly improve
cancer treatment, (d) marijuana can save cancer patients’ lives, (f) marijuana is the
new anti-cancer drug (M = 4.26, SD = 1.83, Cronbach’s α = 0.95).

Social sharingwas adapted from prior measures (e.g., Lee and Ma 2012; Weeks
and Holbert 2013). On a 7-point scale, participants were asked their likelihood to
comment, share, like, and talk to someone else about the Facebook post on cancer
treatment. (M = 4.19, SD = 1.84, Cronbach’s α = 0.94).

In addition, participants’ race was recoded as White (1) versus non-White (0)
alongside whether diagnosis with cancer, how often sought cancer treatment in-
formation, and health efficacy, were measured as covariates.
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3 Results

To answer RQ1a and RQ1b, we conducted a one-way multivariate analysis of
covariance (MANCOVA) to explore whether exposure to various comments affects
participants’ cancer treatment misperceptions and the likelihood of social sharing
after controlling for the covariates. No significant effects of experimental condi-
tions on two dependent variables were found, Wilks’ Lambda = 0.97, F (6,

350) = 1.64, p=0.13, η2p = 0.014. Of the covariates, spending time looking for cancer

treatment information, F (1, 350) = 101.91, p < 0.001, η2p = 0.23, and health efficacy,

F (1, 350) = 15,97, p < 0.001, η2p = 0.04 were significantly related to belief in

misinformation, whereas being White, F (1, 350) = 8,18, p = 0.004, η2p = 0.02,

spending time looking for cancer treatment information, F (1, 350) = 16.43,

p < 0.001, η2p = 0.05, and having a cancer, F (1, 350) = 4.87, p = 0.028, η2p = 0.01,

were significantly related to social sharing.
Table 1 summarizes the means of cancer treatment misperceptions and social

sharing by experimental conditions. An examination of the univariate effects was
performed to check whether different comments influenced cancer treatment
misperceptions and social sharing. For social sharing, results did not identify a

significant main effect F (1, 350) = 1.69, p = 0.17, η2p = 0.01. As for cancer cure

misperceptions, the univariate analyses indicated there were significant differ-

ences among comments, F (1, 350) = 2.69, p = 0.046, η2p = 0.02. Specifically, par-

ticipants in the mixed comments condition reported relatively lower
misperceptions (M = 4.12, SD = 1.99) than participants reading peers’ supportive
comments (M = 4.65, SD = 1.66).

Table : Means of cancer treatment misperceptions and social sharing of misinformation by
experimental conditions.

Experimental conditions

Peers’
supportive
comments

Peers’
corrective
comments

Expert-only
corrective
comments

Mixed
corrective
comments

N =  N =  N =  N = 

Cancer treatment
misperceptions

M . . . .

SD . . . .
Social sharing of misinformation M . . . .

SD . . . .
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3.1 Mediation via information credibility

H1a predicted that the credibility of the information acts as amediator between the
types of comments and participants’ cancer treatment misperceptions. We used
the Hayes (2013) PROCESS Macro and the Model 4 template with 5000 bias-
corrected bootstrap samples and 95% confidence intervals (CIs) to test this
mediation hypothesis. Statistical significance (p < 0.05) is achieved when lower
bound (LL) and upper bound (UL) CI do not include zero.

We found a positive relationship between the credibility of the information
and cancer treatment misperceptions (B = 0.83, SE = 0.03, p < 0.001) but the
indirect pathways between the types of comments and cancer treatment mis-
perceptions via information credibility are not significant (see Table 2). The direct
effects of the comments on cancer treatment remain significant for the expert-only
corrections (B = −0.38, SE = 0.15, p = 0.011) compared with peers’ supportive
comments. Analyses suggest that expert-only comments compared with peers’
supportive comments exert a direct impact on cancer treatment misperceptions
that is not explained by information credibility. H1a is not supported.

H1b proposed information credibility acts as a mediator between the types of
comments on social sharing. However, neither the indirect nor direct pathways
were significant, as shown in Table 3. H1b is rejected.

Table : Indirect pathways of different types of comments in predicting cancer treatment mis-
perceptions via information credibility.

Cancer treatment misperceptions

B SE LLCI ULCI

Indirect via information credibility
Peer corrections versus peer supporting comments −. . −. .
Expert-only corrections versus peer supporting comments −. . −. .
Mixed corrections versus peer supporting comments −. . −. .
Direct effects
Peer corrections versus peer supporting comments −. . −. .
Expert-only corrections versus peer supporting comments −.a

. −. −.
Mixed corrections versus peer supporting comments −. . −. .
Total effects model
Peer corrections versus peer supporting comments −. . −. .
Expert-only corrections versus peer supporting comments −.a

. −. −.
Mixed corrections versus peer supporting comments −.a

. −. −.

