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Abstract According to the classic results of Galton and
Condorcet, as well as in modern decision-making models,
accuracy in groups increases with group size. However,
these studies do not consider the naturally occurring sit-
uation in which individuals dynamically re-evaluate their
decision with a possible change of opinion. The dynamics
of re-evaluation in groups are very different to individual
re-evaluation because individuals influence the group and
the group influences the individual. We find that individual
accuracy in a group is higher when individuals re-evaluate
because all members have more access to social informa-
tion, while in single decisions, those deciding first have less.
This improvement is smaller in large groups as in this case
errors can cascade across the members of the group before
re-evaluation can correct them. The net result is a maximal
accuracy at a small group size. We also analyzed the case
in which individuals are influenced only by a small number
of the other individuals. In this case, cascading errors affect
the interacting subgroups but are very unlikely to reach the
whole group. This results in a local optimum at a small
group size but also an optimum at a very large size. We thus
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suggest that re-evaluation dynamics can make small and
very large groups optimal. Also, features that may be seen
as limitations, like an influence from only a small number
of individuals, may turn to be beneficial when consider-
ing local animal interactions, here filtering out cascading
of errors in the group when reconsideration dynamics takes
place.

Keywords Collective behavior · Collective decisions ·
Dynamic decisions

Introduction

Animal group sizes in nature range from small groups of
lions to very large bird flocks or fish schools (Krause and
Ruxton 2002; Sumpter 2010; Packer et al. 1990; Cockburn
1998; Bonabeau et al. 1999; Niwa 1998). Each individual
in any of these groups is exposed to social information that
allows them to react better to the environment. However, an
understanding of how decision accuracy depends on group
size is still incomplete despite a long history of work in
decision-making in groups. The classical results of the Con-
dorcet jury theorem (Condorcet JANdC 1785) and group
estimation experiments by Galton (1907), known popularly
as wisdom of the crowds (Surowiecki 2004), point to very
large groups as the most accurate. The intuition behind these
classic results is that individuals are noisy estimators of fea-
tures in the environment and that the larger the group, the
easier to cancel out the noise in their estimations. Mod-
ern decision-making models in animal groups are based on
similar ideas (Ward et al. 2008; Sumpter et al. 2008; Pérez-
Escudero and de Polavieja 2011; Arganda et al. 2012) and
also point to large groups as the most accurate.
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An important difference between the classic studies of
Galton and Condorcet and modern group decision-making
models is that, in the new models, agents do not decide
independently but instead interact with each other. These
interactions have been modeled, for example, as sequential
decisions of rational agents using their private information
and the estimations of previous agents. These models have
shown that initial errors by very few members can easily
propagate to the group in what is called an information
cascade, although they are fragile with respect to new pri-
vate information (Bikhchandani et al. 1992; Banerjee 1992).
Interactions are also at the core of voting models. Here,
agents update the value of an opinion variable depending
on the opinion of others. Using techniques from network
theory and statistical physics, it is studied how the popula-
tion reaches a consensus decision (Castellano et al. 2009;
Boccaletti et al. 2006). Other voting models allow the pop-
ulation to converge to several subgroups with different
opinions (Shao et al. 2009; Havlin and Bunde 1991; Stauffer
and Aharony 1994).

Recently, small group sizes have been obtained as the
most accurate in a consensus model (Kao et al. 2014). In
this case, individuals in a group are confronted with two
options and also two cues, one cue of high and another of
low correlation . Each individual chooses a cue with a given
probability. Each of those agents chooses the low correla-
tion option then chooses with a given probability the correct
option. In contrast, all those agents choose the high correla-
tion cue then choose the same option but also with a given
probability. The choice made by the whole group is a con-
sensus decision by majority voting. This model teaches us
the important lesson that decisions can impose correlations
among individuals that make large groups inaccurate.

