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Research Article

Examining accuracy-prompt efficacy in combination with using
colored borders to differentiate news and social content online

Recent evidence suggests that prompting users to consider the accuracy of online posts increases the
quality of news they share on social media. Here we examine how accuracy prompts affect user behavior
in a more realistic context, and whether their effect can be enhanced by using colored borders to
differentiate news from social content. Our results show that accuracy prompts increase news-sharing
quality without affecting sharing of social (non-news) posts or “liking” behavior. We also find that adding
colored borders around news posts increased overall engagement with news regardless of veracity, and
decreased engagement with social posts.
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Research questions

e How do accuracy prompts affect different types of social media posts (news, social) and different
forms of engagement (sharing, liking) in a simulated newsfeed setting?

e What is the effect of using colored borders to distinguish news from social posts on social media?

e Does adding colored borders around news posts increase the impact of accuracy prompts?

Essay summary

e We conducted a large online survey experiment in which 1,524 American social media users were
randomly assigned to receive either an accuracy prompt, an accuracy prompt plus purple-colored
borders around news posts, or a control condition with no intervention. Participants were then
given a simulated social media newsfeed containing a mix of true news posts, false news posts,
and social (non-news) posts. For each post, participants could click share and/or like, or simply
scroll past it if they did not wish to engage.

e Accuracy prompts increased the sharing of true relative to false news (as in past work) but did not
affect “liking” of true versus false posts. Accuracy prompts also did not affect engagement with
social posts.

e Adding colored borders to news posts increased engagement with news posts regardless of
veracity while decreasing engagement with social posts.

L A publication of the Shorenstein Center on Media, Politics and Public Policy at Harvard University, John F. Kennedy School of
Government.
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e We observed opposite patterns of engagement by type of social media post. False news headlines
were shared the most, followed by true news headlines, then political social posts, and finally,
non-political social posts. The opposite ordering was observed for liking posts, with non-political
social posts being liked the most and false news posts liked the least.

e Our results suggest that accuracy prompts may improve sharing quality for accuracy-relevant
news posts without impacting other forms of engagement (e.g., liking) or other types of online
posts (e.g., social posts). Our findings also emphasize the importance of examining misinformation
interventions in contexts containing different types of relevant social media content and allowing
for different forms of user engagement.

Implications

The spread of misinformation on social media is a major contemporary academic and societal concern.
For instance, false beliefs about voter fraud were rampant amongst Trump supporters following the 2020
U.S. presidential election (Pennycook & Rand, 2021), exposure to online misinformation about COVID-19
vaccines has decreased vaccination intent (Loomba et al., 2021), and misinformation on social media has
been linked to increasing political cynicism (Lee & Jones-lang, 2022). As a result, researchers and
practitioners are interested in identifying and understanding interventions that social media platforms
may employ to decrease belief and sharing of misinformation. One popular category of such interventions
is pre-emptive strategies, such as general warnings or promoting media literacy (see Ecker et al., 2022 for
review). Such pre-emptive strategies may be employed as lightweight user experience interventions.
Further, technology companies may be more likely to adopt pre-emptive content-neutral strategies, in
contrast with content-specific interventions (e.g., labels, removal, or downranking; see Saltz et al., 2021),
as more general approaches may quell concerns over distrust or bias in selective fact-checking (e.g.,
Flamini, 2019).

A promising pre-emptive approach for increasing the quality of shared news content is providing users
with prompts that shift attention to the level of accuracy of the content (Pennycook & Rand., 2022a,
Pennycook & Rand, 2022b). Recent research suggests that individuals may sometimes share
misinformation not purposefully but simply because they fail to consider the accuracy of the content
before sharing (e.g., Pennycook et al., 2020; Pennycook et al., 2021b). Therefore, shifting the attention of
individuals towards accuracy allows social media users to avoid sharing false content by prompting them
to examine the veracity of the content before spreading it. Indeed, accuracy prompts and pausing to think
about content before sharing it have been shown to increase news sharing quality both for political
content (Fazio, 2020; Pennycook et al., 2021b) and COVID-19 information (Pennycook et al., 2020; for a
meta-analysis, see Pennycook & Rand, 2022b). Accuracy prompt interventions have the additional
benefits of being relatively quick and easy to implement—for instance, just asking individuals to evaluate
the accuracy of one or several headlines has notable beneficial effects on improving sharing discernment
(Epstein et al., 2021). Thus, accuracy prompts have the capacity to be more scalable than slower or more
intensive approaches such as professional fact-checking (e.g., Stencel et al., 2021). Accuracy prompts may
also be widely applicable across a variety of different social media platforms. For instance, similar types
of prompts and reminders have been used on Facebook (encouraging users to read articles before sharing
them; Ghaffary, 2021), Twitter (reminding users in the United States that election results may be delayed,;
Sherr, 2020), and Instagram (providing resources to information about the COVID-19 vaccine; Instagram,
2021). Interventions promoting consideration of accuracy may be deployed in similar ways on such
platforms.

However, prior research on accuracy prompts leaves open several important unanswered questions.
First, survey research assessing accuracy-prompt efficacy typically involves showing participants a series
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of only news headlines, shown one at a time (e.g., Epstein et al., 2021; Pennycook et al., 2021b). As a
result, one open question is whether intermixing news with other types of non-news social media posts
may impact the effect of accuracy prompts on news items, as well as whether accuracy prompts
themselves may also impact the sharing of non-news posts (which would create a major disincentive for
platforms to employ the prompts). Similarly, newsfeeds are typically scrollable and do not show posts one
at a time—a more realistic survey experimental test of accuracy prompts should include this scrollable
design in its setup (for side-by-side of typical single-item survey format versus a scrollable feed, see
Appendix J, Figure S4; though note that we do not directly compare accuracy-prompt efficacy between
single-item and scrollable presentations and just use the more realistic scrollable design in the current
work). Another question is whether accuracy prompts may impact other forms of engagement on social
media beyond sharing—for instance, “liking” of posts (as users may do on platforms such as Facebook or
Twitter). As in Capraro and Celadin (2022), we utilize these latter two best-practice design choices of a
scrollable newsfeed and multiple engagement options (sharing, liking) to examine these questions.
Crucially, we then further build upon this design by incorporating non-news items into the simulated
newsfeed.

We also examine whether a novel user experience intervention may further increase the efficacy of
accuracy prompts—adding colored borders around news posts. One feature of accuracy prompts as an
intervention is that they rely on people having some preexisting ability to recognize when accuracy is
relevant to a post—for instance, accuracy is relevant when deciding whether to share a news post but is
perhaps less relevant to consider when deciding whether to share a non-news post from a friend. Since
individuals’ information diets consist of more non-news than news content in general (Allen et al., 2020),
it may be advantageous to visually indicate when online content is accuracy-relevant, particularly since
categorizing news from non-news content can be difficult (see Vraga et al., 2016). Such visual explicit
categorization may be specifically helpful in conjunction with the use of accuracy prompts.

One simple way to employ visual distinction between news and non-news content is by applying
colored borders around news content—indeed, research suggests that the majority of individuals’
assessments of people or products may be based on colors alone (Singh, 2006)—indicating that color
differentiation may be a fast and effective way to distinguish news from non-news content in a social
media setting. Colors are often used to communicate abstract information or concepts, and people have
been shown to make inferences from color coding systems when making judgments and decisions offline
(e.g., deciding which unlabeled but colored bin to recycle in; Schloss et al., 2018). Color coding and border
systems have also been incorporated in online spaces: for example, different types of labels and borders
have been used to distinguish ads and paid content from other posts on newsfeeds and in search engine
results (Johnson et al., 2018); green circles around Instagram stories denote stories from close friends
relative to standard reddish-orange circles (Johnson, 2022); and Reddit posts and comments that have
received awards are highlighted with a colored background and orange border (Reddit, 2021). Prior
research also suggests color differences may have meaningful impacts on outcomes such as click rates
(Jalali & Papatla, 2016) and sharing (Can et al., 2013). Altogether, we aim to further existing research and
application of color-concept borders by examining the effects of news borders and whether they may
affect the efficacy of interventions relying on recognizing the relevance of accuracy.

Here, we advance research on accuracy prompt interventions by assessing how well accuracy prompts
work in @ more realistic survey environment—namely, one that (a) simulates a scrollable newsfeed, (b)
allows for both sharing and liking of content, and (c) includes social, non-news posts. We also test whether
accuracy prompts may be even more effective when combined with adding colored borders around news
posts to distinguish them from social posts.

