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Abstract
Background:Models of collective decision-making typically assume that individuals sample information independently and
decide instantaneously. In most natural and sociological settings, however, decisions occur over some timescale in which
group members gather information—often from multiple sources. Information sources may persist for varying lengths of
time or be viewed concurrently and identically by multiple group members. These tendencies introduce spatio-temporal
correlations in gathered information with poorly understood consequences.
Research Design: Here, we develop a collective decision-making model in which individuals’ access and switch between
two conflicting cues that differ in their spatio-temporal properties.
Results: Our model reveals that spatially and temporally correlated cues can profoundly affect collective decisions.
Specifically, we observe that spatially correlated cues are dominant when individuals rarely switch between sources of
information. Temporally correlated cues, on the other hand, have the strongest impact when individuals frequently switch
between information sources. We also discuss how much the usage of independent information must be increased to
counter the impact of correlation.
Conclusions: The present model represents a first step toward more accurately capturing the complex mechanisms
underlying collective decision-making in natural systems and reveals multiple ways in which the properties of environmental
cues can impact collective behavior.
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Significance Statement

Collective decision-making describes interrelated processes by which individuals gather information from the
environment and jointly reach a conclusion. It is ubiquitous across social species, from slime molds and fish schools
to flocks of birds, and human societies.

Information gathered from the environment often exhibits some degree of structure in space or time—generating
correlations between cues aggregated within or across individuals. Here, we extend common theoretical models of
collective decision-making to examine how this structure and sampling strategies impact the accuracy of collective
decisions.

In particular, we model information sources (or cues) which exhibit temporal correlations (provide the same
information over multiple time steps) or spatial correlations (provide the same information to multiple individuals)
and compare different sampling strategies where individuals rarely or frequently switch between information sources.

We find that cues which exhibit temporal correlation impact the collective decision most strongly when indi-
viduals frequently switch between information sources, whereas spatially correlated cues have the strongest impact
when individuals mostly attend to a single cue.

Our work highlights some of the complexities which arise in more realistic decision environments and could
potentially be applied to the study of collective animal behavior or the decision behavior of humans in online
environments where we expect multiple and possibly correlated information sources to be the norm rather than the
exception.

Introduction

Collective decision-making is ubiquitous across social
species: from slime mold colonies to fish schools to human
societies, individual decisions are not made in isolation but
influence and are influenced by the opinions and decisions
of others.

In many cases, animal groups reach a consensus when
making decisions, often to maintain group cohesion and
retain the benefits of group-living (Krause et al., 2002;
Sumpter, 2010). A large and growing body of research has
demonstrated empirically that accuracy can be improved
when decisions are made collectively, for many social
species and decision contexts. For example, larger fish
schools are better able to avoid potential predators (Ward
et al., 2008, 2011) or migrate more accurately (Berdahl
et al., 2016), ant colonies are better able to identify the
superior of two potential nest sites of similar quality (Sasaki
and Pratt 2011; Sasaki et al., 2013), and human groups can
make better decisions across a range of estimation tasks
(Galton, 1907; King et al., 2012; Wolf et al., 2013), par-
ticularly in the context of medical diagnoses (Kurvers et al.,
2015, 2016; Wolf et al., 2015).

However, the theoretical models that inform predictions
about the behavior of organisms, and the outcome of col-
lective decision-making processes, often remain simplistic
compared to the complexity and variety of the ecological
contexts in which actual decisions are made (De Condorcet,
1785; King and Cowlishaw, 2007).

Previous work has often focused on one-shot decision
processes, whereas in natural settings the acquisition of

information occurs across some nonzero temporal scale,
ranging from millisecond responses when evading potential
predators (Sosna et al., 2019) to long-timescale processes
such as migration (Berdahl et al., 2018). Additionally,
sources of information can dissipate at some time scale,
limiting how quickly individuals can acquire information.
While temporal integration of information has been studied
previously, often through the use of drift-diffusion models
(e.g., Bitzer et al., 2014; Tump et al., 2020; Tajima et al.,
2016), these models typically assume a single information
source providing independent information to all individuals
in the group.

Naturally occurring information cues, by contrast, may be
highly correlated in space, such as a loud noise that all of the
individuals in a group can hear, or correlated in time, such as an
odor plume that persists for some amount of time (Torney
et al., 2009). Still other cues may be correlated in both space
and time, such as the air temperature across a particular day.

Previous work has studied the impact of correlated in-
formation in one-shot decision scenarios. It has been shown
that when there is a mixture of both independent infor-
mation (some individuals in the group observe private in-
formation from the environment) and spatially correlated
information (some individuals all observe the same infor-
mation), the correlated information can have an outsized
influence on the resulting collective decision (Kao and
Couzin, 2014). In particular, spatial correlation can break
the “wisdom of crowds” effect (higher collective accuracy
with increasing group size) and lead to accuracy being
maximized at relatively small group sizes. Similar effects
can be observed when correlations are produced via social
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influence within the group itself, rather than being a property
of external cues (Mann, 2021; Vicente-Page et al., 2018).
Some recent studies have demonstrated ways in which
groups might overcome the impact of spatially correlated
information on collective decision-making, including
utilizing stalemates (Winklmayr et al., 2020) or creating
internal structure within the group (Kao and Couzin,
2019).