Here, we reconsider the models obtained to explain ani-
mal decisions in experiments using groups (Sumpter et al.
2008; Ward et al. 2008; Pérez-Escudero and de Polavieja
2011; Arganda et al. 2012). We will use the same equa-
tions tested in these experiments, but we point to an implicit
assumption in how they have been used. Their application
has been restricted to the case of animals deciding in a single
step. In nature, however, it should be very common to have
some dynamics of reconsideration of the decisions, given
that there is typically some time between the moment ani-
mals first perceive a scenario and the moment when they
actually need to finally commit to one of the options. Our
scenario differs from information cascades, voting models,
and Kao et al. (2014) in that it considers empirical decisions
rules obtained in animal groups. Respect to information
cascades (Bikhchandani et al. 1992; Banerjee 1992), it
shares the importance of cascades of errors, but we consider
empirically tested decision rules and add reconsideration
dynamics. Respect to voting models (Castellano et al. 2009;
Boccaletti et al. 2006; Shao et al. 2009; Havlin and Bunde

1991; Stauffer and Aharony 1994), we share reconsidera-
tion dynamics, which in voting rules appears natural in the
updating dynamics until convergence to global consensus
states. With Kao et al. (2014), we share the importance of
correlations among individuals in the group to give small
groups as those of optimal size, but we do not consider cues
or majority voting.

We show that the dynamics in which individuals in
groups can reconsider their choices leads naturally to the
result that groups of small size choose best. Re-evaluation
allows a better access to social information to all members
in the group, resulting in a better decision accuracy but less
so for large groups in which re-evaluation does not stop
chains of errors. The highest accuracy then corresponds with
groups of intermediate size, and this optimal size decreases
as the influence of the social information increases. These
results are obtained for many different models as long as
they share basic properties common in animal collectives:
(a) an individual is more likely to do a behavior if others
are already doing it, (b) not all individuals decide at the
same time, and (c) decisions are dynamical so there can in
principle be changes in opinion.

We also studied the case in which each individual is only
influenced by a small number of individuals in the group.
The results in this case are similar at small or intermediate
group sizes as the number of influencing individuals is still
not too dissimilar from the total number in the group. For
large groups, however, the information cascades still hap-
pen at the level of the subgroups but very unlikely affect the
whole group. For this case, we then obtain small group sizes
as locally optimal but good accuracy at large sizes as well.

Results

Decision-making with re-evaluation

We considered individuals in a group re-evaluating their
decisions (Fig. 1a). We first used a toy scenario for sim-
plicity of analysis and then tested that results hold for more
realistic scenarios. We considered a group of agents decid-
ing between left (say, correct option) and right (incorrect) in
a fixed sequence and in rounds of re-evaluation. This clean
separation into rounds and into strict sequences is the artifi-
cial part of the scenario that simplifies analysis, but we will
see later that it is not necessary for the result.

In the first round, agent 1 decides using only its private
information about the options. Then, agent 2 decides using
its private information and the fact that animal 1 has cho-
sen left. The same for animals 3 to 8, who also decide based
on private information and the decisions of other animals
(Fig. 1a, first round). In this particular example, all animals
except 2 and 4 choose left. This finishes the first round, a
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Fig. 1 Decision-making in collectives with re-evaluation of choice.
a Simple example of re-evaluation of choices. Individuals are rep-
resented by different colors and their deciding orders are also high-
lighted. In the first round, agents decide in a sequence according to
their private information of which side is the best (left or right) and on
their social information. At each step, a number of individuals choos-
ing each option are shown above (green: left, correct option; red: right,
incorrect option). In the second round, there is a new sequence of deci-
sions in the same order in which each agent re-evaluates its choice. b
Probability of choosing the correct side, as a function of the difference

between the number of individuals that previously chose each option
(see Eq. 1). With better private information (parameter a in Eq. 1, here
fixed to a = 1.5), the curve moves to the left so less social informa-
tion is needed to make a correct choice. With higher influence of social
information (parameter s in Eq. 1, here fixed to s = 1.5), the higher the
slope and the lesser the other individuals one needs to take into account
to have a high probability of making the correct choice. c Probability
per individual of choosing the correct option at the first and at the sec-
ond round. The results are obtained by applying the formula at b to the
general case of a group of eight individuals

scenario commonly modeled in decision-making in groups
(Ward et al. 2008; Sumpter et al. 2008; Pérez-Escudero and
de Polavieja 2011; Arganda et al. 2012). Note that the agents
that decided first in this round had less access to social
information.