Unstandardized beta coefficients reported; significant effects bolded when  percent confidence interval does
not include zero, p < .. LLCI, lower level confidence interval; ULCI, upper level confidence interval. ap < ..

562 Liu et al.



3.2 Mediation via the credibility of comments

Turning to H2a, which proposed the perceived comments’ credibility serves as a
mediator between the types of comments and participants’ cancer treatment
misperceptions. In this model, the credibility of comments (B = 0.43, SE = 0.07,
p < 0.001) is positively associated with cancer cure misperceptions. The indirect
effect of exposure to three corrective comments (vs. peers’ supportive comments)
on cancer cure misperceptions is significant.

Additionally, there remains a significant direct effect on cancer cure mis-
perceptions, by which exposure to peers’ corrective, expert-only, and mixed
corrective comments results in lower misperceptions compared to peers’ supportive
comments. Supporting H2a, perceived comments’ credibility partially mediates be-
tween the types of comments and cancer treatment misperceptions (see Table 4).
Sobel’s test value also pointed out the partial mediation is statistically significant.2

Table : Indirect pathways of different types of comments in predicting social sharing of misin-
formation via information credibility.

Social sharing of misinformation

B SE LLCI ULCI

Indirect via information credibility
Peer corrections versus peer supporting comments −. . −. .
Expert-only corrections versus peer supporting comments −. . −. .
Mixed corrections versus peer supporting comments −. . −. .
Direct effects
Peer corrections versus peer supporting comments . . −. .
Expert-only corrections versus peer supporting comments . . −. .
Mixed corrections versus peer supporting comments . . −. .
Total effects model
Peer corrections versus peer supporting comments . . −. .
Expert-only corrections versus peer supporting comments .a

. . .
Mixed corrections versus peer supporting comments . . −. .

Unstandardized beta coefficients reported; significant effects bolded when  percent confidence interval does
not include zero, p < .. LLCI, lower level confidence interval; ULCI, upper level confidence interval. ap < ..

2 Sobels’ test value showed the indirect effect of exposure to peers’ corrective comments (vs.
peers’ supportive comments) via comments’ credibility on misperceptions is statistically signifi-
cant (z = 2.37, p = 0.02). Sobels’ test value showed the indirect effect of exposure to exert-only
corrective comments (vs. peers’ supportive comments) via comments’ credibility on mis-
perceptions is statistically significant (z = 2.99, p = 0.003). Sobels’ test value showed the indirect
effect of exposure to mixed corrective comments (vs. peers’ supportive comments) via comments’
credibility on misperceptions is statistically significant (z = 2.72, p = 0.007).
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Finally, we tested if the credibility of the comments mediates the relationship
between types of comments and social sharing (H2b). The model showed that the
credibility of comments (B = −0.28, SE = 0.08, p < 0.001) is negatively associated
with social sharing intentions of misinformation. However, there is a significant
negative relationship via comments credibility for all three corrective comments.
Results indicated that viewing peer corrections, expert-only corrections, and
mixed corrections enhanced the higher credibility assessment of the corrective
comments as compared to the peer supportive comments, which subsequently
reduced social sharing intentions. Moreover, the direct effects on social sharing
intentions remain significant for expert-only comments and mixed comments (vs.
peers’ supportive comments) (see Table 5).3

Therefore, it is comments’ credibility rather than information credibility that
mediates the relationship between the effects of exposure to variations of com-
ments on cancer treatment misperceptions and social sharing intentions. In other
words, participants who read peers’ correction comments, expert-only correction

Table : Indirect pathways of different types of comments in predicting cancer treatment mis-
perceptions via comments credibility.

Cancer treatment misperceptions

B SE LLCI ULCI

Indirect via comments credibility
Peer corrections versus peer supporting comments .a

. . .
Expert-only corrections versus peer supporting comments .b

. . .
Mixed corrections versus peer supporting comments .b

. . .
Direct effects
Peer corrections versus peer supporting comments −.a

. −. −.
Expert-only corrections versus peer supporting comments −.c

. −. −.
Mixed corrections versus peer supporting comments −.b

. −. −.
Total effects model
Peer corrections versus peer supporting comments −. . −. .
Expert-only corrections versus peer supporting comments −.a

. −. −.
Mixed corrections versus peer supporting comments −.a

. −. −.

Unstandardized beta coefficients reported; significant effects bolded when  percent confidence interval does
not include zero, p < .. LLCI, lower level confidence interval; ULCI, upper level confidence interval. ap < .,
bp < ., cp < ..

