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1  |  INTRODUC TION

Adaptive plasticity and bet-hedging can be viewed as two compet-
ing solutions to the problems posed by environmental heterogeneity 
(e.g. Botero et al., 2015; Scheiner, 2014; Tufto, 2015). Consider a sin-
gle genotype that may experience either of two environments, each 
demanding a different optimal value for a particular trait. Adaptive 
plasticity—a positive association between a trait's mean values and 
its optimal values across environments—can allow one genotype 
to express distinct, ideal trait values in each environment. In some 
circumstances, plastic responses may be so nimble that organisms 
can respond to environmental change in real time. More generally, 
though, plastic responses take time to produce. Therefore, adap-
tive plasticity will often require an informative cue that predicts the 

optimal phenotype, as well as sufficient time between the cue and 
the test imposed by natural selection to allow developmental pro-
cesses to make use of that prediction. Both theory (de Jong, 1999; 
Murren et al., 2015; Reed et al., 2010; Tufto, 2000) and some ex-
perimental evolution studies (Leung et al.,  2020, but see Manenti 
et al., 2015) have highlighted the dependance of plasticity on reliable 
cues furnishing accurate predictions of selective environments. In 
contrast, bet-hedging strategies are adaptations to unpredictable 
environmental change (Simons, 2011). The term ‘bet-hedging’ cov-
ers both the production of a diverse portfolio of phenotypic variants 
(diversifying bet-hedging) and of middle-of-the-road phenotypes 
with lower arithmetic mean fitnesses but also lower variance in fit-
ness (conservative bet-hedging; Starrfelt & Kokko,  2012). All else 
being equal, bet-hedging strategies are inferior to plastic responses 
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based on high-quality predictions (Cooper & Kaplan, 1982). We can 
therefore predict that bet-hedging will prevail over adaptive plas-
ticity when plasticity is costly (e.g. Kussell & Leibler, 2005), devel-
opmental responses are too slow (e.g. Clark & Harvell, 1992; Padilla 
& Adolph, 1996), or, in particular, when cues are unreliable (Botero 
et al., 2015). When environments are only partially predictable, the-
ory predicts the evolution of a mixed strategy of both plasticity and 
bet-hedging (Donaldson-Matasci et al., 2013; Grantham et al., 2016; 
Joschinski & Bonte, 2020; McNamara et al., 2016; Tufto, 2015).

The reliability of cues predicting future environments is there-
fore central to explaining when plasticity will predominate over 
bet-hedging, and yet the causes of cue unreliability have been some-
what ignored in the modelling literature. One important distinction 
is whether the uncertainty in the prediction of the selective envi-
ronment is shared among all individuals in a generation, or is idio-
syncratic, varying across individuals. Uncertainty arises when a cue 
does not perfectly predict relevant selection pressures; that uncer-
tainty is shared to the extent that organisms receive the same cue 
within a generation. Unless individuals vary in how they perceive or 
react to a partially reliable cue, an entire cohort might behave mal-
adaptively when the cue fails to predict the appropriate response. 
Models of plasticity differ in whether predictive failures vary among 
individuals within a generation (e.g. Getty,  1996; Lively,  1986; 
Moffett et al.,  2020; Moran,  1992; Scheiner,  2014; Sultan & 
Spencer,  2002; Tufto,  2000) or are shared (Botero et al.,  2015; 
Leimar & McNamara, 2015; Reed et al., 2010; Xue & Leibler, 2018). 
Despite this variation, most models on the evolution of plasticity do 
not explicitly discuss this choice or its implications. The major ex-
ceptions are Donaldson-Matasci et al. (2013) and Tufto (2015). In an 
elegant analysis, Donaldson-Matasci et al.  (2013) showed that it is 
optimal for organisms to combine diversifying bet-hedging to their 
plastic responses in proportion to the degree of shared, but not in-
dividual, uncertainty about future environments. As they point out, 
the success of a genotype is highly sensitive to between-generation 
variation in fitness (e.g. Frank & Slatkin, 1990), which is exactly what 
shared uncertainty produces and what bet-hedging helps mitigate.

A second major assumption of most relevant theory is that 
cue reliability itself does not evolve. However, organisms play an 
active role in cue reliability, constructing useful cues by attending 
to and processing information from the environment (Bonamour 
et al.,  2019; Chevin & Lande,  2015; Snell-Rood & Ehlman,  2021). 
From this viewpoint, cue reliability is not merely a feature of an envi-
ronment but is also a trait that can evolve (Sultan & Spencer, 2002). 
The potential for incremental improvement in reliability might arise 
if organisms need multiple predictor variables to achieve the best 
match between their responses and the selective environment (Bell 
& Hellmann, 2019; Bonamour et al., 2019; Chevin & Lande, 2015; 
Dall et al., 2015; Leimar & McNamara, 2015; Wong & Ackerly, 2005). 
For example, transitions to winged forms on aphids can be in-
fluenced by a complex set of cues, varying across related species 
(Braendle et al.,  2006). In situations in which multiple predictors 
must be measured and synthesized to produce a single, optimal re-
sponse, multiple genetic components may have to change in order 

to maximize the fitness benefit of plasticity. As an illustrative exam-
ple, consider an environment offering two signals, x and y, in which 
the optimal value of a trait is z1 when x < y and z2 when x ≥ y. Let x 
and y vary independently and uniformly over the interval [0,1]. An 
organism that only perceives one signal, say signal x, has an infor-
mative but imperfect cue. Consider a threshold h governing which 
response is produced: if the organism produces z1 when x is < h 
and z2 otherwise, then it correctly guesses the optimal phenotype 
with probability 1

2
+ h(1 − h). With perfect knowledge of x and the 

optimal value of h = 0.5, correct inferences are made 75% of the 
time. At this optimum, reliability is not limited by the precision with 
which x is measured; instead, further improvement can only be ob-
tained by measuring y, thereby fixing the structural problem with 
the organism's inferential model. Such structural problems may ap-
pear as overgeneralizations. For example, a snail species has been 
found to produce an overgeneralized plastic response, mounting 
costly defences in response to sunfish predators as well as non-
molluscivorous species (Langerhans & DeWitt, 2002). The guiding 
hypothesis of this paper is that the early stages in the evolution of 
a plastic response might attend to only part of a multidimensional 
cue, leading to shared uncertainty that further adaptive mutations 
could alleviate, if those early mutations were sufficiently successful 
to allow further evolution.

