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Abstract

chaneging—eonditions—the—rate-Dispersal is key to understanding ecological and evolutionary dynamics.

Dispersal may itself evolve and exhibit phenotypic plasticity. Specifically, organisms may modulate their
dispersal rates in response to the density of their conspecifics (density-dependent dispersal) and their
own sex (sex-biased dispersal). While optimal dispersal plastic responses have been derived from first
principles, the genetic and molecular basis of dispersal plasticity evelition—willimpact-eco-evolutionary
dynamies—of range—expansions— Rates—of—evelution—in—turn—depend—on—has not been modelled. An
understanding of the genetic architecture of underlying—traits— To—elueidate—this—interplaydispersal
plasticity is_especially_relevant_for understanding dispersal evolution during rapidly changing spatial
ecological conditions such as range expansions. In this context, we develop an individual-based metapop-

ulation model of the evolution of density-dependent and sex-biased dispersal during range expansions.
We represent the dispersal trait as a gene-regulatory network (GRN), which can take population density
and an individual’s sex as an input and analyse emergent context- and condition-dependent dispersal
responses. We compare dispersal evolution and ecological dynamics in this GRN model to a standard
reaction norm (RN) approach under equilibrium metapopulation conditions and during range expan-
sions. We find that under equilibrium metapopulation conditions, the GRN model produces emergent
density-dependent and sex-biased dispersal plastic response shapes that match the theoretical expecta-
tion of the RN model. However, during range expansion, the GRN model leads to faster range expansion
because GRNs can maintain higher adaptive potential. Our results imply that, in order to understand
eco-evolutionary dynamics in contemporary time, the genetic architecture of traits must be taken into

account.
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Introduction

Dispersalis-eentral-to-understanding-the-Dispersal is key to understanding both ecology and evolution ef

=)

the population dynamics of organisms and the distribution of their genes (Ronce, 2007; Govaert et al., 2019)

._Further, not only may dispersal evolve in response to spatio-temporal variation in fitness expeetationexpectations,
kin structure, and inbreeding avoidance (Bowler and Benton, 2005)—Net-enly—ean—dispersal-evelve, but
it is—new—also-also_exhibits phenotypic plasticity. While it is recognised that dispersal is—not—randenm

can respond to the internal state
(condition-dependent dispersal; Clobert et al. 2009) and the external environment (context-dependent
dispersal) of an organism (Fronhofer et al., 2018)—As-a—ceonsequeneethe-shape-of-, the consequences of

accounting for underlying molecular and genetic processes that generate dispersal plasticity are unclear

Saastamoinen et al., 2018). In the present study, therefore, we will outline as proof-of-concept how

accounting for the genetic basis of dispersal plasticity in models can impact our understanding of

dispersal evolution. We focus on two examples of dispersal plastic responses that have been well-studied:
density-dependent (Harman et al., 2020) and sex-biased (Li and Kokko, 2019) dispersal.
Dispersal rates of organisms show plastic responses to local population density and may increase

) decrease
(negative density-dependent dispersal-dispersal), or even be unimodal (reviewed in Harman et al. (2020)).
Theoretical work has focused on the evolution of positive density-dependent dispersal, which evolves when

there is negative density-dependence in density regulation (Gyllenberg and Metz, 2001; Poethke and Hovestadt, 2002

. _If individuals are present in a patch that has a smaller population density than an average patch,
they experience less competition and, therefore, tend to stay in their natal patch (no dispersal), and
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—those in patches with higher
than average densities tend to leave their natal patch with a probability that increases with local
opulation density due to increased competition (Gyllenberg and Metz, 2001; Poethke and Hovestadt, 2002

. Many theoretical studies have assumed different shapes of positive density-dependence: linear (Travis and Dytham, 1999

or sigmoid (Kun and Scheuring, 2006; Bocedi et al., 2012; Travis et al., 2009). However, the theoretical

expectation in discrete time models is given by a function in which dispersal is zero below a threshold
and then increases in_a saturating manner beyond it (Poethke and Hovestadt, 2002). _Apart from a
simulation experiments (Hovestadt et al., 2010). Similarly, sex-biased dispersal +-Gres-et-al—2008:-Gros-et-al—2609

is known to evolve due to asymmetry in limiting resources, kin competition, or inbreeding depression
(Li and Kokko, 2019). When females mate with a randomly chosen male, this leads to the evolution of
male-biased dispersal, that is, males tend to disperse more than females, since they experience greater
variability in mates, which is a limiting resource (Gros et al., 2009).
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—Alternativelya-plastic response can also be obtained by other methods. A function value trait approach

has been used in which different “loci” represent the trait value corresponding to a given environment
(Dieckmann et al., 2006) or differing internal conditions (Gros et al., 2009). Finally, some studies have
relied on polynomials if the function-valued trait approach was too computationally demanding (Desh-
pande et al., 2021). Closer to the present study, Ezoe and Iwasa (1997) standardised a neural network

model against analytically derived reaction norms for density-dependent dispersal.

However, fundamentally, these optimal reaction norms must have an underlying molecular and genetic

basis (Saastamoinen et al., 2018), that is, there must be a genotype-to-phenotype map (Alberch, 1991; Nichol et al., 2019

that can process internal states and environmental conditions, leading to the emergence of plastic re-
sponses at the phenotypic level.
One such representation of a genotype-to-phenotype map is the gene-regulatory network (GRN) model

proposed by Wagner (1994) -

and its variants (Spirov and Holloway, 2013). While this is still a highly simplified representation of

molecular processes that generate plasticity, gene-regulatory networks-not-onlyprovides-a-mechanismfor

i Chevin-et-al;—2022)but-alserevealsnetwork approaches can reveal how phenotypic plasticity modi-
fies evolvability by introducing developmental constraints (Draghi and Whitlock, 2012; Brun-Usan et al.,

