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(Capitole), 31000 Toulouse, France; and g Department of Social Psychology, The University of Tokyo, 113-0033 Tokyo, Japan

dent estimates of a quantity can be impressively close to its true
value. This phenomenon has been popularized as the wisdom
of crowds (WOC) effect (11), and it is generally used to measure a group’s performance. However, because of the independence condition, it does not consider potential effects of social
influence.
In recent years, it has been debated whether social influence is
detrimental to the WOC or not: some works argue that it reduces
group diversity without improving the collective error (12, 13),
while others show that it is beneficial if one defines collective
performance otherwise (14, 15). One or two of the following
measures were used to define performance and diversity. Let us
define Ei as the estimate of individual i, hEi i as its average over
all individuals, and T as the true value of the quantity to estimate. Then, GD = h(Ei − hEi i)2 i is a measure of group diversity,
and G = (hEi i − T )2 and G 0 = h(Ei − T )2 i are two natural measures of the group performance. However, these estimators are
not independent, since G 0 = G+G D , which shows that a decrease
in diversity GD is beneficial to group performance, as measured
by G 0 , contrary to the general claim. Later research showed
that social influence helps the group perform better if one considers only information coming from informed (16), successful
(17), or confident (18) individuals. We will show that these traits
are actually strongly related. The way that social information is
defined also matters: providing individuals with the arithmetic or
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Digital technologies deeply impact the way that people interact. Therefore, it is crucial to understand how social influence affects individual and collective decision-making. We performed experiments where subjects had to answer questions
and then revise their opinion after knowing the average opinion of some previous participants. Moreover, unbeknownst to
the subjects, we added a controlled number of virtual participants always giving the true answer, thus precisely controlling
social information. Our experiments and data-driven model
show how social influence can help a group of individuals collectively improve its performance and accuracy in estimation
tasks depending on the quality and quantity of information
provided. Our model also shows how giving slightly incorrect
information could drive the group to a better performance.

I

n a globalized, connected, and data-driven world, people rely
increasingly on online services to fulfill their needs. AirBnB,
Amazon, Ebay, and Trip Advisor, to name just a few, have in
common the use of feedback and reputation mechanisms (1) to
rate their products, services, sellers, and customers. Ideas and
opinions increasingly propagate through social networks, such as
Facebook or Twitter (2–4), to the point that they have the power
to cause political shifts (5). In this context, it is crucial to understand how social influence affects individual decision-making and
its resulting effects at the level of a group.
Two observations can be made about these collective phenomena: (i) people often make decisions not simultaneously
but sequentially (6, 7), and (ii) decision tasks involve judgmental/subjective aspects. Social psychological research on group
decision-making has established that consensual processes vary
greatly depending on the demonstrability of answers (8). When
the solution is easy to show, people often follow the “truth-wins”
process, whereas when the demonstrability is low, they are much
more susceptible to “majoritarian” social influence (9). Thus,
collective estimation tasks where correct solutions cannot be easily shown are particularly well suited for measuring the impact
of social influence on individuals’ decisions. Galton’s original
work (10) on estimation tasks shows that the median of indepen-
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In our digital and connected societies, the development of social
networks, online shopping, and reputation systems raises the
questions of how individuals use social information and how
it affects their decisions. We report experiments performed in
France and Japan, in which subjects could update their estimates
after having received information from other subjects. We measure and model the impact of this social information at individual
and collective scales. We observe and justify that, when individuals have little prior knowledge about a quantity, the distribution of the logarithm of their estimates is close to a Cauchy distribution. We find that social influence helps the group improve
its properly defined collective accuracy. We quantify the improvement of the group estimation when additional controlled and reliable information is provided, unbeknownst to the subjects. We
show that subjects’ sensitivity to social influence permits us to
define five robust behavioral traits and increases with the difference between personal and group estimates. We then use our
data to build and calibrate a model of collective estimation to
analyze the impact on the group performance of the quantity
and quality of information received by individuals. The model
quantitatively reproduces the distributions of estimates and the
improvement of collective performance and accuracy observed in
our experiments. Finally, our model predicts that providing a moderate amount of incorrect information to individuals can counterbalance the human cognitive bias to systematically underestimate
quantities and thereby improve collective performance.
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geometric mean of estimates of other individuals has different
consequences (18).
Other than these methodological issues, it is difficult to precisely analyze and characterize the impact of social influence on
individual estimates without controlling the quality and quantity of information that is exchanged between subjects. Indeed,
human groups are often composed of individuals with heterogeneous expertise; therefore, in a collective estimation task, one
cannot rigorously control the quality and quantity of shared
social information, and the quantification of individual sensitivity
to this information is hence very delicate. To overcome this problem, we performed experiments in which subjects were asked to
estimate quantities about which they had very little prior knowledge (low demonstrability of answers) before and after having
received social information. The interactions between subjects
were sequential and local, while most previous works have used
a global kind of interaction, with all individuals being provided
some information (estimates of other individuals in the group)
at the same time (12–14, 18, 19). From the individuals’ estimates and the social information that they received, we were
able to deduce their sensitivity to social influence. Moreover,
by introducing virtual experts (artificial subjects providing the
true answer, thus affecting social information) in the sequence
of estimates—without the subjects being aware of it—we were
able to control the quantity and quality of information provided
to the subjects and to quantify the impact of this information on
the group performance.
Our results show that the subjects’ reaction to social influence
is heterogeneous and depends on the distance between personal
and group opinion. We then use the data to build and calibrate a
model of collective estimation to analyze and predict the impact
of information quantity and quality received by individuals on the
performances at the group level.
Experimental Design
Subjects were asked to answer questions for which they had to
estimate various social, geographical, or astronomical quantities
or the number or length of objects in a picture. For each question, the experiment proceeded in two steps: subjects had to first
provide their personal estimate Ep . Then, after receiving the
social information I , they were asked to give a new estimate E .
I is defined as the geometric mean of the τ previous estimates
E (τ = 1 or 3). Subjects answered each question sequentially (SI
Appendix, Fig. S1) and were not told the value of τ . Since humans
think in terms of orders of magnitude (20), we used the geometric mean for I —which averages orders of magnitude—rather
than the arithmetic one.
Virtual “experts” providing the true value E = T for each
question were inserted at random into the sequence of participants (SI Appendix, Fig. S1). For each sequence involving 20
human participants, we controlled the number n = 0, 5, 15, or 80,
and hence, the percentage ρ = n/(n + 20) = 0, 20, 43, or 80 % of
virtual experts, respectively. The social information delivered to
human participants, being the geometric mean of previous estimates, is hence strongly affected by these virtual experts.
When providing their estimates Ep and E , subjects had to
report their confidence level in their answer on a Likert scale
ranging from one (very low) to five (very high) and were asked
to choose the reason that best explained their second estimate
among a list of eight possibilities. We used initial conditions for
the social information I chosen reasonably far from the true
answer T and imposed loose limits to the estimates that subjects could give to prevent them from answering too absurdly. All
graphs presented here are based on the 29 questions (5,394 × 2
prior and final estimates) from the experiment performed in
France. A similar experiment was conducted in Japan; all results
can be found in SI Appendix, where the full experimental protocol is described in detail.
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The aims and procedures of the experiments conformed to
the ethical rules imposed by the Toulouse School of Economics
and the Center for Experimental Research in Social Sciences at
Hokkaido University. All subjects in France and Japan provided
written consent for their participation.
Results
Distribution of Individual Estimates. Previous works have shown

that distributions of independent individual estimates are generally highly right-skewed, while distributions of their common
logarithm are much more symmetric (12, 13, 18). This is because
humans think in terms of orders of magnitude, especially when
large quantities are involved, which makes the logarithmic scale
more natural to represent human estimates (20). In these works,
participants were mostly asked “easy” questions for which they
had good prior knowledge (high demonstrability), such that the
answers ranged over one to two orders of magnitude at most (12–
14, 17–19, 21–23). To ensure that little information was present
before the inclusion of our virtual experts and to more clearly
identify the impact of social influence, we selected “hard” questions (low demonstrability). These questions involve very large
quantities, and answers span several orders of magnitude, making the log transform of estimates even more relevant. To compare quantities that can differ by orders of magnitude, we normalize each estimate E by the true answer T to the question at
hand and define the log-transformed estimate X = log(E /T ).
Note that the log transform of the actual answer T is X = 0.
Fig. 1A shows the distribution of X before and after social
information has been provided to the subjects (SI Appendix,
Table S1). Although such distributions have often been presented as close to Gaussian distributions (13, 18), we find that
they are much better described by Cauchy distributions because
of their fat tails, which account for the nonnegligible probability
of estimates extremely far from the truth. The Cauchy probability
distribution function reads
1
σ
f (X , m, σ) =
,
[1]
π (X − m)2 + σ 2
where m is the center/median and σ is the width of the distribution. SI Appendix, Fig. S2A shows the distribution of estimates

