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Abstract The majority of work on genetic regulatory

networks has focused on environmental and mutational

robustness, and much less attention has been paid to the

conditions under which a network may produce an evolv-

able phenotype. Sexually dimorphic characters often show

rapid rates of change over short evolutionary time scales

and while this is thought to be due to the strength of sexual

selection acting on the trait, a dimorphic character with an

underlying pleiotropic architecture may also influence the

evolution of the regulatory network that controls the

character and affect evolvability. As evolvability indicates

a capacity for phenotypic change and mutational robust-

ness refers to a capacity for phenotypic stasis, increases in

evolvability may show a negative relationship with muta-

tional robustness. I tested this with a computational model

of a genetic regulatory network and found that, contrary to

expectation, sexually dimorphic characters exhibited both

higher mutational robustness and higher evolvability.

Decomposition of the results revealed that linkage dis-

equilibrium within sex and linkage disequilibrium between

sexes, two of the three primary components of additive

genetic variance and evolvability in quantitative genetics

models, contributed to the differences in evolvability

between sexually dimorphic and monomorphic populations.

These results indicate that producing two pleiotropically

linked characters did not constrain either the production of a

robust phenotype or adaptive potential. Instead, the genetic

system evolved to maximize both quantities.

Keywords Genetic regulatory network � Mutational

robustness � Dimorphic trait � Epistasis � Pleiotropy �
Linkage disequilibrium

Introduction

A major challenge for any genetic system is balancing the

potential for future adaptation with robustness, or the

production of a consistent phenotype given environmental

variance and mutation. Sexually dimorphic characters often

show rapid rates of evolutionary change and while this is

thought to be due to sexual selection, processing sex-

specific inputs and producing a dimorphic character may

also influence the evolution of the genetic architecture. Phe-

notypic traits may, for instance, achieve higher evolvability

at the cost of robustness (Lenski et al. 2006; Frank 2007).

While robustness and evolvability would seem to represent

opposite sides of a continuum of response to mutation, the

relationship between the two can depend on underlying

population parameters (Draghi et al. 2010). Theoretical

studies have found that phenotypic robustness may facili-

tate evolvability by allowing the accumulation of neutral

genetic variation (Wagner 2005a, b). A model of influenza

A (Koelle et al. 2006) suggests that flu strains form a

robust, phenotypically equivalent network. Viral genotypes

drift through this neutral space and accumulate genetic

variation that enables them to eventually access new phe-

notypes through single mutations (van Nimwegen 2006).
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There are several definitions of evolvability in use (for a

review, see Schlichting and Murren 2004; Pigliucci 2008),

and these can be separated into two concepts based around

evolvability as either variation (i.e., Fisher 1930; Houle

1992) or variability (i.e, Wagner and Altenberg 1996). The

variational definition stems from quantitative and evolu-

tionary genetics and defines evolvability as a measurable

quantity, based on the genetic variation segregating in the

population, that reflects the potential response to selection.

Variational evolvability is typically estimated by scaling

the additive genetic variance with either the phenotypic

variance (heritability; Lynch and Walsh 1998) or the trait

mean (Houle 1992). As there is substantial evidence for

both selective pressures on, and high levels of genetic

variance in, most phenotypic traits, the evolution and

maintenance of variational evolvability has been a central

focus of evolutionary biology.

The variability-based concept of evolvability has its

roots in evolutionary computation, and describes evolv-

ability instead as the capacity to produce novel, potentially

adaptive variants through mutation and recombination

(Wagner and Altenberg 1996). As variability-based evolv-

ability is somewhat loosely defined as a potential of a

genotype or genetic system, it moves evolvability from the

defined, measurable quantity used in quantitative genetics

to instead a quality of the genetic architecture and devel-

opmental system. The variability-based concept has

become popular as a framework to view and describe

evolutionary change, perhaps in part because of this

movement away from a narrowly defined quantity, and is

ubiquitous in theoretical and empirical studies describing

the map from genotype to phenotype (e.g., Ancel and

Fontana 2000; Burch and Chao 2000; Ancel Meyers et al.

2005; Kashtan and Alon 2005; Crombach et al. 2008;

Draghi and Wagner 2008, 2009).

The abstract nature of variability-based evolvability, and

the fact that it deals with future adaptation, have resulted in

it being primarily addressed theoretically. Simulation

studies have shown that fluctuating selection can increase

the potential of a genotype to respond to future shifts in

selection (Ancel Meyers et al. 2005; Kashtan and Alon

2005; Crombach et al. 2008; Draghi and Wagner 2008,

2009). The ability to produce novel variants could increase

fitness in the face of environmental uncertainty, but the

evidence for consistent, long-term fluctuating selection is

not sufficient to explain levels of evolvability, or hetero-

geneity in evolvability across different traits (Sniegowski

and Murphy 2006).

In this article, I examine the idea that evolvability in

response to a changing environment may extend to some-

thing more fundamental to most organisms and popula-

tions- a changing genetic environment. Genes and

regulatory networks are deployed differently in tissues

within one organism, life stages across an organism’s life

span, and members of the population through environ-

mental and sex differences. These changing genetic envi-

ronments may determine properties of the genetic system

such as response to mutation. I addressed this possibility by

modeling the evolution of a genetic regulatory network that

specifies a sexually dimorphic trait as a specific example of

a changing genetic environment, and measured the result-

ing mutational robustness and evolvability of the evolved

genotypes.

While some sexually dimorphic characters are produced

through total sex-limitation of gene expression (e.g., Coyne

et al. 2008), many have a genetic architecture that involves

sex-biased expression of genes and regulatory networks

(e.g., Nas et al. 2008; Ayroles et al. 2009). Intralocus

sexual conflict, where adaptation in one sex is antagonistic

to adaptation in the second sex, may be mitigated through

sex-specific epistasis and gene regulation similar to tissue-

specific interactions (Van Doorn 2009). In the absence of

sex-limited genes or gene expression, sexual dimorphism is

a form of intersexual pleiotropy. An example of this is the

Drosophila sex comb, a set of modified bristles located

on the forelegs of males that are used in courtship and

mating (Spieth 1952). Sex combs have diversified rapidly

(Barmina and Kopp 2007), and appear to play a key role in

mate selection (Ng and Kopp 2008). Closely related spe-

cies differ in the number of combs and comb morphology,

and developmental work has shown that sex combs in

closely related species can be produced through different

cellular mechanisms (Tanaka et al. 2009). The underlying

regulatory network that determines sex comb patterning is

largely unknown, although some key genes and interac-

tions have been reported (Barmina and Kopp 2007;

Randsholt and Santamaria 2008). Ahuja and Singh (2008)

showed that directional selection on male Drosophila

melanogaster sex combs produces a strong response, and a

correlated response in female bristles in the same area of

the foreleg. This indicates that sex combs are evolvable

characters, and at least part of the genetic architecture is

likely shared between the sexes.

