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Abstract

Reasoning on social media is complex. Individuals face lots of information of varying
accuracy from different sources, often encountering misinformation. To guide their
judgment about claims, people may often turn to the opinions of others, relying on
consensus cues. However, this reliance adds complexity because the quality of a consensus
varies greatly, like the independence of evidence and sources. Despite this important
variation, people’s assumptions about the value of consensus quality information are
unclear. To explore whether people prefer consensus information supported by different
authors or the same author, and whether those author(s) provide different or the same
reasons for their stance, individuals (N = 100) were recruited from Amazon’s Mechanical
Turk and exposed to claims on a mock social media platform. After rating their initial
agreement with a claim, participants were shown diagrams summarising different
combinations of diversity in authors and reasons in tweets responding to the claim. After
selecting and reading their most preferred tweet, participants updated their agreement with
the claim. Results showed systematic preferences across individuals. Consensus information
involving different authors corroborating the same reason was preferred over all others.
When this consensus type was unavailable, there were no systematic preferences overall.
However, in these instances, there was systematicity within subgroups of individuals.
Differences in consensus preferences did not lead to significant differences in agreement
updating. These findings are important for understanding people’s assumptions about
consensus quality information and contribute to development of automated reasoning tools

summarising consensus quality information for users to mitigate against misinformation.
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Examining People’s Assumptions when Reasoning from Consensus

Imagine you are scrolling through your social media feed when you come across a
post claiming that “the U.S should not intervene in foreign disputes.” How would you decide
your level of agreement with this claim? You may not have direct access to relevant evidence
and are unsure of the appropriate means of assessing the claim. In this kind of situation, you
might use other means for evaluating your agreement, like noting other people’s opinions
on the claim and the prevailing consensus (the number of comments arguing that the U.S
should not intervene). However, reliance on social evidence adds further complexity. The
utility of a consensus is often contingent not only on the relative quantity of messages
supporting versus rejecting a claim, but on consensus quality cues that might signal the
independence of available evidence, like the number of different people sharing their
opinion, and whether those people give the same or different reasons for their stance
(Ransom et al., 2021). For example, a plausible-sounding reason corroborated by different
people may be more compelling than a single person repeating themselves, and different
people offering different reasons for their stance may be even more compelling. However,
people often show limited sensitivity to these kinds of potentially important consensus
quality cues (Ransom et al., 2021; Yousif et al., 2019). Therefore, the current study will
directly examine people’s assumptions about the value of such quality cues when reasoning
from consensus. Specifically, it will examine whether people hold systematic preferences for
a consensus derived from different authors or the same author, and whether those author(s)
provide different or the same reasons for their stance. Ultimately, an understanding of
people’s assumptions about the value of these aspects of consensus quality will inform
development of an automated reasoning tool that summarise useful consensus information

for social media users.
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Social Media and Reliance on Consensus

Many people receive information from social media: a third of U.S adults consume
their news from Facebook (Pew Research Center, 2022). The structure of social media allows
for fast sharing of information and lots of interactions. However, a downside is that users
may experience ‘information overload’, being unable to evaluate all the content they face
(Belabbes et al., 2022). This structure also makes social media a common tool for spreading
misinformation (Allcott et al., 2019). Unfortunately, when users are subject to widespread

misinformation, they may find it credible and adopt false beliefs (Lewandowsky et al. 2012).

Judging the truthfulness of claims in this environment is difficult. To help, users may
look to the opinions of others. Indeed, research suggests that engaging in such social
evaluation significantly impacts decision-making. In a classic conformity study, Asch (1956)
had participants complete a perceptual task (judging the length of lines) after hearing
answers from confederates who had been asked to provide incorrect answers. Many
participants then gave an incorrect answer, conforming with consensus. The influence of
consensus on attitudes is also evident online. Lewandowsky et al. (2019) asked participants
to read blog posts endorsing or rejecting scientific consensus on climate change alongside
comments replying to the post. The authors found a significant impact of consensus on
attitudes: whenever the comments aligned with the position of the blog post, participants’

agreement with the blog’s argument increased (Lewandowsky et al., 2019).

Differences in Consensus Quality
Although a perceived majority has a significant impact on decision making and
attitudes, appealing to consensus is not straightforward because there are potentially

important qualitative aspects of consensus (Ransom et al., 2021). One way to highlight
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variation in consensus quality is to note the distinction between an independent and
dependent consensus. To illustrate, imagine a new restaurant just opened in town. To decide
whether you should go, you ask some friends who have already visited for their opinion. A
relatively independent consensus would mean that each friend independently visited and
gave their view of the restaurant to you. In contrast, if your friends only reference a single
source (their mutual friend) who had told each of them that the restaurant is good, then the
consensus is dependent. In this instance, the consensus is made up of repeated claims from

one source (Mercier & Milton, 2019).

These differences in consensus quality can have significant implications: 80% of blogs
denying global warming reference one primary source in their claims (Harvey et al., 2018).
However, people are often insensitive to these differences. Yousif et al. (2019) conducted a
study in which people read different news articles about a topic. Four articles took a positive
stance, and one took a negative stance. Each news article cited a primary source, which was
either identical across articles (“dependent consensus”) or unique for each article
(“independent consensus”). After reading the articles, participants indicated their
confidence level in a related claim. Results showed that participants were not sensitive to
the differences between an independent and dependent consensus, being similarly
persuaded by both (Yousif et al., 2019). This kind of insensitivity has been observed by
others including Ransom et al., (2021) who found belief revision was impacted primarily by
the quantity of posts supporting versus opposing the claim, rather than markers of
consensus quality (e.g., evidence diversity). Similarly, Simmonds et al., (2023) found belief in
health claims was primarily impacted by consensus quantity with minimal consensus quality

effects (e.g., source diversity).
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Exploring the source of this insensitivity, Connor Desai et al. (2022) tested whether
people’s uncertainty about the independence of primary sources is a contributing factor.
After replicating the key finding of Yousif et al. (2019) the authors took steps to highlight the
independence of sources, resulting in participants giving more weight to a claim based on an
independent consensus (Connor Desai et al., 2022). Furthermore, people also exhibit
increased sensitivity to the independence of primary sources when it is made clear to them
that individuals are actually reasoning based on the primary sources (Alister et al., 2022).