In a second round, all agents re-evaluate their choices
again in the same sequence 1, 2,. . . , 8. In the example illus-
trated here, animals 2 and 4 change their choices by the
weight of the social information (Fig. 1a, second round).
In this second round, all animals have access to a richer
social information than in the first round, especially those
that chose first.

Re-evaluation implies the highest accuracy
at intermediate group size

In the following, we use our toy scenario to show that
groups of intermediate size are more accurate. Before using
a mathematical model to show this result, it is instructive to
advance the intuition.

One part of the result is that re-evaluation allows access
to social information for those that chose first without

access to this information. The second part is that large
groups cannot improve in re-evaluation because of error
propagation. To see this, consider that the first two agents
in the first round choose the wrong option. These wrong
choices make the remaining agents in the group more likely
to make mistakes as well. If the group is small, when agent
1 decides in the second round, it does not find a very large
number of individuals in error and it still has a reason-
able probability of correcting. In contrast, when the group
is large, by the time agent 1 makes a decision in the second
round, the number of individuals making a wrong decision
is large, and therefore, agent 1 is unlikely to correct its
choice using social information.

The intuition is then that while an extra round helps to
obtain more social information, errors are more difficult to
correct using social information in the larger group.

For a quantitative treatment, we started with a simple
model that matches the toy situation illustrated in Fig. 1a.
This model is an extension (to the case of several decision
rounds) of a model we successfully applied to collective
decision-making in sticklebacks (Pérez-Escudero and de
Polavieja 2011) and also adapted to humans (Madirolas and



74 Theor Ecol (2018) 11:71–81

de Polavieja 2015). In the context of a two choice setup,
each animal has a probability of choosing the correct option
in the form

Pc = 1

1 + 1
a

(
1
s

)Nc−Ni
, (1)

illustrated in Fig. 1b for parameter values a = s = 1.5.
From this plot, it is clear that the probability of making the
correct choice increases with how many more animals have
already chosen correctly than incorrectly, Nc − Ni . It also
increases with the quality of private information a (the curve
shifts to the left) and the influence of social information
provided by each other animal s (the slope increases).

Application of the probability in Eq. 1 to a group decid-
ing in a sequence is as follows. The first individual to decide
in the first round would choose according to Eq. 1 using pri-
vate information a and with no other animal having made
any choice, Nc −Ni = 0−0 = 0, giving Pc = a/(a +1). If
using this probability, animal 1 chooses, say, to move to the
correct option then the second animal would choose accord-
ing to Eq. 1 but now with Nc − Ni = 1 − 0 = 1, that is
Pc = (1 + (1/a)(1/s))−1 . If animal 2 uses this probability
and chooses, say, the wrong option then the third one again
uses (1) with Nc−Ni = 1−1 = 0 and so on until individual
8. This can leave the group in, for example, a configuration
(Nc, Ni) = (6, 2) (Fig. 1a, first round).

We can compute for our example the mean probability
of being correct in the first round as a function of the posi-
tion of the animal in the decision sequence of the first round
(Fig. 1c, orange; see Methods for details). The later the indi-
vidual in the chain of choices the more access to social
information, which makes them more likely to choose the
correct option.

In a second round, the individuals re-evaluate the private
and social information to make new decisions. For our first
analysis, we assume the order animals deciding is the same
order than in the first round, animals 1 to 8. The only differ-
ence between this second round and the first one is that the
starting configuration in the second round is the last config-
uration in the first round, in our example (Nc, Ni) = (6, 2).
We also computed for this second round the probability that
an animal makes a correct choice as a function of the order
of decision (Fig. 1c, green; see Methods for details). All
individuals improve in the second round, but more the ones
deciding first.

