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Collective decision-making is a characteristic of societies
ranging from ants to humans. The ant Temnothorax albipennis is
known to use quorum sensing to collectively decide on a new
home; emigration to a new nest site occurs when the number of
ants favouring the new site becomes quorate. There are several
possible mechanisms by which ant colonies can select the best
nest site among alternatives based on a quorum mechanism.
In this study, we use computational models to examine the
implications of heterogeneous acceptance thresholds across
individual ants in collective nest choice behaviour. We take a
minimalist approach to develop a differential equation model
and a corresponding non-spatial agent-based model. We show,
consistent with existing empirical evidence, that heterogeneity
in acceptance thresholds is a viable mechanism for efficient
nest choice behaviour. In particular, we show that the proposed
models show speed—accuracy trade-offs and speed-cohesion
trade-offs when we vary the number of scouts or the quorum
threshold.

1. Introduction

Consensus decision-making is common among various animal
groups [1-3] and is particularly prevalent in eusocial species,
in which group behaviour often confers abilities above and
beyond those of individuals [4]. To make a group decision,
individual animals often communicate to exchange information,
possibly under the influence of external inputs or changing
environments. Quorum sensing, whereby an individual begins an
action only when the density of conspecifics exceeds a threshold,

© 2015 The Authors. Published by the Royal Society under the terms of the Creative Commons
Attribution License http://creativecommons.org/licenses/by/4.0/, which permits unrestricted
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is a mechanism often used in consensus decision-making. It has long been known that quorum sensing
is involved in gene expression in bacteria, serving to regulate physiological activities and extracellular
virulence factors [5,6]. However, metazoans, including social insects and various vertebrates, also show
quorum responses [3,7]. Examples include selection of nest sites by ants [8,9], honeybees [10] and bats
[11], following behaviour of fish (sticklebacks) [12,13], decisions to leave a foraging site by meerkats
[14], movement in a new direction by macaques [15] and even gaze following by human crowds [16,17].
Importantly, such a quorum response is useful for accurate decision-making because a certain number
of individuals must separately deem an option to be suitable before the group can collectively become
quorate for that option. Quorum sensing serves to pool information from multiple individuals in order
to overcome errors inherent at the level of individual decision-making [1-3].

An example of consensus decision-making using quorum responses can be seen in the ant Temmnothorax
albipennis during nest choice behaviour, whereby when the number of ants favouring a new nest site
exceeds a quorum threshold, the colony collectively chooses to emigrate to that site. Specifically, once
this threshold is attained, colonies switch from relatively slow recruitment behaviour to rapid transport
behaviour, allowing expedited migration to their nest of choice [8].

Previous experimental work suggests that, rather than comparing directly between nests, each ant
may have a fixed internal quality threshold against which it assesses potential new homes, and that this
threshold varies among individuals within a colony [18,19]. In fact, it has been found that when choosing
a new nest site certain individual ants will continually reject a new nest site of lower quality, even if
barred from making direct comparisons with other nest sites of higher quality, while other individuals
in the same colony seem satisfied and will choose the lower quality nest site [20]. Such collective
decision-making, based on heterogeneously distributed thresholds, may provide a robust and adaptable
method of choosing between nests varying in quality [19]. Heterogeneity in the response thresholds
of animals has also been observed in different scenarios. Honeybees [21] and bumblebees [22,23] in a
single colony are heterogeneous in their response thresholds to environmental fluctuation. Honeybees
are also heterogeneous in their proboscis extension response thresholds for sucrose [24], and bumblebees
have heterogeneous responses to odours [25], with the latter being induced by heterogeneity in body
size, especially in the size of their antennae. In addition, a famous computational model describing
behavioural cascades for humans, which assumes heterogeneous quorum thresholds across individuals
[26], also has empirical support in this respect [27].

An earlier computational study has used a spatially explicit agent-based model to demonstrate the
viability of the heterogeneous acceptance threshold hypothesis in collective nest choice [19]. Crucially, it
was shown that nest-dependent recruitment latency could be explained as a by-product of heterogeneous
acceptance thresholds. The goal of the current study is to explore this mechanism further, by introducing
non-spatial mathematical models taking a minimalist approach (i.e. with a relatively small number
of variables and parameters). Using these models, we explore the efficiency of nest choice behaviour
depending on the number of high-threshold ants, quorum threshold, the rate at which ants convert to
recruiters and so on. In particular, we focus on the possibility of speed—accuracy trade-offs [9,28,29] and
speed—cohesion trade-offs [30]. Speed—accuracy trade-offs represent those between the speed at which a
collective decision is made and the probability with which a good nest site is selected among candidate
sites. For example, under harsh conditions, ants lower quorum thresholds and may accept relatively
low-quality nests in order to prioritize speed [9]. Speed—cohesion trade-offs represent those between the
decision speed and the extent to which a group remains together as a single entity when candidate nest
sites are equally good. For example, a colony sacrifices its unity in the emigration process when the home
nest is destroyed [30]. Although emigration occurs rapidly in this case, accuracy is not compromised by
the act of splitting because all nest sites were of the same quality, making accuracy an irrelevant issue.
Instead, the unity of the colony is compromised.

2. Model

Our models concern collective nest choice between two new nest sites, one of which is good and the
other poor. Experimentally, two (or more) nests of different qualities are presented to a colony, with
the quality of each nest as the ants perceive it depending on floor area, ceiling height, darkness and
entrance size [31]. Even if the current nest is kept intact, as we assume in the following models, colonies
emigrate if a sufficiently better nest site is presented [32]. All ants initially stay in the current nest. The
colony starts exploring the new nest sites by sending out some scouts (i.e. ants that proactively search for
suitable sites) and later may recruit all of the remaining ants in the colony. The construction of the model
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Table 1. Variables for the differential equation model.

variable meaning

Xec low-threshold ants in the current nest
""""""""""""""""""""" x  antsinthecurrentnest(=xec+xd
...................................... p hpwsh|ghthresholdantstemporanlywsﬂmgthepoornestsne
..................................... p g,mm Iowthresholdantscommlttedtothepoornestsne
...................................... b ggwmIowthresholdantscommlttedtothegoodnest5|te
...................................... p gcomantscommlttedtothegoodnestS|te(=xgg(om+xhgwm)
...................................... b @p,ec Iowthresholdantsrecrmtmgtothepoornestsne
...................................... p gg,e(Iowthresholdantsrecrmtlngtothegoodnest5|te
""""""""""""""""""""""" Y anisrecuitingtothe good nestsite (= Xygrec + Xogred

consists of two stages. First, we define a deterministic model composed of a set of ordinary differential
equations in which each variable represents a type of ant in a particular state. The variables are listed
in table 1. The differential equation model corresponds to an infinite population in which two types of
ant, low-threshold and high-threshold ones, are mixed. Second, we derive from the differential equation
model an agent-based stochastic model. The latter model corresponds to a finite population and shows
stochastic behaviour, which is relevant to speed—accuracy trade-offs. Otherwise, the two models are the
same; they have the same number of variables and assume the same behavioural rules for ants. When we
assume an infinite population in the agent-based model, the stochastic effect is averaged away such that
the agent-based model is reduced to the differential equation model. Both models do not have spatial
structure, and we neglect the travel time between nest sites.

2.1. Differential equation model

Ants are assumed to have either of the two thresholds, i.e. low or high. The low threshold implies that an
ant accepts both good and poor nest sites. The high threshold implies that an ant accepts only the good
nest site. We denote the fraction of the ants with high and low thresholds by H and L, respectively. We
have H + L = 1. By changing the H value (equivalently, L value), we can control the mean threshold, or
mean choosiness of the population.

