
How wise is the crowd: Can we infer people are accurate and
competent merely because they agree with each other?

Jan Pfänder1, Benoît De Courson2, & Hugo Mercier1

1 Institut Jean Nicod, Département d’études cognitives, ENS, EHESS, PSL University,
CNRS, France

2 Max Planck Institute for the Study of Crime, Security and Law, Freiburg im Breisgau,
Germany

Abstract

Are people who agree on something more likely to be right and competent?
Evidence suggests that people tend to make this inference. However, stan-
dard wisdom of crowds approaches only provide limited normative grounds.
Using simulations and analytical arguments, we argue that when individuals
make independent and unbiased estimates, under a wide range of parame-
ters, individuals whose answers converge with each other tend to have more
accurate answers and to be more competent. In 6 experiments (UK partici-
pants, total N = 1197), we show that participants infer that informants who
agree have more accurate answers and are more competent, even when they
have no priors, and that these inferences are weakened when the informants
were systematically biased. In conclusion, we speculate that inferences from
convergence to accuracy and competence might help explain why people
deem scientists competent, even if they have little understanding of science.
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Introduction

Imagine that you live in ancient Greece, and a fellow called Eratostenes claims the
circumference of the earth is 252000 stades (approximately 40000 kilometers). You know
nothing about this man, the circumference of the Earth, or how one could measure such a
thing. As a result, you discard Eratostenes’ opinion and (mis)take him for a pretentious
loon. But what if other scholars had arrived at very similar measurements, independently
of Eratosthenes? Or even if they had carefully checked his measurement, with a critical
eye? Wouldn’t that give you enough ground to believe not only that the estimates might
be correct, but also that Eratosthenes and his fellow scholars must be quite bright, to be
able to achieve such a feat as measuring the Earth?

In this article, we explore how, under some circumstances, we should, and we do
infer that a group of individuals whose answers converge are likely to be correct, and to be
competent in the relevant area, even if we had no prior belief about either what the correct
answer was, or about these individuals’ competence.

We begin by reviewing existing studies showing that people infer that competent in-
formants who converge in their opinions are likely to be accurate. The wisdom of crowds
literature provides normative grounds for this inference. We then argue that both the ex-
perimental and theoretical literature have paid little attention to extending this inference
to cases in which there is no information about the informants’ competence, and to infer-
ences about the competence of the informants. We first develop normative models, both
analytically and with simulations, to show that inferences from convergence to accuracy
and to competence are warranted under a wide range of parameters. Second, we present a
series of experiments in which participants evaluate both the accuracy and competence of
informants as a function of how much their answers converge on a given problem, in the
absence of any priors about these individuals’ competence, or what the correct answer is.

Do people infer that individuals whose answers converge tend to be right, and
to be competent?

The literature on the wisdom of crowds has treated separately situations with contin-
uous answers, such as the weight of an ox in Galton’s famous observation (Galton, 1907),
and with categorical answers, as when voters have to choose between two options, in the
standard Condorcet Jury Theorem (De Condorcet, 2014). The continuous and the categor-
ical case are typically modeled with different tools, and they have usually been studied in
different empirical literatures (see below). Given that they both represent common ways
for answers to converge more or less (e.g. when people give numerical estimates vs. vote on
one of a limited number of options), we treat them both here, with different simulations
and experiments.

In the continuous case, the most relevant evidence comes from the literature on
‘advice-taking’ (for review, see, Kämmer, Choshen-Hillel, Müller-Trede, Black, & Weibler,
2023). In these experiments, participants are called ‘judges’ who need to make numerical
estimates–sometimes on factual knowledge, e.g. ‘What year was the Suez Canal opened
first?’ (Yaniv, 2004), sometimes on knowledge controlled by the experimenters, e.g. ‘How
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many animals were on the screen you saw briefly?’ (Molleman et al., 2020). To help answer
these questions, participants are given estimates from others, the ‘advisors’.

Most of this literature is irrelevant to the point at hand since participants are pre-
sented with single estimates, either from a single advisor (e.g. Bednarik & Schultze, 2015;
Harvey & Fischer, 1997; Soll & Larrick, 2009; Yaniv, 2004; Yaniv & Kleinberger, 2000), or
as an average coming from a group of advisors (e.g. Jayles et al., 2017; Mannes, 2009), but
without any information about the distribution of initial estimates, so that we cannot tell
whether participants put more weight on more convergent answers.

Some advice-taking studies provide participants with a set of individual estimates.
One subset of these studies manipulates the degree of convergence between groups of ad-
visors, through the variance of estimates (Molleman et al., 2020; Yaniv, Choshen-Hillel, &
Milyavsky, 2009), or their range (Budescu & Rantilla, 2000; Budescu, Rantilla, Yu, & Kare-
litz, 2003; Budescu & Yu, 2007). These studies find that participants are more confident
about, or rely more on, estimates from groups of advisors that converge more.

Other studies manipulated the degree of convergence within a group of advisors.
These studies present participants with a set of estimates, some of which are close to each
other, while others are outliers (Harries, Yaniv, & Harvey, 2004; Yaniv, 1997, study 3 & 4).
These studies find that participants discount outliers when aggregating estimates.

Studies on advice taking thus suggest participants believe that more convergent opin-
ions are more likely to be correct. None of these studies investigated whether participants
also believe that those whose opinions converge are also more likely to possess greater
underlying competence.

In categorical choice contexts, there is ample and long-standing (e.g. Crutchfield,
1955) evidence from experimental psychology that participants are more likely to be influ-
enced by majority opinions, and that this influence is stronger when the majority is larger,
both in absolute and in relative terms (e.g., Morgan, Rendell, Ehn, Hoppitt, & Laland,
2012; for review, see Mercier & Morin, 2019). This is true even if normative conformity
(when people follow the majority because of social pressure rather than a belief that the
majority is correct) is unlikely to play an important role (e.g. because the answers are pri-
vate, see Asch, 1956). Similar results have been obtained with young children (Bernard,
Harris, Terrier, & Clément, 2015; Bernard, Proust, & Clément, 2015; Chen, Corriveau, &
Harris, 2013; Corriveau, Fusaro, & Harris, 2009; e.g. Fusaro & Harris, 2008; Herrmann,
Legare, Harris, & Whitehouse, 2013; Morgan, Laland, & Harris, 2015).

If many studies have demonstrated that participants tend to infer that more conver-
gent answers are more likely to be correct, few have examined whether participants thought
that this convergence was indicative of the informants’ competence. One potential exception
is a study with preschoolers in which the children were more likely to believe the opinion of
an informant who had previously been the member of a majority over that of an informant
who had dissented from the majority (Corriveau et al., 2009). However, it is not clear
whether the children thought the members of the majority were particularly competent,
since their task–naming an object–was one in which children should already expect a high
degree of competence from (adult) informants. This result might thus indicate simply that
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children infer that someone who disagrees with several others on how to call something is
likely wrong, and thus likely less competent at least in that domain.

What inferences from convergence should we expect people to draw?

Should we expect that people be able to infer that more convergent answers likely
indicate not only more accurate answers, but also that those who gave the answers were
competent? In order to make the best of communicated information, humans have to be
able to evaluate it, so as to discard inaccurate or harmful information, while accepting ac-
curate and beneficial information (Smith & Harper, 2003). It has been argued that a suite
of cognitive mechanisms–mechanisms of epistemic vigilance–evolved to serve this function
(Mercier, 2020; Sperber et al., 2010). Since the opinion of more than one individual is often
available to us, there should be mechanisms of epistemic vigilance dedicated to processing
such situations. It would be these mechanisms that lead us to put more weight on an opin-
ion that is shared by a larger majority (in relative or absolute terms), and, in some cases at
least, to discount majority opinion when the opinions haven’t been formed independently
of each other (Mercier & Miton, 2019). Evidence suggests that these mechanisms rely on
heuristics which become more refined with age (Morgan et al., 2015), and which are far
from perfect (Mercier & Miton, 2019; in particular, they ignore many cases of informa-
tional dependencies, see, e.g. Yousif, Aboody, & Keil, 2019). As mentioned above, in the
experiments evaluating how people process convergent information, the participants had
grounds to believe that the information came from competent informants. However, the
same mechanisms could lead people to perform the same inference when they do not have
such information (especially since, as is shown presently, such an inference is warranted).

Regarding the inference from convergence to competence, other cognitive mechanisms
allow us to infer how competent people are, based on a variety of cues, from visual access
(Pillow, 1989), to the time it takes to answer a question (Richardson & Keil, 2022). One of
the most basic of these mechanisms infers from the fact that someone was right, that they
possess some underlying competence (e.g. Koenig, Clément, & Harris, 2004). As a result,
if participants infer that convergent opinions are more likely to be accurate, they should
also infer that the informants who provided the opinions are competent. Before testing
whether participants infer accuracy and competence from convergence, we show that these
inferences are normatively warranted, both in the categorical and in the continuous case.

Analytical argument

Regarding the analytical answer, the question can be broken down into two questions.
First, can we infer that a population of informants whose answers converge more is, on
average, more competent? Second, can we infer that, within this population, individuals
who are closer to the consensus or to the average answer are more competent?

In the continuous case, let us imagine a population of informants. Individual opinions
are drawn from a normal distribution, centered on the correct answer (i.e., informants have
no systematic bias, as for instance in Galton’s classic demonstration, Galton, 1907). The
variance of this distribution represents the individuals’ competence: the larger the variance,
the lower the competence. We observe the individual answers. In this setting, it is well
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known in statistics (see also Electronic Supplementary Materials, ESM) that the sample
mean (i.e. the mean of the answers of all the informants) is the best estimator of the correct
answer, and the sample variance (i.e. the mean squared distance between the answers and the
sample mean) is the best estimator of the population’s average competence (best understood
here as the least volatile estimator). This means that a population of informants whose
answers converge more (lower sample variance) is, on average, more competent (informants
tend to answer with a lower variance).

We can extend this argument from populations to individuals: Consider that com-
petence varies within a population, such that each informant’s answer is drawn from their
own distribution – always centered on the correct answer, but with different variances. In
this case, the distance between each informant’s answer and the sample mean provides the
best estimate of that informant’s competence (i.e. individuals whose answers are further
away from the sample mean tend to be less competent).

In the categorical case, we define the competence of an informant as the probability
of choosing the correct answer. The law of large numbers implies that the relative size
of the majority – the share of informants who choose the most chosen answer – is, when
the population is large enough, a good approximation of the average competence of the
population (e.g. if the average competence is .66, and there are enough informants, then
approximately 66% of informants will select the right answer). For smaller populations,
the relationship holds, with some degree of noise. In other words, the more the answers
converge, the more the population can be inferred to be competent (and the larger the
population, the more reliable the inference).