These previous studies have mostly focused on corre-
lations in space, since in such models multiple individuals in
the group, located at different positions in space, perceive
the same information. Correlations in time, on the other
hand, have received much less attention but are likely to be
just as relevant in natural environments. Temporal corre-
lations of information (i.e., the temporal persistence of a
piece of information) on their own, or in combination with
spatial correlations, may therefore impact the optimal
strategy that individuals in groups should use to acquire
information from the environment and make collective
decisions.

In the following, we introduce a model that aims to
explore some of these complexities by moving the col-
lective decision process to the temporal domain and mea-
suring the impact of competing information sources while
explicitly considering spatio-temporal correlations in these
sources. The model presented here can be considered a
discrete time version of a drift-diffusion process and extends
previous models of collective decision-making under spa-
tially correlated information (such as Kao et al., 2014;
Winklmayr et al., 2020) into the time domain. After a
description of the model, we will study the role of cue bias in
collective decisions in the presence of two uncorrelated
information sources. We will then examine the impact of
spatio-temporal correlations in the information sources on
the collective decision and discuss measures that human or
non-human animal groups could undertake in order to
counter correlated information.

Methods

Model

We assume a group of N agents with opinion states
fojðtÞgNj¼1. The opinion states are initialized at oj (t0) = 0 and
at each time increment dt they are updated by increments/
decrements of dx = (±1)dt as the agents perceive information
from the environment. We will refer to the interval size dt as
the step size of the decision dynamics. When an agent’s
opinion reaches one of the symmetric decision thresholds ±θ,
we consider that agent to have made a decision, which
remains fixed for the rest of the simulation (i.e., the
thresholds are absorbing boundaries). This process of in-
dividual integration of information is illustrated in Figure 1.

Once all agents have reached one of the two absorbing
boundaries, the collective decision is computed through simple
majority rule across all individual decisions. The individuals
do not interact with each other during the accumulation of
information (unlike, say, Tump et al., 2020). We set θ = 1
throughout the following analysis and typically use dt = 0.1,
although we discuss the effect of other values of dt (see Figure
2 (a) and (b)). Note that if dt ≥θ, this model simplifies to a one-
shot decision process, identical to Kao and Couzin (2014).

We further assume that the agents receive information
from the environment via two sources (or cues): A and B.
The cues produce signals which are sampled from a Ber-
noulli distribution with values in {�1, +1}. Each cue is
characterized by a single parameter r, such that P(A = 1) = rA
and P(B = 1) = rB. We call r the cue’s reliability, d = sign
(r�1/2) the cue’s preferred direction, and b = |r�1/2| the
cue’s bias. For example, if rA = 0.6 and rB = 0.3, then cue A
has a preferred direction of 1 and a bias of 0.1, while cue B
has a preferred direction of �1 and a bias of 0.2.

Reaching a boundary. When an agent strictly attends to only
one of the cues, the probability of that agent reaching the
upper boundary can be calculated as follows:

br ¼
1�

1� r

r

� θ
dt

þ 1

, if r ≠ 1=2

1=2, if r ¼ 1=2

8>>><
>>>: (1)

where r is the reliability of the cue that is being attended to.
This is the solution for the well-known gambler’s ruin
problem (Feller, 1957), adapted for symmetric absorbing
boundaries. The expected time until either boundary is
reached is given by

EðTÞ ¼

θ
dtð1� 2rÞ 1� 2

1

1þ
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1� r

r

� θ
dt

2
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θ
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, if r ¼ 1=2:

8>>>>>><
>>>>>>:

(2)

From equations (1) and (2) it is clear that for fixed step-
size dt and threshold θ, both the probability to reach a
boundary and the time until the boundary is reached are
determined solely by the reliability r. See Figure 2(a) and (b)
for illustrations of equations (1) and (2).

Correlations. The samples produced by cues A and Bmay be
uncorrelated, correlated in either space or time, or correlated
in both space and time (Figure 1). If a cue produces
(temporally or spatially) correlated signals, we will
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sometimes speak of a “(temporally or spatially) correlated
cue.” When we speak of an “uncorrelated cue,” we mean
that samples observed by different agents at time t or by the
same agent at times t1 and t2 are independent and identically
distributed (i.i.d.). A cue that is correlated in space will
produce i.i.d. samples in time but display identical infor-
mation to all agents at any given time t. A cue that is
correlated in time displays the same information to a par-
ticular individual generally for longer than one time step but
samples are i.i.d across individuals at any given time point t.
The time between sample updates of a temporally correlated
cue follows an exponential distribution with mean waiting

time s, which corresponds to the correlation time of the cue.
If the correlation time is long enough, such that an indi-
vidual’s decision is based only on the integration of single
persistent cue value, we again effectively recover a one-shot
decision process. We can further combine the definitions of
spatial and temporal correlation to produce cues that are
simultaneously correlated in both space and time. Examples
of agents attending to uncorrelated, spatially correlated, and
temporally correlated cues are illustrated in Figure 1.

Attending to cues. At any given time t, any individual may
attend to only one cue (cue A or cue B) and update its

Figure 1. Examples of cues providing uncorrelated (a), spatially (b), and temporally correlated (c) information. Top row: Each square
represents one bit of information received by agent i at time t. Black squares represent a cue value of�1, white squares represent a cue
value of 1. Bottom row: Evolution of the decision states of N = 5 agents attending to a cue with reliability r = 0.7.

