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In our digital and connected societies, the development of social net-
works, online shopping, and reputation systems raises the question
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 ob-
serve 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. When ad-
ditional controlled and reliable information is provided, unbeknownst
to the subjects, we quantify the improvement of the group estimation.
We show that subjects’ sensitivity to social influence permits to de-
fine five robust personality traits and increases with the difference
between personal and group estimations. We then use our data to
build and calibrate a model of collective estimation, to analyze the
impact on the group performance of the information quantity and
quality received by individuals. The model quantitatively reproduces
the distributions of estimates, as well as the improvement of collec-
tive performance and accuracy observed in our experiments. Finally,
our model predicts that providing a moderate amount of false infor-
mation to individuals can counterbalance a human cognitive bias to
systematically underestimate quantities, and thereby improve collec-
tive performance.

social influence | wisdom of crowds | collective intelligence | self-
organization | computational modeling

In a globalized, connected, and data-driven world, people rely
increasingly on online services to fill their needs. Amazon,

Ebay, Trip Advisor, Uber or AirBnB, to name just a few, have
in common the use of feedback and reputation mechanisms
[1] to rate their products, sellers, and customers. Ideas and
opinions increasingly propagate through social networks such
as Twitter, Facebook, or LinkedIn [2–4], to the point that they
have the power to cause political shifts [5]. In this context, it
has become of primal importance to understand how social
influence affects individuals, and its resulting effects at the
level of a group.

Collective estimation tasks are particularly well suited for
measuring the impact of social influence on individuals’ deci-
sions. Galton’s original work [6] on estimations tasks shows
that the mean or median of independent estimates of a quan-
tity can be impressively close to the true value of this quantity.
This phenomenon has been popularized as the Wisdom of
Crowds (WOC) effect [7], and is generally used to measure a
group’s performance. Yet, because of the independence condi-

tion, it doesn’t 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 (the WOC indicator doesn’t change) [8, 9], while others
show that it is not true, if one defines collective performance
otherwise [10, 11]. One or two of the following measures were
used to define performance and diversity: let us note Ei the
estimate of individual i, T the true value of the quantity to
estimate, and 〈〉 the average over all individuals. Then, GD =
〈(Ei−〈Ei〉)2〉 is a measure of group diversity, G = (〈Ei〉−T )2

and G′ = 〈(Ei − T )2〉 are two natural measures of the group
performance. However, these estimators are not independent,
since G′ = G + GD, which shows that a decrease in diversity
GD is beneficial to group performance, as measured by G′,
contrary to the general claim.

Later research showed that social influence helps the group
perform better, if one considers only information coming from
informed [12], successful [13] or confident [14] individuals. We
show that these traits are actually strongly related.

The way social information is defined also matters: pro-
viding individuals with the arithmetic or geometric mean of
estimates of other individuals has different consequences [14].
There are strong arguments to favor the geometric over the
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arithmetic mean, as we will develop hereafter.
Besides these methodological issues, it is difficult to an-

alyze precisely the impact of social influence on individual
estimations without controlling the quality and quantity of
information that is exchanged between individuals. Indeed,
human groups are often composed of individuals with hetero-
geneous expertise, so that in a collective estimation task, one
cannot rigorously control the quality and quantity of shared
social information, and the quantification of individual sensi-
tivity 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, before and after having received social
information. The interactions between subjects were sequen-
tial and local, while most previous works have used a global
kind of interaction, all individuals being provided some infor-
mation (estimates of other individuals in the group) at the
same time [8–10, 14, 15]. From the individuals’ estimates and
the social information they received, we were able to deduce
their sensitivities to social influence. Moreover, by introducing
virtual experts (artificial subjects providing the right 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 influ-
ence 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
the impact of information quantity and quality received by
individuals on the performances at the group level.

Experimental design

Subjects were asked to answer 35 questions in which they
had to estimate various social, geographical, astronomical
quantities, or the number or length of objects in a picture. For
each question, the experiment proceeded in two steps: subjects
had first to provide their personal estimate Ep; then, after
receiving the social information I, defined as the geometric
mean of the τ previous participants’ estimates (τ = 1 or 3),
they were asked to give a new estimate E. Subjects answered
the questions sequentially (see Figure S1), and were not told
the value of τ . Since humans think in terms of orders of
magnitude [16], we used the geometric mean for I – which
averages orders of magnitude – rather than the arithmetic one.