In a previous model, we assumed that the threshold is distributed according to a normal distribution
[19], which may seem more plausible than the two-point distribution employed in this study. However,
when there are just two new nest sites of different quality, the results are not affected by the distribution
of thresholds except in pathological cases. Figure 1 illustrates this point. If we assume that all ants are
satisfied with the better nest, H in our model is identical to the fraction of ants having a threshold larger
than the quality of the poor nest in the normal distribution model. The fraction of ants whose threshold
is smaller than the quality of the poor nest corresponds to L.

Ants are in either the current nest, poor new site, or good new site. We denote by x; . the fraction
of ants that have a low threshold and are in the current nest. x¢,p rec is the fraction of ants that have
a low threshold, are in the poor nest site and are recruiting. x; p com is the fraction of ants that have a
low threshold, are in the poor site and are committed to (but not recruiting to) the poor site (table 1).
Variables Xy, ¢, X¢,g rec, Xh,g recs Xt,g.com and Xh g com are similarly defined. In addition, we denote by xp, , vis
the fraction of ants that have a high threshold and are visiting, but not committed to, the poor nest site.
These ants will not commit to the poor nest site because they will never be satisfied with it.

The dynamics for ants in the current nest are given by

de,C

ar = _(xe,p,rec + X, g rec + JCh,g,rec)xf,c + aleak(xi,p,com + X¢,p,rec + X¢,g,com + xﬁ,g,rec) (2.1)

and
dxh,C
ar = _(xl,p,rec + X¢,grec + xh,g,rec)xh,c + aleak(xh,p,vis + Xh,g,com + xh,g,rec)/ 22)

where t denotes the time. x; and xp . correspond to the ants searching for new sites assumed in the
model proposed in Pratt ef al. [8]. The first terms on the right-hand side of equations (2.1) and (2.2)
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poor nest good nest

Y Y

high-threshold
ants (H=0.3) :

low-threshold
ants (L=0.7)

fraction of ants

acceptance threshold of ants

Figure 1. The normal distribution of the threshold can be mapped to a two-valued threshold distribution when there are two nest
sites. The fraction of ants having a threshold larger and smaller than the quality of the poor nest can be identified with H and
L, respectively.

represent the assumption that ants in the current nest are recruited to the good or poor nest sites by
recruiters. In these terms, x¢p rec + X¢,g rec + Xh,g rec 18 equal to the total fraction of recruiters. They are
recruiting the ants in the current nest to the poor or the good nest site. The frequency at which recruitment
occurs is proportional to the fraction of recruiters and the fraction of recruitees, according to the usual
mass interaction rule. In other words, each ant in the current nest is successfully recruited to either new
nest site at a rate equal to the number of recruiters, normalized by the population size that we do not
explicitly model here. The second terms on the right-hand side of equations (2.1) and (2.2) represent
the effect of leakage; ojeqk is the leakage rate. The leakage implies that ants committed or recruiting to
a new nest site may stop doing so and return to the current nest. Such ants may later be recruited to
a different nest and become committed to it. We introduce the leakage terms because previous studies
assumed leakage in one form or another to allow for ants to switch from one new nest site to another
and back [8,33-37].
Low-threshold ants commit to the poor nest site once recruited. Therefore, we assume

de
,p,com
a4 Xe,precXt,c — ¥pXep,com — XleakX(,p,com- (2.3)

The first term on the right-hand side of equation (2.3) comes from the successful recruitment and
corresponds to a quantity on the right-hand side of equation (2.1). The second term accounts for
conversion from the committed state to recruiter. Parameter o}, represents the rate at which the
committed individual turns into a recruiter. In other words, the committed individual waits for
characteristic time 1/ap before turning into a recruiter. The third term represents the leakage.

High-threshold ants recruited to the poor nest site are unsatisfied. Therefore, we assume that the
fraction of high-threshold ants visiting, but not committed to, the poor nest site obeys the following
dynamics:

dxh i
,p,vis
—ar = X¢,p,recXh,c — UsXh,p,vis — XleakXh,p,vis- (2.4)

The rate at which an individual switches to the good nest site is represented by «s. In other words,
high-threshold ants wait for characteristic time 1/as before switching to the good nest site.

All ants recruited to the good nest site and high-threshold ants that have switched from the poor to
good nest site are satisfied and get committed to the good nest site. Therefore, we obtain

dxg
,g,com
T ar = (xé,g,rec + xh,g,rec)xf,c — QgX(,g.com — UleakXe,g,com (2.5)

and

dxh
,g,com
T = (xﬁ,g,rec + xh,g,rec)xh,c + UsXh,p,vis — ¥gXh,g.com — UleakXh,g,com/ (2.6)
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recruit

good nest site

current
nest site AR

o (only for high-threshold ants)
______ poor nest site

Figure 2. Schematic illustration of the model. The thin solid lines represent the state transitions except those induced by leakage. The
thick solid lines represent the effect of recruitment exerted on ants in the current nest. The dotted lines represent the state transitions
induced by leakage.

where x¢ ¢ com is the fraction of ants that have a low threshold and are committed to the good nest site,
and similarly for xp g com. Parameter oy represents the rate at which an ant committed to the good nest
site starts recruiting. This rate is assumed to be common to low- and high-threshold ants.

Finally, committed individuals turn into recruiters as follows:

de
,p,rec
—ar = ApX¢,p,com — HleakXe,p,rec, (2.7)
dXe
,grec
T = QgX(,g,com — XleakX(,g rec, (2.8)
dxh
,grec
and T = U0gXh,g,com — ®leakXh,g,rec: (2.9)

Ants that have once been committed to either nest site always become recruiters for the corresponding
nest site, except in the case that they become uncommitted to this nest due to leakage, and thus return to
the current nest. Committed ants in our model are similar to assessors in the previous models [8,34,35].
The difference is that assessors in the previous models [8,34,35] are allowed to directly switch to other
new sites, whereas committed ants in our model have to return to the current nest via leakage before
switching to a different new site. In the present model, direct switching occurs only for high-threshold
ants visiting the poor nest site. This class of ant cannot be identified with assessors, either, because they
will never commit to the poor nest site.

To summarize the model, it is a set of differential equations with nine variables. The model is
schematically illustrated in figure 2. Because of the following two constraints:

Xoc + X¢,p,com + X¢,p,rec + X¢,g,com + X¢,grec = L (2.10)
and

Xh,c + xh,p,vis + xh,g,com + xh,g,rec =H, (2~11)

the model is seven-dimensional.

As the initial condition, we assume that a fraction z of ants are scouts, half going to the good nest site
and the other half to the poor nest site. All other ants are initially located in the current nest. Therefore,
we set x¢,c = L(1 — 2), X¢,p,com = X¢,g,com = L2/2, X =H(1l —2), Xh,p,vis = Yh,g,com = Hz/2, and the other
variables are equal to zero when t = 0. Empirically, z=~ 0.3 or so [28].

We introduced two parameters ap, and «g; assuming og > ap corresponds to the recruitment latency
hypothesis, according to which ants visiting a nest site hesitate for longer before recruiting nest-mates
if the site is of low quality [34,38]. Although we do not explore the effect of heterogeneous recruitment
latency in the following, our formulation allows it. If we set H=0 and hence assume that any ant is
satisfied with either new nest site, we can examine the pure effect of the recruitment latency hypothesis
without nest switching. Otherwise, we can examine the combined effect of the recruitment latency
hypothesis and the heterogeneous acceptance threshold. In the following, we set « = ag = o}, to focus
on the threshold rule.
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2.2. Agent-based model

In experiments, a colony might select the good nest site, select the poor site, or end up splitting between
different sites. If there are two new nest sites of different quality, the accuracy of the nest choice is
equivalent to the probability that the colony emigrates to the good nest site. The differential equation
model presented in §2.1 cannot model such partly stochastic nest choice. In this section, we derive a finite-
population variant of the differential equation model, which is agent-based and stochastic in nature. A
similar conversion of a different-equation model into the corresponding stochastic agent-based model
was employed in Shaffer et al. [37]. With our agent-based model, we explore probabilistic nest choice and
the trade-offs between speed and accuracy.