Wagner and Altenberg (1996) proposed that the geno-

type-phenotype map is structured into functional modules

characterized by reduced pleiotropy between modules

specifying different traits, and that these limited pleiotropic

relationships may confer increased flexibility in response to

selection. Modularity has been reported in gene expression

data, and transcriptional, protein, and metabolic networks,

but its role in selection is unclear (reviewed in Wagner

et al. 2007). Many verbal models and empirical studies

a priori assume that pleiotropy constrains phenotypic

evolution, but recent theoretical studies show that reduced

pleiotropy may or may not confer higher evolvability

depending on the orientation of the mutational and
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phenotypic correlations (Hansen 2003; Griswold 2006).

Both authors concluded that certain levels of pleiotropy

may increase rates of adaptation by increasing the muta-

tional target size of the trait, and thus the probability of a

beneficial mutation. Empirical studies have produced

equivocal results (reviewed in Wagner et al. 2007; see also

Ayroles et al. 2009), but two recent genome-wide studies

have reported patterns of genetic effects that support the

role of pleiotropy in facilitating adaptation (Wagner et al.

2008b; Wang et al. 2010). If the ability to evolve is not

limited by pleiotropic relationships, then modularity may

instead be due to gene duplication or other processes

whereby functional integration produces genetic integra-

tion (Lynch 2007a, b).

Empirical studies have shown that genetic regulatory

networks are ubiquitous in biological systems, and that the

phenotypic effect of a single mutation depends largely on

the genetic background the mutation occurs in. Despite an

abundance of molecular data, evolutionary understanding of

genetic regulatory networks is limited and little is known

about how evolutionary processes operate when genetic

elements act as parts of complex, interacting systems. In

this paper I address two questions: first, what is the influ-

ence of a sexually dimorphic character on the evolution of

the underlying network architecture? Second, what is the

relationship between mutational robustness and evolvability

in this network model? In this research, I worked with an

established model that has been used in multiple studies of

variability-based evolvability (Wagner 1994, 1996; Siegal

and Bergman 2002; Bergman and Siegal 2003; Masel 2004;

Azevedo et al. 2006; MacCarthy and Bergman 2007; Siegal

et al. 2007; Draghi and Wagner 2009; Espinosa-Soto and

Wagner 2010). I altered the model to specify a network that

was pleiotropically shared between males and females and

specified a single phenotype with different optima for males

and females. This approach allowed me to analyze the

evolution of a network specifying a sexually dimorphic

character in a comparative context by building on previous

work. In order to structure my analysis of the model results,

I use principles from quantitative genetics. The results show

that factors thought to contribute to evolvability and addi-

tive genetic variance in a quantitative genetics context also

contribute to evolvability in a gene network context.

Methods

Network Model

The model I used was first implemented by Wagner (1994),

and similar versions have been used to study canalization

(Wagner 1996; Siegal and Bergman 2002; Bergman and

Siegal 2003), phenocopies (Masel 2004), epistasis and the

evolution of sexual reproduction (Azevedo et al. 2006;

MacCarthy and Bergman 2007), network topology and

function (Ciliberti et al. 2007a, b; Siegal et al. 2007),

speciation (Palmer and Feldman 2009), evolvability under

fluctuating selection (Draghi and Wagner 2009), and

modularity (Espinosa-Soto and Wagner 2010). Following

these authors, I modeled the transcriptional regulatory

factors that governed a set of M interacting genes

(G1; . . .;GM). Genes repressed or activated other genes,

and interactions between pairs of genes were independent.

The genotype of an individual is a haploid set of genetic

regulatory interactions given as an M x M matrix, R. The

elements of R are the set of transcriptional regulatory

elements that govern interactions between genes and are

specified as rij, the effect that gene j has on gene i. If

rij ¼ rji ¼ 0, the genes do not interact directly. The set of

matrix elements r1j is analogous to a set of cis-regulatory

transcriptional factors, such as promoters, that determine

the transcriptional level of gene 1. Each gene has an

expression state, si(t), which ranged from -1 (full repres-

sion) to 1 (complete activation).

Developmental Stability

The expression state of all genes at a given stage in

development is a vector, SðtÞ ¼ ½s1ðtÞ; . . .; sMðtÞ�, where

siðt þ 1Þ ¼ f
XM

j¼1

rijsjðtÞ
 !

ð1Þ

determines expression at time t. The number of iterations

of Eq. 1 that are required to attain equilibrium gene

expression is the developmental path length. Following

Siegal and Bergman (2002), I used a sigmoidal function,

f ðxÞ ¼ 2

1þ e�ax
� 1 ð2Þ

to regulate expression dynamics. If the slope of the sigmoid

is steep (a [ [ 1), this function operates as a step function

and the only possible expression states are -1 or 1.

Equilibrium gene expression can be stable or cyclical, in

which case the individual is rejected from the population.

In order to identify these individuals, I calculated the

hamming distance between developmental iterations.

Equilibrium expression Ŝ occurred when

wðSðtÞÞ ¼ 1

s

Xt

h¼t�s

DðSðhÞ; �SðtÞÞ ð3Þ

was less than a specified value of �: �SðtÞ was over the range

ðt � s; . . .; t), with s = 10 and when the system reached

equilibrium, Ŝ ¼ �SðtÞ. A generalized calculation for a

D value between a vector of gene expression states SU and

gene expression states SV is given by
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DðSU ; SVÞ ¼
PM

i¼1ðsU
i � sV

i Þ
2

4M
: ð4Þ

For the results presented here, a = 100, and e = 10-4.

Because of the large number of studies using this model,

the dynamics are fairly well-understood. The requirement

for stable gene expression dominates evolution of the

population and, in mutation-selection balance, individuals

evolve higher robustness to mutation and shorter path

lengths to stable equilibria than individuals with randomly

generated network connections (Siegal and Bergman

2002).