While bet-hedging and plasticity may be seen as alternative solu-
tions, a few studies do provide indications that bet-hedging might 
sometimes interact synergistically with plasticity when cue reliabil-
ity is low. Cooper and Kaplan  (1982) speculated that a signal with 
low reliability might serve as a source of noise driving a diversifying 
response, and subsequent theory (McNamara et al., 2016; Scheiner 
& Holt, 2012) as well as microbial experiments have proven the via-
bility of this concept (Maxwell & Magwene, 2017). Wolf et al. (2015) 
examined this idea in a model of both gene regulation and shared 
uncertainty; their results showed that organisms can benefit by at-
tending to a low-reliability signal, but only when it is also noisy. Their 
analysis mapped out an evolutionary scenario in which a sequence of 
beneficial changes might reduce noise while increasing cue reliabil-
ity, suggesting an adaptive pathway from rudimentary beginnings to 
a plastic response that is both accurate and precise.

This paper models plasticity as a complex trait, requiring sev-
eral mutations to achieve its full benefits, and considers how bet-
hedging can aid the success of the initial mutations required for 
plasticity to evolve. I first show that cues with middling reliabil-
ity and shared uncertainty may be informative but detrimental if 
taken at face value, due to the high penalty to geometric mean 
fitness of a shared, incorrect prediction. This penalty creates a 
fitness valley that constrains adaptive trajectories towards higher 
reliability, which is made deeper when organisms pay costs for 
reliable cues. The constraint caused by this fitness valley is par-
tially relieved when plastic responses can vary continuously and 
evolve in proportion to the reliability of cues. I then model how 
dispersal can achieve diversifying bet-hedging by decoupling the 
fates of relatives (Starrfelt & Kokko, 2012) and further relieve the 
constraint on the evolution of plasticity. Dispersal not only speeds 
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the evolution of plasticity, but decreases the probability that plas-
ticity is lost following an environmental change that reduces cue 
reliability. These results add a novel dimension to the complex 
relationship between spatial heterogeneity and the evolution of 
plasticity, while also illustrating new connections between bet-
hedging and plasticity.

2  |  MODEL AND METHODS

2.1  |  Modelling discrete and continuous 
phenotypic responses

The model here considers a single trait, and both biological diver-
sity and theory emphasize the important of distinguishing between 
traits that vary continuously or discretely. Some plastic traits, such 
as size or foraging time, vary on a continuous scale. However, in 
other cases the phenotypes produced via plasticity may be appro-
priately modelled as discrete (e.g. Lively, 1986; Moran, 1992; Padilla 
& Adolph, 1996; Sultan & Spencer, 2002). Organisms may commit to 
relatively discrete developmental states such as dormancy, maturity, 
motility (Braendle et al., 2006), sex or distinct morphologies associ-
ated with alternative male tactics (e.g. Rowland & Emlen, 2009) and 
defences against predators. Behaviours like migration to particular 
habitats may also be best modelled as choices from a discrete menu 
of options, rather than as the expression of a continuous trait. Traits 
that appear to vary discretely sometimes reveal continuous variation 
on close inspection (as discussed in Chevin & Lande, 2013). However, 
even when intermediate forms are developmentally possible, selec-
tion may render them inviable as in cases of intermediate migration 
direction or distance. The model below applies to both continuous 
and discrete traits, but specific results distinguish between the two 
types of responses.

2.2  |  Ecology and fitness

Consider a population with non-overlapping generations in which all 
individuals within a generation experience the same environment. 
Each generation experiences either environment A or environment 
B; the probability of each is equal and independent of previous en-
vironments. The fitness of an organism is determined by a Gaussian 
function: a single trait, z, is compared to the optimum trait value for 
its environment. Without loss of generality, these optima are set to 
+1 in environment A and −1 in environment B. The strength of selec-
tion is controlled by a parameter ω, with larger values corresponding 
to weaker selection.

These equations can be applied to either of the models of trait vari-
ability considered here: in the continuous model, z can have any real 

value, while in the discrete model, z can only have values in the set z 
∈ {−1, 0, 1}.

We can now consider plastic mutants in competition with a medi-
ocre generalist: a parental genotype that expresses the intermediate 
phenotype (z = 0) in both environments. Each plastic mutant is char-
acterized by its response p—how much its phenotype departs from 
the parent—and a parameter modulating cue reliability, r. A plastic 
genotype always produces a response—a phenotypic change rela-
tive to zero—of magnitude p; r measures how often that response 
improves, rather than worsens, the match between the phenotype 
and the environment's optimum. z therefore measues a realized phe-
notype in a particular environment, while p captures the magnitude, 
but not the direction, of an organism's plastic response. As such, a 
plastic individual produces the adaptive phenotype z = +p and z = −p 
in environments A and B, respectively, with probability r; however, 
with probability 1 – r, it produces the maladaptive phenotypes z = −p 
in environment A and z = +p in environment B (see Figure 1A). Given 
these assumptions, we set a minimum value of r of 0.5, which rep-
resents an uninformative cue, and examine mutations that improve 
cue reliability to values greater than one-half. Because unreliability 
in this model reflects a failure of the cue to predict the environment, 
within a generation all plastic individuals with the same r will either 
all produce the adaptive response, or all produce the maladaptive 
response—this assumption is relaxed in the metapopulation models 
below.