We then asked what is the accuracy, computed as prob-
ability of being correct averaged across individuals in the
group, depending on group size and number of decision
rounds (Fig. 2a). This figure was obtained for the particular
values of parameters a = s = 1.5 in Eq. 1. For a decision
with no re-evaluation, the larger the group, the better the

choice (Fig. 2a, round = 1). In contrast, re-evaluation causes
intermediate-sized groups to be most accurate (Fig. 2a,
round ≥ 2). For a high number of re-evaluations, the optimal
size quickly converges to a size of 8.

So far, we have used our model (1) with a particular set of
parameters, private information a = 1.5, and social infor-
mation s = 1.5. We then asked about the impact of the
private and social information. Increasing the private infor-
mation a increases accuracy at optimal group size (Fig. 2b)
and increases slightly the size of the optimal group (Fig. 2c,
center). Increasing social influence s implies higher accu-
racy at optimal size in the interval s = 1 − 1.5 and a > 1.3
and a small decrease elsewhere (Fig. 2b). Increasing the
social influence s very rapidly decreases the size of the opti-
mal group (Fig. 2c, center). Except for the limit of very low
social information (s close to 1), the best groups are those at
intermediate sizes of around 2 − 14 individuals. For exam-
ple, for sticklebacks, we found elsewhere that s = 2 − 3
(Pérez-Escudero and de Polavieja 2011) and optimal group
sizes with re-evaluation would then correspond to groups of
4 − 6 members.

It is important to also note that accuracy is asymmetric
around the optimal group size (Fig. 2a). Groups smaller than
optimal lose accuracy faster than groups larger than optimal.
This is the same for any values of the model parameters
(Fig. 2c).

Mechanism underlying the highest accuracy
at intermediate group size

Our next question was how the optimal group size comes
about. We have already seen that re-evaluation improves
accuracy for all members of the group (Fig. 1c) and for all
group sizes (Fig. 2a). However, in the following, we show
that the benefit of re-evaluation is smaller for large groups.
To see this in some detail, we studied what is the effect of
the first two animals making the wrong choice in the first
round (Fig. 3a). Specifically, we computed the probability
that the first individual chooses the correct option at each
subsequent round after the first two individuals chose incor-
rectly in the first round. In small groups, say a group of 4,
the first individual in the second round still has a high proba-
bility of choosing correctly because the number of incorrect
choices in the first round is at most as large as the group
size of 4 (Fig. 3a, blue, group size = 4). In larger groups, say
12 individuals in this example, the first animal choosing in
the second round has a much lower probability of choosing
correctly (Fig. 3a, blue, group size = 12). This is because
it often finds quite a few animals having made the wrong
choice and the social information strongly favors less the
correct option.

We obtained more detail studying the proportion of the
group that has made a correct choice (Fig. 3b). In the first
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Fig. 2 Re-evaluation implies
the highest accuracy at
intermediate group size. a
Probability of choosing the
correct option for several group
sizes and for different number of
rounds. b The highest possible
accuracy achieved by groups of
animals depending on influence
of private and social
information. c Group size with
the highest accuracy depends on
influence of private and social
information, a and s,

respectively. The achieved
accuracy is shown in b. Four
points in these parameters are
chosen to show the maximum,
a = 1.5 and s = 3 (top left),
a = 3.6 and s = 2.5 (top right),
a = 1.8 and s = 1.4 (bottom
left), a = 3.7 and s = 2.8
(bottom right)

