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Social media misinformation has become a serious societal problem, and recent research has focused 
on developing effective ways to counter its harmful impacts. This work investigates user-level 
countermeasures, or how individuals who see the misinformation respond to it directly, possibly 
to help stop its spread in their online communities. Using a registered report design, we conducted 
an online survey of 1010 American social media users who use social media at least once weekly. 
Participants were asked how they respond and think others should respond to misinformation they 
unintentionally post or see posted by others, and how their responses differ depending on their 
relationship with the person who posted that misinformation. Overall, the results revealed a difference 
between respondents’ beliefs and actions: participants reported expecting others to exert more effort 
when responding to misinformation than the level of effort they themselves reported. Additionally, 
on average, participants were more likely to say they intervened when misinformation was posted 
by someone close to them rather than by an acquaintance or a stranger. Understanding current 
behavioral patterns and public opinion can inform efforts to elicit public participation in countering 
misinformation and increase the effectiveness of platform-level countermeasures.

Protocol registration: The stage 1 protocol for this Registered Report was accepted in principle on 
March 13th, 2024. The protocol, as accepted by the journal, can be found at: ​h​t​t​p​s​:​/​/​f​i​ g​s​h​a​r​e​.​c​o​m​/​s​/​6​8​3​
b​1​e​7​c​2​f​2​b​a​d​9​6​f​6​0​4​​​​​.​​

Since the foreign interference observed during the 2016 U.S. presidential election, there has been an increased 
research focus on the spread, impact, and mitigation of misinformation online1–5. Broadly, misinformation 
refers to information that is false, inaccurate, and/or misleading6. This includes falsehoods or deceptive content 
deliberately spread and those shared by accident (i.e., disinformation and misinformation5,7), as well as various 
types (e.g., trolling, fake news, rumors6–8). While misinformation disproportionately affects certain vulnerable 
communities9–11, anyone is susceptible to some degree to share and believe in it.

Social media is thought to aid the dissemination of misinformation2,4, and researchers are growing more 
concerned about how social media may be contributing to political polarization and distrust in institutions and 
the media. As society becomes increasingly misinformed, hostility towards partisan opposition can undermine 
civil discourse5. Differences in misinformation exposure can result in entirely different perceptions of reality 
and behavioral effects12,13. Therefore, the impact of misinformation on social media on political polarization and 
institutional trust is of profound concern.

Countering misinformation is a challenging problem partly because platforms often only allow researchers 
to have limited or selective access to social media data, especially data that could be used to evaluate the 
effectiveness of various countermeasures3,14. According to a review of 223 countermeasures studies since 1972 by 
Courchesne et al. (2021), there has been a disproportionate amount of research on the effects of fact-checking15,16, 
debunking17,18, and prebunking19,20. These countermeasures are likely overstudied because experiments on these 
interventions can be conducted without access to platform data3. Yet many countermeasures, including those 
that could target creators of disinformation like reporting, have been understudied because platforms typically 
do not share the relevant data with researchers3.

Recent research has begun investigating the relationship between seeing misinformation countermeasures 
online and public perception of those countermeasures21. However, the experience of observing or posting 
misinformation differs from the experience of observing or conducting a countermeasure. Viewers of 
misinformation on social media can either directly confront the authors of misinformation by offering social 
corrections or indirectly counter the misinformation by, for example, reporting the misinformation. Studying 
individual behavior in response to seeing misinformation is critical because previous research has shown that 
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debunking myths is more effective when it comes from a trusted source, like a friend or family member18,22. This 
suggests that individuals responding directly to misinformation from users in their network can help slow or 
even stop the spread of misinformation.

This work investigates if these social corrections happen and if they depend on the nature of the relationship 
between the misinformation poster and the observer. Given the scale in which social media companies must 
detect and respond to misinformation23, users can play a crucial role in limiting the spread in real time. Indeed, 
social media companies such as X (formerly known as Twitter) have piloted programs like Community Notes 
where users can add corrections and/or context to tweets they deem misleading24. Additionally, previous 
research has shown that most people do not intend to spread misinformation25,26. Instead of consciously sharing 
misinformation, cognitive and socio-affective mechanisms (e.g., intuitive thinking, identity motives) facilitate 
sharing and even belief in misinformation in some cases27,28. If this is the case, nudging social media users to 
focus on accuracy goals could help limit the unintentional spread of misinformation29.

In addition, we explore what people believe others should do when they see misinformation or post 
misinformation themselves. This provides researchers and policymakers a sense of what social media users want 
the norm response to be, which is essential for public outreach about crowdsourced misinformation mitigation. 
We also examine how expectations vary from reported actions to understand the extent to which people currently 
feel empowered to respond to misinformation regardless of (their own) situational constraints. Participants 
may want others to respond to misinformation with higher effort actions than they do themselves. This act 
of hypocrisy, failing to practice what one preaches30, could be leveraged to induce prosocial behavior changes 
(e.g., directly addressing content they believe contains misinformation)31–33. Making the discrepancy between 
behavior and advocated norms for behavior salient can activate threats to self-integrity, driving behavior in line 
with advocated norms to minimize the dissonance32.

This paper surveyed 1,010 United States residents who use social media at least weekly. This survey covered 
the social media platforms where participants encounter misinformation, if they have posted misinformation 
(intentionally or unintentionally), their response to seeing or posting misinformation, and their opinions on 
how they think others should respond to seeing or posting misinformation. Participants report their response 
and the response they expect others to do when seeing misinformation posted by someone else for three levels 
of closeness to the sender of misinformation: close (e.g., a close friend or family member), somewhat close 
(e.g., acquaintances, colleagues, friends, extended family), or not close (e.g., someone you do not know offline). 
We included seven ways to counter misinformation posted by others, four ways to respond to misinformation 
posted by oneself, and an option to engage in no action. These responses capture a broad range of actions that 
involve directly and indirectly interacting with the content containing misinformation. Our study involves the 
following research questions, also summarized in Table 1.

RQ1  How do people respond and think others should respond when they see misinformation? Do response(s) 
change based on how close the participant is to the poster of misinformation?

RQ2  How do people respond and think others should respond when they realize they have posted misinfor-
mation?

RQ3  How do people’s responses and beliefs about how others should respond after seeing misinformation differ 
from their responses and beliefs when they realize they have posted misinformation?

RQ4  How do beliefs about responses to misinformation differ based on various demographic factors?

Social media users may refrain from directly responding to (recognized) misinformation due to a myriad of 
constraints, such as concerns over damaging interpersonal relationships or their own credibility34. In addition, 
verifying and correcting misinformative claims is a time-consuming, effortful process in practice35. Users may 
also feel helpless to counter misinformation given the vast amount available online34. We generally expect 
people will incorporate these constraints more when reporting their own response to misinformation than when 
describing expectations for others due to cognitive distortions like fundamental attribution error36,37. While 
users can account for the factors that drive their decision-making about how to respond to misinformation 
online, it is significantly more challenging to incorporate the hypothetical situational constraints of others. 
Moreover, asserting that others should respond with high levels of effort can uphold feelings of morality even if 
participants do not want to engage in the moral behavior (i.e., responding actively to misinformation online) for 
whatever reason38,39. Therefore, we hypothesize that people believe others should expend more effort to respond 
to misinformation online than they actually do (H1.1). Additionally, we expect people to think that others 
should spend more effort to respond to the misinformation they posted themselves than what they actually do 
(H2.1).

