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Abstract

Humans rely on social consensus to assess the credibility of
information. Confidence in a claim can be influenced by re-
peated exposure to the same source (dependent consensus),
which can create an illusion of consensus. This study investi-
gated whether people differentiate between dependent consen-
sus and consensus derived from multiple independent sources.
In two experiments, participants rated their confidence in a
claim after exposure to an increasing number of supporting
claims within a mock social media environment. Results re-
vealed that although dependent and independent consensus
were weighted similarly when exposed to a small number
of claims, independent consensus carried greater influence as
claim exposures increased, regardless of the claim’s valence.
These findings were further supported by analysis of free-
text justifications of responses using large language models
(LLMs). Our findings show that people differentiate between
the epistemic weight of different consensus types on social me-
dia, where repeated exposure to claims is common.

Keywords: consensus; repetition; source independence; so-
cial reasoning; text analysis

Introduction

We rely heavily on others to interpret and explain the world
around us. Unfortunately, not everyone we depend on is hon-
est, knowledgeable, or reliable. As misinformation becomes
increasingly prevalent, it is more important than ever to un-
derstand how we evaluate the credibility of information. One
cue that is often used to assess the reliability of a claim is to
consider the consensus among supporting opinions (Mercier
& Morin, 2019). People are often influenced by widely en-
dorsed ideas, which highlights the powerful impact of con-
sensus on our beliefs and judgments (Lewandowsky, Cook,
Fay, & Gignacl 2019; Franzen & Mader] [2023; Ransom, Per-
fors, & Stephens), 2021)).

Although a consensus among various information sources
can often suggest that a claim is reliable (Mercier & Morin,
2019), opinions or claims originating from a single source
and shared repeatedly by others can create an illusion of
widespread agreement. This phenomenon is known as the
illusion of consensus (Yousif, Aboody, & Keil, 2019). This
illusion is illustrated by climate denial blogs. A study by
Harvey et al.| (2018)) found that 80% of 45 science-denying
blogs cited a single source, Polar Bear Science, which is run
by a self-proclaimed expert lacking original research or peer-
reviewed publications. Such instances are common (Center,
for Countering Digital Hate, 2021), highlighting the persua-
sive impact of repetition.
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A social consensus drawn from multiple independent in-
formation sources is generally seen as more reliable than
one based on dependent sources, which often repeat others’
claims. This principle is enshrined in normative models of
judgement and decision-making (Bovens, Hartmann, et al.,
2003; |Oktar, Lombrozo, & Griffiths, 2024} |Whalen, Griffiths,
& Buchsbaum, [2018), particularly Bayesian models that pri-
oritize information from independent informants over those
relying on shared information (Whalen et al., [2018).

However, empirical studies of how people weigh indepen-
dent versus dependent consensus have yielded mixed results.
Some research indicates that individuals do not differentiate
between the epistemic weight of these types of consensus
(Aboody, Yousif, Sheskin, & Keil, [2022; |Yousif et al., 2019;
Sulik, Bahrami, & Deroy, [2020). For example, in an exper-
iment by |Yousif et al.| (2019), participants read news articles
about a claim (e.g., that a new tax policy would boost eco-
nomic growth). In the independent consensus condition, each
article cited a different expert, while in the dependent consen-
sus condition, all articles referenced the same expert. Partic-
ipants’ confidence in the claim increased with both types of
consensus compared to a baseline with no consensus. Other
studies suggest that people may favor independent consen-
sus slightly more, though the effect is often small. For in-
stance, Alister et al. (2025) presented mock social media
posts about various claims (e.g., “narcissists are more po-
litically engaged”). Some posts reflected independent con-
sensus (different experts), while others illustrated dependent
consensus (the same expert). A small group-level effect re-
flected greater confidence in independent consensus. This
small effect, however, was carried by a minority of partici-
pants - only 23% consistently preferred independent consen-
sus. [Connor Desai, Xie, and Hayes| (2022)) also found that
participants were more persuaded by independent than de-
pendent consensus, but only when source independence was
strongly emphasized.