The appropriate measure for the average fitness of a genotype 
over multiple generations in a temporally varying environment is its 
geometric mean. We confine our attention to the case in which both 
environments are equally common. Therefore, the mediocre gener-
alist (z = 0) is superior to genotypes that constitutively produce ei-
ther z = 1 or z = −1 for any value of the ω parameter. Mutations that 
would change the constitutive phenotype away from zero would not 
be beneficial in either plastic or non-plastic genotypes and are not 
considered here. Given the symmetry of a base phenotype centred 
at zero, it is convenient to introduce another fitness function, wm, 
measuring the fitness given a mismatch m between the organism's 
phenotype and the optimal phenotype in its environment.

2.3  |  Shared, unreliable cues and constraints on the 
stepwise evolution of plasticity

Consider, first, the discrete model, with p = 1. When the cue is cor-
rect, this genotype achieves maximum fitness; however, when in-
correct, this genotype suffers a substantial mismatch between its 
phenotype and its environment. Because the geometric mean pe-
nalizes strategies with a high variance across generations in repro-
ductive success, we expect that plasticity may be disadvantageous 
when mistakes are common, even if the plastic response is appro-
priate more often than not (r > 0.5). Additionally, the Gaussian fit-
ness function is curved such that, near the peak, a larger mismatch is 

(1ab)wA(z) = exp

(
−

(z−1)
2

2�2

)
,wB(z) = exp

(
−

(z+1)
2

2�2

)

(2)wm(m) = exp

(
−

m2

2�2

)
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more than twice as bad as a mismatch of only half that size. We can 
quantify these effects with an equation for the selective coefficient 
of a plastic mutation with any p, relative to its non-plastic parent.

This simplifies to:

In the discrete case (p = 1), this yields s(1) = exp
(

(4r − 3)

2�2

)
− 1, 

indicating that r must exceed 0.75 to produce a positive selection 
coefficient. Put another way, a full-fledged plastic response, that is 
aligned with the environment 75% of the time is only just as fit as 
a non-plastic, mediocre generalist. In contrast, in models without 
shared uncertainty, r must only exceed 0.5 for plasticity to be selec-
tively favoured (e.g. Lively, 1986).

To investigate the continuous case, we note that the derivative 
of the expression p(4r − p − 2) with respect to p is 2(2r − 1 − p), from 

which we can observe that fitness is increasing with p when p = 0 as 
long as r > 0.5. Therefore, for any worthwhile cue (r > 0.5), there is 
a value of p greater than zero that increases fitness relative to the 
non-plastic parent. In fact, setting the derivative to zero, we find the 
optimal value of p for a given r.

This replicates a result in Gavrilets and Scheiner  (1993), who 
found, under similar assumptions, that the slope of the optimal 
plastic response is proportional to the covariance between the 
predicted and actual environment (with the parameterization here, 
this covariance is linearly proportional to r − 1

2
). It is also congruent 

with other analyses which demonstrate the intuitive idea that de-
creased uncertainty about future environments requiring different 
optimal responses will, when used optimally, always increase fitness 
(McNamara & Dall, 2010).

These results can now be applied to quantify constraints on 
the gradual evolution of cue reliability. Figure  1(bottom) plots the 
selection coefficients of both the discrete response, p = 1, and the 

s(p) =
exp

(
r lnwm(1 − p) + (1 − r)lnwm(1 + p)

)
wm(1)

− 1

(3)s(p) = exp

(
p(4r − p − 2)

2�2

)
− 1.

(4)p̂ = 2

(
r −

1

2

)

F I G U R E  1  Fitness functions (top) for environments A and B, along with example phenotypes. Selection coefficients for a plastic mutant in 
competition with a non-plastic generalist (bottom) as a function of cue reliability for discrete (p = 1) and continuous (p = 2

(
r −

1

2

)
) responses, 

with (c = 0.5) and without (c = 0) a substantial cost of reliability. In the discrete case, initial plastic mutations with moderate reliability are 
strongly disfavored, creating an evolutionary constraint on the evolution of plasticity. Costs may create a shallow valley of deleterious 
fitness values for continuous responses, even when a well-adapted response would be highly favoured (dashed orange line).
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optimal response, p = 2
(
r −

1

2

)
, for various values of r. If evolution 

proceeded in steps from r = 0.5 to r = 1, then organisms restricted 
to discrete responses would face a constraint posed by negative se-
lection coefficients at early steps. When continuous responses are 
possible, this obstacle is reduced but not eliminated: early steps are 
now weakly beneficial, rather than deleterious. In both cases, the 
constraint might be made more severe if plasticity carries costs be-
yond the penalties caused by mismatches, as is often assumed (e.g. 
Murren et al., 2015). Here, ‘costs’ are specifically a fitness burden 
linked to the ability to sense a cue and mount the plastic response; 
in a broader sense, mismatches caused by unreliable cues may be 
variously classified as ‘costs’ (Auld et al., 2010; Murren et al., 2015) 
or as ‘limits’ (DeWitt et al., 1998). To implement this type of cost, 
fitnesses were multiplied by 

(
1 − c

(
r −

1

2

))
, which penalizes fitness 

in linear proportion to the usefulness of the cue. As indicated by the 
dotted lines in Figure  1(bottom), if the ability to be plastic carries 
costs proportional to cue reliability, then those costs might outweigh 
the initial benefits of plasticity, even when a fully evolved plastic 
response would convey a net benefit.