2021). For example, under conditions of rapid environmental change, Draghi and Whitlock (2012) medel
modelled phenotypic plasticity of two correlated quantitative traits using a model combining GRN and
quantitative genetics approaches. They find-found that plastic populations, which evolve in heterogeneous
environments and have genes that receive an input from the external environment, exhibit evolvability in
the direction of the-environmental variation and adapt most easily. van Gestel and Weissing (2016) meodel
modelled bacterial sporulation using a GRN approach, incorporating phenotypic plasticity by allowing
the regulatory genes to receive environmental inputs, and find-found that a GRN approach allows for
greater diversity in the response to novel conditions than a classical reaction norm approach, capturing

a greater adaptive potential.



v Thus, one context in which accounting for molecular mechanisms for dispersal plasticity may be
relevant is understanding rapid evolution during directional change, such as during range expansions
o (Miller et al., 2020). How quickly organisms spread in space depends, besides reproduction, centrally on
dispersal. Since dispersal has a genetic basis (Saastamoinen et al., 2018) and can evolve (Ronce, 2007)
1w, the potentially rapid evolution of dispersal ability can impact range expansion dynamics, but, vice
versa, range expansions can also drive dispersal evolution by spatial sorting and selection, wherein
i more dispersive individuals end up at_the range expansion front (Shine et al, 2011). It has also been

shown that the speed of range expansions depends critically on whether dispersal increases or decreases

136 et al., 2013). In theoretical work, density-dependent dispersal can

lead to accelerating range expansions (Travis et al., 2009), due to the evolution of decreased positive

s density-dependence of dispersal at range fronts. Yet, experimental studies have shown both, reductions

Fronhofer et al., 2017; Dahirel et al., 2021, 2022) and increases (Mishra et al., 2020) in positive density-dependence

uo of dispersal during range expansion.

Building on this work, we posit that gene-regulatory networks can be used to model dispersal plas-

w2 ticity. Using this bottom-up approach, we here seek to understand whether processes at the molecular
level, particularly ;gene-regulationgene regulation, yield a similar plastic response to the phenotypically

u  theoretically predicted optimal reaction norm (Poethke and Hovestadt, 2002) in the case of density-
dependent dispersal. Hence, we develop an individual-based metapopulation model, in which dispersal

us can evolve to be plastic to local population density. We represent the genetic architecture of density-
dependent dispersal using a GRN +that takes as an input the local population density, regulatory genes

us process this input and finally output a continuous dispersal probability trait. We compare the GRN
model to the theoretically expected reaction norm (RN) shape proposed by Poethke and Hovestadt

150 (2002). Finally, we also investigate whether such a match to theoretical expectations holds if dispersal

can additionally be sex-biased (Li and Kokko, 2019);

152 ._To highlight how the genetic architecture of dispersal plasticity impacts predictions under condi-

tions of rapid change, we model range expansions
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Thus, eoneretely—in this study, we address the following questions: 1) Does a more mechanistic GRN

model of plasticity lead to the emergence of what is predicted from first principles at the RN level? 2)
What are the ecological and evolutionary consequences of a more complex but mechanistic model under

native equilibrium metapopulation conditions and during range expansions?

Model description

General description

We develop a discrete-time and discrete-space individual-based metapopulation model of a sexually repro-

ducing -diploid species in which dispersal can evolve and be plastic to eertain-external-eues-and-internal

stateslocal population density and sex. Density regulation is local within a patch of the metapopulation,

and local dynamics follow a Beverton-Holt model of logistic growth (Beverton and Holt, 1957). We rep-
resent the genetic basis of an individual’s dispersal trait by a Wagner-like (Wagner, 1994) gene-regulatory

network (GRN), that takes as input and processes external-enes-and-internal-states-population density as

an external cue and sex as an internal state, producing as an output its dispersal probability (Fig. 1 A, C).

dispersaly—In order to compare our model to the theoretically expected plastic response in the cases

of density-dependent dispersal and density-dependent and sex-biased dispersal, we develop additional

models (Fig. 1 B, D) using the reaction norm approach described in Poethke and Hovestadt (2002).
Individuals are initially present in the central 10 x 5 grid-patches of out of a 500 x 5 grid landscape, for

20000 generations (time-steps), in order for the dispersal genotypes to reach (quasi)-equilibrium. We then

these individuals can start range expansion in the z-dimension after 20000 generations. Therefore, the

boundary conditions in the z-direction are reflecting for the first 20000 generations. In the y-direction,
boundary conditions are petriedietoroidal, hence the landscape resembles a hollow tube. Range expansions

can take place till the expanding population has moved 245 patches from the central 10 x 5 patches in

either direction along the x-dimension. Range expansions stop when the expanding population reaches
the boundary of the landscape in the xz-dimension.
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Life cycle
Dispersal

We assume that dispersal is natal. The probability that an individual disperses is given by its genetically
encoded plastic response to local population density (Fig. 1 A-B) alone or local population density and
sex (Fig. 1 C-D). The plastic response may either be encoded by a GRN or the threshold (Fig. 1 A, C) of
a theoretically expected reaction norm (Fig. 1 B, D). If an individual disperses, one of the eight nearest
neighbouring patches (Moore neighbourhood) is chosen as the target patch. Dispersal costs (Bonte et al.,
2012) are captured by the dispersal mortality u, which is the probability that an individual dies while

dispersing.

Reproduction and inheritance

After dispersal, individuals reproduce sexually. The population dynamics in a patch follow the Beverton-

Holt model of logistic growth (Beverton and Holt, 1957):

Ao

Nac t+1 :Nx tT . __ar
Y, Y 1+aNx)y,t

(1)

Here, \g is the intrinsic growth rate, and « is the intra-specific competition coeflicient. This model

reaches an expected equilibrium density of N = 22=1 in the absence of spatial structure for \g > 1. A

female first chooses a mate at random, and then produces a number of offspring drawn from a Poisson

2o

distribution with a mean TFaN. 1

. The factor of 2 corrects for that-the fact that only females reproduce
and keeps )\ interpretable at the population level. The offspring inherit the alleles to the various param-
eters to-the-GRNof the GRN, or the threshold of the theoretically expected reaction norm, one from each
parent at each locus. In the GRN model, we assume that the per locus per allele mutation rate decreases
linearly from 1m0 = 0.1 t0 My = 0.0001 in the first 5000 time steps and is constant after (Deshpande
and Fronhofer, 2022). Since the GRN model has a large number of parameters, using larger mutation

rates initially allows the fitness landscape to be coarsely explored quickly without the trait value getting

stuck in a local optimum.

throughout the simulation. The mutation effects per allele per locus for both models are drawn from
Gaussian distribution with a standard deviation g, = 0.1,

Generations are non-overlapping, therefore, the offspring generation replaces the parental generation.