Now, can we infer that informants belonging to the majority are more competent?
To do so, we must assume some distribution of competence in the population. Using Bayes
theorem, we can then show (see ESM, section A) that the more informants agree with a
focal informant, the more the focal informant can be inferred to be competent (Fig. 1).
We also find that, the more competence varies in the population, the more the degree
of convergence is indicative of an informant’s competence. For example, if competence is
roughly uniform in the population, then being part of a minority likely reflects bad luck,
rather than incompetence. More generally, the fact that the focal individual is right (their
‘accuracy’) can be inferred more strongly than their competence, as there is noise in the
answer choice (an incompetent individual can always pick the correct answer by chance and
vice versa). Figure 1 provides an example with a specific categorical choice scenario, under
two different population distributions of competence.

Simulations

In order to better understand the influence of different parameters (e.g. degree of
convergence, number of individuals) on the relationship between convergence, accuracy,
and competence of informants, we conducted simulations. In all simulations, we assume
agents to be unbiased and independent in their answers, but varying in their competence.
All code and data regarding the simulations can be found on Open Science Framework
project page (https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b).

https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b
https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b
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Figure 1 . Results of the analytic argument. The figure shows the average estimated compe-
tence for a focal individual, depending on the proportion of individuals agreeing with them,
in a categorical choice scenario. Here, we assume that 20 individuals independently pick one
out of 5 choice options. Two situations are represented: one in which there is low variance
in the distribution of competence in the population (the bell-shaped curve; solid line), and
one in which there is high variance in this distribution (the u-shaped curve; dotted line).

Continuous case. Groups of agents, with each agents’ competence varying, provide
numerical answers. We measure how accurate these answers are, and how much they con-
verge (i.e. how low their variance is). We then look at the relationship between convergence
and both the accuracy of the answers and the competence of the agents.

More specifically, agents provide an estimate on a scale from 1000 to 2000 (chosen
to match the experiments below). Each agent is characterized by a normal distribution of
possible answers. All of the agents’ distributions are centered around the correct answer, but
their standard deviation varies, representing varying degrees of competence. The agents’
standard deviation varies from 1 (highest competence) to 1000 (lowest competence). Each
agent’s competence is drawn from a population competence distribution, expressed by a beta
distribution, which can take different shapes. We conducted simulations with a variety of
beta distributions which cover a wide range of possible competence populations (see Fig. 2
A).

A population of around 990000 agents (varying slightly as a function of group sizes)
with different competence levels is generated. An answer is drawn for each agent, based
on their respective competence distribution. The accuracy of this answer is defined as the
squared distance to the true answer. Having a competence and an accuracy value for each
agent, we randomly assign agents to groups of, e.g., three. For each group, we calculate
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the average of the agents’ competence and accuracy. We measure the convergence of a
group’s answers by calculating the standard deviation of the agents’ answers. We repeat
this process for different sample sizes for the groups, and different competence distributions.
Fig. 2 C displays the resulting relation of convergence with accuracy (left), and competence
(right) for different underlying competence distributions and group sizes. We draw broad
conclusions from these results after reporting the outcome of the simulations with categorical
answers.

Categorical case. In the case of categorical answers, convergence can be measured
as the relative size of informants picking the same option. The Condorcet jury theorem
(De Condorcet, 2014; for a recent treatment, see Dietrich & Spiekermann, 2013) and its
extensions to situations with more than two options (e.g., Hastie & Kameda, 2005) already
shows that the answer defended by the majority/plurality is more likely to be correct.
Regarding competence, Romeijn and Atkinson (2011) have shown that when individuals
are more competent, the share of the majority vote tends to increase. However, they have
only studied a case with a uniform distribution of competence. By contrast, here, we
investigate a wide range of distributions of competence, and we do not assume that all
individuals are equally competent, meaning that, from an observed set of answers, we can
attribute an average competence to individuals whose answers form a majority/plurality
vs. individuals whose answers form a minority.

We simulate agents whose competence varies and who have to decide between a num-
ber of options, one of which is correct. Competence is defined as a value p which corresponds
to the probability of selecting the right answer (the agents then have a probability (1-p)/(m-
1), with m being the number of options, of selecting any other option). Competence values
range from chance level (p = 1/m) to always selecting the correct option (p = 1). Individual
competence levels are drawn from the same population competence beta distributions as in
the numerical case (see Fig. 2 A). Based on their competence level, we draw an answer for
each agent. We measure an agent’s accuracy as a binary outcome, namely whether they
selected the correct option or not. In each simulation around 99900 agents (varying slightly
as a function of the group size) are generated, and then randomly assigned to groups (of
varying size in different simulations). Within these groups, we first calculate the share of
individuals voting for each answer, allowing us to measure convergence. For example, in a
scenario with three choice options and three individuals, two might vote for option A, and
one for option C, resulting in two levels of convergence, 2/3 for A and 1/3 for C. For each
level of convergence occurring within a group, we then compute (i) the accuracy (either 1 if
the correct option or 0 else)„ (ii) the average competence of agents. Across all groups, we
then compute the averages of these values, for each level of convergence.

We repeat this procedure varying population competence distributions and the size of
informant groups, holding the number of choice options constant at n = 3 (for simulations
with varying choice options, see ESM section B). Fig. 2 B shows the average accuracy (left),
and the average competence (right) value as a function of convergence, across different
underlying competence distributions and group sizes.

The simulations for the numerical and categorical case demonstrate a similar pattern,
which can be summarized as follows:
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1. Irrespective of group size (and number of choice options) and of the competence
distribution, there is a very strong relation between convergence and accuracy: more
convergent answers tend to be more accurate.

2. For any group size and any competence distribution, there is a relation between con-
vergence and the competence of the agents: more convergent answers tend to stem
from more competent agents. The strength of this relation is not much affected by the
number of agents whose answers are converging, but, although it is always positive,
it ranges from very weak to very strong depending on the population’s competence
distribution.

3. The relation between convergence and accuracy is always much stronger than the
relation between convergence and competence of the agents.

Overview of the experiments

Our models indicate that groups of informants are more likely to have given accurate
answers, and to be competent, when their answers converge. In a series of experiments,
we test whether people draw these inferences both in numerical tasks (Experiments 1, 2,
3), and in categorical tasks (Experiments 4, 5, 6). By contrast with previous studies,
participants were not given any information about the tasks–how difficult they were–and
the informants–how competent they might be. There has recently been much interest in
investigating whether participants are able to take informational dependencies into account
when evaluating convergent information (Desai, Xie, & Hayes, 2022; Mercier & Miton, 2019;
Xie & Hayes, 2022; Yin, Xu, Lin, Zhou, & Guo, 2024; Yousif et al., 2019). To test whether
participants took into account dependencies between the informants in the present context,
this factor was manipulated in two different ways (in Experiment 2, some informants had
discussed with each other; in Experiments 3 and 5, some informants had an incentive to
provide the same answer). We predicted that dependencies between the informants’ answers
should reduce participants’ reliance on the convergence of the answer as a cue to accuracy
and to competence.

All experiments were preregistered. All documents, data and code can be
found on Open Science Framework project page (https://osf.io/6abqy/?view_only=
42632bccea604fd7928dbe58e087d23b). All analyses were conducted in R (version 4.2.2)
using R Studio. For most statistical models, we relied on the lme4 package and its lmer()
function. Unless mentioned otherwise, we report unstandardized model coefficients that
can be interpreted in units of the scales we use for our dependent variables.

Experiment 1

In Experiment 1, participants were provided with a set of numerical estimates which
were more or less convergent, and asked whether they thought the estimates were accurate,
and whether the informants making the estimates were competent. Perceptions of accuracy
were measured as the confidence in what the participants thought the correct answer was,
on the basis of the numerical estimates provided: the more participants think they can
confidently infer the correct answer, the more they must think the estimates accurate, on
average (the results replicate with a more direct measure of accuracy, see Experiment 3).
Our hypotheses were:

https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b
https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b
https://osf.io/6abqy/?view_only=42632bccea604fd7928dbe58e087d23b
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Figure 2 . Results of the simulations. A Shows the different population competence distri-
butions we considered in our simulations. In the continuous simulations, competence values
of 0 correspond to a very large standard deviation (1000, with a mean of 1500, on a scale
from 1000 to 2000), thereby practically taking the form of a uniform distribution, while
competence of 1 corresponds to a very small standard deviation (1, on the same scale).
In the categorical simulations, a competence value of 0 corresponds to chance (e.g. in a 3-
choice-options scenario, an individual picking the correct answer with a probability of 1/3),
while a competence value of 1 corresponds to definitely picking the correct answer. B Shows
the results of simulations in a categorical setting with three choice options. Points represent
average accuracy (left)/competence (right) values by degree of convergence (measured by
the share of votes for an option), for different population competence distributions (panels)
and sample sizes (colors). C Shows the results in a continuous setting. Regression lines
represent the correlation between accuracy (left; measured by squared distance to true mean
and reversed such that greater accuracy corresponds to being further up on the y-axis) or
competence (right), respectively, and convergence (reversed such that greater convergence
corresponds to being more right on the x-axis).
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H1: When making a guess based on the estimates of (independent) infor-
mants, participants will be more confident about their guess when these esti-
mates converge compared to when they diverge.

H2: Participants perceive (independent) informants whose estimates con-
verge more as more competent than informants whose estimates diverge.

We had three research questions regarding the number of informants which report in
the ESM (section C).

Methods

Participants. We recruited 200 participants from the UK via Prolific (100 female,
100 male; agemean: 39.73, agesd: 15.39, agemedian: 35.50). Not a single participant failed
our attention check. The sample size was determined on the basis of a power analysis for
a t-test to detect the difference between two dependent means (“matched pairs”) run on
G*Power3. The analysis suggested that a combined sample of 199 would provide us with
80% power to detect a true effect size of Cohen’s d ≥ 0.2 (alpha = .05, two-tailed).