In particular, we examined the effectiveness of an accuracy prompt where prior to being shown a
newsfeed, participants were asked to evaluate the accuracy of a single news headline randomly chosen
from one of four possible non-political news headlines on a scale of 1 to 6 (1 = “Extremely inaccurate,” 6
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= “Extremely accurate;” see Figure 6). This design has been utilized in previous work on accuracy prompts
(e.g., Epstein et al., 2021; Pennycook et al., 2021b) to help shift attention to the concept of accuracy before
participants continue to a news-sharing or engagement task. This style of accuracy prompt has also been
implemented and tested in actual social media environments—prior work directly messaged users on
Twitter asking about the accuracy of single non-political news headlines and found that these messages
increased the quality of subsequent news sharing on the platform (see Pennycook et al., 2021b, Study 7).
In broader practice, platforms could periodically ask users to rate content while online: for example, when
users first sign in, they could be asked to rate the accuracy of a piece of content before scrolling on their
feed. Alternatively, users could be provided with an in-feed accuracy evaluation task if they are about to
view lower-quality content.

In the current work, we compared three different conditions—a control condition with no
interventions, an accuracy-prompt-only condition with just an accuracy prompt, and an accuracy-prompt-
plus-borders condition with an accuracy prompt and purple borders around news posts. We then assessed
the effectiveness of the treatments (relative to the control) on participants’ propensity to share and like
different types of online content. Consistent with prior research, we found that providing participants
with an accuracy prompt increased the quality of news content participants shared. Encouragingly, we did
not find an effect of accuracy prompts on sharing of social (non-news) posts. We also did not find an effect
of accuracy prompts on liking news (consistent with Capraro & Celadin, 2022) or non-news posts. These
findings suggest that accuracy prompts may help increase the amount of true relative to false news shared
by shifting users’ attention to accuracy when making decisions about spreading news content online.
Further, our results provide evidence that accuracy prompts may not affect decisions to share posts for
which accuracy is less important or irrelevant (e.g., social posts). We also find that accuracy prompts may
particularly impact sharing decisions, rather than engagement decisions that may be more about
expressing affect or agreement (e.g., liking) than further disseminating news content via sharing.

Next, our findings did not provide evidence that adding colored borders around news posts improved
the ability of accuracy prompts to increase the quality of news shared—both interventions increased the
amount of true news relative to false news shared. Interestingly, however, our interventions may have
improved sharing discernment (i.e., sharing of true versus false news) via different mechanisms—the
accuracy-prompt-only condition primarily decreased false sharing relative to control, whereas the
accuracy-prompt-plus-borders condition increased true sharing relative to control.

More broadly, we found that the addition of colored borders around news posts increased sharing
and liking of both true and false news posts and decreased engagement with social, non-news posts. This
may be due to the colored borders increasing attention to both true and false news posts (relative to non-
news posts), without further reinforcing accuracy considerations. Although not a primary focus of our
study, we also found strikingly distinct patterns of engagement across the different types of posts in our
study. False news posts were shared the most, followed by true news posts, then political social posts,
and finally, non-political social posts. In stark contrast, we found the opposite engagement pattern for
liking, such that non-political social posts were liked the most and false news posts were liked the least.
Such patterns could reflect distinct engagement norms by content type on social media.

Our findings have several important practical implications for practitioners and researchers examining
misinformation interventions. First, in concert with prior research, we demonstrate that accuracy prompts
can increase the quality of news sharing in a simulated social media setting. Of note, our findings also
suggest that accuracy prompts are still effective in a scrollable newsfeed setting; and are also effective
even when the majority of participants’ newsfeeds are non-news posts. These results should help ease
concerns over whether accuracy prompts may be severely limited in contexts where news posts are less
frequent or viewed with lower attentiveness.

Second, our findings suggest that accuracy prompts do not appear to generally affect engagement
with social, non-news posts, which may be beneficial to social media platforms that likely would hesitate
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to deploy interventions that only decrease misinformation sharing at the expense of also decreasing non-
news or social post engagement.

Third, we found that applying colored borders to news posts increased engagement with these posts
regardless of whether the news was true or false and decreased engagement with non-bordered social
posts. It may be the case that the colored borders increased attention and dwell time to news posts, which
in turn increased the probability of engagement regardless of veracity. Such would be consistent with a
“Try + Buy” model of newsfeed engagement, such that engagements with posts are conditional on
exposure, and attention-grabbing borders may uniformly increase exposure in the initial “try” phase (see
Lin et al., 2022). Future work may examine whether adding colored borders does indeed increase dwell
time on such posts. Alternatively, it could be that purple borders, in particular, increased engagement. In
a pretest pilot study, we did not find any significant differences in sharing, liking, or engagement of news
posts with purple versus green colored borders. Nonetheless, subsequent studies may still further
examine whether different colors around news or non-news posts may result in different engagement
patterns. Practically, our findings overall suggest that simply drawing attention to news posts, even in
combination with an accuracy prompt, does not help improve the quality of news content engaged with
and has the additional consequence of drawing attention away from posts without a colored border.

Finally, our descriptive findings that different types of posts were engaged with in distinctly different
ways demonstrate the importance of considering multiple relevant dimensions of a social media feed
when testing design interventions—for instance, examining different types of engagement (liking,
sharing) and different categories of online posts (true news, false news, political social, non-political
social).

Altogether, our results help to inform social media platforms, policymakers, and misinformation
researchers about the efficacy of accuracy prompts in more realistic simulated newsfeed environments.
Our findings also provide meaningful insight into the effects of visual differentiation interventions and
underscore the importance of examining the interplay between complementary online platform features.

Findings

Finding 1: Accuracy prompts increased sharing discernment but did not affect liking discernment or
engagement with non-political social posts.

We predict whether participants share a given post by post type (false news, true news, non-political
social, political social), condition (control, accuracy-only, accuracy-plus-borders), and their interaction—
with robust standard errors clustered by participant and post. In this section, we will first discuss our
results for the accuracy-prompt-only condition.

Consistent with previous research, we found that the accuracy-prompt-only condition increased
sharing of true relative to false news (b =.017, SE = 0.009, p = .05; see Figure 1, Figure 2; Appendix C, Table
S3). Throughout this section, sharing, liking, and engaging are always 0 (did not engage) to 1 (engaged);
therefore, b estimates may be interpreted as the effect size in terms of percentage points. For example,
the accuracy-prompt-only condition effect size on increasing true relative to false news sharing of b=.017
may be interpreted as accuracy prompts increasing true sharing (relative to false sharing) an additional
1.7 percentage points. Investigating this effect further, our results show that the accuracy-prompt-only
condition decreased false news sharing 8.8% relative to the control condition. Such reductions in false
news sharing also may have considerable downstream network effects in preventing the beginning and
continuation of rumor cascades, whereby false stories are continually reshared on social networks
(Friggeri et al., 2014). That being said, accuracy prompts should be considered one of many tools best



Accuracy-prompt efficacy and colored borders to differentiate news and social content online 6

used in conjunction with one another for mitigating the spread of online misinformation (see Bode &
Vraga, 2021).
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Figure 1. Sharing probability by experimental condition and post type. The fraction of posts participants clicked the “share”
button on, by condition and post type. Error bars reflect 95% confidence intervals.
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Figure 2. Sharing effect sizes relative to control by experimental condition and post type. The effect sizes of condition (relative
to control) for sharing, by post type. Error bars reflect 95% confidence intervals.
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We next performed a similar analysis, except predicting liking rather than sharing of posts. Here, we did
not find evidence that the accuracy-prompt-only condition increased liking of true relative to false news
(b =-.001, SE = 0.005, p =.865; see Figure 3, Figure 4; Appendix C, Table S7).
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Figure 3. Liking probability by experimental condition and post type. The fraction of posts participants clicked the “like” button
on, by condition and post type. Error bars reflect 95% confidence intervals.
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Figure 4. Liking effect sizes relative to control by experimental condition and post type. The effect sizes of condition (relative to
control) for liking, by post type. Error bars reflect 95% confidence intervals.
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When predicting overall engagement (i.e., whether participants shared or liked a post), we found that the
accuracy-prompt-only condition did increase overall engagement with true versus false news (b =.017, SE
=0.008, p =.037; Appendix C, Table S11).

We also examined potential moderation of our treatment condition effects by participant partisanship
(1 = “Strongly Democratic,” 6 = “Strongly Republican”) and political concordance between participant and
post (for news posts pre-tested as pro-Democrat or pro-Republican, and for political social posts designed
as pro-Democrat or pro-Republican), although we are likely underpowered to detect these 3-way and 4-
way interactions. Thus, while we did not find clear evidence that partisanship, political concordance, nor
the interaction of the two moderated the accuracy-prompt-only effect on sharing, liking, or engagement
discernment between true and false news posts (ps > .051; Appendix F, Tables S24-526), future work
should investigate these issues in more detail.