These findings suggest that people can incorporate cues to consensus quality when assisted.

Current Social Media Reasoning Tools

The insensitivity to consensus quality identified by Yousif et al. (2019) and Ransom et
al., (2021) suggests people may require assistance in considering this information online.
Tools providing such information could complement other initiatives in mitigating against
misinformation. Current tools like warning labels notify users of information that may be
misleading via a third-party fact checker. Whilst this may be effective for identifying
misinformation, the process of determining the legitimacy of content is slower than the rate
at which misinformation spreads, meaning only a small proportion of misinformation will
have labels attached (Pennycook et al., 2020). Another approach is crowd-sourced
judgments, drawing from the ‘wisdom of the crowds’ literature showing that aggregated
individual judgments form accurate overall judgments (Epstein et al., 2020). Crowdsourced
trust ratings can accurately identify mainstream news sources and fake news sources
(Pennycook & Rand, 2019), but implementing crowdsourced judgments on social media may
have partisanship issues (Allen et al., 2022). These strategies are also limited in cases that
cannot simply be fact-checked (e.g., for considering whether “the U.S should intervene in

foreign disputes”).
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As another possible tool to support people in online environments, researchers have
begun developing an automated reasoning aid summarising consensus quantity and quality
cues (Le Leu, 2021; Ransom & Stephens, 2023). One study found that a reasoning aid visually
summarising consensus information helped people to consider quality cues of authors and
reason diversity (Le Leu, 2021). Therefore, such a tool could be helpful in conjunction with

current counter-misinformation strategies to aid social media users.

The Ground Truth Problem for Consensus-Based Reasoning Tools

In developing a consensus-based reasoning tool and assessing its effectiveness in
informing people’s beliefs, an important challenge is that there is no single ground truth for
deciding the value of a particular kind of consensus. The research by Yousif et al. (2019), for
instance, presupposes that information from an independent consensus is more valuable.
Although this is often true, a dependent consensus could be advantageous in particular
contexts. For example, if a source has expertise or a more reliable method for investigating a
claim, perhaps one should attach more value to repeated reports from this dependent
source than independent sources without these characteristics (Connor Desai et al., 2022).
There are also instances in which connected (dependent) sources produce more reliable
information than independent sources. Pilditch et al. (2020) demonstrated that when
opinions are contradictory (serving to disconfirm a previous opinion) dependent evidence
can be advantageous compared to independent evidence (Pilditch et al., 2020; Connor Desai
et al., 2022). Given that either independent or dependent evidence can be more informative
in various contexts, unfortunately one cannot simply assume that a reasoning tool is
effective if it routinely encourages people to be more influenced by an independent

consensus. An alternative approach for the tool could be to ask reasoners which kinds of
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consensus information they value, then tailor the tool to their preferences. However, we first

need to investigate whether people have particular preferences for consensus information.

Consensus Quality Preferences

Although research has demonstrated people’s limited sensitivity to consensus quality
as measured by the impact on belief (e.g., Ransom et al., 2021) there has been little direct
investigation into people’s assumptions about the value of independent or dependent
evidence. For instance, do people find it more valuable to see a single author giving different
reasons for their stance, or independent authors corroborating a reason? One study on
sensitivity to evidential dependencies found variation in people’s a-priori beliefs about the
value of different evidence (Xie & Hayes, 2022). Xie and Hayes found that 38.5% of
participants reported that independent information (i.e., from separate sources with
independent observations) is more useful, 36.5% selected dependent information (sources
who had also seen evidence from other people), and 25% had no preference. When asked
for justification, the most common theme amongst independent information endorsers was
the biases created by informational dependency. In contrast, dependent endorsers
commonly referenced the accumulative, sequential nature of evidence. Similarly, results
from Experiment 4 of Yousif et al. (2019) found that when asked directly, many participants
believed an independent consensus to be important, with 50% of participants believing that,
in a hypothetical scenario, news articles citing independent sources would be more

believable (Yousif et al., 2019).

The broader literature suggests people’s assessment of the value of consensus
information may be based on heuristic cues like message characteristics (e.g., repetition or

different arguments) or source characteristics like repeated exposure (Chaiken, 1987).



16

Supporting that repetition from one source may be valued, Weisbuch et al., (2003) found
that prior exposure to a source increased participants’ agreement with messages from that
source. Alternatively, reasoners may value the presence of different sources in a consensus:
different sources providing different arguments in favour of a claim has been found to be
more persuasive than one source providing arguments (Harkins & Petty, 1981). Similarly, the
characteristics of messages themselves may be valued differently. Repeated presentation of
an argument has been found to be more persuasive than a single presentation (Weaver et
al., 2007), and repeated presentation of social media posts increases their perceived truth
(Nadarevic et al., 2020). Alternatively, people may infer that different arguments are
valuable. For example, the persuasiveness of testimony has been found to be a positive
function of the number of different arguments a source offers (Calder et al., 1974). This
conflicting evidence indicates that people could value a repeated source or argument in a
consensus but could also find a consensus with different sources or arguments compelling.
Reasoners may also make inferences about the value of combinations of both source and
message characteristics. For example, a source able to provide multiple different arguments
rather than repeating one argument may be thought to possess more expertise and
therefore be useful, since people assume experts are more knowledgeable than non-experts

(Vaupotic et al., 2021).