Identifying a clear advantage of independent consensus
over dependent consensus is difficult, which aligns with the
tendency for people to see repeated claims as more credible.
An abundant literature has shown that repeated statements are
often perceived as more truthful than new, unmentioned ones
(e.g., Henderson, Westwood, & Simons, [2022} |[Fazio, Pillai,
& Patell |2022). There are several possible mechanisms that
could underlie this effect. Repetition aids in encoding and
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familiarity, enhancing retrieval and processing, making re-
peated claims appear more credible (Alter & Oppenheimer,
2009; [Unkelbach, Fiedler, & Freytagl 2007). As noted ear-
lier, people may also infer that information is being inten-
tionally repeated because it comes from a more credible or
reliable source (e.g., [Colantonio, Durkin, Caglar, Shafto, &
Bonawitz, [2021; |Oktar & Lombrozol 2025). Evidence for
this mechanism comes from studies that have analyzed par-
ticipants’ written responses to claims based in independent
or dependent consensus. Participants exposed to a dependent
consensus often perceived a single, frequently cited source
as especially credible based solely on its repeated mention
(Connor Desai et al., [2022; |(Connor Desati, Fai, Lee, & Hayes|
2024).

The Limits of Repetition

Current evidence suggests that an overemphasis on repeated
information makes it difficult for people to evaluate the
strength of claims based on independent versus dependent
consensus. However, a significant limitation of many previ-
ous studies of consensus effects is that participants were typ-
ically exposed to only three or four informants supporting a
claim (e.g.,|Yousif et al.| [2019; |Connor Desai et al.,[2022)). In
social media contexts, however, individuals often encounter
repeated claims much more frequently. This design feature
may have amplified the influence of dependent consensus in
earlier research.

Recent work shows that repetition can increase the per-
ceived truth of a claim, but this effect diminishes after a cer-
tain point. For example, |[Fazio et al.| (2022) found that re-
peated exposure to true or false trivia statements of up to 16
times over two weeks significantly boosted perceived truth-
fulness, regardless of the statement’s actual truth. However,
this effect diminished after 5 to 10 repetitions, with minimal
impact from further exposure. Similarly, [Hassan and Barber
(2021) noted diminishing returns on truth ratings after nine
repetitions. In a related paradigm, [Ernst, Kiihne, and Wirth
(2017) identified a “boomerang effect,” where excessive rep-
etition of negative messages reduced their perceived credibil-
ity. Based on similar findings, |Koch and Zerback| (2013)) sug-
gested that excessive repetition can trigger distrust, making it
seem like an attempt to persuade rather than inform.

The Current Studies

Previous research on the illusion of consensus has typically
involved limited repetitions from a single source (e.g., four
repetitions in |Yousif et all 2019). The current studies re-
examine susceptibility to this illusion by exposing partici-
pants to either independent or dependent consensus through
multiple iterations (up to ten) of fictional social media posts.
These posts featured independent expert endorsements, based
on the premise that independent consensus would be more
persuasive than dependent consensus as exposures increase.
We used mock social media posts from fictional news ac-
counts featuring either independent or dependent expert en-
dorsements of a claim (cf. |Alister, Ransom, & Perfors), 2022}
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Figure 1: Example Posts in Consensus Conditions Experiment 1.

Ransom et al., [2021). Given the strong normative arguments
favoring independent consensus and previous results show-
ing diminishing effects of multiple repetitions (e.g., [Fazio et
al,2022)), we predicted that people would be more persuaded
by independent as compared with dependent consensus as the
number of exposures increases.

We also used large language models (LLMs) for ex-
ploratory text analyses to categorize participants’ justifica-
tions for their confidence ratings rather than relying on human
coders. Our focus was on how individuals interpreted inde-
pendent and dependent consensus; specifically whether they
differentiated between agreement from independent sources
and repetition from a single source.

Experiment 1

Experiment 1 explored the effects of independent versus de-
pendent consensus by presenting a novel claim through multi-
ple social media posts. We aimed to see if up to 10 exposures
would increase confidence in claims supported by indepen-
dent evidence compared to dependent testimony.

Method

Participants In total, 151 participants were recruited via
the Prolific crowdsourcing platform and randomly either al-
located to an INDEPENDENT or a DEPENDENT CONSENSUS
condition. Data from 19 participants (10 in the independent
condition and 9 in the dependent condition) were excluded
based on post-test understanding of the experimental proce-



dure (final sample: INDEPENDENT CONSENSUS, n = 65; DE-
PENDENT CONSENSUS = 67). Data from 132 participants
were analyzed (Myg, = 36.88, SDyg. 12.76, females = 69,
males = 59, non-binary = 4). All participants were residents
of the US, the UK, Canada, Australia, New Zealand, or Ire-
land and received £1.50 compensation at the end of the study.
The study was not preregsitered.