Previous work shows users are more likely to correct a close contact because it is perceived as more 
worthwhile34. If users are going to take the time to engage with misinformative content directly, they want to 
feel like it will have an impact. If they have a personal relationship with the sender of misinformation, they have 
more information about the expected effectiveness of their correction. Furthermore, people may be especially 
concerned about close contacts believing in misinformation due to the potential negative consequences. We 
expect this will translate to expectations for others as well. Hence, we hypothesize that people respond with more 
effort when the sender of misinformation is a close contact than a somewhat close contact and a somewhat close 
contact than a not close contact (H1.2). Additionally, we expect people to want others to respond in the same 
way as H1.2 (H1.3).
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Question Hypothesis
Sampling plan (e.g. power 
analysis) Analysis plan

Interpretation given to 
different outcomes

RQ1: How do 
people respond 
and think others 
should respond 
when they see 
misinformation?

H1.1: People believe 
individuals should 
expend more 
effort to respond 
to misinformation 
online than they 
actually do

The necessary sample size for 
a one-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold 
of 10 is estimated to be 81. 
The estimated number of 
participants who have seen 
misinformation per closeness 
level is ~ 192

• Calculate Measures 1a and 1b at each of the three closeness levels. 
Measure 1a: Determine the maximum level of effort individuals 
engage in when seeing misinformation posted by others. See 
the methods section and Table 2 for more details. Measure 1b: 
Determine the maximum level of effort individuals say other people 
should do
• Run three one-sided Bayesian paired hypothesis tests (one at each 
closeness level)
• The null hypothesis is that Measure 1b <  = Measure 1a and the 
effect size [d = (Measure 1b – Measure 1a)/standard deviation] 
is <  = 0. So, the null interval range is -Inf to 0. The alternate 
hypothesis is the effect size is > 0
• Calculate the highest density interval (HDI) for the effect 
size. Create a bar chart or another visualization that compares 
possible actions (See Table 2) in both scenarios

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true. For example, a Bayes 
factor of 10 indicates that the 
data are 10 times more likely to 
come from H1 than from H0
• The visualizations will show 
readers which actions were 
the most selected by survey 
participants

RQ1: How do 
people respond 
and think others 
should respond 
when they see 
misinformation?

H1.2: People 
respond with 
more effort when 
the sender of 
misinformation 
is a close contact 
than a somewhat 
close contact and 
a somewhat close 
contact than a not 
close contact

The necessary sample size for 
a one-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold of 
10 is estimated to be 81. The 
estimated sample size is n = 115

• Determine Measures 1a at each of the three closeness levels. See 
the methods section and Table 2  for more details
• Run a one-sided Bayesian paired null hypothesis test comparing 
the effort level (Measure 1a) for close contacts and somewhat close 
contacts. Run a one-sided Bayesian paired null hypothesis test 
comparing the effort level (Measure 1a) for somewhat close contacts 
and not close contacts. For both tests, the null interval is -Inf to 0. 
The alternate hypothesis is that the effect size is greater than 0
• Calculate the HDI and create relevant visualizations

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true
• Visualizations will help the 
reader interpret the results

RQ1: How do 
people respond 
and think others 
should respond 
when they see 
misinformation?

H1.3: People 
believe others 
should respond 
with more effort 
when the sender 
of misinformation 
is a close contact 
than a somewhat 
close contact and 
a somewhat close 
contact than a not 
close contact

The necessary sample size for 
a one-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold of 
10 is estimated to be 81. All 
participants will be included 
in this test, indicating a sample 
size of approx. n = 1000

• Determine Measures 1b at each of the three closeness levels. See 
the methods section and Table 2 for more details
• Run a one-sided Bayesian paired null hypothesis test comparing 
the effort level (Measure 1b) for close contacts and somewhat close 
contacts. Run a one-sided Bayesian paired null hypothesis test 
comparing the effort level (Measure 1b) for somewhat close contacts 
and not close contacts. For both tests, the null interval is -Inf to 0. 
The alternate hypothesis is that the effect size is > 0
• Calculate the HDI and create relevant visualizations

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true
• Visualizations will help the 
reader interpret results

RQ2: How do 
people behave 
after realizing 
they have posted 
misinformation

H2.1: People believe 
others should 
expend more 
effort to respond 
to misinformation 
online after realizing 
they posted 
misinformation than 
what they actually 
do

The necessary sample size for 
a one-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold 
of 10 is estimated to be 81. 
The estimated number of 
participants who have posted 
misinformation accidentally 
is n = 320

• Measure 2a: Determine the maximum level of effort individuals 
engage after realizing they have posted misinformation. See 
methods section and Table 3 for more details. Measure 2b: 
Determine the maximum level of effort individuals say people 
should do when they realize they have posted misinformation
• Run a one-sided Bayesian paired test with these two measures
The null hypothesis is that the effect size is <  = 0, so the null interval 
is -Inf to 0. The alternate hypothesis is the effect size is > 0
• Calculate the HDI and create relevant visualizations

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true
• Visualizations will help the 
reader interpret results

RQ3: How do 
people’s responses 
and beliefs about 
how others 
should respond 
after seeing 
misinformation 
differ from their 
responses and 
beliefs when 
they realize they 
have posted 
misinformation?

H3.1: People 
respond with a 
different level 
of effort when 
the sender of 
misinformation 
is someone else 
compared to 
themselves

The necessary sample size for 
a two-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold 
of 10 is estimated to be 92. 
The estimated number of 
participants is 150

• Use Measures 1a and 2a (as described in H1.1, H2.1). See methods 
section and Tables 2 and 3 for more details
• Run a two-sided paired Bayesian test with these two measures 
(null hypothesis is these two measures are equal and the effect size 
is effectively 0. Alternate hypothesis is that they differ). The null 
interval is − 0.2 to 0.2 (effect size is effectively 0). The alternate 
hypothesis is that the absolute value of the effect size is at least 0.2
• Calculate the HDI and create relevant visualizations

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true
• If the 95% highest density 
interval falls entirely within the 
“region of practical equivalence” 
(ROPE) range, of − 0.2 to 0.2, 
then we can accept the null. If it 
falls entirely outside the range, 
then we can accept the alternate. 
Otherwise, using this method 
we will state inconclusive results
• Visualizations will help the 
reader interpret results

RQ3: How do 
people’s responses 
and beliefs about 
how others 
should respond 
after seeing 
misinformation 
differ from their 
responses and 
beliefs when 
they realize they 
have posted 
misinformation?