Current Study

The aim of the current study is to examine people’s assumptions when reasoning
from consensus. A primary motivation is also to provide insights for future development of
reasoning tools providing consensus quality information to users. | will investigate whether
people prefer to read a message about a claim with: 1) a reason that is shared by either

different authors or the same author repeatedly and 2) a reason that is provided multiple
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times or only once. In a novel experiment on a mock social media platform, after indicating
their initial level of agreement with a claim, participants will be shown a diagram
summarising consensus quality (author and reason diversity) in tweets supporting the claim
(with the diagram based on Le Leu, 2021; Ransom & Stephens, 2023). Each diagram will
describe two different combinations or ‘motifs’ of author and reason diversity. These motifs
will be constructed using 2x2 factorial combinations, resulting in: different authors giving
different reasons, different authors each repeating the same reason, the same author giving
different reasons, and the same author repeating the same reason. Hence, there will be six
different diagrams, each with two of these motifs per diagram. Participants will be asked to
choose which tweet they would most like to read based on the diagram. After reading the

tweet, they will indicate their updated agreement level with the claim.

The study will test several key hypotheses related to participants’ choices from the
six different pairwise comparisons of authors and reasons in the six different diagrams. Note
that the order of the following hypotheses corresponds to systematic diagram numbering

(diagram 1 to 6; see Method), rather than numeric order of hypotheses themselves.

First, a source offering different arguments for their position is persuasive, and
people may infer that a source providing different reasons for their stance has expertise,
with perceived expertise influencing the perceived truth of statements (Calder et al., 1974;
Nadarevic et al., 2020). Hence, people may infer that a source providing different reasons for
their stance is worth hearing from compared to different authors providing one reason each.

For Diagram 1, it is hypothesised that:

H1 Participants will systematically prefer to read tweets from the same author giving

different reasons over different authors each giving a different reason.
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Additionally, when asked directly, people often indicate that evidence derived from
independent sources is more valuable than dependent sources (Xie & Hayes., 2022; Yousif et
al., 2019). The prevalence of a position also impacts attitudes (Lewandowsky et al., 2019)
Therefore, people should prefer evidence corroborated by different sources. For Diagrams 2,

4 and 6 it is hypothesised that:

H2 Participants will systematically prefer to read tweets from different authors giving the

same reason over the same author giving different reasons.

H4 Participants will systematically prefer to read tweets from different authors giving the

same reason over different authors each giving a different reason.

H6 Participants will systematically prefer to read tweets from different authors giving the

same reason over the same author repeating the same reason.

The repetition of statements significantly impacts people’s perception of truth
(Nadarevic et al., 2020; Weaver et al., 2007). Therefore, in the context of reasoning from
consensus, people may infer that a source repeating the same reason is more compelling

than different sources each giving a reason once. In Diagram 5 it is hypothesised that:

H5 Participants will systematically prefer to read tweets from the same author repeating the

same reason over different authors each giving a different reason.

Finally, as noted above, the persuasiveness of testimony from a source has been
shown to be a function of the number of different arguments the source offers (Calder et al.,
1974). When multiple arguments are offered, people may infer that the source has more
expertise in the topic, with source credibility impacting the perceived truth of statements

(Nadarevic et al., 2020). However, repeated arguments have also been found to be a cue



affecting attitudes (e.g., Weaver et al., 2007). Given this conflicting evidence, it will be
interesting to see if people have a preference, but there will be no specific prediction for
Diagram 3 comparing the same author giving different reasons against the same author

repeating the same reason.

Although not of primary interest, the study will also examine whether there are
significant differences in agreement change (initial to updated) between those who chose
opposing motifs in each diagram. This analysis will assess whether different preferences in
consensus information affect change in agreement with the claims in case some kinds of

preferred tweet types are more persuasive.

19
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Method

To examine people’s assumptions when reasoning from consensus, | conducted the
following online experiment. On each trial, participants were presented with a diagram
summarising both the diversity of authors tweeting in response to a claim and the diversity
of reasons presented in the tweets. | collected participants’ choice of tweet to determine
their preference for reading tweets shared by either different authors or the same author
with a reason that is provided multiple times or only once. | also collected participants’

agreement rating with the claims.

Pre-Registration
| completed a pre-registration before data collection. This included the hypotheses,

variables, target sample size, and planned main analyses (see Appendix A).

Participants

Before providing consent, participants were informed of the general aims and
methods of the study and informed that they could withdraw at any point. Respondents’
data was collected using anonymous ID numbers. The research was approved by the Human

Research Ethics Committee, School of Psychology, University of Adelaide (Ref. 22/75).

There were 100 participants recruited through Amazon Mechanical Turk.
Participation took 20-30 minutes (including instructions), and participants were
compensated 3.00 USD. Inclusion criteria required participants to be 18 years or older and
be proficient in English (which was pre-screened). The age of the sample ranged from 21 to

76 years (mean age 38.42 years) comprising 60% males, 37% females, and 3% other. The
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sample was mostly from the U.S and Brazil (92%) and most participants were White (64%),
with the remainder identifying as Asian (10%), Black (8%), Latinx (8%), multi-racial (5%), and
Indian (3%). Most participants used social media daily (86%), were politically left-wing (57%),
and were native English speakers (80%). All had a minimum equivalent of a high-school

qualification.