We denote the number of ants by N. In the finite-population agent-based model, we interpret
equation (2.1) as follows. Each low-threshold ant in the current nest will be recruited to the poor nest site
by a low-threshold recruiter with rate x¢,p,rec = N p rec/N, where Ny p rec is the number of low-threshold
recruiters to the poor nest site. The rate refers to that of the Poisson process associated with this event.
Equivalently, successful recruiting occurs with probability x¢ p rec AH(= Ny p rec At/N) for time period Af,
when Af is small. Similarly, a low-threshold ant in the current nest is recruited to the good nest site
by low-threshold recruiters with rate x¢,g rec = Ne,grec/N, where Ny g rec is the number of low-threshold
recruiters to the good nest site. A low-threshold ant in the current nest is recruited to the good nest site
by high-threshold recruiters with rate xp g rec = Nh g rec/N, where N} g rec is the number of high-threshold
recruiters to the good nest site. Last, a low-threshold ant visiting either new nest returns to the current
nest with rate oe,k. In other words, this event occurs with probability ajeax At for time period At for each
ant. Equivalently, the time that a low-threshold ant spends before returning to the current nest obeys
the exponential distribution with mean otfe;k, if the ant does not experience any other event in this time
period. In the limit N — oo, the stochasticity is averaged away, and the dynamic of the low-threshold
ants in the current nest subjected to the three types of recruitment is described by equation (2.1).

The other rules with which ants switch state are similarly redefined for the agent-based model. For
example, based on the first term on the right-hand side of equation (2.7), we assume that a low-threshold
ant committed to the poor nest site turns into a recruiter with rate op(= o). In the limit N — oo, the entire
agent-based model is the same as the differential equation model.

In accordance with the differential equation model, we give the initial condition by N = NL(1 — z),
Ne¢p,com =Negcom =NLz/2, Nyprec=Negrec =0, Npc= NH(1 - z), Nh,p,vis = Nh,g,com =Hz/2, and
N h,g,rec = 0.

3. Results

3.1. Analytical results

The fraction of the ‘vote” (i.e. number of ants) for the good nest site and that for the poor nest site are given
by X¢,gcom + Xh,gcom + Xe,grec + Yhgrec and X¢p,com + Xe,prec + X pvis, respectively. In the differential
equation model, the former is always larger than the latter for any ¢ (see appendix A for the proof).
Therefore, for an arbitrary quorum threshold, the quorum is reached in the good nest site before it is
reached in the poor nest site. Note that the high-threshold ants temporarily visiting the poor nest site
(without commitment) are also counted as votes for the poor site, consistent with experiments [18]. Even
with this conservative counting of the vote, the good nest site is always chosen over the poor one. As
corollaries, the numbers of committed ants and recruiters are always larger for the good nest site than
for the poor nest site (appendix A). A sample time course of the differential equation model is shown
in figure 3. Consistent with this theory, the vote for the good nest site and the corresponding number of
recruiters are larger than those for the poor site.

3.2. Numerical results

We set N =100 and the quorum threshold to 0.5N unless otherwise stated. We set ajeax = 0.05 throughout
the following numerical simulations. This leakage rate is fairly large in the cases in which the values of
o or ag are comparable to or smaller than the aje,x value. We also confirmed that the following results
were qualitatively the same when we turned off the leakage, i.e. oeqx =0 (electronic supplementary
material, figure S1). We carried out 10* runs of simulations for each set of parameter values and initial
condition excluding runs in which the emigration was unsuccessful. Unsuccessful emigrations occurred
when all ants happened to return to the current nest due to leakage such that the dynamic terminated.
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Figure 3. A sample time course of the differential equation model. We set o« = 0.1, os = 0.1, cvjea = 0.05, H = 0.2and z = 0.3. The
Euler scheme with time step 0.001 was used for numerical integration.
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Figure 4. (a) Mean time to quorum, T, and (b) fraction of the correct choices, P, in the finite population model when we varied the
fraction of high-threshold ants, H. We set N =100, o = 0.1, oty = 0.1, cjeqx = 0.05 and z = 0.3. The error bars in (a) represent the
confidence intervals calculated as 1.96 x (s.d.)/+/number of runs. The size of the error bars is at most approximately the same as that
of the symbols showing the mean values. Error bars are not shown in (b) because we have used all runs to calculate a single p-value. The
results shown in this and the following figures are calculated on the basis of 10* runs.

The following results are averages over the 10* runs in which a new site has become quorate. We carefully
selected the parameter values such that the initial number of ants in each category specified in §2.2 was
integer and summed up to N. Then, we measured T, the time until the quorum threshold was reached for
either new nest site, and P, the accuracy quantified by the fraction of runs in which the colony selected
the good nest site.

The dependence of T and P on the fraction of high-threshold ants, H, is shown in figure 4 with o = 0.1,
as=0.1 and z=0.3. We set z at 0.3 based on empirical findings [28]. Both the speed of the collective
decision, which is proportional to 1/T, and the accuracy increased as H increased.

However, in a larger parameter space, different patterns were also observed. For each parameter set,
we measured the Pearson correlation coefficient between T and P for the data points in the (T, P) space
corresponding to different H values. For example, figure 4 contains the results for six H values. The
relationship between T and P for the six H values is shown in figure 5a. The correlation coefficient
calculated from the six data points is negative, which corresponds to the fact that the speed (i.e. 1/T)
and accuracy (i.e. P) simultaneously improve or degrade as we vary H. By contrast, a positive correlation
coefficient value, which can occur for other parameter values (figure 5b), implies speed—accuracy trade-
offs. It should be noted that we employ a linear correlation coefficient to succinctly measure how T and
P covary. The actual relationship between T and P is generally nonlinear, as shown in figure 5a. The
methods for calculating the correlation coefficient are explained in more detail in appendix B.

The correlation coefficient between T and P for various values of «, s and the quorum threshold
is shown in figure 6. A small s value resulted in speed-accuracy trade-offs (i.e. a positive correlation
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Figure 5. Calculation of the correlation coefficient. The relationship between the mean time to quorum, T, and the fraction of the correct
choices, P, for the data in figure 4 is shown in (a). The linear regression applied to the six data points, corresponding to the six H values
examined in figure 4, yields the line shown in the figure and the Pearson correlation coefficient of —0.89. In fact, the speed (i.e.1/T)
and accuracy (i.e. P) simultaneously increase or decrease as we vary H, which is consistent with the negative correlation coefficient value.
Anegative correlation coefficient value indicates an absence of speed—accuracy trade-offs. The relationship between T and P for the data
in the electronic supplementary material, figure S2, is shown in (b). The linear regression for the six data points is shown by the line with
a correlation coefficient value of approximate unity. A positive correlation coefficient value implies speed—accuracy trade-offs.
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Figure 6. Correlation coefficient between the mean time to quorum, 7, and the fraction of the correct choices, P, when we varied the
fraction of high-threshold ants, H. (a) ocs = 0.01, (b) os = 0.1and (¢) ocs = 1. We set N = 100, cvjeax = 0.05and z = 0.3. The values of
the quorum threshold shown are those normalized by the number of ants, N.

coefficient) for the entire range of & and the quorum threshold that we explored (figure 6a). This pattern
is opposite to that observed in figure 4. In fact, the accuracy (i.e. P) always increased with H. The speed
decreased with H (i.e. T increased with H) when the value of as was small. This is consistent with
intuition because high-threshold ants that happened to visit the poor nest site had to linger there for
a long time before emigrating to the good nest site, and their votes were necessary to obtain a quorum
in the good nest site. Even for the same value of «s as that used in figure 4, speed-accuracy trade-offs
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smaller than the symbols showing the mean values.
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Figure 8. Correlation coefficient between the mean time to quorum, T, and the fraction of the correct choices, P, when we varied the

fraction of scouts, z. (@) ats = 0.01, (b) vy = 0.1and (c) s = 1. We set N =100, cvjea = 0.05 and H = 0.2. The values of the quorum
threshold shown are those normalized by N.

took place if o was large or the quorum threshold was lowered (figure 6b). It should be noted that the
parameter values used in figure 4, i.e. « = 0.1 and a quorum threshold of 0.5, are located near the upper-
left corner in figure 6b, where the speed and accuracy are positively correlated. When o was large, both
the speed and accuracy increased with H (figure 6c).