Procedure. After providing their consent to participate in the study and passing
an attention check, participants read the following introduction: “Some people are playing
games in which they have to estimate various quantities. Each game is different. You have
no idea how competent the people are: they might be completely at chance, or be very
good at the task. It’s also possible that some are really good while others are really bad.
Some tasks might be hard while others are easy. Across various games, we will give you
the answers of several players, and ask you questions about how good they are. As it so
happens, for all the games, the estimates have to be between 1000 and 2000, but all the
games are completely different otherwise, and might require different skills, be of different
difficulties, etc. Each player in the game makes their own estimate, completely independent
of the others”. After being presented with the results of a game (Fig. 3), participants had
to (i) make a guess about the correct answer based on the estimates they see, “What would
you guess is the correct answer, if there is one?”, (ii) estimate their confidence in this guess,
“How confident are you that your answer is at least approximately correct?” on a 7-point
Likert scale (“not confident at all” to “extremely confident”), (iii) estimate the competence
of the group of players whose estimates they saw, “On average, how good do you think
these players are at the game?”, also on a 7-point Likert scale (from “not good at all” to
“extremely good”).

Design. We manipulated two experimental factors, with two levels each: the con-
vergence of the estimates (how close they were to each other; levels: divergent/convergent),
and the number of estimates (how many players there were; levels: three/ten). This latter
factor was chiefly included to make our results more robust, and was not attached to spe-
cific hypotheses. We used a 2 (convergence: divergent/convergent) x 2 (number: three/ten)
within-participant design, with each participant seeing all the conditions. Participants saw
two different sets of estimates per condition, for a total of eight sets of estimates per par-
ticipant.

Materials. We generated sets of estimates with random draws from normal dis-
tributions. First, we varied the standard deviation of these distributions to simulate the
degree of convergence (150 for divergence, 20 for convergence; estimate scale ranged from
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A

B

Figure 3 . Example of two stimuli from Experiment 1, both in the 10 players condition, A
corresponding to the convergent, B to the divergent condition. Similar stimuli are used in
Experiments 2 and 3.

1000 to 2000). Second, we varied the number of draws (either three or ten) from these
distributions. For each of the four possible resulting conditions, we generated two random
draws. We repeated this process for three different sets of estimates, and participants were
randomly assigned to one of these sets. More information on how the stimuli were created
can be found in the ESM, section C.

Results and discussion

To account for dependencies of observations due to our within-participant design,
we ran mixed models, with a random intercept and a random slopes of convergence for
participants. In the models for our hypotheses, we control for the number of estimates
provided to the participants (three or ten). Visualizations and descriptive statistics can be
found in ESM, section C. We find a positive effect of convergence on accuracy: Participants
were more confident about their estimate in convergent scenarios (mean = 4.56, sd = 1.45)
than in divergent ones (mean = 3.19, sd = 1.39; b̂Accuracy = 1.37 [1.225, 1.51], p < .001).
We also find a positive effect of convergence on competence: participants rated players as
more competent in convergent scenarios (mean = 4.75, sd = 1.24) than in divergent ones
(mean = 3.52, sd = 1.27; b̂Competence = 1.23 [1.065, 1.4], p < .001).
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In an exploratory, non-preregistered analysis, we tested whether the effect of conver-
gence is larger on accuracy than on competence. To this end, we regressed the outcome
score on convergence and its interaction with a binary variable indicating which outcome
was asked for (accuracy or competence), while controlling for the number of informants. We
do not find a statistically significant interaction that would indicate a difference of the effect
of convergence (b̂ = 0.14 [-0.001, 0.271], = 0.052). Pooled across divergent and convergent
conditions, we find that participants reported lower perceived accuracy than competence (b̂
= -0.26 [-0.359, -0.156], < .001)

In summary, as predicted, when the informants’ answers were more convergent, partic-
ipants were more confident that their answers were correct, and they believed the informants
to be more competent. This was true both when there were three informants and when
there were ten informants.

Experiment 2

We have shown that it is rational to infer that convergent estimates are more likely
to be accurate, and to have been made by competent individuals, only if these individuals
were independent and unbiased. However, convergence could come about differently. If the
individuals do not make their estimates independently of each other, a single individual
might exert a strong influence on the others, making their convergence a poor cue to their
accuracy. Alternatively, all individuals might have an incentive to provide a similar, but
not accurate answer. In Experiment 2, we investigate the first possibility, and the second
in Experiment 3. In particular, for Experiment 2 we rely on past results showing that
participants, under some circumstances, put less weight on opinions that have been formed
through discussion, by contrast with more independent opinions (Harkins & Petty, 1987;
Einav, 2018; Hess & Hagen, 2006; see also Lopes, Vala, & Garcia-Marques, 2007). We
sought to replicate this finding in the context of convergent estimates, formulating the
following hypotheses:

H1: When making a guess based on convergent estimates of informants,
participants will be more confident about their guess when informants were
independent compared to when they weren’t (i.e. they could discuss before).

H2: Participants perceive informants whose estimates converge as more
competent when they are independent, compared to when they weren’t (i.e. they
could discuss before).

Note that these predictions only stem from past empirical results, and are not neces-
sarily normatively justified (modeling the effects of discussion would be beyond the scope
of this paper, but see Dietrich & Spiekermann, 2024).

Methods

Participants. We recruited 200 participants from the UK via Prolific (100 female,
99 male, 1 not-identified; agemean: 40.54, agesd: 13.56, agemedian: 38.50). Not a single
participant failed our attention check. As for experiment 1, the sample size was determined
on the basis of a power analysis for a t-test to detect the difference between two dependent



HOW WISE IS THE CROWD? 13

means (“matched pairs”) run on G*Power3. The analysis suggested that a combined sample
of 199 would provide us with 80% power to detect a true effect size of Cohen’s d ≥ 0.2 (alpha
= .05, two-tailed).

Design. In a within-participants design, participants saw both an independence
condition, in which they were told “Players are asked to make completely independent
decisions – they cannot see each other’s estimates, or talk with each other before giving
their estimates,” and a dependence condition, in which they were told “Players are asked
to talk with each other about the game at length before giving their estimates.”

Materials. We used the materials generated for the convergent condition of Exper-
iment 1. By contrast to Experiment 1, participants saw only two stimuli in total (one set
of estimates per condition), and we only used stimuli involving groups of three informants.
Otherwise, we proceeded just as in Experiment 1: we randomly assigned individual par-
ticipants to one of the three series of stimuli, and for each participant, we randomized the
order of appearance of conditions.

Results and discussion

To account for dependencies of observations due to our within-participant design, we
ran mixed models, with a random intercept for participants. Visualizations and descriptive
statistics can be found in ESM, section D. The data does not support our hypotheses. Par-
ticipants were slightly less confident about their estimates when the converging informants
were independent (mean = 3.78, sd = 1.50), compared to when they discussed (mean =
4.03, sd = 1.39; b̂Accuracy = -0.26 [-0.462, -0.048], p = 0.016). The effect is small, but in the
opposite direction of what we had predicted. We do not find an effect regarding competence
(b̂Competence = -0.12 [-0.272, 0.032], p = 0.120).

Contrary to the hypotheses, participants did not deem convergent estimates made
after a discussion, compared to independently made estimates, to be less accurate, or pro-
duced by less competent individuals. This might stem from the fact that participants, in
various situations, neglect informational dependencies (Yousif et al., 2019), or from the fact
that discussing groups actually perform better than non-discussing groups in a range of
tasks (for review, see, e.g., Mercier, 2016), including numerical estimates (e.g. Mercier &
Claidière, 2022). As a result, the participants in the current experiment might have been
behaving rationally when they did not discount the estimates made after discussion.

Experiment 3

Experiment 3 tests whether participants are sensitive to another potential source of
dependency between convergent estimates: when the individuals making the estimate share
an incentive to bias their estimates and disregard accuracy. Even though Experiment 3 is
formally similar to Experiment 1, the setting is different, as participants were told that they
would be looking at (fictional) predictions of experts for stock values, instead of the answers
of individuals in abstract games. In the conflict of interest condition, the experts had an
incentive to value the stock in a given way, while they had no such conflict of interest in the
independence condition. We tested for an interaction, namely whether the positive effect of
convergence is reduced when informants are systematically biased, compared to when they
are not. On this basis, we formulate four hypotheses, two of which are identical to those
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of Experiment 1, and only apply in the independent condition, and two that bear on the
interaction:

H1a: Participants perceive predictions of independent informants as more
accurate when they converge compared to when they diverge.

H1b: Participants perceive independent informants as more competent
when their predictions converge compared to when they diverge.

H2a: The effect of convergence on accuracy (H1a) is more positive in
a context where informants are independent compared to when they are in a
conflict of interest.

H2b: The effect of convergence on competence (H1b) is more positive in
a context where informants are independent compared to when they are in a
conflict of interest.

We have not conducted simulations to validate these predictions. However, given
the operationalization chosen, in which convergence should provide little evidence of either
accuracy or competence, we believe the predictions regarding the superiority of the inde-
pendent informants stem naturally from the model of independent informants presented
above.

Methods

Participants. The interaction design of our third experiment made the power anal-
ysis more complex and less standard than for experiments one and two. Because we could
build upon data from the first experiment, we ran a power analysis by simulation. The sim-
ulation code is available on the OSF, and the procedure is described in the preregistration
document. The simulation suggested that 100 participants provide a significant interaction
term between 95% and 97% of the time, given an alpha threshold for significance of 0.05.
Due to uncertainty about our effect size assumptions and because we had resources for a
larger sample, we recruited 199 participants for this study – again, from the UK and via
Prolific (99 female, 100 male; agemean: 40.30, agesd: 12.72, agemedian: 38).

Procedure. After providing their consent to participate in the study and passing an
attention check, participants read the following introduction: “You will see four scenarios in
which several experts predict the future value of a stock. You have no idea how competent
the experts are. It’s also possible that some are really good while others are really bad. As
it so happens, in all scenarios, the predictions for the value of the stock have to lie between
1000 and 2000. Other than that, the scenarios are completely unrelated: it is different
experts predicting the values of different stocks every time.” Participants then saw the four
scenarios, each introduced by a text according to the condition the participant was assigned
to. To remove any potential ambiguity about participants’ inferences on the accuracy of the
estimates, we replaced the question about confidence to one bearing directly on accuracy:
“On average, how accurate do you think these three predictions are?” on a 7-point Likert
scale (“not accurate at all” to “extremely accurate”). The question about competence
read: “On average, how good do you think these three experts are at predicting the value
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of stocks?”, also assessed on a 7-point Likert scale (from “not good at all” to “extremely
good”).

Design. We manipulated two factors: informational dependency (two levels, in-
dependence and conflict of interest; between participants) and convergence (two levels,
convergence and divergence; within participants). In the independence condition, the par-
ticipants read “Experts are independent of each other, and have no conflict of interest in
predicting the stock value - they do not personally profit in any way from any future val-
uation of the stock.” In the conflict of interest condition, the participants read “All three
experts have invested in the specific stock whose value they are predicting, and they benefit
if other people believe that the stock will be valued at [mean of respective distribution] in
the future.”