Table 1: Distribution of Positive (+) and Negative (-) Social Media
Posts by Consensus Condition and Phase

Within subjects
Baseline Phase1 Phase2 Phase 3
+ - + - + -+ -
Between Dependent 1 1 +3 0 +3 0 +3 O
Independent 1 I +3 0 +3 0 43 0
Cumulative Total 1 1 4 1 7 1 10 1
Materials Experimental stimuli were mock media posts re-

sembling those from the social media platform ‘X’ (formally
known as Twitter) — see Figure [T} Participants were told to
imagine that a debate was being held online on the use of ge-
netically modified (GM) crops and that they would see social
media posts from news outlets regarding this debate (see OSF
for verbatim instructions). We chose this topic because pre-
vious studies show that most adults do not have strong prior
beliefs about the value of genetically modified (GM) crops
(Ransom et al.|, 2021} |Alister et al., 2022)). This helps avoid
ceiling effects in confidence ratings or floor effects in Exper-
iment 2. We used Anglo-Saxon expert names in the mock
social media posts and their academic institutions. Partici-
pants in the independent consensus condition viewed posts
featuring different experts and institutions.

Participants in the DEPENDENT CONSENSUS condition
viewed posts about two experts and academic institutions in
the initial phase. One source was repeated in later phases,
with posts paraphrased but consistently supporting the claim.
Research indicates that paraphrased repetitions can have ef-
fects similar to exact repetitions (Pillai & Fazio, 2024)). Fig-
ure[I]shows examples of each type of consensus stimulus. All
posts had identical timestamps and contained no additional
sharing or endorsement details, like “likes” or emojis.

All experimental stimuli were produced using TWEET-
GEN Beta. Media site names were generated using Chat
GPT-3.5 (2024), and media site logos were generated using
LOGO.com. See OSF for full set of stimuli.

Procedure The experiment was coded and run using
JSPsych (De Leeuw, 2015). Participants provided consent
and demographic information before reading instructions,
followed by a three-item comprehension test. A perfect score
was required to proceed; failure meant starting over.
Participants viewed social media posts across four phases,
as summarized in Table[I] We presented all participants with
two posts sequentially at baseline; one supporting and one
opposing the use of GM crops, with order randomized. They
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had unlimited time to read each post, but could advance to
the next screen 3 s after a post appeared. After both posts,
they rated their confidence with the claims supporting GM
crops, “Based on all the claims you have seen so far, to what
extent do you agree that genetically modified crops are a good
idea?”, using a 0-100 on screen slider (0 = Strongly disagree,
50 = Neutral, 100 = Strongly agree).

In the three subsequent phases of the study, participants
were shown three sequential social media posts, all support-
ing the use of genetically modified (GM) crops. The presen-
tation method mirrored that of the baseline phase. After each
set of posts, participants re-rated their confidence in the claim.
Those in the INDEPENDENT CONSENSUS condition viewed
10 social media posts over four phases reporting that differ-
ent experts supported the claim. A different combination of
expert name and academic institution was used for each post,
with a different media outlet responsible for each post. Those
in the DEPENDENT CONSENSUS condition viewed the same
number of posts, all reporting that the same expert supported
the claim. The name of the expert and academic institution
remained the same for each post, but a different media outlet
was responsible for the post. The particular expert/institution
names used in the dependent condition, were randomly se-
lected for each participant from the nine possible combina-
tions.

After phase 4, participants completed two memory checks
for the post details. They estimated the total number of posi-
tive claims and total number of positive negative claims pre-
sented during the main task. They were then presented with a
randomly ordered list of 14 expert names, containing the 11
names or 2 names used in the INDEPENDENT or DEPENDENT
conditions respectively. They were asked to click on all those
that actually were presented during the task.

Participants then completed several post-test questions.
They rated their own view of GM foods prior to participation.
They were next asked to type a free text response to a ques-
tion about the effects of consensus on their belief in the claim.
This was worded differently for the INDEPENDENT and DE-
PENDENT conditions “Most of the posts you saw cited [differ-
ent] / [the same] experts. How did this influence your judg-
ment about whether genetically modified crops are a good
idea?”. They were then asked to respond to the counterfac-
tual question “How would your judgment have changed (if at
all) if all the posts had cited [the same] / [different] experts?”
They were also asked to rate their willingness to share one of
the posts that had a positive view of GM foods. Responses
to this question showed that people were generally unwilling
to share (only 30.6 percent responded positively) and are not
analyzed further in this paper (see OSF for further details).