Fig. 1. (A) Probability distribution function (PDF) of log-transformed normalized estimates X = log(E/T), where E is the subject’s estimate and T is
the true answer to the question before (blue) and after (red) social influence. All conditions (ρ, τ ) are aggregated (SI Appendix, Fig. S3 shows the
PDF for each value of ρ). Solid lines are the results of our model based on
Cauchy distributions, while dashed lines are Gaussian fits. (B) PDF of sensitivities to social influence S. The numbers at the top are the probabilities for each category of behavior: contradict (Cont; S < 0), keep (Ke; S = 0),
compromise (Comp; 0 < S < 1), adopt (Ad; S = 1), and overreact (Ov; S > 1).
Experimental data are shown in black, and numerical simulations of the
model are in red. The full range of S goes from −30 to 200. The figure is
limited to the interval [−1, 2], and the values of S outside this range were
grouped in the boxes S < −1 and S > 2.
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Distribution of Individual Sensitivities to Social Influence. After hav-

ing received social information, an individual i may reconsider
her personal estimate Ep i . The natural way for humans to
aggregate estimates is to use the median (22) or the geometric mean (18), which both tend to reduce the effect of outliers.
Here, the social information that we provided to the subject
was the geometric mean of the τ previous answers (including
Jayles et al.

that of the virtual experts providing the true answer Ei = T ):
Q
1/τ
. Moreover, one can always represent the
Ii = ( i−1
j =i−τ Ej )
new estimate Ei as the weighted geometric average of the personal estimate Ep i and the social information Ii . Hence, we
can uniquely define the sensitivity to social influence Si by
Ei = Ep i 1−Si Ii Si . The value Si = 0 corresponds to subjects keeping their initial estimates, while Si = 1 corresponds to subjects
adopting the estimate of their peers. In terms of log-transformed
variables Xi = log(Ei /T ), we obtain
[2]

where the log-transformed social information is simply the arithP
metic mean Mi = (1/τ ) i−1
j =i−τ Xj , and thus, Si = (Xi − Xp i )/
(Mi − Xp i ). Note that, in this language, Si is simply the barycenter coordinate of the final estimate in terms of the initial personal
estimate and the social information.
Fig. 1B shows that the experimental distribution of S has
a bell-shaped part that we roughly assimilate to a Gaussian,
with two additional Dirac peaks exactly at S = 0 and S = 1 (SI
Appendix, Table S2 shows the numerical values). Five types of
behavioral responses can be identified: keeping one’s opinion
(peak at S = 0), adopting the group’s opinion (peak at S = 1),
making a compromise between one’s opinion and the group’s
opinion (0 < S < 1), overreacting to social information (S > 1),
and contradicting it (S < 0). Quite surprisingly, responses that
consist of overreacting and contradicting were generally overlooked in previous works (21–23, 25), either considered as noise
and simply not taken into account or sometimes included into
the peaks at S = 0 and S = 1, despite these behaviors being not
negligible (especially overreacting). We find that the median of S
is 0.34, in agreement with previous results (15, 18, 25), meaning
that individuals tend to give more weight to their own opinion
than to information coming from others (14, 19). Moreover, the
distributions of S for the experiment performed in Japan and for
men and women (in France) are very similar to that of Fig. 1B
(SI Appendix, Fig. S4).
We find that the subjects’ behavioral reactions are highly
consistent, reflecting robust differences in personality or general knowledge: in each session, according to the way that subjects modified their estimates on average in the first 24 questions, we split the subjects into three subgroups. We first define
“confident” subjects as the one-quarter of the group minimizing h|Sq |iq , where q is the index of the questions (i.e., the subjects who were on average closest to S = 0), and the “followers” as the one-quarter of the group minimizing h|1 − Sq |iq (i.e.,
closest to S = 1). The other one-half of the group is defined
as the “average” subjects. SI Appendix, Fig. S5 shows the distributions of S for the three subgroups computed from questions
25–29. The differences are striking (SI Appendix, Fig. S6): for the
group of confident subjects, the peak at S = 0 is about seven
times higher than the peak at S = 1, while for the group of followers, it is less than twice larger. Moreover, the distribution for
average subjects is found to be very close to the global distribution shown in Fig. 1B.
Impact of the Difference Between Personal and Group’s Opinions
on Individual Sensitivity to Social Influence. Fig. 2A shows that,

on average, S depends on the distance D = log(Ep /I ) = Xp −
M between personal and group estimates. Up to a threshold
of t ≈ 2.5 orders of magnitude, there is a linear cusp relation
between S and D. The farther away the social information M
is from a subject’s personal estimate Xp , the more likely the latter is to trust the group as S increases. Fig. 2B shows the origin of
this correlation: as social information gets farther from personal
opinion, the probability to keep one’s opinion (S = 0) decreases,
while the probability to compromise increases. Interestingly,
the adopting behavior does not change with D. The same
PNAS Early Edition | 3 of 6
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in the Japan experiment, and SI Appendix, Fig. S2B shows that,
when the same questions were asked, distributions of personal
estimates in France and Japan are almost identical.
For the Cauchy distribution, the mean and standard deviation
(SD) are not defined. Therefore, good estimators of m and σ
are the median and one-half the interquartile range (the difference between the third and the first quartiles) of the experimental distribution, respectively. In the following, mp (m) and σp (σ)
will refer to the median and one-half the interquartile range of
the experimental distribution before social influence (after social
influence), respectively.
Cauchy and Gaussian distributions belong to the so-called stable distributions family. More generally, {Xi } being a set of estimates drawn from a symmetric probability distribution f characterized by itsPcenter m andPwidth σ, we define the weighted
average X 0 = i pi Xi , with i pi = 1; f is a stable distribution
if X 0 has the same probability distribution f as the original Xi ,
up to the new width σ 0 . Indeed,
the center m remains the same
P
because of the condition i pi = 1, but the width may decrease
after averaging (law of large numbers), depending on the stable
distribution f considered. Cauchy and Gaussian represent two
extremes of the stable distribution family, with Lévy distributions being intermediate cases: for the Cauchy distribution, the
width σ remains unchanged, whereas the narrowing of σ is maximum for the Gaussian distribution (SI Appendix). In the case of
actual human estimates, the relevance of a certain distribution
f can be related to the degree of prior knowledge of the group.
When individuals have no idea about the answer to a question,
the weighted average of arbitrary answers cannot be statistically better (σ 0 < σ) or worse (σ 0 > σ) than the arbitrary answers
themselves, leading to a Cauchy distribution for these estimates
(the only distribution for which σ 0 = σ). However, when there
is a good prior knowledge, one expects that combining answers
gives a better statistical estimate (σ 0 < σ; Gaussian). When the
quantity to estimate is closely related to general intuition (ages,
dates, etc.), estimates should hence follow a Gaussian-like distribution, while when individuals have very little knowledge about
the answer, as in our experiment, estimates should be Cauchylike distributed. The rationale for naturally observing stable distributions is explained in SI Appendix.
We use the term Cauchy-like, because Fig. 1A shows that the
distributions of prior (Xp ) and final (X ) estimates are slightly
skewed toward low estimates (X < 0), reminiscent of the human
cognitive bias to underestimate numbers, because of the nonlinear internal representation of quantities (24). As we will show,
this phenomenon has strong implications on the influence of
information provided to the group. We also observe a clear
sharpening of the distribution of estimates after social influence mainly caused by the presence of the virtual experts, hence
affecting the value of the social information M = log(I /T ) and
ultimately, the final estimate X of the actual subjects. This sharpening becomes stronger as the percentage of experts increases
(SI Appendix, Fig. S3).
Moreover, consistent with our introductory discussion of
the measurement methods of group performance, we propose the two following indicators: (i) collective performance
|median(Xi )|, which represents how close the center of the distribution is to zero (the log transform of the true value T ), and
(ii) collective accuracy median(|Xi |), which is a measure of the
proximity of individual estimates to the true value.