Population Genetic Simulations

Each simulated population began with the creation of a

founder individual. For the results presented here, M = 10

genes. The founder’s rij values were selected from a

Gaussian distribution with N*(0,1), and connectivity

parameter c, where c is the probability that rij = 0. For the

simulations presented here, c = 0.75. The initial gene

expression states si(0), were randomly chosen as either -1

or 1. This founder’s gene expression was iterated for a

stable expression state and if the founder did not reach

stability, the procedure was repeated until a stable indi-

vidual was found. This stable founder was cloned to create

a population, and the equilibrium gene expression of the

founder was set as the optimum phenotype.

Each generation began with the creation of a new pop-

ulation through sexual reproduction. A new individual was

created by randomly selecting one male and one female,

and recombining the rows of their genotypes (i.e., all r1j,

then all r2j) with equal probability of selecting each row

from each parent. The set of elements acting on gene i were

inherited together because the transcriptional regulatory

elements before a gene are likely to be tightly linked, such

that recombination occurs infrequently and not on the time

scale of the simulations presented here. Mutations changed

the non-zero rij, and the original topology was preserved

throughout the evolution of the populations. Mutations

occurred with probability 1
cM2, which resulted in, on aver-

age, one mutation, per network, per generation.

Following Siegal and Bergman (2002), the fitness of an

individual was given by the distance from the optimum

expression state

FðŜÞ ¼ e
�DðŜ;Sopt Þ

r ð5Þ

where r was the strength of selection. I tested a range of r
values from 0.1 (very strong selection) to 1 9 109 (selec-

tion essentially absent). Each individual was selected for or

rejected from the population based on fitness, and indi-

viduals that did not achieve developmental stability within

100 iterations were given fitness 0. All simulations were

run over 10,000 generations, although I ran some simula-

tions over 40,000 generations to check that the results

presented here were not affected by generation time. Each

set of simulations was replicated 100 times, and I averaged

the results over these replicates.

Patterns of Initial Dimorphism in the Model

My implementation of this model differed from earlier

papers in how the initial gene expression, S(0), was spec-

ified for males and females, and in the selection on the final

expression states. In previous work, S(0) was randomly

chosen with si(0) = -1 or 1 although Draghi and Wagner

(2009) specified si(0) = 1 for all genes. Sexually repro-

ducing populations were composed of hermaphroditic

individuals with smaller population sizes (Siegal and

Bergman 2002; Azevedo et al. 2006). In this work, I

divided the population into males and females, and

increased the population size to N = 2000. As sexual

dimorphism could be specified in different ways, I used

five different patterns of gene input and sex-specific

selection (graphical examples are shown in Figs. 1, 2, 3, 4,

5, and a description in Table 1). All of the populations had

a shared interaction matrix for males and females, but the

sexual dimorphism scenarios varied in whether or not:

(1) initial gene expression was shared between the sexes;

(2) initial gene states were randomly selected or specified;

(3) the optimal phenotype was different for males and

females, and (4) the optimal expression profile was ran-

domly generated through developmental iterations or

specified as different between the sexes.

In the monomorphic case (Fig. 1; Table 1), males and

females shared the same initial input vector and matrix of

network interactions, and the founder’s equilibrium

expression was the optimal phenotype. This scenario was

similar to that used in previous work (Wagner 1994, 1996;

Fig. 1 Monomorphic Network. In the monomorphic populations, an

initial gene expression pattern was specified and after developmental

iterations, a stable individual would reach an equilibrium gene

expression pattern. Activated genes are shown as ‘‘1’’ and repressed

genes as ‘‘-1.’’ Arrows indicate activation interactions, and bars
indicate repression interactions. The simulations reported here are for

networks with 10 genes, but the example shown has only 5 genes for

simplicity
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Siegal and Bergman 2002; Bergman and Siegal 2003;

Masel 2004; Azevedo et al. 2006; MacCarthy and Bergman

2007; Siegal et al. 2007; Draghi and Wagner 2009).

In the dimorphic case (Fig. 2; Table 1) the initial

expression states and phenotypic optima were different for

males and females. Each simulation began with the crea-

tion of a random interaction matrix, and a single male

founder and single female founder with randomly chosen

si(0) values. Both male and female founders were checked

for developmental stability, and I repeated the procedure

until both the male and female founders achieved stability.

Each si(0) was randomly chosen for both males and

Fig. 2 Dimorphic Network. In the dimorphic populations, males and

females shared an interaction matrix but the initial gene expression

patterns were different. After developmental iterations, the equilib-

rium gene expression was also sex specific. The entire effect of one

gene on another is specified by both the interaction term and the

activation/repression state of the regulating gene. Interactions will

thus change between sexes depending on gene states (shown with the

dotted lines in the lower right hand network)

Fig. 3 Fixed Genes. In the simulated populations with fixed genes,

one gene was set as a sex-specific input (here, shown in gray). This

sex-specific input interacted hierarchically with the other genes and

its expression was entirely self-regulated

Fig. 4 Shared Expression. In these populations, one gene was set as a

sex-specific input (shown in gray) and the remainder of the initial

expression profile was the same for males and females

Fig. 5 Gender Selection. In these populations, the initial gene

expression states were different between males and females and

randomly selected. In the equilibrium expression state, one gene that

differed in activation/repression state between the male and female

founder was chosen for gender selection (shown in gray). Every

individual needed to achieve this sex-specific state for that gene in

order to be included as a male or a female in the population

56 Evol Biol (2011) 38:52–67
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females, thus some genes had the same activation or

repression state. Because the initial expression was dif-

ferent between sexes, equilibrium expression was also

different. The male founder’s equilibrium expression was

used as the optimum for all males in the population, and

the equilibrium expression of the female founder was the

female optimum.

Interactions in this model were directed and signed and,

because of this, the entire network interaction was deter-

mined by both the si(0) and the rij laid down in the inter-

action matrix. A positive interaction term would result in

activation of the target gene when the initial expression

state of the regulator was positive, and repression when the

initial expression state was negative. This pattern of

dimorphism, with pleiotropically shared interactions but

not gene states, meant that some portions of the network

were similar between males and females while some por-

tions were not. Interaction pairs were preserved and genes

that did not interact in males did not interact in females, but

genes that were repressed in a male may have been acti-

vated in a female, and vice versa. Pleiotropy results

because the regulatory elements participate in the con-

struction of both the male and female characters.