Exclusion Criteria Participants in the INDEPENDENT
CONSENSUS condition were excluded if they selected only
one expert name during the memory check, if all selected
names were incorrect, or if their estimates of positive and neg-
ative claims were negative or zero. In the DEPENDENT CON-
SENSUS, participants were excluded for selecting more than
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two different expert names or names differing from those pre-
sented in the experiment, as well as for negative differences
between their positive and negative estimates (a zero differ-
ence was acceptable, indicating a response to the number of
independent expert posts viewed).

Results & Discussion

All analyses were conducted using JASP (Version 0.18.3;
JASP Team, [2025)). Target claim confidence was analyzed
with Bayesian mixed analysis of covariance (BANCOVA).
Default prior settings were applied unless otherwise spec-
ified, and all models included random slopes for repeated
measures factors. Model comparisons were based on Bayes
factors and posterior probabilities to identify the best-fitting
model. Following [Lee and Wagenmakers| (2014)), a Bayes
Factor (BF() of 1 to 3 indicates “anecdotal” evidence for the
alternative hypothesis, 3 to 10 represents “moderate,” 10 to 30
shows “strong,” 30 to 100 indicates “very strong,” and above
100 signifies “extreme” evidence. For the null hypothesis, a
BFjo between 0.33 and 1 indicates anecdotal evidence, 0.33
to 0.1 indicates moderate, and 0.1 to 0.03 represents strong.
Target claim confidence Figure [2] shows that confidence
increased from Baseline to Phase 1 in both consensus con-
ditions. In subsequent phases, ratings diverged showing
increased confidence in INDEPENDENT CONSENSUS but
no change in DEPENDENT CONSENSUS. The BANCOVA
model, which included Prior Beliefs as a covariate, Phase,
Consensus, and their interactions, yielded the highest poste-
rior probability (P(M | data) = 0.810), indicating strong sup-
port for its explanatory power (BFy = 38.275).

The analysis of effects provided evidence for the inclusion
of several predictors. The effect of Phase showed extreme
evidence in favor of inclusion, with P(incl | data) = 0.190
(BFing = 1.574 x 10*9). The interaction between Phase and
Consensus demonstrated moderate evidence for inclusion,
with P(incl | data) = 0.810 and BFjy) = 6.663. Prior Beliefs
had extreme evidence for inclusion, as reflected by P(incl |
data) = 1.000 and BFj,,; = 2.006 x 10°. In contrast, the ef-
fect of Consensus alone provided only anecdotal evidence for
inclusion, with P(incl | data) = 0.116 and BF;,,; = 1.671.

Experiment 1 revealed that confidence evolves differently
across multiple exposures to claims based on the type of con-
sensus. In both consensus conditions confidence initially in-
creased. Across subsequent exposures, however, confidence
patterns for each condition diverged. In the DEPENDENT con-
dition, confidence stabilized, showing that repeated agree-
ment among the same individuals did not further increase
confidence. In the INDEPENDENT condition, on the other
hand, confidence continued to grow, indicating that new, in-
dependent sources of agreement bolster confidence in the tar-
get claim. This suggests that the impact of consensus depends
on both agreement and the independence of contributors.
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Figure 2: Target claim confidence as a function of consensus type
in Experiment 1. Diamonds represent the mean and error bars rep-
resent 95% confidence intervals. Jitter represents individual data
points.

Experiment 2

Experiment 1 confirmed our hypothesis that independent con-
sensus is more persuasive than dependent consensus when
people encounter more of the same claim in increasing num-
bers. Experiment 2 explored whether a similar pattern would
occur when the consensus valence was reversed, specifically
focusing on negative claims about GM foods. While studies
of illusory truth suggest that the perceived truth of a repeated
claim is not influenced by its valence (Unkelbach, Bayer,
Alves, Koch, & Stahl, [2011), other research indicates that
message valence can affect both the frequency and speed of
sharing content on social media (Tsugawa & Ohsaki} 2015).