Figure 2. An overview of model properties: (a) Probability of a single individual deciding in favor of cue A’s preferred option as a
function of cue reliability. Blue dashed lines represent results from simulations using dt = 0.1 and different lengths of temporal cue
correlation s. Grey solid lines represent analytic results for an uncorrelated cue with different step sizes dt. (b) Expected decision time
for a single individual as a function of reliability for two values of the step size dt. (c) An individual’s probability of experiencing a switch
away from its current cue within the expected decision time as a function of switching rate for different values of the current cue’s bias.
(d) Distribution of the usage of cue A for different values of the switching rate. If not otherwise specified we used: N = 101, rA = 0.7, rB =
0.3, and ρ = ρAB = ρBA.
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opinion according to the sample currently displayed by that
cue. For example, if at time t an agent i attends to cue A and
that cue displays a 1 (�1) to the agent, then the agent
updates its opinion as oi(t) = oi (t�1) ± dt.

However, individuals may switch between cues according
to a dichotomous Markov process (see, e.g., Potoyan and
Wolynes, 2015). The probability of a switch from cue A to
cue B per time step can be expressed as pAB = ρABdt (for
sufficiently small values of ρ and dt such that ρdt� 1). The
probability of a switch from cue B to cue A is similarly set by
pBA. The parameters ρAB and ρBA are called the switching
rates. In the limit of unrestricted integration time (i.e., infinite
decision thresholds), the fraction of samples that an indi-
vidual receives from cue A is

pA ¼ ρBA
ρBA þ ρAB

: (3)

The calculation for cue B is analogous. We say that
agents have a preference for cue A if ρBA > ρAB. The
magnitude of the rates determines the time scale of the
switching process, that is, how many switches take place in
a given time interval regardless of cue preference. We
therefore also refer to this value as switching speed. For
example, we may compare two scenarios, one in which
(ρAB, ρBA) = (1, 1.5) and another in which
ρ0AB, ρ

0
BA

� � ¼ ð3, 4:5Þ. In both cases, agents will, in the limit,
attend to cue Awith probability pA = 0.6, but in the second
case agents will switch between cues much more frequently.

While in the limit of infinite integration time the
switching behavior will be solely determined by the rates
ρAB and ρBA, the absorbing boundaries present in the current
description of the model will impact the integration time,
and by extension, the number of switches that an individual
can experience. In particular, when an individual is at-
tending to (an uncorrelated) cue A with reliability rA, the
probability of experiencing a switch away from that cue
within the expected integration time EðT ; rÞ can be cal-
culated as follows:

PðswitchA→BÞ ¼ 1� ð1� ρABdtÞ
EðT ; rAÞ

dt : (4)

This means that if a cue is more biased, the individual
will decide more quickly and is less likely to experience a
switch to the other cue. If, on the other hand, a cue has low
bias, the agent will take more time to decide and is, in the
meantime, more likely to experience a switch to the other
cue. These results are illustrated in Figure 2(c).

Measures

In order to investigate the effect of bias, switching, and
correlations in the information sources on collective
decision-making, we generally use cue A as a point of

reference and always assume that it is uncorrelated in both
space and time, while cue B is correlated in some manner (in
space, time, or both). Furthermore, we set the preferred
directions of the two cues to be opposing (i.e., cue A will
have a preferred direction of +1, while cue B will have a
preferred direction of �1). By doing this, we effectively pit
the two cues against each other and measure which cue
“wins” by observing the direction of the final collective
decision.

Since cue A is our point of reference, we are particularly
interested in the probability of the majority reaching the
preferred boundary of A, that is, the upper boundary (θ = 1).
We call this probability P(A), but will also refer to it as
collective accuracy or simply accuracy, which captures the
notion that we consider the uncorrelated cue A to provide
“better” information. By this we mean that an uncorrelated
source will generally provide more bits of information and
groups attending to an uncorrelated source can leverage the
wisdom of crowds.

In particular, we measure collective accuracy as a
function of switching rates and as a function of group
size, to capture both the “external” effect of competing
information sources and the “internal” effect of majority
voting. If the interpretation of cues is reversed (i.e., B is
considered “correct”), one can simply calculate P(B) =
1�P(A).

Additionally, we also aim to quantify how much in-
formation each cue provides to the group. To this end, we
count how many samples the group receives from either cue
until the collective decision has been reached and refer to
the fraction of samples stemming from cue A as the usage of
A. While for unrestricted integration time, the fraction of
samples stemming from A can be calculated using equation
(3), the presence of absorbing boundaries, bias and corre-
lations will strongly impact how much either cue is used.

For the interpretation of the usage measure, it is im-
portant to keep in mind that the distribution of samples
changes as individuals switch between cues (see Figure
2(d)). At low switching rates, each individual will attend
almost exclusively to either cue A or cue B. In that case
the distribution of cue usage across individuals is bimodal
and a usage value of, for example, 0.6 is interpreted as
60% of individuals exclusively attending to cue A. As
switching rates increase, each individual will receive a
mixture of samples from both cues. This is reflected in the
usage distribution following a normal distribution. In that
case, a usage value of 0.6 is interpreted as each individual
attending to cue A for an average 60% of its integration
time.