In the Fixed Genes scenario (Fig. 3; Table 1), the initial

expression of one or more genes was sex-specific, i.e. -1

for females and 1 for males. This was analogous to the

presence of a sex-specific input, like testosterone or

estrogen, in a regulatory network. The remainder of the

si(0) were selected randomly, and not shared between

males and females. I altered the interaction matrix so that

the sex-specific genes interacted hierarchically with all

other genes. The sex-specific genes thus affected the

expression of other genes but their expression was entirely

self-regulated to maintain the initial expression state. In

order to separate the effects of fixing these expression

states and altering the network connectivity from the evo-

lution of the dimorphic character, I also ran simulations

where initial expression was fixed for a monomorphic

scenario. In these populations, the initial expression of one

or more genes was fixed for all individuals in the popula-

tion and the network was also altered so the fixed genes

interacted hierarchically with the rest of the network. In

the Fixed Genes (Shared Expression) scenario (Fig. 4;

Table 1), S(0) had one or more sex-specific inputs and the

remainder was constrained to be the same for both sexes.

In the Gender Selection scenario (Fig. 5; Table 1),

selection acted on sex-specific differences in the equilib-

rium expression. The S(0) was different for males and

females, and when two stable individuals were used to

found the population, one gene that differed in equilibrium

expression between the male founder and female founder

was designated a sex-specific output. The entire phenotypic

optimum was thus sex-specific, with one gene having an

expression state that was required for inclusion as a male or

female in the population.

Measuring the Evolution of the Populations

I measured four characteristics: robustness, epistasis,

evolvability and conditional evolvability. Following Siegal

and Bergman (2002) and Azevedo et al. (2006), I measured

mutational robustness by taking each individual at the end

of the simulation run, replicating it 100 times and replacing

one, randomly selected, element of the network with a new

rij. A robust outcome meant the individual achieved stable

equilibrium expression. I measured epistasis by replicating

the robustness procedure over k successive mutations.

Following Azevedo et al. (2006), the proportion of indi-

viduals that attained stability was used to measure epistasis

for fitness with the formula

logð �WkÞ ¼ �akb ð6Þ

where �Wk is the mean proportion of individuals that attain

stability after k mutations, a is mutational robustness ( �W1)

and 1 - b measures epistasis for fitness. If 1 - b[ 0,

epistasis was positive (i.e., antagonistic) and if 1 - b\ 0,

epistasis was negative (i.e., synergistic).

Measuring Evolvability

Robustness and epistasis suggest how a genotype may react

in a new environment, but to directly measure this I

Table 1 The five types of simulated populations

Scheme Initial expression Optimal phenotype

Same for males

and females

Randomly selected Same for males

and females

Randomly

generated

Monomorphic Yes Yes Yes Yes

Dimorphic No Yes No Yes

Fixed genes No No for fixed genes; Yes for others No Yes

Fixed genes (Shared expression) No No No Yes

Gender selection No Yes No No
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implemented a protocol similar to that used in Draghi and

Wagner (2009). Ten individuals were randomly selected at

discrete time intervals over the course of the simulations

and each individual was cloned to create a new population

of N = 100. This population was then evolved, with

mutation, towards a new phenotypic optimum for a set

number of generations with r = 1. I explored 20–200

generations, but as there was very little difference in the

results, I evolved each population for 25 generations. This

was the same time frame used by Draghi and Wagner

(2009), which allowed direct comparison.

I measured evolvability by first assessing the hamming

distance between the stable expression profile of the pop-

ulation of cloned individuals and the new phenotypic

optimum. I performed the evolvability protocol in every

possible expression state, thus for a vector of 10 genes

there were 1,024 possible optima. The hamming distance

was 0 if si(t) was the same for the optimum and individual,

and 1 if si(t) was different. I summed this for all genes, and

the total distance represented the potential space the pop-

ulation could evolve. After the evolution of the cloned

population, I again measured the hamming distance for

each individual. The difference between the initial and final

hamming distance was the proportion that the population

evolved towards the optimum. I measured evolvability by

averaging the performance of a genotype in each of the

1,024 possible states, and then averaging the performance

of the 10 genotypes that had been selected from the initial

population.

The evolvability protocol used a very different context

from the population simulations as dimorphic individuals

were essentially evolved through clonal reproduction. This

limited the realism of the measure, but facilitated direct

comparison between individual genotypes involved in

dimorphic and monomorphic populations. The evolvability

protocol thus directly measured the adaptive potential of a

single genotype in response to mutation and recombination,

separate from genetic variation segregating in the population

or the interaction between male and female mating types.

Conditional Evolvability

The pleiotropy-evolvability hypothesis (Wagner and

Altenberg 1996) proposed that genetic architectures with

limited pleiotropic relationships between phenotypic traits

facilitate independent character evolution. This can be

measured through conditional evolvability, or the response

in one trait under directional selection while the second,

pleiotropically linked trait is under stabilizing selection

(Hansen et al. 2003). I tested this by using a modified

version of the evolvability protocol described above. For

these measures, I again tested 10 individuals from the

simulated population at discrete time steps, but each

individual was cloned to form a population of 50 males and

50 females. The female character was held under strong

stabilizing selection with r = 1 while the male character

was selected towards a new optimum expression profile

under strong directional selection with r = 1. The

hamming distance between the new optimum expression

profile and the male expression profiles was then measured

as described above.

This protocol used the initial expression from the sim-

ulated populations. As initial expression was the same for

all individuals in the monomorphic populations, it would

be very difficult for these populations to evolve in a con-

ditional evolvability scenario. This scenario was, however,

more realistic for dimorphic populations. It might therefore

be a more accurate measure of how a dimorphic character

would respond in a new environment when compared to

the original evolvability protocol.

Linkage and Recombination

In this model, equilibrium expression was the individual

phenotype, but the non-linear mapping between the geno-

type and equilibrium expression meant there was no con-

tinuous phenotypic measure. Genetic variance, genetic

distance and phenotypic (hamming) distance were not

linearly or monotonically related, and understanding the

evolution of the genetic architecture was difficult.