3  |  SIMUL ATION METHODS

An asexual haploid version of the Wright-Fisher was used simu-
late evolution. The total population size, N, could be panmictic or 
divided in d demes, each with a population size n =

N

d
. Generations 

were non-overlapping and synchronous across demes. The life cycle 
proceeded as follows: first, consider n juvenile individuals assigned 
to a given deme. That deme was then assigned either environment 
A or B, with equal probability and independent of assignments of 
other demes. Next, a cue was provided, and juveniles develop their 
adult phenotypes. Cues are partially determined by genotypes, as 
described below. Fertility selection was then applied to determine 
the next generation, with fitnesses as defined by Equations 1a,b. 
This ordering of steps within the life cycle ensured that migration 
among demes did not affect cue reliability.

Genotypes were defined by two continuous-valued numbers: re-
liability (r) and response (p). During reproduction, a mutation could 
occur in either value or in both, with probabilities μr (1 − μp), μp (1 − μr) 
and μrμp, respectively. A mutation in r had an equal chance to in-
crease or decrease r by one step along the ordered set of possible 
alleles L, which together evenly spanned the interval [0.5, 1]. For ex-
ample, with L = 5, these allelic values corresponded to the set {0.5, 
0.625, 0.75, 0.875, 1.0}. Mutations that would increase r above one 
or below 0.5 were ignored. In the continuous model, a mutation in p 
replaced the parental value with a new one drawn from the uniform 
interval [0,1]. In the discrete model, mutation simply swapped a 0 for 
a 1 or vice versa. This house-of-cards model for mutation in the re-
sponse trait for the continuous model was chosen as the best point 
of comparison with the discrete model.

A model variant with recombination necessitated several 
changes. The r trait was now comprised of the effects of nr − 1 
unlinked loci, each with two possible alleles: ‘0’, indicating the 

absence of the corresponding contribution to reliability, and ‘1’ in-
dicating its presence. Reliability was then determined based on the 
sum of the alleles; for nr = 5, a sum of zero corresponded to r = 0.5, 
one corresponded to r = 0.625, two to r = 0.75, three to r = 0.875 
and finally four to r = 1. The p trait remained under the control of 
a single locus with a continuous range of alleles from 0 to 1 and 
was unlinked to the r loci. Organisms remained haploid, and there-
fore recombinant offspring were formed by first choosing two 
distinct parents, then selecting, with equal probability and inde-
pendently, which of the two parents would contribute the allele 
for each locus. Mutations occurred with the same rate as in the 
asexual model but were now specific to a uniformly chosen locus, 
changing its allele to the other possibility. This mutation model 
produces distinct behaviour relative to the one-locus, sequence-
of-alleles model considered above; in comparison, the probability 
that a mutation would increase reliability is higher when r is low 
and lower when it is already high. A limited number of simulations 
were performed with an alternative model of mutation, in which a 
mutation affecting the r trait caused the number of ‘1’ alleles either 
decreased (with a minimum of zero) or increased (with a maximum 
of nr − 1) with equal probability. This model variant was both less 
realistic and led to an increase in waiting times (data not shown), 
and was therefore not pursued further. A further variant of the 
model with recombination was examined in which the p trait mu-
tated by the addition of a Gaussian random variable with a mean of 
zero and various standard deviations. This was chosen to contrast 
with the house-of-cards model used elsewhere in the paper, pro-
viding smaller mutational perturbations.

When genotypes with different r values compete, it is necessary 
to specify their joint distribution of correct and incorrect inferences. 
For simplicity, I chose an implementation such that, if a genotype 
with a value ri received the correct cue, then all genotypes with val-
ues of r > ri would also receive the correct cue. For any sequence 
of environments, then, it was strictly as good or better to have a 
higher cue reliability. To implement this, in each generation a random 
number was drawn from the uniform interval [0,1]. Any genotypes 
with an r above this value would receive the correct cue, while those 
below the value received the incorrect cue.

To achieve a dispersal probability of d, dispersal and reproduc-
tion were coupled as follows. Each new individual in deme i and 
generation t was descended from an individual in generation t – 1; 
with probability 1 − d that parent would be drawn from deme i and 
with probability d that parent would be drawn from another deme, 
uniformly chosen from the alternatives. Parents were chosen by fer-
tility selection among the individuals within a deme. This algorithm 
was chosen because it ensures that each deme contains n individuals 
after reproduction while also ensuring that the expected value of 
the number of migrants is equal to Nd for large and very small values 
of d alike.

An exponential moving average with a memory parameter of 
0.01 was used to monitor mean fitness while each simulation was 
progressing; each simulation was ended when this moving aver-
age first exceeded 99.5% of its maximal value. For the simulations 
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pertaining to Figure 5, a replicate might be terminated either when it 
met the above criterion, indicating a well-adapted plastic response, 
or when the mean plastic response dropped below N−1, indicating 
loss of plasticity.

Confidence intervals were estimated by bootstrapping. For a set 
of x observed waiting times for a specific parameter combination, a 
resampling was performed by drawing, with replacement and uni-
form probability, a sample of size x. Quantiles at 2.5% and 97.5% 
of the distribution of medians across 100 000 independently per-
formed resamplings were then used as the boundaries of a 95% con-
fidence interval for the median.

4  |  RESULTS

To measure the degree of constraint on the evolution of plasticity 
imposed by shared uncertainty, direct costs of plasticity and the lim-
itation of discrete, all-or-nothing responses, I performed individual-
based simulations with a simple Wright-Fisher model in a large, 
haploid population (N = 10 000; see Section 3). To capture the idea 
of constraint caused by selection against middling cue reliabilities, r 
was allowed to evolve via stepwise movement through an ordered 
set of alleles evenly spanning [0.5, 1] and of length nr. For example, 
for nr = 5, r began at 0.5, was restricted to the values {0.5, 0.625, 
0.75, 0.875, 1.0}, and mutation could change r only to an adjacent 
value in this ordered set. This genotype–phenotype map models the 
progressive inclusion of more pieces of information or more com-
plexity in signal processing, yielding incremental improvement in 

reliability. In contrast, p was allowed to take any value between zero 
and one, and mutant values were chosen from the uniform distribu-
tion over [0,1]. Beginning with a uniform population of non-plastic 
generalists, simulations proceeded in discrete generations until a 
well-adapted plastic response had evolved or a maximum number of 
generations had been reached (see Section 3 for details). The meas-
ure of constraint was the median length of this waiting time.