Ants may deploy more scouts initially under emergency than under normal conditions [28,35]. The
dependence of T and P on the fraction of scouts, z, is shown in figure 7 with @ =0.1, s =0.1 and
H =0.2. Both the speed and accuracy improved as z increased. This result is consistent with previous
experimental results [39]. However, this pattern was again non-universal in the parameter space. The
correlation coefficients for a range of «, as and the quorum threshold shown in figure 8 indicate the
presence of speed—accuracy trade-offs (i.e. positive correlation coefficient in figure 8) when « is large, a5
is small and the quorum threshold is small, similar to when we varied H (figure 6).

In laboratory experiments, the quorum threshold is lower under emergency conditions than
otherwise, probably enabling speed—accuracy trade-offs such that a high quorum threshold realizes slow
but accurate decisions [9] (but this effect may be minor [7,35]). With @ =0.1, «s =0.1, H=0.2 and z=0.3,
the speed decreases (i.e. T increases) and the accuracy improves (i.e. P increases) as the quorum threshold
increases (electronic supplementary material, figure S2). This result is consistent with the experimental
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findings [9]. The correlation between T and P was positive for the entire parameter region of «, as and z
that we explored (electronic supplementary material, figure S3). This result indicates that speed—accuracy
trade-offs when we vary the quorum threshold are robust against parameter variation.

We also examined the dependence of T and P on the rate at which high-threshold ants move from the
poor to the good nest sites, as. With « =0.1, H=0.2 and z = 0.3, both the speed and accuracy improve as
as increases (electronic supplementary material, figure S4). It should be noted that colonies could select
the good nest site with a probability much larger than 0.5 (i.e. P~ 0.7) even when high-threshold ants
were not allowed to move from the poor to the good site (electronic supplementary material, figure S4b,
at g =0). The correlation between T and P is negative for the entire parameter region of o, quorum
threshold, and the two values of z that we explored (electronic supplementary material, figure S5).
This result indicates that the lack of speed-accuracy trade-offs is robust against parameter variation.
These results contradict the experimental results in Robinson et al. [20], where setting s =0 did not
change either T or P, whereas T and P differ considerably between as =0 and «s > 0 in the model. The
small number of colonies (6) used in this experiment made it difficult to tell if correct nest choice was
signification at the colony level, despite colonies being able to choose the best nests. However, our model
uses a much greater sample size and such effects may well only become manifest over a higher number
of repeated trials.

3.3. Speed—cohesion trade-offs

In addition to speed-accuracy trade-offs, ant colonies show trade-offs between speed and cohesion in
collective nest choice. When the new nest sites are of the same quality, colonies trade cohesion (i.e.
individuals staying close together in one site) for speed when time urgency is high [30]. To examine
if speed—cohesion trade-offs occur in our model, in this section we assume that all new nest sites are
equally good. This is tantamount to assuming that all ants have the low threshold, i.e. H=0, and that
all new nest sites are poor. In fact, these sites are all equally good such that all ants are satisfied with
any site. In this situation, no ant is motivated to move from one nest site to another because ants
that are once committed to a nest site do not switch to a different one in our model. Therefore, we
set ag =0.
The cohesion is defined by

=Y pilogpi

C=1
log Nhest

3.1)

where Npest is the number of new nest sites, and p; is the fraction of ants eventually staying in the ith
nest site [30]. The entropy, — Z?i“f“ pilogp;, is large if ants are scattered in different nest sites with similar
fractions. Equation (3.1) indicates that C is large if the entropy is small and vice versa. When p; = 1/Nnest
(1 <i < Npest), the entropy is equal to log Npest such that the cohesion is the smallest, i.e. C =0. If all ants
are in a single nest site, the entropy is equal to zero, and cohesion is maximized, i.e. C=1.

We ran simulations until 0.9N ants emigrated to a new nest site. It should be noted that we neglect
the quorum rule and rapid transport after the quorum has been reached for simplicity. We denoted by
T the time when 0.9N ants emigrated to a new nest for the first time. The values of T¢ and C analysed in
the following are the averages over the 10* runs in which the threshold 0.9N was reached. We excluded
the runs in which all the ants returned to the current nest due to leakage and terminated the dynamics.
We set ajeax = 0.05. However, the following results were qualitatively the same when we turned off the
leakage by setting aje,x = 0 (electronic supplementary material, figure S6).

Because homeless colonies deploy more scouts than those in intact nests [28,30,40,41] (see [35] for
similar results for a close species), we set N =100, « = 0.1, varied the fraction of scouts, z, and measured
the time to finish, T¢, which is inversely proportional to the speed, and cohesion, C. Numerical results
when Npest =2, 4 and 6 new nest sites have been presented are shown in figure 9. As we increased z,
T and C both decreased, and the results did not depend on Npest very much, consistent with speed—
cohesion trade-offs. The results were qualitatively the same for « =0.02 (electronic supplementary
material, figure S7a,b) and « =1 (electronic supplementary material, figure S7c,d).

Speed-cohesion trade-offs may occur as a result of different recruitment latencies between the two
conditions. In other words, ants committed to a new nest site start recruiting earlier under high time
urgency (i.e. home nest destroyed) than under low time urgency (i.e. home nest intact) [30,35]. To mimic
this situation, we carried out another set of simulations in which we fixed N =100, z=0.12 and varied
a. We chose this z value to make the number of scouts visiting each new site the same for each of Npest =
2, 4 and 6. Ants start recruiting with a short latency when « is large, corresponding to an emergency
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Figure 9. Speed—cohesion trade-offs. (a) Mean time to finish emigration, T, and (b) cohesion, C, when we set @ = 0.1and varied the
fraction of scouts, z. (c) Ts and (d) C when we set z = 0.12 and varied the rate at which committed ants turned into recruiters, «c. In all
cases, we set N =100, cvjeak = 0.05, and the results for Nes; = 2,4 and 6 are shown. The error bars represent the confidence intervals.
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situation, whereas a smaller « value emulates a normal situation. The dependence of T and C on « is
shown in figure 9c,d, respectively. We found that when the time urgency was higher, the colony was less
coherent, whereas the emigration occurred faster, consistent with speed—cohesion trade-offs. The results
were qualitatively the same for z = 0.36 (electronic supplementary material, figure S7¢,f).

4. Discussion

Motivated by previous experimental studies [18,19], we developed a differential equation model and the
corresponding agent-based model for collective nest choice when individual workers are assumed to
have different acceptance thresholds in terms of the quality of nest sites. We observed speed-accuracy
trade-offs as found in various laboratory experiments [9,28,29]. Trade-offs were robustly observed when
the quorum threshold was varied in the numerical simulations (electronic supplementary material,
figure S3), consistent with the experimental results [9,32] and predictions of a detailed agent-based
model for bees [42]. Trade-offs were also observed when the fraction of high-threshold ants (figure 6)
or the number of scouts (figure 8) was varied under the condition that high-threshold ants switched
from the poor nest site to the good one relatively slowly or that the quorum threshold was low. In other
parameter regions, the speed and accuracy simultaneously improved as a parameter varied, contrary
to speed-accuracy trade-offs. However, the positive correlation between speed and accuracy as the
number of scouts increased, as shown in our numerical simulations (figure 8), was in fact consistent
with observations in laboratory experiments [39]. Last, when we assumed all new nest sites were of
equal quality, we robustly observed speed-cohesion trade-offs consistent with those found in recent
experiments [30].