round, a group of 4 (left) or 8 (middle) has as it most
probable configuration one with all animals choosing the
correct option, and as its least probable configuration the
one with all choosing incorrectly (Fig. 3b, round = 1). For
a group of 12, the highest probability is again for the con-
figuration with all the group choosing correctly, but now
the configuration with all members choosing incorrectly is
not the least probable. For the group of 4, the re-evaluation
dynamics shifts the probability slightly to configurations
with more members of the group correct but still with a high
probability of configurations in which a large proportion
are incorrect. For a group of 8, the re-evaluation dynamics
strongly shifts the probability to configurations with most
individuals in the group choosing correctly. For a group of
12, re-evaluation makes the probability bimodal, with the
highest probability that all individuals are correct but also
with a high probability of all incorrect. Large groups are
very cohesive at the price of a high probability of all choos-
ing the incorrect option. On average, an individual is more
likely to choose correctly in a group of 8 in this example.

Other models and more realism in choice scenario

Our analysis so far has made 3 assumptions. One is that the
individual choices depend on the decisions made by oth-
ers according to the choices of others using (1). This is
an expression obtained from the first principles of estima-
tion and also tested in sticklebacks (Pérez-Escudero and de
Polavieja 2011). Our results, however, do not depend on this
expression. Other expressions give similar results (Fig. 4,
see Methods for mathematical expressions). We present
results for a mathematical expression used for zebrafish and
ants (Arganda et al. 2012) (rule in Fig. 4a, blue and result in
Fig. 4b) and another expression used for theoretical analy-
sis of collective decisions (rule in Fig. 4a, green and result
in Fig. 4c). We also added a version of our rule in Eq. 1
but that saturates at pmax < 1 instead of 1 (Fig. 4a, red) to
show that in this case , the same result is obtained (Fig. 4d,
pmax = 0.9.).

The other two assumptions, deciding by rounds and with
strict order in each round, were used only for clarity of
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Fig. 3 Error propagation in
large groups. a Probability that
the first individual chooses the
correct option in subsequent
rounds given that the first two
individuals chose incorrectly in
the first round. Each color
represents the probability for a
given round (from second to
fifth). b Evolution of the
accuracy with rounds. We
computed the proportion of
individuals choosing the correct
option at each round for group
sizes of 4, 8, and 12

analysis and will not be adequate for most experiments. We
found the same results for more stochastic versions of deci-
sion order eliminating one of the two assumptions or both
assumptions (Fig. 5, see Methods for details).

Keeping rounds but choosing in random order in each
round gives very similar results (Fig. 5a). We alsoconsidered
a second scenario for the order of decisions in which agents

keep a similar order but with no strict rounds. This is a
likely mechanism in polarized animal groups, where we
know information flows from front to rear positions (see
Herbert-Read et al. 2011; Katz et al. 2011). This model also
gave very similar results (Fig. 5b, see Methods). Agents are
ordered not by who chooses but by who has the highest
probability of choosing. The actual order is then not strict

Fig. 4 Accuracy for different decision rules. a Examples of individual
decisions rules with different probabilities of an individual choosing
the correct option depending on how many more individuals have cho-
sen that option. Blue: from Arganda et al. (2012), with parameters
ax = 2.5, ay = 1.33, k = 0.5, and s = 2. Green: from Sumpter
and Pratt (2009), with parameters px00 = 2/3, a = 0.02, k = 2.5,

T = 10, and m = 1. Red: as Eq. 1 in the main text but converging to
pmax = 0.9 and pmin = 0.1. See Methods for mathematical expres-
sions. b Average probability of choosing correct option depending on
group size and number of decision rounds when an individual follows
the rule in blue in a. c Same as b but for the rule in green in a. d Same
as b but using the rule in red in a
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Fig. 5 Different degrees of
randomness in decision order.
Results for decision formula in
Eq. 1 in the main text with the
same parameters as in Fig. 2 but
with different ordering
scenarios. See Methods for
further details. a Randomized
decision order where all
individuals decide before
re-evaluation. b Randomized
order where each individual is
ordered by a higher probability
of decision. Probabilities are
Gaussians centered at the order
position of each individual and
with standard deviation of two
positions. c Completely random
decisions. d Self-propelled
particle simulations, where each
individual has a probability of
deciding at each iteration and
Eq. 1 is applied using agents
pointing to correct option (Nc)
and incorrect option (Ni )

and there is then no clean separation in rounds in which each
animal makes a decision. Instead, we order by number of
average decisions per agent (Fig. 5b).