In addition, we assume that there may be random patch extinctions every generation with a probability

of € per patch. These extinctions represent density-independent, catastrophic external impacts.

ing-In the RN model, muyin = Mimax = 0.0001
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Gene-regulatory network (GRN) model

a-The genetic basis of density-dependent and sex-biased dispersal is modelled by a modified Wagner-like
Wagner, 1994) gene-regulatory network {Deshpande-and Fronhofer,2022)—Sinece-in-our-model-dispersal

5T : I et vefollow-the-modif RS etothe Wasne 094

model-byDraghi-and-Whitleek{2042ymodel (Deshpande and Fronhofer, 2022). We assume that the

dispersal probability d results from the linear combination (Draghi and Whitlock, 2012) of equilibrium

ene expression states Sq* of n = 4 genes that interact with each other. We assume that individuals
ean-sense-their-external-conditions—{here;organisms can detect local population density but—thiseanbe

Meore-coneretelythe-(Fellous et al., 2012; Fronhofer et al., 2015) and their own sex, which can produce
a plastic response in their gene expression, hence, their dispersal trait. Thus, these genes take as

input the population density normalised by the expected equilibrium density of the Beverton-Holt model
N =222 and sex (0 and 1 for female and male, respectively) of an organism (Fig. 1 A, C). The gene-
regulatory network has three layers: an input layer (which-takesthe-external-eveandfor-internal-statex ;
taking population density and sex as cues), a regulatory layer (Sq(I); vector of gene expression states
corresponding to an iteration I of the developmental process), and an output layer (the-d; the dispersal

robability trait) (van Gestel and Weissing, 2016). These layers are connected to each other by matrices

of weights: the input weights (Uy), regulatory weights (W) and output weights (V4). The expression

state of a gene is a sigmoid function of the input it receives from the environment and other genes
Siegal and Bergman, 2002) and can take values between —1 and 1. Each gene has its own properties: a

slope (rg4) and a threshold (6,) —Fherefore—the-genotype-of-anindividualis-givenbythese-weightsa
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other-sex-dependent-developmental-eteto this sigmoid. The slopes and thresholds of all genes, along with

the elements of the input, regulatory, and output weight matrices, are encoded by a diploid locus each
with two alleles. The mid parental value at each locus is used to iterate through gene expression states
according to equation Eq. 2.

Thus, the developmental process for the dispersal trait is characterised by the following difference
equation (Deshpande and Fronhofer, 2022) where Sq([) is the vector of gene expression states for n genes

and m inputs at each iteration of the developmental process:

Sai(I+1) = 2 -1 (2)

1+ exp(—ra,i (S2) Udgatas + Sopet Wak,iSan(I) — 0a,)

equilibrium gene expression states S7; are obtained after I = 20 iterations. We-diseard-Individuals with

GRNs that do not reach a—fixed—peint-steady state equilibrium by—this-time-at this point die (Wagner,

1994). The dispersal probability is then calculated as the linear combination of these equilibrium gene
expression states (Draghi and Whitlock, 2012) as:

Reaction norm (RN) model
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Many—different-modelshave-been—usedtorepresent—We compare the plastic response that arises in the
GRN model to the theoretically expected optimal reaction norm (RN) derived from first principles for

density-dependent dispersal

)

whieh—(Poethke and Hovestadt, 2002). In discrete time metapopulation models with logistic growth,

dispersal probability is

expected to be 0 below a threshold local
opulation density and increase in a saturating manner with it. Thus, dispersal probability d is given by:

d 0 0 S % < Cthresh (4)
1-— N% otherwise.
x,y,t

Wﬁglocal population density

{Hevestadtet-al—2000)—The-thresheld-normalised by the expected equilibrium population density, and
Cy is the threshold density, which can be optimised by simulations (Poethke and Hovestadt, 2002).

Thus, in the RN model, we assume that the threshold density Cinresn is genetically encoded by a single
diploid locus with two alleles. N-is-the-expeeted-equilibrivm-population-density—
%&Mloczﬂ population density normalised—by—the—expeeted—equilibrivm

population—density—N, and disperse with a probability given by equation Eq. 4.
We also extend this approach to sex-biased and density-dependent dispersal by encoding two differ-

ent threshold normalised densities as two loci, Cipresh,pmr and Cinpesh, - Cihresh,mr is expressed if the

individual is &-male, and Cipresn, r is expressed if the individual is female.

Analysis

We analyse both GRN and RN models (Fig. 1) for density-dependent dispersal (GRN DDD and RN
DDD) alone and for density-dependent and sex-biased dispersal (GRN DDD + sex bias and RN DDD
+ sex bias). Model parameters are found in Table 1. Since dispersal evolution ultimately is driven by

costs and benefits, we run 50 replicate model simulations for dispersal eests—t—=-0-04-0-1-0-3-mortality
€ {0.01,0.1,0.3} and a random patch extinction risk of e=0:6-85:6-1c € {0,0.05,0.1}. We first compare
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A Regulatory population

genes density

Cthresh  Dispersal
probability
Normalised Reaction norm
population threshold locus
density Poethke and
ovestadt, 2002)
Dispersal
probability
Norrr}alised
Regulator population
C ger?es y denSIIy
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ovestadt, 2002)

Input layer  Regulatory layer Output layer

Figure 1: GRN (A, C) and RN (B, D) models for density-dependent (A-B) and density-dependent
and sex-biased dispersal (C-D). The assumed GRN model has an input layer, which is a vector x4 of
external states or external cues, in our case, population density alone (A) and population density and
enes receive this input via the input weights U,4. Genes have expression states
denoted by S;, and interactions between these genes are encoded by a regulatory matrix W,. The
effects of these genes are encoded by the matrix V ;. In the case of density-dependent dispersal, the
RN model is represented by a single quantitative locus, which is the threshold of the function derived
by Poethke and Hovestadt (2002), and for density-dependent and sex biased dispersal, two loci with sex

dependent expression encode the threshold. We compare the evolution of dispersal plasticity and range
expansion dynamics between the reaction norm and GRN approaches.

the long term (¢ = 20000 time steps) evolved plastic response in the GRN DDD and GRN DDD + sex
bias models to the expected optimal reaction norms RN DDD and RN DDD 4 sex bias models under
standard metapopulation conditions. After 20000 time steps, individuals begin range expansions, and we
compare range expansion speeds between the GRN and RN models.