Method

Participants A total of 162 participants were recruited and
randomly allocated to either an INDEPENDENT or a DEPEN-
DENT CONSENSUS condition. The majority (n = 150) were
recruited and tested online via Prolific and received the same
monetary payment as in the previous experiment. A mi-
nority (n = 12) were recruited from the UNSW undergrad-
uate subject pool and received course credit for participa-
tion. Preliminary analyses found no differences between
the ratings patterns of these subgroups, so they were com-
bined. Using the same criteria as Experiment 1, data from
16 participants was excluded (10 in the independent con-
dition, 6 in the dependent condition) (final sample: INDE-
PENDENT CONSENSUS, n = 74; DEPENDENT CONSENSUS =
72). Data from 146 participants was analyzed (Mg, = 38.16,
SDgge = 14.68, females = 74, males = 72). The study was
preregistered — see |https://osf.io/q379s/?view_only=
£5e742£824334386b4326feelacdaladlfor details.
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Figure 3: Target claim confidence as a function of consensus type
in Experiment 2. Diamonds represent the mean and error bars rep-
resent 95% confidence intervals. Jitter represents individual data
points

Design, Materials & Procedure The experimental design
and procedure were the same as Experiment 1 with the fol-
lowing exceptions. The most important change was in the
valence of the claims and ratings concerning GM foods. In
this case, most posts in both consensus conditions reported
expert views opposing the use of GM crops. We accordingly
modified the rating required in each phase, “Based on all the
claims you have seen so far, to what extent do you agree that
genetically modified crops are a bad idea?”. The other change
was that the question about prior views on GM foods was pre-
sented before the main task.

Results & Discussion

Figure [3| shows that the pattern of change in subsequent rat-
ings was generally similar to that observed in the previous
study. The BANCOVA results revealed that the best-fitting
model, which included Phase, Prior Beliefs, Consensus, and
the interaction Phase x Consensus, yielding the highest pos-
terior probability (P(M | data) = 0.921), and indicating strong
support for its explanatory power (BFy = 104.248).

The analysis of effects revealed varied levels of evidence
for inclusion across the predictors. The effect of Phase
showed overwhelming evidence for inclusion, with P(incl |
data) = 0.079 and BFj,q = 8.983 x 10°3. The variable
Prior Beliefs demonstrated extreme evidence for inclusion,
as P(incl | data) = 1.000 and BFjq = 4.917 x 10*. In con-
trast, the effect of Consensus showed anecdotal evidence for
the null hypothesis, with P(incl | data) = 0.024 and BFj,q =
0.435. The interaction term, Phase x Consensus, showed
strong support for inclusion, with P(incl | data) = 0.921 and
BFjn1 = 38.250.

As in Experiment 1, the interaction between Phase and
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Consensus again suggests that differentiation between inde-
pendent and dependent consensus increased with successive
exposures to independent or dependent (repeated) claims.

Exploratory Text Analysis

To further examine participants’ preferences regarding inde-
pendent versus dependent consensus, we used two large lan-
guage models (LLMs) — Anthropic’s “Claude 3.5 Sonnet”
(model released October 22, 2024) and Google’s Gemini 1.5
Pro (Georgiev et al.l 2024) — to analyze their free-text re-
sponses to two of the post-test questions. The prompts were
thus specific to each participant and included the claim about
genetically modified crops, the text of the two questions, and
both of the participant’s responses. Due to their considerable
length, full versions of the prompts and responses are, full de-
tails of LLM prompts, the response coding system and LLM
instructions to rate the difficulty of each coding task are avail-
able in our OSF repository

Responses to the first question regarding how multiple
posts citing either different experts (or the same expert, de-
pending on condition) influenced beliefs, were coded: as
“positive” or “negative” if the nature of the consensus had a
positive or negative impact on their belief, “none” if it did not,
“other positive” or “other negative” if other factors were dis-
cussed instead, or “unspecified” if no better label applied. Re-
sponses to the second question, which asked people whether
they would have been more convinced by the consensus they
saw or the relevant counterfactual, was coded to capture the
preference expressed: “dependent”, “independent”, “none”
(i.e., no preference for either), or “unspecified”. For each
question the models rated the difficulty of the coding task as:
“easy” if the answer was explicitly stated, “moderate” where
it was implied, “difficult” where significant guess work was
involved, or “impossible” for poor quality responses.