We also considered a completely random order with rep-
etition possible that has then no predefined order and no
rounds (Fig. 5c, see Methods). In this case, the highest
accuracy is also at intermediate group sizes.

The last case we considered was one with agents moving
in space and sensitive to the difference of animals mov-
ing towards one option and the other (see Methods). When
agents are far from the place of choice, they point randomly
to the two options, but when closer, they acquire some pri-
vate information about which option is the best to choose.
This case also predicts the highest accuracy at intermediate
group sizes (Fig. 5d).

In all these cases, some individuals start to have access
to social information before the others and in re-evaluation
there is then a process by which all have access to it. Re-
evaluation then increases the amount of information animals
have access to but also cascades of errors are more difficult
to stop when reconsiderations take place in large groups.

Local sampling version of the models

So far, we have considered the case in which individuals are
influenced by all the rest of the group. It is not necessary that
individuals need to count precisely for this result, only that
they follow influence curves like those of Fig. 4a. That is,
for low numbers, they need to be more sensitive to choosing

one option the more individuals are choosing that option and
effectively saturate at larger numbers.

However, there are situations in which each individual is
only influenced by a small number of individuals (Ballerini
et al. 2008). We therefore studied the model as originally
presented (Fig. 2a) but in which each individual is only
influenced by a small number of individuals in the group
(Fig. 6a, b).

For a given number of influencing individuals, Nloc, the
results up to this value are the same as before and after
there is a slow increase of accuracy with group size. So
if the value of the social parameter s produced in previ-
ous calculations a peak after Nloc, that peak is lost in the
new calculation (Fig. 6a, Nloc = 4 and s = 2). How-
ever, when the social parameter s produced in previous
calculations a peak before Nloc, that peak remains in the
new calculation (Fig. 6b, Nloc = 6 and s = 2). In con-
trast to previous results, however, the accuracy of the group
steadily increases with group size and for large enough val-
ues it wins over the local optimum at small group size.
The result is not a monotonically increasing accuracy with
group size, but also an additional local optimum size for
small sizes. Figure 6c, d gives analogous results but for
Nloc = 8, with Fig. 6d simply a wider set of values for group
sizes.

We also studied the spatial model in Fig. 5d but adding
the restriction that each individual is only influenced by a
subgroup (Fig. 6e, f). We used two different versions, one
in which animals used the information coming from their
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Fig. 6 Accuracy when
individuals are only influenced
by a subgroup. a Results as for
model in Fig. 5a but with the
parameter s = 2 and influence
by Nloc = 4 individuals. b Same
as a but for 6 individuals. c
Same as a but for 8 individuals.
d Same as c but studying the
effect up to a group size of 32
individuals. e Simulations as in
Fig. 5d but when individuals use
their 6 nearest neighbors for
making the decisions. f Same as
e but when individuals use all
the individuals within a
distance, plotted up to a group
size of 32 individuals. See
“Methods” for details of models

nearest neighbors (Fig. 6e) and another one in which they
used the information of all the individuals within a given
distance (Fig. 6f). The results of both scenarios again show
a local optimum at small group size and a slow increase of
accuracy for larger group sizes. See “Methods” for details
of models and variants giving similar results.

Discussion

Decisions with re-evaluation point to the highest accuracy
in groups of small or very large size. When an agent has
access to all other agents, we found a maximal accuracy in
small groups. In these cases, cascading of errors makes deci-
sions for large groups more inaccurate on average. We have
also seen that when each agent interacts with only a sub-
set of other agents, error cascades are very unlikely to reach
the whole group. This then results in high accuracy in small
groups but also in very large groups.