Materials. The distributions presented were similar to those of Experiment 1, al-
though generated in a slightly different manner (see ESM, section E). Each participant
rated four scenarios, two for each level of convergence. By contrast to Experiment 1, all
scenarios only involved groups of three informants.

Results and discussion

To account for dependencies of observations due to our within-participant design,
we ran mixed models, with a random intercept and a random slope for convergence for
participants. We find evidence for all four hypotheses. As for the first set of hypotheses,
to match the setting of experiment one, we reduced the sample of Experiment 3 to half
of the participants, namely those who were assigned to the independence condition. On
this reduced sample, we ran the exact same analyses as in Experiment 1 and replicated
the results. As for accuracy, participants rated informants in convergent scenarios (mean
= 5.28, sd = 1.05) as more accurate than in divergent ones (mean = 3.40, sd = 1.08;
b̂Accuracy = 1.88 [1.658, 2.102], p < .001). As for competence, participants rated informants
in convergent scenarios (mean = 5.24, sd = 0.99) as more competent than in divergent ones
(mean = 3.61, sd = 1.11; b̂Competence = 1.62 [1.411, 1.839], p < .001).

The second set of hypotheses targeted the interaction of informational dependency
and convergence (Fig. 4). In the independence condition, the effect of convergence on
accuracy was more positive (b̂interaction, Accuracy = 0.99 [0.634, 1.348], p < .001) than in the
conflict of interest condition (b̂baseline = 0.89 [0.636, 1.142], p < .001). Likewise the effect
of convergence on competence is more positive (b̂interaction, Competence = 0.80 [0.474, 1.13], p
< .001) than in the conflict of interest condition (b̂baseline = 0.82 [0.591, 1.056], p < .001).

In an exploratory, non-preregistered analysis, we tested whether the effect of conver-
gence is larger on accuracy than on competence. To this end, we regressed the outcome
score on convergence and its interaction with a binary variable indicating which outcome
was asked for (accuracy or competence), while controlling for informational dependency.
We find a negative interaction effect, indicating that pooled across independent and conflict
of interest conditions, the effect of convergence had as smaller effect on competence than
on accuracy (b̂ = -0.16 [-0.294, -0.028], = 0.018). Pooled across all conditions, participants
reported higher perceived competence than accuracy (b̂ = 0.11 [0.025, 0.191], = 0.011).

Experiment 3 shows that, when the individuals making the estimates are systemati-
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Figure 4 . Results of Experiment 3, showing the distributions of accuracy and competence
ratings by convergence and informational dependency.

cally biased, participants put less weight on the convergence of their estimates to infer that
the estimates are accurate, and that the individuals making them are competent.

Experiment 4

In a second series of experiments, we test similar predictions to those of the previous
experiments, but in a categorical choice context. The set-up is similar to that of Experiment
1, except that the outcomes seen by the participants are not numerical estimates, but
choices made between a few options. An additional difference is that participants rate a
focal informant, and not a group of informants. There were two reasons for this choice:
First, accuracy is not on a continuum as in the first three experiments (an option was either
correct or not), so forming an average across informants who chose different options was less
sensible. Second, rating a focal individual allowed us to have a minority condition, which
would not have been possible when providing an average rating for a group. Experiment 4
tests hypotheses that are analogous to those of Experiment 1:

H1: Participants perceive an estimate of an independent informant as
more accurate the more it converges with the estimates of other informants.

H2: Participants perceive an independent informant as more competent
the more their estimate converges with the estimates of other informants.
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Methods

Participants. We ran a power simulation to inform our choice of sample size. All
assumptions and details on the procedure can be found on the OSF. We ran two different
power analyses, one for each outcome variable. We set the power threshold for our exper-
iment to 90%. The power simulation for accuracy suggested that even for as few as 10
participants (the minimum sample size we simulated data for), we would have a power of
close to 100%. The simulation for competence suggested that we achieve statistical power
of at least 90% with a sample size of 30. Due to uncertainty about our assumptions and be-
cause it was within our budget, we recruited 100 participants, from the UK and via Prolific
(50 female, 50; agemean: 37.32, agesd: 11.53, agemedian: 36).

Procedure. After providing their consent to participate in the study and passing
an attention check, participants read the following introduction: “To be able to understand
the task, please read the following instructions carefully: Some people are playing games in
which they have to select the correct answer among three answers. You will see the results
of several of these games. Each game is different, with different solutions and involving
different players. All players answer independently of each other. At first, you have no idea
how competent each individual player is: they might be completely at chance, or be very
good at the task. It’s also possible that some players are really good while others are really
bad. Some games might be difficult while others are easy. Your task will be to evaluate the
performance of one of the players based on what everyone’s answers are.” They were then
presented to the results of eight such games (Fig. 5). To assess perceived accuracy, we asked:
“What do you think is the probability of player 1 being correct?”. Participants answered
with a slider on a scale from 0 to 100. To assess perceived competence, we asked participants:
“How competent do you think player 1 is in games like these?” Participants answered on a
7-point Likert scale (from (1)“not competent at all” to (2)“extremely competent”).

Design. We manipulated convergence within participants, by varying the ratio of
players choosing the same response as a focal player (i.e. the one that participants evaluate).
The levels of convergence are: (i) consensus, where all three players pick the same option
[coded value = 3]; (ii) majority, where either the third or second player picks the same
option as the first player [coded value = 2]; (iii) dissensus, where all three players pick
different options [coded value = 1]; (iv) minority, where the second and third player pick
the same option, but one that is different from the first player’s choice [coded value = 0].
In our analysis, we treat convergence as a continuous variable, assigning the coded values
in squared parenthesis here.

Materials. All participants saw all four conditions, with two stimuli per condition.
Each participant therefore saw eight stimuli in total (4 convergence levels x 2 stimuli).

Results and discussion

To account for dependencies of observations due to our within-participant design, we
ran mixed models, with a random intercept and a random slope for participants.

As in the numerical setting, we found a positive effect of convergence on both accuracy
(b̂Accuracy = 16.84 [15.009, 18.668], p < .001; on a scale from 0 to 100) and competence
(b̂Competence = 0.68 [0.578, 0.788], p < .001; on a scale from 1 to 7).
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Figure 5 . One set of stimuli by level of convergence, in Experiment 4 (similar stimuli are
used in Experiments 5 and 6). A full set of stimuli can be found in the ESM, section F.

In the ESM (section F), we show that compared to what the normative models would
predict, participants underestimate the effect of convergence on both accuracy and compe-
tence, but especially on accuracy.

In an exploratory, non-preregistered analysis, we tested whether the effect of con-
vergence is larger on accuracy than on competence. To do so, we first standardized both
outcome scores to account for the different scales. We then regressed the outcome score on
convergence and its interaction with a binary variable indicating which outcome was asked
for (accuracy or competence). We find a negative interaction, indicating that convergence
had a smaller effect on competence than on accuracy (b̂ = -0.10 [-0.136, -0.053], < .001;
units in standard deviations).

Experiment 5

Experiment 5 is a conceptual replication of Experiment 3 in a categorical instead of
a numerical case: are participants less likely to infer that more convergent estimates are
more accurate, and the individuals who made them more competent, when the estimates
are made by individuals with a conflict of interest pushing them to all provide a given
answer, compared to when they are made by independent individuals? The independence
condition of Experiment 5 also serves as a replication of Experiment 4, leading to the
following hypotheses:
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H1a: Participants perceive an estimate of an independent informant as
more accurate the more it converges with the estimates of other informants.

H1b: Participants perceive an independent informant as more competent
the more their estimate converges with the estimates of other informants.

H2a: The effect of convergence on accuracy (H1a) is more positive in a
context where informants are independent compared to when they are biased
(i.e. share a conflict of interest to pick a given answer).

H2b: The effect of convergence on competence (H1b) is more positive in
a context where informants are independent compared to when they are biased
(i.e. share a conflict of interest to pick a given answer).

Methods

Participants. We ran a power simulation to inform our choice of sample size. All
assumptions and details on the procedure can be found on the OSF. We ran two different
power analyses, one for each outcome variable. We set the power threshold for both to 90%.

The power simulation for accuracy suggested that for 80 participants, we would have
a power of at least 90% for the interaction effect. The simulation for competence sug-
gested that with already 40 participants, we would detect an interaction, but only with
60 participants would we also detect an effect of convergence. Due to uncertainty about
our assumptions and because resources were available for a larger sample, we recruited 200
participants, in the UK and via Prolific (99 female, 100, 1 non-identified; agemean: 41.88,
agesd: 13.94, agemedian: 39).

Procedure. After providing their consent to participate in the study and passing
an attention check, participants read the following introduction: “We will show you three fi-
nancial advisors who are giving recommendations on investment decisions. They can choose
between three investment options. Their task is to recommend one. You will see several
such situations. They are completely unrelated: it is different advisors evaluating different
investments every time. At first you have no idea how competent the advisors are: they
might be completely at chance, or be very good at the task. It’s also possible that some
are really good while others are really bad. Some tasks might be difficult while others are
easy. Your task will be to evaluate the performance of one of the advisors based on what
everyone’s answers are.” To assess perceptions of accuracy, we asked: “What do you think
is the probability of advisor 1 making the best investment recommendation?”. Participants
answered with a slider on a scale from 0 to 100. To assess perceptions of competence, we
asked: “How competent do you think advisor 1 is regarding such investment recommenda-
tions?” Participants answered on a 7-point Likert scale (from (1)“not competent at all” to
(7)“extremely competent”).

Design. We manipulated convergence within participants, and conflict of interest
between participants. In the conflict of interest condition, experts were introduced this
way: “The three advisors have already invested in one of the three options, the same
option for all three. As a result, they have an incentive to push that option in their
recommendations.” Participants assigned to the independence condition read: “The three
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advisors are independent of each other, and have no conflict of interest in making investment
recommendations.”

Materials. We used the same stimuli as in Experiment 4. Identical to Experiment
4, participants saw all four convergence conditions, with two stimuli (i.e. expert predictions)
per condition. Each participant therefore saw eight stimuli in total (4 convergence levels x
2 stimuli).

Results and discussion

To account for dependencies of observations due to our within-participant design,
we ran mixed models, with a random intercept and a random slope for convergence for
participants.

We find evidence for all four hypotheses (see Fig. 6). To test H1a and H1b, we use the
same analyses as in Experiment 4, restricted on the independence condition, and replicate
the results. We find a positive effect of convergence on both accuracy (b̂Accuracy = 12.34
[10.362, 14.311], p < .001) and competence (b̂Competence = 0.56 [0.459, 0.665], p < .001).