Virtual “experts” providing the true value T for each ques-
tion asked were inserted at random into the sequence of partic-
ipants (see Figure S1). For each sequence involving 20 human
participants, we controlled the number n = 0, 5, 15, 80 and
hence the percentage ρ = n

n+20 = 0 %, 20 %, 43 % or 80 % of
virtual experts. The social information delivered to human
participants, being the average 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 1 (very low) to 5 (very high). They were
also asked to choose the reason that best explained their
choice to modify or keep their previous estimate, among a
list of 8 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 subjects could give,
to forbid them to answer voluntarily in an absurd manner. All
graphs presented here are based on the first 29 questions (5394
estimates) from the experiment performed in France. The
experimental protocol is described in details in SI Materials
and Methods.

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 logarithms is often much more symmetric [8, 9, 14].
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 esti-
mates [16]. In these works, participants were mostly asked
questions for which they had good prior knowledge, such that
the answers ranged over 1 to 2 orders of magnitude at most
[8–10, 13–15, 17–19]. As we wanted to enlarge this scope, we
selected questions for which subjects had limited idea about
the answer. 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 have
to normalize the estimates E by the true answer T to the
question at hand. Thus, we will consider in the following
the log-transformed estimate X = log(E

T
). Note that the

log-transform of the actual answer T is 0.
Figure 1A shows the distributions of X before and after

social information has been provided to the subjects (see also
Table S1 for numerical values). Although such distributions
have often been presented as close to Gaussian distributions
[9, 14], it appears that they are much closer to Cauchy distri-
butions, because of the fat tails, which account for the non
negligible probability of estimates extremely far from the truth.
The Cauchy probability distribution function (PDF) reads

f(X,m, σ) = 1
π

σ

(X −m)2 + σ2 , [1]

where m is the center, and σ the width of the distribution.
For the Cauchy distribution, the mean and standard deviation
are not defined. Therefore, good estimators of m and σ are
respectively the median and half the interquartile range of
the experimental distribution. In the following, mp (respec-
tively m) and σp (respectively σ) will respectively refer to the
median and half the interquartile range of the experimental
distribution before social influence (respectively after social
influence).

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 its center m and width σ, we define the
linear combination or weighted average X ′ =

∑
i
piXi, with∑

i
pi = 1. f being a stable distribution means that X ′ has

the same probability distribution f as the original Xi, up to
the new width σ′. Indeed, the center m remains the same due
to 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, Lévy distributions
being intermediate cases: for the Cauchy distribution, the
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width σ remains unchanged, whereas the narrowing of σ is
maximum for the Gaussian distribution (see SI Materials and
Methods). 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′ < σ)
or worse (σ′ > σ) than the arbitrary answers themselves
(Cauchy). However, when there is a good prior knowledge, one
expects that combining them gives a better statistical estimate
(σ′ < σ; Gaussian). When the quantity to estimate is closely
related to general intuition (ages, dates, number of marbles in
a small jar...), estimates should hence follow a Gaussian-like
distribution, while when individuals have very little knowledge
about the answer (large numbers in astronomy, physics, life
or earth science...), as in our experiment, estimates should be
Cauchy-like distributed. The rationale for naturally observing
stable distributions is explained in SI Materials and Methods.

We use the term Cauchy-like, because Figure 1A shows
that the distribution of prior (Xp) and final (X) estimates is
slightly skewed toward low estimates (X < 0), reminiscent of
the human cognitive bias to underestimate numbers, due to
the nonlinear internal representation of quantities [20]. As we
will show later, this phenomenon has strong implications on
the influence of information provided to the group. In addition,
we observe a clear sharpening of the distribution after social
influence, mainly due to the introduction of a percentage ρ of
virtual experts in the experiments, hence affecting the value of
the social information M = log( I

T
) and the final estimate X

of the actual subjects. Figure S2 shows the same probability
distributions for each value of ρ, where this effect is shown to
increase with the value of ρ.

We thus propose two indicators to quantify group perfor-
mance: (1) the collective performance: |median(Xi)|, which
represents how close the center of the distribution is to 0
(the log-transform of the true value T ), and (2) the collective
accuracy: median(|Xi|), which is a measure of the collective
proximity of individual estimates to the true value.

Figure S3A shows the distribution of estimates in the ex-
periment performed in Japan, and Figure S3B shows that,
when the same questions were asked, distributions of personal
estimates in France and Japan are almost identical.