As pre-registered, we also examined the effect of accuracy prompts after collapsing across our two
treatment conditions. Here we find even clearer evidence of accuracy prompt treatments increasing
sharing of true relative to false news (b = .018, SE = 0.007, p = .009; Appendix E, Table S21). Relative to
baseline, we find that our combined treatment decreases false news sharing by 3.5% and increases true
news sharing by 5.5%. We again do not find evidence that accuracy prompts affect liking of true versus
false news (b =-.002, SE = 0.005, p = .661; Appendix E, Table S22).

We also assessed the effect of accuracy prompts on social (non-news) posts. For both non-political
and political social posts, we did not find evidence that the accuracy-prompt-only condition affected
sharing, liking, or overall engagement (ps > .429 and .459, respectively; also see Figure 2, Figure 4).

Finding 2: Adding colored borders around news content does not increase the efficacy of accuracy
prompts—but does increase engagement with news posts and decrease engagement with social posts.

We will now discuss our results for the accuracy-prompt-plus-borders condition. Like in the above
analyses, we found that the accuracy-prompt-plus-borders condition increases the sharing of true versus
false news (b = .018, SE = 0.005, p = .001; Appendix C, Table S3). We did not find evidence that this
treatment increased the liking of, or overall engagement with, true versus false news (ps > .111; Appendix
C, Tables S7 and S11). We also examined whether participant partisanship, post-political concordance, or
the interaction of the two moderated our accuracy-prompt-plus-borders effects on engagement
discernment between true and false news. We did not observe any statistically significant moderation of
sharing, liking, or engagement discernment, with one exception: we found some evidence that the
accuracy-prompt-plus-borders condition increased engagement with true posts (relative to false posts)
on politically concordant posts for more Republican participants (p = .035; for full analyses, see Appendix
F, Tables S24-26). However, due to lack of statistical power for detecting these high-order interactions,
all of these results should be interpreted with caution.

Next, we compared effects between the accuracy-prompt-only condition and the accuracy-prompt-
plus-borders condition. We examined whether the addition of colored news borders increased the
efficacy of accuracy prompts—that is, we test whether adding colored borders increases sharing or
engagement discernment above and beyond the increase from just providing accuracy prompts without
news borders. We conducted Wald tests comparing the effects of the accuracy-prompt-only condition
and accuracy-prompt-plus-borders condition on increasing sharing of true relative to false news. For
sharing, liking, and overall engagement, we did not find a significant difference between these two
conditions on increasing true versus false news sharing (ps > .578; see Appendix C, Tables S4, S8, and S12),
suggesting that colored borders around news posts did not improve accuracy-prompt effectiveness.
However, we did nominally find that the accuracy-prompt-plus-borders condition appeared to improve
sharing discernment by increasing the amount of true news shared relative to control, whereas the
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accuracy-prompt-only condition improves sharing discernment by primarily decreasing the amount of
false news shared relative to control (see Figure 2).

We then assessed the effects of colored news borders on sharing, liking, and overall engagement with
news and social posts. Combining news posts across veracity (true and false news, together), we found
that colored news borders increased sharing, liking, and overall engagement with news posts, regardless
of veracity (p < .011; Appendix C, Tables S5, S9, and S13). Similarly, we also examined whether colored
news borders impacted engagement with social posts (collapsing across political and non-political social
posts). We found that news borders reduced liking of and overall engagement with social posts (ps < .001;
Appendix C, Tables S10 and S14). We also find that news borders nominally, though non-significantly,
reduce sharing of social posts as well (p = .212; Appendix C, Table S6). Figures 1 and 3 both show that
relative to the accuracy-prompt-only condition, news posts were shared and liked more in the accuracy-
prompt-plus-borders condition; and that social posts were shared and liked less in the border condition.

Finding 3: Participants exhibit opposite patterns of sharing and liking by category of social media post.

Across our main analyses, we observed distinct patterns of engagement by sharing or liking, and by the
category of social media post. In this final section, we will discuss sharing and liking rates focusing only on
our control condition. As an exploratory analysis, we assessed relative levels of sharing and liking by post
category in our control condition. We used a linear model to predict sharing by post type, with cluster-
robust standard errors by participant and post. We found that false news posts were shared the most (b
=.226, p < .001). True news posts were shared second most, but significantly less than false news posts
(b =-.043, p = .009). Political social posts were shared third most, nominally (but not significantly) less
than true news posts (b = -.022, p = .085). Non-political social posts were shared the least, significantly
less than political social posts (b = -.035, p = .016; also see Figure 1; Appendix D, Tables S15-517).

Compared to prior survey experimental research on true versus false news sharing intentions, it is
atypical that we find false news shared at higher rates than true news (typically, true news is shared more
than false news; though this difference is not as great as when assessing accuracy judgments between
true and false news, see Figure 1 in Pennycook et al., 2021b). One possible reason for this is that
participants differentially substituted “liking” for “sharing” on true news posts—that is, given the
opportunity to share and/or like a post, participants who typically may have shared true posts if only given
the opportunity to share may have opted to “like” these headlines, while participants who typically share
false headlines continued to select the share option. Another potential explanation is that several false
news posts, in particular, were responsible for inflating the sharing rate of false news overall. This is
plausible given only a moderately sized news headline set (24 items). We investigated exploratorily
whether this was the case—descriptively, we found in our control condition that only two news posts had
share probabilities over 30%—and both were false headlines (one COVID-related, one pro-Republican).
Notably, the next two most shared posts (27.5% and 27.2%, respectively) were also false headlines
(COVID-related). Other than those four posts, no other headline (true or false) was shared over 25% of
the time (see Appendix J, Figure S3). If we were to remove the two news posts shared over 30% of the
time from our previous analysis, the difference between false and true news sharing in the control
condition is no longer significant (b =-.027, p = .059). Thus, although we do find that false news headlines
were shared more than true news headlines in the current work, it seems tentatively plausible that this is
due to a small number of highly shared false headlines—and that after removing these headlines,
differences between false and true news sharing in our data are largely in line with previous work.

We also performed similar analyses predicting liking by post type. Interestingly, we found an opposite
pattern of liking versus sharing by post category. False news posts were liked the least (b =.151, p <.001).
True news posts were liked the second least, and significantly more than false news posts (b = .041, p <
.001). Political social posts were liked significantly more than true news posts (b =.099, p <.001), and non-
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political social posts were liked the most of any post category, significantly more so than political social
posts (b =.133, p <.001; also see Figure 3; Appendix D, Tables $18-520).

Methods

From August 1 to August 7, 2022, a total of 2,103 participants began our study, passed a trivial attention
check (e.g., captchaitem), and provided informed consent. Of these individuals, 1,524 participants at least
began the main newsfeed task of the survey (Maee = 46.6, 50.5% female, 72% White-only; see Appendix
A). We performed a chi-square test to determine whether there was differential attrition between the
control and treatment conditions for individuals reaching the newsfeed part of the survey. We did not
find evidence for differential attrition (p = .133; Appendix B).

Participants were recruited via Lucid, a survey platform aggregator that uses quota sampling in an
effort to match the U.S. distribution on age, gender, race, and geographic region. We pre-registered our
experiment here. Pre-registered analyses not reported in this main text are available in the Appendix.

Participants were only invited to begin the survey if they reported having either a Facebook, Twitter,
or Instagram account. Participants were then given a single captcha item; those who failed this captcha
were told they were ineligible for the current study and were not allowed to continue the survey.
Participants first completed basic demographics questions (e.g., age, gender, race). Throughout the
survey, participants were also given three attention check items (two pre-treatment, one post-treatment;
items from Berinsky et al., 2021). Participants who answered these items incorrectly were still included in
the survey (see Appendix H for pre-registered secondary analyses omitting participants who failed both
pre-treatment attention items). Next, participants were instructed that their main task would be to
imagine they were scrolling through social media and to share, like, or scroll past headlines in a newsfeed.

Prior to the main task, participants were then instructed to complete a practice headline set in order
to get used to the survey structure, which included a scrollable newsfeed and clickable share and like
buttons (styled after Facebook’s engagement options). In the practice, participants were given three
practice headlines and were asked to like the first post, skip the second post, and share the third post. If
participants incorrectly engaged with any of these headlines, they were given the practice prompt a
second time. Overall, 83% of participants passed the practice by their second attempt. Participants who
failed both attempts were still included in the survey (see Appendix G for pre-registered secondary
analyses omitting participants who never correctly answered these practice items).