Estimates after social influence. Fig. 1A (all values of ρ aggre-

Fig. 2. (A) Mean sensitivity to social influence S against the distance
D = Xp − M between personal estimate Xp and social information M (group
estimate). Black circles correspond to experimental data, while red open
circles are simulations of the model. Note that only about 14 % of data
are beyond three orders of magnitude. (B) Fraction of subjects keeping
(maroon), adopting (pink), and being in the Gaussian-like part of the distribution of S (mostly compromisers; purple) against D.

phenomena have been observed in the Japan experiment (SI
Appendix, Fig. S8).
Model. We now introduce an individual-based model to under-

stand the respective effects of individual sensitivity to social influence and information quality and quantity on collective performance and accuracy observed at the group level. In the model,
we simulate a sequence of 20 successive estimates performed
by the agents (not including the virtual experts). A typical run
of the model consists of the following steps for a given condition (ρ, τ ).
i) An initial condition X0 is chosen at random according to the
experimental ratios of initial conditions.
ii) With probability ρ, the true value zero is introduced into the
sequence, and with probability (1 − ρ), an agent plays.
iii) The agent first determines its personal estimate Xp from a
Cauchy distribution f (Xp , mp , σp ) restricted to [−7; 7].
iv) The agent receives, as social information, the average of the
τ previous final estimates M .
v) The agent chooses its sensitivity to social influence S , consistent with the results of Figs. 1B and 2. In particular, S
is drawn in a Gaussian distribution of mean mg with probability Pg or takes the value S = 0 or S = 1 with probability P0 and P1 = 1 − P0 − Pg . P0 and Pg have a linear cusp
dependence with D = Xp − M , while P1 is kept independent of D. For a given value of D, the average sensitivity
is hS i = P0 × 0 + P1 × 1 + Pg × mg = α + β|D|, where α
and the slope β are extracted from Fig. 2A. Pg is hence given
by Pg = (α + β|D| − P1 )/mg . The threshold t is determined
consistently by the condition Smax = α + βt, where Smax is the
value of the plateau beyond t in Fig. 2A. The values of all
parameters are reported in SI Appendix, Table S3.
vi) S being drawn, the final estimate X is given by Eq. 2. One
starts again from step ii for the next agent.

gated) and SI Appendix, Fig. S3 (for each ρ) compare favorably
the distributions of estimates predicted by the model with the
experimental results (before and after social influence). Social
influence leads to the sharpening of the distributions of estimates, and this effect increases as more information is provided
to the group.
Impact of social information on collective performance. Fig. 3
shows the collective performance (precisely defined above) and
the width of the distribution of estimates for the different ρ and
τ . The collective performance is zero when the distribution is
centered on the true value, such that the closer it is to zero, the
better. As expected, when ρ = 0 %, no significant improvement
is observed in the collective performance. Then, as ρ increases,
the center gets closer to the true value, and the width decreases
accordingly, such as was also observed in the experiments in
Japan (SI Appendix, Fig. S9). Note that the experimental error
bars (SI Appendix describes their computation) decrease after
social influence, reflecting the decrease of the width of the estimate distribution after social influence and the driving of people’s opinion by the virtual experts.
The collective performance and estimate distribution width
predicted by the model (Fig. 3, open circles) are in good agreement with those observed in the experiment. The very small
effect of τ , only reliably observed in the model in Fig. 3A, is
explained in SI Appendix. As shown there, a simpler model,
where we neglect the dependence of S with D = Xp − M (Fig.
2A), can be analytically solved. It leads to fair predictions (black
lines on Fig. 3), although it tends to underestimate the collective
performance improvement and does not capture the reduction
of the distribution width already observed at ρ = 0 %. This model
guided us to design our experiments, and its relative failure motivated us to investigate the phenomenon illustrated in Fig. 2 and
included in the full model described above.
Impact of sensitivity to social influence on collective accuracy.

Fig. 4 (SI Appendix, Fig. S11 shows an alternative representation)
shows the collective accuracy for the five categories of behavioral
responses identified in Fig. 1B and for the whole group before
and after social information has been provided. Before social
influence, keeping leads to the best accuracy, while adopting
and overreacting behaviors are associated with the worst accuracy. However, as more reliable information is indirectly provided by the experts, and in particular for ρ ≥ 40 %, adopting
and overreacting lead to the best accuracy after social influence
(14, 19). The contradicting behavior is the only one for which the

Comparison Between Theoretical and Experimental Results. For all

graphs, we ran 100,000 simulations, so that the model predictions error bars are negligible. Fig. 1B shows that the distribution
of sensitivities to social influence S obtained in the model (red
curve in Fig. 1B) is similar by construction to the experimental
one. Also, by construction of the model (step v above), the cusp
dependence of the sensitivity to social influence with respect to
D = Xp − M is well-reproduced by the model (Fig. 2A, red curve
with open symbols). We now address several nontrivial predictions of the model.
4 of 6 | www.pnas.org/cgi/doi/10.1073/pnas.1703695114

Fig. 3. Collective performance, defined as the absolute value of the
median of estimates (A) and width of the distribution of estimates (B), for
all (ρ, τ ) before (blue) and after (red) social influence. Both improve with
ρ after social influence, except for the collective performance at ρ = 0 %.
Full circles correspond to experimental data, while open circles represent
the predictions of the full model. The black lines are the predictions of the
simple solvable model presented in SI Appendix. For ρ = 60 %, only model
predictions are available.

Jayles et al.

accuracy is deteriorating after social influence. Finally, compromising leads to a systematic improvement of the accuracy
as the percentage of experts increases (better than keeping for
ρ ≥ 40 %), very similar to that of the whole group. The collective accuracy for each behavioral category is again fairly wellpredicted by the model (we discuss below the disagreement
between model predictions and experimental data in Fig. 4 for
the adopters before social influence).
The sensitivity to social influence and the collective accuracy are strongly related to confidence (SI Appendix, Fig. S10).
The more confident the subjects, the less they tend to follow
the group and the better their accuracy is, especially before
social influence. This makes the link between confident (18),
informed (16), and successful (17) individuals: they are generally the same persons. However, individuals who are too confident (keeping behavior; arguably because they have an idea
about the answer, hence their good accuracy before social influence) tend to discard others’ opinion. Although it might sometimes work—especially if no external information is provided
(ρ = 0 %)—they lose the opportunity to benefit from valuable
information learned by others. Meanwhile, adopting and overreacting subjects have poor confidence and accuracy before social
influence, arguably because they do not know much about the
questions. Note that the model, not including any notion of confidence or heterogeneous prior knowledge, overestimates the
quality of the accuracy before social influence for the adopting behavior. However, even at ρ = 0 %, adopting subjects perform about as well as the other categories after social influence.
In fact, if enough information is provided (ρ = 80 %), they are
even able to reach almost perfect collective accuracy. Similar
results have been found in the Japan experiment as shown on
SI Appendix, Fig. S12. SI Appendix, Figs. S13–S15 show similar
graphs for the collective performance in France and Japan.
Predicting the effect of incorrect information given to the human
group by virtual agents. We used the model to investigate the

influence on the group performance of the quality and quantity
of information delivered to the group (i.e., the value V of the
answer provided by the percentage ρ of virtual agents). In our
experiments, the group was provided with the (log transform of
the) true value V = 0 (the agents were experts). We expect a
deterioration of the collective performance and accuracy as V
moves too far away from zero and as a greater amount of incorJayles et al.
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Fig. 4. Collective accuracy (median distance to the truth of individual estimates) before (blue) and after (red) social influence against ρ for the five
behavioral categories identified in Fig. 1B and for the whole group (all).
Adopting leads to the sharpest improvement and the best accuracy for
ρ ≥ 40 %. Full circles correspond to experimental data, while open circles
represent the predictions of the model (including for ρ = 60%, a case not
tested experimentally).