H3.2. People want 
others to respond 
with a different 
level of effort 
when the sender 
of misinformation 
is someone else 
compared to 
themselves

The necessary sample size for 
a two-sided paired Bayesian 
test to achieve 95% power to 
detect a medium effect size 
of 0.5 at a Bayes threshold of 
10 is estimated to be 92. All 
participants will be included 
in this test, indicating a sample 
size of approx. n = 1000

• Use Measures 1b and 2b (as described in H1.1, H2.1). See methods 
section and Tables 2 and 3 for more details
• Run a two-sided paired Bayesian test with these two measures 
(null hypothesis is these two measures are equal, with an effect size 
of effectively 0. Alternate hypothesis is that they differ)
The null interval is − 0.2 to 0.2. The alternate hypothesis is that the 
absolute value of the effect size is at least 0.2
• Calculate the HDI and create relevant visualizations

• The resulting Bayes factor 
will inform the probability of 
the alternate or null hypothesis 
being true
• If the 95% highest density 
interval falls entirely within the 
“region of practical equivalence” 
(ROPE) range, of − 0.2 to 0.2, 
then we can accept the null. If it 
falls entirely outside the range, 
then we can accept the alternate. 
Otherwise, using this method 
we will state inconclusive results
• Visualizations will help the 
reader interpret results

Table 1.  Design table.
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When comparing responses to misinformation posted by others and posted by oneself, many individual and 
social factors may come into play, including wanting to preserve harmony and credibility or avoid embarrassment. 
Previous research from Singapore has shown that many young people avoid correcting misinformation posted 
by others to maintain their interpersonal relationships but do correct themselves to preserve their credibility 
despite possible embarrassment40. Other work suggests that many only correct others if they are close contacts 
or when it is an issue they care about34. Due to the conflicting literature in this area, we have created a non-
directional hypothesis where we expect that people respond with a different level of effort when the sender 
of misinformation is someone else compared to themselves (H3.1). We also expect that people want others 
to respond with a different level of effort when the sender of misinformation is someone else compared to 
themselves (H3.2).

Finally, we investigate how behavior and beliefs about responses to misinformation on social media vary 
by partisanship and other demographic factors (RQ4). Extensive previous research has examined differences 
in misinformation susceptibility across age, gender, education level, income bracket, religious groups11,41–44, 
and partisan groups45,46, as well as the effectiveness of interventions across demographic groups47. Increasingly, 
researchers are studying how individual factors impact support for misinformation interventions, typically 
at a platform level21,48–50. In specific contexts, such as highly partisan environments, less susceptibility 
to misinformation is associated with more support for platform interventions. Left-leaning, Democratic 
individuals are both more supportive of platform interventions21,51,52, and less likely to observe or spread 
misinformation online45,46, than right-leaning or Republican individuals. In other cases, high susceptibility is 
linked to more support. Older adults are typically associated with higher susceptibility to sharing and believing 
misinformation53,54. Yet there is evidence that they support nudge interventions more48.

Crucially, the type of misinformation seems to substantially affect susceptibility and views of countermeasures 
(e.g., older adults seem less susceptible to health-related misinformation than younger people11). Given the 
variability in susceptibility and support for platform-level interventions, we conducted exploratory analyses on 
how demographic attributes and partisanship affect support for and engagement with individual interventions. 
Understanding how specific populations, particularly those shown to be highly susceptible to misinformation, 
view and enact individual interventions informs effective public messaging about countering harmful content 
online.

Methods
Ethics information
The Institutional Review Board of Carnegie Mellon University approved this survey, numbered 
“STUDY2022_00000143.” They approved this study as exempt from a full review because it is a survey that did 
not collect personally identifiable information. All methods were performed in accordance with the relevant 
guidelines and regulations. Informed consent was obtained from all participants. We expected the survey to 
take 15–18 min based on pilot tests. Participants were paid $3 each, which is equivalent to $10/hour if they took 
18 min to complete the survey.

Pilot data
The survey was implemented in Qualtrics and was sent out to a small sample of Cloud Research Mechanical Turk 
participants to ensure questions were straightforward and the bot and duplicate detection worked. Twenty-two 
participants attempted the survey: 14 were excluded, most of them automatically by Cloud Research, for either 
being spam/bots, being a duplicate response, or failing to pass the screening questions (18 + , U.S. resident, use 
social media weekly). Participants excluded for these reasons were removed at the beginning of the survey and 
were not paid.

Participants were also asked if they had any comments. As a result, a few questions were removed to prevent 
the survey from being too long or reworded for succinctness and clarity. This document’s hypotheses and 
research questions are based on the revised survey. While a pilot sample of eight responses is small, it helped 
improve the research design. It demonstrated that the questions were understandable and that this survey could 
effectively address the hypotheses and research questions. See the Supplementary Information in the Stage 1 
Protocol for more detailed information on the pilot data.

Design
The survey was designed to answer this document’s research questions and hypotheses. There are additional 
related questions on this survey that are not used in this study. Those questions are pre-registered elsewhere for 
a different study on countermeasures. The survey is included as a supplemental file.

Sampling plan
This section describes our sample characteristics, sample size determination, data exclusion criteria, all primary 
measures, and power analysis.

Participants
Our survey had 1,010 participants, and the data was collected between July and August 2024. This sample size 
was deemed appropriate because it provided sufficient power for our proposed hypotheses. Our survey was 
implemented using Qualtrics and administered through Cloud Research, an online recruiting platform55, using 
Mechanical Turk survey participants. Only those respondents who are United States residents, adults, and use 
social media at least once a week were given the entire survey.
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Procedure
Qualifying questions
We employed several methods to recruit relevant participants and maintain high data quality. Participants were 
adult U.S. residents who use social media weekly, and they also must have met the following criteria for inclusion:

	1.	� Approved by Cloud Research
	2.	� Had a higher than 95% approval rating on Mechanical Turk
	3.	� Finished the survey
	4.	� Not a bot (both Qualtrics and Cloud Research have bot detection)56

	5.	� Not a duplicate response (Qualtrics flags likely duplicate responses)56

Data that failed even one of these criteria was excluded. A question at the end of the study asked if participants 
answered randomly at any point. This measure was for data quality purposes only and was not used to exclude 
data. 997 participants (99.7%) responded with “no”, while 3 participants responded with “yes” (0.3%), and 10 
skipped the question. The median time to complete the survey was 11.0 min, while the mean was 14.3 min.

Previous research has suggested that Mechanical Turks’ data quality is high and that Turkers are more likely 
to pass attention-checking questions than other online panels57. A previous study also shows that the 95% 
approval rate cut-off can ensure high-quality data without using attention-checking questions58. Therefore, this 
survey did not have any attention-checking questions.

Behavioral questions
This section asked participants how they respond to seeing misinformation on social media platforms they use 
and how they react if they realize they have posted misinformation.

First, participants were asked if any of their social media contacts have ever posted something they believe to 
be misinformation, how often they saw it, and on which platforms they saw it. They were able to select among 
the top 11 most frequently used platforms in the United States as determined by Pew Research59. They also had 
the option to write in another platform that was not listed. Then, for all platforms they claimed to have seen 
misinformation on, they were asked how close they were to the people posting misinformation and how they 
responded. Possible responses are shown in Table 2. While these questions were broken up by which platform 
they saw the misinformation on, platform selection is not used for this study, and the data are summarized by 
closeness level. Platform analysis is saved for future work.