Figure 2 shows that the evolution of plasticity was constrained 
when phenotypic responses were discrete, when more reliable cues 
were costly, and when multiple mutational steps were required to 
achieve high reliability. These effects appeared consistently across 
a range of mutation rates and could interact synergistically. For ex-
ample, waiting times always increased with genetic complexity (nr), 
but this effect was small for continuous responses without costs, 
and quite substantial for discrete responses with costs. Importantly, 
low mutation rates, high complexity and high costs can substantially 
constrain the evolution of plasticity, even when the phenotypic re-
sponse was free to vary continuously. If waiting time was instead 
measured as the time until the first mutant appeared with the maxi-
mal reliability allele (n = nr), then these times were somewhat shorter, 
as shown in Figure  S1. This change was only appreciable for the 
least-constrained case of continuous response, no-cost, confirming 
that long waiting times principally reflected the delay until the op-
timal genotype arrived in the population, not the delay for it to fix 
once produced.

Plasticity as modelled here is a complex adaptation, requiring 
several genetic elements, and therefore the tempo of its evolution 
might be quite different in a model with recombination. Figure S2 

F I G U R E  2  Median waiting times for the evolution of plasticity across response models (discrete versus continuous), costs (absent (c = 0) 
versus substantial (c = 0.5)), genetic complexities (nr = 4, 5 or 6 alleles) and mutation rates. Waiting time measures the number of generations 
until fitness is nearly maximized (see Section 3). Error bars, visible where they exceed the size of plotting symbols, depict 95% confidence 
intervals of the median as estimated via bootstrapping based on 100 000 resamplings. Number of replicates vary by treatment between 
approximately 30 and four hundred; the nr = 6 treatment for discrete response and c = 0.5 was omitted due to computational constraints. 
For all simulations, ω = 0.9 and N = 10 000. Mutation rate, μ, is defined as the probability of one or more mutations. Here, p and r have equals 
chances to mutate, μ = μr = μp, and the chances the p, r or both mutate are μp (1 − μr), μr (1 − μp) and μr μp, respectively.
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compares the nr = 5 data in Figure  2 to those from a model with 
free recombination between nr − 1 distinct reliability loci and a sin-
gle locus controlling p. Each of these reliability loci has two alleles 
encoding the presence (‘1’) or absence (‘0’) of a contributing factor 
to total cue reliability, and the sum of ‘1’ alleles is mapped onto the 
same sequence of reliabilities as in the asexual model (e.g. for nr = 5, 
zero ‘1’ alleles equals a reliability of 0.5, one corresponds to 0.625, 
etc.). Generally, recombination does not alter the basic patterns, al-
though it speeds the evolution of plasticity in the discrete response, 
no-cost case and slows it in the continuous response, high-cost case. 
Simulations in which p was also determined by multiple, unlinked loci 
did not reveal any sign that recombination could alleviate the con-
straint imposed by high cost and a continuous response (Figure S3a). 
Further simulations with multiple loci for both r and p, focusing in 
on a single mutation rate for the c = 0.5, continuous response case 
suggest that median waiting time rises monotonically with recombi-
nation rate (Figure S3b), further confirming that recombination is not 
a solution to the constraint modelled here. Because recombination 
did not change any qualitative conclusions from these analyses, it 
was not considered further.

4.1  |  Dispersal in a metapopulation partially 
relieves the constraint caused by shared, 
unreliable cues

If a habitat is comprised of multiple demes such that, within a genera-
tion, the demes vary independently in their environments and the reli-
ability of the cues they present (Figure 3), then plastic genotypes can 
convert shared uncertainty into individual uncertainty through disper-
sal. We can illustrate this effect by writing an equation for the selec-
tion coefficient of a plastic genotype spread equally across k demes.

Figure  3 plots this equation for discrete responses (p = 1) and 
several values of k, with choices of r corresponding to the first avail-
able mutant for nr = 3, 4 and 5. The benefit of averaging a genotype's 
performance across multiple independent demes is considerable, 
allowing the initial, low-reliability steps to be beneficial with k = 2 or 
3. As expected, the selection coefficient approaches the arithmetic 
mean fitness as k grows, confirming that it is the shared component 
of uncertainty that reduces selection for plasticity (Donaldson-
Matasci et al., 2013).

The results shown in Figure 3 suggests that the evolution of plas-
ticity may be less constrained in a metapopulation. However, a plas-
tic mutant must be able to disperse its descendants across demes 
to enjoy the benefits of this lessened constraint. A mutation is most 
vulnerable to extinction immediately after it has occurred, when it 

is very rare. To aid fixation of a plastic mutant, we can predict that 
dispersal rates would need to be quite high in order to spread those 
first few individuals carrying a mutation across multiple demes. To 
test this hypothesis, I measured waiting times to plasticity in simula-
tions similar to those above, but with a metapopulation divided into 
k demes. These simulations were performed for both discrete and 
continuous responses, with substantial costs (c = 0.5) and for single, 
intermediate values of mutation (μ = 1 × 10−4) and complexity (nr = 5). 
Here, dispersal moves organisms before they develop and undergo 
selection (see Section  3). Therefore, in contrast to many models 
that have examined plasticity in metapopulations (e.g. de Jong & 
Behera, 2002; Scheiner & Holt, 2012), dispersal itself, as modelled 
here, does not introduce additional cue unreliability.