We analyzed the effect of three binary factors on the gener-
ated response codings: LLM (CLAUDE vs GEMINI), consen-
sus condition (DEPENDENT vs INDEPENDENT), and experi-
ment (ExP1 vs EXP2). Response proportions for the respec-
tive coding options for each question are shown in Figure 4]
which reveals two important patterns consistent with our
overall findings. Firstly, according to our LLM raters, people
in the INDEPENDENT CONSENSUS condition reported that
the expert citations they saw had a positive impact on their
confidence in the claim presented, more frequently than peo-
ple in the DEPENDENT condition (}>(1) = 31.9,p < .001).
Likewise, they reported a negative impact less frequently
(x*(1) = 22.6,p < .001). Secondly, when asked to directly
consider the counterfactual condition, people’s responses in-
dicated a strong preference in favor of an independent con-
sensus over a dependent one (x>(1) = 58.5,p < .OOlﬂ

'As this analysis was exploratory, and because our checks
revealed plausible responses from the LLM’s, prompt/parameter
sweeps and ablation studies were deferred for future work.

2Wald %2 tests were based on a multinomial logistic regression
model predicting the relevant response coding on the basis of the
three binary factors discussed (with no interactions).
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Figure 4: Proportion of response codings generated by two LLMs for people’s free-text responses to questions concerning the influence of
the expert citations they saw (left panel), and the kind of consensus they prefer (right panel). Solid horizontal lines represent mean proportions
per response type, coloured points represent marginal means across three factors (different shapes) at each of two levels (same shapes). Error
bars and shaded regions represent 95% CI of the respective mean. The infrequent “unspecified” responses are omitted to save space.

General Discussion

We investigated whether people are sensitive to the epistemic
basis of different consensus types with increasing exposures
to an expert claim informed by one expert (DEPENDENT
CONSENSUS) or multiple different experts (INDEPENDENT
CONSENSUS). Both experiments demonstrated that, after a
limited number of claim exposures, participants gave equal
weight to both consensus types, aligning with prior research
indicating insensitivity to how a consensus is formed with a
small number of claim exposures (Yousif et al., 2019} [Xie
& Hayes, 2022). A key novel contribution was our find-
ing that confidence in claims based on independent or de-
pendent consensus diverged with increased exposure to the
claims. Confidence in the independent consensus continued
to rise, whereas confidence in the dependent consensus lev-
eled off. This trend aligns with the existing illusory truth
literature, which posits that extensive repetitions can erode
belief in repeated claims (Hassan & Barber, 2021} |Fazio et
al.l 2022). Experiment 2 replicated these results with nega-
tively valenced claims, thereby reinforcing the robustness of
our findings.

The differential levels of confidence observed indicate that
individuals do indeed respond to the type of consensus as
its dependency becomes increasingly apparent through in-
creased exposure. This finding challenges prior assertions
that individuals generally exhibit insensitivity toward differ-
ent consensus types (Yousif et al.} [2019). To our knowledge,
this study is the first to demonstrate that individuals can ef-
fectively distinguish between consensus types following ex-
tensive exposure, thus advancing the discourse surrounding
the illusion of consensus and sensitivity to independence be-
tween sources.

Another novel contribution of this study is exploratory
analysis of participant’s free-text confidence justifications
with two LLMs. Findings revealed two clear patterns. Par-
ticipants in the independent consensus condition were more
likely to report that expert citations positively influenced
their confidence in the presented claim compared to those
in the dependent consensus condition. They were also less
likely to indicate a negative influence. Furthermore, when
asked to evaluate the counterfactual condition, participants
strongly favored independent consensus over dependent con-
sensus. These patterns were consistent across both experi-
ments and highlight the preference for, and perceived relia-
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bility of, independent expert agreement. Although prelimi-
nary, these findings provide further evidence that individuals
have different interpretations of dependent and independent
consensuses, and are consistent with similar categorisation of
free-text responses using human coders (Connor Desai et al.,
2022, 2024).

It is important to note the constraints on interpretation of
these results. Most notably, our findings are based on a sin-
gle claim where participants do not have strong prior be-
liefs about its truth or falsity (Ransom et al., 2021). Fu-
ture research should examine whether these patterns hold for
a broader range of claims, particularly those with polarized
opinions. Increased exposure may lead to different interpre-
tations for claims with more skewed distributions of prior be-
lief.

Conclusions

Our findings indicate that individuals are sensitive to how
consensus is formed and become more aware of its structure
with repeated exposure. These results challenge the idea of
general insensitivity to consensus formation and support the
notion that excessive repetition can weaken belief in repeated
claims. The findings provide valuable insights for domains
such as public health or science communication where re-
cipients’ perceptions of consensus impact trust and engage-
ment. Acknowledging that repeated exposure can weaken
confidence in certain consensus types emphasizes the need
for thoughtful messaging in contexts where there is likely to
be repeated exposure to a claim.
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