Results and discussion

Evolution of the density-dependent dispersal plastic response in the GRN and
RN models.

10



Table 1: Model Parameters/Variables

Model Parame- | Description Values
ter /Variable
Ny oyt Population density in the patch x,y at | dynamical
time ¢
Ao Intrinsic growth rate in Beverton-Holt | 2
model
« Intra-specific competition coefficient in | 0.01
Beverton-Holt model
I Dispersal mortality 0.01, 0.1, 0.3
€ Local patch extinction probability 0, 0.05, 0.1
Momin Mutation rate at equilibrium 0.0001
Momaz Mutation rate at the beginning 0.1 for GRN, Myae = Momin for
others
Om Effect size (standard deviation) of mu- | 0.1
tations
e Vector of inputs to the GRN in simulation
n Number of regulatory genes 4
Sar Vector of expression states of regulatory | in simulation
genes at iteration I
Uy mxn matrix with each element Uj; rep- | evolves, initialised from a normal
resenting the connection between the | distribution with sd = 1
input j and gene @
Wy nxn matrix with each element Wy; rep- | evolves, initialised from a normal
resenting the connection between the | distribution with sd = 1
gene k and gene ¢
Vi 1 x n matrix with each element V; rep- | evolves, initialised from a normal
resenting the connection between the | distribution with sd = 1
gene k and the output
0, Thresholds of regulatory genes evolves, initialised from a normal
distribution with sd =1
ry Slopes of regulatory genes evolves, initialised from a normal
distribution with sd = 1
Cihresh Threshold for density-dependent dis- | evolves, initialised from a uni-
persal in RN model form distribution between 0 to 1
Cihresh,F Threshold for density-dependent and | evolves, initialised from a uni-
sex-biased dispersal in RN model for fe- | form distribution between 0 to 1
males
Cihresh,M Threshold for density-dependent and | evolves, initialised from a uni-
sex-biased dispersal in RN model for | form distribution between 0 to 1
males

11
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plastie—response—produced—by— 2) obtained after 20000 generations in the GRN DDD model matches

the theoretically expected optimum (RN DDD: Poethke and Hovestadt (2002)) most closely for high

extinction ili . . i i i = 0.1 and 0.3). When

lastic response differs from the
theoretical optimum likely because the individuals in the metapopulation are not exposed to a wide range
of population densities, preventing optimisation (see SI Fig. S1 for a histogram of population densities

that occur during the eourse-of-the-simulation;since-these-are-the-conditions{for-which-the-trait-ean

optimized—Therefores—equilibrium metapopulation phase). Finally, low dispersal mortalit =0.01

also reduces optimisation. This is likely because the strength of selection for reduced dispersal is low
since the fitness cost of a non-optimal dispersal decision is low. In addition to Fig. 2shews—the—plastie

12
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which also shows that the GRN DDD model is closest to the theoretical optimum under conditions of high
atch extinctions and dispersal mortality. Our result that optimisation in the GRN DDD model is least
effective under conditions of low dispersal mortality and extinction probability is consistent with those

of Hovestadt et al. (2010) who show that other strategies can co-exist with the theoretically expected

optimal response (Poethke and Hovestadt, 2002) in competition experiments under similar conditions of
low environmental variability and low dispersal mortality.

likelyto-be-more-complieated-inrealitythe-differenttayers-ef-the-The amount and direction of phenotypic
variation that is maintained in the gene-regulatory network—that—produce—theplastieresponse—can—-be

again depends on dispersal mortality and extinction probability. Particularly, this variation is comparable
in the GRN DDD and the RN DDD models at high dispersal mortality and extinction probability, but
at low dispersal mortalit reater phenotypic variation is maintained in the linear-downstream—effeets

s—GRN DDD model (SI
Fig. S3). This is because of the evolution of greater sensitivity to mutation relative to the RN DDD model

SI Fig. S4) when dispersal mortality is low, which is expected since the negative fitness consequences

of a non-optimal dispersal decision increase with increasing dispersal mortality. Reduced optimisation
SI Fig. S2) and increased phenotypic variation (SI Fig. S3) in the GRN DDD model under conditions

of low dispersal mortality and extinction probability do not seem to have important consequences on

metapopulation dynamics since the distribution of observed population densities in both models do not
differ (SI Fig. S1).

13



.
s 11 the GRIN-and RN-models.

In summary, the GRN DDD model produces a plastic response similar to theoretical expectation (Poethke and Hovestadt, .

= when the strength of selection on dispersal is sufficiently high and the individuals across generations
are exposed to a wide range of population densities, that is, when dispersal mortality and extinction
= probability are high. Deviations from this expectation occur when the strength of selection on dispersal
is low (at low dispersal mortality and extinction probability) and when individuals across generations are
= 1ot exposed to a wide range of population densities.

Evolution of the density-dependent and sex-biased dispersal plastic response
= in the GRN and RN models.