There is also the potential to vary several of the other parameters used in our model in experimental
scenarios. Recruitment latency may be altered, in effect, by changing the landmarks the ants have become
familiar with so that recruiting ants can be made to take a more, or less, direct route back to the nest
[43,44], thus increasing or decreasing the time taken to recruit nest-mates. Additionally, the proportion
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of scouting ants can be regulated by altering the quality of the current nest, as a higher proportion of the
colony will engage in scouting behaviour when nest quality is lowered [41]. Another potential variable
factor is the quorum threshold, as this can be artificially attained by adding ants to a prospective new nest
[8]. Finally, in the laboratory, we have the ability to destroy the original nest or leave it intact [32], causing
differences in the ability of colonies to fully assess multiple nest options [30]. By use of such techniques,
we may be able to test the ability of the current model to correctly predict experimental outcomes, which
will be valuable in further developing its efficacy as an investigative tool.

There are various differential equation and agent-based models for nest choice behaviour based on
the quorum rule. Such previous models, except that in Robinson et al. [19], are different from the present
model in that we examined the effect of heterogeneous acceptance thresholds across individuals, whereas
previous models are concerned with different mechanisms. The previously examined mechanisms
included the nest-dependent recruitment latency (i.e. roughly, the inverse of the acceptance rate or
probability) [8,33-36,45-47], biased switching rates from one new nest site to another [8,33-36,45,46] and
lateral inhibition [48]. These models assume that ants that explore the arena before becoming quorate are
homogeneous except that some individuals may be scouts and others are not. By contrast, we assumed
that individual ants were inherently heterogeneous in their choosiness.

We previously proposed two models for the heterogeneous acceptance threshold hypothesis [19]. In
the analytical, Markov chain variant of the model in Robinson ef al. [19], ant individuals were modelled
as different stochastic trajectories in the state space. In the analytical model, ants were implicitly assumed
to be homogeneous such that, mathematically speaking, the collective nest choice in the model is driven
by nest-dependent acceptance probabilities, not by ant-dependent acceptance thresholds. By contrast,
the agent-based model [19] assumes that each ant is inherited with an acceptance threshold that is
independently drawn from a common Gaussian distribution. The present models are complementary
to the agent-based model [19] in that the former is parsimonious even without explicitly modelling the
space, while the latter is better at quantitative fitting to experimental data. With both models, the colony
could select a better nest site by the quorum rule. In addition, we showed with the present agent-based
model that the heterogeneous acceptance thresholds can generate speed—accuracy and speed—cohesion
trade-offs.

Many existing models of collective nest choice stand on the model proposed by Pratt ef al. [8]. Based
on their experimental data, they estimated the parameter values for the model [8]. In particular, they
estimated the recruitment rate by tandem running per ant to be 0.033 min~!. The conversion rates from
assessor to recruiter in the poor and the good sites per ant were set to 0.015 and 0.02 min~!, respectively.
The switching rate from the poor to the good site per ant was set to 0.008 min~!. The switching rate
from the good to the poor site per ant was set to zero. The assessors in their model and the committed
ants in our model are not exactly the same (§2.1). In addition, we assumed mass interaction in the
recruitment process, whereas Pratt et al. did not. Nevertheless, the parameter values derived by Pratt
et al. serve as a guideline to narrow down plausible parameter values for our model. We normalized
the time by assuming that the recruiting rate per recruiter—recruitee pair was equal to unity. Therefore,
their parameter values yield the following rough estimates for our model: « around 0.015/0.033 and
0.02/0.033, i.e. « 2 0.5 and «s ~20.008/0.033 =~ 0.25. For these parameter values, our model predicts that
speed-accuracy trade-offs do not occur when we vary the fraction of high-threshold ants, H (figure 6), or
the fraction of scouts, z (figure 8).

In contrast to other modelling studies [7,8,34,35,45-47], we ignored the rapid transport phase after
the quorum was reached, similarly to models in Marshall et al. [36]. With rapid transport, emigration
proceeds three times faster than with tandem running, which is a slow recruitment process [8]. However,
we do not consider that taking rapid transport into account in the model significantly affects the results.
Both tandem running and rapid transport are mechanisms to amplify the difference between the number
of votes for different options via positive feedback and can be modelled by a single nonlinear function
in a unified manner [7,34,35,47]. Our claim is that this initial difference to be amplified can be created by
the heterogeneous acceptance threshold. If the good site becomes quorate sooner than the poor site, the
rapid transport that ensues would further magnify the difference in the number of ants selecting the two
sites. Therefore, final nest choice is not expected to be changed by rapid transport.

By contrast, we assumed a recruiting process, contrasting to the agent-based model for the
heterogeneous acceptance threshold hypothesis [19]. However, recruiting is not an essential component
of our model. Without recruiting, the positive feedback will not operate. However, as long as some ants
have a high threshold and switch from the current nest to the new nest site, the colony can select a good
nest site with a high probability. We can easily model the lack of recruitment with the present model by
setting a =0.
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In both laboratory experiments [19,30] and in the field [1,38], ants may be subjected to more than
two potential new nest sites. For simplicity, we did not consider this case except in §3.3, in which we
examined speed—cohesion trade-offs. The main complication that arises when we examine this case in
the present framework is that we will have to introduce multiple thresholds and hence more than two
types of ants in general. For example, if three new sites of a good, intermediate and poor quality are
presented, we need two thresholds and three types of ants. One threshold is located between good and
intermediate quality, and the other is located between intermediate and poor quality. Highest-threshold
ants are only satisfied with the good one. Intermediate-threshold ants are satisfied with either the good
or intermediate one. Low-threshold ants (i.e. those effectively not using any threshold) are satisfied with
any site. Even if the thresholds of individual ants are continuously distributed [19], it is sufficient to
consider three types of ants if there are three nest sites of different quality (electronic supplementary
material, figure S8), in much the same way as in the case of two nest sites (figure 1).

The importance of heterogeneous thresholds in colonies has been implicated with mathematical
models. If colonies use heterogeneous acceptance thresholds to select nest sites, what else are they
useful for? There are several lines of evidence that social insects employ heterogeneous thresholds when
responding to external stimuli, to improve colony performance [49,50]. For example, in experiments
with honeybees, it was suggested that heterogeneous response thresholds throughout the colony would
promote a graded response to temperature fluctuations [21] (see [22,23] for bumblebees), consistent
with the prediction of mathematical models for division of labour [49-52]. Heterogeneous acceptance
thresholds in nest choice behaviour may also endow the colony with efficiency and robustness in a
fluctuating environment. For example, with heterogeneous acceptance thresholds, if only poor nest
sites are available and the colony is not subjected to an emergency situation, the colony may become
quorate at one of those sites, but this would be a slow process, as high-threshold ants would remain
unsatisfied and thus only low-threshold individuals would be able to contribute to the quorum. By
contrast, in the presence of high-quality nest sites, as assumed in this study, a quorum for a high-quality
site may be reached faster. If ants are homogeneous in their choosiness and use direct comparisons, such
graded responses may be difficult. In addition, the threshold-based nest selection method requires fewer
comparisons by individual ants, and therefore it is not as cognitively taxing as the direct comparison
method. Furthermore, direct comparisons in general are more likely to lead to errors in judgement in
various situations [53-55]. Thus, pursuing the functionality of heterogeneous acceptance thresholds with
modelling and experimental approaches warrants further work.
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Appendix A. The good nest site is always chosen in the differential equation
model

In this section, we show that the quorum for the good nest site is always reached before that for the poor
nest site in our differential equation model with ap = ag(= ). This result holds true irrespectively of the
quorum threshold.