The second set of hypotheses targeted the interaction of informational dependency
and convergence (Fig. 6). In the independence condition, the effect of convergence on
accuracy was more positive (b̂interaction, Accuracy = 3.01 [0.027, 5.988], p = 0.048) than in the
conflict of interest condition (b̂baseline 9.33 [7.232, 11.426], p < .001). Likewise, the effect of
convergence on competence was more positive (b̂interaction, Competence = 0.16 [0.014, 0.316], p
= 0.032) than in the conflict of interest condition (b̂baseline = 0.40 [0.291, 0.503], p < .001).

In an exploratory, non-preregistered analysis, we tested whether the effect of con-
vergence is larger on accuracy than on competence. To do so, we first standardized both
outcome scores to account for the different scales. We then regressed the outcome score on
convergence and its interaction with a binary variable indicating which outcome was asked
for (accuracy or competence), while controlling for informational dependency. We find a
negative interaction, indicating that convergence had a smaller effect on competence than
on accuracy (b̂ = -0.08 [-0.113, -0.044], < .001; units in standard deviations).

Experiment 6

Experiment 6 is a replication and extension of Experiment 4 in which we test the
effect of the number of choice options (three and ten, instead of only three). Our simulations
suggested that, at least for some underlying population competence distributions, consensus
should be more indicative of competence when there are more choice options, compared to
fewer (see ESM, section B and H).

First, considering only the three options condition, we ran a direct replication of
experiment 4. Second, following the results from our model, we predict that

H1: The effect of convergence on accuracy (H1a) is more positive in a
context when informants can choose among ten response options compared to
when they can choose among only three.
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Figure 6 . Interaction of convergence and informational dependency.

H2: The effect of convergence on competence (H1b) is more positive in a
context when informants can choose among ten response options compared to
when they can choose among only three.

Methods

Participants. We ran a power simulation to inform our choice of sample size. All
assumptions and details on the procedure can be found on the OSF. We used previous
experiments and estimates of our models to inform our choice of parameter values. We ran
two different power analyses, one for each outcome variable. We set the power threshold
for our experiment to 90%. The power simulation for accuracy suggested that for 140
participants we would cross the power threshold of 90% for the interaction effect (power
= 0.928). The simulation for competence suggested that with 300 participants, we would
detect an interaction with a power of 87%. Due to budget constraints, we considered aiming
for a sample of 300 participants as good enough, although slightly below our threshold. Due
to two failed attention checks, our final sample consisted of 298 subjects, recruited, as in
all experiments, in the UK and via Prolific (149 female, 149; agemean: 42.09, agesd: 13.06,
agemedian: 40).

Procedure. We used the same procedure as in Experiment 4, with the addition of
one condition described below.
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Design. The number of choice options was manipulated between participants. Par-
ticipants were randomly assigned to either see stimuli with three options (as in Experiment
4), or stimuli with ten options. Participants assigned to the ten options condition were
divided into one of two distinct sub-conditions: one in which the range of the answers cor-
responds to the range of the three options condition, and another with increased range (see
ESM, section H). We found no differences between the two sub-conditions and collapsed
them into a single ten options condition.

Materials. For the three options condition, we used the same stimuli as in Exper-
iments 4 and 5. For the ten options condition, we created new sets of stimuli (see ESM,
section H). Identical to Experiments 4 and 5, participants saw all four convergence con-
ditions, with two stimuli per condition. Each participant therefore saw eight stimuli in
total.

Results and discussion

To account for dependencies of observations due to our within-participant design,
we ran mixed models, with a random intercept and a random slope for convergence for
participants.

We replicate the results of experiment 4, but do not find evidence for an interaction
between convergence and the number of choice options. To match the setting of experiment
one, we reduced the sample to half of the participants, namely those who were assigned to
the three options condition. On this reduced sample, we ran the exact same analyses as in
experiment 4 and replicated the results. We find a positive effect of convergence on both
accuracy (b̂Accuracy = 15.68 [14.112, 17.246], p < .001) and competence (b̂Competence = 0.65
[0.564, 0.736], p < .001). This finding also holds across the entire sample, pooling three
and ten choice option observations (b̂Accuracy = 16.30 [15.124, 17.485], < .001; b̂Competence
= 0.68 [0.611, 0.739], < .001).

We do not find evidence of an interaction, i.e. evidence that the number of choice
options changes the effect of convergence (b̂interaction, Accuracy = 1.25 [-1.11, 3.613], = 0.298;
b̂interaction, Competence = 0.05 [-0.078, 0.178], = 0.442).

We tested whether the effect of convergence is larger on accuracy than on compe-
tence in an exploratory, non-preregistered analysis. To this end, we first standardized both
outcome scores to account for the different scales. We then regressed the outcome score on
convergence and its interaction with a binary variable indicating which outcome was asked
for (accuracy or competence), while controlling for the number of choice options. In line
with all previous experiments, we find a negative interaction, indicating that convergence
had a smaller effect on competence than on accuracy (b̂ = -0.05 [-0.075, -0.023], < .001).

Experiment 6 replicates Experiments 3 and 4 (independence condition), but suggests
that the number of options the informants choose from does not powerfully affect partic-
ipants’ estimates of the informants’ accuracy or competence. In the ESM, section H, we
show that, compared to our model, participants underestimate the effect of the number of
choice options.
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General discussion

Using both analytical arguments and simulations, we have shown that, under a wide
range of parameters, more convergent answers tend to be more accurate, and to have been
made by more competent informants.

In two experiments (Experiment 1, and independence condition of Experiment 3), we
find that participants presented with a set of more (rather than less) convergent numerical
estimates find the estimates more accurate, and the individuals making the estimates more
competent, thus drawing normatively justified inferences. Experiment 2 suggests that par-
ticipants do not think that a discussion between the individuals makes their convergence
less indicative of accuracy or their competence. By contrast, Experiment 3 reveals that,
when the individuals making the estimates are systematically biased by a conflict of interest,
participants put less weight on the convergence of their estimates.

Similar results are obtained in a categorical choice context, in which participants see
the answers of individuals made within a limited set of options. Experiments 4, 5 (indepen-
dence condition), and 6 show that, the more the answers converge, the more participants
believe them to be accurate and the individuals who made to be competent, again drawing
normatively justified inferences. Experiment 5 shows that these inferences are weakened
when the convergence can be explained by a conflict of interest (as in Experiment 3). Ex-
periment 6 fails to find an effect of the number of options.

We also observe that, in line with our simulations, participants draw stronger infer-
ences from convergence to accuracy than to competence in five of the six experiments.

On the whole, participants thus appear to draw normatively justified inferences: 1.
They infer that more convergent answers are more accurate; 2. They infer that more
convergent answers are coming from more competent informants; 3. The inference on
accuracy tends to be stronger than the inference on competence ; 4. Both the inference
on accuracy and on the inference on competence are weaker when the informants have a
conflict of interest, but not when they are merely discussing with each other. The only
exception appears to be that participants do not take into account the number of options
in categorical choices scenarios.

Conclusion

When people see that others agree with each other, they tend to believe that they
are right. This inference has been evidenced in several experiments, both for numerical
estimates (Budescu & Rantilla, 2000; Budescu et al., 2003; Budescu & Yu, 2007; e.g.
Molleman et al., 2020; Yaniv et al., 2009), and for categorical choices (e.g., Morgan et
al., 2012; for review, see Mercier & Morin, 2019). However, these experiments do not test
whether this inference of accuracy of the information extends to an inference of competence
of the informants. Moreover, by their design, participants arguably assumed a degree of
competence among the informants. For instance, when children are confronted with several
individuals who agree on how to name a novel object (e.g. Corriveau et al., 2009), they
can assume that these (adult) individuals tend to know what the names of objects are.
If a certain competence of the informants is assumed, then well-known results from the
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literature on judgment aggregation–the wisdom of crowds–show that the average opinion
of a set of individuals is, in a wide range of circumstances, more likely to be accurate than
that of a single individual (e.g. Larrick & Soll, 2006).

Here, we assumed no prior knowledge of individual competence, asking the question:
if we see informants, whose competence is unknown, converge on an answer, is it rational
to infer that this answer is more likely to be correct, and that the informants are likely to
be competent? We have shown that the answer is yes on both counts–assuming there is no
systematic bias among the informants. An analytical argument and a series of simulations
revealed that, for both the numerical choice context and the categorical choice context, the
more individuals agree on an answer, the more likely the answer is correct, and the more
likely the individuals are competent, with the former effect being stronger than the latter.
Moreover, this is true for a wide range of assumed population distributions of competence.
In a series of experiments, we have shown that participants (UK) draw these inferences, but
that they do so less when there is reason to assume a bias among informants.

The results–both simulations and experiments–are a novel contribution to the wisdom
of crowds literature. In this literature–in particular that relying on the Condorcet Jury
Theorem–a degree of competence is assumed in the individuals providing some answers.
From that competence, it can be inferred that the individuals will tend to agree, and that
their answers will tend to be accurate. Here, we have shown that the reverse inference–from
agreement to competence–is also warranted, and that it is warranted under a wide range of
circumstances: If one does not suspect any systematic bias, convergence alone can be a valid
cue when determining who tends to be an expert. This finding qualifies work suggesting
that people need a certain degree of expertise themselves, in order to figure out who is an
expert (Hahn, Merdes, & Sydow, 2018; Nguyen, 2020).

The present experiments show that people draw inferences from convergence to ac-
curacy and to competence, but then do not precisely show how they do it. As suggested
in the introduction, it is plausible that participants use the combination of two heuristics:
one leading them from convergence to accuracy, and one from accuracy to competence.
This two step process is coherent with the observation that the inference from convergence
to accuracy (one step) is stronger than that from convergence to competence (two steps).
However, our results are also compatible with participants performing two inferences from
convergence, one to accuracy and one to competence, the latter being weaker because the
inferences roughly follow the normative model. Our results are coherent with work on other
mechanisms of epistemic vigilance that process the combination of several informants’ opin-
ions, showing that these mechanisms rely on sensible cues, but also systematically fail to
take some subtle cues into account (Mercier & Morin, 2019).