Results

In the following section we will first discuss the effects of
information mixing, beginning with two uncorrelated
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sources. We then continue to look at the mixing of an
uncorrelated cue with a temporally correlated, a spatially
correlated, and finally a cue that is both temporally and
spatially correlated. In all cases, we set rA = 0.7 and rB 2
{0.2, 0.3, 0.4} to understand how the relative bias of the
two cues affects the results. Whenever group size is not
explicitly studied as a parameter, we will assume N = 101.
For the below results, we assume that the individuals have
no preference for either cue, which means that at t0,
individuals are equally likely to attend to either cue, and
over the course of the trial, the switching rates remain
equal ρ = ρAB = ρBA. Therefore, the only free parameter is

the switching speed. We will, however, explicitly discuss
unequal cue preferences at the end of the results section.

The main results are summarized in Figure 3, with the
columns corresponding to our three measures: collective
accuracy as a function of switching rate (left), usage of
cue A as a function of switching rate (middle), and
collective accuracy as a function of group size (right) for
“low” (less than half of the group experiences a switch)
and “high” (more than half of the group experiences a
switch) values of the switching rate ρ. For a more detailed
summary of the switching statistics, please refer to Table 1 in
the appendix.

Figure 3. Impact of temporal and spatial correlation on individual accuracy, cue usage, and collective accuracy in a scenario of two
competing cues: From top to bottom we show the effects of mixing between cue A and cue B when cue A is uncorrelated and B is (a)
uncorrelated, (b) temporally correlated, (c) spatially correlated, and (d) temporally and spatially correlated. The left panel shows
accuracy of a group of N = 101 individuals as a function of switching speed, the middle panel shows the average fraction of samples
stemming from cue A, and the right panel shows accuracy versus group size for low and high switching rates. In all cases, we use rA = 0.7
and rB = 2{0.2, 0.3, 0.4} and equal switching rates ρAB = ρBA. For rows (b)–(d), the results for two uncorrelated cues are shown as
reference (light colors). (a) (left) As switching speed increases, the accuracy is dominated by the more biased cue. (middle) As switching
speed increases, the more biased cue is used for larger fractions of the integration time. (right) Accuracy versus group size for two
different examples of switching speeds; (b) (left) as switching speed increases, collective accuracy drops to zero for all bias ratios;
(middle) as switching rates increase, the usage of cue A decreases (almost) independent of bias ratio. (right) Collective accuracy goes from
wisdom of crowds at low rates to madness of crowds at high rates. (c) Similar behavior as in (a) but the spatial correlation reduces the
impact of bias on accuracy. (d) (left) combination of two correlation types leads to dominance of the correlated cue even at moderate
switching rates, but the collective accuracy saturates at rB. (middle) The cue usage is determined by the temporal correlation (similar to
(b)). (right) The dominace of the correlated cue prevents wisdom of crowds for both high and low switching rates.
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The rows of Figure 3 indicate the different correlation
types of cue B: uncorrelated (a), temporally correlated (b),
spatially correlated (c), and both temporally and spatially
correlated (d).

Mixing of two uncorrelated cues

For two uncorrelated cues and vanishingly small switching
rates, fixed fractions of agents attend to either cue. In that
case, the majority decision is determined solely by the
transformed reliabilities brA, brB and the ratio of agents at-
tending to the two information sources.

The leftmost panel of Figure 3(a) provides an overview
of the impact of switching speed for two uncorrelated cues.
Since the agents have no preference for either cue, in the
absence of switching the group is equally likely to decide for
either option. As the switching rate increases, the group is
more likely to decide in favor of the more biased cue.

The role of bias is also illustrated in the middle panel
showing the usage of cue A where we find that the group
received comparatively more samples from whichever cue
is more biased. This is a consequence of equation (4): firstly,
because individuals attending to the more biased cue are
highly likely to reach the cue’s preferred boundary and
secondly because individuals attending to the other, less
biased, cue are likely to experience a switch in the direction
of the more biased cue. In total, this leads to the group
receiving more information from the biased cue and being
more likely to decide in favor of that cue’s preferred
direction.

Finally, the right panel of Figure 3(a) shows the effect of
group size on collective accuracy for low and high values of
switching speed. Since, in this case, both cues are uncor-
related, we always see the “wisdom of crowds,” that is, a
monotonic increase (or decrease) in the collective accuracy
as a function of group size, depending on which cue is more
biased. However, how quickly accuracy increases (or de-
creases) depends on the switching rate.

The case of two uncorrelated cues serves as a control
when comparing the effect of temporal and spatial corre-
lations in the following sections and is indicated in lighter
colors in the background of rows (b)–(d).

Mixing with a temporally correlated cue

To study the impact of temporal correlations, we first look at
the most extreme scenario where cue B is perfectly corre-
lated in time, that is, a sample drawn from cue B will show
the same value throughout the entire duration of a trial.

The leftmost panel of Figure 3(b) shows the effect of
switching between an uncorrelated and a (perfectly) tem-
porally correlated cue. When no switching takes place, the
collective decision is completely dominated by cue A, but as

the individuals switch cues more frequently, the collective
decision becomes increasingly dominated by cue B.