Dispersal may not only depend on the external context but also on internal conditions (Clobert et al.,
s 2009), such as the sex of the potentially dispersing individual. Fig. 3 shows that including the input of an
internal condition, sex, along with local population density, as explored in the previous subsection, leads

w0 to the emergence of a density-dependent and sex-biased dispersal plastic response —Again;—this-matehes

w2 shape-of-the-density-dependent-dispersal-reactionnorm-Instead;the-in the GRN DDD 4 sex bias model
similar to the optimal response in the RN DDD + sex bias model. The conditions of dispersal mortalit
s+ and extinction probability for greater optimisation of the GRN model with sex-bias are similar to those

when dispersal is not sex-biased (SI Fig. S6). Similar to the scenario in which dispersal is not sex-biased

. S8) occur at low dispersal

406 ig. S7) and sensitivity to mutation (SI Fi

mortality. These differences in phenotypic variation in dispersal reaction norms do not have consequences

a8 on the distribution of population density in the metapopulation (SI Fig. S10

Focusing on sex-bias, the density-dependent dispersal threshold is lower for males than for females,
a0 leading to male-biased dispersal in our simulations.
412
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Figure 2: Comparison between density-dependent dispersal and-sex-biased—plastic respense-responses

in the GRN DDD_ (green) and RN DDD (purple) models. Dispersal eests—mortality increases from
left to right (#=#0-64-6-40-3u € {0.01,0.1,0.3}), from top to bottom, extinction probability increases
(e=6:0-6570-1¢ € {0,0.05,0.1}). Evolutlonarll stable ES) dispersal probability is plotted as a function

Y Ao—1
of population density normalised by the expected equilibrium population density (N = == M

in the present study). The red-and-blietinesrepresent-purple line represents the ES-reaetion norms for
maltes-density-de endent dispersal plastic response calculated from the median threshold C, obtained

after 20000 time steps over all individuals, and femates-the shaded region from the inter- uartlle range in

the RN DDD modelfremnPoethke-andHovestadt{2002). The red-and-blae-points—green lines represent
the calculated GRN output for 1000 randomly chosen individuals ooled across all 50 replicates at the

end of 20000 time steps . The transparency of the points
green lines is weighted by the frequency of occurrence of tvv\populatlon den51ty so as to only represent the
GRN plastic response for those densities that occur frequently during the simulation. Fixed parameters:

intrinsic growth rate: Ao = 2and-, intraspecific competition coefficient: o = 0.01-—Nwmber-, and number
of regulatory genes: n = 4.

is consistent with previous work on sex-biased dispersal, which shows that males experience greater

stochasticity in mate finding, which leads to
male-biased-dispersal—the evolution of greater dispersal in males relative to females (Gros et al., 2009).
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Figure 3: Comparison between density-dependent dispersal and sex-biased plastic response in the
GRN DDD + sex bias and RN DDD + sex bias models. Dispersal mortality increases from left
to right € {0.01,0.1,0.3}), from top to bottom, extinction probability increases (e € {0,0.05,0.1}).
Evolutionarily stable (ES) dispersal probability as a function of population density normalised b

the expected equilibrium population density (N = 2¢=1: N =100 in the
and purple lines represent the ES reaction norms for males and females in the RN model from
Poethke and Hovestadt (2002). The dark green and green lines represent the calculated GRN output
for 1000 randomly chosen individuals at the end of 20000 time steps corresponding to male and female

sex respectively. The transparency of the points is weighted by the frequency of occurrence of population
density so as to only represent the GRN plastic response for those densities that occur during the

simulation. Fixed parameters: A\g = 2 and o = 0.01. Number of regulatory genes n = 4.

Genetic architecture of dispersal plasticity impacts eco-evolutionary dynamics

of range expansion

Under equilibrium metapopulation conditions, we have shown that both density-dependent dispersal and
sex-biased dispersal reaction—nerms—plastic responses readily evolve in gene-regulatory network models
and mateh-theoretical-predietionsoutline the conditions in which they match their theoretical optimum.
But what are the ecological eenseguenee-consequences of such plastic responses under novel conditions—?
In order to answer this guestionsquestion, after 20000 time steps, we allow for range expansions in both
—the-GRN-an-the GRN and RN models. We find that range expansion speeds are greater in the GRN

model overall when local density alone (Fig. 4) --and both local density and sex, define dispersal decisions
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(Fig. 5). In general, the difference between range expansion dynamics in the two models is greater when
dispersal eests-aretow-and-mortality is low and the rate of external patch extinctions is high (Fig. 4-5).

These patterns of faster range expansiens-expansion speeds in the GRN model and the conditions of

low dispersal mortality and extinction probability that produce them can be understood on the basis of the

evolutionary history of the metapopulation before range expansions begin. Partiewlarly—for-an-—equilibrivm

metapopulation—As seen in the previous section, the GRN model maintains greater phenotypic variation

metapopulation{S3 and S7) under conditions of low dispersal mortality (see SI Fig. S9-S10 }—Atthesame

also maintained at low population densities —Hewever—in-the-GRN-medel-amplevariation-compared-to
theRN-medel{Stsince these population densities do not occur during the equilibrium metapopulation
hase, allowing for the accumulation of genetic variation (Fig. S9-S10)is-maintained-at-those-conditions

that-do-not-oeceurinequilibrivmmetapopulationeonditions. This variation is then sertedspatially sorted
Shine et al., 2011), leading to the evolution of greater dispersal rates at the range expansion front in

the GRN model relative to the RN model (SI Fig. S11-S12). Travis et al. (2009) have previously shown
that accelerating invasions can be found in models assuming sigmoid density-dependent dispersal reac-
tion norms. They argue that this allows them to have a relatively flexible function, where not just a
threshold, as in Poethke and Hovestadt (2002), but also other properties of the reaction norm can evolve.
We reconcile the two approaches because, at the equilibrium metapopulation level without assuming a
particular shape of the plastic response, on an-averageaverage, the shape that emerges is the one predicted
by Poethke and Hovestadt (2002) but the GRN approach has greater evolutionary flexibility as in Travis
et al. (2009).