Small group sizes are often observed (Avilés and Tufiño
1998; Brown and Brown 1996; Gerard et al. 2002;
Williams et al. 2003; VanderWaal et al. 2009), but decision
accuracy might be one among many factors determining the

final group size (Brown 1982; Sibly 1967; Giraldeau and
Gillis 1985; Higashi and Yamamura 1993; Krause and Rux-
ton 2002; Sumpter 2010), including foraging, migration,
predation risk (Bertram 1980; Santema and Clutton-Brock
2013; da Silva and Terhune 1988), intra-specific competi-
tion (White 2008), and also the increase in the total amount
of information available for the group (Galef and Wigmore
1983; Ward and Zahavi 1973).

When the other factors are more important in deter-
mining the group size, decision accuracy might then be
suboptimal. We should in principle expect deviations from
optimality to be more prevalent in the direction where the
fitness decreases more slowly (Pėrez-Escudero et al. 2009).
In this regard, our results show an asymmetry respect to the
high accuracy group size at low group sizes. There is less of
a loss in accuracy adding N more animals to the group than
subtracting them, favoring larger groups.

Another argument in favor for large group sizes is that the
the size of small but accurate groups depends on the qual-
ity of private information and on the influence of the social
information. If these factors change, agents would need to
track them to be able to work at high accuracy. In contrast,
accuracy at large group sizes depends less on these factors.



Theor Ecol (2018) 11:71–81 79

When agents cannot track sufficiently well changes in pri-
vate and social information, it is thus advantageous to work
at large group sizes.

Methods

Computing the probabilities of choosing the correct
option

We computed the probability of finding a given number
of individuals choosing one option at the end of a given
round from the exact probabilities of all the sequences that
can produce this outcome, and then added them up. This
was done for all cases where the order of the individual
decisions was fixed (all figures except Fig. 5). For exam-
ple, consider a group of 4 animals deciding in two rounds.
Say that the sequence of decisions of the animals in the
first round is (y, x, y, y). The probability of choosing each
option depends on the number of individuals that had cho-
sen that option before. Therefore, the probability of this
sequence at the first round is given by

P 1(y, x, y, y) = Py(0, 0)Px(0, 1)Py(1, 1)Py(1, 2), (2)

where Py(Nx, Ny) is the probability of choosing option y

given a number of individuals Nx at option x and Ny at
option y. Note that Px(Nx, Ny) = 1 − Py(Nx, Ny). If the
sequence of decisions at round 2 is (y, x, y, y), where the
third individual has changed its decision, the probability of
the second round is

P 2(y, x, y, y) = Py(1, 2)Px(0, 3)Py(1, 2)Py(1, 2). (3)

The probability of the whole sequence is calculated as
the product of P 1(y, x, y, y) and P 2(y, x, y, y). This would
end up on a state in which 3 animals have chosen option y

and 2 have chosen option x at the end of round 2, but there
are more sequences generating the same final state. There-
fore, to obtain the probability of a certain state, we must
add the probabilities of all possible sequences that lead to
this final state. Once we have the probabilities of each state,
the probability of choosing the correct option per individual
would be obtained by multiplying the probability of each
state by the proportion of individuals that choose the correct
option, and then adding these products through all the final
states.

In cases where the individual decisions did not follow a
fixed order, the previous algorithm to compute probabili-
ties could not be applied. Instead, we simulated 50,000 (see
“Different decision sequences” section for details).

Different decision formulas

We used alternatives to Eq. 1 when modeling the social
influence of other individuals. In Fig. 4a (blue), we plot the
expression from reference (Arganda et al. 2012),

Py =
(

1 + 1 + ays
−(Ny−kNx)

1 + axs
−(Nx−kNy)

)−1

. (4)

This expression has two parameters for the private informa-
tion, ax and ay , and two parameter for the social influence,
s and k.