Discussion
Quantifying how social information affects individual estimations and opinions is a crucial step to understand and model the
dynamics of collective choices or opinion formation (26). Here,
we have measured and modeled the impact of social information at individual and collective scales in estimation tasks with
low demonstrability. By controlling the quantity and quality of
information delivered to the subjects, unbeknownst to them, we
have been able to precisely quantify the impact of social influence
on group performance. We also tested and confirmed the crosscultural generality of our results by conducting experiments in
France and Japan.
We showed and justified that, when individuals have poor
prior knowledge about the questions, the distribution of their
log-transformed estimates is close to a Cauchy distribution. The
distribution of the sensitivity to social influence S is bell-shaped
(contradict, compromise, overreact), with two additional peaks
exactly at S = 0 (keep) and S = 1 (adopt), which lead to the definition of robust social traits as checked by further observing the
subjects inclined to follow these behaviors. When subjects have
little prior knowledge, we found that their sensitivity to social
influence increases (linear cusp) with the difference between
their estimate and that of the group, at variance with what was
found in ref. 19, for questions where subjects had a high prior
knowledge.
We used these experimental observations to build and calibrate a model that quantitatively predicts the sharpening of the
distribution of individual estimates and the improvement in collective performance and accuracy as the amount of good information provided to the group increases. This model could be
directly applied or straightforwardly adapted to similar situations
where humans have to integrate information from other people
or external sources.
We studied the impact of virtual experts on the group performance, a methodology allowing us to rigorously control the
quantity (ρ) and quality (V ) of the information provided to a
group with little prior knowledge. These virtual experts can be
seen either as an external source of information accessible to
individuals (e.g., the Internet, social networks, media, etc.) or
as a very cohesive (all having the same opinion V ) and overconfident (all having S = 0) subgroup of the population, such as
can happen with “groupthink” (27). When these experts provide
reliable information to the group, a systematic improvement in
collective performance and accuracy is obtained experimentally
and is quantitatively reproduced by our model. Moreover, if the
experts are not too numerous and the information that they give
is slightly above the true value, the model predicts that social
influence can help the group perform even better than when the
truth is provided, as this incorrect information compensates for
the human cognitive bias to underestimate quantities.
We also showed that the sensitivity to social influence is
strongly related to confidence and accuracy: the most confident
subjects are generally the best performers and tend to weight the
opinion of others less. When the group has access to more reliable information, this behavior becomes detrimental to individual and collective accuracy, as too confident individuals lose the
opportunity to benefit from this information.
Overall, we showed that individuals, even when they have very
little prior knowledge about a quantity to estimate, are able
to use information from their peers or from the environment

PSYCHOLOGICAL AND
COGNITIVE SCIENCES

rect information is delivered to the group (by increasing ρ). The
optimum collective accuracy is reached for a strictly positive V ,
whatever the value of ρ > 0 (SI Appendix, Fig. S16), as also predicted by our simple analytical model. Hence, incorrect information can be beneficial to the group: providing the group with
overestimated values can counterbalance the human cognitive
bias to underestimate quantities (24).

to collectively improve the group performance as long as this
information is not highly misleading. Ultimately, getting a better
understanding of these influential processes opens perspectives
to develop information systems aimed at enhancing cooperation
and collaboration in human groups, thus helping crowds become
smarter (28, 29).
Future research will have to focus on the experimental validation of our theoretical predictions when providing incorrect
information to the group, with the intriguing possibility of actually improving its performance. It would also be interesting to
study the impact on the group performance of the number of
estimates given as social information (instead of only their mean)

and of revealing the confidence and/or reputation of those who
share these estimates.
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The aims and procedures of the experiments conformed to
the Toulouse School of Economics Ethical Rules. All subjects
provided written consent for their participation.
Informed consent was obtained from each participant in
Japan using a consent form approved by the Institutional
Review Board of the Center for Experimental Research in
Social Sciences at Hokkaido University.

Materials and Methods
We conducted two series of experiments: the first one in Japan,
at Hokkaido University, the second one in France, at the
Toulouse School of Economics. The experimental protocol was
similar in both cases and the results obtained in Japan (along
with a simple analytical model presented in this appendix)
were used to fix the parameters for which we conducted more
in-depth investigation. An additional control (but partial)
experiment was conducted in Japan with exactly the same
questions as in France.
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Experimental procedure in Japan. We recruited 180 participants, all of them were students from Hokkaido University.
They were divided in 5 groups of 36 individuals, and one group
per day performed the experiment. Everyday, each group was
divided into 6 subgroups of 6 individuals, who participated
to the experiment at the same time, what we call a session.
Subjects could not participate to more than one session.
After entering the experimental room, the subjects were
placed in cubicles that prevented interactions between them
(see Figure S1B). Before starting the experiment, they were
explained the rules, the payment conditions, the anonymity
warranty, and were asked to shut down their mobile phones.
They were then asked to estimate 14 different quantities on
a computer (see the list of questions below) and their answering
time was limited (25 s). If they exceeded the time limit, a
warning message would appear in red on the screen. The
experimental program was written using the Z-Tree software1 .
Each question (quantity to estimate) involved two steps:
first, subjects had to give their personal estimate Ep ; then,
after receiving the social information I, defined as the arithmetic mean of the τ previous participants’ estimates (with
τ = 1, 3, or 5), they were asked to give a new estimate E.
Subjects were not told the value of τ . They answered the
questions sequentially (see Figure S1A), the sequence order
being that in which they gave their personal estimate.
Virtual “experts” providing the true value T 2 for each

question asked were inserted at random into the sequence of
participants (see Figure S1A). For each sequence involving 36
participants, we controlled the number n = 0 or 18 and hence
n
the percentage ρ = n+36
= 0 % or 33 % of virtual experts.
The social information delivered to human participants, being
the average of previous estimates, is hence strongly affected by
these virtual experts. 18 experts were inserted in 6 questions
out of 14 (see list of questions below), at locations chosen
randomly prior to the experiment, different for all questions,
but the same everyday (for all groups). 6 other questions had
no experts, and the two last ones had a special treatment
(see remarks below). The subjects knew nothing about these
virtual experts.
When providing their estimates Ep and E, subjects had to
report their confidence level in their answer, on a Likert scale
ranging from 1 (very low) to 5 (very high).
At the end of each session, subjects received monetary
payments in Japanese Yen (¥) according to their performance,
defined as the average closeness to the true value over all
questions. Three different intervals for monetary payments
were used: ¥2000 for the best, ¥1500 for the two next ones,
and ¥1000 for the three last ones.
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Ethics statement

1

Fischbacher U (2007) z-Tree: Zurich toolbox for ready-made economic experiments. Exp. Econ.
10:171–178.

2

In the experiment performed in Japan, the value provided by the experts was actually narrowly
distributed around the true value (with standard deviation σe = 5%T ).

Remarks:

• An initial condition was provided to the first subject of
each group, as social information. The initial condition
was purposely different from the true value, thus creating
an artificial bias, to add some difficulty to the collective
task. It was chosen from a Gaussian distribution centered
around a certain value E0 , with standard deviation σ0 .
We defined E0 and σ0 such that it would seem reasonable
for the participants (see list of questions for the actual
values used in the experiments). The second subject in the
sequence was provided the average of the initial condition
and the first estimate as social information. The third one
was provided with the average of the initial condition and
the two first answers, and so on until the τ th participant,
who was given the average of the τ previous estimates,
including the initial condition. After her, all subjects were
given the average of the τ previous estimates.
• For the 2 “special” questions, we were interested only in
the impact of the distance between personal and group
opinion (social information), on subjects’ sensitivity to
social influence. Therefore, no initial condition nor couple
(ρ, τ ) were associated to these questions. Instead, subjects
were given, as social information, a percentage of their
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Fig. S1. The experimental protocol is summarized on the left panel A. For a given question, each individual ik (k = 1, ..., 20) gives first her personal estimate Ep (in blue),
then, after receiving social information (the arithmetic mean of the τ previous estimates in Japan, the geometric mean in France), she gives her new estimate (in red). Virtual
experts (black dots) are added randomly into the sequence, with percentage ρ (ρ = 20% in this example, as highlighted in red), without subjects being aware of it. They impact
the social information given to the subjects, and can thus be seen as an information input. On the right panel B is a picture of the experimental room.