Let

AXcom = X¢,g,com + Xh,g,com — X¢,p,com (A1)

and

AXrec = X¢,g rec + Xh,grec = X¢,p,rec- (A2)

Our first goal is to show Axcom, Axrec > 0 for all ¢ > 0.
By combining equations (2.3), (2.5) and (2.6), we obtain

dAxXcom
T = (xi,g,rec + xh,g,rec)(xl,c + xg,c) + UsXh,p,vis — X¢,precXt,c — (o + jeak) AXcom- (A3)
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Equation (A 3) with the initial condition Ax¢om = Hz/2 for t =0 leads to

Hz _ t i
AXcom = 73 (et + JO el et t){[xi,g,rec(t/) + xh,g,rec(t/)][xi,c(t/) + xh,c(t/)]

+ Ofsxh,p,vis(t/) - xﬁ,p,rec(t/)xl,c(t/)} dr

Hz t ,
> ~Zer (i | JO ) Ao () () + 3 (H)] A, (A4)
where we explicitly represented by the argument # the fact that the variables in the integral were
evaluated at time t'. We used Xhpvis > 0 and —X¢p recXec > —X¢prec(Xe,c + Xnc) for >0 to derive the
last inequality in equation (A 4).

Using equations (2.7)-(2.9), we obtain

dAxXrec
dt

= o AXcom — Xleak AXrec- (A5)

Because Axrec =0 when t =0, combination of equations (A 4) and (A 5) yields

t
AXrec =0 J eleak (=D Ay o (#) dF
0

t t
< O[J' e%leak (' —1) |:Hze(0t+0!1eak)f' +J
0

5 , S A e(t') + n(E)] dt”} dr'.  (A6)

Equation (A 6) implies Axrec >0 (t > 0). Combination of Axyec >0 (t > 0) and equation (A 4) implies
AXcom >0 (t > 0).
We define

AXyote = (xe,g,com + Xh,g,com + X¢,grec + xh,g,rec) - (xé,p,com + X¢,p,rec + xh,p,vis)

= AXcom + AXrec — Xh,p,viss (A7)

which is the difference between the vote for the good nest site and that for the poor one. By combining
equations (2.4), (A 3) and (A 5), we obtain

dAxyote
dt

Because Axyote =0 when t =0, we obtain from equation (A 8)

= AXrec(Xg,c + xh,c) + 2Olsxh,p,vis — Ueak AXvote- (A 8)

t

AXyote = J e~ eak (' 1) {Axrec(t') [xe,c(t) + xnc(t)] + Zasxh,p,vis} df >0 (A9)
0

when t > 0. In other words, the vote for the good site is larger than that for the poor site any time.

Therefore, the quorum threshold is reached for the good site prior to the poor site for an arbitrary quorum

threshold.

Appendix B. Definition of the correlation coefficient

We measured the correlation between T and P shown in figures 6 and 8, and the electronic supplementary
material, figures S1, S3 and S5, as follows. In figure 6, we fixed «, as and the quorum threshold, and ran
the simulation 10* times for each of H =0, 0.0667, 0.1333, 0.2, 0.2667, 0.3333 and 0.4. These H values
correspond to the number of scouts to the good nest site equal to 1, 2, 3, 4, 5 and 6, respectively. For
each H, we obtained T and P as the averages over the 10* runs. Then, we regarded the (T, P) pairs as six
data points and calculated the Pearson correlation coefficient. In figure 8, we calculated the correlation
coefficient for given «, as and the quorum threshold on the basis of four data points corresponding to
z=0.1,0.2,0.3 and 0.4. With the largest value of z (i.e. z = 0.4), 0.2N(= 20) scouts initially visited each new
nest site. It should be noted that this number is smaller than the smallest quorum threshold examined in
the figure (i.e. 0.25). This treatment was to ensure that the quorum was not reached in the initial condition.
In the electronic supplementary material, figures S3 and S5, we calculated the correlation coefficient on
the basis of the six data points corresponding to the quorum threshold values of 0.25, 0.3, 0.35, 0.4, 0.45
and 0.5, and the six data points corresponding to «s =0, 0.1, 0.2, 0.3, 0.4 and 0.5, respectively.

65017 s uado 205y BioBuysiqndisaposjeorsos:


http://rsos.royalsocietypublishing.org/

Downloaded from http://rsos.royalsocietypublishing.org/ on April 6, 2016

References

Franks NR, Pratt SC, Mallon EB, Britton NF, Sumpter
DJT. 2002 Information flow, opinion polling and
collective intelligence in house-hunting social
insects. Phil. Trans. R. Soc. Lond. B 357,1567-1583.
(doi:10.1098/rsth.2002.1066)

Conradt L, Roper TJ. 2005 Consensus decision
making in animals. Trends Ecol. Evol. 20, 449—456.
(doi:10.1016/j.tree.2005.05.008)

Krause J, Ruxton GD, Krause S. 2010 Swarm
intelligence in animals and humans. Trends Ecol.
Evol. 25,28-34. (doi:10.1016/.tree.2009.06.016)
Visscher PK. 2007 Group decision making in
nest-site selection among social insects. Annu. Rev.
Entomol. 52, 255-275. (doi:10.1146/annurev.ento.
51.110104.151025)

Miller MB, Bassler BL. 2001 Quorum sensing in
bacteria. Annu. Rev. Microbiol. 55, 165-199.
(doi:10.1146/annurev.micro.55.1.165)

Juhas M, Eberl L, Timmler B. 2005 Quorum sensing:
the power of cooperation in the world of
Pseudomonas. Environ. Microbiol. 7, 459—471.
(doi:10.1111/j.1462-2920.2005.00769.X)

Sumpter DJT, Pratt SC. 2009 Quorum responses and
consensus decision making. Phil. Trans. R. Soc. B
364, 743—753. (doi:10.1098/rsth.2008.0204)

Pratt SC, Mallon EB, Sumpter DJT, Franks NR. 2002
Quorum sensing, recruitment, and collective
decision-making during colony emigration by the
ant Leptothorax albipennis. Behav. Ecol. Sociobiol. 52,
117-127. (d0i:10.1007/500265-002-0487-x)

Franks NR, Dornhaus A, Fitzsimmons JP, Stevens M.
2003 Speed versus accuracy in collective decision
making. Proc. R. Soc. Lond. B 270, 2457-2463.
(doi:10.1098/rsph.2003.2527)

. Seeley TD, Visscher PK. 2004 Quorum sensing during

nest-site selection by honeybee swarms. Behav.
Ecol. Sociobiol. 56, 594-601. (doi:10.1007/500265-
004-0814-5)

. Kerth G, Ebert C, Schmidtke C. 2006 Group decision

making in fission—fusion societies: evidence from
two-field experiments in Bechstein’s bats. Proc. R.
Soc. B 273, 2785-2790. (doi:10.1098/rspb.2006.3647)

. Sumpter DJT, Krause J, James R, Couzin ID, Ward

AJW.2008 Consensus decision making by fish. Curr.
Biol. 18, 1773-1777. (d0i:10.1016/j.cub.2008.09.064)

. Ward AJW, Sumpter DJT, Couzin ID, Hart PJB, Krause

J.2008 Quorum decision-making facilitates
information transfer in fish shoals. Proc. Nat! Acad.
Sci. USA 105, 6948-6953. (d0i:10.1073/pnas.
0710344105)

. Bousquet CAH, Sumpter DJT, Manser MB. 2011

Moving calls: a vocal mechanism underlying
quorum decisions in cohesive groups. Proc. R. Soc. B
278, 1482-1488. (d0i:10.1098/rsph.2010.1739)

. Sueur C, Deneubourg J-L, Petit 0. 2010 Sequence of

quorums during collective decision making in
macaques. Behav. Ecol. Sociobiol. 64,1875-1885.
(doi:10.1007/500265-010-0999-8)

. Gallup AC, Hale JJ, Sumpter DJT, Garnier S, Kacelnik

A, Krebs JR, Couzin ID. 2012 Visual attention and the
acquisition of information in human crowds. Proc.
Natl Acad. Sci. USA 109, 7245-7250. (doi:10.1073/
pnas.1116141109)

Kameda T, Wisdom T, Toyokawa W, Inukai K. 2012 Is
consensus-seeking unique to humans? A selective
review of animal group decision-making and its

18.