Distribution of individual sensitivities to social influence. Af-
ter having received social information, an individual i may
reconsider her personal estimate Epi. It has been shown that
the natural way for humans to aggregate estimates is to use
the median [18] or the geometric mean [14], which are actually
very similar, in the sense that they represent a way to discard
outliers. Therefore, one can always represent the new estimate
Ei as the weighted geometric mean of the personal estimate
Epi and the social information Ii. The social information
we provided to the subject is itself the geometric mean of
the τ previous answers (including that of the virtual experts
providing the true answer T , and appearing with probability

ρ), Ii = (
i−1∏
j=i−τ

Ej)
1
τ . Hence, we can uniquely define the sen-

sitivity to social influence Si by Ei = Epi
1−Si Ii

Si . 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
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Fig. 1. A. Probability distribution function (PDF) of log-transformed normalized esti-
mates X = log(ET ), 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. Plain lines are predictions from the model based on Cauchy distributions,
while dotted lines are Gaussian fits; B. PDF of sensitivities to social influence S. The
numbers at the top of the panel 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.

then have:

Xi = (1− Si)Xpi + SiMi, [2]

where the log-transformed social information is simply the

arithmetic mean Mi = 1
τ

i−1∑
j=i−τ

Xj , and thus Si = Xi−Xpi
Mi−Xpi

.

Note that in this language, Si is simply the barycenter coor-
dinate of the final estimate in terms of the initial personal
estimate and the social information.

Figure 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
(see Table S2 for numerical values). One can distinguish 5
types of behavioral responses: 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 in overreacting and contradicting are generally
overlooked in previous works [17–19, 21], either considered
as noise and simply not taken into account, or sometimes
included into the peaks at S = 0 and S = 1. But these
behaviors are not negligible, especially overreacting, which is
even more frequent than adopting (see also Figure S4 for a
discussion on some extreme values of S). Figure S5 shows the
distribution of S for the experiment performed in Japan, the
comparative distribution for men and women in France, and
the distribution for questions 30 to 35.

We find that the subjects’ behavioral reactions are highly
consistent, reflecting differences in personality or general knowl-
edge: in each session, according to the way subjects modified
their estimates on average in the first 24 questions, we split
them into three subgroups. We first define confident subjects
as the quarter of the group minimizing 〈|Sq|〉q, where q is the
index for the questions (i.e. the ones who were on average
closest to S = 0); then the followers as the quarter of the
group minimizing 〈|1− Sq|〉q (i.e. those who were on average
closest to S = 1). The other half of the group is defined as the
“average” subjects. Figure S6 shows the distributions of S for
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Fig. 2. Collective performance, defined as the absolute value of the median of
estimates (A) and width of the distribution of estimates (B), for all couples (ρ, τ),
before (blue) and after (red) social influence. Both improve with ρ, as well as after
social influence, except for the collective performance at ρ = 0 %. Full circles
correspond to experimental data, while empty circles represent simulations from the
model. At ρ = 60 %, only simulated values are available.

the three subgroups, computed from questions 25 to 29. The
differences are striking: for the group of confident subjects,
the peak at S = 0 is about 7 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
Figure 1B. Figure S7 shows the same graphs, with the same
categories recomputed for questions 1 to 29.

We find that the median sensitivity to social influence is
0.34, in agreement with previous results [11, 14, 21]. It means
that individuals tend to give more weight to their own opinion
than to information coming from others [10, 15].

Figure S8 shows the distribution of the reasons why subjects
changed or kept their opinion. It turns out that subjects’ likeli-
hood to keep their opinion doesn’t depend on their knowledge
about the question. A reason they often invoke is that other
participants would not know the answer better than them.
This recurrent pattern of distrusting others has important
consequences for the group performance, as we will discuss
hereafter. Figure S9 shows the evolution of the reaction time
as the experiment proceeds, as well as that of the proportion of
times subjects keep their opinion (S = 0) or adopt the group
estimate (S = 1).

Impact of social information on collective performance. Fig-
ure 2 shows the collective performance and the width of the
distribution of estimates, for the different values of ρ and τ .
The collective performance equals 0 when the distribution is
centered on the true value, such that the closer to 0, the bet-
ter. As expected, when ρ = 0 %, no significant improvement
is observed in the collective performance (precisely defined
above). However, Figure 2B shows that the width slightly
decreases, suggesting that the distribution is not exactly a
Cauchy, and hence that individuals had some prior informa-
tion about the questions. Then, as ρ increases, the center gets
closer to the true value, and the width decreases accordingly,
as also observed in the experiments performed in Japan (see
Figure S10).