Participants were then randomly assigned to one of three conditions: accuracy-prompt-only (accuracy
prompt), accuracy-prompt-plus-borders (accuracy prompt plus purple borders around news posts, no
borders around social posts; see Figure 5 for an example of purple-colored border), or control (no accuracy
prompt or colored news borders). Purple-colored borders were chosen after we did not find any reliable
differences during initial pretesting between purple and green borders on news content (N = 209; sharing:
b = -.085, p = .085; liking: b = -.020, p = .683; engagement: b = -.063, p = .295). We also chose purple
because it does not have a pre-existing color-concept affiliation with a particular U.S. political party
(whereas blue is associated with Democrats and red with Republicans). Future work may examine
whether our findings generalize to other content border colors. Another potential limitation of our border
design is its size and obtrusiveness. We aimed to make the borders clearly distinguishable and able to
attract the attention of participants, perhaps sacrificing a degree of ecological validity regarding its overall
aesthetics. That being said, comparable colored borders have been used on prominent social media
platforms—for instance, colored circles around Instagram stories (Johnson, 2022) and colored squares
and highlights for awarded Reddit comments and posts (Reddit, 2021).
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'Finishing the deal: Biden vaccine victories build on Trump team's work

\PANDING
NE SUBSTANC!
!ODUCTION

WASHINGTONPOST.COM
‘Finishing the deal: Biden vaccine victories build on
Trump team’s work

[fj Like (J Comment /> Share

Figure 5. Example of purple-colored border around news post. This example post reflects what the colored borders looked like
around true and false news posts in the accuracy-prompt-plus-borders condition. Participants saw the default profile picture and
blurred username as shown in this example.

Participants were next given instructions indicating that the newsfeed they were going to be shown had
two types of content: informational/news articles and social/personal posts. If they were in the accuracy-
prompt-plus-borders condition, these instructions also established that as a new platform feature to help
differentiate content, informational/news articles would have a purple border around them.

Then, participants in the treatment conditions were given an accuracy prompt. Participants were
asked to evaluate the accuracy of a single news headline randomly chosen from one of four possible
headlines on a scale from 1 = “Extremely inaccurate” to 6 = “Extremely accurate” (see Figure 6). Headlines
in the accuracy-prompt-plus-borders condition additionally had a purple border around them.
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Woman who had ovary frozen in childhood gives birth

She is believed to be the first woman in the world to have a baby after having ovanan tissue
frozen before the onset of puberty

To the best of your knowledge, is the above headline accurate?

Extremely Moderately Slightly Slightly Moderately Extremely
inaccurate inaccurate inaccurate accurate accurate accurate

Figure 6. Example of accuracy prompt. Participants in treatment conditions were asked to evaluate the accuracy of a single
non-political news headline prior to receiving a newsfeed of news and non-news posts.

Participants were finally given the main newsfeed task of the survey. Participants were shown 72 posts
on the same scrollable page, presented in random order. Twenty-four posts were news article headlines,
and 48 posts were social posts. Of the 24 news posts, half were true and half were false; additionally, a
qguarter were pro-Democratic party, a quarter were pro-Republican party, a quarter were COVID-related,
and a quarter were COVID-vaccine-related. Of the 48 social posts, half were apolitical social posts. The
other half were political social posts—half pro-Democratic party and half pro-Republican party. News
article posts were selected from actual news headlines—real headlines were selected from reliable
mainstream news organizations, and false headlines were selected from articles evaluated as false by
third-party professional fact checkers (see Pennycook et al., 2021a for an overview of the selection
process). Pro-Democratic party and Pro-Republican party news headlines were pre-tested prior to this
study, and the set we use in our current work was built to closely match on relevant features such as
likelihood, importance, and anticipated sharing (pre-test data available here). Non-news posts were
artificially developed for the purposes of the current work, as we did not want to use actual personal non-
news posts for privacy reasons. Non-news articles were constructed by finding royalty-free images via
online databases (e.g., https://unsplash.com/). Political social posts were not pre-tested - however, we
do verify that in the current work, politically concordant social posts were shared (b =.041, p <.001), liked
(b =.081, p <.001), and overall engaged with (b = .101, p < .001) more than politically discordant social
posts. Participants were not explicitly instructed as to whether the news and non-news posts they would
see actually came from social media; participants were just instructed to act as though they were actually
on their own social media feed. See Figure 5 for a news post example, Figure 7 for a social post example,
and Appendix J, Table S42 for examples of each category of post.

For each post, participants could “share” and/or “like” the item by clicking the appropriate button
(see Figure 7). Participants could also scroll past a post if they did not want to engage with it. Participants
were not allowed to advance from the main newsfeed page for at least two minutes.



https://osf.io/vp6m7/?view_only=60c943a8959240cf8d509d39baeba568
https://unsplash.com/
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- Q@

My two favorite people at the beach for the first time together! Super cute,
first time of many!

oY Like (D Comment &> Share

Figure 7. Example of “shared” social post. Participants could click the “share” and/or the “like” button. After clicking, each
button would turn green to indicate its selection.

At the end of the survey, participants were asked their political preferences (1 = “Strongly Democratic,” 6
= “Strongly Republican;” see Appendix F for pre-registered secondary analyses including partisanship and
post-political concordance as potential moderators) and completed an affective polarization feeling
thermometer about attitudes towards Republican and Democratic party voters.

All study materials, data, and analysis code are available here and here.
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Appendix A: Descriptive statistics

Table S1 reports basic descriptive and demographic statistics from our survey experiment sample (N =
1,524). As noted below, 55.18% of participants passed at least one pre-treatment attention item (from
Berinsky et al., 2021). These attention screeners required somewhat careful reading of instructions—
therefore, lower pass rates are expected and in line with recent estimates of (easier) attention check
failure rates on Lucid (see Aronow et al., 2020). More variable attention rates on non-trivial attention
checks are additionally perhaps a benefit of Lucid - as participants are not as professionalized survey
responders as on comparable online recruitment platforms (see Coppock & McClellan, 2019).
Furthermore, as pre-registered, all participants who participated in the full study were first required to
pass a preliminary easy attention check (i.e., captcha). Of 2,558 participants who initiated our survey,
2,154 (84%) passed this initial attention check. Our final population of 1,524 participants who additionally
consented and began the main newsfeed task all passed this initial attention item.

Table S1. Survey experiment sample descriptive statistics (N = 1,524).

Age M =46.62,SD =17.73
Gender 770 female
738 male

11 non-binary
5 not listed, prefer not to answer

Race 76.64% White/Caucasian

(selected non-exclusively) 15.22% Black or African American
7.81% Hispanic/Latino
Other < 5%

Partisanship

(1=Strongly Democratic;

M =3.18,5D =1.60

6=Strongly Republican)

Survey Duration

(min)

Mdn =11.38, SD = 41.61

Attention Checks

(out of 2 pre-treatment)

0 Passed: 44.82%
1 Passed: 30.91%
2 Passed: 24.28%

Practice Item Pass Rates

Passed 1st Attempt: 55.31%
Passed 1st or 2nd Attempt: 82.94%
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Appendix B: Attrition by condition

Compared to our control condition, our treatment conditions involved participants engaging in additional
aspects of the survey (i.e., receiving the accuracy prompt). As such, we performed a chi-square test to
determine whether there was differential attrition between the control and treatment conditions for
individuals reaching the newsfeed part of our survey. The chi-square test did not find evidence for
differential attrition (y?= 2.26, p =.133; see Table S2 for percentage of participants who reached newsfeed
by condition). Overall, we had 523 participants in the control condition; 499 participants in the accuracy-
prompt-only condition; and 502 participants in the accuracy-prompt-plus-borders condition.

Table S2. Proportion of participants who began the newsfeed portion of the survey, by condition
(collapsing across treatment conditions).

Condition Proportion Reaching Newsfeed

Control 74.61% (523 out of 701)
Treatment 71.40% (1,001 out of 1,402)
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Appendix C: Pre-registered main analyses

We pre-registered our main analyses as two general linear models with cluster-robust standard errors by
participant and post, predicting sharing and liking, respectively. As predictors, we included a 4-level post
type dummy (baseline = false, true, non-political social, political social), condition (baseline-control,
accuracy-prompt-only, accuracy-prompt-plus-borders), and their interaction. We also pre-registered
comparing the coefficients on the interactions between the true news dummy and the accuracy-prompt-
only versus accuracy-prompt-plus-borders dummies using a Wald test. We also conducted these analyses,
except predicting sharing or liking as a combined outcome variable (1 = liked and/or shared; 0 = no
engagement).

We also conducted follow-up Wald tests for each of these models, examining the effect of the
accuracy-prompt-plus-borders condition on news posts (collapsing true, false) and on social posts
(collapsing non-political, political). These Wald tests were not pre-registered and are exploratory -
however, the models from which these Wald tests are performed are the pre-registered models specified
above.

Table S3. Sharing predicted by post type, condition, and their interaction.

b SE z p
Intercept 0.226 0.018 12.575 <.001***
True -0.043 0.016 -2.618 .009**
Non-political Social -0.099 0.021 -4.785 <.001***
Political Social -0.065 0.018 -3.609 <.001***
AccOnly -0.02 0.017 -1.13 .259
AccBorder 0.003 0.017 0.164 .870
True:AccOnly 0.017 0.009 1.963 .050*
Non-political
Social:AccOnly 0.021 0.016 1.299 194
Political Social:AccOnly  0.027 0.012 2.165 .030*
True:AccBorder 0.018 0.005 3.47 .001***
Non-political
Social:AccBorder -0.017 0.018 -0.966 .334
Political Social:AccBorder -0.021 0.014 -1.545 122

Note: *** p < .001. ** p <.01. * p < .05.
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Table S4. Wald test comparing news veracity sharing discernment between accuracy-prompt-only and
accuracy-prompt-plus-border.