Interestingly, the possibility fer-of sex-biased and density-dependent dispersal increases the difference

between the dynamics of the RN model and the GRN model. Generally, male-biased dispersal (Fig. 3)
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slows down range expansions (Miller et al., 2011) due to the fact that males cannot reproduce by them-
selves, implying that population, hence range expansion dynamicsare-femaletimited, are female-limited.
Thus, the availability of variation at densities that do not occur in equilibrium metapopulation conditions
in the GRN model further amplifies differences between the two models relative to density-dependent

dispersal alone.
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Figure 4: Range expansion dynamics in GRN vs. RN model for DDD. Dispersal eests-inerease-mortalit

increases from left to right (#=40-64-0-4-03u € {0.01,0.1,0.3}), from top to bottom, extinction probabil-
ity increases (e=40;6-05:-0-"4¢ € {0,0.05,0.1}). We plot the median and quartiles of range front position

as a function of time for the GRN model and RN model. The range front is defined as the farthest
occupied patch from the range core. Fixed parameters: A\g = 2 and o = 0.01. Number of regulatory
genes: n = 4.

General discussion

In summary, we have-developed a model for density-dependent and sex-biased dispersal that assumes
that dispersal results from the effects of a gene-regulatory network. We find that under conditions that
are experienced in equilibrium metapopulations, the emergent predicted plastic response matches existing

theoretical predictions well for conditions of high dispersal mortality and extinction probability. We then
compare range expansion dynamics between a GRN and an RN model and find that the GRN model
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Figure 5: Range expansion dynamics in GRN vs. RN model for DDD and sex bias. Dispersal eests

inerease-mortality increases from left to right (#=48-646-3-631 € {0.01,0.1,0.3}), from top to bottom,
extinction probability increases (e=#6:6:-05:0-1¢ € {0,0.05,0.1}). We plot the median and quartiles of

range front position as a function of time for the GRN model and RN model. The range front is defined
as the farthest occupied patch from the range core. Fixed parameters: \g = 2 and o = 0.01. Number of
regulatory genes: n = 4.

leads to faster range expansions because of the availability-of-impeortant-eryptie-maintenance of greater

variation.

The theoretical literature usually uses highly simplified representations of the genetic architecture
of traits like dispersal, most often only representing them at the level of the phenotype (Saastamoinen
et al., 2018). Particularly, adaptive dynamics approaches (Parvinen et al., 2006), which assume small
mutation effects and rare mutations, allow for optimal traits or reaction norms to be derived, analytically

or by means of simulation, as a function of ecological equilibria (Govaert et al., 2019). Quantitative

enetics approaches may further highlight constraints on optimisation of reaction norms such as genetic
correlations (Gomulkiewicz and Kirkpatrick, 1992). Further, in simulations similar to ours, one quan-

titative locus with additive effects is often assumed (Saastamoinen et al., 2018). On the other hand,
studies of genetic architecture rarely make ecological conditions explicit, with an abstract representation

of selection on traits by assuming a fitness function that is a-prieri-a prior: defined rather than a result of

underlying ecological processes (e.g., studies using the Wagner model; Wagner 1994).
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Few studies highlight the advantage of incorporating both explicit ecological dynamics and genetic archi-
tectures. A notable exception is, for example, van Gestel and Weissing (2016), who compare GRN and
RN approaches for bacterial sporulation ——and show the GRN approaches maintain greater diversity of
plastic responses which makes them more evolvable under novel conditions.

In our study, we recapture the theoretically expected and known phenotypic relationships between
population density and dispersal (Poethke and Hovestadt, 2002), confirming the validity of our approach.
Importantly, under novel, low-density conditions experienced during range expansions, the differences
observed between expansion dynamics in the different models make clear that approaches based on
reaction norms may not be able to predict eco-evolutionary dynamics under novel conditions.

Our results underline the relevance of understanding genotype-to-phenetype—{GP)—maps—genetic
architecture (Yamamichi, 2022) for eco-evolutionary dynamics (Melidn et al., 2018; Fronhofer et al.,
2023), particularly for dispersal (Saastamoinen et al., 2018) and its response to internal and external
cues (Clobert et al., 2009). While empirical evidence supporting our work is scarce, Brisson et al. (2010)
showed differences in gene expression between winged and un-winged phenotypes of pea aphids, par-
ticularly in their wing development gene-regulatory network. In this system, winged morphs are often
induced due to crowding, and the relative production of dispersive and non-dispersive (reproductive)
females depends on developmental cues, including crowding. More generally, our GRN approach can
be used to understand how dispersal responds to other internal (e.g., infection state; Iritani and Iwasa
2014 or body condition; Baines et al. 2020) and external cues, for example, the presence of parasites
(Deshpande et al., 2021) or predators (Poethke et al., 2010).

Our study links very closely to Ezoe and Iwasa (1997), who used a neural network to compare the

evolution of dispersal reaction norms to_analytical predictions. They showed that the neural network
was_able to_produce plastic responses similar to_the analytically derived reaction norm while finding
some consistent deviations from this optimal response. In our study, we go beyond these results by
highlighting the conditions of dispersal mortality and extinction probability that yield reaction norms
closest to the expected optimal response. Moreover, using a gene-regulatory network approach allows us

to place our work in context of previous work investigating the relationship between phenotypic plasticit

Draghi and Whitlock, 2012; van Gestel and Weissing, 2016; Brun-Usan et al., 2021).

GRN models and models of GP maps often use highly abstract representation-representations of the
environment (for example, Draghi and Whitlock 2012) and gene expression as phenetype-the phenotype
directly under selection (for example, Espinosa-Soto et al. 2011). These approaches have been useful in
defining, for example, how evolvability of phenotypes is linked with phenotypic plasticity (van Gestel

and Weissing, 2016) and the alignment between genetic, environmental perturbations, and direction of
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selection, and how this impacts evolvability in multi-trait systems (Draghi and Whitlock, 2012; Brun-Usan
et al., 2021).

However, in an eco-evolutionary framework

, ecological interactions define selection on a trait. Ecological dynamics also define the trait that is un-
der selection. Therefore, considering gene expression as a phenotype directly under selection may not
always be appropriate, and gene expression state to phenotype smap-maps must be included (Chevin
et al., 2022). This is relevant because, for example, the association of extremes of gene-expression-gene
expression (Riinneburger and Rouzic, 2016) with increased mutational sensitivity (decreased robustness)
is actually reversed (Deshpande and Fronhofer, 2022). Further, while such a map is likely to be more
complex than our assumed linear gene expression to phenotype map, approaches such as ours and that of
van Gestel and Weissing (2016) also narrow the range of possible environments under native conditions
and also help define phenotypes under selection that are ecologically informed.