Next, participants were asked if they had ever intentionally or unintentionally posted misinformation. If they 
have unintentionally posted misinformation, they were asked on which platforms and then asked what they 
did on each platform once they realized they posted misinformation. Possible actions they could have taken are 
shown in Table 3.

Belief questions
This section asked participants how they thought people should respond when seeing misinformation. The 
questions were broken up by closeness: how should people respond to misinformation posted by a close contact? 
A somewhat close contact? A not close contact? Again, possible responses they were able to select are described 

Response Effort level

Leave post as is No effort

Delete the post Low effort

Comment a correction on the post High effort

Update the main post with a correction High effort

Create a new post with the correct information High effort

Table 3.  Actions social media users can take when they realize they have posted misinformation online.

 

Response Effort level

Ignore the post No effort

Report the post Low effort

Report the user Low effort

Unfollow or unfriend the user Low effort

Block the user Low effort

Privately message the user High effort

Comment a correction on the post High effort

Create a separate post with the correct information High effort

Table 2.  Actions social media users can take when they see misinformation online.
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in Table 2. Finally, participants were asked what people should do if they realize they have posted misinformation 
(possible actions are described in Table 3).

Demographic questions
This section asked participants for various demographic characteristics. These were age, gender, race, ethnicity, 
education, household income, religion, political party affiliation, and general political leanings.

Other measures
Measure 1a) Effort Expended to Respond to Misinformation Posted by Others (Actual Behavior)

Measure 1b) Effort Expended to Respond to Misinformation Posted by Others (Opinion)
To test Hypotheses 1.1, 1.2, and 1.3, we created measures 1a) and 1b) to quantify the amount of effort put 

into responding to misinformation posted by others online. Table 2 shows a list of possible responses one could 
have when seeing misinformation on social media, generalized to apply to various social media platforms, and 
rated as no effort, low effort, or high effort. The only no-effort response is ignoring the post. Respondents could 
also respond with “I don’t remember,” in which case their effort level was not recorded, as it is unknown. A low-
effort response means an action was taken, but there was no interaction with the content directly. A high-effort 
response indicates that the user likely took more time to respond and interacted with the content directly. The 
participants were able to select more than one of these actions. Pilot data values for Measures 1a) and 1b) for 
somewhat close contacts are in the Supplementary Information file in the Stage 1 Protocol.

Measure 2a) Effort Expended to Respond to Misinformation Posted by Oneself (Actual Behavior)
Measure 2b) Effort Expended to Respond to Misinformation Posted by Oneself (Opinion)
To test Hypothesis 2.1, we created measures 2a) and 2b) to quantify the effort one puts into correcting 

misinformation they posted online. Table 3 shows a list of possible actions someone could take. They are rated in 
the same way as the efforts described in Table 2: no, low, or high effort. Like in Table 2, the only no-effort response 
is leaving the post as is. Respondents could also respond with “I don’t remember,” in which case their effort level 
was not recorded, as it is unknown. Deleting the post is categorized as low effort. The remaining actions are 
classified as high effort, as they indicate the user took more time to respond and they placed effort into correcting 
their mistake. Pilot data values for Measures 2a) and 2b) are in the Supplementary Information file in the Stage 
1 Protocol.

Anything labeled in Tables 2 or 3 as no effort received a score of 0, low effort received a score of 1, and high 
effort a score of 2. Anything without a label was labeled as NA. Participants were given the value of the highest 
effort level they engaged in per closeness level.

Bayes factor design analysis
We used a Bayesian approach to test our hypotheses. Unlike frequentist methods and p-values, the Bayes factor 
can show evidence in favor of either the null or the alternate, not just “reject” or “fail to reject”60,61. Additionally, 
unlike a traditional confidence interval that gives the range of values that would not be rejected at a specified 
p-value, the highest density interval includes, say, the 95% high probable values for the estimated parameter61. 
Finally, corrections are typically needed for multiple t-tests due to a concern over the possible detection of false 
positives, and these corrections can result in reduced power62. However, Bayesian tests typically do not need a 
correction for multiple tests, as the Bayesian prior places a relatively high probability on null effects63.

This work used a Bayes Factor fixed-n design, where n is our sample size. Given our budget, our maximum 
sample size was determined to be approximately 1000 respondents. We used the methods described in the 
Schönbrodt and Wagenmakers (2018) design analysis paper60 and the BFDA R package64 to run a strength of 
evidence analysis. Like a traditional power analysis in a classical frequentist approach, a strength of evidence 
analysis can estimate the sample size needed so that a strong Bayes factor is found in a specific percentage of 
studies. For this analysis, the Bayes factor threshold was set to 10 and 1/10. Researchers consider a Bayes factor of 
10 to be in the “strong” evidence range65, with 10 meaning that the data is 10 times more likely to follow H1 over 
H0, and 1/10 indicating the reverse60. For this design analysis, evidence with a Bayes factor within that range is 
deemed “inconclusive.” The higher the Bayes factor, the lower the probability of receiving misleading evidence 
(false positives or false negatives)60.

We used the JZS Bayes factor, which assumes that the effect of H1 follows a central Cauchy distribution60,66. 
The JZS Bayes Factor was selected because it is the recommended default when little is known about the expected 
effect size60,66. The effect size is Cohen’s d, the difference in means divided by the standard deviation. The width 
parameter of the Cauchy distribution was set to √2/2, which is the recommended value if expecting smaller effect 
sizes and is the default used in many software packages, including the R Package BayesFactor67. It corresponds 
to expecting a 50% probability of an effect size between − 0.707 and 0.707 for a two-sided test and between 0 and 
0.707 for a one-sided test. Pilot data for Hypothesis 1.1 was calculated to have an effect size of 0.80, which we 
believe is not different enough from the default parameter to warrant changing it, especially with such a small 
pilot data set.

The strength of evidence analysis was run considering being able to detect a possible effect size of 0.5, which 
is traditionally interpreted as a “medium” effect size68. We chose a medium effect size since we believe a small 
effect size for our hypotheses would not translate into much practical significance. We used this effect size and 
a Bayes factor threshold of 10 for the following hypotheses to determine if our sample size was high enough to 
have a reasonable probability of obtaining strong evidence for an alternate H1. We used the BFDA R package64, 
which uses a Monte Carlo method to determine this. It generates 10,000 random samples under H1 with an 
expected effect size of 0.5 and computes the Bayes factors for those runs given the JZS prior. We ran another 
10,000 random samples under H0 and calculated the Bayes factors. Then, we used the distribution of the Bayes 
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factors found to determine the sample size necessary to achieve a high probability (95%) of achieving a Bayes 
factor of 10.

We found that our planned sample size of approximately 1,000 participants was likely sufficient for each 
hypothesis to detect a medium effect size at a Bayes Factor threshold of 10. See Appendix 1 in the Supplementary 
Information or the Stage 1 protocol for the details supporting this power analysis for each hypothesis.