We also used the decision expression from reference
Sumpter and Pratt (2009). For this model, the probability
that option y is good is given by

py = py00

(
a + (m − a)

Nk
y

T k + Nk
y

)
, (5)

with py00, a, m, T , and k parameters determining the shape
of the function. A similar function determines the probabil-
ity that x is good, and the probability of choosing y then is
Py = py/

(
py + px

)
, resulting in

Py =
⎛
⎜⎝1 + px00

py00
·

1 + (
m
a

− 1
) Nk

x

T k+Nk
x

1 + (
m
a

− 1
) Nk

y

T k+Nk
y

⎞
⎟⎠

−1

, (6)

illustrated in Fig. 4a (green).
We also used an expression (1) of the main text but with

a maximum probability of Pmax and a minimum probability
of 1 − Pmax ,a s

Py =
⎡
⎢⎣ 1

1 + 1
a′

(
1
s

)Ny−Nx

⎤
⎥⎦ (2Pmax − 1)+ (1 −Pmax), (7)

In the main text, we illustrated the case with Pmax =
0.9. The value of parameter a′ that gives a 0.6 probabil-
ity of choosing the correct option when there is no social
information is a′ = 1.6666.

Different decision sequences

For Fig. 5a, we randomized the order in which individuals
decided at each round.

For Fig. 5b, we considered that each individual has a
Gaussian probability of making a decision centered at its
fixed turn and with σ = 1. The Gaussians are added and
the sum is normalized to compute the individual probabili-
ties of making a decision at a given turn. The turns run in
order from the first to the last individual and which indi-
vidual decides at each turn is determined based on these
probabilities.
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For Fig. 5c, the order of the decisions is completely ran-
dom, so the decision could be made by any individual at
each time step.

For Fig. 5d, we added a spatial component to the model.
We created a two dimensional rectangular space (xmax =
50, ymax = 100) with two options of the same size (25 x 25)
at the end of the y dimension. We then simulated a dynamic
decision-making process in which groups of individuals had
to choose between the two options while moving towards
them. The individuals started in a position given by a ran-
dom uniform distribution centered at (x = 25, y = 20) with
a width of 5. Each individual randomly chooses to move
towards one of two options for initialization. After that, each
individual has a probability pdec of making a decision at
its corresponding turn, fixed before the simulations. In the
simulations, we iterate through several values of pdec (0.05–
0.4) in order to obtain different values for the number of
decisions. If the individual makes a decision, it will choose
one of the two options with a probability given by Eq. 1.
In order to avoid any spatial artifact, once an option is cho-
sen, the individuals would randomly move towards one of
the pixels of that option. If the individual does not make a
decision, it will keep moving in the same direction as in the
previous iteration. The number of individuals choosing each
option would be counted and added to the decision equa-
tion, so the probabilities would be constantly updated. An
individual would finish the trial when it reaches one of the
options. If an individual reaches one of the options without
having made any decision apart from the initialization one,
it would not be taken into account for computing the accu-
racy. Once each simulation is finished, we compute both
the number of decisions each individual has made and the
final outcome of the simulation. We then use these numbers
to compute the probabilities of choosing the correct option,
averaged over 100,000 simulations.

Decisions based on fewer individuals

In Fig. 6a–d, each individual selects a random subgroup of
Nloc individuals, which are the ones used when comput-
ing the probabilities of going to each option for all decision
rounds. These subgroups are not reciprocal and can over-
lap between individuals. As before, the results are averaged
over 50,000 simulations.

We also tested other ways of selecting the subgroups of
individuals, including (a) a randomization for each decision
round, (b) selecting neighbors in the decision order instead
of random individuals, and (c) using the different decision
order protocols of Fig. 5. We always obtained results similar
to those of Fig. 6a–d.

For the spatio-temporal simulations, we used two ways
of selecting the subgroup of individuals. In Fig. 6e, for each
decision, individuals use their nearest neighbors to compute

the probabilities of going to each option. In Fig. 6f, the
subgroup is defined by all individuals within a fixed radius
(r = 7.5) from the deciding individual.
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