FT

(ρ, τ ) were randomly associated to the 8 participants for each
question. It is important to stress that in this experiment, and
contrary to the one performed in Japan, all questions were
asked in all conditions.
As in Japan, subjects had to report their confidence in their
estimates, both before and after social influence, on the same
Likert scale as previously described.
In addition, a third step was added for each question, for
the experiment in France: after giving their second estimate,
subjects were asked to evaluate the social information they
received, on a 4-points scale of pertinence:

D
RA

own personal estimate (20% to 500%). For example, if a
subject answered 1000 to a question, she was proposed
as social information a number between 200 and 5000.
In one session, the 6 subjects were associated 6 different
percentages (among 12: 20%, 50%, 66%, 77%, 83%, 91%,
110%, 120%, 130%, 150%, 200%, 500%). Also, the subjects were given 2 different percentages for each special
question: one below 100%, and one above. These “special
questions” were purposely chosen such that the subjects
were extremely unlikely to have any idea of the answers.
Experimental procedure in France. 186 subjects were re-

cruited, the large majority of whom were students from the
University of Toulouse. The experimental procedure was very
similar to the one described above, but organized in a slightly
different way. 20 sessions were organized over 5 days, in which
8 to 10 subjects had to answer 29 questions. The answering
time was limited to 40 s per estimate, after which a blinking text urging the subject to speed up would appear on the
screen. In each session, the 8 subjects were part of 8 different
sequences (defined as in the experiment performed in Japan)
associated with the 8 different couples (ρ, τ ). The (1 or 2)
possible “extra” subjects were given a different treatment (see
remarks below).
As in the experiment performed in Japan, each question
involved two steps: the subjects had to first give their personal
estimate, and could then revise it after receiving social information. However, the social information in this experiment
was defined as the geometric mean of the τ previous participants’ estimates (with τ = 1 or 3). This is because humans
think in terms of orders of magnitude (see main text). The
order of the questions was randomized up to the 24th in all
sessions (questions 25 to 29 were always in the same order).
Each question was sequentially answered by 20 human
subjects. As in the experiment performed in Japan, virtual
experts were inserted into the sequence (Figure S1A), with
percentages ρ = 0 %; 20 %, 43 % and 80 % (corresponding
respectively to n = 0, 5, 15 and 80 experts). The 8 conditions
2

|

1. Absurd or not pertinent
2. Little pertinent
3. Quite pertinent
4. Very pertinent

They also had to choose, among 8 options, the one that best
explained their choice to keep or change their opinion, after
they received social information:
1. I had no idea of the answer
2. I had little idea of the answer
3. I was pretty sure to know the answer
4. I remembered something that eluded me the first time
5. It seemed doubtful to me that the other participants knew
the answer better than I
6. I made a mistake in my first answer
7. I did not understand the question the first time
8. Other (here, they could briefly explain the reason)
Jayles et al.

Remarks:
• The initial condition was proportional to the true value,
with a factor κ = 2, 5 or 50, depending on the questions (see the list of questions). We alternated the factor
between κ and κ1 , to control for a possible asymmetry
between larger and smaller values.
• We added restrictions to the answers subjects could possibly give. These restrictions were defined up to a factor
of λ = 2, 3, 4 or 7 orders of magnitude smaller or larger
than the true value (see list of questions). These values
of λ were chosen such that answers beyond these bounds
could be safely considered as totally absurd (or a typing
error).

• T = 60
• E0 = 1.2T
• σ0 = 15%
4. Jar 1: How many balls do you think are in this jar? (τ = 1
and ρ = 1/3)
• T = 450
• E0 = 1.5T
• σ0 = 30%
5. How much people live in Tokyo (in terms of 10,000)?
(τ = 5 and ρ = 1/3)
• T = 1, 346
• E0 = 1.25T
• σ0 = 30%
6. How many cell phones were sold in Japan in 2014 (in
terms of 10,000)? (τ = 1 and ρ = 0%)
• T = 4, 000
• E0 = 0.75T
• σ0 = 30%

7. What is the median income per month in Japan, in yen
(in terms of 10,000 yens) ? (τ = 5 and ρ = 0%)
• T = 36
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• As a safeguard against subjects not showing up at a given
session, we recruited 10 subjects per session, instead of 8.
Overall, we needed 160 subjects, such that 26 were “extra”
subjects (we had 186 in total). They were not part of any
sequence, nor associated to a condition (ρ, τ ), but were
not aware to be given any difference in treatment. They
were provided the value κT or Tκ (with probability 50 %;
T is the true answer) as social information. We recorded
all their answers for the statistics. They were paid 10e
whatever their performance.

3. How old was Yasujiro Ozu when he died? (τ = 3 and
ρ = 1/3)

FT

According to the way they changed their opinion in the
first 24 questions, the subjects were divided into 3 subgroups,
in questions 25 to 29: the 2 subjects (out of 8 in a session)
minimizing h|1 − Sq |iq (i.e. the ones who were on average
closest to S = 1), where q labels the questions, were defined as
“followers”; the 2 ones minimizing h|Sq |iq (i.e. the ones who
were on average closest to S = 0) were defined as “confident”;
the 4 other ones were defined as “average”. We expected to
find behavioral consistencies among these three subgroups
(see Fig. S6): would the categorization built from the first 24
questions still be consistent in the following 5 questions?
At the end of every session, subjects were paid according
to their performance (defined similarly to Japan): the first
one was paid 20e, the two next ones 15e and the four last
ones 10e.

Second experiment in Japan. After the two main experiments,

a partial experiment was performed in Japan with the same
questions used in the experiment performed in France, but
where subjects – 115 were recruited – only had to provide their
personal estimate Ep . This experiment aimed at controlling
the response of subjects from different cultures to the same
questions. We indeed found that the same questions lead to
the same distribution of personal estimates (see Figure S3B).
Questions used in the experiment.
Questions in Japan (asked in Japanese).

1. How old was Gandhi when he died? (τ = 3 and ρ = 0%)
• T = 78
• E0 = 1.2T
• σ0 = 10%
2. How much people live in Bayonne (town in the south west
of France)? (special question)
Jayles et al.

• E0 = 0.8T
• σ0 = 20%

8. Jar 2: How many balls do you think are in this jar? (τ = 1
and ρ = 1/3)
• T = 100
• E0 = 1.5T
• σ0 = 30%

9. How many matches do you think there are? (τ = 1 and
ρ = 0%)
• T = 400
• E0 = 0.75T
• σ0 = 30%

10. What is the average distance between the Earth and the
Moon in km (in terms of 1,000 km)? (τ = 5 and ρ = 1/3)
• T = 384
• E0 = 1.25T
• σ0 = 30%
11. How many books does Umberto Eco’s library hold? (special question)
12. What is the average life expectancy for men in Ethiopia?
(τ = 3 and ρ = 0%)
PNAS
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• T = 63

• T = 5, 000, 000

• E0 = 1.25T

• E0 =

• σ0 = 10%

• λ = 10

13. How many books does the American Congress Library
hold (in terms of 10,000)? (τ = 5 and ρ = 0%)

• T = 23, 000, 000

• E0 = 0.8T

• E0 = 5T

• σ0 = 20%

• λ = 104

• T = 1, 287

Questions in France (asked in French) and in the second experiment
in Japan (asked in Japanese).