Res. Df F p

109,716 0.052 .819

Hypothesis tested: True:AccOnly - True:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.

Table S5. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on news post
sharing (collapsing across false, true news).

Res. Df F p

109,716 7.209 <.001***

Hypotheses tested: AccBorder = 0, True:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.

Table S6. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on social
post sharing (collapsing across non-political, political social).

Res. Df F p

109,716 1.550 212

Hypotheses tested: Non-political Social:AccBorder = 0, Political Social:AccBorder = 0
Note: *** p < .001. ** p <.01. * p < .05.
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Table S7. Liking predicted by post type, condition, and their interaction.

b SE z p
Intercept 0.151 0.012 12.619 <.001***
True 0.041 0.012 3.361 .00 %**
Non-political Social 0.273 0.019 14.154 <.001***
Political Social 0.139 0.016 8.985 <.001***
AccOnly 0.023 0.015 1.483 .138
AccBorder 0.051 0.017 3.002 .003**
True:AccOnly -0.001 0.005 -0.17 .865
Non-political -0.014 0.018 -0.74 .459
Social:AccOnly
Political Social:AccOnly  -0.017 0.01 -1.763 .078
True:AccBorder -0.003 0.005 -0.597 .551
Non-political -0.108 0.023 -4.724 <.001***
Social:AccBorder
Political Social:AccBorder -0.077 0.016 -4.728 <.001***

Note: *** p <.001. ** p <.01. * p <.05.

Table S8. Wald test comparing news veracity liking discernment between accuracy-prompt-only and
accuracy-prompt-plus-border.

Res. Df

F

p

109,716

0.240

.624

Hypothesis tested: True:AccOnly - True:AccBorder = 0

Note: *** p < .001. ** p <.01. * p < .05.

Table S9. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on news post

liking (collapsing across false, true news).

Res. Df

F

p

109,716

4.539

.011*

Hypotheses tested: AccBorder = 0, True:AccBorder = 0

Note: *** p <.001. ** p <.01. * p <.05.
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Table S10. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on social
post liking (collapsing across non-political, political social).

Res. Df F p

109,716  11.904 <.001***

Hypotheses tested: Non-political Social:AccBorder = 0, Political Social:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.

Table S11. Engagement (sharing and/or liking) predicted by post type, condition, and their interaction.

b SE z p
Intercept 0.347 0.021 16.277 <.001***
True -0.006 0.02 -0.298 .765
Non-political Social 0.161 0.023 6.918 <.001***
Political Social 0.062 0.021 2.995 .003**
AccOnly 0.006 0.023 0.271 .786
AccBorder 0.054 0.023 2.336 .019*
True:AccOnly 0.017 0.008 2.081 .037*
Non-political 0.011 0.019 0.569 .57
Social:AccOnly
Political Social:AccOnly ~ 0.008 0.011 0.797 425
True:AccBorder 0.014 0.009 1.593 11
Non-political -0.114 0.022 -5.105 <.001***
Social:AccBorder
Political Social:AccBorder -0.093 0.016 -5.807 <.001***

Note: *** p < .001. ** p < .01. * p <.05.

Table $12. Wald test comparing news veracity engagement discernment between accuracy-prompt-only
and accuracy-prompt-plus-border.

Res. Df F p

109,716 0.309 .578

Hypothesis tested: True:AccOnly - True:AccBorder = 0
Note: *** p < .001. ** p <.01. * p < .05.
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Table S13. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on news
post engagement (collapsing across false, true news).

Res. Df F p

109,716 5.344 .005**

Hypotheses tested: AccBorder = 0, True:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.

Table $14. Exploratory Wald test examining effect of accuracy-prompt-plus-border condition on social
post engagement (collapsing across non-political, political social).

Res. Df F p

109,716  16.912 <.001***

Hypotheses tested: Non-political Social:AccBorder = 0, Political Social:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.
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Appendix D: Patterns of sharing & liking by post type

In order to investigate how participants shared and liked posts by post type category, we examined
sharing and liking probability in the control condition of our experiment. These analyses are exploratory
and were not pre-registered.

Table S15. Sharing predicted by post type (control condition only).

b SE z p
Intercept 0.226 0.018 12.572 <.001***
True -0.043 0.016 -2.618 .009**
Non-political Social -0.099 0.021 -4.784 <.001***
Political Social -0.065 0.018 -3.608 <.001***

Note: *** p < .001. ** p <.01. * p < .05.

Table S16. Wald test comparing true news sharing and political social sharing (in control).

Res. Df F p

37,652 2.972 .085

Hypothesis tested: True - Political Social = 0
Note: *** p < .001. ** p <.01. * p < .05.

Table S17. Wald test comparing political social sharing and non-political social sharing (in control).

Res. Df F p

37,652 5.750 .016*

Hypothesis tested: Political Social - Non-political Social = 0
Note: *** p <.001. ** p <.01. * p <.05.

Table S18. Liking predicted by post type (control condition only).

b SE z p
Intercept 0.151 0.012 12.612 <.001***
True 0.041 0.012 3.36 .001***
Non-political Social 0.273 0.019 14.149 <.001***
Political Social 0.139 0.016 8.983 <.001%***

Note: *** p <.001. ** p < .01. * p <.05.
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Table S19. Wald test comparing true news liking and political social liking (in control).

Res. Df F p

37,652 32.747 <.001***

Hypothesis tested: True - Political Social = 0
Note: *** p < .001. ** p <.01. * p < .05.

Table S20. Wald test comparing political social liking and non-political social liking (in control).

Res. Df F p

37,652 46.572 <.001%***

Hypothesis tested: Political Social - Non-political Social = 0
Note: *** p <.001. ** p <.01. * p <.05.
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Appendix E: Pre-registered main analyses (combined treatment
conditions)

We pre-registered that if we did not find a significant difference in the interaction between the true news
dummy and the accuracy-prompt-only versus accuracy-prompt-plus-borders conditions, we would

perform our main analyses collapsing across these two treatment conditions (treatment variable: baseline
= control, 1 = treatment).

Table S21. Sharing predicted by post type, treatment, and their interaction.

b SE z p

Intercept 0.226 0.018 12.575 <.001***
True -0.043 0.016 -2.618 .009**
Non-political Social -0.099 0.021 -4.785 <.001***
Political Social -0.065 0.018 -3.609 <.001***
Treat -0.008 0.015 -0.561 .575
True:Treat 0.018 0.007 2.624 .009**
Non-political Social:Treat 0.002 0.015 0.135 .893
Political Social:Treat 0.002 0.011 0.218 .828

Note: *** p < .001. ** p < .01. * p < .05.

0.2
>
= Post Type
o
_‘.g False
a . True
E’ . Non-political Social
S_-“ 0.1 . Political Social
n

0.0

Coﬁtrol Treatlment
Condition

Figure S1. Sharing probability by treatment and post type. The fraction of posts participants clicked the “share” button on, by
treatment (accuracy-prompt-only and accuracy-prompt-plus-borders, collapsed) and post type. Error bars reflect 95% confidence
intervals.



Bhardwaj; Martel; Rand 27

Table S22. Liking predicted by post type, treatment, and their interaction.

b SE z p

Intercept 0.151 0.012 12.619 <.001***
True 0.041 0.012 3.361 .001***
Non-political Social 0.273 0.019 14.154 <.001***
Political Social 0.139 0.016 8.985 <.001***
Treat 0.037 0.014 2.714 .007**
True:Treat -0.002 0.005 -0.438 .661
Non-political Social:Treat -0.061 0.017 -3.5 <.001***
Political Social:Treat -0.047 0.011 -4.35 <.001***

Note: *** p <.001. ** p <.01. * p <.05.