The latter point becomes clear when considering our results on range expansion dynamics. Taking
into account both genetic architecture and the ecological conditions that shape the evolution of dispersal
plasticity, the GRN model leads to the maintenance of variation in conditions (densities) that are not
very frequent under equilibrium metapopulation conditions. This variation is then spatially sorted (Shine
et al., 2011) during range expansion. However, in the RN approach, this maintenance of variation
under equilibrium metapopulation conditions does not happen ;since only the threshold to the reaction
norm is under selection. We see the consequences of the spatial sorting of dispersal in the fact that
range expansions are generally faster in GRN approaches, when dispersal is density-dependent alone, and
sex-bias-sex bias only increases the difference between the two models. This has previously been discussed
in the literature as a form of cryptic variation, particularly “hidden reaction norms” (Schlichting, 2008),
which represents—represent differences in genotypes that are not normally expressed at the phenotypic
level but might be expressed if the genotype is perturbed due to mutation or recombination, but also
when the environment is perturbed. Our results are similar to the findings of van Gestel and Weissing
(2016) who shew-showed that in their GRN model, the release of cryptic variation in native environments

can lead to more adaptive plastic responses in novel conditions.

More importantly, the GRN model also provides a molecular-mechanistic basis for plasticity. While
the GRN is likely to be more complicated in reality, the different layers of the gene-regulatory network
that produce the plastic response can be interpreted biologically. For example, the input layer represents
the external environmental cue, population density, which can be sensed as, for example, the reduced
availability of resources or other chemical and mechanical cues (Fellous et al., 2012; Fronhofer et al., 2015)
resulting from a larger local density of individuals. The regulatory layer can be interpreted as the gene
expression states in cells of a relevant developmental stage that respond to local population density, Em-
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pirical studies of gene-regulation-gene regulation in a dispersal context remain rare. Yagound et al. (2022)
have shown gene expression differences using mRNA sequencing in the brains of the invasive Australian

cane toad in a few genes. In their study, dispersal-related genes generally showed elevated expression at

the range front. y-In this system, associated life history and physio-
logical changes is-are particularly well studied in terms of range expansion dynamics (Phillips et al., 2006;
Perkins et al., 2013). Other examples include wing polyphenism in pea aphids (Brisson et al., 2010), and
dispersal in yellow-bellied marmots (Armenta et al., 2019). This relative scarcity of empirical studies,
together with the relatively important effects predicted by our model, clearly call for more work, both

empirical and theoretical, to understand how genetype-phenotype-genotype-to-phenotype maps impact

eco-evolutionary dynamics.
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Figure S1: Histogram of occurrence of populatlon densities for DDD in equilibrium metapop-

ulation conditions. Dipersal mortality increases from left to right

(g 0004030 ¢ 001 01 03) from top to bottom, extinction probability increases
(e=0;0:05:0-1¢ € {0,0.05,0.1}).  Histograms of occurence of population density normalised by

the expected equilibrium population density (N = %) The GRN model is indicated in peints-green
and the RN model in selid-inespurple. A wider range of population densities occur for greater dispersal
mortality and extinction probability for both models. Fixed parameters: A\g = 2 and a = 0.01. Number
of regulatory genes n = 4.
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Figure S2: Average distance from optimal plastic response as function of normalised population densit
for GRN and RN models for DDD. Dipersal mortality increases from left to right (u € {0.01,0.1,0.3}),
from top to bottom, extinction probability increases (e € {0,0.05,0.1}). The optimal plastic response is
calculated from the median of the evolved threshold Cyp, s in the RN model. The plastic response for
1000 randomly chosen individuals in the GRN and RN models at end of the equilibrium metapopulation
hase (20000 time steps) are evaluated at different normalised population densities 0,0.1,...1.5, and the
root, mean squared distance is calulculated as a measure of deviation from this optimum. We find that
overall the deviation from the optimal plastic response is greater in the GRN model relative to the RN

model. As dispersal mortality and extinction probability increase, the deviation from optimal plastic
response decreases in the GRN model and converges to the RN model. Fixed parameters: \g = 2 and
« = 0.01. Number of regulatory genes n = 4
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Figure S3: Phenotypic variation maintained in the GRN vs. RN model for DDD as a function of
normalised population density. Dipersal mortality increases from left to right (x € {0.01,0.1,0.3}), from
top to bottom, extinction probability increases (e € {0,0.05,0.1}). Difference between the 95th and 5th

ercentile in dispersal phenotype as a function of normalised population density plotted for the GRN and
RN model. Fixed parameters: \g = 2 and o = 0.01. Number of regulatory genes n = 4
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Figure S4: Sensitivity to mutation in the GRN and RN model for DDD as a function of normalised
opulation density. In both models, 1000 individual genotypes are sampled from the last time ste
of the equilibrium metapopulation phase (£ = 20000). Dipersal mortality increases from left to right

from top to bottom, extinction
RN model, a perturbation drawn from a Gaussian distribution with mean 0 and standard deviation 0.1

is added to the evolved threshold C; with probability 0.01. In the GRN model, a perturbation
with the same mean and standard deviation is added to to an individual’s locus with probability 0.01.
This makes both models comparable, since per locus perturbation rate and effect are the same. The

sensitivity to mutation is then calculated as the root mean squared difference between the phenotype
evaluated from the perturbed and unperturbed genotype. The green and purple lines represent the
sensitivity to mutation corresponding to a given normalised population density for 10 replicates of the
sampling procedure described above. We find that in the GRN model, sensitivity to mutation is greater

at low dispersal mortality and becomes comparable to the RN model as dispersal mortality and extinction
robability increases. Fixed parameters: A\g = 2 and a = 0.01. Number of regulatory genes n = 4
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Figure S5: Histogram of occurrence of populatlon densities for DDD + sex bias in equilib-
rium metapopulation conditions. 5 3 Dipersal mortality increases from left