1. What is the population of Tokyo and its agglomeration?

2. What is the population of Shanghai and its agglomeration?
• E0 = 5T

• E0 = 5T
• λ = 103
5. What is the population of Madrid and its agglomeration?
• T = 6, 500, 000
• E0 =

• E0 =
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4. What is the population of New-York City and its agglomeration?
• T = 21, 000, 000

• T = 40, 000
T
5
2

12. How many cars are stolen in France every year?

3. What is the population of Seoul and its agglomeration?

• λ = 10

• E0 = 5T

• λ = 10

• T = 25, 000, 000

T
5
3

• T = 22, 000, 000

FT

• λ = 10

• E0 =

10. How many cell phones are sold in France every year?

11. How many kilometers does a professional cyclist bikes a
year?

T
5
3

• T = 26, 000, 000

T
5
4

• λ = 104

• T = 38, 000, 000

• λ = 103

• T = 15, 000, 000
• λ = 10

• σ0 = 10%

• E0 =

9. How many people die from cancer in the world every year?
• E0 =

• E0 = 1.25T

T
5
3

• λ = 10

6. What is the population of Melbourne and its agglomeration?
• T = 4, 500, 000
• E0 = 5T
• λ = 103
7. How many ebooks were sold in France in 2014?
|

8. How many books does the American Congress library
hold?

• T = 2, 389

14. What is the distance between Tokyo and Pyongyang?
(τ = 3 and ρ = 1/3)

4

T
5
4

• T = 110, 000
• E0 = 5T
• λ = 103

13. Marbles 1: How many marbles can you see in this jar?
• T = 100
• E0 =

T
2
2

• λ = 10

14. Marbles 2: How many marbles can you see in this jar?
• T = 450
• E0 = 2T
• λ = 102
15. Matches 1: How many matches can you see?
• T = 240
• E0 =

T
2
2

• λ = 10

16. Matches 2: How many matches can you see?
• T = 480
• E0 = 2T
• λ = 102
Jayles et al.

17. Rope 1: In your opinion, how long is this rope (in cm)?

• E0 =

• T = 200
• E0 =

• T = 540, 000
T
5
3

• λ = 10

T
2
2

• λ = 10

27. Matches 3: How many matches can you see?

18. Rope 2: In your opinion, how long is this rope (in cm)?

• T = 700

• T = 700

• E0 = 2T

• E0 = 2T

• λ = 102

• λ = 102
19. What is the radius of the Sun (in km)?

• T = 1, 400, 000, 000

• T = 700, 000

• E0 =

T
50
7

• λ = 10

• λ = 10

20. What is the distance between Earth and the Moon (in
km)?

• E0 = 5T

• E0 = 50T

• λ = 107

• λ = 107
21. How many stars does the Milky way hold (in millions of
stars)?
• T = 235, 000
T
50
7

• λ = 10

• E0 = 50T
• λ = 107

D
RA

22. How many billions kilometers is worth a light-year?
• T = 9, 000

29. What is the distance from planet Aramis to its Sun (in
km)?
• T = 1, 000, 000

• T = 385, 000

• E0 =

T
50
7
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• E0 =

28. What is the total mass of oceans on Earth (in billions of
tons)?

23. How many galaxies does the visible universe hold (in
millions of galaxies)?
• T = 100, 000
• E0 =

T
50
7

• λ = 10

24. How many cells are there in the human body (in billions
of cells)?
• T = 100, 000
• E0 = 50T
• λ = 107
25. What is the population of Amsterdam and its agglomeration?
• T = 1, 600, 000
• E0 = 5T
• λ = 103
26. What is the annual gross salary of a professional league 1
soccer player in France (in euros)?
Jayles et al.
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sensitivity to social information of the subjects S is independent of the difference D = Xp − M between their initial
personal estimate Xp and the social information M (see Figure
2A for the actual observed dependence included in the full
model). The interest of this model is that it can be solved
analytically, shedding some light on the convergence of the
collective estimation process. Considering the presence of
experts, equation 2 (see main text) becomes:
Xi

=

(1 − Si ) Xp i + Si Mi ,

Xi

=

0,

with probability 1 − ρ,

with probability ρ (“virtual experts”),

[S1]

mi = (1 − S) mp + S (1 − ρ) m0 i−1 ,

Pi−1

[S2]

where m0 i−1 = τ1
mj , and S = hSi i is the mean
j=i−τ
sensitivity to social information. The term (1 − ρ) m0 i−1 is
the mean social information provided by a fraction (1 − ρ)
of individuals and a fraction ρ of experts giving the estimate
V = 0. For i → +∞, mi and m0 i−1 converge to the fixed
point solution m∞ of equation S2
m∞ = mp

1−S
,
1 − S(1 − ρ)

[S3]

which is independent of τ . This analytical prediction of the
simple model is plotted in Figure 3A, and is in fair agreement
with the experimental data. mp < 0 (reflecting the human
bias to underestimate large quantities) is inferred from the center/median of the experimental distribution of prior estimates
Xp (Table S1).
Similarly, the width of the distribution of the i-th individual
estimates (excluding the virtual experts) satisfies the recursion
relation (before averaging over configuration)
a

σia = (1 − Si )a σpa + Sia (1 − ρ)σ 0 i ,
a

[S4]

Pi−1

where σ 0 i−1 = τ1a
σ a . If personal estimates are
j=i−τ j
Cauchy distributed (a = 1), then σi follows the same dynamics as mi , and the asymptotic width is
σ∞ = σp

6
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Remarks:
• Note that this simple analytical model (along with preliminary data from the first experiment in Japan) was
exploited to design the experiment in France, in order to
characterize the parameters for which significative results
could be observed experimentally: number of subjects,
percentage of virtual experts, number of sequential iterations and questions, values of τ... We are confident
that the present study demonstrates the fruitful impact of
developing in parallel experiments and models in social,
behavioral, and cognitive sciences.
6 0 instead of
• If the virtual agents provide the value V =
the true answer V = 0 (experts) as in our experiments,
the width of the estimate distribution after social influence remains unaffected, but the center of the estimate
distribution becomes
m∞ =

1−S
.
1 − S(1 − ρ)

[S5]

mp (1 − S) + ρ S V
.
1 − S(1 − ρ)

[S6]

We note that m∞ can be driven to the exact result (m∞ =
0) if the fraction ρ of virtual agents provides an incorrect
information taking the optimal value
V0 = −

mp (1 − S)
.
ρS

[S7]

As explained in the main text, and since mp < 0 due
to the human bias to underestimate large quantities, a
strictly positive V = V0 can lead to a perfect collective
performance. This optimal V0 becomes naturally larger
as the density of virtual agents decreases (see Figure S16
for the confirmation of this effect in the full model).
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where Xi is individual i’s log-transformed
estimate, and the
Pi−1
social information is Mi = τ1
X
.
The
virtual experts
j
j=i−τ
give (the log-transform of) true value V = 0 and are very
confident so that their sensitivity to social influence is S = 0.
The distribution of personal estimates Xp is assumed stable, with stability parameter a ∈ [1, 2], and center (equal to
the mean or the median for symmetric distributions considered here) mp and width σp . a = 1 and a = 2 correspond
respectively to the Cauchy and Gaussian distributions, while
intermediate values of a correspond to Lévy distributions.
Consequently, the distributions of group’s advice M and of
estimates after social influence X are also stable (by definition
of stability) with the same distribution but characterized by
different center and width. We define mi as the center and
σi as the width of the distribution of estimates after social
influence (excluding the virtual experts). From equation S1,
for the i-th iteration/individual, and after averaging over configurations (i.e. an infinite number of experiments), mi obeys
the following recursion equations:

This analytical prediction of the simple model is plotted in
Figure 3B, showing a fair agreement with the experimental
data. The width σp is also inferred from the experimental
distribution of prior estimates Xp (Table S1).

FT

Minimal model. We consider here a simple model, where the

• For τ = 1, the full dynamics can be computed analytically
as equation S2 reduces to mi = (1−S) mp +S (1−ρ) mi−1 .
Defining z = (1 − ρ) S < 1, one obtains
mi = z i (m0 − m∞ ) + m∞ ,

[S8]

where m0 is the initial condition. We hence find that mi
converges exponentially to its asymptotic value m∞ , a
result which can be shown to remain true for any τ (mi
is then the sum of m∞ and of τ exponentially decreasing
terms).
• It is natural to assume that in our sequentially designed
experiment, if enough subjects are considered, a convergence state would be reached where the distribution of
estimates would be independent of the iteration step, as
found in our models. Stable distributions satisfy this
expectation: by definition of stability (see main text), the
social information M , as the mean of previous estimates,
also has the same distribution (up to its width), and the
linear combination of equation S1 and 2 (main text) would
self-consistently lead to a new estimate with again the
same distribution.
Jayles et al.