0.44
208 Post Type
§ False
j . True
o
g’ 0.2 . Non-political Social
f . Political Social

0.14

0.0

Cor;trol Treatlment
Condition

Figure S2. Liking probability by treatment and post type. The fraction of posts participants clicked the “like” button on, by
treatment (accuracy-prompt-only and accuracy-prompt-plus-borders, collapsed) and post type. Error bars reflect 95% confidence
intervals.
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Table $23. Engagement predicted by post type, treatment, and their interaction.

b SE z p

Intercept 0.347 0.021 16.277 <.001***
True -0.006 0.02 -0.298 .765
Non-political Social 0.161 0.023 6.918 <.001***
Political Social 0.062 0.021 2.995 .003**
Treat 0.03 0.02 1.532 126
True:Treat 0.016 0.008 1.902 .057
Non-political Social:Treat -0.052 0.018 -2.947 .003**
Political Social:Treat -0.042 0.011 -3.703 <.001***

Note: *** p < .001. ** p <.01. * p < .05.
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Appendix F: Pre-registered secondary analyses - participant
partisanship and post-political concordance

We pre-registered as a secondary analysis, including partisanship (z-scored) and post-political
concordance as potential moderators in our main analysis models. We made two deviations from our pre-
registered plan for coding post-concordance. First, non-political social posts were excluded from these
analyses, rather than included as baseline posts in the model. Second, COVID-related news items were
excluded from these analyses, rather than classified via pretest data. This is because the COVID-related
news items used in the current study were not pretested for political lean. We, therefore, examined
political, non-COVID news items and political social items in these analyses. Political concordance was
centered and determined via splitting z-scored partisanship (0.5 = concordant, -0.5 = discordant).

Table S24. Sharing predicted by post type, condition, participant partisanship, post concordance, and all

interactions.
b SE t p
Intercept 0.211 0.021 10.232 <.001%**
True -0.03 0.021 -1.411 .167
Political Social -0.048 0.02 -2.338 .025*
AccOnly -0.013 0.018 -0.733 .468
AccBorder 0.01 0.017 0.604 .549
Concord 0.09 0.015 5.996 <.001%**
zPartisan -0.01 0.015 -0.669 .508
True:AccOnly 0.015 0.01 1.535 134
Political Social:AccOnly 0.02 0.013 1.594 .120
True:AccBorder 0.011 0.007 1.53 .135
Political Social:AccBorder -0.03 0.013 -2.325 .026*
True:Concord -0.009 0.022 -0.397 .693
Political Social:Concord -0.045 0.017 -2.709 .010*
AccOnly:Concord -0.032 0.007 -4.315 <.001%**
AccBorder:Concord -0.011 0.009 -1.203 .237
True:zPartisan 0.004 0.015 0.268 .790
Political Social:zPartisan -0.007 0.013 -0.57 .573
AccOnly:zPartisan 0.022 0.016 1.417 .165
AccBorder:zPartisan 0.004 0.016 0.261 .796
Concord:zPartisan 0.064 0.032 2.011 .052
True:AccOnly:Concord -0.008 0.014 -0.604 .550
Political Social:AccOnly:Concord 0.023 0.008 2.711 .010*

True:AccBorder:Concord -0.032 0.024 -1.35 .186
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Political Social:AccBorder:Concord 0.01 0.009 1.087 .285
True:AccOnly:zPartisan -0.003 0.009 -0.272 .787
Political Social:AccOnly:zPartisan -0.009 0.01 -0.971 .338
True:AccBorder:zPartisan -0.006 0.014 -0.433 .668
Political Social:AccBorder:zPartisan 0.012 0.011 1.029 .310
True:Concord:zPartisan -0.017 0.035 -0.491 .626
Political Social:Concord:zPartisan -0.076 0.034 -2.237 .032*
AccOnly:Concord:zPartisan -0.023 0.018 -1.262 .215
AccBorder:Concord:zPartisan -0.029 0.01 -2.752 .009**
True:AccOnly:Concord:zPartisan -0.004 0.018 -0.211 .834
Political Social:AccOnly:Concord:zPartisan 0.017 0.018 0.959 .344
True:AccBorder:Concord:zPartisan 0.006 0.008 0.725 473
Political Social:AccBorder:Concord:zPartisan  0.033 0.01 3.375 .002%**

Note: *** p < .001. ** p <.01. * p < .05.

Table S25. Liking predicted by post type, condition, participant partisanship, post concordance, and all

interactions.
b SE t p

Intercept 0.15 0.015 9.958 <.001***
True 0.056 0.016 3.456 .001**
Political Social 0.143 0.018 7.776 <.001***
AccOnly 0.023 0.015 1.493 144
AccBorder 0.056 0.017 3.315 .002**
Concord 0.02 0.021 0.926 .361
zPartisan -0.018 0.016 -1.111 274
True:AccOnly -0.009 0.009 -0.926 .361
Political Social:AccOnly -0.019 0.01 -1.821 .077
True:AccBorder -0.006 0.011 -0.572 571
Political Social:AccBorder -0.082 0.016 -5.021 <.001***
True:Concord 0.103 0.021 4.906 <.001***
Political Social:Concord 0.067 0.026 2.585 .014*
AccOnly:Concord 0.005 0.014 0.356 724
AccBorder:Concord 0.015 0.014 1.064 .295
True:zPartisan -0.007 0.014 -0.496 .623

Political Social:zPartisan -0.018 0.016 -1.124 .269
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AccOnly:zPartisan
AccBorder:zPartisan
Concord:zPartisan
True:AccOnly:Concord

Political Social:AccOnly:Concord
True:AccBorder:Concord

Political Social:AccBorder:Concord
True:AccOnly:zPartisan

Political Social:AccOnly:zPartisan
True:AccBorder:zPartisan

Political Social:AccBorder:zPartisan
True:Concord:zPartisan

Political Social:Concord:zPartisan
AccOnly:Concord:zPartisan
AccBorder:Concord:zPartisan
True:AccOnly:Concord:zPartisan

Political
Social:AccOnly:Concord:zPartisan

True:AccBorder:Concord:zPartisan

Political
Social:AccBorder:Concord:zPartisan

-0.022

0.019

-0.022

-0.018

-0.022

-0.018

-0.007

0.012

0.048

-0.034

0.001

0.002

0.004

0.007

-0.004

0.025

-0.008

0.019

0.018

0.023

0.016

0.017

0.02

0.016

0.012

0.015

0.012

0.017

0.029

0.031

0.012

0.009

0.014

0.014

0.013

0.009

-0.013

-1.222

0.827

-1.362

-1.076

-1.123

-1.127

-0.533

0.845

-0.005

2.856

-1.161

0.044

0.188

0.431

0.501

-0.326

-0.857

.990
230
414
.182
.289
269
267
.597
404
.996
.007**
253
965
852
669
620

.746

.053

.397

Note: *** p < .001. ** p < .01. * p < .05.

Table $26. Engagement predicted by post type, condition, participant partisanship, post concordance,

and all interactions.
b SE t p

Intercept 0.337 0.026 12.993 <.001***
True 0.014 0.027 0.51 .613
Political Social 0.076 0.026 2.985 .005**
AccOnly 0.01 0.023 0.43 .670
AccBorder 0.059 0.024 2.407 .021*
Concord 0.1 0.022 4.517 <.001***
zPartisan -0.027 0.019 -1.383 .175
True:AccOnly 0.012 0.011 1.102 .278
Political Social:AccOnly 0.003 0.012 0.298 .768
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True:AccBorder 0.012 0.013 0.926 .361
Political Social:AccBorder -0.098 0.018 -5.604 <.001***
True:Concord 0.069 0.023 3.002 .005**
Political Social:Concord 0.007 0.027 0.271 .788
AccOnly:Concord -0.024 0.01 -2.39 .022%*
AccBorder:Concord -0.007 0.014 -0.46 .648
True:zPartisan -0.005 0.018 -0.293 771
Political Social:zPartisan -0.022 0.018 -1.243 222
AccOnly:zPartisan 0.027 0.021 1.243 222
AccBorder:zPartisan -0.014 0.021 -0.661 .513
Concord:zPartisan 0.071 0.037 1.93 .062
True:AccOnly:Concord -0.019 0.009 -2.023 .051
Political Social:AccOnly:Concord 0.012 0.009 1.312 .198
True:AccBorder:Concord -0.031 0.018 -1.727 .093
Political Social:AccBorder:Concord  -0.001 0.015 -0.076 .940
True:AccOnly:zPartisan -0.004 0.01 -0.423 .675
Political Social:AccOnly:zPartisan 0.004 0.011 0.342 .735
True:AccBorder:zPartisan -0.004 0.005 -0.806 425
Political Social:AccBorder:zPartisan  0.055 0.013 4.279 <.001***
True:Concord:zPartisan -0.057 0.042 -1.331 192
Political Social:Concord:zPartisan -0.064 0.042 -1.509 .140
AccOnly:Concord:zPartisan -0.022 0.026 -0.858 .397
AccBorder:Concord:zPartisan -0.022 0.02 -1.093 .282
True:AccOnly:Concord:zPartisan 0.03 0.026 1.172 .249
Political

Social:AccOnly:Concord:zPartisan 0.016 0.026 0.601 .552
True:AccBorder:Concord:zPartisan ~ 0.041 0.019 2.188 .035*
Political

Social:AccBorder:Concord:zPartisan 0.022 0.02 1.117 272

Note: *** p < .001. ** p <.01. * p < .05.
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Appendix G: Main analyses omitting practice item failures

As a pre-registered secondary analysis, we planned to conduct our main analyses excluding those who
never answered the practice newsfeed questions correctly after two attempts (included N = 1,264).