to right (#=66+0463u <€ {0.01,0.1,0.3 from top to bottom, extinction probability increases
(e=0;6:05:6-1¢ € {0,0.05,0.1}). Histograms of occurence of population density normalised by the ex-

pected equilibrium population density (N = %) The GRN model is indicated in peints-green lines
and the RN model in selid-purple lines. A wider range of population densities occur for greater dispersal
mortality and extinction probability for both models. Fixed parameters: A\g = 2 and a = 0.01. Number
of regulatory genes n = 4.
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Figure S6: Average distance from optimal plastic response as function of normalised population
density for GRN and RN models for DDD + sex bias. Dipersal mortality increases from left to

to bottom, extinction probability increases .
The optimal plastic response is calculated from the median of the evolved threshold Cy... e and
Cinres e in the RN model. The plastic response for 1000 randomly chosen individuals in the GRN

and RN models at end of the equilibrium metapopulation phase (20000 time steps) are evaluated at
different normalised population densities 0,0.1,...1.5, and the root mean squared distance is calulculated
as a measure of deviation from this optimum. Similar to when on only DDD evolves, greatest distance

from optimum in the GRN model is when dispersal mortality is low. Fixed parameters: \g = 2 and
a = 0.01. Number of regulatory genes n = 4
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Figure S7: Phenotypic variation maintained in the GRN vs. RN model for DDD + sex bias as a function
of normalised population density. Dipersal mortality increases from left to right (u € {0.01,0.1,0.3}),
from top to bottom, extinction probability increases (e € {0,0.05,0.1}). Difference between the 95th and
5th percentile in dispersal phenotype as a function of normalised population density plotted for the GRN
and RN model. Fixed parameters: A\g = 2 and o = 0.01. Number of regulatory genes n = 4
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enotypes are sampled from the last time step of the equilibrium metapopulation phase (¢ = 20000). In
the RN model, a perturbation drawn from a Gaussian distribution with mean 0 and standard deviation

0.1 is added to the evolved threshold C4 and Cipres 1 with probability 0.01. In the GRN

model, a perturbation with the same mean and standard deviation is added to to an individual’s locus
with probability 0.01. This makes both models comparable, since per locus perturbation rate and effect
are the same. The sensitivity to mutation is then calculated as the root mean squared difference between
the phenotype evaluated from the perturbed and unperturbed genotype. Similar to the model for DDD
alone, GRNs are more sensitive to mutation at low dispersal mortality. Fixed parameters: Ag =2 and
a = 0.01. Number of regulatory genes n = 4
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Figure S9: Density-dependent dispersal plastic responses in the GRN vs, RN model in the equi-
librium metapopulation range core before the beginning of range expansion shown across the
range of possible population densities. Dispersal eests—inerease—mortality increases from left
to right (#=#8646403u € {0.01,0.1,0.3}), from top to bottom, extinction probability increases

(6=6:0-6570-1c € {0,0.05,0.1}). The black—points—green lines show the GRN density-dependent dis-
persal plastic response 1000 sampled GRNs pooled across 50 replicates in the range core before range

expansions begin, whereas the purple lines show the expected plastic response from the RN model. We
see that when we also depict plastic responses at population densities that do not occur frequently in
equilibrium metapopulation conditions (unlike in Fig. 2, where only those population densities are shown
which occur frequently in equilibrium metapopulation conditions), there is a greater diversity of plastic
responses maintained. Fixed parameters: A\g = 2 and a = 0.01. Number of regulatory genes n = 4
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Figure S10: Density-dependent and sex-biased dispersal plastic responses in the GRN vs, RN model
in the equilibrium metapopulation range core before the beginning of range expansion shown across
the range of possible population densities. Dispersal eests—inerease—mortality increases from left
to right (#=#8646303p € {0.01,0.1,0.3}), from top to bottom, extinction probability increases
(e=0:0-65:0-1¢ € {0,0.05,0.1}). The red-dark green and blie-peointsgreen lines show the GRN density-
dependent dispersal plastic response if male and female respectively for 1000 sampled GRNs pooled
across 50 replicatesin—the-range-eore-before-range-expansions—begin, whereas the blue and purple lines
show the expected plastic response from the RN model for males and females, respectively. We see that
when we also depict plastic responses at population densities that do not occur frequently in equilibrium
metapopulation conditions (unlike in main text Fig. 3, where only those population densities are shown
which occur frequently in equilibrium metapopulation conditions), there is a greater diversity of plastic
responses maintained. Fixed parameters: A\g = 2 and a = 0.01. Number of regulatory genes n = 4
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Figure S11: Density-dependent dispersal plastic responses in the GRN vs. RN model in the
range front at the end of range expansion. Dispersal eests—inerease—mortality increases from left
to right (#=48656303u € {0.01,0.1,0.3}), from top to bottom, extinction probability increases
(6=6:0-65:0-2c € {0,0.05,0.1}). The black-peoints-green lines show the GRN density-dependent disper-
sal plastic response for 1000 sampled GRNs pooled across 50reptieatesd0 replicates, whereas the purple
lines show the expected plastic response from the RN model. Fixed parameters: \g = 2 and o = 0.01.
Number of regulatory genes n = 4
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Figure S12: Density-dependent and sex-biased dispersal plastic responses in the GRN vs. RN model
in the range front at the end of range expansion. Dispersal eests—inerease—mortality increases from
left to right (+=0-64-04-63u € {0.01,0.1,0.3}), from top to bottom, extinction probability increases
(e=0:0-65:0-1¢ € {0,0.05,0.1}). The red-dark green and blie-peoints-green lines show the GRN density-

dependent dispersal plastic response if male and female, respectively for 1000 sampled GRNs pooled
across 50 replicates, whereas the blue and purple lines show the expected plastic response from the RN
model for males and females, respectively. Fixed parameters: Ag = 2 and o = 0.01. Number of regulatory
genes n = 4
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