Statistical analysis
In this section, we detail all pre-registered analyses. We ran paired hypothesis tests, treating the ordinal 
data for effort level as interval data. The literature is divided on whether treating ordinal data as interval is 
recommended69–71. Given the large sample size, we expect the interpretation will likely not change if we analyze 
the data as ordinal rather than interval. However, as supplemental work, we conducted robustness checks by 
analyzing a Chi-square test of independence (treating the data as categorical) to improve the robustness of our 
results. We performed all statistical tests using the BayesFactor R package67 and the most recent R and R Studio 
versions at the time of the analysis (R v4.4.172, RStudio v 2024.04.2 + 76473).

Hypothesis 1.1  To test H1.1, we ran a one-sided paired Bayesian null hypothesis test comparing the effort level 
of participants’ actions when seeing misinformation (Measure 1a) with the effort level participants say others 
should do when seeing misinformation (Measure 1b) for each closeness level. To run this analysis, we took each 
user’s maximum effort level, ranging from 0 to 2, for each closeness level. The effect size is equal to (the mean 
of Measure 1b—mean of Measure 1a)/standard deviation. The null hypothesis (H0) is that the effect size is <  = 0 
(the null interval range is -Inf to 0). The alternate hypothesis (H1) is that there is a difference in the means with 
an effect size of greater than 0. The 95% highest density intervals were also calculated.

Hypothesis 2.1  We tested this hypothesis in a similar manner as Hypothesis 1.1. We ran a one-sided paired 
Bayesian null hypothesis test comparing the effort level of participants’ actions when realizing they have posted 
misinformation (Measure 2a) with the effort level participants say others should do when they realize they have 
posted misinformation (Measure 2b) for each closeness level. To run this analysis, we took each user’s maximum 
effort level, ranging from 0 to 2, on each closeness level. We again calculated the 95% highest density interval.

Hypothesis 1.2 and 1.3  Similarly, we ran one-sided Bayesian hypothesis tests for these hypotheses, again using 
a null interval range of -Inf to 0. The highest density intervals were calculated.

Hypothesis 3.1 and 3.2  For Hypothesis 3.1, we ran a two-sided paired Bayesian hypothesis test comparing the 
effort level of participants’ actions when seeing others post misinformation (Measure 1a) with the effort level 
of participants’ actions when they realized they posted misinformation themselves (Measure 2a). Similarly, for 
Hypothesis 3.2, we compared Measure 1b and Measure 2b. For both, the null interval range was − 0.2 to 0.2. We 
added a buffer of 0.2 because we consider an effect size that small to be practically equivalent to no effect size. 
We additionally calculated the highest density interval and made appropriate visualizations for all the results.

Results
We surveyed 1010 active social media users in the United States. Almost all the participants said they had seen 
misinformation on at least one social media platform. Table 4 shows the number of participants who had seen 
misinformation or admitted to posting it unintentionally. These numbers indicate how many participants were 
qualified to answer behavioral questions about what they do after seeing or posting misinformation.

Registered analyses
Table 5 summarizes the registered analyses for each of the hypothesis tests. For detailed descriptions of the 
hypotheses and analyses, refer to Table 1. The “Sample Size” column lists the number of participants whose 
responses qualified for each paired hypothesis test. The “Interpretation” column follows the standard classification 
scheme for Bayes factors65.

RQ1: How do people respond and think others should respond when they see 
misinformation on social media?
First, we summarize the interventions that participants report using. Figure  1 shows the total number of 
participants who responded at least once with each possible intervention from Table 2. We see that ignoring the 
misinformation was the most common response at every closeness level. Higher-effort actions (like privately 
messaging the user, commenting, or creating another post) received relatively more traction when responding 
to misinformation against close contacts compared with somewhat or not close contacts.

For H1.1, we found overwhelming evidence (Bayes Factor > 100) that participants believe individuals should 
expend more effort responding to misinformation on social media than those individuals report actually doing 

Question Yes No

Have you ever seen misinformation posted or distributed on social media? 93.3% (942) 6.7% (68)

Have you ever posted or linked to something you later realized was misinformation? 25.7% (260) 74.3% (750)

Table 4.  Misinformation exposure.
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when they encounter misinformation. This extremely significant result held no matter how close the participant 
claimed to be to the poster of the misinformation (close contacts, somewhat close contacts, and not close 
contacts). The effect size was greater than 0.5 in all three closeness cases, indicating a moderate effect size. 
The unrestricted 95% highest posterior density interval for the effect sizes were [0.35–0.70], [0.59–0.82], and 
[0.44–0.58] for close, somewhat, and not close contacts, respectively. This result also held the same strength of 
evidence when the tests were run using a summed effort level rather than a maximum effort level. Figure 2A–C 
shows the distribution of the maximum effort level reported per closeness level.

For H1.2, we found that participants responded with more effort when the misinformation poster was a close 
contact vs. a somewhat close contact (BF > 100) but that there was little difference in responses for somewhat 
close contacts compared with not close contacts (BF inconclusive). However, for H1.3, we found that participants 
believe that more effort should be expended on close contacts compared with somewhat close contacts and 
somewhat close contacts compared with not close contacts (BF > 100). Despite the belief that more effort should 
be put into responding to misinformation posted by a somewhat close contact relative to a not close contact, 
participants treated their somewhat close contacts and not close contacts with similar effort levels in practice.

Hypothesis
Sample 
size

Null 
interval

Mean 
difference 
(S.D.)

Effect 
size

Bayes 
factor

95% HDI for 
effect size Interpretation

McNemar 
Chi-Sq 
test

H1.1: Compare close contacts 148 (-Inf, 0) 0.47 (0.88) 0.53  > 100 [0.35, 0.70] Extreme evidence for H1 p = 1e-7

0.99 (1.93) 0.51  > 100 [0.33, 0.67] Interpretation remains the same

H1.1: Compare somewhat close contacts 370 (-Inf, 0) 0.65 (0.92) 0.71  > 100 [0.59, 0.82] Extreme evidence for H1 p < 2e-16

1.34 (1.94) 0.58  > 100 [0.47, 0.69] Interpretation remains the same

H1.1: Compare not close contacts 880 (-Inf, 0) 0.45 (0.87) 0.51  > 100 [0.44, 0.58] Extreme evidence for H1 p < 2e-16

0.95 (1.87) 0.51  > 100 [0.44, 0.58] Interpretation remains the same

H1.2: Compare close vs. somewhat close contacts 122 (-Inf, 0) 0.21 (0.84) 0.26  > 100 [0.07, 0.43] Extreme evidence for H1 p = 1e-4

0.16 (1.56) 0.11 6.94 [− 0.07, 0.28] Moderate evidence for H1

H1.2: Compare somewhat close vs. not close 
contacts 327 (-Inf, 0) − 0.052 

(0.88) − 0.059 0.17 [− 0.17, 0.050] Inconclusive. Mod. evidence for 
H0, but not at BF 1/10 threshold p = 2e-4