3 Sobels’ test value showed the indirect effect of exposure to expert-only corrective comments (vs.
peers’ supportive comments) via comments’ credibility on social sharing is statistically significant
(z = −2.53, p = 0.01). Sobels’ test value showed the indirect effect of exposure to mixed comments
(vs. peers’ supportive comments) via comments’ credibility on social sharing is statistically sig-
nificant (z = −2.36, p = 0.02).
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comments, or mixed correction comments yielded less likelihood of social sharing
through comments’ credibility as compared to peers’ supportive comments. By
contrast, exposure to variations of corrective comments (vs. peers’ supportive
comments) increased cancer cure misperceptions via comments’ credibility.

4 Discussion

The present study adds knowledge to our understanding of the correction of a
popular cancer treatment misconception on Facebook. Results suggest that using
various corrective comments (vs. supportive comments) to counter the social
sharing of misinformation is only effective when individuals can perceive the
corrective comments as credible and meaningful. The study advances prior
correction and credibility literature in three ways. First, we examine information
credibility and comments’ credibility that people may engage in when processing
misinformation and online comments on socialmedia. Second, we select a socially
debated health topic–cannabis curing cancer–given its salience and higher
engagement on social media (Allem et al. 2020; Shi et al. 2019). Finally, we
investigated the credibility of information and variations of comments as media-
tors in reducing subsequent sharing intentions.

Table : Indirect pathways of different types of comments in predicting social sharing of misin-
formation via comments credibility.

Social sharing

B SE LLCI ULCI

Indirect via comments credibility
Peer corrections versus peer supporting comments .a

. . .
Expert-only corrections versus peer supporting comments .c

. . .
Mixed corrections versus peer supporting comments .b

. . .
Direct effects
Peer corrections versus peer supporting comments . . −. .
Expert-only corrections versus peer supporting comments .b

. . .
Mixed corrections versus peer supporting comments .a

. . .
Total effects model
Peer corrections versus peer supporting comments . . −. .
Expert-only corrections versus peer supporting comments .a

. . .
Mixed corrections versus peer supporting comments . . −. .

Unstandardized beta coefficients reported; significant effects bolded when  percent confidence interval does
not include zero, p < .. LLCI, lower level confidence interval; ULCI, upper level confidence interval. ap < .,
bp < ., cp < ..
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Our results suggest that while exposure to peers’ corrective, expert-only, or
mixed corrective comments (vs. peers’ supportive comments) are effective on
Facebook to enhance perceived comments’ credibility, leading to less likelihood
of sharing misinformation, it also increased cancer treatment misperceptions,
a “backfire effect” (Nyhan 2021; Nyhan and Reifler 2010) that individuals
became more strongly endorsed the misperceptions when they were exposed to
corrections.

Our mediation analyses provided important insight into how perceived
comments’ credibility influences misperceptions and the spread of health
misinformation. One notable finding is that exposure to variations of corrective
comments as compared to peers’ supportive comments increased credibility
evaluations of comments, but also prompted participants to dismiss unwelcome
factual corrections. Credibility plays an important orienting role in improving its
persuasive power (Sülflow et al. 2019). Findings show that while viewing
corrective messages about cancer treatment can strengthen the credibility per-
ceptions, it may unintentionally boost the false claim’s familiarity, which may
counteract and offset the intended effect of the corrections. Such corrective
messages may activate counterarguments (Ecker et al. 2020a) and participants
ended up more certain of their prior preferences or misperceptions. The persis-
tence of cancer cure misperceptions could be attributed to corrective messages
failing to reach people to change their beliefs. The other reason is that individuals
may often fall into the trap of misinformation due to a deficiency of cognitive
ability and processing efforts (Nyhan 2021). Higher levels of analytic thinking or
media literacy are needed for people to navigate through the complicated in-
formation on social media (Xiao et al. 2021).

Additionally, the mediation analyses also suggested that participants who
viewed various corrective comments as compared to peers’ supportive comments,
perceived the comments as highly credible and trustworthy, subsequently
reducing intentions to share the inaccurate claim on social media. This finding
suggests that exposure to corrective comments frompeers, expert organizations, or
mixed conditions debunking fake news is beneficial to improve perceived
correction credibility, which leads to weaker intentions to spread misinformation.
Results highlight that promoting high-quality information on social media en-
hances the perceived credibility of corrective comments. This type of information
discourages people from sharing fake news on social media (Chung and Kim 2021).

It is worth mentioning that information credibility did not act as a mediator of
misperceptions and social sharing. This finding is inconsistent with prior research
(Kim et al. 2020; Vraga et al. 2020b) that the effect of correction strategy on mis-
perceptions was mediated by misinformation credibility. One possible reason
could be that exposure to real-world misinformation (e.g., miracle cancer cures)
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tends to be more difficult to correct misperceptions compared to constructed
misinformation (Walter and Murphy 2018). Efforts to debunk real-world misin-
formation encounter many practical challenges, such as previous exposure, prior
attitudes, and defensive processing (Thorson 2016). Future research could explore
how individuals’ prior exposure to fake news influences the perceptions of infor-
mation credibility to explain the effectiveness of corrective comments.