Although the populations had different evolvabilities, the

gene diversity (Graur and Li 2000), measured as

H ¼ 1�
Xn

i¼1

p2
i ; ð7Þ

was similar between dimorphic (H = 0.30) and mono-

morphic (H = 0.31) populations. In order to better under-

stand the components of evolvability, I decomposed the

model results in a quantitative genetics framework. I was

not able to directly measure quantitative genetic quantities

in a meaningful way because of this non-linear mapping.

Instead, I measured components that contribute to varia-

tion-based evolvability.

Lande (1980b) proposed that genetic variance, G, in a

polygenic, multi-trait system is the sum of covariances in

allelic effects on different traits

G ¼ 2
Xn

i¼1

Xn

j¼1

ðCij þ C0ijÞ: ð8Þ

where Cii is the covariance matrix of pleiotropic effects of

alleles segregating at a single locus, Cij is the covariance

matrix of alleles segregating at different loci within a

gamete, and C0ij is the covariance matrix of effects from

alleles on different gametes. The first component describes

allelic effects, the second, effects of linkage disequilibrium,
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and the third, the influence of nonrandom mating (described

in Phillips and McGuigan 2005). In the absence of non-

random mating, covariance between alleles on different

gametes may still arise if there are sex-specific optima and

sets of alleles become co-adapted for male or female states.

To test if these components contributed to evolvability,

I ran additional simulations. The first component was not

testable in this framework. I tested the contribution of

linkage to evolvability by changing the recombination

protocol. In the original simulations, the set of transcrip-

tional regulatory elements acting on a gene was inherited as

one unit. I ran some simulations with free recombination

between all elements, thus eliminating physical linkage,

and measured the evolvability in these populations (see

Fig. 6 for a graphical description).

In order to test the effects of combinations of maternal

and paternal alleles, I took all individuals in the population

at the end of the simulations and recombined their geno-

types. This created a new population through sexual

reproduction, but without mutation or selection, to measure

the segregating variance in phenotype and fitness. If there

were covariances between maternal and paternal allelic

combinations, phenotypic variance would be higher when

segregating alleles were randomly recombined. For this

analysis, I used the original recombination protocol where

the set of transcriptional regulatory elements acting on a

gene was inherited together. I then measured the hamming

distance from the optimum for the original population at

the end of the simulations, and the new population. I also

measured the proportion of viable and inviable individuals

in both populations.

Results

Does Sexual Dimorphism Increase Robustness?

The simulated populations with dimorphic traits evolved

higher mutational robustness than the simulated populations

with monomorphic traits (Fig. 7). This was true for all

dimorphic scenarios, but the difference in robustness

decreased relative to the other scenarios when one gene was

used for gender selection. Increased robustness evolved

within 2,000 generations and was maintained over the

course of the simulations.

When initial gene expression was fixed, robustness

increased with the number of fixed inputs for both mono-

morphic and dimorphic cases, and the difference between

the monomorphic and dimorphic cases decreased with

increasing number of fixed genes (Supplementary Fig. 1).

As expected, simulated populations evolved negative

epistasis (Supplementary Fig. 2). Dimorphic scenarios

evolved stronger negative epistasis when compared with

monomorphic populations, but there was variance in

epistasis across the populations.

Does Sexual Dimorphism Increase Evolvability?

Evolvability was higher for populations with dimorphic

characters (Fig. 8). The founders had similar levels of

evolvability in dimorphic and monomorphic scenarios, and

over the course of the simulations the initial evolvability

eroded in the monomorphic populations. The initial

evolvability also eroded in the dimorphic populations, but

to a lesser degree. The only scenario that evolved an

increased evolvability over the course of the simulations

was the dimorphic scenario with fixed inputs in the initial

expression and the remainder of the initial expression

Fig. 6 The regulatory elements that act on a gene are likely held in

tight physical linkage, and in this model inherited as one linkage

group (i.e., each row). I manipulated physical linkage by allowing

free recombination between all elements in the matrix

Fig. 7 The average robustness ± SE by generations over the course

of the simulations. The dimorphic populations evolved high robust-

ness to mutation within 1,000 generations. The monomorphic

populations also rapidly evolved high robustness, although it

remained slightly lower than the monomorphic populations

Evol Biol (2011) 38:52–67 59

123

Author's personal copy



shared between males and females. For this scenario,

evolvability increased within 1,000 generations. Fixing an

increasing number of genes in the initial expression

resulted in slightly higher evolvability, but the main dif-

ference was caused by fixing the state of one gene in the

initial expression (Supplementary Fig. 3).

The conditional evolvability measures showed a similar

pattern as the evolvability measures, with an increase in

conditional evolvability for the dimorphic scenario with

one fixed gene, low conditional evolvability for the

monomorphic scenario, higher conditional evolvability for

the dimorphic scenario and an intermediate level for the

simulated populations with gender selection (Fig. 9). The

initial conditional evolvability of the monomorphic popu-

lations was very low compared to the initial measures for

the dimorphic scenarios.

Both robustness and evolvability decreased with

increasing selection (Fig. 10), but dimorphic populations

had higher evolvability and robustness across all strengths

of selection. Although the dimorphic cases had higher

robustness to mutation, a larger proportion of individuals

attained stable equilibrium states that were different from

the stable equilibrium state prior to mutation when com-

pared with monomorphic cases (Fig. 11). This difference

increased with successive mutations. After five random

mutations, greater than 90% of dimorphic individuals

reached stable equilibria but roughly half of these indi-

viduals reached a different stable equilibrium. In contrast,

82% of monomorphic individuals reached stable equilibria

after five random mutations and roughly one-quarter of

these individuals reached a different stable equilibrium.

Figure 12 shows the distribution of hamming distances

after successive mutations for monomorphic and dimorphic

cases. The hamming distance between stable equilibria is

not a continuous measure because single mutations can

cause individuals to jump to stable equilibria with large

hamming distances. Instead, the distribution of hamming

distances suggests if individuals in the dimorphic scenarios

are jumping between male and female equilibria (which

would result in large hamming distances) or reaching

multiple stable equilibria. The bulk of the distribution of

hamming distances was low for both monomorphic and

dimorphic scenarios, which indicates that after mutation,

individuals were reaching multiple stable equilibria in the

neighborhood of the original equilibrium expression. The

distribution of hamming distances spread more rapidly for

dimorphic cases.

When physical linkage was eliminated, evolvability was

lower for monomorphic and dimorphic cases (Fig. 13).