− 0.21 (1.52) − 0.14  < 1/100 [− 0.24, 
− 0.027] Extreme evidence for H0

H1.3: Compare close vs. somewhat close contacts 1010 (-Inf, 0) 0.10 (0.58) 0.18  > 100 [0.12, 0.24] Extreme evidence for H1 p = 3e-8

0.16 (1.34) 0.12  > 100 [0.057, 0.18] Interpretation remains the same

H1.3: Compare somewhat close vs. not close 
contacts 1010 (-Inf, 0) 0.42 (0.81) 0.51  > 100 [0.45, 0.58] Extreme evidence for H1 p < 2e-16

0.34 (1.78) 0.19  > 100 [0.13, 0.25] Interpretation remains the same

H2.1 256 (-Inf, 0) 0.30 (0.55) 0.55  > 100 [0.41, 0.68] Extreme evidence for H1 p = 1e-13

1.28 (1.94) 0.66  > 100 [0.52, 0.79] Interpretation remains the same

H3.1: Compare oneself vs. close contacts 49 (− 0.2, 0.2) 0.27 (0.86) 0.31 0.594 [0.010, 0.57]
Inconclusive. Anecdotal evidence 
for H0, but not at BF 1/10 
threshold

p = 1e-3

0.37 (2.26) 0.16 0.125 [− 0.12, 0.43] Interpretation remains the same

H3.1: Compare oneself vs. somewhat close contacts 133 (− 0.2, 0.2) 0.41 (0.88) 0.46 79.5 [0.27, 0.63] Very strong evidence for H1 p = 9e-9

0.56 (2.01) 0.28 0.805 [0.10, 0.44] Inconclusive

H3.1: Compare oneself vs. not close contacts 229 (− 0.2, 0.2) 0.52 (0.85) 0.61  > 100 [0.46, 0.74] Extreme evidence for H1 p < 2e-16

0.67 (1.80) 0.37 31.7 [0.23, 0.50] Very strong evidence for H1

H3.1: Compare oneself vs. max effort over all 
closeness levels 244 (− 0.2, 0.2) 0.31 (0.85) 0.36 26.8 [0.23, 0.49] Strong evidence for H1 p = 3e-13

0.30 (1.86) 0.16 0.07 [0.031, 0.28] Strong evidence for H0

H3.2: Compare oneself vs. close contacts 1010 (− 0.2, 0.2) 0.10 (0.75) 0.13  < 1/100 [0.071, 0.20] Extreme evidence for H0 p < 2e-16

0.50 (2.15) 0.23 0.977 [0.17, 0.29] Inconclusive

H3.2: Compare oneself vs. somewhat close contacts 1010 (− 0.2, 0.2) 0.20 (0.78) 0.26 6.92 [0.20, 0.32] Inconclusive. Mod. evidence for 
H1 but not at BF 10 threshold p < 2e-16

0.76 (2.14) 0.35 > 100 [0.29, 0.42] Extreme evidence for H1

H3.2: Compare oneself vs. not close contacts 1010 (− 0.2, 0.2) 0.62 (0.84) 0.74  > 100 [0.67, 0.81] Extreme evidence for H1 p < 2e-16

1.71 (2.12) 0.81  > 100 [0.74, 0.88] Interpretation remains the same

H3.2: Compare oneself vs. max effort over all 
closeness levels 1010 (− 0.2, 0.2) 0.031 (0.68) 0.045  < 1/100 [− 0.016, 0.11] Extreme evidence for H0 p < 2e-16

0.20 (2.13) 0.093  < 1/100 [0.031, 0.15] Interpretation remains the same

Table 5.  Pre-registered Bayesian paired hypothesis test results and interpretation. Values in italics are for the 
hypotheses being run with the effort level summed rather than the max as a robustness check. The p-value for 
the generalized McNemar’s Chi-square Test of Independence is included as a second robustness check.
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RQ2: How do people respond and think others should respond when they realize they have 
posted misinformation?
Over 25% of the participants (see Table 4) admitted to accidentally posting misinformation at least once. Figure 3 
summarizes the interventions people claimed to have taken after realizing their mistake. The most frequently 
reported behavior was deleting the post, followed by updating the post with accurate information.

Fig. 1.  Total number of participants who selected each intervention type from Table 2 at least once in their 
behavioral and opinion responses. For comparison purposes, only participants who had seen misinformation 
at that closeness level have their opinion counts included.
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Fig. 3.  Total number of participants who had posted misinformation and selected each intervention type from 
Table 3 at least once in their behavioral and opinion responses. For comparison purposes, only participants 
who admitted to posting misinformation had their opinion counts included.

 

Fig. 2.  Number of participants who reported expending a maximum of no, low, or high effort when seeing 
misinformation compared with the total number of those same participants who believe one should expend 
no, low, or high effort when seeing misinformation at each of the three closeness levels and against oneself.
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We found extreme evidence (BF > 100) that people believe that they should expend more effort to respond to 
the misinformation they posted compared to what they actually do after realizing they have posted misinformation 
(H2.1). The effect size was 0.55, with the 95% HDI of the effect size being [0.41–0.68]. This result held with the 
same strength of evidence when the test was run using a summed effort level rather than a maximum effort level. 
See Fig. 2D for the distribution of maximum effort level after one has posted misinformation.

RQ3. How do people’s responses and beliefs about how others should respond after seeing 
misinformation differ from their responses and beliefs when they realize they have posted 
misinformation?
We next investigated how participants’ responses and beliefs differ when seeing misinformation versus posting 
it oneself. To answer this research question, we ran non-directional Bayesian hypothesis tests where we set the 
null interval to be between [− 0.2, 0.2]. For H3.1, we found strong evidence that participants respond with more 
effort when they post misinformation compared with when they see it posted by somewhat close (BF = 79.5) and 
not close contacts (BF > 100); however, inconclusive evidence that there was a difference in their responses when 
compared to close contacts.

For H3.2, we found extreme evidence (BF > 100) that participants believe that people should respond with 
more effort when they post misinformation compared to seeing it by not close contacts and inconclusive evidence 
(BF = 6.92) when comparing their misinformation posts to those posted by somewhat close contacts. Finally, we 
found very strong evidence (BF < 1/100) towards the null hypothesis that there is not a difference in the level of 
effort people believe one should use after posting misinformation oneself vs. seeing a close contact post it. These 
results indicate that participants believe the most effort should be afforded to counter misinformation posted 
by close contacts or themselves compared with countering misinformation posted by somewhat and not close 
contacts.

Robustness tests
We ran three robustness checks. First, we ran the registered hypothesis tests using summed effort values instead 
of maximum effort values. For H3.1 and H3.2, low-effort actions are excluded from this analysis because there 
are an unequal number of them described in Tables 2 and 3. In almost all cases, these tests yielded the same or 
a similar strength of evidence for the hypotheses. In the few instances where the results diverged, the registered 
test was inconclusive at the Bayes Factor threshold of 1/10 or 10, while the summed version of the test surpassed 
the threshold in the same direction (H1.2: somewhat vs. not close) or vice versa (H3.1: oneself vs. somewhat, 
H3.2 oneself vs. close). In only one instance did the interpretation completely differ: for H3.1 (oneself vs. max 
of all closeness), the registered test showed strong evidence for H1, whereas the summed test showed strong 
evidence for H0. Notably, the calculated effect size was positive in both cases. However, in the summed version 
of the hypothesis test, most of the 95% unrestricted highest density interval (HDI) lay below 0.2, placing it in 
the null interval.