Our study carries meaningful implications for health professionals and or-
ganizations involved in mitigating the diffusion of health misinformation on
social media. This study shows that comments’ credibility plays a mediating role
in weakening intentions to share fake news. Because individuals seek out health
information online, these findings are extremely important. Inaccurate health
information, such as a false cure, can have negative and harmful consequences
on users’ health (Eysenbach 2008; Freeman and Spyridakis 2004). The ability to
access the reliability, validity and credibility of corrective messages are impor-
tant aspects of demonstrating media literacy (Swire-Thompson and Lazer 2020).
Our findings further stress the importance of effectively evaluating the credibility
of messages to reduce the sharing of misinformation. When people demonstrate
high levels of media literacy, they can critically process social media content and
identify credible health-related information (Guess et al. 2020). Scholars (Koc
and Barut 2016; Lin et al. 2013) illustrated a positive relationship between the
need for cognition (NFC) and media literacy. People with a high level of NFC are
skeptical of social media information, which promotes media literate behaviors,
such as fact-checking (Vraga and Tully 2021). To mitigate the potential harm
caused by health misinformation online, one important intervention is to use
media literacy education to strengthen individuals’ digital media literacy (Kahne
and Bowyer 2019) which helps individuals analyze information critically (Choi
and Stvilia 2015).

Although training individuals with health literacy (Oh and Lee 2019) is
important in combating health misinformation, health practitioners also need to
focus on developing strong online clinician-client relationships (Trembath et al.
2016). When health organizations have a strong media presence and active
engagement, users are less likely to disseminate false claims and feel emotionally
connected to the organization (Gesser-Edelsburg et al. 2018; Oh and Lee 2019).

The findings of our study contribute to empirical studies in the field of cor-
recting health misinformation by providing both theoretical and practical impli-
cations. Theoretically, we found that credibility evaluations of comments act as a
mediator in stemming the spread of fake news. Additionally, the study also showed
that exposure to post hoc corrective comments as compared to peers’ supportive
comments can increase comments’ credibility and lead to a backfire effect. These
types of corrections might familiarize individuals with previously heard false
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claims, resulting in stronger misconceptions. Thus, we emphasize the importance
of enhancing individuals’media literacy to better decipher misleading content on
social media. Practically, to minimize the spread of health misinformation, orga-
nizations, like the CDC andWHO, need to have a strong social media presencewith
a high level of user engagement (Gesser-Edelsburg et al., 2018; Vraga and Bode
2017b). We recommend that health organizations actively promote and bolster
facts, high-quality information, and health literacy, and correct false claims
related to public health.

4.1 Limitations

Several limitations need to be addressed. First, this study relied upon a non-
generalizable sample from Amazon’s Mechanical Turk (MTurk). Although the
study’s population was not representative of the broader American public, the
participants are internet users and are likely to encountermisinformation on social
media. Future research could expand populations studied to examine how edu-
cation level or need for cognition influences the consumption of misinformation.

Second, this study examines the effects of variations of comments without
measuring prior misperceptions or previous attitudes toward the medical use of
marijuana. Future research might consider assessing participants’ prior knowl-
edge and attitudes before exploring the interventions’ impact.

Finally, the legalization of marijuana in the United States has promoted the
increased availability of cannabis andmotivated an interest in adoptingmarijuana
as a therapeutic agent. Therefore, it is important to consider the legal status of
marijuana in the United States and the way this status might affect participants’
perceptions of marijuana as amedical treatment. States have taken an approach to
legalize recreational and/ormedicalmarijuana use (Berke andGould 2020) despite
its criminal status at the federal level. With several overlapping and sometimes
contradictory legalities at the state and federal level, realistic and de-criminalized
access to marijuana may be a more complicated issue for participants based on
their geographic location, perhaps independent of their personal beliefs. The study
is conducted in the U.S., and it is necessary to investigate whether these findings
would generalize to other countries, especially countries that have made medical
use of marijuana illegal.

Research funding: This study is funded by a grant fromColumbus State University.
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Appendix A

1. Peer Comments Supporting the Facebook Post “Marijuana Kills Cancer”
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2. Peer Comments Correcting the Facebook Post “Marijuana Kills Cancer”
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3. Expert-Only Condition Correcting the Facebook Post “Marijuana Kills Cancer”
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4. Mixed Peer and Expert Condition Correcting the Facebook Post “Marijuana Kills
Cancer”
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