Design

Using a discrete choice experiment design, the number of authors and reasons were
both 2-level factors that varied systematically within the motifs in the diagrams (same vs.
different authors and same vs. different reasons). The levels of the author diversity factor
were factorially paired with the levels of the reason diversity factor to create four motifs
summarising the different possible combinations of diversity of authors tweeting and the
diversity of reasons presented in the tweets (see Figure 1). In each trial, the diagram showed
a pairwise contest between two different consensus motif choices. There were six different
diagrams based on the six pairwise motif combinations (see Figure 2). These diagrams varied
within- subjects and between- trials. Participants saw each diagram three times, forming 18

trials.

Materials

Diagrams
In the diagrams, within each motif, tweets responding to a claim came from either the same
author, who tweeted three times, or different authors, who each tweeted once. Authors
were designated by person icons within the inner circle of the diagram. Diversity of reasons
was shown in the outer circle, illustrated by speech bubbles. The same reasons were those

in which the same underlying reason was provided in three different tweets, indicated by



speech bubbles clustered together. Different reasons were those in which a distinct reason
was provided in a tweet, illustrated by speech bubbles far apart. Figure 1 and 2 illustrates

these motifs and pairwise combinations.

Figure 1.

The Four Motifs Used in the Studly.

22

Motif 1 Motif 2
The same author giving different reasons. Different authors each giving a different reason.
Motif 3 Motif 4
Different authors each giving the same reason. The same author giving the same reason.

Note. Person icons indicate number of authors tweeting. Speech bubbles indicate the number of
reasons in the tweets. Bubbles clustered together indicate the same reason and bubbles spaced

apart indicate different reasons.



Figure 2.

Design of the Six Diagrams Presented During the Experiment.

Motif 1 Motif 2 Motif 1 Motif 3
Author Reason Author Reason Author Reason Author Reason
Same Different Different Different Same Different Different Same
Motif 1 Motif 4 Motif 2 Motif 3
Author Reason Author Reason Author Reason Author Reason
Same Different Same Same Different Different Different Same
Motif 2 Motif 4 Motif 3 Motif 4
Author Reason Author Reason Author Reason Author Reason
Different Different Same Same Different Same Same Same

Note. The six diagrams (labelled 1 to 6) each contain two motifs. The corresponding authors and

reasons in the motifs are described below each diagram.
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Claims
Before the main experiment, | conducted a pilot study using 36 claims, the results of
which informed selection of claims with a range of initial agreement distributions for the
main experiment to avoid extreme polarisation. Using Amazon Mechanical Turk, | presented
participants (N = 59) with a broad range of claims. After reading the claim, participants were
asked to rate their agreement on a scale from -50 (“strongly disagree”) to 50 (“strongly
agree”). A range of claims with positive and negative skew and normal distributions were

incorporated into the main experiment.

The 18 claims presented to participants with the diagrams are displayed in Table 1.
Five claims were adopted from the topics in Ransom et al. (2021) with minor edits. The
thirteen remaining claims were taken from the pilot data. The claims were intended to elicit
a range of initial agreement ratings across various topics. For example, claims were defence
related, had a scientific nature, appealed to personal experiences, or were opinion-based.
Claims were randomly allocated to diagrams across the 18 trials. Each claim was shown in a
neutral format without context (see Figure 3). The language of the claims was simple to

make them accessible to participants.

Tweets
Each trial included a tweet arguing in favour of the claim. Although there were six
tweets that participants could choose between, they were shown the same tweet regardless
of tweet choice because they were choosing only one tweet per trial. Tweet stance was
constant across all trials (pro). Table 2 shows examples of a tweet across different claims.
Tweets used plain language and usernames of the authors and user images were randomly

generated.



Table 1.

The Eighteen Claims Used.
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# Claim

1. Perfect avocados are getting harder to find.

2. Sodium-ion batteries will replace lithium-ion.

3. China will increase its trade sanctions against Australia.
4, Charitable giving will increase over the next three years.
5. The government should reduce spending of foreign aid.
6. Australia should not acquire nuclear submarines.

7. The U.S should not intervene in foreign disputes.

8. A college degree is not worth it.

9. Ukraine should cede territory to end its war with Russia.
10. Paper money and coins should be phased out.

11. Genetically modified crops are a bad idea.

12. National service should be mandatory.

13. Working from home is more productive than in the workplace.
14. Ukraine should be allowed to join NATO.

15. Social media is unsafe for children.

16. Tensions in the Indo-Pacific are on the rise.

17. Children learn better by handwriting than by typing.

18. Crypto currencies should be tightly regulated.




Figure 3.

Screenshot of a Claim and Agreement Scale.

Read the claim and tell us what you think
Perfect avocados are getting harder to find.

To what extent do you agree with the claim?

Click on the slider bar and drag the slider to
indicate how much you agree.

26



Table 2.

Example Tweets in Response to Claims.
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Claim

Tweet

Perfect avocados are getting harder to find.

Crypto currencies should be tightly regulated.

Working from home is more productive than in

the workplace.

Ukraine should be allowed to join NATO.

As soil becomes depleted through over farming,
there are less nutrients available for plants like
avocados which makes it harder for farmer to

get their trees bearing great fruits.

Strict crypto regulations are crucial in
preventing money laundering, crime, and illicit

activities.

Working from home reduces risk of illness
because it limits contact with others. More

productive and healthier!

Ukraine should be allowed to join NATO: the
country has actively pursued regional security
against Russian aggression, strengthening

confidence for its allies in the region.