A most prominent context in which the inferences uncovered here might play a role
is that of science. Much of science is counterintuitive, and most people do not have the
background knowledge to evaluate most scientific evidence. However, science is, arguably,
the institution in which individuals end up converging the most in their opinions (on con-
sensus being the defining trait of science by contrast with other intellectual enterprises, see
Collins, 2002). For instance, scientists within many disciplines agree on things ranging from
the distance between the solar system and the center of the galaxy to the atomic structure of
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DNA. This represents an incredible degree of convergence. When people hear that scientists
have measured the distance between the solar system and the center of the galaxy, if they
assume that there is a broad agreement within the relevant experts, this should lead them
to infer that this measure is accurate, and that the scientists who made it are competent.
Experiments have already shown that increasing the degree of perceived consensus among
scientists tends to increase acceptance of the consensual belief (Van Stekelenburg, Schaap,
Veling, Van ’T Riet, & Buijzen, 2022), but it hasn’t been shown yet that the degree of
consensus also affects the perceived competence of scientists.

In the case of science, the relationship between convergence and accuracy is broadly
justified. However, at some points of history, there has been broad agreement on misbeliefs,
such as when Christian theologians had calculated that the Earth was approximately six
thousand years old. To the extent that people were aware of this broad agreement, and
believed the theologians to have reached it independently of each other, this might have not
only fostered acceptance of this estimate of the age of the Earth, but also a perception of
the theologians as competent.

The current study has a number of limitations. In our simulations, we assume agents
to be independent and unbiased. Following previous work generalizing the Condorcet Jury
Theorem to cases of informational dependency (Ladha, 1992), more robust simulations
would show that–while still assuming no systematic bias–our results hold even when agents
influence each others’ answers. Regarding our experiments, if the very abstract materials
allow us to remove most of the priors that participants might have, they might also reduce
the ecological validity of the results. Although the main results replicate well across our
experiments, and we can thus be reasonably certain of their robustness, it’s not clear how
much they can be generalized. Experimental results with convenience samples can usually
be generalized at least to the broader population the samples were drawn from–here, UK
citizens (Coppock, 2019). However, we do not know whether they would generalize to other
cultures.

These limitations could be overcome by replicating the present results in different
cultures, using more ecologically valid stimuli. For instance, it would be interesting to test
whether the inference described here, from convergence to competence, might be partly
responsible for the fact that people tend to believe scientists to be competent (Cologna
et al., 2024). Finally, future studies could also attempt to systematically model cases of
informational dependencies more subtle than those used in Experiments 3 and 5, to derive
and test normative predictions.

Data availability. Data for all experiments and the simulations
is available on the OSF project page (https://osf.io/6abqy/?view_only=
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Appendix A
Analytical argument

Categorical choice

Inferring population average competence. There are n + 1 individuals, who
choose among m + 1 answers. There is one good answer and m wrong ones. We denote p̄
the probability that a random individual is right. The probability to be wrong is 1 − p̄, and
the probability to choose a particular wrong answer is 1−p̄

m . We denote this last probability
q̄ (it is common in probabilities to use q = 1 − p, here note that it is not the case).

We assume that the population is quite large, so that it is very likely to be the
biggest group of answers. We want to estimate the average competence p̄ from the size
of the majority K. To simplify, we concentrate on situations where either p̄ is quite large
compared to q̄, or the population quite large. In this situation, it is almost certain that
the biggest group is made of individuals who chose the right answer and a proportion p̄ of
the population should, on average, choose this answer. The size K

n+1 should thus be a good
estimator of p̄.

Figure A1 illustrates this logic. When the population is competent enough or large
enough (e.g. when n = 100), the average size of the biggest group closely aligns with the
average competence. When n = 10 and average competence is low, it is frequent that some
individuals converge by chance on another answer, nd the size of the majority is is therefore
on average larger than p̄, hence an overestimate of its members competence.

Figure A1 . Expected size of the majority depending on average competence, with n = 10
(blue) and n = 100 (orange).

Inferring within population competence. Here, we focus on one individual and
we aim to infer his personal level of competence p. We observe the number K of individuals
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who agree with him. Either the focus individual is right (which happens with probability
p) and K follows a binomial distribution of parameters n and p̄; or the individual is wrong
(which happens with probability 1 − p) and then K follows a binomial distribution of
parameters n and q̄. Thus, K follows a mixture distribution of different parameters, with
weights p and 1 − p.

Using the mixture distributions property, we can compute the mean of K:

E(K) = n(pp̄ + (1 − p)q̄) = n(p(p̄ − q̄) + q̄)

Clearly, E(K) increases with p if and only if p̄ − q̄ > 0. In other words, if the
population is better than chance, then we expect that the more competent an individual is,
the more people agree with him.

But now, what exactly can we infer from p by observing K? To answer that, we need
to assume a distribution of competence levels in the population, that we will also use as a
prior. We assume that in the competence levels are distributed as a beta distribution, of
parameters α and β. Their density is f(x) = xα(1 − x)β. Then, p̄ = α

α+β , the mean of our
beta distribution.

Using Bayes formula, we can write the posterior distribution of p:

Π(x|K = k) ∝ f(x)P (K = k|p = x) = f(x)(xp̄k(1 − p̄)n−k + (1 − x)q̄k(1 − q̄)n−k)

= xα+1(1 − x)β[p̄k(1 − p̄)n−k] + xα(1 − x)β+1[q̄k(1 − q̄)n−k]

We recognise a mixture distribution between two beta distributions, with parameters α + 1
and β for the first one, α and β + 1 for the second. The first one has a bigger mean than
our original Beta(α,β) distribution, the second a lower one (see Fig. A2). In a way, the
bayesian updating shifts the distribution to the right or to the left, depending on K.

The weightings (p̄k(1 − p̄)n−k and q̄k(1 − q̄)n−k correspond to the probability that k
individuals choose the right answer, and a particular wrong answer, respectively (we took
out the binomial coefficients, who are equal for both answer types). Since p̄ > q̄, the former
is much stronger for large k, and the latter much stronger for low k. For k = n (i.e. when the
focus individual is part of a consensus), the ratio of weighting if (p/q)n, which is very large
when n is large or when p̄ ≫ q̄. In this case, for high k, the posterior distribution is well
approximated by a Beta(α + 1,β). Conversely, when k is close to zero (and when the other
conditions are present), the posterior distribution is well approximated by a Beta(α,β + 1).

We can plot the mean of the posterior distribution, which can be interpreted as the
average estimation we can make of the individual competence, depending on K (Fig. A3).
For low n and m (the main experiment used n = m = 2, the function is not too steep. For
higher values, it gets sigmoidal, or even a jump function.

How much we learn from the observation depends crucially on α and β, that is, on the
prior distribution of competence in the population. The range of possible mean estimates
is 1

α+β+1 , it is larger when α and β are low.
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Figure A2 . Prior and boundary posterior distributions. These distributions are the limit
distributions when the individual is either part of a consensus or a dissensus, and when
p̄ ≫ q̄ or n is large. Here, α = β = 2 and we do not need to define the other parameters. As
we explain below, the prior distribution determines the range between the possible posterior
distributions.

Figure A3 . Mean of the posterior competence distribution, depending on the number of
individuals agreeing with the focus individual. Here, n = m = 10.
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For instance, let us set α = β (which implies p̄ = 1
2). Now, we vary the two shape

parameters from close to 0 (beta distributions need positive shape parameters) to a large
number. This shifts the distribution from a bimodal one (with α = β ≈ 0, the distribution
is perfectly bimodal, with half of the population always right and the other half always
right) to a sharp unimodal distribution (when α and β are large, the whole population has
basically a competence of .5). The more bimodal the distribution, the larger the range of
possible estimates (Fig. A4). In the limit, when α and β are close to 0, we can infer that
an individual is either perfectly competent or perfectly incompetent, depending on whether
they are part of a consensus or alone in their opinion. On the contrary, when α and β
are large, we do not change our estimate at all as the distribution is concentrated around
.5. Intuitively, this makes sense: If we assume everyone is equally (in)competent, with no
exception, we wouldn’t infer anything from observing a convergence.

Figure A4 . Range of possible estimates (difference between the minimum and the maximum
estimate), depending on the shape of the distribution (here, we assume that α = β).

Inferring accuracy. Now, instead of inferring competence, we want to infer accu-
racy, i.e. the probability that an individual answer is correct.

Again, using Bayes formula, we have:

p(right|K = k) = p(K = k|right)p(right)
p(K = k) = p̄(p̄k−1(1 − p̄)n−k)

((p̄k(1 − p̄)n−k) + (q̄k(1 − q̄)n−k))

= 1

1 + (p̄/q̄)k
(

1−q̄
1−p̄

)n−k
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Compared to competence, it is clear (Figure A5) that accuracy can be inferred much
more strongly.

Figure A5 . Estimated competence and accuracy depending on the degree of consensus.
Here, we assume that α = 1, n = 20 and m = 4. β is inferred from α and the majority size.

Continuous choices

A group of N individuals makes a prediction. The right answer is θ, we assume their
answers xi, i ∈ 1, . . . , N are normally distributed around θ, with a variance σ2 reflecting the
group incompetence (so the lower σ2, the more the group can be said to be competent).

We estimate the degree of divergence through the unbiased sample variance σ̂2, defined
as the average squared distance to the sample mean x̄ = 1

n

∑n
i=1 xi:

σ̂2 = 1
n − 1

n∑
i=1

(xi − x̄)2

It is well known that σ̂2 (when coupled with the sample mean) is a “sufficient” esti-
mator of σ2, that is, it contains all the available information about σ2. It follows, from the
Lehmann-Scheffé theorem, that it is also the minimum-variance unbiased estimator, that
is, the most precise way to estimate σ2 while staying unbiased.
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Appendix B
Simulations

Are we justified in inferring competence and accuracy from convergence? To complement
our analytical argument, we ran simulations, intended to mirror our experimental setup.
We find that–under certain conditions–more convergent groups indeed tend to be more
competent and accurate. In this appendix, we describe these simulations in detail.

Numerical choice context

When several people estimate a quantity (numeric scenario), their convergence can be
measured for example by the empirical variance. The closer the estimates, i.e. the smaller
the empirical variance, the greater convergence. This measure is at the group level.

To provide a normative answer, we ran simulations for a scenario in which individuals
provide an estimate on a scale from 1000 to 2000. In our simulations, we suppose that an
individual’s answer is drawn from a normal distribution. Each individual has their own
normal distribution. All normal distributions are centered around the true answer - but
they differ in their standard deviations. The value of that standard deviation is what
we define as an individual’s competence. The lower the standard deviation, the higher
the competence, i.e. the more likely a guess drawn from the normal distribution will be
close to the true answer. We (arbitrarily) define a range of competence: we set the lowest
competence equal to the range of possible values, i.e.the largest standard deviation (2000
- 1000) = 1000. We set the highest competence to 0.1% of the range of possible values,
i.e.the smallest standard deviation (0.001 x 1000) = 1 (see Fig. B1).
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 (SD = 1, Mean = 1500)
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Competence Level Distributions

Figure B1 . Range of possible data generating functions for individuals.