As shown in Figure  4, dispersal can shorten the waiting time 
for plasticity by several orders of magnitude. This effect does not 
quickly saturate with increasing dispersal; as predicted, dispersal 
must be very high to effectively remove shared uncertainty when 
the lineage of a plastic mutant is small and most vulnerable to ex-
tinction. Increasing the number of demes also lessens the waiting 
time by providing further opportunity for dispersal to decouple the 
fates of members of a mutant cohort, as expected from the results 
in Figure 3.

After plasticity has invaded and been refined, it may still be 
vulnerable to loss if the relationship between cues and future en-
vironments is disrupted by environmental change (Figure 5a). To in-
vestigate this dynamic, I simulated a discrete, costly (c = 0.5) plastic 
response that had fixed in a 16-deme metapopulation, then experi-
enced a drop in cue reliability to r = 0.625. At this r, plastic genotypes 
are locally disfavored (Figure 1) compared to non-plastic generalist 
mutants, but are still favoured overall if their population remains dis-
tributed across the entire metapopulation (Figure 3). Based on this 
mismatch between local and global fitnesses, I predicted that plastic 
genotypes would decline more slowly in populations with high dis-
persal, providing a longer period in which adaption could improve 
cue reliability and retain plasticity. To test this prediction, the model 
was first simulated without mutations capable of restoring reliability 
(μr = 0), revealing that the time until non-plastic mutants displaced 
the plastic genotype increased exponentially with the probability of 
dispersal (Figure 5b). When r was allowed to evolve, this slower rate 
of loss with higher dispersal translated into a much greater chance 
that plasticity re-evolved high reliability and was retained, rather 
than lost (Figure 5c).

5  |  DISCUSSION

This paper explores how shared uncertainty creates a constraint on 
the evolution of plasticity, and how this constraint can be largely 
overcome when responses are free to vary continuously and when 
high rates of dispersal decouple the fates of individuals in a mutant 
lineage. These models require that the initial mutational steps to-
wards adaptive plasticity are constrained by a combination of low 
reliability of predictions about future environments and shared 
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mistakes in these predictions across a cohort. One possible cause for 
both issues is that initial plastic genotypes represent an incomplete 
model of a complex relationship between cues and future environ-
ments. An incomplete model might appear as overgeneralization—
producing the same response to circumstances that impose different 
selective pressures, as in the snail fish example mentioned above 
(Langerhans & DeWitt, 2002). Beyond this kind of cue complexity, 
some environments might require organisms to evolve a non-linear 
response to make the best use of the information contained in a 
cue. More generally, cue reliability might, in some cases, be liable 

to improvement if organisms evolve to sense a cue more quickly or 
to mount a more rapid response (Burton et al., 2022). Theory has il-
lustrated several ways in which the genetic architecture underlying 
plasticity can influence its evolution (e.g. Draghi, 2019; Scheiner & 
Holt,  2012). The results here further motivate close experimental 
attention to the mutational steps that underlie both developmental 
responses and the information gathering and processing steps that 
inform those responses.

The focus here on waiting time highlights subtle roles of costs 
that would be missed in models concerned only with optimality. 

F I G U R E  3  Cue-environment relationships and fitnesses in a metapopulation. Left: Examples of environmental states (A or B, black lines) 
in four demes. The green lines depict the predictions given by cues with r = 0.625. Note that within a generation, demes may share the same 
environment but differ in whether the cue is informative. Right: Selection coefficients for a discrete plastic response based on Equation 5 
(points) compared to the selection coefficient for arithmetic mean fitnesses (rwm(1 − p) + (1 − r)wm(1 + p)) for that value of r (dotted lines). 
The chosen values of r correspond to the first available mutant in the r trait for nr = 3, 4 and 5.
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F I G U R E  4  Median waiting times for the evolution of plasticity in metapopulations. Black lines indicate the comparable medians for 
panmictic populations, as plotted in Figure 2. Waiting time measures the number of generations until fitness is nearly maximized (see 
Section 3). Error bars, visible where they exceed the size of plotting symbols, depict 95% confidence intervals of the median as estimated 
via bootstrapping based on 100 000 resamplings. Number of replicates vary by treatment between approximately 200 and 600. For all 
simulations, ω = 0.9, c = 0.5, nr = 5, μr = μp = 1 × 10−4, and N = 10 000.
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Here I assumed that costs are linearly proportional to the infor-
mation captured in the cue. This linear cost models a scenario in 
which reliability can be increased by perceiving multiple cues, each 
with its own attendant gene products and requirements for infor-
mation gathering. In some circumstances, the costs of increases in 
cue reliability might be greater than linear (Koops, 2004). As noted 
by Fischer et al. (2011), small plastic phenotypic responses are un-
likely to provide a benefit that outweighs the costs of components 
necessary to sense and respond to a complex environment. As 
shown here, under conditions of shared uncertainty the benefits 
of plasticity increase slowly at first with increasing r, leading to a 
fitness valley in which costs outweigh benefit at middling values 
of r. Therefore, costs might prevent the evolution of plasticity in 
some species or populations, while those same costs would ap-
pear insufficient to act as a constraint in populations that have 
evolved well-adapted plastic responses. While a number of models 
have looked at the constraining effects of distinct types of costs 
of plasticity, including low reliability (e.g. Lande, 2014; Siljestam & 
Östman, 2017), the approach of comparing costs and benefits in 
nascent plastic mutants is much less studied (though see Ernande 
& Dieckmann, 2004). Costs of plasticity have often been looked 
for but have generally been found to be weak or absent (Murren 
et al., 2015; Van Buskirk & Steiner, 2009). However, failure to find 
strong, consistent costs in nature does not imply that costs of 
plasticity play no role in explaining plasticity's distribution. If plas-
ticity fails to evolve when and where its costs would be high, then 
those costs would help explain plasticity's limited distribution 
while remaining largely hidden from observational studies. The 

bias in extent species introduced by these costs is also amplified if 
plasticity helps populations avoid extinction (Botero et al., 2015; 
Chevin et al.,  2010; Reed et al.,  2010). Therefore, the influence 
of costs may best be addressed empirically by using tools, such 
as experimental evolution of plasticity, that allow direct com-
petition between genotypes that differ in plasticity (see Chevin 
et al., 2013; Scheiner, 2002).