Dependent Variables

| used two dependent measures. The first was participants choice of tweet to read

after viewing the diagram. This was used to record preferences for the number of authors

and reasons in a consensus. Selecting one of the available tweets required participants to

make a discrete choice between one consensus motif or the other. The second measure was

participants’ agreement rating with a claim on a scale from -50 (“strongly disagree”) to 50

(“strongly agree”). This was recorded before and after: viewing the diagram, choosing a
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tweet, and reading the selected tweet. The measure was used to assess any impact of tweet
selection from the diagram on agreement change. Agreement ratings were also included to

encourage participants to think carefully about a claim and their tweet choices.

Procedure

After giving informed consent, participants were asked to provide their demographic
information. Next, participants were provided with task instructions and detailed
explanations of the motifs and diagrams. To ensure they understood the instructions and
diagrams, participants were required to correctly answer multiple-choice questions before

beginning the experiment (see Appendix B).

In each trial, participants were presented with a claim on a mock social media
platform. Participants were asked to read the claim and indicate their level of agreement by
moving the slider bar on a scale from -50 (“strongly disagree”) to 50 (“strongly agree”).
Figure 3 displays this step. Next, participants were presented with a diagram summarising
the number of authors and reasons in tweets responding to the claim. The diagram was
presented alongside panels signalling the six available tweets, with only the names and
images of authors shown (see Figure 4). If participants hovered their cursor over a speech
bubble in the diagram, the corresponding tweet panel was highlighted (and vice versa). The
arrangement of authors and reasons in the tweets were represented by two discrete motif
choices in the diagram. Participants were asked to report which tweet they would most like
to read by selecting one of the speech bubbles. Clicking on a speech bubble revealed the
tweet text, which participants were asked to read (see Figure 5). Participants were then
given chance to update their agreement on the slider bar (see Figure 5). This procedure was

repeated for all trials, with trials shown in random order for each participant. Upon
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experiment completion, participants were debriefed and informed that the opinions of the
researchers, research institutions and funding bodies involved were not reflected in the
claims or tweets, and the intention was not to promote any point of view. Rather,

researchers were interested in people's beliefs about different topics often discussed on

social media.

Figure 4.

Screenshot of Experiment During Tweet Selection.

What do other people think? Topic 10f 18

Ukraine should be allowed to join NATO.

Please click on a speech bubble in the diagram
above to select the tweet you most want to read.




Figure 5.

Screenshot of Selected Tweet.

L L
I

Now what do you think?

Ukraine should be allowed to join NATO.

After reading the tweet you just selected, to what
extent do you agree with the claim now?

o eee————
-50 -25 0 25 50

Click on the slider bar and drag the slider to
indicate how much you agree.
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Results

Initial Agreement Ratings

Figure 6 displays distributions of initial agreement ratings with the claims prior to
viewing the diagram. Skewness values ranged between -1 to 1, indicating that distributions
were not extreme. As Figure 6 illustrates, there was a range of initial agreement ratings
across claims and participants. Therefore, the study’s hypotheses were tested within a

context of a variety of initial agreement ratings, across various topics.

Change in Agreement

To test for any impact of motif choice on agreement, | compared the mean difference
(delta) in agreement ratings (initial to updated) between participants who chose different
motifs in each diagram. This analysis was exploratory, and no specific predictions had been
made. Since each participant was receiving the tweet that they most wanted to read before
updating agreement, there were not necessarily any expected significant differences, but
some motifs might have been more persuasive than their opposing option. In each case,
delta was not significantly different between the two groups (those who chose opposing
motifs in each diagram; p > .05 based on independent samples t-tests). Appendix C reports
results of the t-tests for each diagram (Table C1) and box plots of differences in mean
agreement change between motif choices (Figure C1). The overall mean change in
agreement (delta) across the six diagrams was 6.06 with the overall standard deviation of

11.94.



Figure 6.
Distribution of Initial Agreement Ratings.

Claim Initial Agreement

socialMediaSafety
writeOrType
workFromHome
indoPacific
regulateCrypto
ukraineNato
chinaSanctions
reduceAid
aussieSubs
avocados
sodiumBatteries
insularUSA
charity
collegeDegree
gmoCrops
cashlessSociety

ukraineWar2

nationalService

50 25 0 25 50
Note. Density plots indicating the range of initial agreements with claims from -50 (“strongly

disagree”) to 50 (“strongly agree”).
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Consensus Quality Preferences

Addressing the key hypotheses, | conducted a series of binomial tests to examine
whether there was a significant preference for one motif over the other across participants,
for the six diagrams. Table 3 displays the results of the binomial tests and Figure 7 displays
the six diagrams (with the different motifs colour-coded; column 1), the corresponding motif
preferences across participants (column 2), and preferences within individuals (column 3). As
reflected in column 2, the binomial tests indicated that motif counts significantly deviated
from chance in Diagrams 2, 4, and 6. As hypothesised in H2, H4, and H6, across participants
the proportion of counts for preferring different authors giving the same reason was
significantly higher than for the same author giving different reasons (Diagram 2), different
authors each giving a different reason (Diagram 4), and the same author giving the same
reason (Diagram 6). In all other cases, where different authors giving the same reason was
not in a diagram, binomial tests indicated that the proportion of counts across participants
did not significantly deviate from chance. This is reflected in Figure 7 (column 2) for Diagram
1, 3 and 5. This meant that hypothesis H1, predicting that participants would systematically
prefer tweets from the same author giving different reasons, was not supported. Hypothesis
H5, predicting that participants would systematically prefer to read tweets from the same
author repeating the same reason, was also not supported. No prediction was made for
Diagram 3, and the non-significant binomial test result is perhaps unsurprising: tweets from
both the same author giving different reasons and the same author repeating the same

reason could be seen as compelling.
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Figure 7.

Consensus Quality Preferences.