Impact of τ . Our model predicts an effect of τ that is too

small to be observed experimentally (much less than the experimental error bars in Figure 3). In our main model (like
in the simpler solvable model developed above), the dynamics of estimates converges, although we cannot compute the
convergence value analytically. The convergence process is
enhanced, especially at ρ = 0%, by the initial conditions, since
we set off the initial estimate very far from the truth. The
convergence value does not depend on τ , but the convergence
speed (and hence the dynamics) does. It follows that the
median of estimates over 20 successive subjects, and hence
the collective performance in Figure 3A, depend on τ too.
The effect of τ in Figure 3B can be understood intuitively:
at ρ = 0%, the larger τ , the more agents are likely to receive
similar information, because of averaging effects. Therefore,
subjects are also enticed to give more similar results, hence
the smaller distribution width at τ = 3 than at τ = 1. This
effect is the same when ρ > 0%, but since experts are all
providing the same information, the higher ρ, the more the
experts’ information takes over the agents’ information, and
hence the lesser the impact of τ .

no robust definition of a standard error for such quantities
when the xn are not Gaussian distributed. In particular, the
fact that the measured quantities are intrinsically positive
generally produces smaller lower error bars than upper error
bars (b+ > b− ) in these figures.

D
RA

procedure to define upper and lower error bars in Figures 2A,
3 and 4 (main text), and in this appendix (for instance, in
Figure S8A). In particular, these error bars should attempt
to translate the variability of our results depending on the 29
questions presented to the subjects. In order to do so, we have
defined a kind of bootstrap procedure for each point plotted
in these figures.
We call x0 the actual measurement of a quantity appearing
in these figures by considering all 29 questions. Then, we
generate the results of N = 10000 new effective experiments.
For each effective experiment indexed by n = 1, ..., N , we
randomly draw Q = 29 questions among the 29 questions
actually asked (so that some questions can appear several
times, and others may not appear) and recompute the quantity
of interest which now takes the value xn . The upper error
bar b+ for x0 is defined so that C = 70 % of the xn greater
than x0 are between x0 and x0 + b+ . Similarly, the lower error
bar b− is defined so that C = 70 % of the xn lower than x0
are between x0 − b− and x0 . The introduction of these upper
and lower confidence intervals is well adapted to the present
case where the distribution of the xn is not symmetric, which
is expected when the measured quantity x0 is intrinsically
positive and potentially close to 0.
Note that when x0 is the average of a quantity (like in
Figures 2A and S8A), and if the law of large number applies
(which should be marginally the case for Q = 29), the xn would
be symmetrically and Gaussian distributed around x0 . Our
error bars would then be symmetric (b+ = b− ) and would be
only slightly larger than a standard error, which corresponds
to C ≈ 68.3 % for a Gaussian distributed random variable,
instead of C = 70 %. We have checked that for Figures 2A and
S8A, our procedure indeed almost leadsPto identical error bars
N
as √
the standard error b = limN →+∞ n=1 (x0 − xn )2 /N =
σ/ Q. σ is the usual standard deviation from question to
PQ
question: σ 2 = q=1 (x0 − Xq )2 /Q, where Xq is the quantity
of interest measured for each question q.
Our procedure is particularly well suited for computing
error bars for Figures 3 and 4, for which x0 is a median
or a semi-interquartile range, considering that there exists

FT

Computation of the error bars. In this section, we explain our
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France

Japan

Japan

−0.28
0.56
−0.18
0.37

−0.11
0.23
−0.08
0.13

−0.3
0.62

Table S1. Experimental distributions of estimates. The three
columns report respectively the median and width of the distribution
of estimates (before – with index p – and after social influence) for the
experiment performed in France, for the first experiment performed
in Japan (“easier” questions, hence smaller center/median shift and
width), and for the additional experiment in Japan, in which subjects
were asked the same questions as in France (but no second estimate
after social influence were collected). See also Figure S2.

hSi
Std(S)
Median(S)
h−2 < S < 3i
Std(−2 < S < 3)
Median(−2 < S < 3)
h0 ≤ S ≤ 1i
Median(0 ≤ S ≤ 1)
h0 < S < 1i
Median(0 < S < 1)

France

Japan

0.45
3.1
0.34
0.41
0.34
0.43
0.37
0.31
0.5
0.48

0.7
3.68
0.59
0.57
0.58
0.55
0.46
0.48
0.59
0.61

France

Japan

−0.33
0.53
0.58
0.3
0.04
0.36
0.07
0.53

−0.11
0.3
0.72
0.38
0.07
0.47
0.3
0.74

Table S3. Model parameters defined in the description of the full
model, in the main text. The center mp and width σp of the prior
estimate distribution are inferred from Figure 1A and S2. mg and σg
are the mean and variance of the Gaussian part of the model distribution of sensitivities to social influence, and are inferred from Fig.
1B, by imposing that the model and experimental distributions of S
lead to the same fraction of subjects in the five behavioral categories.
The last four parameters are measured from Figure 2 and S8 (see the
description of the model in the main text).

D
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Table S2. We present statistical quantities characterizing the experimental distribution of sensitivities to social influence as obtained in
France (blue) and Japan (red). hxi refers to the mean of the variable
x (sometimes in the specified interval). One single data in France
and Japan for which S > 100 has been removed from the analysis).

mp
σp
mg
σg
P1
α
β
Smax

FT

mp
σp
m
σ

8

|

Jayles et al.

B

A

0

10

−1

10

PDF

10

−2

FT

● ●
●
●● ●●●
●
●
●
●●
●

10

●●

−7

−5

−3

−1 0 1

3

X = log(E/T)

5

●

7

●
●
●
●
●●

●●●●
●●
●●

10

−3

●●

●●

●
●
●●
●
●●
●
●●
● ●
●

−3

10

−2

PDF

●●
●
●
●
●
●

France
Japan
Model

●

●
●

D
RA

●

10

−1

10

0

●
Gauss ●
●
Model ●
Data ●
●

−7

−5

−3

−1 0 1

3

5

X = log(E/T)