19.

21.

2.

3.

24,

25.

26.

27.

28.

29.

30.

3

32

implications for (human) social psychology. Group
Process. Intergroup Relat. 15, 673-689. (doi:10.1177/
1368430212451863)

Robinson EJH, Smith FD, Sullivan KME, Franks NR.
2009 Do ants make direct comparisons? Proc. R. Soc.
B 276, 2635-2641. (d0i:10.1098/rspb.2009.0350)
Robinson EJH, Franks NR, Ellis S, Okuda S, Marshall
JAR. 2011 A simple threshold rule is sufficient to
explain sophisticated collective decision-making.
PLoS ONE 6, €19981. (d0i:10.1371/journal.pone.
0019981)

. Robinson EJH, Feinerman 0, Franks NR. 2014 How

collective comparisons emerge without individual
comparisons of the options. Proc. R. Soc. B281,
20140737. (d0i:10.1098/rspb.2014.0737)

Jones JC, Myerscough MR, Graham S, Oldroyd BP.
2004 Honey bee nest thermoregulation: diversity
promotes stability. Science 305, 402—404.
(doi:10.1126/science.1096340)

Weidenmiiller A, Kleineidam C, Tautz J. 2002
Collective control of nest climate parameters in
bumblebee colonies. Anim. Behav. 63,1065-1071.
(doi:10.1006/anbe.2002.3020)

Weidenmiiller A. 2004 The control of nest climate in
bumblebee (Bombus terrestris) colonies:
interindividual variability and self reinforcement in
fanning response. Behav. Ecol. 15, 120-128.
(doi:10.1093/beheco/arg101)

Page Jr. RE, Erber J, Fondrk MK. 1998 The effect of
genotype on response thresholds to sucrose and
foraging behavior of honey bees (Apis mellifera L.).
J. Comp. Physiol. A 182, 489-500. (d0i:10.1007/
5003590050196)

Spaethe J, Brockmann A, Halbig C, Tautz J. 2007 Size
determines antennal sensitivity and behavioral
threshold to odors in bumblebee workers.
Naturwissenschaften 94, 733-739. (d0i:10.1007/
5s00114-007-0251-1)

Granovetter M. 1978 Threshold models of collective
behavior. Am. J. Sociol. 83,1420-1443. (doi:10.1086/
226707)

Valente TW. 1996 Social network thresholds in the
diffusion of innovations. Soc. Netw. 18, 69—89.
(doi:10.1016/0378-8733(95)00256-1)

Franks NR, Dechaume-Moncharmont F-X, Hanmore
E, Reynolds JK. 2009 Speed versus accuracy in
decision-making ants: expediting politics and
policy implementation. Phil. Trans. R. Soc. B 364,
845-852. (d0i:10.1098/rsth.2008.0224)

Chittka L, Skorupski P, Raine NE. 2009
Speed—accuracy tradeoffs in animal decision
making. Trends Ecol. Evol. 24, 400—407.
(doi10.1016/j.tree.2009.02.010)

Franks NR, Richardson TO, Stroeymeyt N, Kirby RW,
Amos WMD, Hogan PM, Marshall JAR, Schlegel T.
2013 Speed—cohesion trade-offs in collective
decision making in ants and the concept of
precision in animal behaviour. Anim. Behav. 85,
1233-1244. (d0i:10.1016/j.anbehav.2013.03.010)
Franks NR, Mallon EB, Bray HE, Hamilton MJ,
Mischler TC. 2003 Strategies for choosing between
alternatives with different attributes: exemplified
by house-hunting ants. Anim. Behav. 65, 215-223.
(doi:10.1006/anbe.2002.2032)

Dornhaus A, Franks NR, Hawkins RM, Shere HNS.
2004 Ants move to improve: colonies of Leptothorax

3.

34,

35.

36.

37

38.

39.

40.

4.

4.

3.

45.

46.

47.

albipennis emigrate whenever they find a superior
nest site. Anim. Behav. 67, 959-963. (doi:10.1016/
j-anbehav.2003.09.004)

Britton NF, Franks NR, Pratt SC, Seeley TD. 2002
Deciding on a new home: how do honeybees agree?
Proc. R. Soc. Lond. B 269,1383-1388. (d0i:10.1098/
1spb.2002.2001)

Pratt SC, Sumpter DJT, Mallon EB, Franks NR. 2005
An agent-based model of collective nest choice by
the ant Temnothorax albipennis. Anim. Behav. 70,
1023-1036. (doi:10.1016/j.anbehav.2005.01.022)
Pratt SC, Sumpter DJT. 2006 A tunable algorithm for
collective decision-making. Proc. Nat/ Acad. Sci.
USA103,15906-15910. (d0i:10.1073/pnas.06048
01103)

Marshall JAR, Bogacz R, Dornhaus A, Planqué R,
Kovacs T, Franks NR. 2009 On optimal
decision-making in brains and social insect
colonies. J. R. Soc. Interface 6,1065-1074.
(doi:10.1098/rsif.2008.0511)

Shaffer Z, Sasaki T, Pratt SC. 2013 Linear recruitment
leads to allocation and flexibility in collective
foraging by ants. Anim. Behav. 86, 967-975.
(doi:10.1016/j.anbehav.2013.08.014)

Mallon EB, Pratt SC, Franks NR. 2001 Individual and
collective decision-making during nest site
selection by the ant Leptothorax albipennis. Behav.
Fcol. Sociobiol. 50, 352-359. (d0i:10.1007/
5002650100377)

Hui A, Pinter-Wollman N. 2014 Individual variation
in exploratory behaviour improves speed and
accuracy of collective nest selection by Argentine
ants. Anim. Behav. 93, 261-266. (d0i:10.1016/j.
anbehav.2014.05.006)

Franks NR, Hooper JW, Dornhaus A, Aukett PJ,
Hayward AL, Berghoff SM. 2007 Reconnaissance
and latent learning in ants. Proc. R. Soc. B274,
1505-1509. (doi:10.1098/rsph.2007.0138)

Doran C, Pearce T, Connor A, Schlegel T, Franklin E,
Sendova-Franks AB, Franks NR. 2013 Economic
investment by ant colonies in searches for better
homes. Biol. Lett. 9, 20130685. (d0i:10.1098/rsbl.
2013.0685)

Passino KM, Seeley TD. 2006 Modeling and analysis
of nest-site selection by honeybee swarms: the
speed and accuracy trade-off. Behav. Ecol. Sociobiol.
59, 427-442. (d0i:10.1007/500265-005-0067-y)
Pratt SC, Brooks SE, Franks NR. 2001 The use of
edges in visual navigation by the ant Leptothorax
albipennis. Ethology 107, 1125-1136.
(doi:10.1046/j.1439-0310.2001.00749.x)

. McLeman MA, Pratt SC, Franks NR. 2002 Navigation

using visual landmarks by the ant Leptothorax
albipennis. Insect. Soc. 49, 203-208. (doi:10.1007/
500040-002-8302-2)

Planqué R, Dornhaus A, Franks NR, Kovacs T,
Marshall JAR. 2006 Weighting waiting in collective
decision-making. Behav. Ecol. Sociobiol. 61,
347-356. (doi:10.1007/500265-006-0263-4)
Marshall JAR, Dornhaus A, Franks NR, Kovacs T.
2006 Noise, cost and speed—accuracy trade-offs:
decision-making in a decentralized system. J. R. Soc.
Interface 3, 243-254. (d0i:10.1098/rsif.2005.0075)
Sasaki T, Granovskiy B, Mann RP, Sumpter DJT, Pratt
SC. 2013 Ant colonies outperform individuals when
asensory discrimination task is difficult but not