Diagram Preferences Across Individuals Preferences Within Individuals
30
‘% %?D
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Table 3.

Binomial Tests of Equal Proportions for Overall Motif Choices.

Diagram N. of successes Total N. of Significance
observations
1 147 300 0.77
2 93 300 <.001
3 163 300 0.14
4 74 300 <.001
5 137 300 0.14
6 214 300 <.001

Note. Probability of success in each diagram = 0.5.

As an exploratory analysis, | also examined whether group-level preferences were
reflected at the level of individual participants, across trials. This analysis is important
because, for example, no preference across participants could either reflect that individuals
generally have no preference, or that different subgroup(s) have opposing preferences.
Column 3 in Figure 7 shows both the observed (black) and expected (grey) frequencies of
choosing a motif zero, once, twice, or three times from the three times each diagram was
presented across the 18 trials. The expected frequencies were determined with a binomial

distribution simulation, capturing random motif choices (probability of 0.5).

To test whether individuals chose a motif zero, once, twice, or three times at levels
different from chance, a chi-square goodness-of-fit test was used for each diagram (see
Table 4). The observed frequency of choice was significantly different from the expected
frequency across all six diagrams. The overall preference for different authors giving the

same reason seemed to be reflected at the individual level for most participants (Diagrams
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2,4, and 6 in column 3 of Figure 7). In Diagram 1, where there was no group-level
preference, there was possibly subgroups of individuals who held systematic preferences for
the same author giving different reasons (motif 1) or different authors each giving a different
reason (motif 2). Specifically, the proportions of either motif being chosen zero times or
three times out of three that Diagram 1 was presented seemed above chance levels (see
Figure 7). Similarly, in Diagram 3 and 5, where there were no clear group-level preferences,
there seemed to be evidence of systematicity within individuals. In Diagram 3, the
proportions of either the same author giving different reasons (motif 1) or the same author
repeating the same reason (motif 4) being chosen zero times or three times appeared to be
above chance levels. In Diagram 5, the proportions of either different authors giving
different reasons (motif 2) or the same author repeating the same reason (motif 4) being
chosen zero times or three times also exceeded chance levels. These results indicate that
instances in which there was no clear group-level preference for a motif did not mean
participants generally had no preferences. Rather, different subgroups may have had

systematic preferences for different motifs in these diagrams.

Table 4.

Chi-Square Goodness-of-fit Tests for Individual-Level Consistency in Motif Choice.

Diagram Chi-Square Degrees of Freedom Significance
1 13.81 3 .003
2 91.20 3 <.001
3 27.73 3 <.001
4 165.39 3 <.001
5 40.42 3 <.001

6 106.61 3 <.001
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Discussion

Summary of Findings

The current study aimed to examine people’s assumptions when reasoning from
consensus. | explored whether people hold systematic preferences for a consensus derived
from different authors or the same authors, and whether those authors provide different or
the same reasons for their stance. To my knowledge, the current study is the first to use
visual summaries of consensus quality information to directly explore these assumptions.
The study used a mock social media interface, extending on the work of Ransom et al.
(2021), which allowed for investigation of consensus quality preferences in a realistic social
media context with various claims. The key finding was that people systematically preferred
a consensus derived from different authors corroborating the same reason. This motif was
preferred by most people to all other motifs, supporting hypotheses H2, H4, and H6. When
this motif was not available, there was no overall preference. This meant that hypotheses
H1, predicting that people would systematically prefer a consensus made up of the same
author giving different reasons, was not supported. Similarly, hypothesis H5, predicting that
people would systematically prefer a consensus derived from the same author giving the
same reason, was not supported. There was also no overall preference for either the same
author repeating the same reason or the same author giving different reasons in Diagram 3.
Further individual-level analysis revealed that in diagrams where there was no overall
preference, there appeared to be systematicity within subgroups of individuals. Change in
agreement with the associated claims was not significantly different for those who chose

opposing motifs across the six diagrams.
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Comparison of Findings with Previous Literature

A consensus derived from different authors giving the same reason was
systematically preferred over the same author giving different reasons (Diagram 2) and the
same author repeating the same reason (Diagram 6), supporting hypotheses H2 and H6. This
suggests that, regardless of the number of reasons a single author offers (repeated vs.
different) for their stance, people still find the presence of different authors more
informative. These findings align with literature showing that when asked directly, people
often identify evidence derived from independent sources as more valuable a-priori (e.g.,
Xie & Hayes, 2022; Yousif et al., 2019). Importantly, however, this overall preference in the
current study was contingent on those different authors all giving the same reason for their
stance. In comparison, when three different authors each gave a different reason there was
no overall preference for this motif (e.g., Diagram 1). The clearest instance of this was found
in the results of Diagram 4: there was an overall preference for different authors giving the
same reason over different authors each giving a different reason, supporting hypothesis
H4. This differs from previous findings in the consensus literature indicating that people are
often insensitive to the consensus quality cue of reason diversity. Ransom et al. (2021), for
example, found no effect of reason diversity on revised belief in claims. The key finding in
the current study of a group-level preference for different authors giving the same reason in
the current study also runs in contrast to broader literature indicating that, when individuals
are aware a message source has a persuasive motive, a source making their case with three
different endorsements has a greater positive impression than one or two endorsements
(Shu & Carlson, 2014). Overall, this finding suggests that people infer that the same reason

being repeated by different authors is a clue to its usefulness.
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In comparison, when different authors giving the same reason was not available in a
diagram, there were no systematic preferences overall. The same author giving either
different reasons (Diagram 1) or repeating the same reason (Diagram 5) was not preferred
across participants to a consensus of different authors each giving a different reason, failing
to support hypothesis H1 and H5. However, at the individual level, different subgroups
seemed to have opposing preferences. These subgroups suggest that individuals may differ
in their inferences about the value of the same author giving either different (Diagram 1) or
the same reasons (Diagram 5) compared to different authors each giving a different reason
for their stance. In Diagram 1, for example, it was hypothesised that people would assign
more weight to the same author giving different reasons. This was predicted because a
source offering different arguments for their position is persuasive, and people may infer
that a source capable of providing different reasons for their stance has expertise, which
influences the perceived truth of statements (Calder et al., 1974; Nadarevic et al., 2020).
This individual variation also highlights the problem of no ground truth for deciding the
value of a consensus: individuals may have made opposing, yet equally valid inferences
about the contexts in which a consensus derived from the same author or different authors

would be advantageous.