7

Fig. S2. A: PDF of log-transformed estimates, before (blue) and after (red) social influence, in the experiment performed in Japan (2520 estimates), for all questions mixed. The
dashed and full lines are respectively a Gaussian fit and the prediction of the model. The distribution is more peaked than the one obtained in France, because the questions
asked were generally “easier”, in the sense that people had more cultural knowledge about them (see main text). B: Comparative distribution in Japan (4025 estimates) and
France (5394 estimates), before social influence, with this time the same questions asked. Both distributions are very similar, supporting our claim that the difference in
distributions is mainly due to the difference in questions difficulty. The black line is the distribution of estimates simulated by our model. One can notice that the cognitive bias to
underestimate low values is common to both countries.
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Fig. S3. Probability distribution function (PDF) of log-transformed normalized estimates, before (blue) and after (red) social influence, for all values of ρ: A. ρ = 0%; B.
ρ = 20%; C. ρ = 43%; D. ρ = 80%. In our model, we start from a Cauchy distribution of the initial estimates, and restrict the estimates to [−7, 7]. Panel A shows that this
restriction is enough to reproduce the experimental distribution of personal estimates (in blue), and to explain the sharpening after social influence (in red), when there are no
experts. B, C and D (and Fig. 2 in the main text) show that this sharpening increases as more information is provided to the group (i.e. as ρ increases).
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Fig. S4. A. PDF of the sensitivity to social influence S in the experiment performed in Japan. A smaller percentage of participants keep their opinion (S = 0) or compromise
(0 < S < 1), compared with the experiment performed in France (Figure 1B in main text), while the percentage of subjects adopting others’ opinion (S = 1) or overreacting to
it (S > 1) is larger. B. Same PDF for males (blue) and females (red) in the experiment performed in France. The patterns are very similar, with a slight tendency for females to
compromise more.
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Fig. S5. PDF of the sensitivity to social influence S , for questions 25 to 29, in the following cases: A. confident subjects, defined as the quarter of each subgroup of 8 subjects
minimizing h|Sq |iq , where q is the index for questions 1 to 24 (the subjects who were on average closest to S = 0); B. “average” subjects, defined as being neither confident
nor follower; C. followers, defined as the quarter of the group minimizing h|1 − Sq |iq (the ones who were on average closest to S = 1). In A, the peak at S = 0 is almost 7
times higher than the one at S = 1, whereas in B, it is less than 4 times, and in C, less than twice. Therefore, subjects who were characterized as confident from questions 1 to
24 remained highly confident, whereas subjects who were characterized as followers remained highly followers. For the sake of consistency, subjects who were characterized
as “average” remained “average”, in the sense that their distribution is very close to the global distribution (Figure 1B).
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Fig. S6. PDF of the sensitivity to social influence S , for individuals identified as confident (A), “average” (B) or followers (C). We reclassified individuals in these 3 categories,
according to the same definition as given in Figure S5, but this time for questions 1 to 29. The differences are even more apparent than in Figure S5.
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Fig. S7. A. Average reaction time (in seconds) for all subjects, before (blue) and after (red) social influence, against “time” (order of occurrence of a question during the
experimental session). As the experiment proceeds, the subjects tend to take less and less time in providing their answers: they get more familiar with the procedure, but also,
possibly, take less time for their answer out of increasing boredom. They also answer much faster after social influence, showing that subjects take much more time making a
decision than revising it; B. Evolution of the proportion of subjects keeping their opinion (S = 0), or adopting that of the group (S = 1), with time. Data are in black, while the
smoothed average over the 5 previous values is shown in red. As time passes, subjects tend to keep or adopt slightly more. Since keeping or adopting are mentally easier
decisions than compromising, this suggests that subjects are getting gradually more tired/bored by the experiment.
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Fig. S8. A. Average sensitivity to social influence S against the distance between personal and group’s estimate D = Xp − M , in the experiment performed in Japan. As in
the experiment performed in France (Figure 2), there is a linear cusp relation for |D| < ≈1.5 where most of the data lies: the farther the group’s estimate from the personal
estimate, the more subjects tend to trust the group (S gets closer to 1). The threshold t ≈ 1.5 is lower than in the experiment performed in France (t ≈ 2.5). This difference
comes from differences in the questions asked to the participants (see also Figure S3). In Japan, the questions asked to the participants were of moderate difficulty compared
to those asked in France, and much more answers were closer to each other. Note that the pattern appearing above the threshold is hardly significant, because they are
only 3.6% of the data beyond 2 orders of magnitude |D| > 2. B. Proportion of subjects keeping their opinion (maroon), adopting the group’s opinion (pink), or being in the
Gaussian-like part of the distribution of S (compromising, contradicting, or overreacting; in purple), against D . Just as in France, we find that there is a probability transfer from
the peak at S = 0 (keeping one’s opinion), to the Gaussian-like part of the distribution of S . Therefore, the farther away the group’s estimate from the personal estimate, the
more the subjects are inclined to compromise.
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Fig. S9. A Collective performance (absolute value of the median of log-transformed estimates) in the experiment performed in Japan, before (blue) and after (red) social
influence, for each couple of values (ρ, τ ). At ρ = 0% (no virtual experts), the performance doesn’t change after social influence, as expected (the center of the distribution
doesn’t move). However, at ρ = 33%, there is an improvement in collective performance after social influence for all values of τ . It is not clear whether there is an effect of τ ,
because the questions asked were different in all conditions (ρ, τ ); B. Width of the distribution of estimates in the experiment performed in Japan, before (blue) and after (red)
social influence, for each couple of values (ρ, τ ). The distribution width has on average decreased after social influence, even at ρ = 0%. The decreasing is nonetheless
clearer at ρ = 33%. Thus, the patterns are similar to those observed in the experiment performed in France (Figure 3 in the main text).
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Fig. S10. A. Average sensitivity to social influence S against the confidence reported before social influence, in France (blue) and Japan (red). S is negatively correlated to
confidence, meaning that the most confident subjects are also the less sensitive to social influence. The average sensitivity to social influence is higher in Japan than in France,
and conversely, the average confidence is higher in France than in Japan. This is all the more surprising, because the questions were “harder” in France (see Figure S3). This
suggests cultural differences in expression of confidence and attention to others’ opinions. B. Collective accuracy (median of absolute values of log-transformed estimates),
before (blue) and after social influence (red), for the experiments performed in France (squares) and Japan (circles). Collective accuracy is positively correlated with confidence,
meaning that the most confident individuals are also the most accurate in their answers (answers closest to 0). Most likely, confident subjects perform well because they have
some prior knowledge about the questions, which at the same time makes them less likely to follow the opinion of others. The average accuracy is better in Japan than in
France, because of the difference in the questions’ difficulty (see also Figure S3A). The average confidence and accuracy both improve after social influence.
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Fig. S11. Collective accuracy (median distance to the truth of individual estimates) before (blue) and after (red) social influence, for the 5 behavioral categories identified in
Figure 1B and for the whole group (All): A. ρ = 0 %; B. ρ = 20 %; C. ρ = 43 %; D. ρ = 80 %. As ρ increases, the group improves its accuracy after social influence.
Interestingly, adopting leads to the best improvement and accuracy after social influence for ρ > 20 %. Full circles correspond to experimental data, while empty circles
represent the predictions of the model. This figure presents an alternative representation to that of Figure 4 in the main text
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Fig. S12. Collective accuracy (median of absolute values of log-transformed estimates) for the experiment performed in Japan, before (blue) and after social influence (red), for
the two values of ρ (percentage of experts): 0% (A) and 33% (B). As in France (Figure 4 of the main text), subjects who keep their opinion are the most accurate before social
influence. In A, at ρ = 0%, all behavioral categories lead approximately to the same accuracy after social influence, except contradicting, which leads to much worse accuracy.
In B, at ρ = 33%, adopting is the behavior leading to the best accuracy after social influence. The group’s accuracy improves after social influence both without (A) and with (B)
experts, but much more markedly in the presence of experts. However, it is difficult to compare A and B, because the questions asked were different. Again, the patterns are
similar to those observed from the experiment performed in France (Figure 4 and S11).
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Fig. S13. Collective performance (absolute value of the median of log-transformed estimates) before (blue) and after (red) social influence against ρ, for the 5 behavioral
categories identified in Figure 1B and for the whole group (All). Adopting leads to the sharpest improvement, and the best performance for ρ ≥ 40 %. Full circles correspond to
experimental data, while empty circles represent the predictions of the model (including for ρ = 60 %, a case not tested experimentally).
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Fig. S14. Collective performance (absolute value of the median of log-transformed estimates), for the different values of ρ, before (blue) and after (red) social influence, in the
experiment performed in France: A. ρ = 0%; B. ρ = 20%; C. ρ = 43%; D. ρ = 80%. The results for the five behavioral categories identified in Figure 1B, as well as the
overall group (All), are presented. Experimental values correspond to full circles, and simulation values to empty circles. Similarly to the collective accuracy, the behavior
leading to the best improvement in performance consists in adopting others’ opinion, once virtual experts are introduced. Again, the improvement in collective performance after
social influence increases with ρ.
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Fig. S15. Collective performance (absolute value of the median of log-transformed estimates) for the experiment performed in Japan, before (blue) and after social influence
(red), for the two values of ρ (percentage of experts): 0% (A) and 33% (B). Adopting and overreacting also lead to the best improvement in collective performance after social
influence. The improvement seems to increase with ρ, although we cannot tell if ρ is the only factor, because the questions asked in A and B were not the same.
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Fig. S16. A. Collective performance against the value of the information V (log-transformed value of the answer provided by the virtual experts), for different values of ρ, as
obtained using the full numerical model. For all ρ, we find that the collective performance reaches a minimum at a strictly positive V = V0 (decreasing as ρ increases), as
predicted by the simple analytical model presented above. Hence, providing incorrect information greater than the true value can be more beneficial (the collective performance
closer to 0) to the group performance than providing the truth, by compensating for the human natural cognitive bias to underestimate quantities (mp < 0). For ρ = 20%,
40%, 60% and 80%, the optimum collective performance is respectively reached for V0 = 2.5, V0 = 0.8, V0 = 0.4 and V0 = 0.25; B. Collective accuracy, against the
value of the additional information V , for different values of ρ, as predicted by the full model. The pattern is very similar as in A, the optimum being reached for V > 0, for any
ρ. Note that the optimum collective accuracy improves as ρ increases.
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