Second, we used the generalized McNemar’s Chi-square Test of Independence for categorical paired data 
to verify that the interpretation is similar if the data are analyzed categorically rather than as interval data. For 
every hypothesis, the chi-square test produced a p-value of <  = 0.01. This outcome diverged from some of the 
pre-registered Bayesian analyses, which had found some inconclusive results or evidence pointing towards the 
null hypothesis for certain hypotheses. These discrepancies occurred in tests where the effect size was small, and 
the HDI overlapped with the null interval used in that test.

Finally, we ran a categorical analysis to analyze the association between the three variables of interest: 
maximum effort level used when countering, response type (reported behaviors vs. opinions), and closeness level. 
The three-way interaction term was not significant, indicating that closeness does not moderate the relationship 
between effort level and response type. Overall, the results were similar to those in our pre-registered analysis. 
Effort level interacts with both closeness level and response type, with higher counts of high-effort actions when 
contacts are closer or when people are asked about their opinions rather than their actual behavior. See Appendix 
2 for additional details.

Exploratory analysis
RQ4. How do beliefs about responses to misinformation differ based on various demographic 
factors?
Finally, we examine individual differences in beliefs about how individuals should respond to misinformation. 
This exploratory analysis complements previous work that examines individual differences in support 
of misinformation countermeasures implemented by governments, social media companies, and other 
institutions21. For example, several previous studies have found that Democratic individuals are more supportive 
of platform interventions than Republicans21,51,52, but does this translate into increased support for individual-
level measures such as social corrections?

Figure  4 shows the maximum effort level participants believe one should exert when encountering 
misinformation posted by close contacts, somewhat close contacts, not close contacts, or oneself for six 
demographic variables: age, gender, race, education level, income level, and American political party. See 
Appendix 3 for details on the percentage of each demographic category that believes one should respond with 
no, low, or high effort when encountering misinformation posted by others or oneself. Appendix 3 also shows 
the detailed Chi-square test results for each demographic category and closeness level.

For political party affiliations, we find differences in belief in response efforts between partisan groups 
for close and not close contacts. Strong Republicans supported ignoring posts containing misinformation by 
close contacts more than any other group, although the absolute difference is < 10%, which may not have much 
practical significance. Furthermore, strong Democrats were more likely to support high or low-effort responses 
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to not close contacts more than any other group. Notably, we see that, except for not close contacts, at least 70% of 
respondents in all party affiliations said that one should respond with a high-effort action (such as commenting 
on a correction, updating the post, or messaging the poster).

For age, the chi-squared test shows statistically significant differences in responses among age groups when 
considering close contacts, somewhat close contacts, and oneself. In general, older participants were more likely 

Fig. 4.  Highest effort level participants said one should respond with when seeing misinformation posted 
by others or oneself broken up by party, age, gender, race, education, and income. Chi-sq tests: p < 0.05*, 
p < 0.01**, and p < 0.001***
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to believe one should exert a high level of effort when countering misinformation than younger participants. No 
significant differences were found between men and women. For racial groups, the only statistically significant 
difference found was for not close contacts, with Black and Asian Americans more likely to believe in responding 
with some effort than the other racial groups.

Finally, the percentage of American residents stating that one should use a high level of effort to counter 
misinformation drops as education or income level increases. The results from the chi-squared test show 
statistically significant differences in responses among various education groups regarding close contacts and 
not close contacts, and among various income groups regarding somewhat close contacts and not close contacts.

Discussion
In this registered study, we compared individuals’ beliefs about ideal responses and actual responses to 
misinformation posted on social media by close contacts, somewhat close contacts, not close contacts, and 
themselves.

We found overwhelming evidence of hypocrisy in people’s responses to misinformation, aligning with our 
hypotheses (H1.1, H2.1). Participants believe others should exert more effort to counter misinformation than 
they report doing themselves. This pattern holds across all closeness levels, including misinformation posted 
by oneself, and remains robust to multiple ways of measuring effort. Since there is already a widespread belief 
that individuals should combat misinformation, efforts to encourage social corrections do not have to convince 
people to support individual corrections. Instead, they can focus on normalizing these practices and providing 
strategies to overcome situational constraints (e.g., time and cognitive effort required, social pressures) 
preventing people from acting.

Furthermore, our results indicate that people not only expect others to exert more effort but also tend to 
invest more effort themselves when addressing misinformation posted by close contacts compared to those 
who are somewhat close or not close at all (H1.2, H1.3). This increased effort may stem from the impression 
that correcting a close contact is more likely to be effective due to their relationship, making the effort more 
worthwhile. Alternatively, people might feel a stronger sense of responsibility to correct a closer contact whose 
beliefs and behaviors could impact them offline. Additionally, the types of responses differ across closeness as 
well. For example, people are more likely to privately message a close contact than a less close one. Different 
approaches may feel more appropriate depending on the source of misinformation. Providing users with a range 
of options, including private or low-effort methods like reporting, may increase their likelihood of engaging in 
countering behavior.

When comparing responses to misinformation posted by oneself versus someone else of varying closeness 
(H3.1, H3.2), participants reported putting more effort into responding to misinformation they had posted than 
to misinformation posted by somewhat or not close contacts. Their beliefs about ideal responses also reflected 
this pattern. Interestingly, we also found strong evidence that individuals respond with similar levels of effort to 
misinformation they posted compared with misinformation posted by a close contact. This suggests a similar 
view of responsibility when the source of misinformation is oneself or a close contact.

Finally, our exploratory analysis revealed demographic differences in beliefs about countering misinformation. 
Strong Republicans were less likely to believe that high effort should be exerted when countering close contacts, 
whereas strong Democrats were more inclined to believe some level of effort should be used for not close 
contacts. This partially aligns with prior research indicating that strong Democrats stood out in their support 
for institutional countermeasures compared with other partisan groups21. We only find this difference holds 
for not close contacts. Individual-level interventions give people agency to respond to content they believe is 
misinformation, potentially mitigating distrust in institutional definitions of misinformation. Our findings 
suggest that this approach to addressing misinformation may be more palatable across the political spectrum.

We found that older Americans were more likely to believe that one should exert high effort to counter 
misinformation than their younger counterparts. This difference may reflect broader attitudes towards social 
media, as older individuals are more likely to perceive adverse effects associated with it74 and, therefore, may be 
more motivated to address misinformation. Additionally, higher education and income levels were associated 
with a decreased belief that high effort should be exerted to counter misinformation. Interestingly, higher 
education and income are also associated with an increased concern and awareness of the negative impact of 
misinformation25. It may be that this concern does not necessarily translate into a belief in the effectiveness or 
necessity of individual countermeasures. Rather, these concerns may drive greater support for countermeasures 
on larger scales (e.g., government or platform), which is beyond the scope of this work but should be examined. 
Additionally, existing literature suggests that higher-income individuals are less generous overall75,76, which may 
extend to efforts to counter misinformation. This preliminary exploratory work can inform future research and 
platform policies.