The behavior at low rates is explained relatively easily:
individuals attending to cue Awith rA = 0.7 are highly likely
to reach the upper boundary ðbrA ¼ 0:9998Þ. Additionally, rB
> 0 implies that a nonzero fraction of individuals attending
to cue B will receive a constant sample of +1 and thus
deterministically reach the upper boundary. Together, this
amounts to the majority of the group typically reaching the
preferred boundary of cue A. This effect increases with
larger group sizes, which is why we observe the wisdom of
crowds at low switching rates for all three bias ratios (third
panel of Figure 3(b)).

As switching rates increase, the temporally correlated
information will be distributed among increasingly large
fractions of the group. Those individuals attending to cue B
will be driven to the boundary faster and be less likely to
experience a switch to cue A, while individuals attending to
Awill be slower in their decision process and thus be more
likely to experience a switch away from A (see Figure 2(b)
and (c)). This observation is reflected in the effective cue
usage as shown in the second panel of Figure 3(b), where we
see that the usage of cue A decreases as switching rates
increase and even falls below the most extreme levels
observed in the uncorrelated examples. Again, the effect
increases with larger group sizes, which is why collective
accuracy decreases with group size at high switching rates
for all three bias ratios (fourth panel of Figure 3(b)).

Scaling the temporal correlation. While the extreme case of
perfect temporal correlation serves well to illustrate the
mechanism behind the dominance of temporally correlated
information, in nature informational cues might express a
more moderate level of temporal correlation. We therefore
next studied the effect of intermediate temporal correlations,
set by the average inter-update time s of cue B.

Figure 4 shows the effect of different values of s on
collective accuracy. For simplicity, we limit ourselves here
to cues with equal bias (rA = 0.7, rB = 0.3). Compared to the
case of two uncorrelated cues shown in Figure 3(a) (right
panel), where no group size effect is observed at equal bias,
here we find a steady increase in collective accuracy with
increasing temporal correlation at low switching rates
Figure 4(a)). The explanation behind the increase is the
same as in the extreme case of perfect temporal correlation:
the individuals reaching the lower boundary are outweighed
by the combination of individuals attending to cue A and
those receiving samples of +1 from cue B. The longer the
correlation time of B, the closer the result resembles that of
perfect temporal correlation.

At higher switching rates, cue B increasingly dominates
as the temporal correlation increases. In Figure 4(b), we see
that cue Aweakly dominates when the temporal correlation
is low, but the collective decision switches to cue B at
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greater correlations. While the mechanics remain the same,
at higher switching rates the switching rate interferes with
the correlation time, such that only at perfect correlation
does cue B clearly dominate the collective decision.

Scaling the switching speed. Since in the case of perfect
temporal correlation the switching speed exhibits such a
powerful impact on collective accuracy, we continue to
study the impact of intermediate values of ρ in Figure 5.
When both cues are uncorrelated, and exhibit equal bias,
switching at either rate has little effect on collective ac-
curacy (Figure 5(a)). However, in the extreme case of
perfect temporal correlation (Figure 5(b)), we observe a
transition around ρ = 0.5: lower values of ρ lead to a wisdom
of crowds effect, whereas at higher values of ρ, collective
accuracy is seen to decrease with group size. While the
processes governing the positive and negative effects of
switching have been described above, the transition at ρ =
0.5 simply stems from the fact that at this value on average
more than half of the group members will experience a
switch (see inset in Figure 5(a)).

Mixing with a spatially correlated cue

Figure 3(c) shows the results for mixing with a spatially
correlated cue, where the samples are i.i.d. in time but
identical across individuals. The results appear to be similar
to the case of two uncorrelated cues; however, especially at
low switching rates, we find the effect of bias to be less
powerful. At low switching rates, the individuals attending
to cue B will all receive identical information and thus
perform a cohesive random walk, such that with probability

brB the entire subgroup will reach the upper boundary (and
with probability 1�brB the lower boundary). In a sense the
subgroup acts as a single individual and benefits less from
group size, a phenomenon that has been studied in Kao and
Couzin (2019). The role of effective group-size reduction is
particularly visible at low reliabilities, which is why the
result for rB = 0.4 (blue) of Figure 3(c) is further from the
uncorrelated reference case than the result for rB = 0.2
(orange). At higher switching rates, samples from cue Bwill
be distributed across the entire group, thus reducing the
effect of spatial correlation. In the leftmost column of Figure
3(c), this is reflected in the lines approaching the results for
two uncorrelated cues.

Spatial correlation does not affect the usage of a cue,
which is why the middle panel in Figure 3(c) is not different
from the uncorrelated case.

At low switching rates, accuracy does not increase as
steeply with group size. This due to the spatially correlated
cue effectively reducing group size, which implies that
larger groups are necessary to achieve the same accuracy
values as in the uncorrelated case.