Fig. 8 The average evolvability ± SE over the course of the

simulations. The dimorphic populations (filled circles) experienced a

slight drop in evolvability within the first 1,000 generations of the

simulations while the monomorphic populations (open circles) lost

evolvability gradually throughout the course of the simulations. The

dimorphic populations with one sex-specific input (filled triangles)

increased in evolvability within the first 1,000 generations while the

dimorphic populations with sex-specific selection (asterisks) had

evolvability intermediate to the monomorphic and dimorphic

populations

Fig. 9 The average conditional evolvability ± SE over the course of

the simulations. The dimorphic populations (filled circles) experi-

enced a reduction in conditional evolvability while the monomorphic

populations (open circles) began with very low conditional evolv-

ability. The dimorphic populations with one sex-specific input (filled
triangles) increased in conditional evolvability over the course of

the simulations while the dimorphic populations with sex-

specific selection (asterisks) had an intermediate level of conditional

evolvability
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When new individuals were produced without mutation

from the simulated populations, the average hamming

distance between the original population and the new

population was similar (Fig. 14a). The proportion of invi-

able individuals in the dimorphic populations was roughly

twice that of the monomorphic populations (Fig. 14b).

Discussion

There has been very little work on the evolutionary

implications of sexually dimorphic characters for adapta-

tion. Many verbal models and empirical studies assume

that sexual dimorphism and other forms of pleiotropy

constrain phenotypic evolution. The results presented here

demonstrate that sexually dimorphic characters with shared

genetic architectures do not constrain future adaptation. In

this model, sexually dimorphic characters shared a regu-

latory network. Contrary to the naive expectation, dimor-

phic characters evolved genetic architectures that

maximized both mutational robustness and evolvability.

Dimorphic and monomorphic populations had similar

network topologies and achieved differing levels of

evolvability and robustness by fixing different allelic

values. These changes occurred consistently in the simu-

lated populations and over relatively short time scales. Real

organisms may thus be able to readily evolve genetic

architectures that mitigate pleiotropic constraints.

Pleiotropy and Evolvability

The connection between pleiotropy and evolvability has

been addressed theoretically since Fisher (1930), and many

studies have found that pleiotropy reduces evolvability. In

The Genetical Theory of Natural Selection, Fisher calcu-

lated the probability that a mutation is favorable given an

organism with n dimensions or characters, and showed that

as organisms increase in complexity it becomes increas-

ingly difficult for the population to evolve towards an

optimum. Orr (2000) extended Fisher’s original model and

confirmed a ‘‘cost of complexity’’ where increasing

dimensionality reduces evolvability. Both Orr (2000) and

Fisher (1930) assumed universal pleiotropy, and Welch and

Waxman (2003) altered the model to include patterns of

modular pleiotropy between traits. They found that mod-

ularity alleviated a small part of the ‘‘cost of complexity,’’

but concluded that Orr’s original result was robust. Otto

(2004) and Baatz and Wagner (1997) used different

Fig. 10 The average robustness and evolvability (both shown ± SE)

across different strengths of selection. Robustness and evolvability

were higher with weaker selection, but dimorphic populations had

higher robustness and evolvability across all strengths of selection.

The remainder of the parameter values are the same as in other

simulations

Fig. 11 The proportion of individuals that achieved stable gene

expression (i.e., viability) after successive rounds of mutations are

shown with whole circles, and the proportion that achieved the same

gene expression vector before and after mutation are shown with half
circles. The proportion achieving stable expression after one mutation

is the robustness. Both dimorphic and monomorphic populations

had individuals that achieved expression states that were stable but

different from the original pre-mutation expression state vector, but

this proportion was larger for dimorphic populations
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modeling techniques to produce results also indicating a

negative relationship between pleiotropy and evolutionary

rates.

In contrast to these papers, both Hansen (2003) and

Griswold (2006) suggested that some patterns of pleiotropy

may increase evolvability. Hansen (2003) used a quanti-

tative genetic model to demonstrate that low levels of

pleiotropy may increase evolvability by increasing the

variation in genetic effects on an individual trait. At low

levels of pleiotropy, there is sufficient variation to com-

pensate for correlated effects between two characters but as

pleiotropy increases, the correlation between characters

begins to limit evolution. He also developed several pop-

ulation genetic models demonstrating that different pat-

terns and strengths of stabilizing and directional selection

and genetic architectures may lead to increased evolv-

ability with pleiotropy.

Griswold (2006) used individual-based simulations to

study the relationship between pleiotropic mutation and

evolvability, and found that the rate of adaptation was

increased when a set of characters, some under directional

selection and some under stabilizing selection, were subject

to pleiotropic mutations. Griswold’s model simulated 10

million base pairs per individual and thus allowed genetic

variances and covariances to evolve. The results were

contingent on the mutation model, and appeared to result

from a rapid fixation of large beneficial mutations in

characters under directional selection.

These results contrast with earlier studies, which is

likely due to the assumptions of each model. In Hansen’s

quantitative genetic model, the total genetic variation was

partitioned between two characters, X and Y. In order to

capture a larger genetic basis for possible variation, the

characters had to pleiotropically share genes. In Griswold’s

model, the result was robust when individuals were very far

from the optimum and the likelihood of a beneficial

mutation was similar to that of a deleterious mutation.

If the genetic basis of a trait can change such that

Fig. 12 The hamming distance measures the number of genes that

have the same expression state between the original final gene

expression vector and the final gene expression vector after k

mutations. Shown are the average hamming distances between the

original vector and the post-mutation vector for successive rounds of

mutations, and the distribution of hamming distances. Data are shown

for individuals that achieved a stable expression state, with the

maximum distance being 10- all genes in a different expression state.

For both dimorphic and monomorphic populations, most individuals

had post-mutation expression vectors similar to the original

Fig. 13 Eliminating physical linkage decreased evolvability for both

monomorphic and dimorphic populations

Fig. 14 The a average hamming distance from the optimum for the

original population, and a population created by sexual reproduction

without mutation and selection; and b the proportion of inviable

offspring in this new population. The average hamming distances

were very similar but the proportion of inviable offspring was lower

in the monomorphic population. This indicates that there is more

segregating variation for inviability in dimorphic populations
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additional genes can be recruited without being pleiotrop-

ically shared, Hansen’s result may not be accurate. Simi-

larly, if traits are close to the optimum and the mutational

distribution changes as they approach the optimum such

that increasing numbers of mutations are deleterious,

Griswold’s result may not be accurate.