Table S27. Sharing predicted by post type, condition, and their interaction (excluding participants who
failed practice items).

b SE z p
Intercept 0.242 0.02 12.352 <.001%***
True -0.05 0.018 -2.804 .005**
Non-political Social -0.108 0.023 -4.737 <.001***
Political Social -0.071 0.019 -3.643 <.001***
AccOnly -0.03 0.019 -1.59 112
AccBorder -0.006 0.019 -0.334 .739
True:AccOnly 0.022 0.01 2.186 .029*
Non-political
Social:AccOnly 0.024 0.018 1.344 179
Political Social:AccOnly  0.031 0.014 2.221 .026*
True:AccBorder 0.021 0.007 3.263 .001%**
Non-political
Social-AccBorder -0.017 0.02 -0.843 .399
Political Social:AccBorder -0.021 0.016 -1.351 177

Note: *** p < .001. ** p <.01. * p < .05.

Table S28. Wald test comparing news veracity sharing discernment between accuracy-prompt-only and
accuracy-prompt-plus-border (excluding participants who failed practice items).

Res. Df F p

90,996 0.002 .967

Hypothesis tested: True:AccOnly - True:AccBorder = 0
Note: ¥** p < .001. ** p <.01. * p < .05.
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Table S29. Liking predicted by post type, condition, and their interaction (excluding participants who
failed practice items).

b SE z p
Intercept 0.131 0.012 11.178 <.001***
True 0.045 0.013 3.496 <.001***
Non-political Social 0.301 0.021 14.428 <.001***
Political Social 0.153 0.017 9.052 <.001***
AccOnly 0.027 0.016 1.747 .081
AccBorder 0.047 0.017 2.763 .006**
True:AccOnly 0 0.006 0.035 .972
Non-political
Social:AccOnly -0.022 0.02 -1.067 .286
Political Social:AccOnly  -0.02 0.011 -1.795 .073
True:AccBorder -0.001 0.007 -0.2 .841
gsgafc::c';'r o 0112 0.026 4317 <001%**
Political Social:AccBorder -0.077 0.019 -4.168 <.001***

Note: *** p < .001. ** p < .01. * p < .05.

Table $30. Wald test comparing news veracity liking discernment between accuracy-prompt-only and
accuracy-prompt-plus-border (excluding participants who failed practice items).

Res. Df

F

p

90,996

0.038

.846

Hypothesis tested: True:AccOnly - True:AccBorder = 0

Note: *** p < .001. ** p <.01. * p < .05.
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Table $31. Engagement (sharing and/or liking) predicted by post type, condition, and their interaction
(excluding participants who failed practice items).

b SE z p
Intercept 0.341 0.022 15.234 <.001***
True -0.007 0.021 -0.339 .735
Non-political Social 0.18 0.025 7.24 <.001***
Political Social 0.068 0.022 3.115 .002**
AccOnly 0 0.024 -0.015 .988
AccBorder 0.041 0.025 1.677 .093
True:AccOnly 0.022 0.008 2.657 .008**
Non-political
Social:AccOnly 0.006 0.021 0.291 771
Political Social:AccOnly 0.01 0.012 0.841 401
True:AccBorder 0.017 0.009 1.95 .051
gzcr;z-arl):(::;lrder 0117 0.025 4672 <.001%**
Political Social:AccBorder -0.094 0.018 -5.32 <.001***

Note: *** p < .001. ** p < .01. * p < .05.

Table $32. Wald test comparing news veracity engagement discernment between accuracy-prompt-only
and accuracy-prompt-plus-border (excluding participants who failed practice items).

Res. Df F p

90,996 0.664 415

Hypothesis tested: True:AccOnly - True:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.
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Appendix H: Main analyses omitting attention check item failures

As a pre-registered secondary analysis, we also planned to conduct our main analyses excluding those
who failed both pre-treatment attention check items (included N=841).

Table S33. Sharing predicted by post type, condition, and their interaction (excluding participants who
failed attention check items).

b SE z p
Intercept 0.174 0.02 8.723 <.001***
True -0.043 0.019 -2.314 .021*
Non-political Social -0.061 0.023 -2.681 .007**
Political Social -0.043 0.02 -2.155 .031*
AccOnly 0.012 0.02 0.617 .537
AccBorder -0.001 0.019 -0.032 .975
True:AccOnly 0.017 0.011 1471 141
Non-political
Social:AccOnly 0.003 0.019 0.162 .871
Political Social:AccOnly  0.014 0.014 1.006 314
True:AccBorder 0.02 0.01 2.044 .041*
Non-political
Social-AccBorder -0.02 0.02 -1.018 .309
Political Social:AccBorder -0.022 0.016 -1.361 174

Note: *** p < .001. ** p <.01. * p < .05.

Table S34. Wald test comparing news veracity sharing discernment between accuracy-prompt-only and
accuracy-prompt-plus-border (excluding participants who failed attention check items).

Res. Df F p

60,540 0.113 736

Hypothesis tested: True:AccOnly - True:AccBorder = 0
Note: *** p < .001. ** p < .01. * p < .05.
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Table S35. Liking predicted by post type, condition, and their interaction (excluding participants who
failed attention check items).

b SE z p
Intercept 0.09 0.012 7.757 <.001***
True 0.054 0.014 3.852 <.001***
Non-political Social 0.282 0.024 11.77 <.001***
Political Social 0.139 0.017 8.04 <.001***
AccOnly 0.045 0.017 2.599 .009**
AccBorder 0.05 0.018 2.828 .005**
True:AccOnly -0.005 0.008 -0.563 .574
Non-political
Social:AccOnly -0.017 0.025 -0.701 483
Political Social:AccOnly  -0.011 0.012 -0.919 .358
True:AccBorder -0.002 0.009 -0.277 781
gscr:afc::c';zlr tor 0104 0028 3675 <.001%**
Political Social:AccBorder -0.067 0.018 -3.745 <.001***

Note: *** p <.001. ** p <.01. * p <.05.

Table S36. Wald test comparing news veracity liking discernment between accuracy-prompt-only and
accuracy-prompt-plus-border (excluding participants who failed attention check items).

Res. Df

F

p

60,540

0.127

722

Hypothesis tested: True:AccOnly - True:AccBorder = 0

Note: ¥** p < .001. ** p <.01. * p < .05.
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Table $37. Engagement (sharing and/or liking) predicted by post type, condition, and their interaction
(excluding participants who failed attention check items).

b SE z p

Intercept 0.239 0.022 10.955 <.001***
True 0.005 0.022 0.238 .811
Non-political Social 0.201 0.028 7.21 <.001***
Political Social 0.079 0.023 3.399 .001***
AccOnly 0.054 0.026 2.08 .037*
AccBorder 0.059 0.025 2.358 .018*
True:AccOnly 0.014 0.013 1.054 .292
Non-political

Social:AccOnly -0.006 0.026 -0.249 .803
Political Social:AccOnly  0.002 0.014 0.14 .888
True:AccBorder 0.016 0.012 1.34 .180
g;’cr:afc:;tc';lr tor 0111 0.029 3796 <.001***
Political Social:AccBorder -0.084 0.02 -4.274 <.001***

Note: *** p <.001. ** p <.01. * p <.05.

Table S38. Wald test comparing news veracity engagement discernment between accuracy-prompt-only
and accuracy-prompt-plus-border (excluding participants who failed attention check items).

Res. Df

F

p

60,540

0.190

.663

Hypothesis tested: True:AccOnly - True:AccBorder = 0

Note: *** p < .001. ** p < .01. * p < .05.
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Appendix I: Exploratory analyses - partisanship moderation

We also conducted several exploratory analyses examining participant partisanship (z-scored) moderation
of treatment effects for all post types. We did not find evidence that partisanship moderates the effect of
either of our treatment conditions on sharing, liking, or overall engagement, though moderation of
sharing discernment is marginally significant for the accuracy-prompt-only condition (b = .018, p = .054),
such that more Republican participants are more likely to share true relative to false news in the accuracy-
prompt-only treatment. Interestingly, we also find that more Republican participants are relatively more
likely to like and overall engage with both non-political and political social posts in the accuracy-prompt-
plus-borders condition—that is, the border condition is less likely to attenuate liking and overall
engagement with non-news posts for more Republican participants.
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Table S39. Sharing predicted by post type, condition, participant partisanship, and their interaction.

b SE z p

Intercept 0.229 0.018 12.549 <.001***
True -0.043 0.017 -2.622 .009**
Non-political Social -0.101 0.021 -4.821 <.001***
Political Social -0.065 0.018 -3.608 <.001***
AccOnly -0.02 0.018 -1.15 .25
AccBorder 0 0.017 -0.014 .989
zPartisan 0.01 0.018 0.542 .588
True:AccOnly 0.018 0.009 2.144 .032%*
Non-political Social:AccOnly 0.022 0.016 1.35 177
Political Social:AccOnly 0.027 0.012 2.233 .026*
True:AccBorder 0.021 0.006 3.601 <.001***
Non-political