Mixing recovers the wisdom of crowds. In one-shot decision
processes, it has been shown that spatial correlation can
break the wisdom of crowds—in other words, when a
certain fraction of the group receives identical albeit (rel-
atively) reliable information, collective accuracy does not
increase with group size but instead peaks at intermediate
group sizes (Kao and Couzin, 2014). When cues are mixed
over the span of the integration period, the impact of spatial
correlation can be broken, making accuracy again a smooth
function of group size. In Figure 6, the parameters are
chosen to match an example from Kao and Couzin (2014):
cue A is uncorrelated with rA = 0.51 ðbrA ≈ 0:7Þ, while cue B
is spatially correlated with rB = 0.495 ðbrB ≈ 0:45Þ.

Figure 4. Impact of intermediate temporal correlation on
collective accuracy: Accuracy versus group size for cues with
equal bias (rA = 0.7, rB = 0.3) at low (ρ = ρAB = ρBA = 0.1 (a)) and
high (ρ = 1 (b)) switching rates. Cue A is uncorrelated, and the
temporal correlation of cue B is scaled by the inter-update time
s, with s = 1 indicating no correlation and s = ∞ indicating perfect
temporal correlation. (a) At low switching rates and high temporal
correlation, collective accuracy increases with group size. (b)
The opposite effect is observed at high switching rates and high
temporal correlation. When cue B does not exhibit strong
temporal correlation, the group size has little effect on collective
accuracy for either switching speed.

Figure 5. Impact of intermediate values of switching rate (or
speed) on collective accuracy: Accuracy versus group size for
cues with equal bias (rA = 0.7, rB = 0.3). (a) When cue B is
uncorrelated (s = 1), the switching rate does not impact collective
accuracy. (b) At perfect temporal correlation, we observe a
transition around a switching rate of ρ = ρAB = ρBA = 0.5: lower
values of ρ lead to wisdom of crowds, whereas at higher values of ρ
collective accuracy is seen to decrease with group size. (Inset)
Fraction of the group experiencing a switch as a function of ρ.
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Additionally, individuals express a preference for cue A
such that ρBA = 1.5ρAB. When no mixing takes place, the
problem is equivalent to a one-shot decision process with
the transformed reliabilities brA and brB, and we observe the
characteristic peak at intermediate group sizes. However,
when the switching rates are increased, we find that col-
lective accuracy smoothly increases with group size.

Both temporal and spatial correlation

When cue B is both temporally and spatially correlated, it
will display the same sample over long time periods to all
the agents attending to it. In the most extreme case of perfect
temporal correlation, this means that the group will only
receive one single bit of information from cue B.

The leftmost panel of Figure 3(d) shows that collective
accuracy decreases already at moderate switching rates and
quickly approaches the correlated cue’s reliability rB.

The dominance of cue B can be explained by the tem-
poral correlation, as confirmed by the similarity of the
middle panels in Figures 3(b) and (d). However, unlike the
case of pure temporal correlation, the group cannot profit
from B’s variability at low switching rates and we cannot
observe the wisdom of crowds in this regime (third panel of
Figure 3(d)).

Conversely, at high switching rates, the lack of vari-
ability in B leads to a less extreme decline in accuracy
compared to pure temporal correlation. While the
rightmost panel of Figure 3(b) (pure temporal correlation)
shows a “reversed wisdom of crowds,” that is, a steady
decline in collective accuracy as group size increases, the
same Figure 3(d) shows that in the case of both spatial and

temporal correlation, the collective accuracy does not fall
below rB.

In sum, the effective decrease in group size that stems
from spatial correlation counters the “positive” effects of
temporal correlations. Cue B will thus completely dominate
the collective decision, even at moderate switching rates,
such that both the wisdom of crowds and the reverse
wisdom of crowds disappear, and the accuracy of an infi-
nitely large group simply matches the reliability rB of cue B.

Overcoming correlation by cue switching

So far we have seen that not only bias but also correlations
in space and time can determine which of two cues will
drive a collective decision. In particular, we have shown that
switching between cues can increase the effect of temporal
correlation, or decrease the effect of spatial correlation.
Instead of (or in addition to) an adaptation of the switching
strategy, agents might also express asymmetric preferences
for one of the cues (expressed as ρAB ≠ ρBA). Quantifying by
how much the preference for the uncorrelated cue must be
increased in order to counter the impact of correlation, has
the added benefit of providing an implicit measure of the
correlated cue’s influence on the collective decision.

Figure 7 shows an overview of collective accuracy as a
function of the group’s preference for cue A expressed as
ρBA=ρAB

. Columns correspond to low and high switching
rates ρAB, the rows correspond to different correlation types
of cue B, and the colors indicate the bias of cue B, while rA =
0.7. Keeping the cues’ preferred directions at +1 for cue A
and -1 for cue B (as before), accuracy values above 1/2
indicate dominance of cue A, whereas accuracy values
below 1/2 indicate dominance of cue B.

When biases are equal (purple curves in Figure 7),
preferences are equal (ρBA=ρAB

¼ 1) and switching speed

is low (left column), cue B will dominate the collective
decision (i.e., collective accuracy < 1=2) when it is either
correlated in space or both spatially and temporally cor-
related (left panels of rows (c) and (d) in Figure 7). When
switching speed increases, cue B will dominate for all types
of correlation. In particular, in the case of spatial and
temporal correlation combined, the agents would need to
use cue A more than twice as much to overcome the in-
fluence of cue B(right panel of Figure 7 (d)). When cue B is
more biased (orange), the increase in preference for cue A
necessary to compensate for cue B is greater and increases
further at higher switching speeds.