Implications
This work has several practical implications for promoting public participation in countering online 
misinformation in educational and technological contexts. First, our research demonstrates the widespread 
approval of social corrections online, indicating the social desirability of these behaviors. Prior work shows 
that highlighting the social desirability of reporting misinformation as an injunctive social norm can motivate 
reporting77 and decrease the sharing of misinformation78. More broadly, there is strong evidence that social 
signals (e.g., engagement metrics and comments) influence responses to misinformation79,80. However, they can 
also encourage harmful behavior, such as sharing misinformation that aligns with one’s pre-existing beliefs81. 
Therefore, platforms and organizations can successfully promote individual interventions by emphasizing their 
popularity among users, but they must be careful to avoid inadvertently empowering users with questionable 
motives.
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Additionally, the observed disparity between reported behaviors and beliefs could be leveraged to encourage 
greater public participation. Research on hypocrisy suggests that one of the most effective strategies for driving 
behavioral changes is to have individuals publicly commit to pro-social actions, such as signing a pledge, and 
then be privately reminded of times they have failed to follow through32. Public call-outs are less effective, as they 
may prompt people to save face or rationalize their failures by reducing their support for the targeted behavior32. 
Social media platforms could encourage users, such as those who sign up to contribute to Community Notes 
programs, to publicly support social corrections or similar measures during educational sessions and regularly 
remind them of their commitment going forward.

Moreover, the result that people believe more should be done to respond to misinformation than they report 
doing themselves indicates that there may be barriers to employing social corrections or reporting features that 
could be mitigated by platform design, such as improving transparency, usability, and technical support of these 
features82. Platforms should educate users about their reporting systems when joining and provide periodic 
updates to keep them informed. Users are also more likely to use reporting features if they perceive them as 
effective. Therefore, sharing information about the outcomes of reports filed or community notes written 
can incentivize people to use these programs82,83. Furthermore, pop-up windows have been used on several 
platforms to ask users if they wish to share content they have not reviewed84, and this method could be used in 
scenarios where users delete content. Instead of deleting potentially misleading posts, users could be encouraged 
to edit or update their posts with accurate information.

Recognizing that susceptibility to misinformation varies across demographic groups11, educational efforts 
could tailor strategies to effectively reach different populations85. For example, older adults are particularly 
vulnerable to political misinformation, potentially due to lower digital literacy levels53. This age group also 
tends to support higher-effort responses to misinformation encountered online. Therefore, training efforts for 
older adults might prioritize digital media literacy over encouraging social corrections. People who are less 
vulnerable to misinformation, on the other hand, can be promptly educated about operationalizing corrections 
and leveraging specific platform affordances. Platforms could utilize their internal data to identify these users 
or implement reputation systems, like X’s Community Notes program, where users earn “Rating Impact” scores 
based on the helpfulness of their contributions. (​h​t​t​p​s​:​​/​/​c​o​m​m​​u​n​i​t​y​n​​o​t​e​s​.​x​​.​c​o​m​/​​g​u​i​d​e​/​​e​n​/​c​o​n​​t​r​i​b​u​t​​i​n​g​/​w​​r​i​t​i​n​g​​-​
a​n​d​-​r​​a​t​i​n​g​-​​i​m​p​a​c​t) Overall, educational efforts should be designed to account for individual differences in both 
vulnerability to misinformation and perceived responsibility to counter it.

Lastly, there are a myriad of individual differences beyond demographics that influence vulnerability 
to misinformation and the likelihood to correct it that should be examined further in future work. For 
example, evidence suggests that those with a tendency toward analytical thinking are less susceptible to 
misinformation50,86.  These are likely the same individuals capable of providing accurate and meaningful 
corrections, as some level of cognitive effort is necessary for higher-effort responses to misinformation (e.g., 
commenting on a correction). Platforms can encourage users to think critically by using accuracy prompts or 
similar measures29,50. In addition, platforms and other institutions can target educational resources towards 
those with a propensity to engage in critical thinking.

Limitations and future work
There are several limitations to this work. First, our sample is not demographically representative of all United 
States residents. We specifically focused on active social media users to better understand current user behavior 
on social media platforms. While this targeted sample provides relevant information to platforms about how 
their users act and what they believe, a more demographically representative survey could provide additional 
information about less active users who can also influence the spread of misinformation. Additionally, while 
we collected high-level demographic data, we did not investigate the role of more complex individual features, 
such as analytical reasoning or values, and how they may interact with one’s propensity to intervene against 
misinformation. We leave this to future work.

Next, participants were asked to recall how they had responded to misinformation they had seen on social 
media in the past, which they may or may not have encountered recently. This could have led to memory or recall 
errors. Furthermore, we note the possibility of demand effects or other biases (e.g., social desirability) influencing 
survey responses. We took care to present the survey to participants as generally about misinformation online 
without including details that may reveal our expectations. Future work could consider using platform data or 
conducting a field experiment to observe how people respond to misinformation in real-world contexts. For 
example, platform data on reporting or social corrections could confirm whether people counter closer contacts 
more than less close contacts.

Additionally, the results linked to RQ3 may have limited generalizability due to the fundamental difference 
in the potential actions one can employ to correct others compared with correcting oneself. We attempted to 
enumerate commensurate responses to misinformation, such as commenting a correction on someone else’s 
post or one’s own post. However, the low-effort actions are, by nature, not equivalent actions (reporting someone 
else’s post vs. deleting one’s post). Additionally, there were more listed low-effort actions for responding to others 
than responding to oneself. We address this in one of our robustness checks, where we compared summed rather 
than maximum effort levels and excluded all low-effort responses. However, future studies should consider this 
inherent limitation when conducting this type of analysis.

Finally, we did not investigate possible differences among the platforms included in the study, which is an 
important future extension of this work. Future work should also consider expanding upon our exploratory 
work by investigating the behavior, not just the beliefs, of various demographic groups. Furthermore, it would 
be interesting to see if behavior or beliefs about how to engage on social media are related in any way to support 
for platform or government measures to counter misinformation.
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Conclusion
This study makes an important contribution to the literature on individual-level interventions against 
misinformation. Our results indicate that facilitating individual responses to misinformation seen or accidentally 
posted on social media is a viable approach to reducing the spread of misinformation and even preventing 
belief in it. Using a large sample of active social media users in the US, we demonstrate the widespread belief 
that individuals should counter misinformation despite a tendency to not always act on this belief themselves. 
The nature of responses and the willingness to expend effort vary based on the user’s relationship with the 
misinformation poster, highlighting opportunities to educate the broader population about different ways to 
take action depending on their perceived situational constraints. These insights inform efforts to encourage 
public participation in mitigating the impact of misinformation and suggest ways that platforms can enhance 
their countering tools to empower users to engage more actively in maintaining the integrity of their online 
information environment.
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