Impact of sensitivity to social influence on collective accu-
racy. Figure 3 shows the collective accuracy for each of the
five categories of behavioral responses identified in Figure 1B,
and for the whole group, before and after social information
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Fig. 3. Collective accuracy, defined as the median closeness of individual estimates
to the truth, for the different values of ρ, before (blue) and after (red) social influence:
A. ρ = 0 %; B. ρ = 20 %; C. ρ = 43 %; D. ρ = 80 %. The 5 behavioral categories
identified in Figure 1B, as well as the overall group (All), are shown. The bigger ρ, the
more the group improves its accuracy after social influence. Interestingly, adopting
leads to the best improvement and accuracy after social influence for ρ > 20 %.

has been provided to the subjects. The four panels corre-
spond to the four values of ρ. When ρ = 0 %, Figure 3A
shows that collective accuracy improves for the whole group
(All) after social influence. This confirms that social influence,
causing the sharpening of the distribution, increases rather
than impairs the group performance, even in the absence of
additional information. Figure S11 illustrates that, as long
as there is at least a bit of prior information in the group,
and no misleading information is provided, there is always a
gain in collective accuracy after social influence. In Figures
3B, C and D, one sees that the more reliable information is
provided to the group, the better the collective accuracy. For
ρ > 20 %, adopting leads to the best performance [10, 15],
and that is all the more true, as more information is provided.
On the contrary, keeping or contradicting leads to the worst
performance after social influence.

Figure S12 shows that the sensitivity to social influence and
the collective accuracy are strongly related to confidence. The
more confident the subjects, the less they tend to follow the
group, and the higher is the accuracy of their estimates. Note
that this graph makes the link between confident [14], informed
[12], and successful [13] individuals: they are generally the
same persons. This is consistent with the results of Figure 3:
individuals who are too confident (arguably because they have
an idea about the answer, hence their good accuracy before
social influence), tend to discard others’ opinion, and although
it might sometimes work – especially if no external information
is provided – they lose the opportunity to benefit from valuable
information that others may have earned in the process. On
the contrary, subjects who lack confidence (arguably because
they do not know much about the question, hence their bad
accuracy before social influence), tend to follow the group
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Fig. 4. A. Mean sensitivity to social influence S against the distance between personal
and group opinions D = Xp −M . Full circles (black) correspond to experimental
data, while empty circles (red) are simulations from the model. Note that beyond 3
orders of magnitude are only about 14 % of data; B. Proportion of keeping (maroon),
adopting (pink) and being in the Gaussian-like part of the distribution of S (mostly
compromisers; purple), against D. Dots are experimental data, and lines are the fit
from the model.

more, and can benefit from those who know better. Even
at ρ = 0 %, they perform about as well as the others after
social influence. If enough information is provided (ρ ∼ 40 %),
subjects who adopt are even able to reach perfect collective
accuracy (0). Similar results have also been found in the
experiments performed in Japan, as shown on Figure S13.
Figure S14 and S15 show the equivalent graphs for collective
performance in France and Japan.

Impact of the difference between personal and group’s opin-
ions on individual sensitivity to social influence. Figure 4A
shows that S depends on the distance D = log(Ep

I
) = Xp−M ,

between personal (Xp) and group (M) 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 group
estimate is from a subject’s personal estimate, the more likely
the latter is to trust the group, as S increases. Figure 4B
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 (see also Figure S16A). Interestingly, the adopting
behavior does not change with D. The same phenomena have
been observed in the experiments performed in Japan, as
shown in Figure S16B and S17. Also, Figure S18 and S19
show the same graphs for the confident, follower and “average”
categories defined above. One sees that the intercept and slope
of the cusp depend on personality traits, although the pattern
remains always the same, and thus holds some universality.

Computational model. An individual-based model was devel-
oped to understand the respective roles of individual sensitivity
to social information 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 includes the following
steps, for a given condition (ρ, τ) (we directly implement the
log-transformed variables):

1. An initial condition X0 is chosen at random, according
to the experimental ratios of initial conditions;

2. With probability ρ, the true value 0 is introduced into
the sequence, and with probability (1− ρ), an agent plays;

3. The agent determines its personal estimate Xp from a
Cauchy distribution, restricted to [−7; 7];

4. The agent receives, as social information, the average of
the τ previous estimates M ;

5. The probability Pg that the agent chooses S in the
Gaussian-like part of the distribution of S (of mean mg) de-
pends on D, according to Figure 4B. Indeed, the average
sensitivity to social influence 〈S〉, for a certain value of D,
reads 〈S〉 = P0 × 0 + P1 × 1 + Pg ×mg = α+ β|D|, where P0
and P1 are respectively the probabilities to keep and adopt
(P1 is fixed, as found in Figure 4B; P0 = 1−P1−Pg). α and β
are the coefficients of the cusp between 0 and t, whose values
have been extracted from Figure 4A (all parameter values are
given in Table S3). Pg is hence given by

Pg = 1
mg

(α+ β|D| − P1). [3]

The threshold t is determined consistently as it must obey
the condition Smax = α+ βt, where Smax is the value of the
plateau beyond t in Figure 4A;

6. S is then drawn according to these probabilities, the
final estimate X being given by equation 2; one starts again
from step 2 for the next agent.