As an interesting finding from Diagram 3, there was no overall preference for either
the same author giving different reasons or the same author repeating the same reason. No
prediction had been made for this diagram based on prior conflicting evidence that both
repeated and different arguments from a source impact persuasiveness (Calder et al., 1974;
Weaver et al., 2007). In the current study, the individual-level analysis revealed that some

individuals may have had systematic preferences for the same author giving either different
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reasons or repeating the same reason. These individual differences may be a factor in the
conflicting literature on the persuasiveness of repeated and different arguments from a
source. There is little work in the consensus literature investigating preferences for a
dependent source providing either different reasons or the same reason, but the Diagram 3
results in the current study may be explained elsewhere. Evidence in the explanatory
preferences literature, for example, suggests that individuals may differ in how satisfying
they find simple or complex explanations. On the one hand, people intuit that a simple,
broad explanation is indicative of a high-quality explanation, viewing simplicity as an
explanatory virtue (Lombrozo, 2016). On the other hand, Zemla et al. (2017) found that
people prefer complex explanations invoking several causal mechanisms. The simple
explanation is more like a single author repeating one compelling reason, which may be
preferred by individuals for its simplicity and breadth, whilst the complex explanation is like
the same author giving different reasons, equivalent to an explanation invoking different

causal mechanisms to explain an effect (Zemla et al., 2017).

Applied Implications

The findings of the current study have significant implications for understanding and
supporting reasoning from consensus on social media. The rise of misinformation on social
media has become a global concern (Urakami et al., 2022), and failure to attend to
consensus quality online can have significant implications (e.g., Harvey et al; 2018).
Unfortunately, there is evidence that people are often insensitive to consensus quality cues
when reasoning (e.g., Ransom et al., 2021). However, recent work suggests that people can
incorporate consensus quality information into their reasoning strategies with assistance

(e.g., Connor Desai et al., 2022), and researchers have already begun developing automated
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reasoning tools summarising consensus quality cues (e.g., Ransom & Stephens, 2023). The
current study will contribute to the design of such tools, establishing the assumptions
people have about the value of consensus quality information in a realistic online
environment. Given the value of consensus quality information can be context dependent
(e.g., Pilditch et al., 2020), a reasoning tool tailored to group or even individual preferences
could shine a light on aspects of consensus quality information that are relevant in a
scenario but would otherwise not be attended to by reasoners because they do not align
with their assumptions. Using a tool to summarise this information could encourage users to
consider these aspects when reasoning about claims on social media and will be helpful

alongside current counter-misinformation strategies.

Limitations and Future Directions

There were some potential limitations in the current study that future research could
address. First, the diagram used had previously been shown to be effective (Le Leu, 2021;
Ransom & Stephens, 2023) but may not necessarily have been the most optimal for conveying
consensus quality information. The diagrams used principles of multi-dimensional scaling, like
distance to convey reason diversity (Ajjour et al., 2018). Although this allowed for summaries
of diversity of authors and reasons in the current study, there may be scalability issues if
researchers wanted to convey lots of combinations of authors and reasons in a diagram.
People’s reasoning strategies in situations of uncertainty also depend on the visualisation they
are presented with (Eichler et al., 2020). Therefore, people’s perceptions of the value of
consensus motifs may have been dependent on the visualisation used. Future research could
test different presentations of consensus quality information and observe whether this

impacts preferences.
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Although not a primary outcome measure, another limitation was the method of
measuring agreement change. The requirement for participants to update agreement
immediately after choosing a tweet could have led to demand effects, encouraging shifts in
agreement. Therefore, the degree of agreement change may be overestimated in the
current study. More importantly, the current study required participants to choose only one
tweet per trial. This method was intended to elicit preferences by having people prioritise
one tweet. However, choosing only one tweet may have encouraged arbitrary responses
rather than reasoning about the value of consensus quality cues. A future study could
require participants to select all available tweets in a diagram from most to least preferred
to test for preference consistency beyond first tweet choice. Finally, to further explicate the
individual differences in preferences, a future study could ask participants to give written
justifications for their preferred consensus motif. Key themes could be collated and
examined to see how the justifications relate to the number of authors and reasons in the

chosen motif.

Conclusion

The current study examined people’s assumptions when reasoning from consensus.
It sought to directly explore people’s preferences for consensus quality information like the
number of authors and reasons in a consensus in a social media context. Results showed
that people do hold some assumptions about consensus quality information: most
systematically preferred a consensus derived from different authors corroborating the same
reason for a position. This pairing of authors and reasons was favoured over all other
consensuses. When this option was not available, there were no overall preferences.

However, even in these instances, there was still evidence of systematicity for opposing
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motif preferences within different subgroups of individuals. Ultimately, these findings may
inform the development of a robust, automated reasoning tool summarising helpful

consensus quality information for social media users to combat misinformation online.
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Appendix A

Pre-Registration

1) What's the main question being asked, or hypothesis being tested in this study?