We suppose that individual competence levels are drawn from a competence distri-
bution, which can be expressed by a beta distribution. This competence distribution can



HOW WISE IS THE CROWD? 36

take vary different shapes, depending on the alpha and beta parameters that describe the
distribution (see Fig. 2).

We draw an estimate for each individual based on their respective competence distri-
bution. For each individual, we then measure accuracy as the (squared) distance between
their estimate and the true answer. Having a competence and an accuracy value for each
individual, we randomly assign individuals to groups of three. For each group, we calculate
the average of the three individuals’ competence and accuracy. We measure the convergence
of a group by calculating the standard deviation of the estimates. We run this simulation
on a sample size of roughly 99900 (varying slightly as a function of sample size). We repeat
this simulation process for various sample sizes and competence distributions. The results
are displayed in Fig. B7 for accuracy, and Fig. B8 for competence. Across all underlying
competence distributions, we find a positive correlation between convergence and accuracy,
which tends towards 1 as sample size increases (see Fig. B2). As for competence, we find a
positive correlation between convergence and competence across all underlying competence
distributions. However, these correlations are weaker than for accuracy, and do not increase
with sample size (see Fig. B2).
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Figure B2 . Correlation between the convergence of the answers of a group of agents and
(left) the average accuracy of their answers; (right) the average competence of the agents,
as a function of how many agents are in the group, and of the competence distribution of
the agents (see Fig. 2).

Categorical choice context

When people make a choice based on several categories, their answers cannot be
ranked by their nature (i.e. they are nominal, not ordinal), and that there are fewer of them
(e.g. one of three possible products to choose, instead of an estimate between one and two
thousand). In this case, convergence can be measured by the share of people agreeing on an
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Figure B3 . Accuracy as a function of convergence, for different population competence
distributions and sample sizes. The number of choice options is three.

answer. The larger the share of informants agreeing on an answer, the greater convergence.
This measure is at the response level, nested within the group level.

As for the numeric scenario, we ran simulations to provide a normative answer as
to whether it is justified to infer accuracy and competence from greater convergence. We,
again, suppose that an individual’s answer is drawn from an internal distribution - in this
case, a multinomial distribution, that describes how likely the individual is to choose each
available option. If there are m choice options, an individual has the probability p of picking
the right one, and the probability of (1-p)/(m-1) to pick any other option. Each individual
has their own multinomial distribution. We define competence as the probability of making
the correct choice. The higher the competence, the greater the probability that an individual
will choose the correct option. Competence values range from being at chance for selecting
the correct option (p = 1/m) to certainly selecting the correct option (p = 1). As before in
the numeric case, suppose that individual competence levels are drawn from a competence
distribution, which can be expressed by a beta distribution (see Fig. 2). Based on their
competence level, we draw an estimate for each individual. We measure an individual’s
accuracy as a binary outcome, namely whether they picked the correct option, or not. We
then randomly assign individuals to groups of informants (we vary the sample size from
one simulation to another). Within these groups, we calculate the share of individuals
voting for an answer option. For example, in a scenario in which three individuals pick
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Figure B4 . Competence as a function of convergence (i.e. vote share for an option), for
different population competence distributions and sample sizes. The number of choice
options is three.

among three options (A, B and C), two individuals might vote C and one B. In this case we
obtain an average accuracy and an average competence value for a share of 2/3 (option C)
and for a share of 1/3 (option B). We simulate this on a population of 99900 individuals.
We repeat this procedure varying the underlying population competence distributions, and
additionally varying either (a) the sample size of informants, or (b) the number of choice
options. If we vary the sample size, we hold the number of choice options constant at n =
3, and vice versa when varying the number of choice options. Fig. B3 shows the average
accuracy, and Fig. B4 the average competence value for each share of votes, for different
competence levels and varying the sample size. Fig. B5 and Fig. B6 display the same
relationship, but varying the number of choice options instead. The figures display that,
across all sample sizes and competence levels, the larger the share of votes for an option, the
more accurate the option is on average. That relationship appears to follow some sigmoid
curve which switches from an average accuracy of 0 to an average accuracy of 1 before a
share of 0.5 is attained, and which is steeper for larger sample sizes. For competence, we
observe a similar sigmoid-like relationship, but of lesser amplitude and varying considerably
as a function of the underlying population competence distributions.

In sum, given the set of specific assumptions we made, our simulations suggest that
people are indeed justified in inferring accuracy and competence from convergence in both
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Figure B5 . Accuracy as a function of vote share for an option, for different population
competence distributions and number of choice options. Points represent averages across
all simulations within the respective segment. The sample size is three.
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Figure B6 . Competence as a function of vote share for an option, for different population
competence distributions and number of choice options. Points represent averages across
all simulations within the respective segment. The sample size is three.



HOW WISE IS THE CROWD? 40

numeric and categorical choice settings.
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Figure B7 . Simulation results showing the relationship between convergence and accuracy
for different population competence distributions.
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Figure B8 . Simulation results showing the relationship between convergence and compe-
tence for different population competence distributions.
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Appendix C
Experiment 1

Stimuli

The means of the normal distributions that we draw our estimates from were distinct
between sets of estimates. Considering our within-participant design, we wanted to ensure
that participants understood each set of estimates as being the result of a different, unrelated
game. In order to assure that random draws from the distributions will (most likely) appear
on the response scale (1000 to 2000), we constrained the means of all normal distributions
to lie between the first and third quartile of the response scale (i.e. smallest possible mean
was 1225 and largest 1775). We define a set of eight means–one for each set of estimates–
that cover the range from first to third quartile of the predefined scale with an equal
interval (1250, 1325, 1400, 1475, 1550, 1625, 1700, 1775). We randomly paired means
with conditions when generating the stimuli. We then drew the set of estimates from the
respective normal distributions given the assigned means and the condition constraints. We
repeated this three times, resulting in three different series of eight sets of estimates. We
randomly assign participants to one of these series. Additionally, for each participant, we
randomize the order of appearance of the sets of estimates within the respective series.
Images of all sets of estimates can be found on the OSF.

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Results

Figure C1 visualizes the results and table C1 contains descriptive results. Figure C2
visualizes score differences between the two outcomes, accuracy and competence.

Research questions

We had three additional research questions regarding the number of informants:

RQ1: Do H1 and H2 hold for both a small [3] and a large [10] number of
estimates?

Table C1
Convergence Number Accuracy Competence
divergent small 3.152 (sd = 1.495) 3.57 (sd = 1.341)
divergent large 3.232 (sd = 1.282) 3.465 (sd = 1.184)
convergent small 4.425 (sd = 1.461) 4.695 (sd = 1.221)
convergent large 4.695 (sd = 1.424) 4.805 (sd = 1.251)
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Figure C1 . Distributions of accuracy and competence by level of convergence.

RQ2: When making a guess based on the opinions of (independent) in-
formants, will participants be more confident about their guess when there is a
larger number of estimates compared to when this number is smaller?

RQ3: Is there an interaction effect between the number of estimates and
convergence on perceived competence of informants?

Regarding RQ1, we ran the same mixed models as for the two hypotheses, but without
number as a covariate. Instead, we ran separate models for the three and the ten informants
conditions. We find that for both sub-samples, there is a positive effect of convergence on
both accuracy (b̂three informants = 1.27 [1.112, 1.433], p = < .001; b̂ten informants = 1.46 [1.285,
1.64], p = < .001) and competence (b̂three informants = 1.12 [0.955, 1.295], p = < .001;
b̂ten informants = 1.34 [1.142, 1.538], p = < .001).

To test the other two research questions, we ran the same mixed-models as for the
hypotheses, but this time including an interaction between number of informants and con-
vergence. We use deviation-coded versions of our convergent variable (divergent = -0.5,
convergent = 0.5), allowing us to have a coefficient measuring the main effect of the num-
ber of informants in our model. Regarding RQ2, pooling across convergent and divergent
conditions, we find a main effect of number, such that participants had more confidence in
their estimate when they relied on ten informants compared to three informants (b̂Accuracy
= 0.18 [0.076, 0.274], p = < .001). Regarding RQ3, we find an interaction between num-
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ber of informants and convergence on competence: the positive effect of convergence was
stronger in scenarios involving ten informants compared to three informants (b̂Competence =
0.22 [0.028, 0.402], p = = 0.024). We do not find a statistically significant interaction on
accuracy (b̂Accuracy = 0.19 [-0.007, 0.387], p = = 0.059).
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Figure C2 . Differences between accuracy and competence ratings, by level of convergence.

Minor deviation from preregistration

In our preregistration, we stated we would run paired t-tests and only conduct mixed
models as a robustness check. However, it became clear to us later that mixed models are
more appropriate in light of our data structure. In the main article, we therefore only report
the results of the mixed models. Note, however, that using paired t-tests, we confirm our
results (Accuracy: 1.37, t-statistic = 26.14, p < .001; Competence: 1.23, t-statistic = 21.82,
p < .001)

Sensitivity simulation

We had based our power calculations on a paired t-test (using the widely used tool
G*Power), which does not correspond to the mixed-models we eventually ran. To address
this point, here, we seek to identify the minimum effect size that our analysis with mixed
models could have detected, given a 90% power, an N of 200 participants, and other pa-
rameters derived from the estimates observed in the sample of Experiment 1 (see C2). By
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Table C2
Model Results Experiment 1

Accuracy Competence
(Intercept) 3.105 3.516

(0.077) (0.068)
convergenceconvergent 1.368 1.232

(0.072) (0.085)
numberlarge 0.175 0.002

(0.050) (0.048)
SD (Intercept ID) 0.905 0.764
SD (convergenceconvergent ID) 0.732 0.993
Cor (Intercept~convergenceconvergent ID) -0.128 -0.554
SD (Observations) 1.006 0.955
Num.Obs. 1600 1600
R2 Marg. 0.191 0.195
R2 Cond. 0.594 0.532
AIC 5131.0 4950.5
BIC 5168.7 4988.1
ICC 0.5 0.4
RMSE 0.91 0.86

contrast to a standard power simulation (which varies sample size), a sensitivity simulation
varies the effect size, while holding the sample size and desired power constant.