There is remarkably little empirical data relating plei-

otropy and evolvability, but two recent studies indicate that

classical assumptions may be inaccurate. Wagner et al.

(2008b) tested the idea that a ‘‘cost of complexity,’’ or a

decrease in evolvability associated with pleiotropic rela-

tionships between characters, would result in the evolution

of a genetic system where high levels of pleiotropy have

limited phenotypic effects. They examined QTL data in

mice and found that mutations with higher levels of plei-

otropy had larger phenotypic effects and thus no evidence

for a ‘‘cost of complexity.’’ The quantitative predictions of

their study were limited by the probability that QTL’s may

contain multiple mutations (Wagner et al. 2008a, b;

Hermisson and McGregor 2008), but Wang et al. (2010)

used a genome-wide approach in multiple organisms, and

found a similar pattern. They concluded that, at a whole-

organism level, levels of pleiotropy were low, pleiotropy

was likely limited by modular gene-trait relationships, and

that pleiotropic genes had a larger per-trait phenotypic

effect. Wang et al. (2010) used their data to parameterize

Orr’s 2000 model, and found that the empirical pattern fell

into a narrow range whereby the model predicted an

increase in adaptation with low to moderate levels of

pleiotropy. The predictions of classical models may thus be

inaccurate due to incorrect assumptions about the structure

of mapping from genotype to phenotype.

Is Sexual Dimorphism Pleiotropy?

Pleiotropy occurs when one gene affects multiple traits, but

the traits may be separated at different scales. Traits may

be constructed during the same stage of development, or

may be separated into tissue-specific modifications, or

different developmental or life history stages. The antag-

onistic pleiotropy hypothesis proposes that organisms

senesce because genetic modifications that favor increased

fitness at early life stages have negative effects on lon-

gevity, and vice versa (Williams 1957). Selection on

pleiotropic genes may act differently depending on the

temporal or spatial separation between the traits.

In this paper, I have conceived of pleiotropy as one

regulatory network affecting a single trait in both males and

females. In this study, both the environmental input- the

gene activation profile- and the genetic background varied.

A criticism of this study may be that pleiotropic effects

between individuals act differently than pleiotropy within

an individual because differences in the environmental

input and genetic background influence the opportunity for

selection. However, the empirical realization of these fac-

tors will also vary within an individual. If we define envi-

ronmental input to mean a single, external input then traits

acting in an individual have a very different context than

traits acting in multiple individuals. A more realistic

empirical approximation is that the external environment is

constantly changing, and the input that different cells, tis-

sues, or life history stages receive may be as varied as two

individuals.

Similarly, the genetic background may be defined as the

genome at a snapshot in time, but a more realistic approx-

imation is that the genome is deployed through multiple

levels of modification and regulation, all of which vary

spatially and temporally. A gene or regulatory network

experiences a genetic background as a varying collection of

gene products, proteins, and cellular environments. An

empirical genetic background is thus likely to be as varied

between tissues and developmental or life history stages, as

between individuals. Lande (1980a, b) recognized this in his

G matrix formulation, and developed an analytical frame-

work in which to examine the effects of pleiotropy across

traits, sexes, environments, and life history stages. He and

Zhang (2006) found that pleiotropic genes tend to act

through the same molecular function or protein in different

biological processes, rather than across functions. The

majority of pleiotropic selection on genes and regulatory

networks may act across levels of spatial and temporal

separation due to limits on gene activity.

Sexual Dimorphism and Intralocus Sexual Conflict

Sexually dimorphic characters are ubiquitous in popula-

tions of sexually reproducing organisms (Andersson 1994).

The correlation between male and female characters, rMF,

is expected to reflect the degree to which selection on one

sex is constrained by a shared genetic basis (Lande 1980a).

The response to selection and conditional evolvabilities of

males and females in natural populations are indeed much

lower when both sexes are taken into account (for theory,

see Hansen et al. 2003; for empirical results, Reeve and

Fairbairn 1996; Jensen et al. 2003; Parker and Garant

2004; Rolff et al. 2005), which would seem to be at odds

with the results presented here. However, there are several

reasons why these genetic parameters may not accurately

reflect limitations on the evolution of male and female

characters.

Quantitative genetics has demonstrated that the short-

term response to selection is determined by additive genetic

variance. If the majority of variance in a sexually dimorphic

trait is not additive, then intersexual genetic correlations

may not prevent adaptive evolution (Bonduriansky and

Chenoweth 2009). Cheverud et al. (1985) examined
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phylogenetic inertia in primate body size and sexual

dimorphism and presented a quantitative genetic model that

demonstrated that sexual size dimorphism can easily evolve

if there is variance dimorphism, or different levels of

additive genetic variance in males and females. Under these

conditions, selection on size alone, even if equivalent in

both sexes, can produce sexual dimorphism.

Given a simple genetic basis or a single gene, a con-

straint produced by genetically correlated characters may

seem intuitive, but given a network or more complex

regulatory structure, sex-specific gene regulation may also

reconcile sexual dimorphism and adaptive evolution.

Intersexual genetic correlations may represent intralocus

sexual conflict, where the phenotypic optima are different

for the two sexes, and conflict occurs across the allelic

values at genetic loci (for review, see Bonduriansky and

Chenoweth 2009; Van Doorn 2009). Bonduriansky (2009)

envisioned four stages in the resolution of intralocus sexual

conflict: pre-conflict; a period of acute conflict; attenuation

of conflict through sex-specific gene expression and

changes in genetic architecture; and finally a resolution of

intralocus sexual conflict. Under this model, rMF may not

conclusively be interpreted as a constraint on adaptation

because underlying sex-limited gene expression and sex-

specific genetic architectures may not be accurately

reflected in the value of rMF.

Pleiotropy may produce different constraints if the

underlying genes contribute to different traits, or if muta-

tions have pleiotropic effects. Mutational effects may

evolve such that novel mutations are canalized in one trait

and have larger effects in another trait. If this occurs,

pleiotropic genes may in practice have limited pleiotropic

effects. In this model I set up an underlying pattern of

pleiotropy in the beginning of the simulations, but I did not

track the evolution of the pleiotropic effects of individual

mutations. It is possible that the male and female characters

evolved such that the effects of individual mutations were

different for each sex, as a resolution of intralocus sexual

conflict in this network model.