665017 Psuado 205y BoBuysigndizaposjeforsos:


http://dx.doi.org/doi:10.1098/rstb.2002.1066
http://dx.doi.org/doi:10.1016/j.tree.2005.05.008
http://dx.doi.org/doi:10.1016/j.tree.2009.06.016
http://dx.doi.org/doi:10.1146/annurev.ento.51.110104.151025
http://dx.doi.org/doi:10.1146/annurev.ento.51.110104.151025
http://dx.doi.org/doi:10.1146/annurev.micro.55.1.165
http://dx.doi.org/doi:10.1111/j.1462-2920.2005.00769.x
http://dx.doi.org/doi:10.1098/rstb.2008.0204
http://dx.doi.org/doi:10.1007/s00265-002-0487-x
http://dx.doi.org/doi:10.1098/rspb.2003.2527
http://dx.doi.org/doi:10.1007/s00265-004-0814-5
http://dx.doi.org/doi:10.1007/s00265-004-0814-5
http://dx.doi.org/doi:10.1098/rspb.2006.3647
http://dx.doi.org/doi:10.1016/j.cub.2008.09.064
http://dx.doi.org/doi:10.1073/pnas.0710344105
http://dx.doi.org/doi:10.1073/pnas.0710344105
http://dx.doi.org/doi:10.1098/rspb.2010.1739
http://dx.doi.org/doi:10.1007/s00265-010-0999-8
http://dx.doi.org/doi:10.1073/pnas.1116141109
http://dx.doi.org/doi:10.1073/pnas.1116141109
http://dx.doi.org/doi:10.1177/1368430212451863
http://dx.doi.org/doi:10.1177/1368430212451863
http://dx.doi.org/doi:10.1098/rspb.2009.0350
http://dx.doi.org/doi:10.1371/journal.pone.0019981
http://dx.doi.org/doi:10.1371/journal.pone.0019981
http://dx.doi.org/doi:10.1098/rspb.2014.0737
http://dx.doi.org/doi:10.1126/science.1096340
http://dx.doi.org/doi:10.1006/anbe.2002.3020
http://dx.doi.org/doi:10.1093/beheco/arg101
http://dx.doi.org/doi:10.1007/s003590050196
http://dx.doi.org/doi:10.1007/s003590050196
http://dx.doi.org/doi:10.1007/s00114-007-0251-1
http://dx.doi.org/doi:10.1007/s00114-007-0251-1
http://dx.doi.org/doi:10.1086/226707
http://dx.doi.org/doi:10.1086/226707
http://dx.doi.org/doi:10.1016/0378-8733(95)00256-1
http://dx.doi.org/doi:10.1098/rstb.2008.0224
http://dx.doi.org/doi:10.1016/j.tree.2009.02.010
http://dx.doi.org/doi:10.1016/j.anbehav.2013.03.010
http://dx.doi.org/doi:10.1006/anbe.2002.2032
http://dx.doi.org/doi:10.1016/j.anbehav.2003.09.004
http://dx.doi.org/doi:10.1016/j.anbehav.2003.09.004
http://dx.doi.org/doi:10.1098/rspb.2002.2001
http://dx.doi.org/doi:10.1098/rspb.2002.2001
http://dx.doi.org/doi:10.1016/j.anbehav.2005.01.022
http://dx.doi.org/doi:10.1073/pnas.0604801103
http://dx.doi.org/doi:10.1073/pnas.0604801103
http://dx.doi.org/doi:10.1098/rsif.2008.0511
http://dx.doi.org/doi:10.1016/j.anbehav.2013.08.014
http://dx.doi.org/doi:10.1007/s002650100377
http://dx.doi.org/doi:10.1007/s002650100377
http://dx.doi.org/doi:10.1016/j.anbehav.2014.05.006
http://dx.doi.org/doi:10.1016/j.anbehav.2014.05.006
http://dx.doi.org/doi:10.1098/rspb.2007.0138
http://dx.doi.org/doi:10.1098/rsbl.2013.0685
http://dx.doi.org/doi:10.1098/rsbl.2013.0685
http://dx.doi.org/doi:10.1007/s00265-005-0067-y
http://dx.doi.org/doi:10.1046/j.1439-0310.2001.00749.x
http://dx.doi.org/doi:10.1007/s00040-002-8302-2
http://dx.doi.org/doi:10.1007/s00040-002-8302-2
http://dx.doi.org/doi:10.1007/s00265-006-0263-4
http://dx.doi.org/doi:10.1098/rsif.2005.0075
http://rsos.royalsocietypublishing.org/

48.

49.

Downloaded from http://rsos.royalsocietypublishing.org/ on April 6, 2016

when it is easy. Proc. Nat/ Acad. Sci. USA 110,
1376913 773. (doi:10.1073/pnas.1304917110)
Seeley TD, Visscher PK, Schlegel T, Hogan PM,
Franks NR, Marshall JAR. 2012 Stop signals provide
cross inhibition in collective decision-making by
honeybee swarms. Science 335, 108—111.
(doi10.1126/science.1210361)

Beshers SN, Fewell J-H. 2001 Models of division
of labor in social insects. Annu. Rev. Entomol.
46, 413-440. (doi:10.1146/annurev.ento.46.
1413)

50. Oldroyd BP, Fewell JH. 2007 Genetic diversity

promotes homeostasis in insect colonies. Trends
Ecol. Evol. 22, 408-413. (d0i:10.1016/j.tree.
2007.06.001)

. Bonabeau E, Theraulaz G, Deneubourg JL. 1996

Quantitative study of the fixed threshold model for
the regulation of division of labour in insect
societies. Proc. R. Soc. Lond. B 263, 1565—1569.
(doi:10.1098/rspb.1996.0229)

. Duarte A, Weissing FJ, Pen |, Keller L. 2011 An

evolutionary perspective on self-organized division

53.

54.

55.

of labor in social insects. Annu. Rev. Ecol. Evol. Syst.
42, 91-110. (doi:10.1146/annurev-ecolsys-102710-
145017)

Tversky A, Kahneman D. 1981 The framing of
decisions and the psychology of choice. Science 211,
453—458. (doi:10.1126/science.7455683)

Bateson M, Healy SD. 2005 Comparative evaluation
and its implications for mate choice. Trends Ecol.
Evol. 20, 659-664. (doi:10.1016/j.tree.2005.08.013)
lyengar. $ 2010 The art of choosing. New York, NY:
Twelve.

€601 :Z s Uado 205y BuoBuysiiqndAzaposieforsos:


http://dx.doi.org/doi:10.1073/pnas.1304917110
http://dx.doi.org/doi:10.1126/science.1210361
http://dx.doi.org/doi:10.1146/annurev.ento.46.1.413
http://dx.doi.org/doi:10.1146/annurev.ento.46.1.413
http://dx.doi.org/doi:10.1016/j.tree.2007.06.001
http://dx.doi.org/doi:10.1016/j.tree.2007.06.001
http://dx.doi.org/doi:10.1098/rspb.1996.0229
http://dx.doi.org/doi:10.1146/annurev-ecolsys-102710-145017
http://dx.doi.org/doi:10.1146/annurev-ecolsys-102710-145017
http://dx.doi.org/doi:10.1126/science.7455683
http://dx.doi.org/doi:10.1016/j.tree.2005.08.013
http://rsos.royalsocietypublishing.org/

	Introduction
	Model
	Differential equation model
	Agent-based model

	Results
	Analytical results
	Numerical results
	Speed--cohesion trade-offs

	Discussion
	References