. -0.017 0.018 -0.934 .351
Social:AccBorder
Political Social:AccBorder -0.019 0.014 -1.372 17
True:zPartisan -0.031 0.019 -1.636 .102
Non-political

. ] -0.02 0.017 -1.129 .259
Social:zPartisan
Political Social:zPartisan -0.027 0.017 -1.61 .107
AccOnly:zPartisan 0.014 0.017 0.808 419
AccBorder:zPartisan 0.004 0.017 0.217 .828
True:AccOnly:zPartisan 0.018 0.009 1.927 .054
Non-political

. . -0.007 0.015 -0.465 .642
Social:AccOnly:zPartisan
Political

. . -0.001 0.011 -0.097 .923
Social:AccOnly:zPartisan
True:AccBorder:zPartisan 0 0.01 -0.008 994
Non-political

. . 0.009 0.018 0.513 .608
Social:AccBorder:zPartisan
Political

0.012 0.013 0.937 .349

Social:AccBorder:zPartisan

Note: *** p < .001. ** p <.01. * p < .05.
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Table 540. Liking predicted by post type, condition, participant partisanship, and their interaction.

b SE z p

Intercept 0.153 0.012 12.621 <.001***
True 0.04 0.012 3.28 .001%**
Non-political Social 0.273 0.019 14.09 <.001***
Political Social 0.14 0.016 8.96 <.001***
AccOnly 0.023 0.016 1.46 144
AccBorder 0.053 0.017 3.119 .002**
zPartisan -0.022 0.013 -1.743 .081
True:AccOnly -0.001 0.005 -0.173 .862
Non-political Social:AccOnly -0.014 0.018 -0.772 A4
Political Social:AccOnly -0.019 0.01 -1.875 .061
True:AccBorder -0.002 0.005 -0.367 714
Non-political

. P -0.113 0.023 -4.929 <.001***
Social:AccBorder
Political Social:AccBorder ~ -0.079 0.017 -4.791 <.001***
True:zPartisan -0.015 0.015 -0.969 .332
Non-political

. . 0.01 0.015 0.646 .518
Social:zPartisan
Political Social:zPartisan -0.013 0.015 -0.876 .381
AccOnly:zPartisan 0 0.017 0.016 .987
AccBorder:zPartisan -0.017 0.018 -0.938 .348
True:AccOnly:zPartisan -0.003 0.008 -0.37 712
Non-political

. . -0.003 0.019 -0.144 .886
Social:AccOnly:zPartisan
Political

. . 0.012 0.013 0.945 .344
Social:AccOnly:zPartisan
True:AccBorder:zPartisan 0 0.005 -0.019 .985
Non-political

. . 0.063 0.023 2.697 .007**
Social:AccBorder:zPartisan
Political

0.042 0.017 2.539 .011%*

Social:AccBorder:zPartisan

Note: *** p <.001. ** p <.01. * p <.05.
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Table $41. Engagement predicted by post type, condition, participant partisanship, and their interaction.

b SE z p

Intercept 0.351 0.022 16.262 <.001***
True -0.007 0.02 -0.348 .728
Non-political Social 0.16 0.023 6.834 <.001***
Political Social 0.062 0.021 2.962 .003**
AccOnly 0.005 0.023 0.238 .812
AccBorder 0.053 0.024 2.269 .023%*
zPartisan -0.012 0.021 -0.582 .561
True:AccOnly 0.019 0.008 2.361 .018*
Non-political Social:AccOnly 0.011 0.019 0.586 .558
Political Social:AccOnly 0.008 0.011 0.768 442
True:AccBorder 0.018 0.009 2.104 .035%*
Non-political

. P -0.116 0.022 -5.189 <.001***
Social:AccBorder
Political Social:AccBorder -0.093 0.016 -5.696 <.001***
True:zPartisan -0.043 0.026 -1.653 .098
Non-political

. ] -0.007 0.02 -0.359 72
Social:zPartisan
Political Social:zPartisan -0.037 0.022 -1.679 .093
AccOnly:zPartisan 0.018 0.022 0.811 417
AccBorder:zPartisan -0.011 0.023 -0.474 .635
True:AccOnly:zPartisan 0.015 0.009 1.668 .095
Non-political

. . -0.014 0.017 -0.826 .409
Social:AccOnly:zPartisan
Political

. . 0.013 0.011 1.141 .254
Social:AccOnly:zPartisan
True:AccBorder:zPartisan 0.003 0.006 0.446 .655
Non-political

. . 0.064 0.022 2.96 .003**
Social:AccBorder:zPartisan
Political

0.052 0.015 3.553 <.001***

Social:AccBorder:zPartisan

Note: *** p < .001. ** p < .01. * p < .05.
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Appendix J: Social media posts & newsfeed stimuli

Table S42. Counts and examples of each type of social media post in participants’ simulated newsfeeds.

Post type Number of posts Example of post

True COVID-19 3

@

Amid coronavirus, anti-inflammatory diet may help reduce risk of severe

iiness, experts say

N e

Amid coronavirus, anti-inflammatory diet may help
reduce risk of severe illness, experts say

Y Like ) Comment

True Vaccine 3

@

*Finishing the deal’: Biden vaccine victories build on Trump team's work

PANDING
NE SUBSTANC
ODUCTION

%

|

‘Finishing the deal’: Biden vaccine victories build on
Trump team’s work

o) Like ) Comment 2 Share

True Pro-Democratic 3

@

Fans celebrate ‘Jeopardy!" contestant for shining light on bisexuality

v

Fans cel ‘Jeopardy!' for shining
light on bisexuality

o) Like ) comment &> Share
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True Pro-Republican 3

@

Joe Biden's son Hunter Biden under federal investiation for tax case.

Joe Biden's son Hunter Biden under federal
investigation for tax case

omment &> Share

False COVID-19 3

@

HUGE! MN Senator and Dr. Reveals HHS Document Coached him on
How to Overcount Covid-19 Cases.

HUGE! MN Senator and Dr. Reveals HHS Document Coached
Him on How to Overcount COVID-19 Cases -- WITH COPY O...

o) Like () Comment &> Share

False Vaccine 3

@

ABS News admitted five years ago that vaccines contain ingredients
derived from aborted babies.

ABC News admitted five years ago that vaccines contain
ingredients derived from aborted babies

o) Like () Comment 2> Share
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False Pro-Democratic 3
@
Report: FBI Investigating Whether Trump Spent $3 Million in Wisconsin
Buying Notes.
—aepeage = see geage
Report: FBI Investigating Whether Trump Spent $3
Million in Wisconsin Buying Votes
o Like (O Comment /> Share
False Pro-Republican 3
@
IIhan Omar Spits On The Tomb of the Unknown Soldier.
INATAT
Ilhan Omar Spits On The Tomb of the Unknown
Soldier
o) Like (O Comment A Share
Democratic Political 12
@
SOCIaI Today, | finally got the Covid vaccine. Knowing that | am safer with it
makes me extremely grateful
o Like () Comment & Share
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Republican Political 12
@
Soc I a I Doggo loves being American! Went to another rally the other day to fight
for our freedom. #proudrepmom
Non-news Social 24

@

My littie girl's fourth birthday! Can't believe she is growing up so fast, can't
wait for the new memories!

o Like (O Comment /> Share

f

Post Veracity
' (O=False, 1=True)
0
' . 1
0.01

rciz rcil rr'2 v;l f(iz f(i3 VFZ fr'3 c;3 V%Z c;l r(i3 v;3 rr'3 fcil c%3 c%l 0;2 fr'2 rrll vf'3 v;l c;z frll
News Post Code

o
N
n

Sharing Probability

o
=
1

Figure S3. Sharing probability by individual news post. The fraction of posts participants clicked the “share” button on in the
control condition, by specific news post. Error bars reflect 95% confidence intervals.
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STATNEWS.COM

CDC: Coronavirus spread may last into 2021, but impact can be
blunted

Would you consider sharing this story online (for example, through Facebook or
Twitter)?

Soccer players walk out of match in Paris after
referee accused of making racist

Figure S4. Single item per page versus scrollable feed news sharing surveys. A side-by-side comparison of single item per page
survey study design versus scrollable feed design. (Left) Example of common format for asking sharing decisions about news
headlines in surveys, in which a single headline is presented on a page, and participants are asked a multiple-choice item about
sharing intentions; from Epstein et al. 2021, Figure 5. (Right) Scrollable feed format used in current work, with multiple headlines
shown per page, and clickable “like” and “share” buttons under each headline.