Discussion

The results presented above survey the landscape of col-
lective decision-making in the presence of multiple infor-
mation sources across regimes of spatio-temporal cue

Figure 6. Impact of cue switching on the effects of spatial
correlation. We reproduce an example from Kao and Couzin,
(2014) using rA = 0.51, ðbrA ≈ 0:7Þ, rB = 0.495, and ðbrB ≈ 0:45Þ and
assume cue B to be spatially correlated. Agents have a preference
for cue A, such that they initially attend to A with pA = 0.6 and
also switch preferentially toward A with ρBA = 1.5ρAB. Integration
without cue switching leads to the observation of maximum
accuracy at intermediate group sizes (dark green line). When
switching between cues is allowed, the decrease in accuracy for
large groups disappears (light green line).
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correlation and relative cue strength. In particular, we
studied what happens when individuals can switch their
attention between two information sources and found that
switching can have varying effects depending on the
switching speed, the cues’ bias ratios, and whether or not
either of the cues exhibits correlation.

When both cues are uncorrelated, switching can increase
the impact of cue bias on the collective decision. When the
information from one source exhibits temporal correlations,
switching can even lead to a complete dominance over the
uncorrelated information source, even if the uncorrelated
source has a higher bias.

In the case of spatial correlation, the effect of switching is
reversed: a spatially correlated cue exhibits its strongest
impact when individuals switch between sources very little

or not at all. In this case, the subgroup attending to the
spatially correlated information source acts as a cohesive
voting bloc that can dampen the impact of uncorrelated
information. Finally, when a cue is both spatially and
temporally correlated, it has a marked ability to drive
collective decisions, and its influence can only be overcome
by a strong preference for reliable spatio-temporal inde-
pendent sources of information.

From a behavioral point of view, this means that indi-
viduals can minimize the impact of a temporally correlated
information source by avoiding excessive switching. The
impact of a spatially correlated source, on the other hand,
can be countered by frequent switching. If, however, an
information source is correlated in both space and time,
changes in the switching rate will not be sufficient and a
group must develop a strong preference for the uncorrelated
source.

While temporal integration of a single information
source has been extensively studied in the context of
drift-diffusion models (e.g., Ratcliff and Smith, 2015;
Wagenmakers, 2009), and there is some research on one-
shot decisions in the presence of more than one cue (Kao
et al., 2014; Winklmayr et al., 2020), the combination of
both has, to our knowledge, not yet received much attention.
Nevertheless, our model can be mapped onto these other
frameworks: in the presence of a single uncorrelated cue, the
present model framework can be viewed as a discrete time-
step version of the well-studied drift-diffusion model (e.g.,
Bitzer et al., 2014; Tump et al., 2020; Tajima et al., 2016).
For sufficiently large increments or small decision thresh-
olds, where a single sample from a cue is sufficient for
individuals to make a decision, the framework reduces to a
single-shot decision process. For smaller increments, the
model can be viewed as a single-shot decision process with
transformed reliabilities brA and brB, as long as no switching
takes place. Combined with the majority rule for collective
decisions, a single-shot decision scenario either reduces to
the classical “wisdom of crowds” case for fully uncorrelated
information sources, or to the model proposed by Kao and
Couzin (2014) in the presence of spatial correlations.

While research on collective decision-making is often
focused on single-shot decisions, there is vast empirical and
theoretical evidence that individual and collective decision-
making is a temporal process requiring the accumulation of
multiple pieces of information (Sosna et al., 2019; Tump
et al., 2020). For animal groups, this accumulation may
occur at different time scales, depending on the species or
context. For many collective decisions, the time scale of the
decision-making process may be relatively short, such as
selecting a direction of motion, or choosing among available
food patches. The environmental cues that individuals may
utilize during these decision-making bouts may include
visual, olfactory, or auditory cues. For visual cues, spatial
correlations may arise when near neighbors in a group have

Figure 7. Countering correlation by asymmetric cue preference:
The collective accuracy of a group of N = 101 individuals as a
function of preference for cue A over cue Bmeasured as ρBA/ρAB at
ρAB ¼ 0:1 (left) and ρAB = 1 (right). Rows correspond to different
types of correlation of cue B: uncorrelated (a), temporally
correlated (b), spatially correlated (c), and spatially and
temporally correlated (d). In each panel, purple lines correspond
to a scenario where the two cues have equal bias (rA = 0.7, rB =
0.3), whereas orange lines show a scenario where the correlated
cue B is also more biased (rA = 0.7, rB = 0.2). Black horizontal lines
correspond to collective accuracy of 0.5, lower values of
collective accuracy indicate dominance of cue B, and higher values
indicate dominance of cue A.
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access to similar visual information, and temporal corre-
lations may arise if the field of view that an individual has
access to is similar over some time scale. Similarly, ol-
factory cues are subject to currents and turbulence, and
therefore the information perceived by individuals in a
group will have some inherent spatial or temporal scale.
Different sensory modalities may have inherently different
scales of correlation. For example, auditory cues may have a
longer spatial scale of correlation, as the sound travels
through a group.