Comparison between numerical and experimental results. In
what follows, we first compare the numerical and experimental
results for different combinations of ρ and τ (for all graphs,
we run 100000 simulations). Then, we explore the model
predictions when incorrect information is provided to the
group by the experts.

The distribution of sensitivities to social influence S ob-
tained in the model (red curve) is similar to the one observed
in the experiment (Figure 1B). Figure 1A (all values of ρ ag-
gregated) and Figure S2 (for each ρ) compare 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, with a quantitative agreement between simulation re-
sults and experimental data. The collective performance and
distribution width predicted by the model are also in close
agreement with those observed in the experiment (Figure 2).
The collective accuracy for each behavior categories is also
fairly well reproduced by the model (Figure 3). The non-
negligible discrepancy, for adopting and overreacting before
social influence, is explained in Figure S20. The very small
effect of τ is explained in the SI Material and Methods.

Next, we used the model to investigate the influence of
the quality of information delivered to the group (i.e. the
log-transformed value V of the answer provided by the virtual
experts) on the group performance and accuracy. In our
experiments, the group was provided with the (log-transform of
the) true value V = 0. We expect a deterioration of collective
performance and accuracy as V moves away from 0, and as
a greater amount of incorrect information is delivered to the
group. Figure S21 shows that the optimum collective accuracy
is reached for V slightly above 0, whatever the value of ρ.
Interestingly, the optimum collective performance is reached for
V > 0, for ρ not too large, meaning that incorrect information
can be beneficial to the group: providing the group with
overestimated values can counterbalance the human cognitive
bias to underestimate quantities [20].
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Discussion

Quantifying how social information affects individual estima-
tions and opinions is a crucial step to understanding and
modeling the dynamics of collective choices or opinion forma-
tion [22]. Here, we have measured and modeled the impact
of social information at individual and collective scales in
estimation tasks. By controlling the quantity and quality
of information delivered to the subjects, without themselves
being aware of this control, we have been able to precisely
quantify the impact of social influence on group performance.
We also tested the cross-cultural generality of our results by
conducting two series of experiments, in France and Japan.

We showed that when individuals have poor prior knowledge
about the questions, the distribution of their log-transformed
estimates is close to a Cauchy distribution. In addition, we
found that 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.

We then studied the impact of virtual experts on the group
performance. These virtual experts can be seen either as an
external source of information accessible to individuals (e.g.
Internet, social networks, medias...), or as a very cohesive (all
having the same opinion V ) and over-confident (all having
S = 0) subgroup of the population, as can happen with “group
think” [23]. When these experts provide reliable information
to the group (V = 0), a systematic improvement in collective
performance and accuracy is obtained experimentally and
quantitatively reproduced by our model. Moreover, if these
experts are not too numerous, and the information they give
is slightly above the true value, social influence can help the
group perform even better than when the truth is provided
(V = 0), because this incorrect information compensates for
the human cognitive bias to underestimate quantities.

Our results show that when subjects have little prior knowl-
edge, their sensitivity to social influence increases with the
difference between their estimate and that of the group, at

variance with what was found in [15], for questions where
subjects had a high prior knowledge.

We also showed that subjects’ sensitivity to social influ-
ence is strongly related to their confidence and accuracy: the
most confident subjects are generally the best performers, and
tend to weight the opinion of others less. This behavior is
detrimental to individual and collective accuracy, when the
group has access to reliable information, because too con-
fident individuals lose the opportunity to benefit from this
information.

We used experimental data, to build and calibrate a model
that quantitatively reproduces the sharpening of the distribu-
tion of individual estimates and the improvement in collective
performance and accuracy, as the amount of good information
provided to the group increases.

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 envi-
ronment, 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 new perspectives, to develop information systems aimed
at enhancing cooperation and collaboration in human groups,
thus helping crowds become smarter [24, 25].

Future research will have to focus on the impact of the
number of estimates given as social information (instead of
only their mean), as well as the confidence and reputation of
those who share these estimates, on the capacity of individuals
to collectively improve their performance and accuracy.
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