Dispersal among demes plays a very specific role in this model: 
reducing the variance in fitness between generations of an imperfect 
plastic genotype. A similar idea was explored by Ratcliff et al. (2015), 
who considered diversifying bet-hedging as an adaptation to rare 
disasters that cull individuals with randomly chosen phenotypes. 
In their model, organizing the population into fewer demes inten-
sified selection for diversifying bet-hedging. If, following Starrfelt 
and Kokko (2012), we consider dispersal as akin to diversifying bet-
hedging, then Ratcliff et al.'s result applies to the initial plastic lin-
eages considered here, which are subject to ‘disasters’ in the form 
of local cue-environment mismatches. Just as the role of dispersal in 
the models here can be linked with diversifying bet-hedging, contin-
uously varying phenotypic responses, with magnitudes proportional 
to reliability, can be seen as conservative bet-hedging. Essentially, 
by producing a response smaller than that needed to actually attain 
the optimum fitness, organisms are declining to fully commit to the 
prediction provided by a partially reliable cue and therefore hedging 
against predictive failures. This reinterpretation of previous results 
shows that the concept of bet-hedging unites the two routes consid-
ered here, represented by Equations 4 and 5, around the constraint 
caused by shared uncertainty.

F I G U R E  5  Loss or retention of plasticity after an environmental perturbation. Panel a: Diagram of the modelled scenario, in which a 
well-adapted, plastic genotype (upper-right corner) loses cue reliability due to an environmental change. If this loss is sufficiently severe, 
then the population has two paths towards higher fitness: loss of the plastic response or re-evolution of higher reliability. Median time until 
plasticity was lost (for μr = 0, panel b), and frequency with which it was retained (for μr > 0, panel c), after a drop in cue reliability to r = 0.625. 
Colours represent different rates of mutation in the r trait, relative to the rate for the response trait, μp. Simulations were performed in 
metapopulations fixed for a discrete plasticity response with sixteen demes, ω = 0.9, N = 10 000, c = 0.5, μp = 1 × 10−4 and nr = 5. Loss time 
measures the number of generations until the mean value of the response is less than 1/N. Error bars, visible where they exceed the size of 
plotting symbols, depict 95% confidence intervals of the median as estimated via bootstrapping based on 100 000 resamplings.

(a)
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A number of previous models have examined other impacts of 
dispersal and spatial heterogeneity on plasticity, finding mechanisms 
that both favour and oppose the evolution of plasticity. Such models 
are also diverse, covering scenarios for which demes vary in optimal 
phenotype (Scheiner, 1998; Tufto, 2000) or in the local distribution 
of each environment (Sultan & Spencer, 2002). When demes vary 
temporally and also differ in how often each environmental state oc-
curs in each deme, dispersal exposes lineages to more heterogeneity 
and is generally favourable to the evolution of plasticity (Sultan & 
Spencer, 2002). More generally, behaviour, including habitat choice 
and construction, mediates how environmental heterogeneity is 
experienced by organisms in complex ways (Edelaar et al.,  2017; 
Scheiner, 2016; Snell-Rood & Steck, 2019). However, temporal het-
erogeneity can also decrease cue reliability if environments change 
after development but before selection (de Jong, 1999; de Jong & 
Behera, 2002; Scheiner, 2013; Scheiner & Holt, 2012). To focus on 
the influence of dispersal on shared uncertainty, the model here was 
designed to remove these previously studied effects. By maximizing 
temporal environmental variation, dispersal cannot further increase 
the effective heterogeneity experienced by a lineage. By ordering 
development after dispersal, dispersal cannot add to cue unreliabil-
ity. Recent theory on the symmetry between spatial and temporal 
variation demonstrates the subtle, multiple effects of dispersal on 
plasticity (King & Hadfield, 2019), justifying the focused approach 
taken here. While the results here further motivate the prediction 
that the evolution of higher dispersal can sometimes increase the 
selective benefit of plasticity (Scheiner et al.,  2012), future work 
should further test this prediction in a complex model synthesizing 
these several effects of dispersal into a single framework.

While the adaptive evolution of plasticity may begin from start-
ing points with low reliability, environmental change may also dis-
rupt the relationship between signals and predictions (Bonamour 
et al.,  2019; Chevin & Lande,  2015), leaving once well-adapted 
organisms with low-reliability cues with shared uncertainty. The 
results here show that dispersal may play a substantial role in sup-
porting the adaptive recovery of reliability and preventing the dis-
placement of plastic genotypes by non-plastic and ultimately less fit 
generalists. High dispersal can be essential for the coexistence of 
species (e.g. Lowe & McPeek, 2014) and the survival of metapopu-
lations (e.g. Gyllenberg et al., 2002). Here, we explore its role in pre-
venting the extinction of a strategy rather than a species, although 
the two are connected: retention of plasticity may also predispose a 
population to surviving future threats to its existence.

While this study focuses on within-generation plasticity, cue 
reliability is key to plastic responses at both shorter and longer 
time scales of trait determination. Transgenerational plastic re-
sponses may have lower reliability due to a longer period between 
cue and response, but may also allow for plastic responses that, if 
induced within-generation, would be too slow to be useful (Bell & 
Hellmann,  2019; Bonduriansky,  2021). Organisms can also com-
bine information from maternal cues, direct observations, and 
other sources to mount an adaptive plastic response that integrates 
over these time scales (Leimar & McNamara,  2015; McNamara 

et al., 2016; Stamps & Frankenhuis, 2016). The downside of attend-
ing to partially reliable cue modelled here—the chance of shared, 
incorrect responses—may be mitigated when individuals react dif-
ferently to the same stimulus as a reflection of diverse Bayesian pri-
ors (Stamps & Frankenhuis, 2016). Dey et al. (2016) found benefits 
to plastic maternal effects with both predictable and unpredictable 
temporally variation but were surprised not to observe the evolu-
tion of bet-hedging in the unpredictable case; subsequent theory 
(Proulx & Teotonio, 2017) examined in more detail how cue reliabil-
ity, among other factors, favours deterministic rather than randomly 
varying maternal effects.