Our aim is to investigate the assumptions people hold when reasoning from consensus. In
particular, whether people demonstrate systematic preferences for the consensus quality cues
of author frequency and argument frequency.

Two alternate arrangements or ‘motifs’ consisting of combinations of authors and reasons
tweeting in response to a claim will be provided in a diagram. There will be six diagrams and each
one will present two different motifs. In choosing a tweet to read from those available in a
diagram, participants will be making a discrete choice between one motif or the other, thus
indicating their preferences for the frequency of authors posting messages and the frequency of
arguments made. The features of each diagram and a corresponding hypothesis of motif choice
are discussed below. We will also explore the impact of tweet choice on agreement rating with
the associated claim, measured before and after selecting a tweet from the diagram.

Diagram 1:
Motif 1- a single author giving different reasons. Motif 2- different authors each giving a different

reason.

H1
e Participants will systematically prefer to read a message from a single author
providing different reasons over different authors each providing a different reason.
Diagram 2:

Motif 1- a single author giving different reasons. Motif 3- different authors each giving the same
reason.

H2
e Participants will systematically prefer to read a message from different authors each
giving the same reason over a single author giving different reasons.

Diagram 3:
Motif 1- A single author giving different reasons. Motif 4- A single author repeating the same

reason.

Literature suggests that people may infer that single authors who are able to provide different
arguments (e.g., more expertise) are valuable. In contrast, people may also infer that one
consistent argument that is repeated by an author is informative or useful. Given these
conflicting positions, no hypothesis will be made for diagram 3.

Diagram 4:
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Motif 2- Different authors each giving a different reason. Motif 3- different authors each giving
the same reason.

H4
o Participants will systematically prefer to read a message from different authors each
giving the same reason over different authors each giving a different reason.

Diagram 5:
Motif 2-. Different authors each giving a different reason. Motif 4-. A single author repeating the

same reason.

H5
e Participants will systematically prefer to read a message from a single author
repeating the same reason over different authors each giving a different reason.
Diagram 6:

Motif 3- different authors each giving the same reason. Motif 4- A single author repeating the
same reason.

Hé6
e Participants will systematically prefer to read a message from different authors each
giving the same reason over a single author repeating the same reason.

2) Describe the key dependent variable(s) specifying how they will be measured.

There will be two dependent measures in the study. The first will be participants' choice of tweet
that they most want to read after viewing the diagram. This measure will be used to record
participants’ preferences for author and reason frequency in a consensus. The second dependent
measure will be participants’ agreement with a claim on a scale from -50 (“strongly disagree”) to
50 (“strongly agree”). This will be measured before and after viewing the diagram and making a
tweet choice. This measure will be used to collect initial agreement ratings with a claim and to
observe the impact of tweet selection on agreement ratings.

3) How many and which conditions will participants be assigned to?

In a Discrete Choice Experiment design, two factors of author frequency (same or different
authors) and reason frequency (same or different reasons) will be crossed to form 4 motifs,
which are then presented in diagrams showing the 6 possible pairwise combinations,
manipulated within-subjects and between-trials. Participants will see each diagram three times,
forming 18 trials.

4) Specify exactly which analyses you will conduct to examine the main question/hypothesis.
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We will use binomial tests (test of equal proportions) with 95% confidence intervals to test
whether participants as a group have consistent preferences for the frequency of authors and
arguments in a consensus. We will test whether participants' observed motif choice in each of
the six diagrams deviates from what would be expected by chance, using a different test for each
of the six diagrams and hypotheses.

Any analysis that will be performed on updated agreement ratings based on motif choice,
dependent upon observed choice variation, will be exploratory in nature.

5) Describe exactly how outliers will be defined and handled, and your precise rule(s) for
excluding observations.

Participants who do not complete all 18 trials will be excluded.
6) How many observations will be collected or what will determine sample size?

We will recruit 100 adult participants using the Amazon Mechanical Turk platform.
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Appendix B
Figure B1.

The Six Multiple-Choice Questions Presented to Participants After Experiment Instructions.

Please select the scenario displayed above: Please select the scenario displayed above:
a) One author giving the same reason a) One author giving the same reason
b) One author giving different reasons b} One author giving different reasons
c) Three authors giving the same reason ¢) Three authors giving the same reason
d) Three authors giving different reasons d) Three authors giving different reasons

Please select the scenario displayed above:  Please select the scenario displayed above:
a) One author giving the same reason a) One author giving the same reason
b) One author giving different reasons b) One author giving different reasons
¢) Three authors giving the same reason c) Three authors giving the same reason

d) Three authors giving different reasons d) Three authors giving different reasons
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Appendix C
Table C1.
Independent Samples t-tests for Differences in Mean Agreement Change Between Motif
Choices.
Diagram Motifs Mean SD t df Significance  Effect Size
(d)
1 Motif 1 6.93 12.09 1.01 288 0.31 0.11
Motif 2 5.61 10.38
2 Motif 1 6.91 12.91 0.30 172 0.76 0.03
Motif 3 6.43 12.51
3 Motif 1 4.19 10.29 -0.07 255 0.93 -0.009
Motif 4 4.30 12.18
4 Motif 2 6.35 12.22 0.82 124 0.41 0.11
Motif 3 5.00 12.16
5 Motif 2 3.81 10.12 -1.01 294 0.30 -0.11
Motif 4 5.04 10.69
6 Motif 3 4,98 10.45 -1.27 132 0.20 -0.17
Motif 4 6.96 12.88




Figure C1.
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Difference (Delta) in Mean Agreement Change Between Motif Choices for the Six Diagrams.
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