The results of this can be seen in Fig. C3. In our sample, we found a statistically
significant effect size of 1.37 for accuracy and an effect size of 1.23 for competence (both
on their original scales from 1 to 7). The simulations show that, given our parameter
assumptions (based on the observations in our sample) and a sample size of N = 200, we
would have detected an effect as small as 0.4 with a power of at least 90% (in fact nearly
100%) for both accuracy and competence.
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Figure C3 . Results of the sensitivity analysis.
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Appendix D
Experiment 2

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Results

Figure D1 visualizes the results and table D1 contains descriptive results.
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Figure D1 . Distributions of accuracy and competence by level of informational dependency.

Table D1
Independence Accuracy Competence
dependent 4.03 (sd = 1.389) 4.48 (sd = 1.022)
independent 3.775 (sd = 1.502) 4.36 (sd = 0.967)
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Appendix E
Experiment 3

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Stimuli

Our design required that each participant sees four different sets of predictions–two
convergent and two divergent ones. We generated new stimuli: As in experiment 1, es-
timates would appear on a scale from 1000 to 2000. By contrast with experiment 1, we
generated the sets of estimates with random draws from uniform distributions (instead of
normal distributions). We varied the range of these distributions according to convergence
(60 for convergence, 600 for divergence). Switching from normal distributions to uniform
distributions made ‘unlucky’ draws in which conditions are visually not distinguishable less
likely. And additional difference to experiment one was that all scenarios only involved
groups of three informants (never ten).

Similar to the previous experiments, we also vary the value on the prediction scale
(from 1000 to 2000) across which the range is centered. Considering our within-participant
design, this, again, made it seem more likely that participants understand each set of
predictions as being the result of a different stock, with a different true value. In order
to assure all random draws from the distributions would appear on the response scale,
we constrained the center of the uniform distributions to lie between 1300 and 1700. We
define four center values – one per set of predictions – that divide this interval in (rounded)
quartiles (1300, 1430, 1570, 1700). Given a center and a range, we then draw the predictions
from uniform distributions. For example, in a draw for a divergent set of estimates with a
center of 1700, each value within a range of 1400 and 2000 is equally likely to get selected.
To avoid that single draws overlap too much within the same set, we defined a minimum
space of 5 between the three predictions of a set.

To minimize confounding of convergence with a certain placement of the center value,
we paired center values with conditions such that each condition appears once in each half
of the scale and each condition gets one of the extreme values. For example, in one set
the convergence condition would get assigned center values of 1300 and 1570, the divergent
condition center values of 1430 and 1700). We generated four such series (all possible
combinations) and randomly assigned participants to one of them. Additionally, for each
participant, we randomized the order of appearance of the sets of predictions within the
respective series.

For each set of predictions, we calculated the empirical mean based on the randomly
drawn estimates. In the conflict of interest condition, this mean was inserted as the value
that participants were be told experts would gain from. Consequently, the convergent
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Table E1
Accuracy Competence

Divergent Convergent Divergent Convergent
Conflict of interest 3.566 (sd = 1.215) 4.455 (sd = 1.409) 3.732 (sd = 1.101) 4.556 (sd = 1.19)
Independent 3.4 (sd = 1.08) 5.28 (sd = 1.052) 3.61 (sd = 1.111) 5.235 (sd = 0.992)

predictions converge around what is said to be the incentivized value for the experts to
choose.

Results

Table E1 contains descriptive results.
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Appendix F
Experiment 4

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Stimuli

We manipulate convergence within participants. All participants see all four condi-
tions, with two stimuli (i.e. game results) per condition (see Table F1). Each participant
therefore sees eight stimuli in total (4 convergence levels x 2 stimuli)

Table F1
All stimuli by levels of convergence

Level Version a) Version b)

minority
(0)

dissensus
(1)
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Level Version a) Version b)

majority
(2)

consensus
(3)

Results

Table F2 contains descriptive results and Figure F1 visualizes the results.

Comparison with simulation

We compared the accuracy and competence ratings of the participants to actual accu-
racy and competence values from simulated data. The data was generated using the model
described in the main paper, and assuming a uniform competence distribution. Compared
to this data generating model, participants underestimate the effect of convergence for both

Table F2
Convergence Accuracy Competence
minority (0) 33.13 (sd = 18.267) 3.49 (sd = 1.156)
divergence (1) 38.525 (sd = 13.708) 3.93 (sd = 0.726)
majority (2) 64.065 (sd = 13.86) 4.88 (sd = 0.713)
consensus (3) 80.745 (sd = 18.633) 5.45 (sd = 0.981)
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Convergence
Figure F1 . Results of Experiment 4, showing the distributions of accuracy and competence
by level of convergence.

accuracy and competence, but more for accuracy. Table F3 compares the results of re-
gressions on participant data and regressions on simulated data. Fig. F2 visualizes the
results.
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Table F3
Participants vs. Model (Exp. 4)

Participants Model
Accuracy Competence Accuracy Competence

(Intercept) 28.859*** 3.413*** 15.211*** 3.233***
(1.702) (0.098) (0.221) (0.008)

convergence 16.838*** 0.683*** 28.471*** 0.425***
(0.922) (0.053) (0.097) (0.003)

SD (Intercept id) 15.926 0.929
SD (convergence id) 8.640 0.497
Cor (Intercept~convergence id) -0.808 -0.857
SD (Observations) 10.159 0.553
Num.Obs. 800 800 333000 333000
R2 0.205 0.047
R2 Adj. 0.205 0.047
R2 Marg. 0.555 0.408
R2 Cond. 0.839 0.786
AIC 6402.6 1756.0 3301803.1 1051474.5
BIC 6430.7 1784.1 3301835.2 1051506.7
ICC 0.6 0.6
Log.Lik. -1650898.534 -525734.261
RMSE 8.98 0.49 34.42 1.17
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Number of choice options: 3; Sample size: 3; Iterations : 1000; Population size per iteration: 999

Figure F2 . Comparison of accuracy (top) and competence (bottom) ratings in participant
data (left) to observed accuracy in simulated data (right), by level of convergence.
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Appendix G
Experiment 5

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Results

Table G1 contains descriptive results.

Table G1
Accuracy Competence

Conflict of interest Independent Conflict of interest Independent
minority (0) 39.733 (sd = 20.238) 36.46 (sd = 16.793) 3.802 (sd = 1.146) 3.606 (sd = 1.006)
divergence (1) 41.52 (sd = 13.344) 42.51 (sd = 13.6) 4.005 (sd = 0.878) 4.045 (sd = 0.839)
majority (2) 55.416 (sd = 16.637) 59.515 (sd = 14.575) 4.495 (sd = 0.921) 4.737 (sd = 0.879)
consensus (3) 66.198 (sd = 24.825) 71.914 (sd = 23.457) 4.96 (sd = 1.273) 5.247 (sd = 1.264)
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Appendix H
Experiment 6

Design

The main focus of experiment 6 was on comparing 3-options conditions to 10-options
conditions (see Table H1). Additionally, we varied between two versions of the 10-options
conditions: one in which the range of the answers corresponded to the range of the three
options condition (see Table H2), and another with increased range (see Table H3).

Table H1
Example of a consensus stimulus for the two ‘Number of option’ conditions
Number of options: 3 Number of options: 10

Attention check

Imagine you are playing video games with a friend and at some point your friend says:
“I don’t want to play this game anymore! To make sure that you read the instructions,
please write the three following words”I pay attention” in the box below. I really dislike
this game, it’s the most overrated game ever.”

Do you agree with your friend? (Yes/No)

Stimuli

Table H2
Stimuli for 10 options condition by levels of convergence

Level Version a) Version b)

minority
(0)
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Level Version a) Version b)

dissensus
(1)

majority
(2)

consensus
(3)

Table H3
Alternative stimuli for 10 options condition by levels of convergence

Level Version a) Version b)

minority
(0)
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Level Version a) Version b)

dissensus
(1)

majority
(2)

consensus
(3)

Results

Figure 6 visualizes the results and table G1 contains descriptive results.

Comparison with simulation

Since we didn’t find a difference between three and ten choice option scenarios in
the participant data, we wanted to have a normative point of reference of what should

Table H4
Accuracy Competence

10 options 3 options 10 options 3 options
minority (0) 32.333 (sd = 22.987) 35.703 (sd = 20.829) 3.61 (sd = 1.245) 3.574 (sd = 1.227)
divergence (1) 37.287 (sd = 19.569) 40.861 (sd = 18.759) 4.067 (sd = 0.831) 4.01 (sd = 0.881)
majority (2) 63.69 (sd = 21.826) 64.301 (sd = 17.355) 4.957 (sd = 0.885) 4.834 (sd = 0.881)
consensus (3) 79.967 (sd = 24.15) 80.152 (sd = 20.774) 5.647 (sd = 1.035) 5.466 (sd = 1.051)
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Number of choice options: ten three
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Figure H1 . Interaction of convergence and informational dependency.

have been the expected difference, given our model. We therefor compared participant
ratings to observed values from simulated data. The data was generated using the model
described in the main paper, and assuming a uniform competence distribution. Compared
to this data generating model, participants considerably underestimated how the number of
choice options alters the effect of convergence for both accuracy and competence. Table F3
compares the results of regressions on participant data and regressions on simulated data.
Fig. H2 visualizes the results.
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Table H5
Participants vs. Model (Exp. 6)

Participants Model
Accuracy Competence Accuracy Competence

(Intercept) 29.830*** 3.508*** 11.407*** 3.189***
(1.197) (0.063) (0.220) (0.009)

convergence 16.305*** 0.675*** 31.596*** 0.526***
(0.600) (0.032) (0.130) (0.005)

number_options_effect_code -3.812 0.024 -13.794*** -0.207***
(2.394) (0.126) (0.439) (0.018)

convergence × number_options_effect_code 1.252 0.050 8.498*** 0.251***
(1.200) (0.065) (0.260) (0.011)

SD (Intercept id) 19.383 1.031
SD (convergence id) 9.625 0.527
Cor (Intercept~convergence id) -0.699 -0.829
SD (Observations) 12.103 0.598
Num.Obs. 2384 2384 51003 51003
R2 0.539 0.165
R2 Adj. 0.539 0.165
R2 Marg. 0.423 0.355
R2 Cond. 0.814 0.779
AIC 19980.3 5624.5 497742.9 170192.2
BIC 20026.5 5670.7 497787.1 170236.4
ICC 0.7 0.7
Log.Lik. -248866.472 -85091.109
RMSE 10.67 0.53 31.83 1.28
+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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Number of choice options: ten three
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Figure H2 . Comparison of accuracy (top) and competence (bottom) ratings in participant
data (left) to observations in simulated data (right), by level of convergence.
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