Plasticity also encompasses learned behaviours (Chenard & 
Duckworth, 2021), and whether and how organisms should respond 
to partially unreliable cues is addressed in models of learning and 
optimal behaviour (Carazo & Font, 2014; Dall et al., 2005; Dunlap & 
Stephens, 2009; Koops, 2004; McLinn & Stephens, 2006; Munoz & 
Blumstein, 2012). Such models can also predict that organisms are 
best off ignoring unreliably cues if the costs of mistakes are very 
high (Koops, 2004), echoing the evolutionary results presented here. 
Behavioural models have additionally considered how the spread of 
social information can lead to shared, incorrect responses (Giraldeau 
et al.,  2002). In economics, the distinction between shared (‘sys-
temic or ‘aggregate’) and individual (‘idiosyncratic’) uncertainty is 
also considered in models of investment behaviours (e.g. Robson 
& Orr, 2021). These overlaps suggest that evolutionary insight may 
be gained by integrating studies of the evolution of plasticity with 
the broader community of scientists who study adaptive decision 
making.

Simulation models of the evolution of plasticity typically focus 
on results at evolutionary equilibrium, determined in practice by an 
absence of further change over many generations. While a reason-
able approach to the limitations of simulation, this method does have 
a few shortcomings. The results here illustrate that the waiting time 
until plasticity evolves can differ by orders of magnitude with modest 
variation in parameters like costs and dispersal rate. It might there-
fore be difficult to find all situations in which plasticity might evolve 
with simulation, though good practices—like initiating replicate pop-
ulations from varied starting genotypes (e.g. Scheiner,  2014)—can 
minimize this problem. Other issues with this approach arise from 
the limited scope of typical studies, which might examine interac-
tions among only a few distinct evolutionary outcomes. For a start, 
populations might face extinction before solutions like plasticity 
can evolve (Gomulkiewicz & Houle,  2009). Additionally, plasticity 
should ideally be modelled as one possible solution to environmen-
tal heterogeneity (Edelaar et al., 2017). In addition to plasticity and 
bet-hedging, organisms might specialize on preferred habitats (King 
& Hadfield, 2019; Poisot et al., 2011; Ravigné et al., 2009), or alter 
poor habitats via niche construction (Odling-Smee et al.,  1996). 
These competing solutions might arise instead of plasticity if the 
waiting time for the evolution of plasticity is particularly long, and 
if the adaptive benefits of these alternatives preclude plasticity 
from evolving. These two issues both express the idea that quan-
titative differences in evolvability become qualitative constraints 
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when some possible outcomes preclude others (Gomulkiewicz & 
Houle,  2009). Therefore, efforts to predict evolvability in quanti-
tative detail may pay dividends towards understanding the broader 
picture of evolutionary constraint in nature.

The failure of recombination to improve the rate of adaptive evo-
lution (Figures  S2 and S3) can be explained by contextualizing the 
constraints present here as a case of crossing adaptive valleys—i.e. 
combining epistatic mutations that are individually deleterious but 
beneficial together. Sexual recombination plays a complex role in the 
presence of epistasis (e.g. Kondrashov & Kondrashov, 2001), creating 
novel groupings of alleles but also breaking up favoured combinations 
(e.g. Neher & Shraiman, 2009). On balance, high recombination rates 
can worsen the expected time to cross adaptive valleys (Weissman 
et al., 2010). Here, when costs are present, initial increases in either 
trait response (p) or cue reliability (r) are individually deleterious, even 
when well-adapted plasticity is very favourable. The two traits, and 
therefore the alleles that comprise them, therefore interact epistati-
cally to determine fitness. Numerical exploration of this model did not 
find any rates of recombination that accelerated evolution compared 
to the asexual case. Future work could apply the mathematical theory 
of valley-crossing to the model considered here and might either find 
parameter regimes in which low rates of recombination do speed ad-
aptation or explain their absence.

Central premises of this model are that increases in reliability 
are discrete, representing the integration of additional cues, and 
that all individuals with the same reliability perceive, and react to, 
the environment in the same way. Future work could productively 
challenge both premises. In particular, errors, or simply differences 
across individuals, in how they perceive or respond to cues might 
reduce the benefits but also the costs of plastic responses in situ-
ations of shared uncertainty. Results in Wolf et al.  (2015) suggest 
some circumstances in which individual errors might make a low-
reliability cue more favourable, and future work could generalize this 
prediction.

After decades of study, interest in fundamental questions 
about phenotypic plasticity remains quite high (Forsman,  2015; 
Pfennig, 2021). Much of this interest can be attributed to the rel-
evance of plasticity for adaptation to a rapidly changing planet (e.g. 
Chevin et al., 2010). Plasticity can potentially facilitate persistence in 
changed habitats (Diamond & Martin, 2021; Snell-Rood et al., 2018) 
and invasion of new ones (Davidson et al.,  2011; Snell-Rood & 
Steck, 2019), and is also implicated in diversification and the evolu-
tion of novelty (e.g. Levis et al., 2018; Levis & Pfennig, 2021). More 
fundamentally, describing limits on the evolution of plasticity seems 
like a key component of a broad theory explaining biological diver-
sity. The absence of perfectly plastic species, able to thrive in any 
niche, allows for the rich array of often quite specialized organisms 
that characterized biodiversity.
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