For some species, information accumulation and deci-
sions may take place on a longer time scale. For example,
multilevel societies of guinea baboons of vulturine guin-
eafowl (Fischer et al., 2017; Grueter et al., 2020;
Papageorgiou et al., 2019) consist of subgroups that are
stable throughout the course of a day, but they may interact
with other subgroups occasionally during the day. In such
groups, individuals within a subgroup will have highly
spatially correlated information, but information will be less
correlated across subgroups (Kao and Couzin, 2019).

In natural contexts, there is no reason to assume that the
spatio-temporal scale of some source of information is
indicative of it being consistently well-aligned with a
group’s needs and interests. Yet our results highlight
multiple ways that correlations can overwhelm independent
sources of information. As a consequence, decision-making
rules within collectives will require taking into account not
just the relative utility of two pieces of information but also
their temporal and spatial characteristics.

The extent to which animals may be able to learn about
correlations is not known. A theoretical model showed that
it is indeed possible for individuals to collectively learn
about the correlation of a cue, even when an individual
cannot directly perceive the correlation (Kao et al., 2014),
but this assumes that the correlation is fixed for a particular
cue across multiple decision bouts. It is likely that the spatial
and temporal correlation of a cue will vary across moments
and days to some extent. For example, the spatial and
temporal correlation of an olfactory cue will depend on the
hydro- or aerodynamics of the medium on a given day.
However, as we noted above, there may be, on average,
consistent differences in the degree of correlation of dif-
ferent sensory modalities. In addition, as shown in the
Supplementary Information, uncorrelated yet highly reli-
able signals may be difficult to distinguish from highly
temporally correlated (while possibly unreliable) signals.

If it is difficult for individuals to learn about the particular
levels of correlation for different environmental cues, at-
tention switching may be a cognitively easier behavioral
strategy for individuals to implement. Tuning the rate of
attention switching requires an individual to know only that
some temporal or spatial correlation exists in the cues, but
not necessarily which cue is correlated. When attention
switching is high, an individual will attend to multiple

relevant cues in rapid succession, whereas when attention
switching is low, an individual will fixate on a single cue for
an extended period of time (a kind of “division-of-labor”
approach to information gathering (Marshall et al., 2009).
While little work to date has studied how social animals in a
group distribute their attention across multiple environ-
mental cues, our model suggests that the rate of attention
switching may have an adaptive function in animal groups
and poses specific predictions that can be tested
experimentally.

One could also ask more generally about the optimality
of different (collective) decision strategies in an (evolu-
tionary) game theoretical sense. While, for example, the
biased diffusion model for individual integration of evi-
dence corresponds to optimal Bayesian updating under
certain conditions (Bogacz et al., 2006), this may not be in
general the case in the presence of highly correlated signals
or decision-making in groups. Furthermore, the role of
individual versus collective utility and the relation between
optimal strategies at the individual versus collective level
require further exploration. In general, for non-negligible
individual-level selection, one has to expect the existence of
social dilemmas where (individual-level) evolutionary
stable strategies will differ from group-level optima (see,
e.g., Cooney (2019), Klamser and Romanczuk (2021),
Cooney et al. (2022)). While we recognize the importance
of these questions, their adequate treatment goes beyond the
scope of this work and should be addressed in future
research.

In humans, the framing of this work has important
implications for how we design and use digital commu-
nication technology (Bak-Coleman et al., 2021). Models of
spatio-temporal correlations may be critical to under-
standing decision-making in online environments where
switching between various sources is the norm rather than
the exception. Disinformation campaigns are able to push a
consistent narrative which may allow them to overwhelm
more accurate yet evolving sources of information. We
expect disinformation campaigns to be both spatially cor-
related (e.g., by utilizing a large army of automated bots)
and temporally correlated (i.e., by broadcasting a consistent
message across a long time span). As our model shows, such
information sources are particularly difficult to combat.
Moreover, the use of machine-learning and algorithmic
recommendations have the potential to also induce spatio-
temporal correlations in information, resulting in profound
yet difficult to measure effects on democratic processes. The
suggestion from our model that attention switching can
improve collective decisions may have implications for how
algorithms could be developed that increase, or decrease,
switching across different information sources, in order to
promote better collective societal decisions.

While our model highlights the importance of incor-
porating spatio-temporal features of cues, it remains an
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idealization. Application to a specific sociological or eco-
logical context will require adjusting or extending features
of the model. For instance, some contexts may not feature
absorbing boundaries that prevent an individual from
changing their mind in the future. Moreover, while the
current work focuses on temporal and spatial correlations,
one could also consider social interactions as a source of
correlation. One possibility would be for individuals to
observe others who have already decided and experience a
drift toward them (Tump et al., 2020, 2021). Another ex-
tension would be to explicitly consider the relative value of
options A and B for the individuals (e.g., Pais et al., 2013)—
this could be achieved via cue preferences, cue bias, or
increment size. A similar approach could be used to in-
corporate the agents’ confidence in one source over the
other. Finally, one could also model the effects of more than
two competing information sources.

Collectives—from animal groups to human
institutions—often share information and make decisions in
the face of uncertainty. Collective wisdom, or the ability to
make more accurate decisions as a group, is an often-cited
benefit of deciding collectively. Our results highlight how
correlations across space and time can fundamentally alter
collective decisions, requiring their consideration when
evaluating collective intelligence in real-world contexts.
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