Maximizing Both Robustness and Evolvability

There is an intuitive disconnect between robustness and

evolvability (Wagner 2008). Biological systems must be

robust in order to maintain developmental trajectories and

phenotypic outcomes in the face of mutations, recombi-

nation and environmental noise. At the same time, evolu-

tion acts on the variation supplied through mutation and

recombination and so populations must retain some level of

evolvability in order to adapt, increase fitness and change

to fit new environments. The reduction of phenotypic

variance required for robustness and the production of

phenotypic variance required for evolvability would seem

to be at odds with one another, but multiple studies have

shown that this is not the case (Kauffman 1993; Wagner

2005b, 2008; Aldana et al. 2007). Kauffman (1993)

worked with boolean models of genetic regulatory net-

works, similar to the one presented here, and found that

networks of intermediate connectivity sat at what he called

the ‘‘edge of chaos.’’ This description of genotype to

phenotype mapping space indicates regions where small

perturbations propagated efficiently, and could result in

networks exploring neutral subspaces. Frank (1999) chose

instead to call these areas zones of linearity, reflecting the

constraint that within these highly nonlinear control

structures robust, evolvable networks sat in areas where

genotypic perturbations mapped linearly to phenotypic

change.

Multiple studies have shown that the ability to access

connected networks of fitness-neutral phenotypic land-

scapes may be essential to the evolution of robustness

(Wagner 2005b, 2008; Koelle et al. 2006; Ciliberti et al.

2007a, b). In this model, robust individuals are those that

can produce a stable equilibrium expression pattern. As

seen in Fig. 11, many individuals in both the dimorphic

and monomorphic populations were robust to single or

multiple mutations but did not achieve the same stable

equilibrium pattern. When selection was very strong, the

phenotypic landscape was such that individuals could not

explore neutral areas of the genotype-phenotype map and

robustness decreased. Part of the difficulty with a positive

correlation between evolvability and robustness is thus the

definition of robustness. It may be that the development of

robust phenotypes requires fitness landscapes with inter-

connected neutral networks. Phenotypes under extremely

strong stabilizing selection may not evolve high levels of

robustness as easily as a phenotype that can access a large,

connected network of fitness-neutral subspaces.

In this model, sexually dimorphic populations evolved a

high level of linkage disequilibrium such that a higher

frequency of random matings resulted in inviable offspring

(Fig. 14b). This effectively produces a cost to dimorphism,

and it may be that in a fecundity-limited situation, the

population would evolve to maximize either robustness or

evolvability, but not both. A natural extension of this work

would be a set of simulated populations that are energeti-

cally limited.

Modularity and Patterns of Gene Regulation

Sexually dimorphic characters are common in natural

populations, and sexually dimorphic gene expression may

be even more common. Nas et al. (2008) studied networks

of co-expressed genes in different tissues throughout male,

female, and gonadectomized mice and found high levels of

sexually dimorphic expression in tissues common to both
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species, such as the liver. They hypothesized that this was

due to the high levels of hormones in these tissues. They

also found that the most common pattern of sex-specific

gene regulation was through sex-specific modules operat-

ing within larger shared networks.

A fundamental question with this or any model is how

realistic are the assumptions and the framework used. In

this work, I used a static, fixed pattern of gene interactions

that was then flexibly deployed in males and females in

response to the initial expression states of the individual

genes. Mutations did not change the topology of the net-

work, and males and females could not evolve away from

this pleiotropy- i.e., there was no way to co-opt a different

genetic basis for the trait. While this is probably not real-

istic over long time scales, the time scale of the simula-

tions- 10,000 generations- is relatively short for natural

populations and dimorphic and monomorphic populations

evolved differences in evolvability and robustness within

1,000 generations. Increasing the number of genes beyond

what I modeled here may also increase the speed at which

dimorphic and monomorphic traits diverge.

In this model, the fixed pattern of interactions and the

sex-specific gene states means that some portions of the

interactions were conserved between males and females

while some portions were not. It is probably not realistic to

have a static, fixed pattern of interactions but it is likely

that at least some interactions and gene functions- for

instance, if a protein up or down regulates a gene- would be

conserved across different networks. Espinosa-Soto and

Wagner (2010) studied a model of a genetic regulatory

network selected to attain two separate gene activity pat-

terns, but allowed network topology to evolve. They found

their populations evolved towards sparse connections and

highly modular architectures, but did not measure the

mutational robustness or evolvability of the resulting net-

works. Their results would seem to be at odds with the

results I have presented here- do networks tend to respond

to pleiotropy by evolving sparse, modular topologies, or by

fixing allelic values that maintain both evolvability and

robustness? The differences are likely due to the different

model assumptions. Espinosa-Soto and Wagner (2010)

modeled an asexually reproducing population, and the

topology of a regulatory network may evolve very differ-

ently when required to recombine with other networks. An

extension of both their work and the results presented here

would be to model a regulatory network with dimorphic

inputs and phenotypic optima, but with sexual reproduction

and an evolving topology.

Quantitative Genetics

Quantitative genetics has a long, established history in

evolutionary biology but its ability to predict longer-term

dynamics of evolution rests on assumptions of continuous,

Gaussian distributed allelic effects and phenotypes, and

fixed genetic variances and covariances. These assump-

tions may not be accurate for real populations, and thus a

major challenge is to integrate quantitative genetics with

modern molecular genetics. In this model, the genotype-

phenotype mapping is nonlinear and the resulting pheno-

type- a gene expression vector- is not continuous. Empir-

ical data present a similar problem as gene expression data

are becoming increasingly available, and quantitative

amounts of gene product may not reflect a simple model of

gene regulation or genotype-phenotype mapping. In this

model, the equilibrium gene expression vector can be used

as a phenotype and quantitative genetics variables and

parameters could be measured, but they would be

meaningless.

In this work I attempted to use the concepts that underlie

quantitative genetics by measuring the theoretically sig-

nificant components of additive genetic variance and

evolvability. By breaking down the quantitative genetic

theory and measuring the underlying basis in the network

model, I found that the genetic basis of evolvability in a

quantitative genetics context appears to also contribute to

evolvability in a variability-based network context. These

results indicate that we can use quantitative genetics to

structure how we study regulatory networks if, instead of

measuring quantitative genetics variables, we study the

networks on their own terms and use quantitative genetic

theory to understand the genetic system.
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